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1. The Radiation Field 
 
Photons: The energy in the radiation field is assumed carried by point mass-less neutral particles 
called photons. The energy of a photon E (in Joules) is ,ν!  where ! = 6.626176⋅10-34 J s (Joules 
seconds) is Planck’s constant and ν  is photon frequency (in s−

1). Frequency is related to 
wavelength λ  (in meters) as λ=ν /c  where 81099792458.2c ⋅=  m s−

1 is speed of light. Photons 
travel in straight lines between collisions and are regarded as a point particles, with position 
described in Cartesian coordinates by the vector z)y,(x,r =  and direction of travel by the unit 
vector ),,,( zyx ΩΩΩ=Ω  1|||| =Ω  (Fig. 1). Here and throughout the book the symbol ||r||  is 
used to denote the length of the vector r , i.e., .zyx||r|| 2222 ++=  We will also use a polar 
coordinate system to specify the unit vector Ω . Cartesian coordinates of Ω  can be expressed via 
the polar angle θ  and the azimuthal angle ϕ  as ϕθ=Ω cossinx , ϕθ=Ω sinsiny , θ=Ω cosz  
(Fig. 1). 
 
The description of photon distribution requires the consideration of photons traveling in 
directions confined to a solid angle. A solid angle is a part of space bounded by the line segment 
from a point (the vertex) to all points of a closed curve. A cone is an example of the solid angle 
which is bounded by lines from a fixed point to all points on a given circle. The solid angle 
represents the visual angle under which all points of the given curve can be seen from the vertex. 
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A measure, or “size”, of a solid angle is the area of that part of the unit sphere with center at 
vertex that is cut off by the solid angle. Units of the solid angle are expressed in steradian (sr). 
For a unit sphere whose area is π4 , its solid angle is π4  sr. In the polar coordinate system, the 
differential solid angle Ωd  cuts an area consisting of points with polar and azimuthal angles 
from intervals ]d,[ θ+θθ  and ]d,[ ϕ+ϕϕ . 
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Figure 1. Representation of the unit vector ≡Ω  
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2 =Ω+Ω+Ω=Ω , in  Cartesian and 
polar coordinate systems. Here xΩ , yΩ  and zΩ  are 
Cartesian coordinates of Ω ; θ  and ϕ  are the corresponding 
polar and azimuthal angles in a polar coordinate system. 
 

 
Particle Distribution Function: Let )t,,,r(f Ων  denote the density distribution function such 
that the number of photons dn at time t in the volume element rd  (in m3) about the point r , with 
frequency in a frequency interval ν  to ν+ν d  (in s), and traveling along a direction Ω  within 
solid angle Ωd  (in sr, see Problem 3) is  
 
 .ddνrdfdn Ω=  (1) 
 
In the frequency domain, the particle distribution function )t,,,r(f Ων  has units of photon 
number per m3 per frequency interval per steradian (m−

3 s sr−
1). In the above definition, one can 

use the wavelength interval λ  to λ+λ d  (in m) instead of its frequency counterpart to define the 
particle distribution function. In the wavelength domain, therefore, the particle distribution 
function has units of photon number per m3 per m per steradian (m−

4 sr−
1).  

 
Specific Intensity: Many radiometric devices used in remote sensing respond to radiant energy. 
It is convenient, therefore, to express the particle distribution in terms of energy that photons 
transport. Consider a volume element dzdrd Ωσ=  with the base Ωσd  (in m2) perpendicular to a 
direction Ω  and the height dz (in m). The number of photons in this volume traveling along the 
direction Ω  is determined by the number of photons which cross Ωσd  in the time interval t to 
t+dz/c where c is speed of light since the distance traversed by a photon within the interval 
dt = dz/c does not exceed dz. Equation (1) can be rewritten as Ωνσ= Ω dddtcdfdn . Since the 
energy of one photon is ,ν!  the amount, dE, of radiant energy (in J) in a time interval dt and in 
the frequency interval ν  to ν+ν d , which crosses a surface element Ωσd  perpendicular to Ω  
within a solid angle Ωd  is given by 
 
 ΩνσΩν=ν= Ω dddtdt),,,rf(νcdndE !! . (2) 
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The distribution of energy that photons transport is given by specific intensity (or radiance) 
defined as 
 
 t).,,,rf(νct),ν,,rI( Ων=Ω !  (3a) 
 
Its units are J -2m sr−

1 in the frequency domain and J s-1 m−
3 sr−

1=W m−
3 sr−

1 in the wavelength 
domain. Here W (1 watt = Js-1) is the unit of radiant power.  
 
Some radiometric devices count photons impinging on a detection area for a certain time 
interval. It is also convenient to express the photon distribution in terms of number of photons 
crossing a surface of unit area, per unit time per unit frequency per unit steradian. This quantity, 
intensity of photons (in number s-1m-3sr-1), is simply the ratio between “radiant” intensity and the 
energy of one photon ν!  and can be expressed via the particle density distribution function as  
 
 t).,,,rf(ct),ν,,rI( Ων=Ω  (3b) 
 
We will use intensity as the basic radiaometric quantity throughout this book, allowing for both 
possibilities in its definition. If the specific intensity is independent of Ω  at a point, it is said to 
be isotropic at that point. If the intensity is independent of both r  and Ω , the radiation field is 
said to be homogeneous and isotropic. It should be emphasized that the particle distribution 
function f describes photons at time t while the specific intensity refers to radiant energy 
(number of photons) passing a unit area in the time interval t to t+dt.  
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Figure 2. A beam of photons incident on the area dσ at an angle 
θ  to the normal 0n . Here Ωσd  is the projection of the area dσ 
onto a plane perpendicular to a direction Ω  of photon travel. Its 
area can be expressed as θσ=σΩ cosdd . Note that 

0ncos •Ω=θ  where 0n•Ω  is the scalar product of two unit 
vectors Ω  and 0n . 
 

 
Figure 2 shows an example where a photon beam of intensity I is incident on an area σd  at an 
angle θ  to the normal 0n  to σd . It is clear that the number of photon crossing the area dσ 
coincides with the number of photons crossing its projected area Ωσd . Thus, the amount of 
radiant energy (number of photons) dE in a time interval dt, in the frequency interval ν  to 

ν+ν d , which crosses a surface element dσ in directions confined to a differential solid angle 
Ωd , which is oriented at an angle θ to the normal 0n  of σd  can be expressed as  

 
 .dtdddcos)t,,,r(IdE σΩνθΩν=  (4) 
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Radiative flux density: Equation (4) gives the energy in the frequency interval ν  to ν+ν d  
which flows across an element area of σd  in a direction which is inclined at an angle θ to its 
outward normal 0n  and confined to an element of solid angle Ωd . The net flow in all direction 
is given by  
 
 ,d|n|)t,,,r(I)r(F

4
0∫

π

ν ΩΩ•Ων=  (5) 

 
where the integration is performed over the unit sphere π4  of directions. The quantity νF  is 
called the net monochromatic flux density at r  and defines the rate of flow of radiant energy 
across dσ of unit area and per unit frequency interval. Its units is J -2m  in the frequency domain 
and W m−

3 in the wavelength domain.  
 
The net flux can in turn be represented as a sum of two hemispherical fluxes with respect to an 
arbitrary surface element dσ as )r(F)r(F)r(F −

ν
+
νν −= . Here ±

νF  are the monochromatic flux 
densities at different sides of dσ, or the monochromatic irradiances,  
 
 .d|n|)t,,,r(I)r(F

0n
0

0

∫
>Ω•

±
ν ΩΩ•Ων=

∓

 (6) 

 
The total hemispherical flux density, in Wm-2, or irradiance, for all frequencies (wavelengths) 
can be obtained by integrating the monochromatic irradiance over the entire electromagnetic 
spectrum 
 

 ∫
∞

±
ν

± ν=
0

.d)r(F)r(F  (7) 

 
The integral of the irradiance over an area A is the total flux, in W, or radiant power, 
 
 .d)r(FF

A
∫ σ= ±±  (8) 

 
For homogeneous and isotropic radiation, intensity )t,(i)t,,,r(I ν=Ων  is independent of angular 
and spatial variables, the above quantities are 
 

 ,)t,(i)r(F νπ=±
ν    ,d)t,(i)r(F

0
∫
∞

± ννπ=    ∫
∞

± ννπ=
0

d)t,(iAF . (9) 

 
Normalization of the above quantities by the energy of one photon ν! results in corresponding 
fluxes for photons. 
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2. Interaction of Radiation with Matter 
 
Absorption: The absorption coefficient aσ  (in 1m− ) is defined such that the probability of a 
photon being absorbed while traveling a distance ds is .ds)t,,,r(a Ωνσ  An absorption event 
signifies true loss of a photon from the count. 
 
Scattering: The scattering coefficient s'σ  (in 1m− ) is defined in analogy to the absorption 
coefficient, 
 Probability of scattering = .ds)t,,,r(s Ωνσ$   
 
Unlike absorption, a scattering event serves to change the direction and/or frequency of the 
incident photon. Thus, it is convenient to define a differential scattering coefficient sσ  (in 1m−  

1sr − ) as,  
 
 Probability of scattering = .d dst),ν,ν,r(s ΩΩ→Ω#→#σ   
 
The change in photon frequency as a result of a scattering event is generally not relevant in 
optical remote sensing of vegetation. It is important to note that photon scattering in vegetation 
media depends on the coordinates of 'Ω  and Ω  in general. The scattering coefficients s'σ  and 
sσ  are related as 

 .t),,νν,r( dνdt),ν,,r( s
4π0

s Ω""→Ω""→σΩ""""=Ωσ" ∫∫
∞

 (10) 

 
In some cases, the differential scattering coefficient is decomposed into the product 
 
 t),,ν,ν,rK( t),,ν,r(t),ν,ν,r( ss Ω→Ω#→#Ω##σ#=Ω→Ω#→#σ  (11) 
 
such that, the kernel K, termed a scattering phase function, has the interpretation of a probability 
density function, 
 

 .1)t,,,r(Kdd
40

=Ω→Ω#ν→ν#Ων ∫∫
π

∞

 (12) 

 
In the case of coherent scattering, there is no frequency change upon scattering and 
 
 ,ν)νδ(t),,rK(t),ν,ν,rK( −"Ω→Ω"=Ω→Ω"→"  (13a) 
 
where δ   is the Dirac delta function. In the case of isotropic scattering, 
 
 ).t,,r(K4

1)t,,,r(K ν→ν#
π

=Ω→Ω#ν→ν#  (13b) 
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Therefore, the simplest scattering kernel corresponds to isotropic coherent scattering, namely, 
 
 ).(4

1)t,,,r(K ν−ν#δ
π

=Ω→Ω#ν→ν#  (13c) 

 
Extinction: The extinction or the total interaction coefficient σ  (in 1m− ) is simply the sum 

sa σ"+σ . Therefore, ds t),ν,,r( Ωσ  is the probability that a photon would disappear from the 
beam while traveling a distance ds in the medium (note that it can reappear at a different 
frequency and/or direction.) The quantity σ1 denotes photon mean free path, that is, the average 
distance a photon will travel in the medium before suffering a collision. The dependence on the 
direction of photon travel is noteworthy and is especially important in the case of vegetation 
media. 
 
Single Scattering Albedo: The probability of scattering given that a collision has occurred is 
given by the single scattering albedo, σσ"=ω s  (dimensionless). In the case of conservative 
scattering, 1=ω . The case 0=ω  corresponds to pure absorption. 
 
Emission: Photons can be introduced into the medium through external and/or internal sources. 
In the frequency domain, the number of photons emitted by volume dr at r in the direction Ω  
about the differential solid angle Ωd  at frequency ν in the interval ν  to ν+ν d  between t and 
t+dt is .dtddrd)t,,,r(q ΩνΩν  
 
It should be noted that we neglect photon to photon interaction in the above definitions. This 
means that the photon density is low, that is, low enough such that the overlap in the tails of 
wavepackets of two photons is negligibly small. This is especially required in the case of source 
photons emitted at the same location. We also assume that collisions and emission processes 
occur instantaneously. This imposes a limit on the time resolution over which the above 
definitions are applicable. 
 
 
3. The Equation of Transfer 
 
Consider the change dN in time Δt of the number of photons which are located in a volume 
element ξΔΔ= Srd  about the point r  (Fig. 3). Here the base SΔ  of the volume dr is 
perpendicular to the direction Ω  of photon travel and the height ξΔ =cΔt where c is speed of 
light. The number of photons in this volume traveling along the direction Ω  is determined by the 
number of photons which cross ΔS in the time interval t to t+dz/c. It follows from Eq. (3b) that 
this count is given by  
 

.ΔΔνΔξSΔt),ν,,r(Ic
1

1 ΩΩ  
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The number of photons leaving the volume rd  through its lower surface ΔS in the direction Ω  
in the time interval t to t+dz/c can be expressed as 
 
 .ΔΔνΔξSΔt)t,ν,,tcr(Ic

1
2 ΩΔ+ΩΩΔ+   

 

 
The change in time tΔ  of the number of photons in rd  is 
 

Ω= ΔΔνΔξSΔΔIc
1dN , 

 
where 
 
 t).,ν,,rI(Δt)t,ν,,tcrI(ΔI Ω−+ΩΩΔ+=  (14) 
 
In the increment (14), the spatial variable r  depends on t. Using the chain rule for function of 
several variables, one gets 
 

 ,tdt
dz
z
Itdt

dy
y
Itdt

dx
x
Itt

IΔI Δ
∂
∂

+Δ
∂
∂

+Δ
∂
∂

+Δ
∂
∂

=   

 
where x, y and z are Cartesian coordinates of points Ω+ ctr , 0 ≤ t ≤ ξ/c. Thus, 
 

 ,ΔΔνΔξSΔΔtz
I

y
I

x
I

t
I

c
1dN zyx Ω"

#
$

%
&
'

∂
∂

Ω+
∂
∂

Ω+
∂
∂

Ω+
∂
∂

=   

 
where xΩ , yΩ , and zΩ  are Cartesian coordinates of the unit vector Ω . The first term, I∂ / t∂ , in 
parentheses is the time rate of change of the number of photons. The other terms represent a 
derivative I∇•Ω  at r  along the direction Ω  which shows the net rate of photons streaming out 
of the volume element along the direction Ω . Thus, 
 

 
 
 
 
 
                                                  ξ 
 
                                                                                                ΔS 
 
 
                                                Δξ 
 
 

reference point 0r  

point Ωξ+= 01 rr  

point ΩξΔ+ξ+= )(rr 02  

Ω  

 

 
Figure 3. A volume element ξΔΔ= Srd  with the 
base SΔ  perpendicular to a direction Ω  and the 
height tcΔ=ξΔ . Points 1r  and 2r  on the upper and 
lower boundaries of the volume element can be 
represented as Ωξ+= 01 rr  and += 02 rr  

ΩξΔ+ξ )( , respectively. Here ξ  and ξΔ+ξ  are 
distances between these points and a point Br  on the 
boundary Vδ  along a direction opposite to Ω . 
 



8 

 .ΔΔνΔξSΔΔtI)(ΔΔνΔξSΔΔtt
I

c
1dN

streaming
change of rate temporal

!!!! "!!!! #$
!!! "!!! #$

Ω∇•Ω+Ω
∂
∂

=  (15) 

 
Here ∇ is the vector operator, called “nabla.” Given a scalar function f, vector ∇f has the form  
 
 )z

I,y
I,x

I(I
∂
∂

∂
∂

∂
∂=∇ .  

 
The change described by Eq. (15) is due to four processes – absorption, outscattering, 
inscattering and emission, and these are described below. 
 
Absorption: A fraction of photons in the volume element rd  will be absorbed while traveling a 
distance tcΔ=ξΔ  along the direction Ω . This fraction is determined by the probability ξΔσa . 
Thus, the number of absorbed photons is  
 
 absorption !! "!! #$!!!! "!!!! #$

tc  traveling while
absorption of probabiliy

a

photons ofnumber 

t)Δ,,,r(σΔΔΔξSΔt),,,rI(c
1

Δ=ξΔ

ξΩνΩνΩν=   

 .ΔΔΔtSΔt),,,rI(t),,,r(a ΩνξΔΩνΩνσ=  (16) 
 
Outscattering: Another fraction of photons in the volume element r  traveling in the direction 
Ω  will change their direction and/or frequency as a result of interaction with matter. The number 
of photons “lost” due to outscattering from ,ν  Ω  to all other frequencies and directions while 
traveling a distance tcΔ=ξΔ  is given by 
 

 outscattering ∫ ∫
∞

π

ΩΩ%→Ω%→σΩ%%ΩΔ=
0 4

s t),ν,,rI(c
1t),,νν,r(dνdΔΔνξSΔΔtc   

 .ΔΔνξSΔtt)Δ,ν,,r(It),ν,,r(s ΩΔΩΩσ$=  (17) 
 
Inscattering: Similarly, the number of photons gained due to inscattering to ,ν  Ω  from all 
other frequencies and directions can be evaluated as  
 

 inscattering ∫∫ Ω#Ω→Ω#→#σΩ#ν#ΩΔ=
∞

π4
s

0

.t),,ν,r(It),ν,ν,r(ddΔΔνξSΔΔt  (18) 

 
The rate of the production of photons in the volume element is simply 
 
 emission .ΔΔνξSΔΔtt),ν,,rq(c ΩΔΩ=  (19) 
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Transfer Equation: The equation of transfer is essentially a statement of photon number 
conservation at r  by equating the sum of the four terms, Eqs. (16) to (19), with appropriate signs 
to designate a loss or gain, to the overall rate of change given by Eq. (15): 
 
 dN= - absorption  - outscattering + inscattering + emission,   
 
or, after dividing all terms by c ΩΔ ΔΔνξΔSΔt  and accounting for the definition of the 
extinction coefficient sa σ"+σ=σ , one gets 
 

 t),,,r(It),,,r(I)(t
I

c
1 ΩνΩνσ+∇•Ω+
∂
∂   

 .)t,ν,,rq(t),,ν,rI(t),ν,ν,r(dd
π4

s
0
∫∫ Ω+Ω##Ω→Ω#→#σΩ#ν#=

∞

 (20) 

 
Sometimes, the second and the third terms on the left hand side of Eq. (20) are grouped together; 
the term ][ σ+∇•Ω  then denotes the streaming-collision operator. An equation for the particle 
density distribution function can be obtained by normalizing Eq. (20) by νc!  if I is the radiant 
intensity or by c if I represents intensity of photons (see Eqs. (3a) and (3b)).  
 
It should be noted that this equation gives the expected or mean value of the photon distribution. 
Fluctuations about the mean are not considered. The derived equation also assumes unpolarized 
light. Four parameters are required to specify the state of polarization of a beam of light, and 
accordingly, a proper description of photon transport including polarization effects involves four 
coupled equations of transfer. Assuming the light to be unpolarized by the medium, these 
equations can be averaged to derive a single equation of transfer and this involves some error. 
Finally, the radiative transfer equation (20) does not describe behavior resulting from 
interference of waves. Therefore, the equation is valid only when the distance between scatterers 
is large compared to the wave packets. 
 
 
4. Initial and Boundary Conditions 
 
In many practical cases, one is interested in the photon distribution in a restricted region of 
space. It is necessary to specify a domain V in which the radiative transfer process is studied and 
a surface Vδ  that bounds V. Equation (20) is usually formulated for a domain V whose 
composition and shape depends on a specific problem under consideration. In solving the 
radiative transfer equation, it is necessary to specify both the photon distribution in V at some 
initial time 0t =  (initial condition) and the photon distribution incident on V at all times 
(boundary condition). The initial condition is given by  
 
 V.r),ν,,r(I0),ν,,rI( 0 ∈Ω=Ω  (21) 
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The boundary condition specifies the radiation entering the domain V through points on the 
boundary Vδ , 
 
 ),t,ν,,r(Bt),ν,,rI( BB Ω=Ω    VrB δ∈ ,   0)r(n B <Ω• . (22) 
 
Here B is the intensity of photons incident on the domain V at point Br  on the surface Vδ ; 

)r(n B  is an outward normal vector at this point (Fig. 4). The radiative transfer problem is thus 
completely specified by the equation of transfer [Eq. (20)], the initial condition [Eq. (21)] and the 
boundary condition [Eq. (22)]. 

 
 

 
 
 
 
 
 
 
 
 

Ω"  

domain V 
Ω  

Br"  

Br  

)r(n B"  

)r(n B  

 

 
 
 
Figure 4. Directions Ω  (Ω") along which incident photons 
can enter (exit) the domain V through the point Br  ( Br! ) on 
the boundary Vδ  satisfies the inequality 0)r(n B <Ω•  
( 0)r(n B >Ω"•" ). Here )r(n B ( )r(n B! ) is the outward 
normal at Br  ( Br! ). 
 

The incoming radiation B can result from sources on the boundary Vδ  and photons from V 
incident on the boundary that the boundary reflects back to the domain V. In the case of the 
boundary coherent scattering, the incoming radiation B can be written as 
 
 ∫∫

>•"

""ν""•""""=ν
0)r(nΩ

BBBBB
δV

BB

B

Ωdt),Ω,,rI(|Ω)r(n|Ω),r;Ω,r(ρrdπ
1t),Ω,,rB(   

 .0)r(nt),,,r(q BBB <Ω•Ω+  (23) 
 
Here ),r;,r( BBB Ω"Ω""ρ  is the boundary scattering function; that is, the probability density that a 
photon having escaped from the domain V through the point Vr B δ∈#  in the direction Ω" will 
come back to V through the point VrB δ∈  in the direction Ω . It should be emphasized that in 
general the boundary condition depends on the solution I of the radiative transfer problem. The 
case of vacuum boundary condition refers to 0B =ρ  and 0qB = . 
 
 
5. Stationary Radiative Transfer Problem 
 
If the extinction and differential scattering coefficients, emission and the boundary condition do 
not change with time, I∂ / ,0t =∂  the radiative transfer problem becomes a stationary radiative 
transfer problem. In the case of coherent scattering, the boundary value problem for radiative 
transfer equation in the wavelength domain has the form 
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 ∫ Ω+Ω#Ω→Ω#σΩ#=ΩΩσ+Ω∇•Ω λλλλλ

π4
s,λ ),,r(q),r(I),r(d),r(I),r(),r(I  (24a) 

 )r(B),r(I ,BλBλ Ω=Ω ,   VrB δ∈ ,   0)r(n B <Ω• . (24b) 
 
Here ),r(Iλ Ω  is the monochromatic specific intensity which depend on wavelength λ , location r 
and direction Ω . Note that the wavelength λ  is a parameter of the radiative transfer problem. 
We have emphasized this feature in notations by moving the wavelength from the argument list 
to subscript. In our analyses of the boundary value problem, therefore, we will often suppress 
this parameter in notations. The stationary radiative transfer equation is the basic tool used in 
optical remote sensing. This equation, notations and the convention regarding the wavelength 
dependence introduced here will be used in the rest of this book. 
 
 
6. Green’s Function and the Reciprocity Principle 
 
Consider a medium V bounded by a non-reflecting ( 0B =ρ ) and non-emitting ( 0qB = ) boundary 
Vδ . The volume Green’s function, )Ω,r;,r(GV !!Ω , is the radiative response of V at a point r , in 

direction Ω , to a monodirectional point source located at a given point r! , continuously emitting 
photons in a given direction Ω". The volume Green function satisfies the stationary radiative 
transfer equation [Eq. (24a)] with a delta function source term )rr()(),r(q V !−δΩ!−Ωδ=Ω  
located at r!  and with zero incoming radiation (B=0), that is, 
 
 )Ω,r;,r(G),rσ()Ω,r;,r(G VV !!ΩΩ+!!Ω∇•Ω  
 
 ,)rr()δΩδ(Ωd)Ω,r;Ω,r()GΩΩ,r(σ V

4π
Vs !−!−Ω+!!!!!!→!!= ∫  (25a) 

 
 ,0)Ω,r;,r(G BV =!!Ω    V,rB δ∈    .0)r(n B <•Ω  (25b) 
 
Here )Ωδ( !−Ω , in sr−1, and )rr(δV !− , in m−3, are Dirac delta functions. Note that 

)rr()δΩδ( V !−!−Ω  is a volume source normalized by its power. The volume Green function, 
therefore, is expressed in m−2sr−1. It should be also noted that the point r!  and the direction Ω" of 
the monodirectional source are parameters in the radiative transfer equation; that is, the 
determination of the complete Green function requires the solution of Eq. (25) for every point r!  
from V and the direction Ω". 
 
The surface Green’s function, )Ω,r;,r(G BS !!Ω , is the solution to the transport equation with the 
source 0),r(q =Ω  and the boundary condition  
 
 ),r,r()δΩ()Ω,r;,r(G BBSBS !!−Ωδ=!!Ω    V,r B δ∈#    .0)r(n B <Ω"•"  (26) 
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Here )r,r(δ BBS !  is a two-dimensional delta function (in m−2). Because the volume sources can be 
located on the boundary, the volume and surface Green functions are related [Case and Zweifel, 
1970] 
 
 ),r;,r(G|)r(n|),r;,r(G BVBBS Ω""ΩΩ"•"=Ω""Ω . (27) 
 
In terms of these two Green’s functions, we may write the general solution to the transport 
equation with arbitrary source ),r(q Ω  and boundary conditions with sources Bq  on the non-
reflecting boundary Vδ  ( 0B =ρ ) as 
 
 ∫∫ """"""=Ω

4π
V

V

Ωd)Ω,rq()Ω,r;Ω,r(Grd),rI(   

 ∫∫
<"•"

""""Ω"+
0Ω)r(n

BBBS
δV B

.)Ω,r(q)Ω,r;,r(GΩddS  (28) 

 
The first term in Eq. (28) is the solution of the radiative transfer equation with the internal source 

),r(q Ω  and no incoming radiance. The second term describes the 3D radiation field in V 
generated by sources Bq  distributed over the non-reflecting boundary .Vδ  
 
Let the differential scattering coefficient satisfies the symmetry property ),r(s Ω→Ω#σ = 

),r(s Ω"−→Ω−σ . Under this condition, the volume Green’s function possesses the following 
symmetry property 
 
 ),r;,r(G),r;,r(G VV Ω−Ω#−#=Ω##Ω .  (29) 
 
This equality expresses the fundamental reciprocity theorem for the stationary radiative transfer 
equation: the intensity ),r(I Ω  at r  in the direction Ω  due to a point source at r!  emitting in 
direction Ω" is the same as the intensity ),r(I Ω"−"  at r!  in the direction Ω"−  due to a point 
source at r  emitting in direction Ω− .  
 
The Green function concept was originally developed in neutron transport theory [Bell and 
Glasstone, 1970]. It has enabled the reformulation of the radiative transfer problems in terms of 
some “basic” sub-problems and to express the solution of the transport equation with arbitrary 
sources and boundary conditions as a superposition of the solutions of the basic sub-problems. 
We will demonstrate this technique later with a relevant example for radiative transfer in the 
canopy-surface-atmosphere system.  
 
 
7. Operator Notations. 
 
We introduce the streaming-collision, L, and scattering, S, operators as 
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 ),rI(),r(),rI(LI ΩΩσ+Ω∇•Ω= ,   .d),r()I,r(SI
4π

s Ω"Ω"Ω→Ω"σ= ∫  (30) 

 
We will use the notation ),r(I B Ω

±  to denote the intensity of radiation exiting (sign “+”) or 
entering (sign “−”) the domain V through the point Br , i.e., ),r(I B Ω

±  gives values of the 
intensity at points Br  on the boundary Vδ  in directions satisfying the inequality 0)r(n B >Ω• . 
To describe reflective properties of the boundary Vδ , a scattering operator defined on the 
boundary Vδ  for the intensity +I  of medium leaving radiation is introduced as 
 
 .d),r(I|)r(n|),r;,r(ρrdπ

1I
0Ω)r(n

BBBBB
δV

B

B

∫∫
>"•"

++ Ω"Ω""Ω"•"ΩΩ"""=R  (31) 

 
In terms of these notations, the boundary value problem Eq. (24) for the three-dimensional 
stationary radiative transfer equation can be expressed as 
 
 ,qSILI +=    .qII B

- += +R  (32) 
 
The boundary value problem is said to be the standard problem if 0=R  and 0qB = . To 
emphasize this in notations, we will use symbol 0L  to denote the streaming-collision operator 
corresponding to the standard problem.  
 
The boundary value problem for a domain with non-reflecting boundary can always be reduced 
to a standard problem. Indeed, the solution to the boundary value problem qSILI += , BqI =−  
can be represented as the sum of two components, difIQI += . The first term describes intensity 
of radiation generated by uncollided photons; that is, photons from the boundary source Bq  that 
have not undergone interactions within the domain V. It satisfies the equation 0LQ =  and the 
boundary condition BqQ =− . The second term, difI , describes a collided, or diffuse, radiation 
field; that is, radiation field generated by photons scattered one or more times. It satisfies the 
standard problem qSIIL difdif0 !+=  with the volume source SQqq +=! . The uncollided 
component Q acts as a source term for scattering process and thus the term SQ gives intensity of 
photons from the uncollided field Q just after their first scattering event.  
 
In mathematical literature, the standard problem is often formulated in functional spaces. The 
theory of functional analysis [Riesz and B. Sz.-Nagy 1990; Kantorovich and Akilov, 1964; 
Krein, 1972] requires the specification of two sets. The first – the domain D of the operator 0L  – 
identifies “possible candidates” for the solution. The second space – the range H of the operator 

0L  – specifies mathematical properties of “acceptable” volume sources. Vladimirov [1963] 
provides a full mathematical description of the standard problem for the following family of 
functional spaces. The range pH , ∞≤< p0 , consists of functions ),r(q Ω  for which the norm 

pq  exists, i.e., 
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 ,|),r(q|),r(rdd||q||
V

p

4
p ∞<ΩΩσΩ= ∫∫

π

  

 ∞<< p0 ,  
 .|)Ω,rq(|supvrai||q||

4πΩV,r
∞<=

∈∈
∞  (33) 

 
The set Dp, ∞≤< p0 , includes all functions (1) which satisfy the zero boundary condition (I−=0) 
and (2) whose transformations L0I and SI exist and are elements of the space Hp. The standard 
problem is formulated as follows: given q from Hp find an element I from Dp for which 

qSIIL0 += . “Visually,” this formulation is similar to problems in linear algebra, i.e., where L0 
and S are matrixes, I and q are vectors, and the norm Eq. [33] is the length of the vector. 
Vladimirov [1963] showed that such an interpretation of the standard problem, with some 
caveats, is valid and many results from matrix theory can be applied to the radiative transfer 
equation. This level of abstraction helps to derive many practically important properties of the 
radiation field whose direct derivation is either very difficult or impossible. We will demonstrate 
this technique with a relevant example for canopy spectral response to incident solar radiation. 
 
 
8. The Equation of Transfer in Integral Form 
 
The standard problem can be transformed to two types of integral equations. The first one is 
obtained by inverting the streaming-collision operator L0, i.e., qLSILI 1

0
1
0

−− += . The second 
equation is formulated for a source function J defined as qSIJ += . It follows from Eq. (30) with 

0=R  and 0qB =  that the intensity I and source function J are related as JLI 1
0
−= . Substituting 

this equation into the definition of J results in an operator equation of the form qJSLJ 1
0 += − .  

 
Both integral equations require the specification of the inverse operator 1

0L
−  which acts either on 

SI or J. Let u represents either SI or J. The function 1
0Lv −= u satisfies the equation 

 
 ),,r(u),r(v),r(),r(v Ω=ΩΩσ+Ω∇•Ω  (34) 
 
with the zero boundary condition, i.e., 0),r(u B =Ω , 0)r(n B <Ω• . For a straight line Ωη+Br , 

∞<η<∞− , along an incoming direction Ω , 0)r(n B <Ω• , this equation takes the following 
form 
 

 ),ξru(),ξrv(),ξr(dξ
),ξrdv(

BBB
B ΩΩ+=ΩΩ+ΩΩ+σ+

ΩΩ+ ,   .0),r(v B =Ω  (35) 

 
This is an ordinary differential with respect to ξ . Its solution is  
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 .'ξd)d(δ),ξru(),ξr(ξdexp),ξrv(
4 0

BBB ∫ ∫ ∫
π

ξ ξ

ξ$

Ω$Ω$−ΩΩ$Ω$$+
'
'

(

)

*
*

+

,
Ω$Ω$$$+σ$$−=ΩΩ+  (36) 

 
Note that we have artificially expressed the solution of the ordinary integral equation as an 
integral over Ω"ξ"d . The presence of the delta function )(δ Ω"−Ω  in Eq. (36), however, makes 
this integral equivalent to an integral over the line Ωη+Br  along the direction Ω  which is 
directly obtainable from Eq. (35). Let r  and Ω"ξ"−=" rr , 0≥ξ# , be two points on the line 

Ω"η+Br . We make use of the relationship Ωdξdξrd 2 !!!=!  to convert the volume element 
Ωdξdξ 2 !!!  expressed in polar coordinates with the origin at r  into the volume element rd !  in 

Cartesian coordinates. Noting that ξ"="r-r , one can express the unit vector Ω" as 
r-r/)rr( !!−=Ω! . In Cartesian coordinates, the function 1

0Lv −= u can be rewritten as  
 

 [ ]∫ "#
$
%

&
'
(

"−
"−−ΩΩ"

"−
Ω"τ−=Ω=

V

2
1-
0 rd||rr||

rrδ),ru(
||rr||
),r,r(exp),rv(uL  (37) 

 
Here ),r,r(τ Ω"  is the optical distance between points r  and r!  on a straight line along the 
direction Ω , i.e.,  
 

 ∫
"−

ΩΩ""−σξ""=Ω"
||rr||

0

),ξr(d),r,r(τ . (38) 

 
The δ-function in Eq. (37) indicates that the points r  and r!  lie on a line along the direction Ω . 
Equation (37) specifies the operator 1

0L
−  which sets in correspondence to a volume source u the 

three dimensional distribution ),r(v Ω  of photons from the source u that arrive at point r along 
the direction Ω  without suffering a collision.  
 
Substituting SIu =  into Eq. (37) one obtains the following integral equation  
 
 ∫ ∫

π

Ω+Ω$$Ω$$Ω→Ω$$=Ω
4 V

I .),r(Qdr)d,r)I(,r,r(),rI( K  (39) 

 
Here 
 

 [ ]
!
"
#

$
%
&

'−
'−−ΩΩ→Ω''

'−
Ω'τ−=Ω→Ω''

||rr||
rrδ),r(σ

||rr||
),r,r(exp),r,r( s2IK , (40) 

 
and the source qLQ 1

0
−=  is calculated using Eq. (37). The kernel IK  is the transition density, i.e., 

Ω""drdIK  is the probability that photons which have undergone interactions at r+ in the direction 
Ω" will have their next interaction at r  along the direction Ω . 
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Multiplying Eq. (37) by the differential scattering coefficient ),r(σs Ω→Ω#  and integrating over 
all scattering directions Ω"  one obtains a kernel SK  of the integral operator 1

0SL− : 
 

 [ ] .||rr||
rr)δ,r(σ

||rr||
),r,r(exp),r,r( s2S !

"
#

$
%
&

'−
'−−Ω'Ω→Ω'

'−
Ω''τ−=Ω→Ω''K  (41) 

 
Thus, the source function J satisfies the following integral equation 
 
 ∫ ∫

π

Ω+Ω$$Ω$$Ω→Ω$$=
4 V

S .),rq(dr)d,r)J(,r,r(Ω)J(r, K  (42) 

 
The intensity I can be expressed via J as JLI 1

0
−=  where the operator 1

0L
−  transforms the function 

in accordance with Eq. (37). In many cases the solution of the integral equation (42) for the 
source function is a simpler task than Eq. (40) for the intensity since the integration over Ω" can 
help to get rid of the angular variable. For example, in the case of isotopic source q, scattering 
( π= 4/1σs ) and extinction (i.e.,σ  does not depend on Ω ), the solution J becomes a function of 
the spatial variable while the corresponding intensity JLI 1

0
−=  depends on both spatial and 

angular variables. The integral equation (42) is especially useful in the study of radiative transfer 
problems with simple forms of anisotropy. The integral equation for the intensity serves as a 
theoretical basis for many Monte Carlo models for radiative transfer process in various media. 
 
 
9. Eigenvalues and Eigenvectors of the Radiative Transfer Equation 
 
An eigenvalue of the radiative transfer equation is a number γ  such that there exists a function 

),r(e Ω  which satisfies  
 
 SeeγL0 = . (43) 
 
Since the eigenvalue and eigenvector problem is formulated for zero boundary conditions (e−=0), 
γ  and ),r(e Ω  are independent on the incoming radiation. Under some general conditions 
[Vladimirov, 1963], the set of eigenvalues kγ , k=0,1,2, … and eigenvectors ),r(ek Ω , k=0,1,2, is 
a discrete set. The eigenvectors are mutually orthogonal, that is, 
 
 ,rdd),r(e),r(e),r(

V
l,k

4
lk∫ ∫ δ=ΩΩΩΩσ

π

 (44) 

 
where l,kδ  is the Kroneker symbol. The solution of the standard problem can be expanded in 
eigenvectors. The expansion in eigenvectors has mainly a theoretical value because the problem 
of finding these vectors is much more complicated than finding the solution of the transport 
equation. However, this approach can be useful to estimate integrals of the solution. Note that 
Eq. (43) is equivalent to finding of non-trivial solutions to the integral equation k

1
0k SeLγe −= . 
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The discreteness of the eigenvalue set makes the radiative transfer problem similar to problems 
in linear algebra, i.e., the intensity can be represented as an infinite vector which satisfies an 
infinity number of linear algebraic equations given by a matrix determined by SL 1

0
− . 

The transport equation has a unique positive eigenvalue which corresponds to a unique positive 
[normalized in the sense of Eq. (44)] eigenvector. This eigenvalue is greater than the absolute 
magnitudes of the remaining eigenvalues. This means that only one eigenvector, say 0e , takes on 
positive values for any Vr∈  and Ω . This positive couplet of eigenvector and eigenvalue plays 
an important role in transport theory, for example, in neutron transport theory. The positive 
eigenvalue alone determines if the fissile assembly will function as a reactor, or as an explosive, 
or will melt. In vegetation canopy radiative transfer, the positive eigenvalue determines canopy 
absorption properties. The positive couplet, 0γ  and 0e , can be iterated based on the following 
property of the operator SLT 1

0
−=  

 
 m,0m0 γlimγ

∞→
= ,  

 )Ω,r(elim)Ω,r(e m0,m0
∞→

= . (45) 

 
Here 
 

 ,
||qT||
||qT||

γ
p

m
p

1m

1m0,

+

+ =   

 ,
||qT||
qT)Ω,r(e
p

m

m

m0, =  (46) 

 
where 

p
...  is the norm defined by Eq. (33) and q is a source from the functional space .Hp  The 

limits given by Eqs. (45) and (46) do not depend on p (i.e., on functional space pH  in which the 
problem was formulated) and the source pHq∈  needed to initialize the sequences of m,0γ  and 

m,0e . If 1p = , value of 1m,0 +γ  gives the probability that a photon from the source q scattered m 
times will be scattered again. The corresponding function ),r(e m,0 Ω  is the probability density 
that a photon scattered m times will arrive at r  along the direction Ω  without suffering a 
collision. These interpretations directly follow from the integral form Eq. (39) of the operator 

SLT 1
0
−=  and the definition of the total interaction coefficient σ . Note that m,0γ  and m,0e  are 

related as  
 
 1m0,1m0,m0, eγTe ++= .  
 
There is another formulation of the eigenvalues and eigenvectors in linear transport theory [Case 
and Zweifel, 1967]. Their approach is similar to that used in the theory of ordinary differential 
equations, i.e., solutions of the homogeneous problem ( 0q = ) are represented as the product of 
an exponential function of spatial variable and corresponding eigenfunction which depends on 
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angular variable. Unlike the definition given by Eq. (33), the Case and Zweifel formulation 
results in both discrete and continuum of eigenvalues. The eigenfunctions corresponding to the 
continuum of the eigenvectors are Schwartz distributions, i.e., not functions in the usual sense. 
This approach allows for analytical solutions to the radiative transfer equation for a number of 
special cases and, therefore, provides in-depth understanding of the physics of radiative transfer 
process. For details of this approach, the reader is referred to Case and Zweifel [1967] and Bell 
and Glasstone [1970]. In this book, we follow the definition of the eigenvalue/eigenvector 
problem given by Eq. (43).  
 
 
10. The Law of Energy Conservation  
 
The stationary radiative transfer equation (24a) expresses the law of energy conservation for 
each spatial point r within V and for each direction Ω . The boundary condition (24b) describes 
energy exchange between V and the surrounding medium. Here we derive an expression of the 
energy conservation law for the domain V bounded by a surface V,δ  i.e., we perform integration 
of Eq. (24a) over V and the unit sphere π4  of directions, 
 
 .rdd),rq(rdd),rI()],r(),r([rddI

V4V4
s

V4
∫∫∫
×π×π×π

ΩΩ=ΩΩΩσ&−Ωσ+Ω∇•Ω  (47) 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Ωξ−= 0B Qr
rB=Q−ξ0Ω 

outward normal )r(n B  

boundary Vδ  

 point 0r  

ξ  

point Q on the  

plane ),r( 0 Ωπ  
Q  

plane ),r( 0 Ωπ  

direction Ω  

Ωξ−= 1B Qr  

Ω  

r  

 

 
Figure 5. Representation of spatial 
points within a volume V bounded 
by the surface Vδ . Here ),r( 0 Ωπ  
is a plane perpendicular to the direc-
tion Ω  and passing through a fixed 
point 0r ; ξ1 and ξ0 are distances 
between the point Q  on the plane 

),r( 0 Ωπ  and the boundary Vδ  
along the directions Ω  and Ω− , 
respectively; Br  denotes points on 
the boundary Vδ  and )r(n B  is the 
outward normal to Vδ  at this point. 
 

 
For a fixed direction Ω , let ),r( 0 Ωπ  be a plane perpendicular to Ω  and passing through a fixed 
point 0r  (Fig. 5). Let Q  be a variable point on the plane ),r( 0 Ωπ . Thus, the spatial point r  
within V can be represented as ΩξQr += . A volume element rd  about r  is dξQdrd = , where 
Qd  is a surface element on the plane ),r( 0 Ωπ  around the pointQ . It should be emphasized that 
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the surface element Qd  is perpendicular to the direction Ω . If one uses another elementary 
surface Qd !  around the point Q  which is perpendicular to a direction Ω", the volume element 
rd  is 

 
 dξQdrd !Ω!•Ω= . (48) 
 
Let ξ1 and ξ0 be distances between the point Q  and the boundary Vδ  along the directions Ω  
and Ω− , respectively. For the first term in Eq. (47), we have 
 

 ∫∫∫∫
ξ

ξ−ππ×π

ΩΩ+
Ω=Ω∇•Ω

1

00
dξ

),ξQdI(
QddrddI
)Q,r(4V4

 

 
 [ ]∫∫

ππ

ΩΩ−−ΩΩ+Ω=
)Q,r(

01
4 0

),ξQI(),ξQI(Qdd  

 
 ∫∫∫∫

ππππ

ΩΩ−Ω−ΩΩ+Ω=
)Q,r(

0
4)Q,r(

1
4 00

),ξQI(Qdd),ξQI(Qdd   
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 (49) 

 
In the second term of Eq. (47), the difference between σ  and sσ"  is the absorption coefficient. 
This term, therefore, gives the amount of radiant energy at a wavelength λ  absorbed by the 
domain V (in W m−

1). We use the symbol )V(Ea  to denote this variable. Finally, the right hand 
integral of Eq. (47) is the total amount of energy emitted by sources located within the volume 
V. We denote this quantity by q(V). Thus, the law of energy conservation for a given volume V 
bounded by a surface Vδ  can be expressed as  
 
 ),V(q)V(E)V(E)V(E a +δ=+δ −+  (50) 
 
that is, the amount of radiant energy reflected, )V(E δ+ , and absorbed, )V(Ea , by the volume V 
is equal to the amount of energy, )V(E δ− , incident on the boundary Vδ  and energy, q(V), 
emitted by the internal sources of the volume V. 
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11. Uniqueness Theorems  
 
Here we formulate conditions under which the boundary value problem for the stationary 
radiative transfer problem has a unique solution. The radiative transfer problem is formulated for 
a domain V bounded by a reflecting surface Vδ . Photon interactins with the boundary are 
specified by Eq. (23). 
 
The following parameters characterize optical properties of scatters and the entire medium as 
well as the interactions between the medium and the boundary. 
 
The maximum boundary reflectance, V)(ρ0 δ , quantifies the magnitude of boundary reflectance 
and is defined as  
 
 .d|)r(n|),r;,r(ρrdπ

1sup)V(ρ
0Ω)r(n

BBBB
δV

B

0)r(n
δVr

0

B
B

B
∫∫

<•>Ω#•#
∈#

ΩΩ•ΩΩ##=δ  (51) 

 
The maximum optical path is the maximum value of the optical distance between two points in 
the domain V [Eq. (38)] 
 
 ).,r,rτ(sup(V)τ

4πΩ
Vr,r

0 Ω"=
∈
∈"

 (52) 

 
The maximum single scattering albedo is the maximum value of the single scattering albedo 
 

 .)Ωr,(
)Ωr,(σsup(V) s

4 V,r
0 σ

"
=ϖ

π∈Ω∈

 (53) 

 
The following theorem is a special case of Germogenova’s maximum principle [Germogenova, 
1986] which is proved here under the assumption of symmetry properties for the differential 
scattering coefficient, ),r(),r( ss Ω"→Ωσ=Ω→Ω"σ  and the boundary scattering function, 

),r;,r(),r;,r( BBBBBB Ω"−"Ω−ρ=ΩΩ""ρ . This restriction will be relaxed (cf. next section). 
 
Theorem 1 
Let ),rI( Ω  satisfies Eq. (24a) in the domain V and 1(V)0 ≤ϖ , ∞<τ )V(0  and 0q = . The 
following inequality holds true  

 ),r(Isup|),r(I| B
0)r(n;Vr BB

Ω≤Ω
<•Ωδ∈

, (54) 

for all VVr δ+∈  and all directions.  
 
This theorem states that the intensity of radiation within V cannot exceed a maximum value of 
the intensity of radiation penetrating into V through the boundary .Vδ  This theorem also 
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presupposes that the incoming radiation field B is given by a bounded function. It means that this 
theorem cannot be applied if B contains a singular component, e.g., Dirac delta function. It is 
also assumed that the total interaction coefficient σ  and the differential scattering coefficient  

sσ  are positive functions.  
 
Proof  
     Let |),rI(|supI 4πΩV;Vr Ω= ∈+∈ δ  where “supremum” is taken over all spatial points from V+δV 
and over all directions. We have 
 
 ),r(I),r(d),rI(),r(),rI(

4π
s ΩΩ→Ω#σΩ#+ΩΩσ−=Ω∇•Ω ∫   

 { }∫ Ω#Ω→Ω#Ω#+ΩΩ−≤
∈#∈4π 4πΩV;r

s ),rI(sup),r(σd),rI(),r(σ   

 ),r(σ),r(σ
),r(σI),rI(),rσ( s Ω

Ω
Ω"

+ΩΩ−=   

 ),r()],rI(I(V)[ 0 ΩσΩ−ϖ≤   
 ).,r()],rI(I[ ΩσΩ−≤  (55) 
 
Note that the symmetry of the differential scattering coefficient was used to relate its integral 
over incident directions Ω"  to the scattering coefficient sσ"  (Section 2). Comparing the first and 
last term in (55), one obtains 
 
 0)],rI(I[),rσ()],rI(I[ ≥Ω−∇•Ω+ΩΩ− . (56) 
 
Multiplying this equation by [ ]),r,r(exp ΩΩξ−τ−  yields 
 

 [ ] ( ){ } 0),ξr,rτ(exp),ξrI(I
dξ
d ≥ΩΩ−−ΩΩ−−− .  

 
Integrating the above over the interval [0,ξ] results in  
 
 [ ] [ ] ),rI(I),ξr,rτ(exp),ξrI(I Ω−≤ΩΩ−−ΩΩ−− . (57) 
 
Let us assume that the solution ),rI( Ω  reaches its maximum at a point 0r  within V and in a 
direction 0Ω , i.e., ).,rI(I 00 Ω=  Let Bξ  be the distance between the point 0r  and the boundary 
δV along the direction ( 0Ω− ). It follows from (55) and ∞<τ )V(0  that 
 
 ( ) 0),rI(I),ξr,rτ()]exp,ξrI(I[0 0000B0000B0 =Ω−≤ΩΩ−−ΩΩ−−≤ ,  
 
which holds true if and only if ).,-rI(I 00B0 ΩΩξ=  It means that the maximum of the solution 

),rI( Ω  taken over all internal points and over all directions cannot exceed the intensity of 
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radiation entering the canopy in the direction 0Ω  through the point 0r  on the boundary .Vδ  This 
completes the proof. 
 
The inequality given by Eq. (57) for a more general case was originally derived by Germogenova 
[1986]. This results provides a theoretical justification to many existing radiation models. Based 
on Theorem 1, the following uniqueness theorem can be easily proved under the assumption of a 
symmetrical differential scattering coefficient sσ  and boundary bidirectional reflectance factor 
ρ . 
 
Uniqueness Theorem  
Let 1≤ϖ , 10 <ρ  and ∞<τ )V(0 . The radiative regime within a given volume V of space 
bounded by a reflecting surface Vδ  is uniquely determined by sources within V and the 
boundary conditions given by Eq. (23).  
 
Proof  
     Let ),r(I1 Ω  and ),r(I2 Ω  be two solutions of the transport equation (22) with boundary 
condition given by Eq. (23). The function ),r(I),r(I),r( 21 Ω−Ω=Ωψ  satisfies Eq. (24a) with 

0q =  and the boundary condition given by Eq. (23) with qB=0. It follows from Theorem 1 and 
the symmetry ),r;,r(),r;,r( BBBBBB Ω"−"Ω−ρ=ΩΩ""ρ that the following inequality  
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is valid for all spatial points δVVr +∈  and directions π∈Ω 4 . Therefore, 
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Since 1)V(0 <ρ , the inequality given by Eq. (59) holds true if and only if 0),r( =Ωψ , i.e., 

),r(I),r(I 21 Ω=Ω . The uniqueness theorem is thus proved.  
 
 
12. General Case of Asymmetry 
 
Theorem 1 and consequently the uniqueness theorem were proved under the assumption of 
certain symmetry in the differential scattering coefficient and the boundary bidirectional 
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reflectance factor. This assumption was required to derive the inequalities given by Eqs. (55) and 
(58). To extend the validity of the uniqueness theorem to the general case, consider the adjoint 
formulation of the transport equation [Bell and Glasstone, 1970; Germogenova, 1986], 
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where 
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The following differences should be noted between the standard formulation given by Eqs. (24) 
and (23) and its adjoint counterpart given by Eqs. (60)-(61): (a) the gradient operator ∇•Ω  has 
the opposite sign; (b) the incident Ω" and scattering Ω  directions have been interchanged, i.e., 

Ω→Ω#  in (23) and (24) becomes Ω"→Ω  in Eqs. (60) and (62); and (c) the boundary condition 
(61) is formulated in terms of exiting photons, i.e., 0)r(n B >Ω• . 
 
Physically, the adjoint radiative transfer problem describes the time-reversed photon flow. This 
gives us the hint that adjoint sources q* describe the position of detectors while the adjoint 
transport equation describes the flow backward in time toward. Adjoint equations and their 
solutions play an important role in radiative transfer theory. Adjoint functions are, in a very real 
sense, orthogonal to the solutions of the radiative transfer equation [Bell and Glasstone, 1970; 
Germogenova, 1986]. For this and other reasons, they are widely used in perturbation theory and 
variational calculations relating to the behavior of 3D optical media. The properties of the 
solutions of the adjoint RTE are also used in the development of effective Monte Carlo 
calculations [Marchuk et al., 1980]. 
 
Consider the function ),r(I),r(I **

0 Ω−=Ω . It satisfies the standard boundary value problem for the 
standard transport equation, i.e., 
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The uniqueness theorem can be applied to Eqs. (63)-(64) with the maximum boundary albedo, 
single scattering albedo and optical depth calculated using ),r;,r( BBB Ω"−"Ω−ρ , ),r( Ω−σ  and 
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),r(s Ω"−→Ω−σ . According to the Fredholm alternative [Bronshtein and Semendyaev, 1985, p. 
783], a linear operator equation and its adjoint counterpart have a unique solution 
simultaneously. Therefore, we can use the adjoint transport equation to find the conditions under 
which it has a unique solution. The same conditions guarantee the uniqueness of the transport 
equation. Thus, the requirement for symmetry in the differential scattering coefficient and the 
boundary bidirectional reflectance factor can be relaxed.  
 
 
Problem Sets 
 
• Problem 1. The frequency of red light is ν =4.3×1014 oscillations per second. What is a 

wavelength λ  of red light? 
• Problem 2. How are particle distribution functions in frequency and wavelength domains 

related? 
• Problem 3. Let the differential solid angle Ωd  cuts an area consisting of points with polar 

and azimuthal angles from intervals ]d,[ θ+θθ  and ]d,[ ϕ+ϕϕ . Show that ϕθθ=Ω ddsind .  
• Problem 4. How are the intensities in frequency and wavelength domains related? 
• Problem 5. Some instruments (e.q., the LICOR quantum sensor) register broadband (i.e., 

integrated over a certain spectral interval) fluxes in mol m−
2 s−

1. Therefore, it is often 
convenient to use the intensity )t,,,r(J Ων  expressed in mol m−

3 s−
1 sr−

1 instead of )t,,,r(I Ων  
in J m−

2 sr−
1. How are intensities J, I and the particle distribution function f related? 

• Problem 6. Let x, y and z be Cartesian coordinates of the point 1r . Find Cartesian 
coordinates of the point ΩΔ+= tcrr 12 . 

• Problem 7. Location )t(r1  of a photon at time t traveling along a direction Ω  can be 
expressed as Ω+= tcr)t(r B1  where ξ=tc  is the distance traversed by a photon in time 
interval t. Let Bx , By  and Bz  be Cartesian coordinates of the point Br . Find Cartesian 
coordinates of points )t(r1  and ΩξΔ+= 12 r)t(r  and their derivatives with respect to t. 

• Problem 8. Show that if the extinction coefficient σ  does not depend neither on spatial nor 
angular variables, 2121 rr),r,r( −σ=Ωτ . 

• Problem 9. Using Eq. (37) show that the volume Green’s function for purely absorbing 
media (i.e., S=0) is given by 

 [ ] .||rr||
rr)δ(

||rr||
),r,r(exp),r;,r(G 2V !
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%
&
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'−−ΩΩ→Ω'δ
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• Problem 10. Let the total interaction coefficient σ  be independent of the spatial and angular 
variables. Derive integral equations for the intensity and source function for isotropically 
scattering media with isotropic sources. 

• Problem 11. Derive integral equations for the intensity and source function in plane 
geometry, i.e., a medium in which the total interaction coefficient, differential scattering 
coefficient and volume source are functions of the horizontal coordinate z. 
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• Problem 12. Let the total interaction coefficient σ  be independent of the spatial and angular 
variables. Derive integral equations for the intensity and source function for a sphere with 
isotropic scattering and spherically symmetric volume sources. The volume source is said to 
by spherically symmetric if it depends on r  and r/r•Ω . 

• Problem 13. Show that 1m0,1m0,m0, eγTe ++= , where 1m0,γ + and m0,e are eigenvalues and 
eigenvectors of transport equation, SeeγL0 = , and SLT 1

0
−=  (cf. Section 9). 

• Problem 14. Let Vδ  be a reflecting boundary, i.e., a fraction of the medium leaving 
radiation can be reflected back into V. Assume that the boundary reflects as a Lambertian 
surface. The radiation I − penetrating into V through Vδ  is 
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• Problem 15. Let V be the parallelepiped and tVδ , bVδ  and lVδ  are its top, bottom and 
lateral surfaces. Show that 

 )V(E)V(E)V(E)V(E ltb δ+δ+δ=δ ++++ ,  
 )V(E)V(E)V(E)V(E ltb δ+δ+δ=δ −−−− .  
• Problem 16. Let V be the parallelepiped and tVδ , bVδ  and lVδ  are its top, bottom and 

lateral surfaces. Write the energy conservation law in terms of canopy transmission, t, 
reflection, r, and horizontal energy flow, h, defined as 
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• Problem 17. Prove the uniqueness theorem without assuming symmetrical differential 
scattering coefficient and boundary bidirectional reflectance factor. 

• Problem 18. Prove that for the horizontally homogeneous media, solution of the transport 
problem depends on vertical coordinate only. 

 
 
 
 
 
 
 



26 

References 
 
Bronstein, I. N., and K.A. Semendyayev (1985). Handbook of Mathematics, Springer-Verlag, 

Berlin. 
Germogenova, T.A. (1986). The Local Properties of the Solution of the Transport Equation, 

Nauka, Moscow (in Russian).  
Marchuk, G., G. Mikhailov, M. Nazaraliev, R. Darbinjan, B. Kargin, and B. Elepov (1980) The 

Monte Carlo Methods in Atmospheric Optics, Springer-Verlag, NewYork. 
Vladimirov, V.S. (1963). Mathematical problems in the one-velocity theory of particle transport, 

Tech. Rep. AECL-1661, At. Energy of Can. Ltd., Chalk River, Ontario. 
 
 
Further Readings 
 
Davis, A. and Y. Knyazikhin, A Primer in Three-Dimensional Radiative Transfer, in A. Davis 

and A. Marshak [eds.] (2006) “3D Radiative Transfer in the Cloudy Atmospheres,” 
Springer-Verlag, Berlin Heidelberg. 

Bell, G. I., and S. Glasstone (1970) Nuclear Reactor Theory, Van Nostrand Reinholt, New York. 
Case, K. M., and P.F. Zweifel (1967) Linear Transport Theory, Addison-Wesley Publishing 

Company, Reading, Mass. 
Riesz, F., and B. Sz.-Nagy (1990). Functional Analysis, Dover Publication, Inc., New York. 
Kantoirovich, L.V., and G.P. Akilov (1964). Functional Analysis in Normed Spaces, the 

Macmillan Company, New York. 
Krein, S.G. (ed.) (1972). Functional Analysis, Groningen, Wolters-Noordhoff. 



Chapter 2 
_______________________________________ 
 
 

Interaction Coefficients for a Leaf Canopy 
 

 
Myneni et al. 

 
 

 



1 

Chapter 2 
 
Interaction Coefficients for a Leaf Canopy 
 
 
 
1. Vegetation Canopy Structure...................................................................................................... 1 

2. Vegetation Canopy Optics .......................................................................................................... 5 

3. Total Interaction Coefficient..................................................................................................... 10 

4. Differential Scattering Coefficient............................................................................................ 12 

Problem Sets ................................................................................................................................. 19 

References..................................................................................................................................... 21 

Further Readings........................................................................................................................... 21 

 
 
 
1. Vegetation Canopy Structure 
 
Turbid Medium Approximation: The vegetation canopy is idealized as a medium filled 

densely with small planar elements of negligible thickness and area, i.e., a turbid medium. All 

organs other than green leaves are ignored for the time being. Two important structural attributes 

– leaf area density and leaf normal orientation distribution – are first defined in order to quantify 

vegetation-photon interactions. 

 

Leaf Area Density Distribution: The one-sided green leaf area per unit volume in the 

vegetation canopy is defined as the leaf area density distribution  )r(u L (m
-1

). The quantity, 
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z
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is called the leaf area index, one-sided green leaf area per unit ground area at (x,y). Here ZH is 

depth of the vegetation canopy. The vertical distribution of (z),u L  
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where XS and YS are horizontal dimensions of a stand, shows the profile of leaf area distribution 

along the vertical. The variables L and (z)u L are key parameters of climate, hydrology, bio-

geochemistry and ecology models as they govern the exchange of energy, mass and momentum 

between the land surface and the atmospheric planetary boundary layer. 

 

Direct measurements of L and (z)u L are labor-intensive and expensive. The modeling of )r(u L  

is a challenge as it requires computer simulation of vegetation canopies based on tedious field 
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measurements (Fig. 1). Hence the interest in remote sensing of these variables from space-based 

measurements of reflected solar radiation and lidar backscatter returns (Fig. 2).  

 

 

Figure 1. Computer simulated Norway spruce stand about 50 km near Goettingen, Germany, in the Harz

mountains. The stand is about 45 years old and situated on the south slope. A 40×40 m2 section of the 

stand with 297 trees was sampled for reconstruction. The stem diameters varied from 6 to 28 m and the

tallest trees were about 12.5 m in height. The trees were divided into five groups with respect to stem 

diameter. A model of a Norway spruce based on fractal theory was used to build a representative of each

group [Knyazikhin et al., 1996]. Given the distribution of tree stems in the stand, the diameter of each

tree, the entire sample site was generated (left panel). The right panel shows the spatial distribution of leaf 

area index L(x,y) at spatial resolution of 50 cm2, i.e., distribution of the mean leaf area index L(x,y) taken

over each of 50 by 50 cm ground cells.  

 

  
 
 
Figure 2. Global distribution of annual average vegetation green leaf area index L(x,y) at 1 km resolution

derived from MODIS measurements of surface reflectances [Knyazikhin et al., 1998]. Data from a four

year period, July 2000 to June 2004, were used to produce this image. This MODIS product has been 

developed from an algorithm based on radiative transfer theory developed in this book. 

0.0 0.1 0.3 0.5 0.8 1.2 1.6 2.1 2.8 3.4 4.4 5.4 6.0 7.0 No data 
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Needle Area Density Distribution: For non-flat leaves such as conifer needles, the counterpart 

to one-sided leaf area is the hemi-surface or half-of-total leaf (needle) area. In coniferous 

canopies, thus, the hemi-surface needle area is used in expressing the leaf area density ( Lu ) and 

leaf area index (LAI).  

 
Leaf Normal Orientation Distribution: Let  

 

 )2,0(),1,0(),,(),( LLLLLLL π∈ϕ∈µϕµ≡ϕθ≡Ω   

 

be the normal to the upper face of a leaf element. If this normal is in the lower hemisphere, the 

lower face may be treated as the upper face, i.e., the definition of the upper face of a leaf element 

is the face the normal to which is in the upper hemisphere. Hence, the space of leaf normal 

orientation is always π2  steradians. Further, let )(g)(1/2 LL Ωπ  be the probability density 

function of leaf normal orientation, 
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If Lµ and Lϕ  are assumed independent, then  
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where )(µg LL and )(h)(1/2 LL ϕπ  are the probability density functions of leaf normal inclination 

and azimuth, respectively, and 
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The functions )(g LL Ω , )(µg LL  and )(h LL ϕ  will depend on the location r  in the vegetation 

canopy but this has been suppressed for clarity.  

 

The simplest model of leaf normal orientation distribution is constant leaf normal inclination and 

uniform distribution of azimuths, 

 

 ).µδ(µ
2π
1)(g

2π
1 *

LLLL −=Ω  (4) 

 

The following example model distribution functions for leaf normal inclination are widely used 

[Bunnik, 1978]: (1) planophile – mostly horizontal leaves, (2) erectophile – mostly erect leaves, 

(3) plagiophile – mostly leaves at 45 degrees, (4) extremophile – mostly horizontal and vertical 

leaves, (5) uniform – all inclinations equally probable, and (6) spherical – leaf normals 

distributed as on a sphere. These distributions can be expressed as, 
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 Planophile:   ,)2θcos(1π
2θsin  )(θg LLLL +=   (5a) 

 Erectophile:   ),2θcos(1π
2θsin  )(θg LLLL −=  (5b) 

 Plagiophile:   ),4θcos(1π
2θsin  )(θg LLLL −=  (5c) 

 Extremophile:   ),4θcos(1π
2θsin  )(θg LLLL +=  (5d) 

 Uniform:   ,
π
2sin )(θg LLL =θ  (5e) 

 Spherical:   ,θsin  sin)(θg LLLL =θ  (5f) 

 

and are plotted in Fig. 3.  
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Figure 3. The LL sin)(g θθ
for (a) planophile (mostly 

horizontall leaves), (b) 

erectorphile (mostly vertical 

leaves), (c) pla-giophile 

(leaves inclined mostly at 

about 450), (d) extremephile 

(mostly horizontal and vertical 

leaves) and (e) uniform (all 

inclina-tions equally probable) 

distributions. 

Certain plants, such as soybeans and sunflowers, exhibit heliotropism, where the leaf azimuths 

have a preferred orientation with respect to the solar azimuth. A simple model for Lh  in such 

canopies is [Verstraete, 1987], 

 

 η),φ(φcosπ
1φ),(φh

2π
1

L
2

LL −−=  (6) 

 

where η  is the difference between the azimuth of the maximum of the distribution function Lh  

and the azimuth of the incident photon ϕ . In the case of diaheliotropic distributions, which tend 

to maximize the projected leaf area to the incident stream 0=η . On the other hand, 

paraheliotropic distributions tens to minimize the leaf area projected to the incident stream, 

π=η 5.0 . A more general model for the leaf normal orientations is the beta distribution, the 
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parameters of which can be obtained from fits to field measurements of the leaf normal 

orientation [Goel and Strebel, 1984]. 

 

Needle and shoot orientation: The orientation of three-dimensional and non-cylindrical conifer 

needles however cannot be defined by one vector alone (as the leaf normal in case of flat leaves) 

but an additional vector is needed. These two vectors can be defined, for example, as the main 

axis of a needle and a normal to this axis (Oker-Blom and Kellomäki 1982). The needle axis 

defines the needle inclination for which the same characterizations as for planar leaves (e.g. a 

planophile or an erectophile needle inclination distribution) can be used. Whenever the needles 

are not cylindrical, the rotation angle, defined by the normal to the needle axis, must in addition 

be specified. We define the spherical needle orientation so that the needle main axis has no 

preferred direction in space and, for any fixed direction of the needle axis, the rotation angle is 

uniformly distributed.  

 

Conifer needles are typically tightly grouped into annual shoots, which (for reasons that will 

become clear later) are often used as the basic foliage elements in modeling radiative transfer in 

coniferous canopies. To define shoot orientation, the same approach as defined above can be 

used (Stenberg 1996). For example, the main shoot axis has equal probability of pointing in any 

direction in the case of spherical shoot orientation distribution. 

 

The shoot inclination in many conifer species changes with depth in the canopy so that it 

becomes more horizontal deeper down in the canopy. In shade-tolerant species, especially, this 

change is accompanied by changes in the shoot structure so that, for example, shade shoots are 

flatter than ‘sun shoots’ (Fig. 4). 

 
 
Figure 4. Determination of shoot 

orientation and illustration of 

‘sun shoot’ and ‘shade shoot’ 

geometry. 

 

 

2. Vegetation Canopy Optics 
 
A photon incident on a leaf element can either be absorbed or scattered depending on its 

frequency.  If the scattered photon emerges from the same side of the leaf as the incident photon, 

the event is termed reflection.  Likewise, if the scattered photon exits the leaf from the opposite 
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side, the event is termed transmission. Scattering of solar radiation by green leaves does not 

involve frequency shifting interactions, but is dependent on the wavelength.  

 

A photon incident on a leaf element can either be specularly reflected from the surface 

depending on its roughness or emerge diffused from interactions in the leaf interior. Some leaves 

can be quite smooth from a coat of wax-like material, while other leaves can have hairs making 

the surface rough. Light reflected from the leaf surface can be polarized as well. Specularly 

reflected photons contain no information about the constitution of the leaf material as this is a 

surface phenomenon. Photons that do not suffer surface reflection enter the interior of the leaf, 

where they are either absorbed or refracted because of the many refractive index discontinuities 

between the cell walls and intervening air cavities. Photons that are not absorbed in the interior 

of the leaf emerge on both sides, generally diffused in all directions. 

 

Leaf Optics: The interaction of the electromagnetic radiation with plant leaves (reflection, 

transmission, absorption) depends on the chemical and physical characteristics of these leaves. 

The absorption is essentially a function of changes in the spin and angular momentum of 

electrons, transitions between orbital states of electrons in particular atoms (visible: chlorophylls 

‘a’ and ‘b’, carotenoids, brown pigments, and other accessory pigments) and vibrational-

rotational modes within the polyatomic molecules (near infrared and middle infrared: water). 

The refractive index discontinueties within the leaf ( 40.1n ≈  for hydrated cell walls, 33.1n ≈  

for water at 1 mµ , and 1n =  for air) induce scattering.  

 

 
 

Figure 5. Schematic representation 

of Monocot (left) and Dicot (right) 

leaves. Leaf surface (epidermis) is 

shown in yellow, internal cells 

(mesophyll) are in green, and mist 

air space is in white. 

 

Allen et al. (1969) has developed one early model of the leaf optical properties, called ‘plate 

model’. The model considers a compact plant leaf as a single semi-transparent plate with plane 

parallel surfaces, illuminated by partially isotropic light. The expression for the total reflectance 

of the plate was derived by summing the amplitudes of successive reflections and refractions. 

However, plant leaves are not compact but present a wide range of anatomical structures which 

depend on the species (Fig. 5), which significantly limits the applicability of the ‘plate model’. 

Jacquemoud and Baret (1990) have implemented the ‘PROSPECT’ model, one of the most 

popular ‘generalized plate model’ today. In this model a leaf is represented by a pile of N 

homogeneous layers separated by N-1 air spaces. The model considers surface layer and 

remaining N-1 internal layers separately to account for the fact that only surface layer may be 

exposed to non-isotropic radiation, while internal layers interact with the scattered radiation only. 

The process of refraction in the system of 1 and N-1 layers of the PROSPECT model is shown in 

Fig. 6a. An example of simulated leaf transmittance as a function of the spread of incidence 

angle of the incoming beam is shown in Fig. 6b.  
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1 plate

N-1 plates

1 plate

N-1 plates

 
 
Figure 6. Modeling of leaf optics with the PROPSPECT model. The left panel shows the model 

representation of the leaf as a pile of N plates (1 surface plate and N-1 internal plates). The right panel 

shows the PROSPECT model simulations of leaf transmittance as a function of the spread of incidence 

angle of the incoming beam. Here 0=α  corresponds to a monodirectional beam, while 

90=α corresponds to a hemispherical flux. 

 

Overall, the ‘PROSPECT’ model simulates the hemispherical reflectance and transmittance of 

various plant leaves (monocots, dicots or senescent leaves) over the solar spectrum (from 400 nm 

to 2500 nm). Scattering is described by a spectral refractive index (n) and a structure parameter, 

specifying the average number of air/cell wall interfaces within mesophyll (N). Absorption is 

modeled using pigment concentration (Ca+b, µg cm
−2

), water content (Cw, cm or g cm
−2

), and the 

corresponding specific spectral absorption coefficients (Ka+b and Kw). The internal parameters of 

the model (n, Ka+b and Kw) were estimated with field measurements (LOPEX data base for 

leaves, needles, stems, etc.) The remaining three key parameters (N, Ca+b, Cw) constitute the 

model’s input to be adjusted for particular leaves types. 

 

Leaf Scattering Phase Function: The angular distribution of radiant energy scattered by a leaf 

element is specified by the leaf element scattering phase function. Consider an elemental leaf 

area dσL on which monochromatic radiation of intensity I is incident along Ω′ . The amount of 

radiant energy flowing through the leaf area dσL along Ω′  confined to the solid angle Ω′d  in a 

time interval dt is 

 

 dt.ddσ)I(Ed LL Ω′Ω′•ΩΩ′=′   

 

The wavelength dependence is assumed and will not be explicitly denoted in what follows. One 

part of Ed ′  is absorbed and the rest is scattered in all directions. Consider the direction Ω  about 

the solid angle Ωd  into which some part of the incident energy is scattered Ed  upon interaction 

with the leaf element. The leaf scattering phase function Lγ  which introduces the appropriate 

stream is 
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 .
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The leaf albedo, ),( LL ΩΩ′ω , is the fraction of incident energy scattered by the leaf, i.e., 
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Radiant energy may be incident on the upper or the lower faces of the leaf element (−or +) and 

the scattering event may be either reflection or transmission. Integration of the leaf scattering 

phase function over the appropriate solid angles gives the leaf hemispherical reflectance m
Lρ  and 

transmittance m
Lτ coefficients: 
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The leaf albedo ),( LL ΩΩ′ω  is simply the sum of Lρ  and Lτ ; for example, 

 

 
⎩
⎨
⎧

>Ω•ΩΩΩ′+ΩΩ′
<Ω•ΩΩΩ′+ΩΩ′

=ΩΩ′
++ 0;)(  if   ),,(τ),(ρ

0;)(  if   ),,(τ),(ρ
),(ω

LLLLL

LL
-
LL

-
L

LL  (8) 

 

and in general depends on the incident photon direction Ω′  and the leaf normal orientation LΩ . 

Typical spectra of a green leaf reflectance Lρ and transmittance Lτ are shown in Fig. 7. The 

diffuse and specular leaf scattering phase functions are discussed below. 
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Figure 7. Typical reflectance (left axis) 

and transmittance (left axis) spectra of 

an individual plant leaf from 400 to 

2000 nm for normal incidence. Note 

the following features – strong 

absorption at blue and red, moderate 

scattering at green, very strong 

scattering at near-infrared wavelengths 

and water absorption peaks in the mid-

infra red. The dramatic increase in 

scattering from red (about 700 nm) to 

near-infrared (800-1100 nm) is often 

the basis for remote sensing of green 

vegetation. 

 
Diffuse Leaf Scattering Phase Function: A simple but realistic model for diffuse leaf scattering 

phase function was proposed by Ross [1981] and others, and is extensively used in remote 

sensing works. In this model, a fraction d,Lρ  of incident energy is assumed reflected in a cosine 

distribution (i.e., Lambertian) about the leaf normal. Similarly, another fraction d,Lτ  is assumed 

transmitted in a cosine distribution on the opposite side of the leaf. In this model, transmission 

and reflection do not depend on whether radiant energy is incident on the upper or the lower side 

of the leaf element. This bi-Lambertian model can be written as  

 

 
⎪
⎩

⎪
⎨

⎧

>Ω•Ω′Ω•ΩΩ•Ω

<Ω•Ω′Ω•ΩΩ•Ω
=ΩΩ→Ω′

0.))((,τπ
1

0,))((,ρπ
1

),(γ
LLLL,d

LLLL,d

LL,d  (9) 

 

Specular Leaf Scattering Phase Function: Specular reflection from the leaf surface depends on 

the angle of incidence α′ (the angle between the leaf normal LΩ  and the incident photon 

direction Ω , the wax coat refractive index n and the roughness of the leaf surface κ. The index 

of refraction n is a weak function of wavelength and a standard value of about 0.9 is used in most 

studies (which is why specularly reflected light from smooth leaves looks white). A simple 

model for specular leaf scattering phase function S,Lγ  is 

 

 ).(δ),K()α'(n,F),(γ *
2rLSL, Ω•Ωα′κ=ΩΩ→Ω′  (10) 

 

Here, rF  is the Fresnel reflectance averaged over the polarization states, 

 

 ,
)θ(αtan

)θ-(αtan

)θ(αsin

)θ-(αsin

2
1)α'F(n,

s
'2

s
'2

s
'2

s
'2

⎥⎦

⎤
⎢⎣

⎡
+

+
+

=   
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where sin n/)(sins α′=θ . The function K defines the correction factor for Fresnel reflection 

( 1K0 ≤≤ ), and the argument κ ≈ 0.1 to 0.3 characterizes the roughness of the surface. A simple 

model for leaf surface roughness is 

 

 [ ].)αtan(κexp)αK(k, ′−=′   

 

The function δ2 is a surface delta function, 

 

 ,0),(
*

2 =ΩΩδ    ,
*Ω≠Ω    .)q()(δ)q(d

4π

**
2∫ Ω=Ω•ΩΩΩ  (11) 

 

The vector ),( L
** ΩΩΩ=Ω  defines the direction of specular reflection. The leaf albedo for 

specular reflection is therefore, 

 

 ).α(n,F)α,κK(κ)n,,α(ω),(γd rL,sLL,s

4π

′′=′=ΩΩ→Ω′Ω∫  (12) 

 

 

3. Total Interaction Coefficient 
 

The probability that a photon while traveling a distance dξ  in the medium will interact with the 

elements of the host medium is given by )dξ,rσ( Ω  where ),rσ( Ω is the total interaction 

coefficient (m
-1

). This probability can be derived as follows. 

 

Consider an elementary volume dSdξ  at r in the medium and which contains a sufficient number 

of small planar leaf elements of negligible thickness. The probability that photons in the incident 

radiation will collide with leaf elements in this volume is given by the ratio of the total shadow 

area of leaves on a plane perpendicular to the direction of photon travel Ω  to the area dS , 

 

 
dS

 lar toperpendicu plane aon  area shadow total
)dξ,rσ(

Ω≡Ω   

 

 
dS

||s  ...  ||s ||s LNNL22L11 Ω•Ω++Ω•Ω+Ω•Ω
=   

 

where is  is the area of leaf element of orientation LiΩ . If the leaf elements are sufficiently small 

and numerous, their shadows do not overlap and, the ratio of the area of all leaf elements is of 

orientation LiΩ  to the total leaf area oS in the elementary volume is equivalent to the number or 

the probability of leaf elements of orientation LiΩ , that is, 

 

 . )d,r()g(1/2   )/S(s LiLiLoLii ΩΩπ=Ω   
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Thus, 

[ ]...||)d,r(g
2
1||)d,r(g

2
1

dS

S
)dξ,rσ( L2L2L2LL1L1L1L

o +Ω•ΩΩΩ
π

+Ω•ΩΩΩ
π

=Ω  

 ||),r(gd
2
1

dS

S
LLL

2π
L

o Ω•ΩΩΩ
π

= ∫
+

 

 ).,rG(
dS

S
L

o Ω=   

Therefore, 

 

 ),r(G)r(u),rσ( L Ω=Ω , (13) 

 

because /dSdξ(So ) is the leaf area per unit volume or the leaf area density )r(uL . The function 

),rG( Ω  is the geometry factor, first proposed by Ross [1981], and may be defined as the 

projection of unit leaf area at r onto a plane perpendicular to the direction of photon travel Ω . 

The geometry factor G satisfies the following condition: 

 

 
2
1),rG(d

2π
1

2π

=ΩΩ∫
+

. (14) 

 

Example G−functions for model leaf normal orientations are shown in Fig. 8.  
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Figure 8. The G-function with 

projection zenith angle θ for (a) 

planophile, (b) erectophile, (c) 

plagiophile, (d) extremophile and (e) 

spherical leaf normal distribution 

functions. A distribution with mostly 

horizontal leaves (planophile) has a 

higher probability of intcercepting 

photons incident from directions 

close to the vertical and vice-versa. 

The G-function for uniform 

orientation is equal to one-half. 

Variations seen in the figure are due 

to numerical errors. 

It is important to note that the geometry factor is an explicit function of the direction of photon 

travel Ω in the general case of non-uniformly distributed leaf normals. This imbues directional 

dependence to the interaction coefficients in the case of vegetation canopies, that is, the 

vegetation canopy radiation transport is non-rotationally invariant. The transport problem reduce 

to the classical rotationally invariant form only in the case of spherically distributed leaf normals 

(G = 0.5). Another noteworthy point is the frequency independence of σ , that is, the extinction 
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probabilities for photons in vegetation media are determined by the structure of the canopy rather 

than photon frequency or the optics of the canopy. 

The total interaction coefficient ),rσ( Ω  can be estimated from transmission measurements made 

below the vegetation canopy at wavelengths where leaves strongly absorb the incident radiation. 

Such measurements can be inverted to solve for the leaf area density distribution )r(uL  and the 

leaf normal orientation distribution function )(g)2/1( LL Ωπ . 

 
The G-function for needles and shoots: The geometry factor G for needles varies with the 

cross-sectional needle shape, including forms close to a half circle (Scots pine) or a rhomb 

(Norway spruce), and cannot be calculated using the simple expressions (sf. Problem Sets, 

Problem 8). For vertical needles with uniform rotation angle, however, the same value 

θπ= sin)/2(G  as for vertical leaves is obtained (Oker-Blom and Kellomäki 1982). More 

importantly, the condition given by Eq. (14) that the mean of G over all possible directions 

equals 0.5 holds true also for needles, irrespective of their shape as long as they are convex 

(Lang 1991). Also, the G value of spherically oriented needles equals 0.5 for all directions of the 

incoming beam. 
 

When using the coniferous shoot as the basic foliage element, the geometry factor G corresponds 

to the ratio of the shoot’s silhouette area on a plane perpendicular to the direction of photon 

travel to the hemi-surface needle area. Oker-Blom and Smolander (1988) defined it as the 

silhouette to total area ratio (STAR), where the total (all-sided) needle area was used in the 

denominator. Because here we use the hemi-surface leaf area as the common basis for both flat 

leaves and needles, the shoot geometry factor G equals STAR2× . 

 

The G value of spherically oriented shoots ( STAR2× ) no longer equals 0.5 but is essentially 

smaller due to needle overlapping in the shoot (i.e. the shoot is not a convex object). Empirical 

data for Scots pine and Norway spruce shoots show a range of approximately 0.2 to 0.4 (smaller 

values in the upper canopy and higher values in lower canopy) and a mean around 0.3 for 

STAR2× . This corresponds to a 40 % reduction in the G value of shoots as compared to that of 

single leaves or needles (for which G=0.5)  
 
 

4. Differential Scattering Coefficient 
 
The probability that a photon while traveling a distance ξd  in the medium will scatter from 

direction Ω′  to direction Ω  is given by dξ)d,r(s ΩΩ→Ω′σ  where sσ  is the differential 

scattering coefficient (m
-1

 sr
-1

). This probability can be derived as follows. 
 
Consider an elementary volume dSdξ  at r in the medium and which contains a sufficient number 

of small planar leaf elements of negligible thickness. The probability that photons incident along 

Ω′  will scatter into a differential solid angle about Ω  is given by 
 

 
dS

)d;(γ||s
dξ)d,r(σ L1LL11

s

ΩΩ→Ω′ΩΩ′•Ω
=ΩΩ→Ω′   
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dS

)d;(γ||s
...

dS

)d;(γ||s LNLLNNL2LL22 ΩΩ→Ω′ΩΩ′•Ω
++

ΩΩ→Ω′ΩΩ′•Ω
+ ,  

 
where is  is the area of leaf element of orientation LiΩ  and Lγ  is the scattering phase function. 

The point interactions are assumed to be independent and uncorrelated.  Implicit in the 

formulation of the above is the assumption that the leaf elements are sufficiently small and 

numerous. The ratio of the area of all leaf elements is of orientation LiΩ  to the total leaf area 

oS in the elementary volume is therefore equivalent to the number or the probability of leaf 

elements of orientation LiΩ , that is, , )d,r()g(1/2   )/S(s LiLiLoLii ΩΩπ=Ω  and,  

 

 [ ΩΩ→Ω′ΩΩ′•ΩΩΩ
π

=ξΩΩ→Ω′ )d;(γ||)d,r(g
2
1

dS

S
d)d,r(σ L1LL1L1L1L

o
s   

 ⎥⎦
⎤+ΩΩ→Ω′ΩΩ′•ΩΩΩ

π
+ ..)d;(γ||)d,r(g

2
1

L2LL2L2L2L   

 );(γ||),r(gd
2
1d

dS

S
LLLLL

2π
L

o Ω→Ω′ΩΩ′•ΩΩΩ
π

Ω= ∫
+

  

 ).,r(1d
dS

So Ω→Ω′Γ
π

Ω=   

 

Thus the differential scattering coefficient may be written as, 

 

 ),r(1)r(u  ),r(σ Ls Ω→Ω′Γ
π

=Ω→Ω′ , (15) 

 

because /dSdξ(So ) is the leaf area per unit volume or the leaf area density )r(uL . Here Γπ)/1(  is 

the area scattering phase function first proposed by Ross [1981]. It is important to note that the 

differential scattering coefficient is non-rotationally invariant, that is, it is an explicit function of 

the polar coordinates of Ω′  and Ω . It can be reduced to the rotationally invariant form, 

),r(),r( ss Ω•Ω′σ=Ω→Ω′σ  in a few limited cases. This property precludes the use of Legendre 

polynomial expansion and the addition theorem typically used in transport theory for handling 

the scattering integral. 

 

The scattering phase function combines diffuse scattering from the interior of a leaf and specular 

reflection from the leaf surface, 

 

 ).,r(Γ),r(Γ),rΓ( sd Ω→Ω′+Ω→Ω′=Ω→Ω′   

 

The functions dΓ  and sΓ  are discussed below. 
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Area Scattering Phase Function for Diffuse Scattering: With the bi-Lambertian leaf scattering 

phase function introduced earlier [Eq. (9)], the diffuse area scattering phase function 

),r(),r( dd Ω′→ΩΓ=Ω→Ω′Γ  may be written as,  

 

 ,),r(Γτ),r(Γρ),r(Γ dL,ddL,dd Ω→Ω′+Ω→Ω′=Ω→Ω′ +−  (16) 

 

where, 

 

 .)()()(µgdµd
2π
1)( LLL,LL

2π

0

L

1

0

Ld Ω•Ω′Ω•Ωϕϕ±=Ω→Ω′Γ ∫∫±  (17) 

 

The (+) in the above definition indicates that the Lϕ  integration is over that portion of the 

interval ]2,0[ π  for which the integrand is either positive (+) or negative (−). The dependence on 

spatial point r is suppressed for clarity. The bi-Lambertian phase function imbues the area 

scattering phase function with a useful symmetry property, 

 

 ).()()( ddd Ω−→Ω′−Γ=Ω′→ΩΓ=Ω→Ω′Γ   

 

For the special case of d,Ld,L τ=ρ , an additional symmetry holds, 

 

 ).()( dd Ω→Ω′−Γ=Ω→Ω′Γ   

 

An expression for the diffuse area scattering phase function can be derived from Eqs. (16) and 

(17) in canopies with horizontal, vertical and uniformly distributed leaf normals. For horizontal 

leaves 1L =µ , one obtains,  

 

 
⎪⎩

⎪
⎨
⎧

<′

>′
=Ω→Ω′

0.µµ   |,µ'µ|ρ
0,µµ   ,µ'µτ

)(Γ
L,d

L,d

d  (18) 

 

For vertical leaf orientations ( 0µ L = ) 

 

 22
1d 11)()( µ′−µ−βΓ=Ω→Ω′Γ , (19) 

 

where ϕ′−ϕ≡β ; π≤β≤ 20 , and,  

 

 .βcos
2

τ
βcosβ)(sinβ

2π
ω

)(
dL,dL,

1 +−=βΓ   

 

In the case of spherically distributed leaf normals, the rotationally invariant scattering phase 

function is 
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 ,βcosπ
τβcosβ)(sinβ

3π
ω

)( LL
d +−=Ω→Ω′Γ  (20) 

 

where )arccos( Ω•Ω′≡β . This form of dΓ  is illustrated in Fig. 9. 
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Figure 9. The area scattering 

phase function )( Ω→Ω′Γ for 

uniformly distributed leaf 

normals. Each leaf is assumed 

to scatter according to the bi-

Lambertian model. This 

function is rotationally

invariant and in such cases the 

radiative transfer equation can 

be solved using standard 

methods developed in 

astrophysics and atmospheric 

physics. 

In the general case of distributed leaf normals, the non-rotationally invariant form of the 

scattering kernel must be solved numerically [Eq. (17)]. Some simplifications are possible in the 

case of uniform distribution of leaf normal azimuths 1hL =  and the bi-Lambertian leaf 

scattering phase function. This is achieved by azimuthal averaging of the scattering kernel, 

 

 )(d
2π
1µ)µ( d

2π

0

d Ω→Ω′Γϕ=→′Γ ∫   

 [ ],),,(),,()(gd

1

0

Ld,LLd,LLLL∫ µµ′µΨρ+µµ′µΨτµµ= −+  (21) 

 

where 

 

 ).()(dd
4

1)(),,( L

2

0

LL

2

0

2L Ω•ΩΩ•Ω′ϕϕ
π

±=µµ′µΨ ∫∫
ππ

±  (22) 

 

The double integration over ϕ  and Lϕ  for bi-Lambertian scattering distributions also eliminates 

ϕ′ . Evaluation of the double integral in Eq. (22) gives [cf. Shultis and Myneni, 1988], 

 

 ),,(H),(H),(H),(H),,( LLLLL µµ′µµ−+µµ′±µµ=µµ′µΨ± m  (23) 
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where the H function is, 

 

 

[ ]⎪
⎪
⎩

⎪⎪
⎨

⎧

µϕµ−µ−+µϕµµ
π

−<θθ
>θθµµ

=µµ

otherwise,)(sin11)(1

,1)cot(cotif,0

,1)cot(cotif,

),(H

t
2
L

2
tL

L

LL

L   

 

and, 

 

 ).(cotcot)(sin tLt µ−ϕ−π=θθ−=µϕ   

 

The H function is shown in Fig. 10.  
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Figure 10. A contour plot of H(µ,µL) function. 

 

The azimuthally averaged area scattering phase function also possesses symmetry properties, 

namely, 

 

 ).()()( ddd µ−→µ′−Γ=µ′→µΓ=µ→µ′Γ   

 

For the special case of d,Ld,L τ=ρ , Eqs. (21) reduces to,  
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 [ ][ ]),(H),(H),(H),(H)(gd
2

)( LLLL

1

0

LLL

d,L

d µµ′−+µµ′µµ−+µµµµ
ω

=µ→µ′Γ ∫   

 ,),(),()(gd
2

1

0

LLLLL
d,L ∫ µµ′ψµµψµµ

ω
=  (24) 

 

and an additional symmetry occurs, µ).µ(µ)( dd −→′−Γ=→µ′Γ  The function ψ  in Eq. (24) is 

given in the Problem 8 of the Problems Sets Section). In the case of horizontal leaf orientation, 

the area scattering phase function is independent of exit azimuth [Eq. (18)]. However, in the case 

of vertical leaves, this is not so [Eq. (19)], and integration over ϕ  from 0 to π2  or alternately 

over β  from 0 to π  results in, 

 

 .11
2

)( 22
2

d,L
d µ′−µ−

π
ω

=µ→µ′Γ  (25) 

 

The scattering coefficient for diffuse bi-Lambertian scattering from the leaf interior sσ′  has the 

explicit form [cf. Eq. (15), (10)], 

 

 )(Γdπ
1)r(u),r(σ d

4π
Ls Ω→Ω′Ω=Ω′′ ∫   

 .)'G(ω)r(u L,dL Ω=  (26) 

 

The normalized scattering phase function dP)4/1( π  is therefore,  

 

 ,
)G(ω

)(Γ4
)(P

dL,

d
d Ω′

Ω→Ω′
=Ω→Ω′  (27) 

 

such that, 

 1.)(Pd
4π
1

4π
d =Ω→Ω′Ω∫   

 

The normalized scattering phase function )(Pd Ω→Ω′  for planophile leaf normal inclination 

distribution and bi-Lambertian leaf scattering distribution is shown in Fig. 11. It is clear that the 

scattering phase functions in leaf canopies are non-rotationally invariant, that is, they are not 

unique functions of )( Ω•Ω′ . 
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Figure 11. The normalized azimuthally 

dependent phase function )(P Ω→Ω′ for 

a planophile canopy [predominantly 

horizontal leaves]. The leaf transmittance 

and reflectance are both equal to 0.5, and 

Ω′  is fixed at θ′= 1700 and ϕ  = 00. Each 

dot is the value of the phase function for a 

discrete value of ),( jiij ϕµ=Ω  [the 

nearly horizontal row of dots is for a fixed 

iµ  and j,ϕ varies]. These results 

illustrate that the phase function is non 

rotationally invariant, i.e., it depends on 

the coordinates Ω′  and Ω and not just on 

the scattering angle [acos )( Ω′•Ω ]. 

 
Area Scattering Phase Function for Specular Reflection: Using the model described earlier 

[Eq. (10)] for specular reflection from leaf surfaces, the area scattering phase function for 

specular reflection can be evaluated as (cf. )/4dd L
*

L Ω•Ω′Ω=Ω , 

 

 ∫
+

ΩΩ→Ω′Ω•Ω′ΩΩ=Ω→Ω′Γ
2π

LsL,LLLLs ),(γ)(gd
2π
1)(π

1   

 ∫ Ω•Ωδα′α′κΩΩ=
4π

*
2rLL

*
)()(n,F),K()(gd

8π
1   

 )(n,F),K()(g
8π
1 *

r
**

LL αακΩ=  (28) 

 

where ),(*
L

*
L ΩΩ′Ω=Ω  defines leaf normals condusive for specular reflection given the incident 

and exit photon directions. 

 

The scattering coefficient for specular reflection from the leaf surface sσ′  has the form, 

 

 ,)(Γdπ
1)r(u),r(σ s

4π
Ls Ω→Ω′Ω=Ω′′ ∫   

 ∫
+

α′α′Ω•Ω′ΩΩ=
2π

rLLLLL )(n,F)K(κ()(gd
2π
1)r(u , (29) 

 ).(Γ)r(u sL Ω′=   

 

The normalized scattering phase function is therefore, 
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)(G

)(Γ4
)(P

s

s
s Ω′

Ω→Ω′
=Ω→Ω′ , (30) 

such that, 

 

 .1)(Pd
4π
1

s

4π

=Ω→Ω′Ω∫   

 
 
Problem Sets 
 

• Problem 1. Let )(f γ , 11 ≤γ≤− , be a function of one variable; ),( ϕθ≡Ω  and 

),( LLL ϕθ≡Ω  are two unit vectors. Show that  

 

 )q(sinθ4πd)f( L

2π
L =ΩΩ•Ω∫

+

.  

 

Here LΩ•Ω  is the scalar product of two vectors, and q(x), 1x0 ≤≤ , is a function of one 

variable defined as 

 

 ∫∫ −+γα+γ=
x

0

1

x

γ)]dγx)f(β(γ,x)f(γ),([
2
1dγ)(f

2
1q(x) ,  

 

where 1)x,()x,( =γβ+γα , and 

 

 
2

2

γ1x

x1γ
arccosπ

1x)β(γ,
−
−= .  

 

• Problem 2. Letting γ=γ)(f , show that  

 

 .d

2

L π=ΩΩ•Ω∫
+π

  

 

• Problem 3. Show that the leaf albedo for the bi-Lambertian model is  

 

 L,dL,dLL,d

4π

τρ),(γd +=ΩΩ→Ω′Ω∫ .  

 

• Problem 4. Prove (14).  

 

• Problem 5. Show that the geometry factor ),r(G Ω  for spherically distributed leaf normals 

depends neither r  nor Ω  and is equal to 0.5.  
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• Problem 6. Show that µ=G  for horizontal leaves, and θπ= sin)/2(G  for vertical leaves.  

 

• Problem 7. Let the polar angle, Lθ , and azimuth, Lϕ , of leaf normals are independent (see 

Eq. 3). Show that  

 

 ),,(),r(gd),r(G LL
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0
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where LL cos θ=µ , θ=µ cos , and  
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π

=
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LLLL dφ||)h(φ
2
1)µψ(µ, .  

 

• Problem 8. Show that in canopies where leaf normals are distributed uniformly along the 

azimuthal coordinate [i.e., 1)(h L =ϕ ], ),( Lµµψ  can be reduced to 
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where the branch angle tϕ  is )cotcotarccos( Lθ×θ− . 

 

• Problem 9. Show that in canopies with constant leaf normal inclination but uniform 

orientation along the azimuth [cf. Eq. (4)], ),()(G Lµµψ=µ . 

 

• Problem 10. Using Eq. (6), derive the )µψ(µ, L in the case of heliotropic orientations.  

 
• Problem 11. Given the direction of incoming, Ω , and reflected, Ω′ , fluxes at the leaf 

surface ( 1=Ω′=Ω ) show that the direction of leaf normals ),(n LLL ϕµ  in the case of 

specular reflection is given by  
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Chapter 2 Derivations by Shabanov et al. 
 
Problem 1. Let , , be a function of one variable,  and  
are two unit vectors. Show that  
 
 .  

 
Here  is the scalar product of two vectors, and q(x), , is a function of one 
variable defined as 
 

 ,  

 
where , and 
 

 .  

 
Solution. Let 
 . (1) 

 
In the following derivations we assume that , that is, vector  belongs to ZX plane. 
This assumption does not limit the generality of the derivations as one always can substitute φ 
with ( ) without changing the domain of the integration (i.e., the upper hemisphere). For 
convenience of derivations let us transform the original system of coordinates to a new one, 
where  is aligned with Z-direction (Fig. 1). This can be accomplished with rotation by angle 

 around the Y-axis as specified with the following linear transform, 
 
   
where 
 

   

 
and and  are vectors in the original and new coordinate system, 
respectively. Note the minus sign for angle . This is due to the fact that positive angles are 
counted outward from Z-direction. One example of transformation is for the Z-axis, which is 
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transformed from   in the original system into  in the new 
system. 
 
 
 
 
 
 
 
 
 
 
 
To determine the integration domain in the new coordinate system, let 

 be a unit vector in the new system. The  vector falls into the 
upper hemisphere of the original system if and only if 
 
   
 
Therefore, 
 

  (2) 

 
Note that the angular domain of the upper hemisphere in the original coordinate system is 

 and . This domain is specified differently in the new coordinate system as 
shown in Fig. 2. Namely, three sectors with respect to  can be identified:  
(shown in Red), (shown in green), and  (shown in 
blue). The corresponding variations of  can be derived from the algebraic analysis of Eq. (2). 
The final expression for the angular domain in the new coordinate system is: 
 

  (3) 
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In a view that in the new coordinate system the direction coincides with , the argument of 
function  in Eq. (1) simplifies, i.e., . Therefore, 
 
   

   

   

   

  (4) 

 
Note that in the last step of derivations we substituted  with , and accounted for the 
fact that , , and . Finally, let 
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Substituting the new variables in Eq. (4) and changing the limits of integration according to the 
variable γ, we finally have  
 

   

 
 
Problem 2. Letting , show that 
 
   

 
Solution. According to the results of Problem 1 
 

   

 
Taking into account that  (cf. Problem 1), we have 
 

   

 
 
Problem 3. Show that the leaf albedo for the bi-Lambertian model is  
 
 .  

 
Solution.  The bi-Lambertian model for diffuse leaf scattering phase function is, 
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Note that the angles  and are fixed in the integral of interests and integration over whole 
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  (2) 

 
Taking into account Eq. (1), we have 
 
  (3a) 

 

  (3b) 

 
In view that the angles  and  are fixed, the integrals on the right hand side of Eqs. (3a) and 
(3b) are identical and equal to the integral over hemisphere (  or ). The last integral was 
evaluated in the Problem 2, namely, 
 
  (4) 

Combining Eqs. (2)-(4) we finally have 
 

   

 
 
Problem 5. Prove  
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Solution. Note, 
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  (2b) 

 
Combining Eq. (1)-(2) and result of Problem 2, we have 
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Problem 6. Show that the geometry factor  for spherically distributed leaf normals 
depends neither  nor  and is equal to 0.5. 
 
Solution. Recall, 
 

   

 
Recall also, that for spherically distributed leaf normals . Combining this result with 
the result of the Problem 2, we have  
 

   

 
 
Problem 7. Show that  for horizontal leaves, and  for vertical leaves. 
 
Solution. Recall, 
 
   

 
Further, let  and . 
Therefore, 
 
   
   
 
For horizontal leaves the derivations for  are as follows. The probability density of leaf 
normal orientation is 
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Therefore, 
 

   

   

   
 
Similar derivations can be performed for vertical leaves. In this case the probability density of 
leaf normal orientation is  
 

   

 
Therefore, 
 

   

   

 
 
 
 
 
Problem 8. Let the polar angle, , and azimuth, , of leaf normals be independent. Show 
that  
 

   

 
where , , and  
 

 .  

 
Solution. Since the polar angle, , and azimuth angle, , of leaf normals are independant, the 
following representation of the probability density of leaf normal orientation is valid: 
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where  and  are the probability density functions of leaf normal inclination and 
azimuth, respectively. Therefore, 
 
   

   

   

   

 
 
Problem 9. Show that in canopies where leaf normals are distributed uniformly along the 
azimuthal coordinate [i.e., ],  can be reduced to 
 

   

 
where the branch angle  is . 
 
Solution. Recall (cf. Problem 6), 
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  (1) 

 
Note that in the above derivations we took into account that  and also symmetry of 
function  in the interval . In the derivations to follow we need to 
consider two cases. First, consider the case, when . In this case the expression 

 in the Eq. (1) does not change the sign over the whole interval of 
integration, . Therefore, 
 

   

   

  (2a) 
 
Now consider the second case, when . Here the value of the expression 

 in the Eq. (1) is monotonically decreasing in the interval . The 
value of , where the integrand changes the sign is given by 
 
    
 
Now we can evaluate Eq. (1) by splitting the interval of integration into two parts, where the 
integrand has the opposite signs,  
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Combined, the Eq. (2a)-(2b) present the solution to the problem. 
 
 
Problem 10. Show that in canopies with constant leaf normal inclination but uniform orientation 
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Solution. For canopies with independent polar angle, , and azimuth, , of leaf normals (cf. 
Problem 7), we have 
 

  (1) 

 
where , , and  
 

  (2) 

 
The condition of constant leaf normal inclination and uniform orientation along azimuth implies  
 

  

  (3) 
 
Combining Eqs. (1)-(3), we have  
 

   

   

   
 
 
Problem 11. Using Eq. (6), derive the in the case of heliotropic orientations. 
 
Solution. Recall (cf. Problem 7), 
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  (3) 
 
Combining Eq. (1)-(3), we have 
 

   

   

   

  (4) 

 
where . To evalute the above integral we need to consider two cases (cf. Problem 8). 
First, consider the case, when . In this case the integrand does not change the sign 
over whole interval of integration. Therefore, 
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Therefore, the corresponding definite integrals over interval  are 
 
  and  (7) 
 
Combining Eqs. (5)-(7), we have 
 
  (8) 
 
Now consider the second case, when . In this case the expression under sign of 
integral in Eq. (4), , will change sign two times (first at  and second at 

) over the interval . The value of  is given by 
 
   (9) 
 
In order to evaluate integral in Eq. (4) we need to consider three intervals, where integrand has 
constant sign: , , and . Therefore, 
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where  is given by Eq. (9). Overall, Eqs. (8) and (12) present the complete solution to the 
problem. Finally, note that in the special case of dia-heliotropic distribution, ( ), the Eq. (12) 
reduces to 
 

   

 
and in the case of para-heliotropic distribution ( ), to 
 

   

 
 
Problem 12. Calculate area scattering phase function for diffuse radiation, , in the 
case of uniform leaf normal distribution, . 
 
Solution. Recall,  
 
  (1a) 
 
where, 
 

  (1b) 

 
The (+) in the above definition indicates that the  integration is over that portion of the 
interval  for which the integrand is either positive (+) or negative (-). We need to calculate 
phase function for the case of uniform leaf normal orientation, . In view of the symmetry 
of the integrand with respect to , the integral over the upper hemisphere is equal to that over 
lower hemisphere and, 
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Taking into account Eq. (2) and performing trigonometric transformations, we have  
 
  (3) 
 
Let , an angle between  and , . Let , and 

. Therefore, 

   

   

  (4) 

 
Note, the integrand in Eq. (4) is changing sign two times over the interval : 
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  (6) 

 
Finally, substituting Eq. (6) into Eq. (1), we have 
 
   

   

   

 
 
Problem 13. Given the direction of incoming, , and reflected, , fluxes at the leaf surface 
( ) show that the direction of leaf normals  in the case of specular 
reflection is given by 
 

   

 

   

Solution. Consider the geometry of interaction of solar beams with a leaf surface in the case of 
specular reflection as shown in Fig. (1). Given the incoming, , and reflected, , directions, 
the angle between them is given by . The leaf normal in the case of specular 
reflection is 
 

 .  (1) 

 
The norm  can be calculated as follows (cf. Fig. 1(b)): 
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Let 
 
  (3a) 
  (3b) 
  (3c) 
 
Combining Eqs. (1)-(3) we will get formulas for the thee components of vector , namely, 
 

  (4a) 

  (4b) 

  (4c) 

 
The Eq. (4c) directly evaluates . The expression for can be derived dividing Eq. 
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1. Radiative Transfer Equation for Vegetation Canopies 
 
Solar radiation scattered from a vegetation canopy and measured by satellite sensors results from 
interaction of photons traversing through the foliage medium, bounded at the bottom by a 
radiatively participating surface. Therefore to estimate the canopy radiation regime, three 
important features must be carefully formulated. They are (1) the architecture of individual plant 
and the entire canopy; (2) optical properties of vegetation elements (leaves, stems) and soil; the 
former depends on physiological conditions (water status, pigment concentration); and (3) 
atmospheric conditions which determine the incident radiation field [Ross, 1981]. 
 
We idealize a vegetation canopy as a medium filled with small planar elements of negligible 
thickness. We ignore all organs other than green leaves. In addition, we neglect the finite size of 
vegetation canopy elements. Thus, the vegetation canopy is treated as a gas with non-
dimensional planar scattering centers, i.e., a turbid medium. In other words, one cuts leaves 
residing in an elementary volume at a given spatial point r into “dimensionless pieces” and 
uniformly distributes them within the elementary volume. Three variables, the leaf area density 
distribution function , the leaf normal distribution, , and the leaf scattering phase 
function,  (Chapter 3) are used in the theory of radiative transfer in vegetation 
canopies to convey “information” about the total leaf area, leaf orientations and leaf optical 
properties in the elementary volume at r before “converting the leaves into the gas.” 
 
It should be emphasized that the turbid medium assumption is a mathematical idealization of 
canopy structure, which ignores finite size of leaves. In reality, finite size scatters can cast 
shadows. This causes a very sharp peak in reflected radiation about the retro-solar direction. This 
phenomenon is referred to as the “hot spot” effect. It is clear that point scatters cannot cast 
shadows and thus the turbid medium concept in its original formulation [Ross, 1981] fails to 

)r(uL ),r(g LL W
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predict or duplicate experimental observation of exiting radiation about the retro-illumination 
direction. Zhang et al. [2002] showed that if the solution to the radiative transfer equation is 
treated as a Schwartz distribution, then an additional term must be added to the solution of the 
radiative transfer equation. This term describes the hot spot effect. This result justifies the use of 
the transport equation as the basis to model canopy radiation regime. Here we will follow 
classical radiative transfer theory in vegetation canopies proposed by Ross [1981]. For the 
mathematical theory of Schwartz distributions applicable to the transport equation, the reader is 
referred to Germogenova [1986], Choulli and Stefanov [1996] and Antyufeev [1996]. 
 
In addition to canopy structure and its optics a domain V in which the radiative transfer process 
is studied should be specified. In remote sensing application, a parallelepiped of horizontal 
dimensions XS, YS, and height ZS is usually taken as the domain V. The top , bottom , 
and lateral  surfaces of the parallelepiped form the canopy boundary . 
The height of a tallest plant in V can be taken as ZS. The dimension of the upper boundary  
coincides with a footprint of the imagery. The function characterizing the radiative field in V is 
the specific intensity introduced in Chapter 2. Under condition of the absence of polarization, 
frequency shifting interaction, and emission processes within the canopy, the monochromatic 
specific intensity  is given by the stationery radiative transfer equation (Chapter 2, Eq. 
(24)) with . Substituting vegetation-specific coefficients (Chapter 3, Eqs (13) and 
(15)) into the transport equation (Chapter 2, Eq. (24)), one obtains the radiative transfer equation 
for a vegetation canopy occupying the domain V, namely, 
 

  (1) 

 
The boundary condition for the radiative transfer problem is given by 
 
        (2) 
 
Here  is the intensity of radiation entering the domain V through a point  on the 
boundary  in the direction . Directions along which photons can enter the vegetation 
canopy through the point  satisfy the inequality  where  is an outward 
normal vector at . 
 
The solution of the boundary value problem, Eqs (1)-(2), i.e., the monochromatic specific 
intensity , depends on wavelength, , location r, and direction . Here, the position 
vector  denotes the triplet (x,y,z) with (0<x<XS), (0<y<YS) and (0<z<ZS) and is expressed in 
Cartesian coordinates with its origin, O=(0,0,0), at the top of the vegetation canopy and the Z 
axis directed down into the vegetation canopy. The unit vector  has an azimuthal angle 

 measured in the (XY) plane from the positive X axis in a counterclockwise fashion and a 
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polar angle q with respect to the polar axis that is opposite to the Z axis. In this Chapter we shall 
omit the sign l in notations. 
 
 
2. Vegetated Surfaces Reflectance 
 
Solution of the boundary value problem (Eqs. (1)-(2)) describes the radiative regime in a 
vegetation canopy and, as a consequence, reflectance properties of the vegetated surface. When 
describing surface reflectance, standard nomenclature [Nicodemus et al., 1977] dictates that the 
angular characteristics of the illumination are mentioned first, followed by the angular 
characteristics of the reflected radiance. In the definitions given below, the prefix hemispherical-
directional implies an illumination which is hemispherical in directional extent and a reflected 
radiance in a single direction. Directional-hemispherical implies that the illumination is single 
directional and the reflected radiance is integrated over the hemisphere [Martonchik et al., 2000]. 
The following reflectance quantities are used in remote sensing to describe surface reflective 
properties.  
 

 

 
Figure 1. Reflectance nomenclature summary. 
The broad arrow represents an irradiance from a 
collima-ted beam. All other arrows represent 
incident and reflected radiance fields. 

 
The hemispherical-directional reflectance factor (HDRF, dimensionless) for nonisotropic 
incident radiation is the ratio of the mean radiance leaving the top of the vegetation canopy to 
radiance reflected from an ideal Lambertian target into the same beam geometry and illuminated 
under identical atmospheric conditions [Martonchik et al., 2000]; this can be expressed in terms 
of the solution of Eq. (1)-(2) as  
 

     (3) 

 
Here  and  are the cosine of the polar angles of the upward (reflected)  and downward 
(incident)  directions, respectively; the angle brackets <  >0 denotes the mean over the upper 
surface  of the parallelepiped V. The HDRF depends on atmosphere conditions (i.e., the 
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angular and spectral distribution of the incoming radiation), the surface properties (e.g., 
vegetation canopy below the boundary ), the area of , and the direction . For the 
condition of no atmosphere, i.e., the incident solar radiation at the upper canopy boundary  is 
a parallel beam of light, the HDRF is termed a bidirectional reflectance factor (BRF, 
dimensionless). The BRF does not depend on atmosphere conditions and characterizes surface 
reflective properties. Its value varies with the directions,  and , of reflected and incident 
radiation. The bidirectional reflectance distribution function (BRDF) is another reflectance 
quantity that describes the scattering of a parallel beam of incident radiation from one direction 
into another direction but, unlike the BRF, its values are expressed relative to the incident flux, 
i.e., the BRDF is the mean radiance leaving the upper boundary to the incident flux. The BRDF 
has units of sr-1 and is a factor of  smaller than BRF, i.e., .  
 
The bihemispherical reflectance (BHR, dimensionless) for nonisotropic incident radiation is the 
ratio of the mean irradiance exitance to the incident irradiance [Martonchik et al., 1998], i.e., 
 

  (4) 

 
For the condition of no atmosphere, the BHR becomes directional hemispherical reflectance 
(DHR, dimensionless). For Lambertian surfaces, HDRF=BRF=BHR=DHR.  
 

 

Figure 2. The multiangle imaging spectroradiometer (MISR) 
onboard the Earth Observing System (EOS) Terra platform 
provides global imagery at nine discrete viewangles and four 
visible/near-ibfrared spectral bands. MISR standard products 
include HDRF, BHR, BRF, DHR, leaf area index (LAI) and 
fraction of photosynthetically active radiation absorbed by 
vegetation (FPAR). Vigorous vegetation growth in the 
Southern United States (Texas, Oklahoma) after heavy rains 
fell during April and early May, 2004, is quantified in these 
images and LAI&FPAR product from MISR. The left-hand 
images are natural-color views from MISR's nadir camera 
acquired on April 1 (top set) and May 3 (bottom set). The 
middle and right-hand panels show MISR LAI and FPAR 
standard products. Data are at 1.1 km spatial resolution, i.e., 
the dimension of the upper boundary  is 1.1 by 1.1 km.  

 
All the reflectance quantities introduced above can be derived from data acquired by satellite-
borne sensors (Fig. 2) which, in turn, are input to various techniques for retrieval of biophysical 
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parameters from space. In remote sensing, the dimension of the upper boundary  often 
coincides with a footprint of the imagery. Taking the size of  to zero results in a BRF value 
defined at a spatial point . Given the bidirectional reflectance factor, ), and intensity, 

, of radiation incident on a horizontal surface at , the intensity of reflected radiation, 
, can be calculated as  

 
 . (5) 

 
This equation is used to describe the lower boundary condition for the radiative transfer in the 
atmosphere.  
 
 
3. Boundary Conditions 
 
The boundary conditions for a three-dimensional canopy are also three-dimensional. Indeed, the 
radiation entering the canopy through the top, , through the bottom, , and through the 
lateral, , surfaces are different. Therefore we consider a very general form of boundary 
conditions (see Sect. 2.4), namely, 
 
   

     (6) 
 
Here  and  are points on the canopy boundary ;  is the outward normal at the point 

;  is the boundary scattering function; that is, the probability density that a 
photon having escaped from the canopy through the point  and in the direction  will 
come back to it through the point  and in the direction ; and  is a photon 
source at the canopy boundary . Both  and  are wavelength dependent.  
 
The radiative transfer problem can now be formulated as follows: find the intensity  which 
satisfies the transport equation (Eq. (1)) within the domain V and the condition given by Eq. (6) 
on the canopy boundary . The maximum boundary reflectance, , canopy optical path, 

, and single scattering albedo , (cf. Chapter 2, Section 11) are basic characteristics of 
boundary reflective properties, canopy structure and leaf optical properties. It follows from the 
uniqueness theorem that the conditions ,   and  guarantee the 
existence and uniqueness of the solution to the boundary value problem given by Eq. (3) and (6). 
Specification of the boundary conditions for the upper, , lower, , and lateral, , 
surfaces of the parallelepiped are discussed below.  
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Canopy upper boundary. The upper canopy boundary  is adjacent to the atmosphere. 
Therefore radiation penetrating into the canopy through the upper boundary  is determined 
by atmospheric conditions, i.e., the upper canopy boundary is exposed to both direct solar 
irradiance and diffuse radiation from all points of the sky. The former is caused by photons in the 
solar parallel beam which arrive at the upper canopy boundary without experiencing a collision. 
The latter results from photon-atmosphere interactions. Thus, the boundary condition at the 
upper boundary  can be written as 
 
        (7) 
 
Here  and  are intensities of the solar beam and diffuse radiation at point  on 
the boundary  and  is the Dirac delta function. Both  and  are 
wavelength dependent. The direction of the solar beam is given by the unit vector . 
Since  coincides with the cosine of the polar angle  of the direction , the condition 

 for incoming directions can be written as . In other words, the upper 
boundary condition is formulated for downward directions. In terms of notations used in Eq. (6), 

,  for  on the surface .  
 
The canopy-radiation regime is sensitive to the partition between the mono-directional and 
diffuse components of the incoming radiation. The ratio  of the mono-directional to the total 
radiation flux incident on the canopy is used to parameterize the partition; that is, 
 

     (8) 

 
Here  and  are monochromatic downward flux densities (irradiances) of mono-
directional and diffuse components of the incident radiation, i.e., 
 
     (9) 

 
where . The ratio  varies between 0 and 1 and depends on the direction of the 
mono-directional incident beam, wavelength and atmosphere conditions. This parameter along 
with the total downward flux  can be derived from satellite data [Diner et 
al., 1999a]. It is conventional, therefore, to parameterize the upper boundary condition in terms 
of these variables, i.e.,  
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where  is the anisotropy factor of the diffuse radiation. 
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The HDRF and BHR defined in Eqs (3) and (4), respectively, are expressed in terms of solution 
of the transport equation with the upper boundary condition (Eq. (7)). If , the HDRF and 
BHR become the BRF and DHR, respectively. 
 
In many cases, the anisotropy of diffuse radiation can be assumed wavelength independent. A 
model of the anisotropy corresponding to clear-sky conditions proposed by Pokrowski [1929]  
 

      

 
is an example of the angular distribution of incoming diffuse radiation. In the case of the 
standard overcast sky ( ), the intensity  of the incoming diffuse radiation in the 
photosynthetically active region of solar spectrum, 400-700 nm, can be approximated by  
 

    ,  

 
where 1+b is the ratio between sky brightness in the zenith, , and at the horizon,  and 
it varies between 2.1 and 2.4 [Monteith and Unsworth, 1990]. Substituting the above equation 
into  and taking into account Eq. (9) one can express  and d0 as 
 

     (11) 

 
Canopy lower boundary. At the bottom of the canopy, a fraction of the radiation can be 
reflected back into the canopy by the ground. In the remote sensing problems, reflective 
properties of the canopy lower boundary are often approximated as 

,  where  is the 
bidirectional reflectance factor of the canopy ground. The canopy bottom does not emit the 
radiation at solar wavelengths and thus . Substituting these equations into Eq. (6) 
results in 
 
 ,   . (12) 

 
Here -  coincides with the cosine of the polar angle  of the direction . The 
condition  for incoming directions therefore can be written as , i.e., the lower 
boundary condition is formulated for upward directions.  
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Canopy lateral boundary. The radiation penetrating through the lateral sides of the canopy 
depends on the neighboring environment. Its influence on the radiation field within the canopy is 
especially pronounced near the lateral canopy boundary. Therefore inaccuracies in the lateral 
boundary conditions may cause distortions in the simulated radiation field within the domain V. 
These features should be taken into account when 3D radiation distribution in a vegetation 
canopy of a small area is investigated. The problem of photon transport in such canopies arises, 
for example, in the context of optimal planting and cutting of industrial wood, land surface 
climatology, and plant physiology.  

 
 

Figure 3. Computer simulated Norway spruce stand about 50 km near Goettingen, Germany, in the Harz 
mountains. The stand is about 45 years old and situated on the south slope. A 40´40 m2 section of the 
stand with 297 trees was sampled for reconstruction. The stem diameters varied from 6 to 28 m and the 
tallest trees were about 12.5 m in height. The trees were divided into five groups with respect to stem 
diameter. A model of a Norway spruce based on fractal theory was used to build a representative of each 
group [Knyazikhin et al., 1996]. Given the distribution of tree stems in the stand, the diameter of each 
tree, the entire sample site was generated (left panel). The right panel shows the spatial distribution of leaf 
area index L(x,y) at spatial resolution of 50 cm2, i.e., distribution of the mean leaf area index L(x,y) taken 
over each of 50 by 50 cm ground cells.  
 
In order to demonstrate the range of the influence of the neighboring environment we simulate 
two extreme situations for a small 40 by 40m sample stand bounded from below by a black 
surface (i.e.,  in Eq. (12) is set to zero). Canopy structure of this stand is shown in Fig. 3. In 
the first case, we “cut” the forest surrounding the sample plot. The incoming solar radiation can 
reach the sides of the sample stand without experiencing a collision in this case. The boundary 
condition (Eq. (6)) with  and , ,  
can be used to describe photons penetrating into the canopy through the lateral surface. In the 
second case, we “plant” a forest of an extremely high density around the sample stand so that no 
solar radiation can penetrate into the stand through the lateral boundary . The lateral 
boundary condition (Eq. (6)) takes the form , , . The radiative 
regimes in a real stand usually vary between these extreme situations. For each situation, the 
boundary value problem (Eqs. (1) and (6)) was solved and a vertical profile of mean downward 

br
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radiation flux density was evaluated. Figure 4 demonstrates downward fluxes normalized by the 
incident flux at noon on both a cloudy and clear sunny day. A downward radiation flux density 
evaluated by averaging the extinction coefficient  and area scattering phase function  over 
the 40 by 40m area first and then solving the radiative transfer equation is also plotted in this 
figure. One can see that the radiative regime in the sample stand is more sensitive to the lateral 
boundary conditions during cloudy days ( ). In both cases, a 3D medium transmits more 
radiation than those predicted by the 1D transport equation. 

  

Figure 4. Vertical profile of the downward radiation flux normalized by the incident flux derived from 
the one-dimensional (1D model) and three-dimensional (3D: black and 3D: white) models on a cloudy 
day ( ) and on a clear sunny day ( ). Curves 3D: black correspond to a forest stand 
surrounded by the optically black lateral boundary, and curves 3D: white to an isolated forest stand of the 
same size and structure (from Knyazikhin et al., [1997]). 
 
The following technique can be used to approximate the lateral boundary condition. One first 
calculates the radiative field in a vegetation canopy by solving a one-dimensional transport 
equation using average characteristics of canopy structure and optics over a given stand. Its 
solution, i.e. the vertical profile of the horizontally averaged radiation intensity, is then taken as 
the radiation penetrating through the lateral canopy boundary which, to some degree, accounts 
for photon interactions with both the stand and its neighboring environment. The size of an area 
impacted by such an approximation of the lateral boundary condition as a function of the 
adjoining vegetation and atmospheric conditions was studied by Kranigk [1996]. In particular, it 
has been shown that the “impacted area” consists of points being less than about 5m apart from 
the lateral boundary of a forest. Thus, the lateral boundary conditions can be expressed as 
 
       . (13) 

GuL G
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Here  and  are wavelength dependent mean intensities of the direct and diffuse 
radiation at depth z predicted with the 1D radiative transfer equation. In terms of notations used 
in Eq. (6), ,  if  belongs to . The 
lateral side effects, however, decrease with distance from this boundary toward the center of the 
domain. It has been shown that these lateral effects can be neglected when the radiation regime is 
analyzed in a rather extended canopy. A “zero” boundary condition for the lateral surface can 
then be used to simulate canopy radiation regime [Knyazikhin et al., 1997]. 
 
 
4. Decomposition of the Boundary Value Problem for Radiative Transfer Equation 
 
The Green’s function concept allows us to express the solution to the transport equation with 
arbitrary sources and boundary conditions as a superposition of the solutions of some basic 
subproblems. In this section we demonstrate this technique with an example for canopy-surface 
system. It will be shown that the three-dimensional radiative transfer problem with a reflecting 
boundary can be expressed as a superposition of the solutions of two radiative transfer sub-
problems with purely absorbing boundaries ( ). The first one is formulated for a 
vegetation canopy illuminated from above by the incident radiation and bounded from below by 
an absorbing surface. We term this sub-problem a “black soil problem.” The second sub-
problem, called “S problem,” describes the radiative transfer in the same vegetation canopy 
which is illuminated from the bottom by anisotropic sources and bounded from above by a non-
reflecting surface. Such a decomposition underlies the retrieval technique for operational 
producing global leaf area index from data provided by two instruments, the moderate resolution 
imaging spectroradiometer (MODIS) and multiangle imaging spectroradiometer (MISR), during 
the Earth Observing System (EOS) Terra mission ([Knyazikhin et al., 1998a,b], [Myneni et al., 
2002]). The Green’s function formalism described in Section 6 of Chapter 2 and operator 
notations introduced in Section 7 of Chapter 2 are required to follow this section. 
 
Black Soil Problem. Consider the boundary value problem for the 3D radiative transfer equation 
in vegetation canopy   with the boundary scattering operator and 
source qB introduced in the previous section. We neglect lateral effects by assuming the zero 
boundary condition for the lateral surface . We represent a solution of the boundary value 
problem as the sum of two components, . The first term describes 
intensity of radiation in the vegetation canopy bounded from below by a non-reflecting surface 
and satisfies  
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  (14a) 
 
This is our first basic problem – the black soil problem.  
 
Canopy-Surface Interaction. The function Irest satisfies the radiative transfer equation 
 
   
 
and the boundary conditions expressed as 
 
   
   
  (14b) 
 
This boundary value problem describes radiation field due to the interaction between the 
underlying surface and the vegetation canopy. Unlike the black soil problem,  depends on the 
solution of the “complete transport problem,” i.e., . And, therefore, requires further 
transformations to decompose it sub-problems with .  
 
The lower boundary conditions can be rewritten as 
 

 . (15) 

 
Here T is downward radiation flux density at the canopy bottom, i.e.,  
 
 ,    (16) 

 
Note that the ratio  is a factor of  smaller than ground HDRF. A cosine-weighted 
integral of the ratio is the ground BHR  
 

  (17) 

 
Here  is the BRF of the canopy ground (see Eq. (12)). It is clear that the ground BHR depends 
on ground reflective properties, vegetation canopy and radiation incident on the canopy upper 
boundary. For horizontally inhomogeneous vegetation canopies, the downward radiation flux T 
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can vary significantly. However, it does not necessarily involve large variation in the BHR. As it 
follows from Eq. (17), its range of variation is given by  
 
   

   

  (18) 

 
If 
 
   

 
is independent on , the ground BHR becomes independent from  and the ground BHR 
coincides with the ground DHR. Here we neglect the dependence of the ground BHR on the 
intensity of downward radiation at the canopy bottom within range given by the inequality, Eq. 
(18).  
 
An effective ground anisotropy is another parameter used to characterize the canopy–ground 
interaction. This parameter, , is defined as  
 

  (19) 

 
Its cosine-weighted integral over downward directions is unity. In terms of these notations, the 
lower boundary conditions, Eq. (15), can be rewritten as  
 
 . (20) 
 
We neglect variations in rb and db due to variation in . However, the downward radiation flux 
density  is sensitive to both ground reflectance properties and radiation regime within the 
vegetation canopy. This variable must be carefully specified.  
 
We use Eq. (28) of Chapter 2 to express  in terms of the Green’s function, namely,  
 
  (21) 
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  (22a) 

 
where  
 
  (22b) 

 
is the intensity of radiation field at r generated by a point anisotropic source  
located at . Substituting Eq. (22) into Eq. (16) one obtains an integral equation for T 
 
  (23) 

 
Here  is the downward radiation flux density at the lower boundary for the case of a black 
surface underneath the vegetation canopy, i.e.,  
 
  (24) 

 
The kernel  is the downward radiation flux density at  due to the point anisotropic source 

,  
 
  (25) 

 
Note that  
 
  (26) 

 
is the intensity of radiation field in vegetation canopy generated by the isotropic homogeneous 
sources db located at the canopy bottom. It satisfies the equation  and boundary 
condition    This is our second “basic problem” – 
the “S problem.” It follows from this property that 
 
  (27) 

 
Thus integration of  over the lower boundary results in downward flux at  which 
accounts for contribution from all anisotropic sources at the canopy bottom.  
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Equations (22) and (23) are basic equations which describe canopy-ground interaction. They are 
parameterized in terms of ground reflectance properties (the ground BHR and effective ground 
anisotropy) which are independent on the vegetation canopy; the radiation field in the vegetation 
canopy bounded at the bottom by a black surface (black soil problem) and radiation field in the 
vegetation canopy generated by anisotropic heterogeneous source db located at the surface 
underneath the canopy (S problem). 
 
Decomposition Equations. Given  one can resolve the integral equation (23) and 
substitute it into Eq. (21). As a results one obtains a solution to the three-dimensional radiative 
transfer problem with the reflecting lower boundary . The integral equation (23) allows for 
an analytical solution in the case of a horizontally homogeneous vegetation canopy bounded 
from below by a homogeneous Lambertian surface (i.e., the ground BRF is constant with respect 
to angular variable and points on the canopy bottom). The radiation fluxes T,  become 
independent of horizontal coordinates x and y. The ground BHR is independent of on the 
intensity of downward radiation at the canopy bottom and coincides with the ground BRF, i.e., 

. The effective ground anisotropy is also independent on  and equal to . 
The solution of Eq. (23) is then  
 

  (28) 

 
where  
 
   

 
is the downward flux density at  generated by isotropic sources  distributed over the 
lower boundary and is given by Eq. (27). This variable is independent of points on the canopy 
bottom and varies between 0 and 1. Substituting Eq. (26) into Eq. (22) and accounting for Eq. 
(28) one gets the following decomposition of the boundary value problem into solutions of the 
black soil and S problems 
 

 . (29) 

 
In the case of horizontally inhomogeneous medium, however, Eq. (23) needs to be solved in 
order to decompose the solution of the boundary value problem. The following approximation to 

 can be performed. Consider the ratio 
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 , (30) 

 
which is the BHR calculated for the vegetation canopy illuminated by anisotropic sources 

 from below. We term the ratio, Eq. (30) a “bottom-of-canopy 
reflectance”. For horizontally inhomogeneous vegetation canopies, the downward radiation flux 
T can vary significantly. However, it does not necessarily involve large variation in RS. A 
theoretical explanation of this result can be found in the linear operator analysis [Krein, 1967] 
and, specifically, in its applications to radiative transfer theory ([Knyazikhin, 1991]; [Kaufmann 
et al., 2000]; [Zhang et al., 2002]; [Lyapustin and Knyazikhin, 2002]). One of the theorems of 
the operator theory states that for a continuous positive linear operator B, minimum, , and 
maximum, , values of the function  converge to the maximum eigenvalue, , 
of the operator B from below and above for any arbitrarily chosen positive function u, i.e., 

 and  − tends to zero as n tends to infinity. For example, for the problem 
of atmospheric radiative transfer over common land–surface types, including vegetation, soil 
sand, and snow, the proximity of  and  to a high accuracy holds at  [Lyapustin and 
Knyazikhin, 2002]. Here the numerator in Eq. (30) can be treated as a positive integral operator 
B with a kernel . For n=1, the ratio (30) varies within an interval [ , ] around the 
maximum eigenvalue which is independent of . We will demonstrate the eigenvalue 
technique with an example for canopy spectral response to the incident radiation in next section. 
Here we assume that an acceptable accuracy takes place at n=1 and we replace  with the 
maximum eigenvalue  of an integral operator with the kernel . 
 
Equation (23) can be rewritten as  
 
  (31) 
 
Solving this equation for T and substituting it into Eq. (21) one gets 
 

  (32) 

 
where  is given by Eq. (22b). Further simplification can be done by either replacing 

 or the ratio in the integral term of Eq. (32) with a mean value over the canopy 
bottom. In the former case we have 
 

 . (33) 
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where  is the solution of the S problem and given by Eq. (26);  and  are mean values of 
the ground BHR and downward flux density for the black soil problem over the lower boundary 

, respectively. Thus we have parameterized the solution of the transport problem in terms of 
the ground BHR and solutions of the “black-soil problem,” , and “S problem,” . The 
solution of the “black-soil problem” depends on Sun-view geometry, canopy architecture, and 
spectral properties of the leaves. The "S problem" depends on spectral properties of the leaves 
and canopy structure only. Substituting Eq. (33) into definitions of the surface HDRF, BHR, 
BRF, BRDF, and DHR, one obtains the following decompositions of these reflectance quantities 
 

 , (34) 

 

 . (35) 

 
Here  and  are HDRF and BHR calculated for a vegetation canopy bounded from below 
by a black surface;  is the canopy transmittance defined as the ratio of the mean downward 
flux at the canopy lower boundary to mean incident irradiance  where the 
angle brackets denotes the mean over the upper (subscript “t”) or lower boundary (subscript “b”) 
of the parallelepiperd V. If the ratio  of the mono-directional to the total incident radiation 
flux is unity, the HDRF and BHR become BRF and DHR, respectively. The transmittance 
quantity  is the ratio of the mean radiance, , leaving the top of the vegetation 
canopy to mean radiance reflected from an ideal Lambertian surface into the same beam 
geometry and illuminated by anisotropic sources located at the canopy bottom, i.e., 
 

 . (36) 

 
Finally,  is the transmittance of the vegetation canopy illuminated from below by anisotropic 
sources, i.e., the ratio of the mean irradiance exitance to the mean irradiance of the radiation 
incident on the canopy from below,  
 

  (37) 

 
Thus, the three-dimensional radiation field can be expressed in terms of ground reflectance 
properties which are independent on the medium; the radiation field in the medium bounded at 
the bottom by a black surface (black soil problem); and the radiation field in the medium 
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generated by anisotropic heterogeneous sources located at the surface underneath the medium (S 
problem). Solutions to the black soil and S problems are surface independent parameters since no 
multiple interaction of radiation between the medium and underlying surface is possible and, 
therefore, have intrinsic canopy information. This decomposition of underlay the retrieval 
technique for operational producing global leaf area index from data provided by the MODIS 
and MISR instruments.  
 
 
Problem Sets 
 
• Problem 1. Show that HDRF=BRF=BHR=DHR for Lambertian surfaces. 
• Problem 2. Show the validity of Eq. (5). 
• Problem 3. Derive the BRF and DHR for a mirror. 
• Problem 4. Let a vegetation canopy located in the parallelepiped V is isotropically 

illuminated from above and bounded from below and lateral sides by a black surface, i.e., 
 if  and , otherwise. Prove that the BHR is less than 1. 

Use Theorem I.1. 
• Problem 5. Prove that the BHR is an increasing function with respect to single scattering 

albedo. Do not use the assumptions of the Problem 4. Use Theorem I.1.  
• Problem 6. Derive Eq. (11). Explain why Eq. (11) is not used in remote sensing of 

vegetation.  
• Problem 7. Show that  for the boundary conditions (Eqs (7), (10) and (13)) is given by 

   

This is albedo of the surface underneath the canopy.  
• Problem 8. Show that . 
• Problem 9. Demonstrate the validity of Eq. (19). 
• Problem 10. Find the effective ground reflectance for the case of Lambertian surface 

underneath the canopy.  
• Problem 11. Show that  
   

• Problem 12. Find the effective ground anisotropy for the case of Lambertian surface 
underneath the canopy.  

• Problem 13. Show that the function  
   

is the intensity of radiation field in vegetation canopy generated by the anisotropic 
heterogeneous source db located at the canopy bottom. It follows from this property that  
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• Problem 14. Show that for a horizontally homogeneous vegetation canopy bounded from 
below by a homogeneous Lambertian surface the downward flux density,  

   

does not depend on rb and varies between 0 and 1. 
• Problem 15. Show that for a horizontally homogeneous vegetation canopy bounded from 

below by a homogeneous Lambertian surface Eq. (26) does not depend on horizontal 
variables x and y.  
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1. Transport Problem for Vegetation Canopies in One Spatial Dimension 
 
We consider the one-dimensional radiative transfer equation for a leaf canopy confined between 
depths z = 0 at the top and z =  at the bottom, that is the vertical ordinate is directed 
downwards. All directions are measured with respect to –z axis such that  for upward 
traveling directions. The canopy is assumed bounded at the bottom by a reflecting and absorbing 
ground and illuminated at the top by a mono-directional beam source (direct solar radiation) of 
intensity  along  and a diffuse source (skylight) of intensity , at wavelength . The 
appropriate transfer equation is 
 
  (1) 

 
and the boundary conditions are 
 
     (2a) 

     (2b) 

 
In the above,  is the wavelength-independent total interaction cross section or the extinction 
coefficient,  is the wavelength-dependent differential scattering cross section and is the 
wavelength-dependent bi-directional reflectance function of the ground, or understory, beneath 
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the vegetation canopy. The specific intensity I is thus wavelength dependent. However, for ease 
of expression, this dependence will be not explicitly shown for the reminder of this chapter. It is 
convenient to express the incident field as (cf. Chapter 4) 
 

   

   
 
where  is the fraction of total incident flux density at the top of the canopy, , is the 
total irradiance of the incident solar radiation at the top of canopy and is the anisotropy of the 
diffuse source.  
 
If the leaf normal orientation distribution function is assumed independent of depth z in the 
canopy, the two cross sections in Eq. (1) can be written as (cf. Chapter 3) 
 
  (3a) 

  (3b) 

 
where is the leaf area density distribution, G is the geometry factor 
 
   

 
and  is the area scattering phase function 
 
   

 
with being the leaf scattering phase function. The vertical coordinate z can be changed to 
cumulative leaf area index L by dividing Eq. (1) with . The vegetation canopy is now 
contained between L = 0 at the top and L =  at the bottom, where  is the leaf area index of 
the canopy. The transport problem in one spatial dimension for a vegetation canopy illuminated 
at the top with unit flux density and isotropic skylight is thus,  
 
  (4a) 

     (4b) 

 ,    (4c) 
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2. Separation of Uncollided and Collided Intensities 
 
It is convenient for numerical purposes and also to gain insight on the transport physics to 
separate the uncollided radiation field from the collided field, that is, 
 
  (5) 
 
where  is the specific intensity of uncollided photons and is the specific intensity of photons 
which experienced collisions with elements of the host medium. By introducing Eq. (5) in Eq. 
(4), the transport problem can be split into equations for the uncollided intensity, 
 
 , (6a) 

 ,    (6b) 

 ,    (6c) 

 
and collided intensity, 
 

  (7a) 

     (7b) 

 ,    (7c) 

 
In the above, Q is the first collision source 
 

  (8a) 

 
and S is the distributed source 
 

 . (8b) 

 
 
3. Uncollided Problem 
 
The solution to the uncollided problem [Eq. (6)] is, 
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     (9b) 
 
where  
 

  (9c) 

 
denotes the probability of photons not experiencing collisions while traveling along  between 
depth L1 and L2 (L2>L1). The downward uncollided intensity at the top of the canopy 

 in Eq. (9a) is given by the boundary condition, Eq. (6b). The upward intensity at 
the ground  in Eq. (9b) can be evaluated as [cf. Eq. (6c)] 
 
 ,    (10) 

 
If the ground reflectance is wavelength-independent, then the normalized uncollided radiation 
field is also wavelength-independent because the extinction coefficient is wavelength 
independent in vegetation canopies. 
 
 
4. First Collision Problem 
 
The collided problem specified by Eq. (7) is difficult to solve because of the distributed source 
term [Eq. (8b)]. Analytical solutions are possible only in the case of simple scattering kernels. As 
noted previously, the scattering phase function  is generally not rotationally-invariant, and this 
precludes the use of many standard techniques developed in transport theory. If scattering in the 
medium is weak, a single-scattering approximation may suffice. The corresponding transport 
problem 
 
 , (11a) 

 , (11b) 

 ,    (11c) 

 
can be solved for the single-scattered intensity, , that is, radiation intensity of photons scattered 
once, with just the first collision source term, 
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     (12b) 

 
where  is given by Eq. (10).  
 
 
5. Successive Orders of Scattering Approximation 
 
The specific intensity of photons that experienced two collisions in the medium  can be solved 
with knowledge of first scattered intensity  as follows, 
 

    , (13a) 

     (13b) 

 
where the distributed source term evaluated with first scattered intensity is  
 

 . (14) 

 
The foregoing may be generalized for n-th order of scattering as 
 

    , (15a) 

     (15b) 

 
The total intensity  and sources S can be evaluated as 
 

  (16a) 

 . (16b) 

 
In practice, the summation in Eq. (16) is limited to N-orders of scattering. Figure 1 shows 
convergence of  
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at the top L=0, and the bottom, , of the canopy. One can see that  follows a straight 
line if n exceeds a certain number, indicating that . Absolute value of the slope  is the 
value of the convergence which depends on the re-collision probability, p, single scattering 
albedo,  and the maximum boundary reflectance, . For the black soil problem (cf. 
Chapter 4), . Thus the number of iterations needed to achieve a desired accuracy  is 
inversely proportional to the rate of convergence, i.e. , and depends on canopy 
structure (p), leaf optics ( )and boundary reflective properties ( ). In general,  is an 
increasing function of these variables and thus the higher p, , and  are, the slower 
convergence is [Knjazikhin, 1990]. This method has been applied to model vegetation reflection 
by Myneni et al. [1987]. 

 
 
6. Gauss-Seidel Iteration Procedure for the Collided Problem 
 
Consider the collided problem specified by Eq. (7). Discretize the angular variable  into a 
finite number of directions, , j = 1, 2, …, M, with the weights denoted by . Similarly, 
discretize the spatial variable L, that is, divide LH into N layers, each of thickness . We use 
the notation Li and Li+1 to denote successive layers. The collided radiation at Li+2 and Li in 
downward directions can be written as 
 

     IC(Li+2,Ωj) = IC(Li,Ωj)*P(Ωj,2ΔL) + 1/|µj| * ʃLi
Li+2 dL’ J(L’,Ωj)P[Ωj,(Li+2-L’)],   u < 0 , (17) 

 
 
where J = Q + S is the source term, that is, the sum of first collision and distributed sources. If 

 is small, then the following approximation is valid 
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  (18) 

 
where the source in the intervening layer is evaluated as 
 

 . (19) 

 
A similar approximation and equation can be derived for upward directions (u > 0). 

 

Figure 2. Convergence of multiple scattering 
sources (S) at the top of the canopy (a) and at the 
bottom of the canopy (b) during the iteration 
process. The total Leaf Area Index (LAI) of the 
canopy is 5. The canopy is illuminated by 
diffuse radiation and by direct solar radiation 
along the direction (θ=150o, φ=0o). Direct 
radiation accounts for 70% of the total incoming 
flux (Fdir=0.7). The leaf normal distribution of 
the canopy is planophile (mostly horizontal 
leaves). At NIR wavelengths, leaf reflectance 
(ρnir) is 0.475, leaf transmittance (τnir) is 0.45, 
and soil reflectance (ρsoil) is 0.2. 

 
The resulting system of linear algebraic equations can be solved iteratively for the unknowns 

, i = 1, 2,…, N, j = 1, 2,…, M, using the Gauss-Seidel iteration procedure. The 
downward and upward intensities are computed from layer to layer for every iteration step. For 
instance, in the n-th iteration, the values of the downward intensities in layer i+2 are computed 
from the downward intensities of layer i and i+1 of the same iteration step and from the upward 
intensities of layer i+1 of the previous iteration step n-1. The convergence of the source with 
iteration count is shown in Fig. 2. 
 
The advantages of this method are that the internal radiation field is readily available without 
additional labor and it is possible to account for vertical in-homogeneities in canopy structure 
and optics. The main limitation is that the iteration becomes tedious in optically deep canopies at 
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strongly scattering wavelengths. This method has been used to model vegetation reflectance by 
Knyazikhin and Marshak [1991], and Liang and Strahler [1993]. 
 
7. Discrete Ordinates Method for the Collided Problem 
 
We now consider numerical solution of the transport problem for the collided intensity in one 
spatial dimension using the discrete ordinates method as developed in neutron transport theory. 
In this method, photons are restricted to travel in a finite number of discrete directions, usually 
the quadrature directions, such that the angular integrals are evaluated with high precision. The 
spatial derivatives may be approximated by a finite difference scheme, to result in a set of 
equations which can be used to solve for the collided radiation field by iterating on the 
distributed source. This method has been used by Shultis and Myneni [1988] to model the 
radiation regime in vegetation canopies. 
 
We consider the transport problem for the collided intensity [Eq. (7)]. The angular dependence of 
the transport equation is approximated by discretizing the angular variables µ and  into a set of 
[N x M] discrete directions. The source terms are evaluated by numerical quadrature where 
[ ] are the quadrature ordinates and the set of corresponding weights are [ ]. The 
transport equation for the collided intensity [Eq. (7)] can be written as 
 
  (20) 

 
where the first collision and distributed sources are: 
 

  (21a) 

  (21b) 

 
The vegetation canopy contained between  and  is divided into K layers of equal 
thickness . The spatial derivative in Eq. (20) is approximated as 
 

  (22) 

 
where k+0.5 is the center of the layer between the edges k and k+1. The discretized version of 
transport equation thus reads as  
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  (23) 
 
with k = 1, 2, , K, i = 1, 2, , N and j = 1, 2, , M. To reduce the number of unknowns, a 
relation between cell-edge and cell-center collided intensities is required. Typically the following 
is used, 
 
 ,   , (24a) 
 ,    (24b) 
 
and if , the cell-center intensity is the arithmetic average of the cell-edge intensities. 
 
Equation (23) can be solved for  in terms of  in view of Eqs.(24) as 
 
 ,   , (25) 
 
and for  in terms of  as 
 
 ,   . (26) 
 
In the above, 

 , (27a) 

 , (27b) 

 , (27c) 

 , (27d) 

 , (27e) 

  (27f) 
 
These equations are of the standard form except for the angular dependence of the coefficients ai,j 
through di,j because of the geometry factor G. The set of Eqs. (25) and (26) can be used to solve 
for collided intensity as follows. While sweeping downwards in the phase space, Eq. (25) is used 
to step successively down in the mesh. At the bottom, the boundary condition is handled as 
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Note that i = (N/2)+1,…, N in the above. Now, Eq. (26) is used to sweep through the grid in 
upward directions. The distributed source is upgraded [Eq. (21b)] using the relations between 
cell-edge and cell-center intensities [Eqs. (24)]. This procedure is repeated until the cell-edge 
intensities in successive iterations do not differ by more than a preset threshold value – the 
convergence of the source with iteration is shown in Fig. 3.  

 

Figure 3. Convergence of multiple scattering 
sources (S) at the top of the canopy (a) and at the 
bottom of the canopy (b) during the iteration 
process. The total Leaf Area Index (LAI) of the 
canopy is 5. The canopy is illu-minated by 
diffuse radiation, and by direct solar radia-tion 
along the direction (θ=150o, φ=0 o). Direct radia-
tion accounts for 70% of the total incoming flux 
(fdir=0.7). The leaf normal distribution of the 
canopy is planophile (mostly horizontal leaves). 
At NIR wavelengths, leaf reflectance (ρnir) is 
0.475, leaf trans-mittance (τnir) is 0.45, and soil 
reflectance (ρsoil) is 0.2. 

 
Numerical results illustrating how vegetation canopy reflectance (and transmittance) changes 
with respect to leaf area index and sun-view inclination angles are shown in Fig. 4. 
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Bi-Hemispherical Reflectance (BHR) at red 
wavelengths (~ 0.7µm) as a function of canopy 
green leaf area index (LAI). Ground reflectance 
(ρsoil) for the two different soil types is (a) 0.125 
(typical soil reflectance); and (b) 0 (black soil). 
The other problem parameters are as in the 
standard problem described in the figure caption. 

 

Bi-Hemispherical Reflectance (BHR) at NIR 
wavelengths (~0.9µm) as a function of canopy 
green leaf area index (LAI). Ground reflectance 
(ρsoil) for the two different soil types is: (a) 0.2 
(typical soil reflectance); and (b) 0 (black soil). 
The other problem parameters are as in the 
standard problem described in the figure caption. 

 

Bi-Hemispherical Transmittance (BHT) at red 
(~0.7µm) and NIR (~0.9µm) wavelengths as a 
function of canopy green leaf area index (LAI). 
The other problem parameters are as in the 
standard problem described in the figure caption. 
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Hemispherical Directional Reflectance Factor 
(HDRF) in the solar principal plane. For back 
scattering, φview= φ0 + , and for forward 
scattering, φview= φ0. The total Leaf Area Index 
(LAI) of the canopy is 3.0, and the soil reflectance 
is 0.2. Optical parameters of the canopy for the 
two lines are: (a) leaf reflectance is 0.7, and leaf 
transmittance is 0.225; (b) leaf reflectance is 
0.225, and leaf transmittance is 0.7. The other 
problem parameters are as in the standard problem 
described in the figure caption. 

 

Bi-Hemispherical Reflectance (BHR) at NIR (right 
axis) and RED (left axis) wavelengths  as a 
function of solar zenith angle. The total Leaf Area 
Index (LAI) of the canopy is 3.0. The other 
problem parameters are as in the standard problem 
described in the figure caption. 

Figure 4. The illumination conditions for these cases are as follows – the canopy is illuminated by diffuse 
solar radiation and direct solar radiation along the direction (θ=150o, φ=0 o). Direct solar radiation 
accounts for 70% of the total incoming flux (Fdir=0.7). The leaf normal distribution is planophile (mostly 
horizontal leaves). At NIR wavelengths (a), leaf reflectance (ρnir) is 0.475 and leaf transmittance (τnir) is 
0.45. At red wavelengths (b), (ρred) is 0.075, and (τred) is 0.035. 
 
 
8. Two-Stream Approximations 
 
In cases where the angular distribution of the radiation field is of less interest, the transport 
equation can be angle-integrated to derive the appropriate equations for radiation fluxes. One 
example is the case where one is interested in the evaluation of hemispherical reflectances, BHR 
or DHR. The resulting differential equations can be solved analytically in some cases. Methods 
based on flux approximations have been widely used to model vegetation canopy radiation 
regime because of their simplicity and the possibility of analytical solutions, ([Allen and 
Richardson, 1968]; [Suits, 1972]; [Dickinson, 1983]; [Verhoef, 1984]; [Sellers, 1985]; amongst 
others). 
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Consider the transport problem stated by Eq. (1) and (2). The downward flux density Fd is 
defined as 
 
 .  

 
Integrating Eq. (1) over all downward directions, but with change of vertical coordinate z to 
cumulative leaf area index L, 
 

   

   

 , (29) 

 
and simplifying results in a differential equation for the downward flux density 
 
  (30) 

 
Similarly, a differential equation for the upwards flux density can be derived 
 
  (31) 

 
The initial values for Eqs. (30) and (31) are 
 
  (32) 

  (33) 
 
where rs is the hemispherical reflectance of the ground underneath the canopy. While these initial 
value problems seem simple enough, it is not easy to rigorously derive expressions for the 
coefficients K in the general case of distributed leaf normals and anisotropic scattering kernels. 
However, approximate expressions generally surface in many practical instances.  
 
We consider the simple case of a horizontally homogeneous leaf canopy consisting of horizontal 
leaves. The geometry factor  and the area scattering phase function is simply 
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Specular reflection from leaf surfaces is ignored in this formulation. In the above  and  are 
the leaf hemispherical reflectance and transmittance. The coefficients for this canopy 
are, , , , ,  and .The differential equations (30) and 
(31) can be rewritten as 
 
  (34a) 

 . (34b) 

 
That is, the changes in the downward flux density are given by the sum of backscattered upward 
flux density (the gain term) and the fraction of downward flux density that is not forward 
scattered (the loss term). Similarly, the changes in the upward flux density are given by the sum 
of backscattered downward flux density (the gain term) and the fraction of upward flux density 
that is not forward scattered (the loss term). The transport equations can be solved with the initial 
values [Eqs. (32) and (33)] to obtain downward and upward radiation flux density in the 
medium. 
 
If the leaves are spherically distributed, the geometry factor  and the area scattering 
phase function is given by 
 

 ,  

 
where , again on the assumption of negligible specular reflection from leaf 
surfaces. Analytical expressions for the coefficients K and solution of the corresponding 
transport equations for downward and upwards fluxes are straightforward, although tedious. 
 
 
9. The Hot-Spot Effect 
 
The hot spot results from considerations of the relative sizes of scatterers in the canopy (leaves, 
branches, twigs, etc.) in relation to the wavelength of the radiation. Shadowing is ubiquitous and 
mutual shadowing of scatterers is predominant. The reflected radiation field tends to peak about 
the retro-illumination direction under such cases - this is termed the hot spot effect in vegetation 
remote sensing (Fig. 5). The shape and magnitude of the hot spot depends on the structure of the 
medium and is especially pronounced at shorter wavelengths where scattering is weak because 
the shadows are darker. The hot spot phenomenon is observational evidence of the limitations of 
theoretical developments that ignore scatterer size and resulting directional correlations in the 
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interaction cross sections. Inclusion of such considerations in the transport equation is feasible 
but complicated [Myneni et al., 1991]. Here we present a simple methodology for inclusion of 
the hot spot phenomenon in the transport equation. A model of the hot spot effect in the limit of 
single scattering can be found in Kuusk [1985]. 
 
The hot spot effect can be included in the transport equation through the use of a modified total 
interaction cross section  (cf. Marshak [1989]), 
 

  (35) 

 
where  is a parameter related to the ratio of vegetation height to characteristic leaf dimension. 
Its values were estimated to be between 1 and 8 from experimental data. The distance D is given 
by  
 

 .  

 
This particular model for the modified total interaction cross section has two desirable features, 
namely, that for ,  vanishes to result in the hot spot, and for large scattering angles, it 
approaches the standard cross section . Note that  is always positive. 
 

 

Figure 5. The hot spot effect of a vegeta-
tion canopy. 

 
Consider the one-dimensional leaf canopy transport problem. Let the total radiation intensity be 
represented as I = I0+I1+Im, that is, as the sum of uncollided, first collision and multiple collision 
intensities. Further, assume for ease of presentation that the incident diffuse skylight Id=0, that is, 
fdir=1. The transport problems for I0 and I1, specified by Eqs. (6) and (11), are modified using  
instead of , or equivalently, instead of  instead of G [cf. Eq. (3a)]. The solutions for the 
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downward intensities I0 and I1 given by Eqs. (9a) and (12a) remain unchanged since = G for 
. The upward uncollided and first collided radiation intensities are, however, 

modified because of the modified cross section. They read 
 
     (36a) 

     (36b) 

 
where  
 

  (37) 

 
denotes the probability of photons not experiencing collisions while traveling along   from 
the top of the canopy (L = 0) to depth L2 and along  from L2 and L1 (L2 > L1). This is the 
required bi-directional gap probability for implementing the hot spot effect. 
 
The multiple collision transport problem is similar to the collided intensity transport problem 
specified by Eqs. (7) except that the first collision source Q in Eq. (7a) is replaced by the second 
collision source, 
 
 .  

 
The above formulation allows simulation of the hot spot effect with transport equations. This is 
accomplished in an ad hoc manner by utilizing a modified interaction cross section for the 
uncollided and first collided intensities arising from incident solar radiation and using the 
standard cross section for multiply collided transport problem. The uncollided and collided 
intensities due to incident diffuse skylight can also be solved the standard way utilizing the 
unmodified cross section. 
 
While the above formalism allows inclusion of the hot spot effect, it does result in a system that 
violates the energy conservation principle, because the transport problem for the collided 
intensity is, strictly speaking,  
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This is equivalent to a transport equation for the total intensity I [Eqs. (1)] with an additional 
fictitious internal source, , which results in violation of the energy 
conservation principle. This has implications for the inverse problems where this principle is 
used as a constraint. 
 
 
10. Discrete Ordinates Method in Three Spatial Dimensions 
 
We consider a spatially heterogeneous leaf canopy contained between 0 < z < Zs, 0 < x < , 0 < 
y < Ys, where Xs, Ys, and Zs denote the dimensions of the stand. The canopy is assumed 
homogeneously illuminated on the top and lateral faces by a mono-directional beam source 
(direct solar radiation) of intensity  along  and a diffuse source (skylight) of intensity . 
The ground below the canopy is assumed to reflect and absorb the radiation field non-
homogeneously. The radiation intensity in the governing transport equation, 
 
 ,  

 
is separated into uncollided ( ) and collided ( ) fields. In the above, , and   
and  are the direction cosines with respect to the z, y and x dimensions.  

The uncollided problem is given by the transport equation 
 
  (38a) 

 
and the boundary conditions 
 
     (38b) 
     (38c) 
     (38d) 
     (38e) 
     (38f) 

 ,    (38g) 

 
In the above, is the wavelength-dependent bi-directional reflectance function of the ground 
below the canopy. The solution to the uncollided problem is 
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     (39b) 
 
where is a point on the top or the lateral faces of the canopy and is a point on the ground 
below the canopy. The quantity  
 

  (40) 

 
denotes the probability of photons not experiencing collisions while traveling along  between 
the points  and . 
 
The collided problem is given by the transport equation 
 
  (41a) 

 
where the distributed source S and first collision source Q are  
 
   

   

 
The boundary conditions for the collided intensity are, 
 
     (41b) 
     (41c) 
     (41d) 
     (41e) 
     (41f) 

 ,    (41g) 

 
Thus, the medium is considered non-re-entrant from the top and lateral faces as far as the 
collided radiation intensity is considered. 
 
The vegetation canopy is divided into cells bounded by …,  (of 
width ), …,  (of width ), and …,  (of width ). The cross 
sections  and are assumed to be piece-wise constant and can take new values only at the 
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cell-boundaries. Within the cell volume , bounded by , 
 and , the cross sections are denoted as  and . 

 
Introducing the first-order finite-difference approximation for the spatial derivatives in the angle-
discretized transport equation for the collided intensity and integrating over the cell volume, 
yields 
 
   

   

   

   

  (42) 

 
where J is the total source (S+Q) and, denotes integration from  to , and so on. 
The subscript n denotes the discrete direction of photon travel. Dividing Eq. (42) by the cell 
volume results in 
 

   

  (43) 

 
In the above, the average radiation intensities over the cell surfaces are 
 
  (44a) 

  (44b) 

  (44c) 

 
Similarly, the averages over the cell volume of the specific intensity and the total source are 
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  (45b) 

 
Equation (43) is exact but not closed. To solve for the cell-center angular intensities  and the 
flows across the three surfaces through which photons can leave the cell volume, three additional 
relations are required (note that the flows across the three surfaces through which photons enter 
the cell are known either from the boundary conditions or from previous calculations). The 
following simple relations can be used for this purpose 
 
  (46a) 
  (46b) 
  (46c) 
 
These relations are simple but can lead to negative intensities, in which case remedies must be 
implemented in the algorithm. The simplest solution is set the offending intensity to zero and 
proceed with the calculation. 
 
In this manner, the angular and spatial dependence of the transport equation is discretized while 
insuring that the condition of positivity, symmetry and balance are satisfied. In each octant, the 
incoming and outgoing flows are identified depending on the sign of the direction cosines in 
order not to violate the principle of directional evaluation, that is, sweeping in the phase-space 
along the direction of photon flow only. Using Eqs. (46), the exiting flows can be eliminated to 
solve for the cell center intensity. A generic equation for the cell center intensity can be written 
as 

  (47) 

 
The three flows in the numerator represent the incoming flows across the three faces of the cell 
and are specific to an octant. The cell center intensity evaluated with Eq. (47) is then used in the 
relations given in Eqs. (46) to evaluate the three outgoing flows. For example, in octant 1, , 

and are positive. The three incoming flows are  and . The 
outgoing flows to be evaluated are  and . This phase-space 
sweeping along the direction of photon travel is embedded in an iteration on the distributed 
source with appropriate convergence criteria built in. Details on the implementation and 
acceleration techniques for the iterative procedure can be found in Myneni et al. [1990]. 
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Problem Sets 
 
• Problem 1. Derive the one-angle form of the vegetation transport problem. 
• Problem 2. Derive the one-angle form of the collided and uncollided transport problems. 
• Problem 3. Derive the analytical solution of the one-angle uncollided transport problem. 
• Problem 4. Solve the two-stream differential equations for upward  and downward  

fluxes in a vegetation canopy of horizontal leaves 

   

   

with the boundary conditions 
   
   
• Problem 5. Show the limiting form of  for the case of a very dense canopy. 
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Chapter 4 Derivations by Shabanov et al. 
 
Problem 1. Derive the one-angle form of the vegetation transport problem. 

 

Solution. The 1D radiative transfer equation for vegetation canopies is  

 

  (1) 

 

The vertical coordinate z can be changed to cumulative leaf area index L by dividing Eq. (1) with 

, the leaf area density distribution ( ), 

 

  (2) 

 

In the following derivations we will assume that the geometry factor and the area scattering 

phase function are independent of the azimuth angle and cumulative leaf area index, namely, 

 

  (3a) 

  (3b) 

 

In this case the 1D transport equation can be reduced to a one angle problem by averaging Eq. 

(2) over azimuth angle, . The derivations for the first and second items on the left hand side 

and the remaining item on the right-hand side of Eq. (2) are shown in Eq. (4a)-(4c) below: 
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  (4c) 

 

In the above we introduced angularly averaged intensity, 

 

   

 

Therefore, the one-angle form of 1D RT equation is 

 

  (5) 

 

The corresponding boundary conditions are  
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 ,    (6b) 
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Problem 2. Derive the one-angle form of the collided and uncollided transport problems. 

 

Solution. The total intensity, I, can be separated into uncollided, , and collided, , 

components, namely,  

 

  (1) 

 

Substituting Eq. (1), into the one angle transport problem (cf. Problem 1, Eqs. (5)-(6)), one can 

split the total problem into the uncollided problem, 

 

  (2a) 

     (2b) 

 ,    (2c) 

 

and the collided problem, 

 

  (3a) 

     (3b) 

 ,    (3c) 

 

 

Problem 3. Derive the analytical solution of the one-angle uncollided transport problem. 

 

Solution. The one-angle transport equation for the uncollided radiation is (cf. Problem 2, Eq. 

(2a))  
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  (1) 

The solution of this equations is 

 

   

 

where coefficient  is determined from boundary conditions (cf. Problem 2, Eq. (2b) for 

 and (2c) for ). 

 

If  (downwelling radiation), 

 

  (2a) 

 

If  (upwelling radiation), 

 

   

   

  (2b) 

 

Note, in the case of dense canopies 
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Problem 4. Solve the two-stream differential equations for upward  and downward  fluxes 

in a vegetation canopy of horizontal leaves 

 

   

   

 

with the boundary conditions 

   

   

 

Solution. The two-stream equations in this problem correspond to a homogeneous system of 

linear differential equations, which can be solved using matrix method. The original system can 

be rewritten in a matrix form as follows 

 

  (1a) 

 

where 

 

        (1b) 

 

If matrix  has n=2 independent eigenvectors  and corresponding to eigenvalues  and 

, then the general solution of Eqs. (1a)-(1b) is 
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  (3a) 

 

The corresponding eigenvectors are 

 

  (3b) 

 

Substituting Eq. (3a)-3(b) into Eq. (2) and taking into account definition in given in Eq. (1b), we 

have 

 

  (4a) 

 

where 

 

    (4b) 

 

Combining Eq. (4a)-(4b) with original boundary conditions, one solves for  and 
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where coefficients, , A, and B are given by Eq. (3a) and (4b). 

 

 

Problem 5. Show the limiting form of  for the case of a very dense canopy. 

 

Solution. Recall (cf. Problem 4), 
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The ESn Quadrature Scheme by Shabanov et al. 
 
 
The accuracy of numerical solution of the transport equation with method of discrete ordinates 

highly depends on selection of quadrature, or method of discretization (cf. Chapter 6). The 

quadratures were developed by Dr. Carlson to optimize discretization of transport equation in 

the angular domain [Bass et al., 1986]. The major advantage of the quadratures is a more 

homogeneous, compared to other quadratures, distribution of nodes over the surface of sphere, 

which allows in some cases to achieve the required accuracy of numerical calculations with less 

number of nodes per octant [Bass et al., 1986]. Below we detail one simple and efficient version, 

called the quadratures. 

 

 

 

Figure 1. The nodes of -quadratures for 

n=8.  

 

 

The construction the quadrature, n=2,4,6…, is illustrated for the first octant , 

. The octant is divided into  parts of equal area,  using 

latitudes, defined as  and longitudes, defined as 

 (Fig. 1). The  layer over  consists of  

parts of equal area . The total area of the  layer is , where  is the layer 

width:  
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 2 

  (1) 

 

The coordinates of the boundary  and center,  of the layer are 

 

 ,  

 . (2) 

 

The nodes of the quadratures are 

 

  (3) 

  (4) 

 

Here m is the sector number in the layer. Parameters f and  are tuning parameters, the 

value of which are selected to achieve exact evaluation of the following integrals: 

 

 ,     

 

Namely, 
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 3 

 

For the quadratures the following equalities are valid: 

 

 .  

 

The quadratures for the remaining 7 octants are derived using symmetry conditions: , 

, . Note, however, the  quadratures do not posses full symmetry 

with respect to rotation about coordinate axis X-Y-Z by 900, as opposed to the general case of  

quadratures. Finally, in the case of plane-parallel and spherical geometries the 1-D  

quadratures can be used, where weights and nodes over interval [0,1] are specified by Eqs (2) 

and (3) only. 

 

 

References 

 

Bass, L., A.M. Voloshenko, A.M., and T.A. Germogenova (1986). Methods of Discrete 

Ordinates in Radiation Transport Problems, Institute of Applied Mathematics, Moscow, 

(in Russian). 

nES

6www
m,

2
m,0

m,

2
m,0

m,

2
m,0

p=µ=h=x ååå
!

!
!

!
!

!

µ-®µ

j-®j j+p®j-p 2/2/ nES

nS

nES



Chapter 5 
_______________________________________ 
 
 

Stochastic Radiative Transfer  
 
 

Shabanov et al. 
 
 

 



1 

Chapter 5 

 

Stochastic Radiative Transfer 
 

 

 

1. Introduction ............................................................................................................................ 1 
2. 3-D RT Model Parameterization ............................................................................................. 3 
3. The Stochastic RT Equations .................................................................................................. 6 
4. Pair-Correlation Function ..................................................................................................... 15 
5. Numerical Scheme of Solution of the Stochastic RT Equations ............................................ 23 
6. Analysis of 3D Radiation Effects .......................................................................................... 26 
7. Model Evaluation with Field Measurements ......................................................................... 35 
8. Summary .............................................................................................................................. 39 
References................................................................................................................................ 40 
 
 

 

1. Introduction 

 

One key problem of modeling photon transport in vegetation canopies is to account for the three-

dimension (3D) canopy structure, which determines the spatial distribution of canopy intercepted 

solar radiation, or 3D radiation effects [Borel, Gerstl & Powers, 1991; Castel et al., 2001; Jupp et 

al., 1988, 1989; Knjazikhin et al., 1998a; Li & Strahler, 1992; Myneni & Williams, 1994; Nilson, 

1991]. If canopy is short and evenly distributed over the surface (i.e. grass) the turbid medium 

approach is sufficient to represent a canopy structure  and the standard 1D Radiative Transfer 

(RT) equation can be used [Myneni et al., 1997, Ross, 1981]. In contrast, other vegetation 

biomes, including needle leaf forests, shrublands and savannah, exhibit significant spatial 

heterogeneity and the full 3D RT modeling is required here [Davis & Knyazikhin, 2005; Myneni, 

1991, Myneni et al., 1997]. However, from practical perspective, the use of the 3D RT equation 

is limited: it requires significant computing resources and, most importantly, numerous input 
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parameters, which are not always available. The approximations are required which are as 

physically realistic as 3D model and as analytically and operationally compact as 1D model. 

 

Nilson [1991], later Li and Strahler [1992] introduced the Geometric-Optical (GO) approach to 

evaluate radiation reflected by heterogeneous forest stands. The approach utilizes the notion of 

Bidirectional Gap Probability (probability to observe radiation reflected by vegetation along the 

direction , if it was illuminated by solar radiation along ) and is based on calculation of 

mutual shadowing by geometrical figures which represent individual trees. The approach 

provides the physical explanation for the hot-spot effect (the peak in reflected radiation in the 

retro-illumination direction, due to absence of shadows in this direction). The approach is valid 

at VIS part of solar spectrum, where one can restrict the study of radiation interaction to that 

scattered once from the boundary. In the NIR (and larger) wavelengths leaf absorptance is weak, 

scattering dominates and GO model is not accurate. In order to enable GO model to describe 

multiple scattering, the original model was enhanced with RT capabilities, resulting in hybrid 

Geometric Optical-Radiative Transfer (GORT) model [Li, Strahler and Woodcock, 1995]. 

However, combination of models, based on different approaches raised a new problem to 

preserve energy conservation law. 

 

The alternative to the GO/GORT approach for heterogeneous canopies is to use RT approach in 

its stochastic formulation. The theory of radiative transfer in stochastic media aims at deriving a 

closed system of equations which contains the ensemble-average radiation intensity directly as 

one of its unknown. Specifically, the ensemble of the 3D random realizations of vegetation 

canopy structure is rendered for a satellite pixel: in each realization, the elementary volume is 

occupied by vegetation element or gap. The average over ensemble radiation field over pixel 

corresponds to the mean radiation intensity, measured by remote sensor. The calculation of the 

average radiation field faces two options. First option is to average canopy physical properties 

over the ensemble of realizations and substitute them in corresponding 1D RT equation. 

However, this option is still equivalent to the turbid medium approach. The second option is to 

average over ensemble the 3D RT equation formulated for particular realization of canopy 

structure over satellite pixel. This second option is called stochastic RT equation. While the 

averaging procedure results in a 1D RT equation, it is not equivalent to turbid medium case. The 

W 0W
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stochastic 1D RT equation incorporates 3D radiation effects through correlation of vegetation 

structure as captured by pair-correlation function. 

 

Radiative transfer in stochastic media has been a highly active research field in recent years 

[Pomraning, 1991, 1995, 1996; Byrne, 2005]. The first significant attempt to apply stochastic 

approach to radiative transfer in vegetation was made by Menzhulin and Anisimoiv [1991]. 

However, the first closed system of stochastic RT equations for mean radiation intensity was 

derived in application to broken clouds by Vainikko [1973a-b] and further developed by Titov 

and others [Titov, 1990; Zuev & Titov, 1996; Kasianov, 2003]. 

 

In this Chapter we develop the stochastic RT (SRT) approach for discontinuous vegetation 

canopy by adopting Vainikko equations for broken clouds [1973a-b]. This Chapter is organized 

as follows. In Section 2 we briefly review 3D RT parameterization.  In Section 3 we detail 

derivation of the SRT equations from 3D RT equation. In Section 4 we develop Boolean model 

of the air-correlation function, key parameter of the SRT, and discuss its basic properties. 

Section 5 presents numerical scheme of solution of SRT. The ability of the SRT model to 

reproduce 3D radiation effects reported in literature is discussed in Section 6. Evaluation of the 

SRT model with field measurements is presented in Section 7. Finally, Section 8 summarizes key 

results. 

 

2. 3-D RT Model Parameterization 

 

Consider a discontinuous vegetation canopy of height H in a coordinate system with vertical axis 

z directed downward (Fig. 1). The spatial structure of such canopy can be characterized by the 

indicator function of canopy,  defined for each elementary volume  at spatial location, , 

as follows: 

 

  (1) 

 

Density of canopy is defined by the Leaf Area Index (LAI) - one-sided green leaf area per unit 

)r(c rd r
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ground area [m2/m2], namely, 

 

  (2) 

 

where  is one-sided foliage area volume density [m2/m3], which is assumed to be constant 

through the space. The integration is performed over a volume of canopy, V, with a footprint, S. 

The integration of the indicator function over area S results in probability of finding vegetation at 

particular height  (cf. Section 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. Schematic plot of discontinuous vegetation canopies (needle leaf forests stand) in a coordinate 

system. The vertical axis, Z, is directed down. Canopy height is H. The angular direction, , is measured 

relative to the upward direction. 
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The interaction of radiation with canopy leaves is characterized by spatially varying extinction 

coefficient  and differential scattering coefficient, , (Chapter 3), 

 

  (3) 

  (4) 

 

where  is the mean projection of leaf normals in the direction  and  is the 

area scattering phase function (Chapter 3). The above parameters depend on the probability 

density of leaf normal orientation, , ( is a leaf normal direction) and the spectral leaf 

albedo,  (  is a wavelength). Given the set of structural and optical parameters, the 

radiation regime in a vegetation canopy is described by the following 3D transport equation for 

radiation intensity, : 

 

  (5) 

 

The unique solution of the Eq. (5) is specified by the following boundary conditions, 

 

  (6) 

 

where the first equation specifies incoming direct, , and diffuse, , radiation at 

the top of canopy, and  denotes the ratio of direct to total incoming solar flux. The second 

equation specifies boundary condition at the canopy bottom, soil surface, which is assumed to be 

a Lambertian surface with hemispherical reflectance, . Note the angular integration 

notations: integration over the total sphere ( ), lower hemisphere ( ), and upper hemisphere 

( ). To simplify numerical solution of the complete RT problem (Eqs. (5) and (6)), two sub-
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problems with simplified boundary conditions are formulated: 1) the BS-problem: the original 

illumination condition at the top of the canopy and the soil reflectance is set to 0; 2) the S-

problem: there is no input energy from above, but isotropic (Lambertian) sources of energy are 

uniformly distributed on the canopy bottom. The solution of the complete problem can be 

approximated by the solutions of the S- and BS- problems as follows, 

 

  (7a) 

  (7b) 

  (7c) 

  (7d) 

 

In the equations above, I, IBS, IS denote radiation intensities, R, RBS, RS are canopy albedos, A, 

ABS, AS are canopy absorptances, T, TBS, TS are canopy transmittances for the complete, BS- and 

S- problems, respectively. The above quantities comply with the energy conservation law, 

 

  (8a) 

  (8b) 

 

where Eq. (8a) refers to the total problem and Eq. (8b) to two sub-problems (k=S or BS). 
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the canopy structure that accounts for both its macroscale (e.g., dimensions of trees and their 

spatial distribution) and microscale (e.g., the clumping of leaves into tree crown) properties. 

 

Given a realization of the canopy structure, , the corresponding realization of the canopy 

radiation field is described by the deterministic 3D transport equation (Eqs. (5)-(6)). The 

averaging of this 3D equation over horizontal plane (cf. next sub-section) results in 1D stochastic 

RT (SRT) equation for mean intensity. The mathematical formulation of the SRT equation 

requires two types of averages: (1) , mean intensity over the portion of the horizontal 

plane at depth z, occupied by vegetation; (2) , mean intensity over the total space of the 

horizontal plane at depth z, 

 

  (9) 

  (10) 

 

In the above, denotes the area of a circle of radius R;  denotes the area of the horizontal 

plane at depth z, occupied by vegetation. Note, that the mathematical expression, infinite limit on 

R, may be approximated in practice by the size of finite satellite pixel. Thus, the average 

intensity, , corresponds to satellite measurements over pixel. 

 

The averaging procedure (cf. next sub-section) results in the parameterization of the resulting 

transfer equation in terms of two stochastic moments of a vegetation structure. The first 

stochastic moment is the probability, p, of finding vegetation at canopy depth z, 

 

 . (11) 

 

The second moment is the pair-correlation function, q, between vegetation at canopy depth z and 

at depth  along the direction , 
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 . (12) 

 

In the above, , , and  are projections of a unit direction vector, , on the x, y, and z 

axes, respectively; argument for denotes a shift of the origin of plane  relative to plane z 

along x and y directions, required to evaluate correlation between the planes in direction  (Fig. 

1). In essence, pair-correlation function can be evaluated by taking cross-sections of canopy at 

depth z and , collapsing cross-sections along direction  and measuring the portion of area 

where both cross-sections indicate vegetation. Using the first and second moments of a 

vegetation structure, the conditional pair-correlation of vegetation structure, K, can be evaluated 

as 

 

 . (13) 

 

Derivation of the Stochastic RT Equations: We follow the procedure of Vainikko [1973a] to 

derive SRT equations. We start by integrating the 3D RT equation (Eq. 5) from the upper (lower) 

boundary to some internal point  along the direction  (cf. Fig. 1). The resulting 

equation is, 

  (14) 
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  (15) 

 

At the next step, Eq. (14) is averaged over the total space of the horizontal plane z. The key 

problem at this step is to evaluate the integral terms, which involve  and 

. Due to presence of the indicator function in the definition of  and  

(cf. Eqs. (3-4)) the above integrals over the total space of the horizontal plane  are reduced to 

the integrals over the portion of the plane , occupied by vegetation, . The integral terms of 

interest can be evaluated by shifting the origin of in the x-y plane by the vector 

 

   

 

followed by integration over vegetation (Eq. (9)): 
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  (17) 

 

In the above,  and  denote mean radiation intensities over whole horizontal plane 

at the canopy boundaries; in the typical case of the uniform boundary conditions they are equal 

to the corresponding 3D values,  and  (cf. Eq. (6)). 

 

According to Eq. (17), , depends on . The equations for  can be derived 

by averaging Eq. (14) over the portion of a horizontal plane, occupied by vegetation. The terms 

under the sign of integral in this case can be evaluated with the above described technique (Eq. 

(16)), taking into account Eqs. (9), (11), and (12), as follows, 
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In the above derivations we assumed that the subset contains the same percentage of 

vegetation as the total set . This assumption is similar to one, introduced by Vainikko [1973a] 

in the derivation of the original version of stochastic equations for atmosphere. This assumption 

is called “local chaotisity and global order” and is required to close system of stochastic 

equations using only first two moments of structure. Given Eqs. (18) and (14), we can formulate 

equation for  as follows, 

 

  (19) 

 

In the above,  and  denote mean radiation intensities over the portion of 

horizontal plane occupied by vegetation at the canopy boundaries; in the typical case of the 

uniform boundary conditions they are equal to corresponding 3D values,  and 

 (cf. Eq. (6)). 

 

Radiation over Gaps: The complementary variable, mean radiation intensity over gaps, , 

is not a part of the closed system of stochastic equations (Eqs. (17) and (19)), but it could be 

useful in applications. It is defined as follows 

 

  (20) 

 

The relationship between ,  and  is as follows  
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  (21) 

 

Separation of Direct and Diffuse Radiation Components: The average intensity over 

vegetation, , can be decomposed into the direct and diffuse components, according to the 

pattern of incoming solar radiation, Eq. (6), namely 

 

  (22) 

 

Substituting this decomposition into Eq. (19) and collecting terms, which contain the Dirac’s 

delta function, , we will get equation for the direct component of , 

 

 , (23) 
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  (24a) 

 

where, 

 

  (24b) 

  (24c) 

  (24d) 

 

The average intensity over total space of a horizontal plane, , can be decomposed 

similarly to , namely 

 

  (25) 

where  and  satisfy 
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  (27) 

 

and, ,  and  are defined by Eq. (24). 

 

Energy Balance: The standard procedure to trace the energy input and output to/from the system 

is to integrate the equation for the mean intensity [Eq. (17)] over canopy space and over all 

directions. The resulting canopy reflectance and transmittance are expressed, similar to 1D case, 

through the mean intensity over total space, , as follows 

 

 ,    (28a) 

 

where R and T correspond to reflectance to reflectance and transmittance of the total problem 

(similar expressions exist for BS and S problem). However, in contrast to canopy reflectance and 

transmittance, canopy absorptance is expressed through mean intensity over vegetation, . 

This can be shown as follows, 
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Hot-Spot Effect: As of time of writing the major shortcoming of SRT approach is that it does 

not describe the hot spot effect, just as standard 1D RT equation. While SRT implements the 3D 

RT effects (cf. Section 5), the reason why it is not describe the hot-spot effect is unknown 

presently. Thus, the standard approach to implement the hot spot is used, that is to modify the 

extinction coefficient, . An important feature of the radiation regime in vegetation canopies 

is the hot-spot effect, which is the peak in reflected radiance distribution along the retro-

illumination direction. The standard theory describes the hot-spot by modifying the extinction 

coefficient  namely [Marshak, 1989], 

 

   

   

  (29) 

 

In the above, k is an empirical parameter, related to the ratio of vegetation height to characteristic 

leaf dimension, estimated to be between 1 and 8 based [Stewart, 1990]. 

 

4. Pair-Correlation Function 

 

Basic Properties of Pair-Correlation Function: In the case of turbid medium three is no 

correlation between phytoelements and conditional pair-correlation function, K, simplifies:  

 

  (30) 

 

In this case Eq. (17) and (19) are identical. Combining this result with Eq. (21) we have 

 

  (31) 
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Thus, the stochastic equations are reduced to 1D RT equation in the case of turbid medium, 

where gaps are mixed with vegetation at the level of elementary volume, resulting in lack of 

distinction between mean intensities over gaps and vegetation. Note that in this case 1D RT 

equation is formulated with the extinction coefficient  and the 

differential scattering coefficient = . Thus, solution to the 

stochastic RT depends on the product  but not on absolute values of and LAI in this 

case. 

 

Note the other special property of the pair-correlation function. In the general case of correlation 

of vegetation structure, the following symmetry property holds true: 

 

  (32) 

 

This property directly follows from the definition of the pair-correlation function, Eq. (12).  

 

Boolean Models of Pair-Correlation Function: We follow the theory of stochastic geometry 

[Stoyan, Kendall and Mecke, 1995] to derive analytical expressions for the pair-correlation 

function in the general case of vegetation structure with correlation. To apply the theory of 

stochastic geometry to our case we need to reformulate stochastic 3D model of canopy structure 

in terms of Boolean 2D model of random sets [Strahler & Jupp, 1990]. 

 

Following the concepts of the theory of stochastic geometry, we model the spatial distribution of 

vegetation species as a stationary Poisson point process: a) total number of trees in the bounded 

study area follows Poisson distribution with intensity (stem density) d; b) spatial distribution of 

trees is random. We further assume that all trees are identical vertical solids (volume obtained by 

rotating a curve, r (z), about the vertical axis z). 
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Figure 2. Reducing formula-

tion of pair-correlation function 

from 3D space (top plot) to 2D 

Boolean random sets (bottom 

plot). Cylinders (circles) cor-

responds to 3D trees (2D pro-

jection of trees), while dipole 

corresponds correlation. If end-

points of 3D dipole, , indi-

cate correlation in 3D space, 

than the 2D projection of 

dipole, , also indicates 

correlation (plots at the left) 

and vice versa (plots at the 

right).  

 

Now, consider evaluation of the pair-correlation function,  for the established model of 

3D canopy structure (Fig. 2). For simplicity of visualization we represented trees as identical 

cylinders. Let us define a 3D correlation dipole as a vector , 

 

     (33a) 

 

whose endpoints belong to planes z and . The projection of 3D dipole  on a horizontal 

plane results in a 2D dipole, , 

 

     (33b) 
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According to definition of  (Eq. (12)), correlation of vegetation elements between two 

horizontal planes, z and  along the direction  in 3D space corresponds to the probability of 

event when one endpoint of dipole  belong to vegetation at plane z (  subset), and the other 

to vegetation at plane  (  subset)  (Fig. 2, top portion). To achieve this, the location of one 

endpoint of dipole is restricted to  at the plane z, while the location of the another is 

simultaneously restricted to  at the plane . Here argument  corresponds to a 

shift of subset. Now, we can project 3D stochastic geometry on 2D space, resulting in a union of 

 and , , which is a Boolean random set. Comparing top and bottom portion of Fig. 2, 

one can see that the location of 3D and 2D dipoles are restricted in the same way to achieve 

correlation. Comparing such that set of trees will become Boolean random set of trees projection 

(trees and correlation dipole) on 2D space, one can see that the location of 2D dipole is restricted 

in the same way as in 3D case. Thus we reduced estimation of pair-correlation function in 3D 

space to the subject of study stochastic geometry, evaluation of covariance of two points in 2D 

space of Boolean random sets. Formally, 

 

  (34) 

 

In words, the pair-correlation function is equal to covariance of two points (  and ) 

separated by distance  along direction  in 2D space of canopy given by union of  and . 

In view of azimuthal symmetry of typical landscapes, covariance depends only on absolute value 

of horizontal distance of correlation, , not direction, , that is, . Below 

we briefly describe pair-correlation functions for three models Boolean random sets: the Poisson 

germ-grain, Matérn cluster and Matérn hard-core processes (cf. Fig. 3). 
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derivations of Stoyan, Kendall and Mecke [1995] on p. 68, the covariance function (34) takes the 

following form 

 

 , (35a) 

 

 . (35b) 

 

Here  is defined by Eq. (11) and, for , 
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For cylindrical in shape trees, , , . It follows 

from Eqs. (35) that the pair correlation function depends on the horizontal distance  

normalized by the crown base diameter , i.e., 
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where  is the Heaviside step function. The derivative at the origin  is  

 

 . (37) 

 

• Matérn cluster process: Cluster point processes are derived from the stationary Poisson point 

process of intensity d by replacing each point with a representative cluster  of points. The 

representative cluster is a point process. The number of points in  has a Poisson distribution 

with the positive parameter . The points of  are independently and uniformly scattered in 

the circle of the diameter . On each of these points a geometrical figure (clump) is 

placed. The union of all of these figures is the stochastic cluster model of random sets on the 

horizontal plane. For clumps represented by circles with the diameter , the pair-

correlation function can be factorized into probabilities of finding two points in the clusters and 

finding clumps at these points, i.e.,  

 

 , (38a) 

 

 ,   . (38b) 
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[Stoyan, Kendall & Mecke, 1995] which is derived from a stationary Poisson point process of 

intensity d by deleting points satisfying some definite rules. Consider a vegetation canopy 

consisting of cylindrical trees. Let , where  is the crown base diameter. The intensity, 
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, and the second order product density, , of the Matérn hard-core point process are 

given by [Stoyan, Kendall & Mecke, 1995] 

 

 , (39a) 

 

 , (39b) 

 

 . (39c) 

 

The second moment  can be interpreted as the probability density that two tree centers are 

separated by the distance . Since the trees crowns are assumed to be not overlapping, the 

ground cover is . The pair-correlation function is the sum of probabilities 

of finding foliated points in the same crown and in different crowns, i.e.,  

 

 , (39d) 

 

where  is the unit vector on the plane z=0 and  is the Euclidean distance. Note the 

second order product density, , does not depend on . 
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Figure 3. Conditional pair-correlation functions of 

the Poisson germ-grain, Matérn cluster and Matérn 

hard-core processes. Cluster, , and clump, , 

sizes in the Matérn cluster process are set to  and 

, respectively. The probability, p(z), of 

finding a foliated point at depth z is 0.22 in all 

examples. 

 

 

Pair-Correlation Function and Landscape Properties: It appears that several well known and 

cdocumented in literature properties of landscape are captured by the pair-correlation function, 

 or (and) the conditional pair-correlation function,  (Eqs. (12) 

and (13)). 

 

First, consider shape of dependence of conditional pair-correlation function, , on 

correlation distance (cf. Fig. 3). If two points are separated by a short horizontal distance, than 

, as  This property expresses the effect of clumping of foliage elements; that 

is, detecting a leaf makes it more likely that another leaf will be detected nearby. As correlation 

distance increases,  reaches its minimum at particular value of distance, which 

characterizes the crown horizontal size at height z. As horizontal distance increases further, the 

correlation function tends to increase from its minimum to a constant value, and then levels off. 

This constant value is the probability, , of finding a foliated point at depth  (Eq. (30)). 

Beyond the distance at which correlation function saturates, there is no relation between foliated 

points. 

 

Second, consider derivative of pair-correlation function,  with respect to correlation 

distance. Here we rely on the fact that the notion of  is similar to the notion of 

semivariance in the theory of digital image processing, and its spatial derivative at small 

distances is attributed to the variability of canopy structure at the finest scale [Chen et al., 1993; 
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Jupp et al., 1989; Roujean, 1999a]. As example, consider  for  for the Poisson 

germ-grain model of a forest consisting of identical cylindrical trees (Eq. (37)). If the derivative 

is close to zero (e.g., the horizontal tree dimension  is large or the ground cover is close to 1), 

then vegetation canopy is considered to be a “smooth medium”, whereas if derivative is high, 

then the canopy structure is “rough.” Inclusion of the within crown leaf spatial correlation will 

result in a finer scale of the canopy structure variability and value of  at  will 

consequently be higher (curve “Cluster” in Fig. 3). 

 

Finally, it is worth to point to several additional properties of the pair-correlation function, 

. The extreme case when  is realized in two situations: a) when  and b) for 

vertical directions, when ( ). In the first case, . The second case is 

more complex. If trees are represented as vertical solids with height dependent radius, r(h) 

. The general case of complex landscape architecture requires 

calculation according to definition of  (Eq. 12). Nevertheless, under some reasonable 

simplifying assumptions pair-correlation function conveys information about mean vertical 

structure when . At larger distances, between one and two tree diameter ad depth z, , 

the pair correlation function provides determines the probability of finding two trees placed  

apart. In between these extremes, the-pair correlation function describes variation in the canopy 

structure along different directions, e.g., the distribution of phytoelements that shade leaves at 

depth  along a given direction . Overall, the pair-correlation function provides a quantitative 

description of the canopy structure at all scales of landscape. 

 

 

5. Numerical Scheme of Solution of the Stochastic RT Equations 

 

According to Eqs. (17) and (19), the solution for the mean intensity over whole horizontal plane, 

, is simply an integration of the mean intensity over vegetation, . Therefore, 

below we focus on the numerical scheme of solution for the direct and diffuse components of 

:  (Eq. (23)) and  (Eq. (24)) and. The solution for the direct component 
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requires solution of the parametric Volterra equation. Solution for the diffuse component is based 

on the Successive Orders of Scattering Approximations (SOSA) iterative method [Myneni et al., 

1987]; at each step of iterations we also need to solve the parametric Volterra equations. First, 

we outline SOSA method in application to stochastic equations. The n-th approximation to the 

solution for the diffuse component is: 

 

   

 

The functions are the solutions of the system of two independent equations 

(Volterra equations), derived from Eq. (24): 

 

  (40a) 

  (40b) 

 

The right-hand side of Eq. (40) for n=0 is: 

 

   

   

 

If n>0, the right-hand side of Eq (40) is: 
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where the source function  is, 

 

   

 

The algorithm to solve the system of equations for is as follows: (1) Find  from 

the corresponding Volterra equation [Eq. (23)]; (2) Evaluate ; (3) Solve the Volterra 

equations [Eq. (40)] with  and find ; (4) Evaluate  

 with ; (5) Evaluate ; (6) Calculate ; (7) 

Repeat the following until : (a) Evaluate ; (b) Calculate ; (c) 

Calculate . 

 

The scheme of solution for  and  according to Eqs. (23) and (40) requires the 

corresponding scheme for the Volterra equation of the following general form: 

 

  (41a) 

 

Here  is a parameter of the equation. The corresponding discrete scheme is 

 

  (41b) 

 

where  is the weight, which depends on the numerical scheme used for approximating the 

integral. Then, 
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and when , 

 

   

  (42) 

 

For angular descretization the quadratures are optimal to achieve the target accuracy with 

the minimum amount of nodes [Bass, Voloshenko & Germogenova, 1986; Appendix B]. 

Generally, about 30 iterations are sufficient to obtain relative accuracy of . The physical 

interpretation of the method of successive orders is as follows: the function  is the mean 

intensity of photons scattered k times. The rate of convergence of this method,  has been 

defined by Vladimirov [1963], Marchuk and Lebedev [1971] as 

 

 , (43a) 

 

where is a certain coefficient and effective single scattering albedo  

 

 . (43b) 

 

From Eq. (43) it follows that SOSA converges faster in the case of small optical depth of the 

layer or in case of small . If  and the optical depth is large, the method becomes tedious. 

 

6. Analysis of 3D Radiation Effects 

 

The pair-correlation function naturally arises from averaging the 3D canopy radiation field and, 

therefore, determines its mean characteristics (Section 3). The aim of this section is to illustrate 
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that the foliage spatial correlation is primary responsible for the 3D effects of the 3D canopy 

structure on canopy reflective and absorptive properties. 

 

The Poisson germ-grain model of the forest with equal cylindrical in shape trees (Section 4) is 

used to generate the pair-correlation function simulate the 3D canopy structure. The crown 

height is H, the crown base diameter is DB. Non-dimensional scattering centres (leaves) are 

uniformly distributed and spatially uncorrelated within tree crowns. The probability, p(z), of 

finding a foliated point at depth z (Eq. 11) is constant in this case and coincides with the ground 

cover g, i.e., p(z) = g. The pair-correlation function is given by Eq. (36). The amount of leaf area 

in the tree crown is parameterized in terms of the plant LAI defined as L0 = dLH. The canopy 

LAI is gL0. Leaf hemispherical reflectance and transmittance are assumed to have the same value 

and set to 0.07 at Red and 0.38 at the NIR wavelength. Soil reflectance is variable in our 

calculations. The vegetation canopy is illuminated by a parallel beam of unit intensity. The solar 

zenith angle set to 300. 

 

In addition to simulations in the 3D mode, the stochastic equations were implemented in the 1D 

mode by utilizing the pair-correlation for turbid medium ( ), with other 

parameters being identical between two modes. Note that in the case when g=1, plant and canopy 

LAIs coincide (L0 = LAI). Also, recall that  for turbid medium (Eqs. (30)-(31)). 

The difference in the mean intensities of the 3D and 1D vegetation canopies are utilized to 

quantify the impact of canopy structure on the canopy radiation regime. 

 

Vertical profiles of radiation fluxes: The upward, , and downward, , radiation 

fluxes are derived by integrating mean stochastic intensities over upper and lower hemispheres, 

that is, 

. 

 ,    (44) 

 

where  stands for  (mean intensity over total space),  (mean intensity over vegetation) and 
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V (mean intensity over gaps). The relationship between , and  can be 

established by integrating Eq. (21) over upper and lower hemispheres and substation definitions 

given by Eq. (44): 

 

 . (45) 

 

Note, that in the special case of 1D RT model (turbid medium) there is no distinction between 

mean intensities over vegetation and gaps (Eq. (30)-(31)), which results in 

= =  . 

 

 

Figure 4. Vertical profiles of mean downward 

radiation flux densities over between crown space 

at red wavelength. Calculations are performed for 

vegetation canopies consisting of cylindrical 

(dashed line), conical (dotted line) and ellipsoidal 

(dashed-dotted line) in shape trees. A 1D 

vegetation canopy is also shown for comparison 

(solid line). Canopy LAI and ground cover are 

4.2 and 0.85, respectively. Soil reflectance is 

zero. 

 

 

One key test to verify if RT model capable to simulate 3D radiation effects is to look for the 

sigmoidal shape of the vertical profiles of the between crown downward fluxes, documented by 

several theoretical and empirical studies [Larsen and Kershaw, 1996; Ni et al., 1997; Roujean, 

1999b]. It has been shown that the clumping of phytoelements into tree crown is primarily 

responsible for this 3D effect [Roujean, 1999b]. Figure 4 shows mean vertical profiles of 

downward fluxes, averaged over the between crown space, . Calculations are performed for 

vegetation canopies consisting of cylindrical, conical and ellipsoidal in shape trees. Equations 

(35) are used to specify corresponding pair-correlation functions and probabilities, p(z), of 

finding a foliated point at depth z. In these examples, the ground cover, , and 
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canopy leaf area index are fixed and equal to 0.85 and 4.2, respectively. Maximum radius of the 

crown horizontal cross-sections is set to 0.25H where the crown (canopy) height H is 1 (in 

relative units). One can see that in contrast to 1D model, the stochastic model captures the 

sigmoidal shape of the vertical profiles of radiations fluxes and the shape is the simulations are 

sensitive to the crown geometry. 

 

 
Figure 5. Vertical profiles of mean downward (Panel a) upward (Panel b) radiation flux densities at red 

wavelength for four values of the ground cover g. Ground reflectance is zero. Canopy LAI is fixed and set 

to 1.5. Plant LAI varies with the ground cover as 1.5/g. The case g=1 (solid lines) corresponds to the 1D 

vegetation canopy. Solid and hollow symbols represent mean flux densities over crown horizontal cross 

sections and over the entire horizontal plane, respectively. The dimensionless horizontal axis shows 

values of z/Hc where Hc is the crown height. 

 

Next, consider vertical profiles of mean downward and upward radiation flux densities 

accumulated over crown horizontal cross sections ( and ), and over the total space of 

horizontal plane (  and ) as simulated by stochastic model (Fig. 5). For comparison 

purposes we also present here upward and downward fluxes simulated by 1D model, . 

First, note that the attenuation of the within crown fluxes is stronger in the case of stochastic 

model compared to 1D approach, i.e., £  (Fig. 5). In this example, LAI=gL0, a 

decrease in the ground cover, g, enhances the within crown photon interactions due to an 
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increase in the plant leaf area index L0 (Fig. 5). Second, note that the tree crowns transmit less 

radiation compared to horizontally averaged values, i.e., <  (Fig. 5a). It follows from 

this inequality and Eq. (45) that >  and thus gaps between trees are primarily 

responsible for the propagation of radiant energy in downward directions. In contrast, upward 

fluxes have the opposite tendency, i.e., >  (Fig. 5b). For a vegetation canopy bounded 

from below by a non-reflecting surface, the scattering from leaves determines the upward 

radiation field. With a fixed amount of the total leaf area, the upward radiation field is an 

increasing function with respect to the ground cover since an increase in the ground cover 

involves a decrease in gaps between trees which do not “participate” in the scattering process. 

Third, note that the reflectance of an individual tree crown, , is close to the reflectance of 

the 1D canopy, . The mean canopy reflectance, , results from both scattering 

occurred in tree crowns and “zero scattering” in the between crown space. This lowers the 

overall canopy reflectance. The 1D approach ignores the gap effect and mean upward radiation 

flux densities are consequently overestimated. 

 

Energy conservation law: Many ecosystem productivity models and global models of climate, 

hydrology and ecology need an accurate information on how solar energy is distributed between 

vegetation canopies and the ground. Using the NCAR Community Climate Model, Buermann et 

al. [2001] reported that a more realistic partitioning of the incoming solar radiation between the 

canopy and the underlying ground results in improved model predictions of near-surface climate. 

The vegetation structure determines the partitioning of the incoming radiation between canopy 

absorptance, transmittance and reflectance. Here we illustrate the impact of 3D canopy structure 

on the shortwave energy balance. 
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Figure 6. Mean canopy reflectance  (vertical axis on the left side) and transmittance  (vertical 

axis on the right side) at red (Panel a) and near-infrared (Panel b) wavelengths as a function of the canopy 

LAI. Solid and dashed lines represent the 1D canopy while symbols show its 3D counterpart.  Ground 

reflectance is zero. The canopy absorptance is 1- -  (arrows). Plant leaf area index L0 is fixed 

and set to 7. Ground cover varies with the canopy LAI as g = LAI/L0 = LAI/7. 

 

Figure 6 shows mean canopy reflectance, , and transmittance, . For a vegetation 

canopy bounded from below by a non reflecting surface, the canopy absorptance is 

1 -  -  as shown in Fig. 8. The 1D approach underestimates canopy transmittance and 

overestimates canopy reflectance at both Red and NIR wavelengths. As one can see from Fig. 8, 

these two opposite tendencies do not compensate each other, resulting in an overestimation of 

canopy absorptance. 
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Figure 7. Mean canopy absorptance at red (Panel a) and near infrared (Panel b) wavelengths as a function 

of canopy LAI for three values of the plant leaf area index L0. Solid line and symbols represent 1D and 

3D vegetation canopies, respectively. Ground cover, g, varies with the canopy LAI as g = LAI/L0. Other 

parameters are as in Fig. 6 

 

The results given in Fig. 7 show that at a given canopy LAI, canopy absorptance can differ 

depending upon ground cover and plant LAI. This is not surprising result because a given 

amount of leaf area can be distributed in different ways in a canopy, for instance, as canopies of 

dense trees (high plant LAI) with low ground cover or as canopies of sparse trees (low plant 

LAI) with high ground cover. Although the canopy LAI is the same in both cases, between and 

within crown radiation regimes are different. Gaps between trees enhance the canopy 

transmittance at the expense of the canopy absorptance and reflectance. An increase in ground 

cover involves a decrease in gaps between tree crowns which contribute neither to canopy 

absorptance nor canopy reflectance. This process enhances canopy reflective (Fig. 6) and 

absorptive (Fig. 7) properties. It should also be noted that variation in canopy reflectance, 

absorptance and transmittance with the canopy LAI occurs at a lower rate compared to the 1D 

model prediction (Figs.6-7). Ignoring the within and between crown radiation regimes can lead 

to overestimation of the saturation domain, i.e., a range of canopy reflectance values which are 

insensitive to variation in canopy structure. 
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Effect of background reflectance: A vegetated surface scatters shortwave radiation into an 

angular reflectance pattern, or Bidirectional Reflectance Factor (BRF), whose magnitude and 

shape are governed by the composition, density, optical properties and geometric structure of the 

vegetation canopy and its underlying surface. By definition, the  is the surface 

leaving radiance in direction  divided by radiance from a Lambertian reflector illuminated 

from a single direction,  [Martonchik et al., 2000]. This parameter has been operationally 

produced from NASA MODIS and MISR remote sensing measurements [Schaaf et al., 2002; 

Bothwell at al., 2002]. 

 

 

Figure 8. Bidirectional Reflectance Factor 

(BRF) at red wavelength in nadir view 

direction as a function of ground cover. 

Solid line and symbols represent 1D and 

3D vegetation canopies, respectively. 

Canopy LAI is fixed and set to 7. Plant leaf 

area index varies with ground cover, g, as 

 7/g. Surface albedo is 0.18. The solar 

zenith angle is 300. Other parameters are as 

in Fig. 6.  

 

 

Figure 8 shows the BRF at red wavelength in the nadir view direction for a vegetation canopy 

bounded from below by a reflecting surface. For sparse vegetation canopies, photons reflected 

from the sunlit area of the underlying surface can escape the 3D canopy in the nadir direction 

without experiencing a collision. This 3D effect results in increased canopy brightness at low 

ground cover. The BRF exhibits a non monotonic variation with the ground cover. At small-to-

moderate values of ground cover, BRF decreases with increasing ground cover due to decrease 

in the sunlit area which, in turn, reduces the impact of the between crown radiation on the BRF 

in the nadir direction. However, at sufficiently large ground cover values, the contribution of the 

underlying surface vanishes and, as in the case of a vegetation canopy with a non–reflecting 

surface (Figs. 4 and 5b), the BRF becomes an increasing function with respect to the ground 
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cover. As discussed earlier, the 3D effects make BRF values lower compared to those predicted 

by 1D model. If the leaf spatial correlation is ignored, i.e., , the BRF becomes 

independent of the ground cover. Thus ignoring the leaf spatial correlation can result in an 

underestimation of the contribution of canopy background to the canopy leaving radiation for 

sparse and intermediately dense vegetations and an overestimation of the canopy BRF for dense 

vegetations. Accounting for 3D effects of underlying vegetation background is especially 

important in operational algorithms for retrieval of biophysical vegetation biophysical 

parameters from remote sensing observations over sparse vegetation (savannah, needle leaf 

forest, etc.) 

 

Canopy structure and NDVI: The measured spectral reflectance data are often transformed into 

vegetation indices. More than a dozen such indices are reported in the literature and shown to 

correlate well with vegetation amount [Tucker, 1979], the fraction of absorbed 

photosynthetically active radiation (FPAR) [Asrar et al., 1984], unstressed vegetation 

conductance and photosynthetic capacity [Sellers et al., 1992], and seasonal atmospheric carbon 

dioxide variations [Tucker et al., 1986]. Here we illustrate the impact of 3D canopy structure on 

relationships between canopy absorption, LAI and the normalized difference vegetation index. 

 

  
Figure 9. NDVI versus canopy LAI (Panel a) and NDVI versus canopy absorptance (Panel b) canopy 

absorption at red wavelength for three values of plant leaf area index L0. Solid line and symbols represent 

1D and 3D vegetation canopies, respectively. Ground cover varies with the canopy LAI as g = LAI/L0. 
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Surface albedo is 0.18 at red and near infrared wavelengths. Other parameters are as in Fig. 7. 

 

The normalized difference vegetation index, NDVI, is defined as the ratio between the difference 

and the sum of bidirectional reflectance factors at NIR and Red wavelength, 

 

 . (46) 

 

This parameter has been operationally produced from NASA MODIS remote sensing 

measurements [Huete et al., 2002]. Here we consider the NDVI at the nadir view direction.  

 

The relationships between NDVI and canopy LAI are shown in Fig. 9a. The results are similar to 

those shown in Fig. 7a, i.e., at a given canopy LAI, canopy absorptance and NDVI can differ 

depending upon ground cover and plant LAI. Different radiation regimes in tree crowns and gaps 

between them are primarily responsible for this effect. Values of canopy absorptance versus 

corresponding NDVI values are plotted in Fig. 9b. One can see that the impact of 3D canopy 

structure on the absorptance-NDVI relationship is minimal. This effect is consistent with the 

results documented in Asrar et al. [1992], i.e., spatial heterogeneity in vegetation canopies does 

not affect the relationship between NDVI and fraction of absorbed photosynthetically active 

radiation (FPAR). The relationship is also insensitive to rather large changes in solar zenith angle 

[Asrar et al., 1992, Kaufmann et al., 2000]. It should be noted, however, that the NDVI-FPAR 

relationship is sensitive to the background. Theoretical analyses of these regularities are 

established in [Myneni et al., 1995; Knyazikhin et al., 1998b; Kaufmann et al., 2000].  

 

7. Model Evaluation with Field Measurements 

 

The internal as well as emergent radiation fields simulated by SRT model were evaluated by 

comparison to the following sources: (i) RT simulations by 1-D and 3-D RT models [Shultis and 

Myneni, 1988; Shabanov et al., 2000]; (ii) Monte Carlo simulations of computer generated maize 

canopy [Espana et al., 1998, Shabanov et al., 2000]; (iii) CIMEL sunphotometer and ground 

vegetation measurements over shrublands during Jornada PROVE experiment in New Mexico 
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[Privette et al., 2000, Shabanov et al., 2000]; (iv) SLICER lidar and ground vegetation 

measurements over several needle leaf forest sites in central Canada and eastern Maryland 

[Kotchenova et al., 2003];  (v) PARABOLA radiometer and ground vegetation measurements at 

BOREAS needle leaf forest sites in Canada [Huang et al., 2007]. The last exercise is detailed 

below. 

 

A field campaign was performed in 1994 as a part of the Boreal Ecosystem-Atmosphere Study 

(BOREAS) experiment at two sites in the Southern Study Area (SSA), central Saskatchewan, 

Canada [Deering, Eck & Banerjee, 1999]. The BOREAS designated names for these sites are 

SSA Old Jack Pine (53.9160N, 104.690W) and SSA Old Aspen (53.630N, 106.200W). A field 

data set includes forest age, stem density, overstory and understory LAIs [Deering, Eck & 

Banerjee, 1999], tree height, crown height and horizontal crown radius [Chen, 1996; Hardy et al., 

1998], optical properties of leaves, needles and understory [Middleton and Sullivan, 2000; Miller 

et al., 1997]. The characteristics of each site are summarized in Table 1. Their detailed 

description can be found in [Deering, Eck & Banerjee, 1999].  

 

Variable SSAOJP site SSAOA site 

Stand age, years 68 60 

Stem density, stems/ha 2700 1200 

LAI 2.2 2.3 

Understory LAI 0 3.23 

Tree height, m 12.7 16.2 

Crown length, m 7 10.76 

Horizontal Crown radius, m 1.2 2.12 

Leaf/needle reflectance, Red/ NIR 0.100/ 0.62 0.065/ 0.36 

Leaf/needle transmittance, Red/ NIR 0.028/ 0.31 0.135/ 0.60 

Understory reflectance, Red/ NIR 0.150/ 0.29 0.090/ 0.40 
 

Table 1. Characteristics of 

the SSA Old Jack Pine 

(SSAOJP) and SSA Old 

Aspen (SSAOA) sites used 

for model parameterization. 

 

 

The BRF measurements were made with the PARABOLA instrument [Deering and Leone, 

1986]. The instrument performs radiance measurements in three narrow spectral bands (650-670 

nm, 810-840 nm, and 1620-1690 nm) for almost the complete sky- and ground-looking 

hemispheres in 150 instantaneous field of view [Deering, Eck & Banerjee, 1999]. The instrument 



37 

was suspended from a tram system mounted at about 13-14m above canopy between two towers 

spaced about 70 m apart. Total of 11 measurements were taken along the tram at each solar 

zenith angle. The data were processed to obtain mean BRF over sampling points in 150 angular 

increments in view zenith angle and 300 angular increments of view azimuth with one of the bins 

being centered on the solar principal plane [Deering, Eck & Banerjee, 1999]. 

 

The parameters of the SRT model were selected as follows. The Poisson germ-grain model of the 

forest with identical cylindrical trees (cf. Section 4) was selected to construct the pair-correlation 

function. The ground cover was estimated with Eq. (35b) where the steam density d and the 

crown radius r(z) = DB/2 are given in Table 1. Its value is 0.71 for the SSAOJP and 0.82 for the 

SSAOA site. Given ground cover, the pair-correlation function was calculated using Eq. (36a). 

The plant leaf area index, L0=LAI/g, and the leaf area volume density, dL=L0/Hc are L0=3.12, 

dL=0.46 for SSAOJP and L0=2.82, dL=0.26 for SSAOA. Here Hc and LAI are the crown height 

and the canopy LAI (Table 1). The optical properties of canopy elementary volume, were 

calculated based on commonly adopted RT approach, where shoot (not individual needle) 

represents the basic structural element [Stenberg, 1996; Smolander & Stenberg, 2005]. The 

measured albedo of individual needles was scaled to shoot level (Table 1) using theory of canopy 

spectral invariants [Oker-Blom & Smolander, 1988, Smolander & Stenberg, 2005; Chapter 3]. 

 
Table 2. Root Mean Square Error in predicting nadir BRF at Red (650-670 nm) and NIR (810-840) 

spectral bands for SSA Old Jack Pine (SSOJP) and SSA Old Aspen (SSAOA) sites.  

 Red spectral band NIR spectral band 

 SSAOJP SSAOA SSAOJP SSAOA 

3D canopy 0.0021 0.0013 0.021 0.013 

1D canopy 0.0061 0.0024 0.053 0.016 
 

 

Measured and modeled BRFs at red and NIR wavelengths in the nadir direction as a function of 

the solar zenith angle for the SSAOJP and SSAOA sites are shown in Fig. 10. The BRFs 

simulated using the 3D model of canopy structure show very good agreement with 

measurements (Table 2). If one simplifies the canopy structure into a 1D medium by setting the 

conditional pair correlation function to its saturated value, ground cover g, the disagreement 
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increases by a factor of about 2.7 for the SSAOJP and 1.5 for SSAOA site (Table 2). In both 

cases, the 1D approach overestimates the observations. This result is consistent with simulations 

shown in Fig. 9. The effect of ignoring the leaf spatial correlation is more pronounced at lower 

ground covers, as expected. 

 

A statistical model given by Eq. (29) was used to simulate the hot spot effect (a sharp peak in 

reflected radiation about the retro-solar direction). The model requires the specification of a 

coefficient related to the ratio of vegetation height to the smallest element in the scene. The ratio 

of tree height to the tree diameter (the finest scale in our simulations) is used. Figure 10 show 

measured and predicted BRFs and their correlation for the SSAOJP and SSAOA sites. In these 

examples, the simulations compare well with the field data. 

 

 

 
Figure 10. Bidirectional Reflectance Factor at red (Panel a) and NIR (Panel b) wavelengths in the nadir 
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direction as a function of the solar zenith angle for the SSAOJP and SSAOA sites. Symbols represent 

measured BRFs. Solid and dashed lines show simulated BRF using 3D and 1D models of canopy 

structure, respectively. Bidirectional Reflectance Factor in the solar principal plane at red (Panel c) and 

NIR (Panel d) wavelengths for the SSAOJP and SSAOA sites. The solar zenith angles are 340 for 

SSAOJP and 400 for SSAOA. Solid line and symbols represent predicted values and PARABOLA 

measurements. The RMSE values at red and near infrared spectral bands are 0.0042 and 0.014 for the 

SSAOJP, 0.0043 and 0.042 for the SSAOA sites. 

 

8. Summary 

 

This chapter introduces the Stochastic Radiative Transfer (SRT) model a powerful RT tool to 

develop to study biophysical properties of 3D canopy from space measurements. The unique 

features of the SRT model are: (i) its solution coincides exactly with what satellite-borne sensors 

measure; that is, the mean intensity emanating from the smallest area to be resolved, from a 

pixel; (ii) it accounts for 3D effects through a small set of well defined measurable parameters; 

and (iii) it is as simple as the conventional 1D radiative transfer equation. The 3D canopy 

structure is accounted in the SRT model with two stochastic moments: (a) probability of finding 

phytoelements at horizontal plane; and (b) correlation of phytoelements at two horizontal planes. 

The analysis of the SRT equations indicates that if only the first moment of vegetation structure 

is used (the case of no correlation), than the SRT model reduces to the 1D turbid medium RT 

model. Thus, the pair-correlation function is primary responsible for 3D radiation effects. The 

analytical models of the pair-correlation function, based on theory of Boolean random sets, were 

in this study. Comparison of 1D and 3D simulations indicates that ignoring the canopy structure 

can result in an underestimation of the canopy transmittance at the expense of overestimation of 

the canopy absorptance and reflectance. Transmittance, reflectance and absorptance of the 3D 

vegetation canopy vary with canopy LAI at a slower rate than 1D model can possible predict. 

Ignoring this fact in interpretation of satellite data can lead to overestimation of the saturation 

domain, i.e., a range of canopy reflectance values which are insensitive to variation in canopy 

structure. The stochastic radiative transfer equations reproduce the effect of sunlit areas of the 

underlying surface on the canopy leaving radiation. They adequately account for impact of 

canopy structure on relationships between NDVI, LAI and canopy absorptance. The SRT model 

was extensively validated with field measurements including comparison with PARABOLA 
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measurements from two coniferous and broadleaf forest stands in BOREAS Southern Study 

Areas. The performance was found to be satisfactory. At this point, the major shortcoming of the 

SRT approach is unability to simulate the hot-spot effect, which was implemented in the present 

version of the SRT model using the standard ad-hook method of modifying the extinction 

coefficient. 

 

 

References 

 

Asrar, G., Fuchs, M., Kanemasu, E.T., & Hatfield, J.L. (1984). Estimating absorbed 

photosynthetic radiation and leaf area index from spectral reflectance in wheat. 

Agronomy Journal, 76, 300-306. 

Asrar, G., Myneni, R.B., & Choudhury, B.J. (1992). Spatial heterogeneity in vegetation canopies 

and remote sensing of absorbed photosynthetically active radiation: A model study. 

Remote Sensing of Environment, 41, 85–103. 

Bass, L., Voloshenko, A.M., and Germogenova, T.A. (1986), Methods of Discrete Ordinates in 

Radiation Transport Problems, Institute of Applied Mathematics, Moscow, pp. 21-23, (in 

Russian). 

Borel, C.C., Gerstl, S.A.W., Powers, B.J. (1991), The radiosity method in optical remote sensing 

of structured 3-D surfaces. Remote Sens. Environ. 36: 13-44. 

Bothwell, G.W., Hansen, E.G., Vargo, R.E., & Miller, K.C. (2002). The Multi-angle Imaging 

SpectroRadiometer science data system, its products, tools, and performance. IEEE 

Transactions on Geoscience and Remote Sensing, 40, 1467- 1476. 

Buermann, W., Dong, J., Zeng, X., Myneni, R. B., & Dickinson, R. E. (2001). Evaluation of the 

utility of satellite based vegetation leaf area index data for climate simulations. Journal of 

Climate 14(17), 3536-3550. 

Byrne, N. (2005). Three-dimensional radiative transfer in stochastic media. In: A. Marshak and 

A. B. Davis [Eds.], “Three Dimensional Radiative Transfer in the Cloudy Atmosphere,” 

Springer-Verlag, pp. 385-424. 



41 

Castel, T., Beaudoin, A., Floury, N., Le Toan, T., Caraglio, Y., and Barczi, J. F. (2001). Deriving 

forest canopy parameters for backscatter models using the AMAP architectural plant 

model. IEEE Transactions on Geoscience and Remote Sensing, 39(3), 571–583. 

Chen, J. M. (1996). Optically-based methods for measuring seasonable variation of leaf area 

index in boreal conifer stands. Agricultural and Forest Meteorology, 80, 135–163. 

Chen, R., Jupp, D.L.B., & Woodcock, C.E. (1993). Nonlinear estimation of scene parameters 

from digital images using zero-hit run-length statistics. IEEE Transactions on Geoscience 

and Remote Sensing, 31(3), 735–746. 

Davis, A.B., & Knyazikhin, Y. (2005). A Primer in Three-Dimensional Radiative Transfer. In: 

A. Marshak and A.B. Davis [Eds.]. “Three Dimensional Radiative Transfer in the Cloudy 

Atmosphere,” Springer-Verlag, 153-242. 

Deering, D.W., & Leone, P. (1986). A sphere scanning radiometer for rapid directional 

measurements of sky and ground radiance. Remote Sensing of Environment, 19, 1-24.  

Deering, D.W., Eck, T. F., & Banerjee, B. (1999). Characterization of the reflectance anisotropy 

of three boreal forest canopies in spring-summer. Remote Sensing of Environment, 67, 

205-229. 

Espana, M., Baret, F., Chelle, M., Aries, F., Andrieu, B. (1998), A dynamic model of maize 3D 

architecture: application to the parameterisation of the clumpiness of the canopy. 

Agronomie 18(10): 609-626. 

Hardy J.P., R.E. Davis, R. Jordan, W. Ni, & C. Woodcock (1998). Snow ablation modeling in a 

mature aspen stand of the boreal forest. Hydrological Processes, 12, 1763-1778. 

Huang, D., Knyazikhin, Y., Wang, W., Deering, W., Stenberg, P., Shabanov., N.V., Tan, B., 

Myneni, R.B. (2007), Stochastic transport theory for investigating the three-dimensional 

canopy structure from space measurements. Remote Sensing of Environment, accepted 

November 2006. 

Huete, A., Didan, K., Miura, T., Rodriguez, E.P., Gao, X., and Ferreira, L.G. (2002). Overview 

of the radiometric and biophysical performance of the MODIS vegetation indices. 

Remote Sensing of Environment, 83, 195-213. 

Jupp, D.L., Strahler, A.H., & Woodcock, C.E. (1988). Autocorrelation and regularization in 

digital images I. Basic theory. IEEE Transactions on Geoscience and Remote Sensing, 

26(4), 463–473.  



42 

Jupp, D.L., Strahler, A.H., & Woodcock, C.E. (1989). Autocorrelation and regularization in 

digital images II. Simple image models. IEEE Transactions on Geoscience and Remote 

Sensing, 27(3), 247–258. 

Kasianov E. Stochastic radiative transfer in multilayer broken clouds. Part I: Markovian 

approach. Journal of Quantitative Spectroscopy & Radiative Transfer 2003; 77 (4): 373-

393 

Kaufmann, R. K., Zhou, L., Knyazikhin, Y., Shabanov, N. V., Myneni, R. B. & Tucker, C. J. 

(2000). Effect of orbital drift and sensor changes on the time series of AVHRR 

vegetation index data. IEEE Transactions on Geoscience and Remote Sensing, 38(6), 

2584-2597. 

Knyazikhin, Y., Kranigk, J., Myneni, R.B., Panfyorov, O., & Gravenhorst, G. (1998a). Influence 

of small-scale structure on radiative transfer and photosynthesis in vegetation cover. 

Journal of Geophysical Research, 103, DD6, 6133-6144. 

Knyazikhin, Y., Martonchik, J.V., Diner, D.J., Myneni, R.B., Verstraete, M., Pinty B., Gobron, 

N. (1998b), Estimation of vegetation canopy leaf area index and fraction of absorbed 

photosynthetically active radiation from atmosphere-corrected MISR data. EOS-AM1 

special issue of J. Geophys. Res. 103(D24): 32,239-32,257. 

Knyazikhin, Y., Marshak, A., & Myneni, R.B. (2005). Three-Dimensional Radiative Transfer in 

Vegetation Canopies and Cloud-Vegetation Interaction, In: A. Marshak and A.B. Davis 

[Eds.]. “Three Dimensional Radiative Transfer in the Cloudy Atmosphere,” Springer-

Verlag, pp. 617-652. 

Kotchenova, S.Y., Shabanov, N.V., Knyazikhin, Y., Davis, A.B., Dubayah R., & Myneni, R.B. 

(2003). Modeling lidar with time-dependent stochastic radiative transfer theory for 

remote estimation of forest structure. Journal of Geophysical Research, 108, Art. No. 

4484, 17539-17549. 

Larsen, D.R., & Kersaw, Jr., J.A. (1996). Influence of canopy structure assumptions on 

prediction from Beer’s law. A comparision of deterministic and stochastic simulations. 

Agricultural and Forest Meteorology, 81, 61-77. 

Li, X, Strahler, A.H. (1992), Geometric-optical bidirectional reflectance modeling of discrete 

crown vegetation canopy: effect of crown shape and mutual shadowing. IEEE Trans. 

Geosci. Remote Sens. 30(2): 276-292. 



43 

Li, X., Strahler, A. H., Woodcock, C.E. (1995), A hybrid Geometric optical-radiative transfer 

approach for modeling albedo and directional reflectance of discontinuous canopies. 

IEEE Trans. Geosci. Remote Sens. 33(2): 466-480. 

Marchuk, G.L., Lebedew, V.I. (1971), The numerical methods in neutron transport theory, 

Atomizdat Publ., Moscow, (in Russian). 

Martonchik, J.V., Bruegge, C.J., & Strahler, A. (2000). A review of reflectance nomenclature 

used in remote sensing. Remote Sensing Reviews, 19, 9-20. 

Marshak, A. (1989), Effect of the hot spot on the transport equation in plant canopies. J. Quant. 

Spectrosc. Radiat. Transf. 42: 615-630. 

Menzhulin, G. V., Anisimov, O. A., (1991) In Photon-vegetation interactions. Applications in 

optical remote sensing and plant ecology (Myneni, R. B., Ross, J. Ed.), Springer-Verlag, 

Berlin-Heidelberg., Chap. 4. 

Middleton, E., & Sullivan, J. (2000). BOREAS TE-10 Leaf Optical Properties for SSA Species. 

Data set. Available on-line [http://www.daac.ornl.gov] from Oak Ridge National 

Laboratory Distributed Active Archive Center, Oak Ridge, Tennessee, U.S.A. 

Miller, J. R., White, H. P., Chen, J. M., Peddle, D. R., McDermid, G., Foumier, R. A., Shepherd, 

P., Rubinstein, I., Freemantle, J., Soffer, R., & LeDrew, E. (1997). Seasonal change in 

understory reflectance of boreal forests and influence on canopy vegetation indices. 

Journal of Geophysical Research, 102 (D24). 29, 729–736. 

Myneni, R.B., Asrar, G. and Kanemasu, E.T. (1987). Light scattering in plant canopies: The 

method of Successive Orders of Scattering Approximations [SOSA]. Agric. For. 

Meteorol. 39:1-12. 

Myneni, R.B. (1991). Modeling radiative transfer and photosynthesis in three-dimensional 

vegetation canopies. Agricultural and Forest Meteorology, 55, 323– 344. 

Myneni, R.B., Williams, D.L. (1994). On the Relationship between FAPAR and NDVI. Remote 

Sensing of Environment, 49(3), 200-211. 

Myneni, R.B., Hall, F.G., Sellers, P.J., & Marshak, A.L. (1995). The interpretation of spectral 

vegetation indexes. IEEE Transactions on Geoscience and Remote Sensing, 33, 481-486. 

Myneni, R. B., Nemani, R. R., Running S. W. (1997), Estimation of global leaf area index and 

absorbed PAR using radiative transfer models. IEEE Trans. Geosci. Remote Sens. 35(6): 

1380-1393. 



44 

Ni, W., Li, X., Woodcock, C.E., Roujean, J.L., & Davis, R.E. (1997). Transmission of solar 

radiation in boreal conifer forests: Measurements and models. Journal of Geophysical 

Research, 102 (D24), 29,555-29,566. 

Nilson, T. (1991), In Photon-vegetation interactions. Applications in optical remote sensing and 

plant ecology (Myneni, R. B., Ross, J. Ed.), Springer-Verlag, Berlin-Heidelberg., Chap. 

6. 

Oker-Blom, P., & Smolander, H. (1988). The ratio of shoot silhouette area to total needle area in 

Scots pine. Forest Science 34, 894-906. 

Pomraning, G.C. (1991). Linear kinetic theory and particle transport in stochastic mixtures. 

World Scientific, New Jersey, pp. 235. 

Pomraning, G.C., Su, B. (1995), A new higher order closure for stochastic transport equations, 

proc. International Conference on Mathematics and Computations, reactor Physics, and 

Environmental Analyses, American nuclear Society Topical Meeting, Portland, OR, pp. 

537-545 

Pomraning, G.C. (1996). Transport theory in discrete stochastic mixtures. Advances in Nuclear 

Science and Technology, 24, 47–93. 

Privette, J.L., Asner, G.P., Conel., J., Nuemmrich, K.F., Olson, R., Rango, A., Rahman, A.F., 

Thome, K., Walter-Shea, E.A. (2000), The EOS prototype validation excersise (PROVE) 

at Jornada: Overview and lesson learned. Emote Sensing of Environment, 74(1): 1-12. 

Ranson, K. J., Sun, G., Weishampel, J. F., & Knox, R. G. (1997). Forest biomass from combined 

ecosystem and radar backscatter modeling. Remote Sensing of Environment, 59, 118–133.  

Ross, J. (1981). The Radiation Regime and Architecture of Plant Stands. Norwell, MA: Dr. W. 

Junk, pp. 391.  

Roujean, J.L. (1999a). Two-Story Equations of Transmission of Solar Energy (TESTSE) in open 

boreal conifer tree stands. Journal of Geophysical Research, 104 (D22), 27,869-27,879. 

Roujean, J.L. (1999b). Measurements of PAR transmittance within boreal forest stands during 

BOREAS. Agricultural and Forest Meteorology, 93, 1-6. 

Schaaf, C. B., Gao, F., Strahler, A. H., Lucht, W., Li, X., Tsang, T., Strugnell, N. C., Zhang, X., 

Jin, Y., Muller, J.-P., Lewis, P., Barnsley, M., Hobson, P., Disney, M., Roberts, G., 

Dunderdale, M., Doll, C., d'Entremont, R., Hu, B., Liang S., and Privette, J. L. (2002). 



45 

First Operational BRDF, Albedo and Nadir Reflectance Products from MODIS. Remote 

Sensing of Environment, 83, 135-148. 

Sellers, P.J., Randall, D.A., Betts, A.K., Hall, F.G., Berry, J.A., Collatz, G.J., Denning, A.S., 

Mooney, H.A., Nobre, C.A., Sato, N., Field, C.B., & Henderson-sellers, A. (1992). 

Modeling the exchanges of energy, water, and carbon between continents and the 

atmosphere. Science, 275, 502-509. 

Shabanov, N, V., Knyazikhin, Y., Baret, F., & Myneni, R. B. (2000). Stochastic modeling of 

radiation regime in discontinuous vegetation canopies. Remote Sensing of Environment, 

74(1), 125-144. 

Shultis, J.K., Myneni, R.B. (1988), Radiative transfer in vegetation canopies with an isotropic 

scattering. J. Quant. Spectrosc. Radiat. Transf. 39:115-129. 

Smolander, S., & Stenberg, P. (2005). Simple parameterizations of the radiation budget of 

uniform broadleaved and coniferous canopies. Remote Sensing of Environment, 94, 355–

363.  

Stenberg, P. (1996). Simulations of the effect of shoot structure and orientation on vertical 

gradients in intercepted light by conifer canopies. Tree Physiology, 16, 99-108.  

Stewart, R. (1990), Modeling radiant energy transfer in vegetation canopies, M.S. Thesis, Kansas 

State University, Manhattan, Kansas, 66506. 

Stoyan, D., Kendall, S. W., & Mecke, J. (1995). Stochastic Geometry and its Application. John 

Wiley & Sons, New York, pp. 436. 

Strahler, A.H., & Jupp, D.L.B. (1990). Modeling bidirectional reflectance of forests and 

woodlands using Boolean models and geometric optics. Remote Sensing of Enviroment, 

34, 153–160. 

Titov, G.A. (1990). Statistical description of radiation transfer in clouds. Journal of the 

Atmospheric Sciences, 47, 24–38. 

Tucker, C.J. (1979). Red and photographic infrared linear combination for monitoring 

vegetation. Remote Sensing of Environment, 8, 127-150. 

Tucker, C.J., Fung, Y., Keeling, C.D., & Gammon, R.H. (1986). Relationship between 

atmospheric CO2 variations and a satellite-derived vegetation index. Nature, 319, 195-

199. 



46 

Vainikko, G.M. (1973a), The equation of mean radiance in broken cloudiness. Trudy MGK 

SSSR, Meteorological investigations 21: 28-37, (in Russian). 

Vainikko, G.M. (1973b), Transfer approach to the mean intensity of radiation in noncontinuous 

clouds. Trudy MGK SSSR, Meteorological investigations 21: 38-57, (in Russian). 

Vladimirov, V.S. (1963), Mathematical problems in the one-velocity theory of particle transport, 

Tech. Rep. AECL-1661, At. Energy of can. Ltd., Chalk River, Ontario. 

Zuev, V.E., Titov, G.A. (1996), Atmospheric optics and climate. The series ‘Contemporary 

problems of atmospheric optics’, Vol.9, Spector, Institute of Atm. Optics RAS, (in 

Russian). 



Chapter 6 
_______________________________________ 
 
 

Stochastic Radiative Transfer in Species  
 

Mixtures & Time Dependent SRT 
 
 

Shabanov et al. 
 
 

 



1 

Chapter 6 
 
Stochastic Radiative Transfer in Species Mixtures & Time 
Dependent SRT 
 
 
 
1. Introduction ............................................................................................................................ 1 
2. Stochastic Radiative Transfer in a Mixture of Species ............................................................ 1 

2.1. Remote Sensing of Mixtures..........................................................................................1 
2.2. Model Formulation ........................................................................................................3 
2.3. Analytical Analysis ..................................................................................................... 12 
2.4. Numerical Analysis ..................................................................................................... 19 
2.5. Summary ..................................................................................................................... 28 

3. Time-dependent Stochastic Radiative Transfer ..................................................................... 29 
3.1. Lidar Remote Sensing ................................................................................................. 29 
3.2. Model Formulation ...................................................................................................... 31 
3.3. Model Evaluation with Field Measurements ................................................................ 37 
3.4. Effect of Multiple Scattering ....................................................................................... 43 
3.5. Summary ..................................................................................................................... 45 

References................................................................................................................................ 46 
 
 
 
1. Introduction 
 
Chapter 7 introduced the basic principles of the stochastic RT approach, which describes 
stationary radiation regime in single species discontinuous vegetation canopies. While this is 1D 
approach, it captures 3D radiation effects. The model parameterization is convenient for 
operational remote sensing applications. However, the stochastic model allows further 
enhancements to suite the needs of specialized applications to characterization of 3D canopy 
structure. Two such applications are detailed in this Chapter: remote sensing of mixtures of 
vegetation species and lidar remote sensing of vertical vegetation structure. 
 
 
2. Stochastic Radiative Transfer in a Mixture of Species 
 
2.1. Remote Sensing of Mixtures 
 
The problem of remote sensing of mixture of vegetation species is known as a scaling issue, that 
is, given biophysical parameters and radiation field over pure species at sub-pixel scale one 
needs to estimate those parameters at the scale of a mixed pixel (Fig.1). Multiple approaches 
were developed to address the scaling issue, which can be grouped into two basic categories: 
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empirical/statistical and physically-based. The approaches from the first category are widely 
used for sub-pixel land cover characterization: linear mixture models [DeFries et al., 1999], 
neural networks [Carpenter et al., 1999], Gaussian mixture discriminant analysis [Ju et al., 2003], 
decision trees [McIver & Friedl, 2002] and others. The key idea of the above methods is to 
model satellite measured radiation over a mixed pixel as a weighted sum of the radiation fields 
over pure land cover classes. Linear and non-linear models were implemented to retrieve the 
unknown weights, corresponding to the proportion of pure land cover classes in the mixed pixel. 
The linear mixture approach was implemented operationally to generate global vegetation 
continuous fields product from NASA’s MODerate resolution Imaging Spectroradiometer 
(MODIS) measurements [WWW1; DeFries et al., 1999]. It was noted, however, that species in a 
mixture may exhibit significant degree of radiative interaction, which may bias retrievals 
especially in the case of linear models [Borel & Gerstl, 1994]. 
 

  
Figure 1. Natural species mixture at NOBS (Northern Old Black Spruce) boreal forest site in northern 
Manitoba, Canada (55° 52' 46.632" N, 98° 28' 50.916" W). Panel a): 4-m resolution IKONOS false-color 
image over NOBS site for July 23, 2000. Panel b) 30-m resolution Land cover map over the same area for 
year 2000. (Images credit: BigFoot team).  
 
In contrast to the empirical methods, physically-based approaches describe in details the physical 
processes of interaction of radiation with canopy at the level of elementary volume of vegetation. 
Optical properties of a mixture in such volume are represented as weighted average of optical 
properties of pure species. The RT equation is used to model the radiation field with effective 
optical properties of mixed canopy. The above modeling principles were implemented, for 
instance, in the scaling scheme of the radiation block of the Common Land Model (CLM) 
[WWW2, Tian et al., 2004] and the MODIS Leaf Area Index (LAI) algorithm [WWW3, Tian et 
al., 2002]. The major limitation of the above schemes is that they are based on the turbid medium 
mixture approximation, where canopy is represented as a mixed gas of vegetation species and 
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gaps. With the turbid medium approach, one major feature of the natural vegetation is missing- 
spatial structure of a mixture, which may substantially affect radiation regime. Additional closely 
related theoretical work based on RT equation is the linear kinetic theory of stochastic mixture in 
cloudy atmospheres, developed by Pomraning [1991]. 
 
Below we detail application of the stochastic approach to model radiation regime in a mixture of 
discontinuous vegetation canopies. The stationary Stochastic RT (SRT) equation for single 
species (Chapter 7) was extended into the Stochastic Mixture RT (SMRT) equation for multiple 
species. In general, natural heterogeneity of vegetation (3D canopy structure) has two major 
components: discontinuity of vegetation; and mixture of species. The stochastic model for single 
species (Chapter 7) deals only with the first component of heterogeneity, discontinuity of 
vegetation, while the stochastic mixture model provides complete solution to the problem. The 
possibility of extending the original stochastic model to the mixture model already can be seen in 
the fact that single species discontinuous canopy can be treated as a mixture- a mixture of 
vegetation and gaps. The presentation is organized as follows. We start with the 3D RT equation 
and required parameterization of structure and optics of mixed canopy. Next, we formulate the 
SMRT equations and the model of stochastic moments of mixed canopy structure. Next, we 
perform an analytical and numerical analysis of the 3D radiation effects simulated by the SMRT 
model. 
 
 
2.2. Model Formulation  
 
3D RT Equation: Consider a heterogeneous vegetation canopy (a mixture of N different 
vegetation species and gaps as shown in Fig. 2), eliminated form above by solar radiation (both 
direct and diffuse components). The radiation regime in this system is described by the stationary 
3D transport equation for radiation intensity, , at spatial location  and direction : 
 
  (1) 

 
where  is the extinction coefficient, and  is the differential scattering 
coefficient, detailed later in this Section. The unique solution of the Eq. (1) is specified by 
boundary conditions, 
 

  (2) 
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where the first equation specifies incoming direct, , and diffuse, , radiation at 
the top of canopy (  is the direction of solar beam), and  denotes the ratio of direct to 
total incoming solar flux. The second equation specifies boundary condition at the canopy 
bottom, soil surface, which is assumed to be a Lambertian surface with hemispherical 
reflectance, . 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Schematic plot of mixture of discontinuous vegetation canopies (broadleaf and needle leaf 
species) in a coordinate system. The vertical axis, Z, is directed down. Canopy height is H. The angular 
direction, , is measured relative to the upward direction. 
 
The spatial structure of heterogeneous mixed canopy can be characterized by the indicator 
function of a canopy, , defined for each spatial location, , as follows: 
 
  (3a) 

 
where  is an indicator function of the individual species ‘j': 
 

  (3b) 

 
The equations above specify overall architecture of vegetation canopy as cumulative contribution 
of individual species in a mixture. The indicator function is assumed to be a random variable. We 
further assume that a particular spatial location is occupied only by a single species, i.e., 
 
 . (3c) 
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Density of canopy is defined by the Leaf Area Index (LAI) – one-sided green leaf area per unit 
ground area [m2/m2]. In the case of mixture of species, 
 
  (4) 

 
where  and are one-sided foliage area volume density [m2/m3] and LAI of species ‘j’, 
respectively, and the integration is performed over a volume of canopy, V, with a footprint, S. 
Given the indicator function, we can define spatially varying extinction coefficient, , and 
differential scattering coefficient, , as follows 
 
  (5) 

 

  (6) 

 
where  is the mean projection of leaf normals in the direction  and  is the 
area scattering phase function for species ‘j’ [Ross, 1981]. The above parameters depend on the 
probability density of species leaf normal orientation, , ( is a leaf normal direction) 
and species spectral leaf albedo,  (  is a wavelength) [Ross, 1981]. Finally, note that in 
the case of singe species, canopy indicator function is equivalent to a single species indicator 
function, and thus mixture model reduces to a model for single heterogeneous species, detailed in 
Chapter 7. 
 
Stochastic Mixture RT Equations: The mathematical formulation of the stochastic mixture RT 
equation requires two types of averages: (1) , mean intensity over the portion of the 
horizontal plane at depth z, occupied by species ‘i’; (2) , mean intensity over the total 
space of the horizontal plane at depth z, 
 

  (7) 

  (8) 

 
In the above, denotes the area of a circle of radius R; denotes the area of the horizontal 
plane at depth z, occupied by species ‘i’.  
 
Two stochastic moments characterize structure of the mixed canopy. The first stochastic moment 
is the probability, p, of finding species “i” at canopy depth z, 
 

,LAI)r(drdS
1)r(drdS

1LAI
j

)j(

j V

)j()j(
L

V
L åå òò =c==

)j(
Ld

)j(LAI

),r( Ws
),r(S W®W¢s

,)(G)r(d)r()(),r(
j

)j()j()j(
L

)j(

j

)j( åå Wc=cWs=Ws

,)()r(d)r()(),r(
j

)j(
)j()j(

L

j

)j()j(
SS åå W®W¢Gp

c=cW®W¢s=W®W¢s

)(G )j( W W )()j( W®W¢G

),r(g L
)j(
L W LW

)()j( lw l

),z(U )i( W
),z(I W

,),z,y,x(I)z,y,x(dxdy
TS
1),z(U

)i(
zR TS

)i(
)i(

zRR

)i( lim òò
Ç¥®

Wc
Ç

=W

òò W=W
¥®

RSRR
).,z,y,x(IdxdyS

1),z(I lim

RS
)i(

zT



6 

 . (9) 

 
The second moment is the pair-correlation function, q, between species ‘i’ at canopy depth z and 
species ‘j’ at depth  along the direction , 
 

 . (10) 

 
In the above, , , and  are projections of a unit direction vector, , on the x, y, and z 
axes, respectively. Argument for denotes a shift of the origin of plane  relative to plane z 
along x and y directions, required to evaluate correlation between the planes in direction  (cf. 
Fig. 2). Using the first and second moments of a vegetation structure, the conditional pair-
correlation of species, K(i,j), can be evaluated as 
 

 . (11) 

 
The procedure to derive the stochastic RT equations for multiple species from 3D RT equation is 
similar to one for single species (Chapter 7). The main difference is that integration over space 
occupied by vegetation should be split into sum of integration over individual species. We skip 
derivations here and provide only final equations (cf. Shabanov et al. [2007] for details). The 
system of equation for mean intensity over total space, , is 
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The system of equation for mean intensity over individual species , i=[1,N], is 
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  (13) 

 
In the Eq. (12) (Eq. (13)),  and (  and ) denote mean radiation 
intensities over whole horizontal plane (individual species) at the canopy boundaries; in the 
typical case of the uniform boundary conditions they are equal to the corresponding 3D values, 

 and  (cf. Eq. (2)). According to Eq. (12), , depends on , 
i=[1,N]. Note that, in contrast to a single equation for single species (Chapter 7), the Eq. (13) for 
N species corresponds to systems of N equations. This accounts for the fact of species radiative 
coupling. 
 
Separation of Direct and Diffuse Radiation: The mean intensity over species, , can be 
decomposed into the direct, , and diffuse, , components, according to the pattern 
of incoming solar radiation, Eq. (2), namely, 
 

   

 
Substituting this decomposition into Eq. (13) and collecting terms, which contain the Dirac’s 
delta function, , we will get system of N equations for the direct component, : 
 

 , (14) 
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where, 
 
 , (15b) 

   

  (15c) 

  (15d) 

 
The mean intensity over the total space of the horizontal plane, , can be decomposed into 
direct, , and diffuse, , components similarly: 
 

  (16) 

and 
 

  (17) 

 
where, ,  and  are defined by Eqs. (15b-d). 
 
Absorptance: The terms of the energy conservation law (canopy albedo, absorptance and 
transmittance) and mean intensities (  and ), derived according to the stochastic 
approach, follow the general rules for the BS- and S- problems (Chapter 7). The equation for 
absorptance has special features as it explicitly accounts for the contribution of different species, 
characterized by different optical properties. Taking into account the definition of absorptance 
(cf. Chapter 7), and Eqs. (7) and (9), the absorptance of the multi-species vegetation canopy is 
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  (18) 

 
Taking into account Eq. (18), we evaluate absorptance of the mixture as a linear sum of 
absorptances of individual species for BS- and S- problems, 
 

 . (19) 

 
Conditional Pair-correlation Function of Mixture of Species: The critical parameters of the 
SMRT equations are two stochastic moments of a canopy structure: the probability of finding 
species, p(i) (Eq. (9)), and the conditional pair-correlation of species, K(i,j) (Eq. (11)). The 
following three classes of canopy structure can be identified: a) non-ordered/chaotic mixture of 
species and gaps or turbid medium; b) ordered mixture of species without gaps; c) ordered 
mixture of species with gaps. The canopy structure (order/chaoticity) is controlled by the 
conditional pair-correlation of species, K(i,j), while amount of gaps is controlled by the 
probability of finding species p(i). In the general case, K(i,j) satisfies the following symmetry 
condition: 

   

   

  (20) 
 
The additional properties of K(i,j) in the special cases of canopy structure are as follows. In the 
case of turbid medium there is no correlation between phytoelements of different species, and 
therefore, K(i,j) simplifies: 
 

  (21) 

 
In the case of ordered species without gaps, K(i,j) satisfies the following two constraints: 
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  (23) 

 
if and only if, 
 

 .  

 

 
Figure 3. The conditional pair-correlation function, K(i,j), of the SMRT model as function of horizontal 
distance of correlation, , normalized by three diameter, 2a. The parameters are as follows: two species 
with probabilities p(1)=0.4 and p(2)=0.6; ; tree radius a=0.15; canopy height H=1. 
 
Finally, consider the case of ordered mixture of species with gaps. The conditional pair-
correlation function was derived according to the theory of stochastic geometry [Stoyan, Kendall 
and Mecke, 1995]. The derivations in the case of mixture of species [Shabanov et al., 2007] 
extend those for single species [Huang et al., 2007]. The derivations are based on the following 
assumptions about 3D stochastic canopy structure: a) tree species are modeled as identical 
cylinders; b) distribution of the tree centers follows stationary Poisson point process [Stoyan, 
Kendall and Mecke, 1995]. Under the above assumptions, the conditional pair-correlation 
function is as follows: 
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  (24b) 

 
In the above equations, parameter “a” denotes a tree radius, p(i) is the canopy depth independent 
probability of finding species,  is the Heaviside step function, and  is the horizontal 
distance of correlation, 
 
 . (24c) 

 
The conditional pair-correlation function for two species is shown in Fig. 3 In the case of the 
same species, correlation decreases as distance increases. This corresponds to increasing 
probability of one of the points being out of the same crown as distance increases. In the case of 
different species, correlation increases as distance increases. This corresponds to increasing 
probability of two points to be located in different crowns of different species with increasing 
distance. In the case of short distances, within-species correlation is 1, while between-species 
correlation is 0. In the case of large distances, correlation between any species is vanishing and 
K(i,j) converges to p(i). Both limiting cases are intuitively expected and captured by the proposed 
model. 
 
Numerical Scheme: The scheme for the stochastic mixture RT equations is an extension of one 
for single species (Chapter 7, Section 5): single system of linear equations for singles species is 
expanded into N systems of linear equations for N species. The key steps to solve mixture 
equations are identical to those for single species. The mean intensity over whole horizontal 
plane, , is just a linear combination of integrals of mean intensities over individual 
species,  i=[1,N] (Eq. (12)). The scheme to solve for  involves two steps: 1) 
solve Eq. (14) for direct intensities, ; 2) solve Eq. (15) for diffuse intensities, 

. Evaluation of the direct components, , requires solution of the system of N 
parametric Volterra equations. Evaluation of the diffuse components, , is based on 
SOSA method (Chapter 7, Section 5), at each step of iterations one needs to solve system of N 
parametric Volterra equations. Thus, the key difference in numerical solution of the singe species 
and mixture equations is that instead of single Volterra equation one needs to solve system of N 
such equations. The approach to solve the system of parametric Volterra equations is illustrated 
below with the following equation in the general form 
 

    i=[1,N]. (25a) 

 
Note that Eq. (25a) represents system of N equations,  is a parameter of the parametric 
Volterra equation, and  is unknown intensity of species i. The discrete form of Eq. 
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  (25b) 

 
For the purpose of the following derivations, let us rewrite the above equation as follows, 
 
   

  (26) 

 
Equation (26) is a system of N linear equations, which can be presented in the following matrix 
format, 
 
  (27a) 
 
where  is an N x N matrix, and  and  are N-elements vectors 
 

  (27b) 

  (27c) 

  (27d) 
 
The solution of Eq. (27) is derived sequentially starting with k=1. At each step  is a 
known matrix, vector  can be calculated from the previous step. The solution, 

, can be derived by Gauss-Jordan, LU-decomposition or similar 
techniques for solving linear system of equations [Press et al., 1986]. The complete step-by-step 
numerical scheme is given in Shabanov et al. [2007]. 
 
 
2.3. Analytical Analysis 
 
The analytical analysis of the SMRT equations is performed for the three classes of canopy 
structure (cf. Section 2.2): a) non-ordered mixture of species and gaps (turbid medium); b) 
ordered mixture of species without gaps; c) ordered mixture of species with gaps. 
 
Turbid Medium: In the case of non-ordered mixture of vegetation species and gaps (turbid 
medium) K(i,j) is reduced to p(j) (cf. Eq. (21)). In this case Eq. (13) is equivalent to Eq. (12) and 
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different species. Lack of between species variation of fluxes is a consequence of the lack of 
spatial gradient of structure in a turbid medium: the same proportion of different species 
occupies each spatial location at particular canopy depth. Thus, in the case of turbid medium, Eq. 
(12) and (13) correspond to single equation, where species-dependent optical properties are 
combined in effective optical properties of a mixture as a whole, 
 
  (28) 

 
where X corresponds to  and , and any expressions including its components or derivatives, 
such as  or , etc. As mentioned before (cf. Section 2.1), approach of effective optical 
properties was already implemented in the scaling scheme of the radiation block of the 
Command Land Model and the MODIS LAI algorithm. Such approach is valid only for non-
ordered canopy (turbid medium) and may lead to a bias in evaluation of the radiation field of a 
natural structured mixture (cf. discussion later in this Section). 
 
To conclude, consider one important implication of the general rule of Eq. (28) with respect to 
gaps. In the simplest case of the turbid medium of single species with gaps, the impact of gaps on 
RT equations is reduced to rescaling of LAI (cf. Eq. (4)-(6)): 
 
 ,   ,     
 
However, in the more complex case of the turbid medium of multiple species with gaps ( , , 
and  depend on species), the above simple rescaling rule is not applicable, and effective 
parameters should be used: 
 
 ,   ,     

 
 
Ordered Mixture without Gaps: Next, consider the special case of ordered mixture of 
vegetation species with no gaps between them. This case is not equivalent to a turbid medium, 
because spatial heterogeneity is characterized not only by ordered composition of vegetation 
clumps and gaps, but also by ordered composition of different species (K(i,j) p(j)). In this special 
case some constraints for the SMRT equations can be derived. In the following derivations we 
assume 
 . (29) 

 
For simplicity we perform derivations for the direct component of radiation over species, . 
Multiplying Eq. (14) by p(i)(z) and performing summation over index “i”, we have 
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  (30) 

 
Taking into account Eqs. (23) and (29), Eq. (30) can be reduced to 
 

 . (31) 

 
Note, that Eq. (31) does not uniquely specify the solution, rather it provides a general constrain 
for a family of solutions with different K(i,j). Comparing Eqs. (31) and (16), we have 
 
 . (32a) 

 
Applying the above derivation technique to Eqs. (15) and (17), we will derive similar equation 
for total intensity (both direct and diffuse components), namely, 
 
 . (32b) 

 
The above equation can be easily satisfied in the special case of the turbid medium model, as 
radiation over individual species is the same. However this equation is applicable to a more 
general case of ordered mixture of species with species-dependant fluxes (cf. further discussion 
in this Section and Section 2.4). 
 
Radiation over Gaps: Next, consider the general case of ordered species with gaps. In the 
framework of the SMRT model, gaps can be treated as a special type of vegetation species with 

= =0 and =0. The equation for the mean intensity over gaps, , can be derived 
as follows. Consider system of N+1 species, i.e., N vegetation species and 1 “species” of gaps, 
such that 
 
 . (33) 

 
According to Eq. (32b), formulated for the above N+1 species, 
 
 . (34) 

 
Combining Eqs. (33) and (34), we will derive expression for  namely 
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  (35) 

 
Note, that in the case of the turbid medium, Eq. (35) is reduced to 
 
 . (36) 
 
The derived equations for the mean radiation over gaps have important implications for LAI 
retrievals from field measurements of radiation by a range of commercial optical instruments, 
including LAI-2000, AccuPAR, TRAC, etc. [Breda, 2003]. Measurements are performed over 
gaps and retrievals are performed according to the turbid medium model, which does not 
differentiate between fluxes over gaps and vegetation species (Eq. (36)). In reality, radiation 
fluxes over individual vegetation species and gaps may show substantial variation. To achieve 
better accuracy, retrieval technique of the standard optical instruments needs to be reformulated 
in terms of the stochastic equations. 
 
Uncollided Radiation: Next, consider the SMRT equations in the limiting case of uncollided 
radiation. This case can serve as an approximation for VIS wavelengths, where absorption is 
large and scattering is limited. In the following we will compare derivations for turbid medium 
and ordered medium, to further clarify impact of canopy structure on radiation regime. To 
simplify derivations and get analytical expression we assume that incoming radiation is purely 
direct (SZA=00) and probabilities of species do not depend on canopy depths, i.e., p(i)(z) p(i). 
First, consider the turbid medium case. Recall, that in this case K(i,j) = p(i) (cf. Eq. (21)) and 
system of Eq. (14) for direct radiation, , reduces to a single equation: 
 

 . (37) 

 
The solution of the above equation is 
 

  (38) 

 
where T(z) denotes canopy transmittance at depth z. The canopy absorptance can also be 
analytically evaluated (cf. Eq. (18) for , j=1,N) as follows, 
 

  (39) 
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Next, consider the case of ordered species composition. In the following derivation we will use 
the conditional pair-correlation, as defined by Eqs. (24a-b). According to these equations and the 
specified assumptions, K(i,j) =1, if i=j, and K(i,j) =0, if i j. In this case Eq. (14) reduces from a 
system of equations to a set of independent equations for individual species, namely 
 

 ,   i=[1,N]. (40) 

 
The solution of each equation above depends on parameters of individual species, not whole 
mixture, 
 
  (41) 
 
Equation (16) for mean intensity in this case is reduces to 
 

  (42) 

 
The canopy absorptance is calculated as follows, 
 

  (43) 

 

 

Figure 4. Sunlit areas at the canopy bottom is 
a 3D effect, arising due to radiation streaming 
through the gaps without interaction with 
canopy (Image credit: D. Ahl, University of 
Wosconsin).  

 
Compare canopy transmittance for the turbid (Eq. (38)) and ordered (Eq. (42) medium. As LAI 
(or canopy depth, H) is increasing, the canopy transmittance converges to 0 in the case of the 
turbid medium, and to a gap probability in the case of the ordered medium. The ordered medium 
case provides a realistic description of the radiation regime, as it accounts for radiation streaming 
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through gaps without interaction with vegetation, such that portion of the sunlit area at the 
ground is equal to the gap probability (Fig. 4). Next, compare absorptance for the turbid (Eq. 
(39)) and ordered (Eq. (43)) medium. As LAI increases the canopy absorptance converges to 1 in 
the case of turbid medium and to cumulative probability of all species in the case of the ordered 
medium. Again, the case of ordered medium provides a more realistic description of the radiation 
regime, as only the portion of photons, traveling through leaves can be absorbed. Finally, 
comparison of the structure of equations for absorptance and transmittance indicates that in the 
case of turbid medium species interact significantly, while in the case of structured medium they 
are radiatively decoupled. Overestimation of species radiative coupling in the turbid medium 
model take place because this model neglects spatial clumping of species. 
 
Linear Mixing Assumption: Multiple land algorithms utilized for estimation of land cover 
mixture from coarse resolution satellite data rely on the empirical model of linear mixture of 
species [DeFries et al., 1999]. Under this assumption canopy spectral reflectance of a mixed 
pixel is expressed as a linear combination of canopy spectral reflectances of pure species. The 
linear mixture model ignores species radiative coupling. This coupling in a natural canopy is 
caused by multiple scattering, that is, after interaction with phytoelements of the first species, 
photon is scattered into another species. 
 
The SMRT model can be reduced to the linear mixture model, and allows analysis of empirical 
assumptions of the latter. Indeed, according to Eq. (34), mean radiation over mixed pixel, , 
is equal to a weighted average of the radiation fields over pure species, , and gaps, 

. However,  are coupled though system of Eq. (13). In order to derive the 
linear mixture model from the SMRT model one needs to break the coupling, that is, set to 0 the 
conditional pair-correlation function for different species, K(i,j) =0, when i j. This assumption 
apparently violates the basic geometry constraints on  (i.e., Eqs. (22)-(23) in the case of no 
gaps), and intuitively one may expect that non-physical decoupling may result in the violation of 
energy conservation law. However this is not true. To demonstrate this, consider system of Eq. 
(12), where  are derived from Eq. (13), formulated for single species ‘i’ (more 
precisely, mixture of species ‘i’ and gaps). Equation (12) can be rewritten in a short form as 
 

  (44) 

 
where  corresponds to the terms under the sign of sum over species in Eq. (12),  
is the mean intensity over whole mixture at height z, and  ( ) corresponds to 
boundary value at the canopy top (bottom). The  functions are available from Eq. (12), 
formulated for single species ‘j’: 
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  (45) 

 
Combining Eqs. (44) and (45) we have 
 

  (46) 

 
Next, we integrate Eq. (46) over lower and upper hemispheres to evaluate reflectances, R, and 
transmittances, T, and substitute the results into the energy conservation law (Chapter 7), 
 
   
   

   

  (47) 

 
In the last transformation we utilized the fact that the energy conservation law is valid for the 
single-species problem, that is, 
 
   
 
Therefore, for the special case of the BS-problem (cf. Chapter 7), we have 
 
              
 
and for the S-problem (cf. Chapter 7), 
 
              
 
Finally, from the validity of the energy conservation law for BS- and S- problems it follows the 
validity of this law for the total problem (cf. Chapter 7). Therefore, while radiative decoupling of 
vegetation species is physically meaningless, it is still a mathematically valid exercise and may 
describe RT processes in some other medium. 
 
To summarize, the results of this and previous sections indicate that the linear mixture model 
ignores, while turbid medium overestimates species radiative coupling compared to a realistic 
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description of the SMRT model. The effect of radiation coupling will be further studied 
numerically in the next section. 
 
 
2.4. Numerical Analysis 
 
In the following we numerically investigate features of the SMRT model by comparison to the 
turbid medium (TM) model. Both cases were implemented with the same set of stochastic 
equations and input parameters, except the conditional pair-correlation function: Eq. (24) was 
used to implement the SMRT model, and Eq. (21) for the TM model. 
 

 

Figure 5. Comparison of vertical profiles of up and down radiation fluxes as simulated by the TM and 
SMRT models for mixture of two species and gaps. The SMRT model captures spatial variation of fluxes 
between species 1 (dashed line), species 2 (dotted line), and gaps (dash-dot line) and also evaluates 
average flux over whole mixture (solid line). The TM model estimates only average flux over whole 
mixture (hollow dots). The models parameters are as follows: p(1)= 0.40, p(2)=0.20; dL

(1)= 4, dL
(2)= 6; 

=0.12, = 0.20,  =0.90, = 0.60; = =0.10; 
direct incoming flux, SZA=150. 
 
To understand the overall merits of the SMRT model, consider radiation fluxes as function of 
canopy depth, as shown in Fig. 5. The SMRT model differentiates between radiation fluxes over 
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individual species, gaps, and whole mixture (corresponding to mean intensities ,  and 
), while the TM model provides no distinction between the above fluxes (cf. Section 2.3). 

According to the SMRT model, variation of the fluxes between individual vegetation species is 
relatively smaller compared to difference in fluxes between vegetation and gaps. Also note, that 
limitations of the TM model result in a bias (both overestimation and underestimation) in 
estimation of mean fluxes over whole mixture compared to the SMRT simulations (compare 
fluxes over whole mixture). Detailed analysis of the impact of various parameters on the SMRT 
and TM models simulations is presented with six case studies below (Figs. 6-11). 
 
First, consider impact of Solar Zenith Angle (SZA) on canopy albedo, absorptance and 
transmittance as function of LAI, as simulated with the SMRT and TM models at Red and NIR 
wavelengths (Fig. 6). The simulations were performed with SZA of 00 and 600. Two vegetation 
species with gaps were used: p(1)=0.2, p(2)=0.3, p(gap)=0.5. The complete set of parameters is 
presented in the figure caption. In the case of SZA=00, the SMRT model predicts lower albedo, 
substantially lower absorptance and substantially higher transmittance compared to the TM 
model. However, in the case of SZA=600 both models demonstrate quite similar results. The key 
physical explanation for the difference between the SMRT and TM simulations at SZA=00 is that 
the SMRT model accounts for radiation streaming through gaps without interaction with 
vegetation (Fig. 4). This explains results for absorptance and transmittance. Albedo is lower in 
the case of the SMRT compared to the TM model, because in the former case a dark soil is better 
exposed through gaps in a relatively bright vegetation (compare  and ). Next, note that the 
numerical simulations for absorptance and transmittance at Red wavelength closely follow 
analytical expressions, derived for uncollided radiation for SZA=00 (cf. Section 2.3). For 
instance, in the case of high LAI, transmittance from the SMRT model approaches 1-(p(1)+ p(2)) 
(Eq. (42)), while transmittance from the TM model converges to 0 (Eq. (38)). Next, we explain 
results for SZA=600. In this case the effect of radiation streaming is negligible: even if photon 
enters canopy through a gap, it will be intercepted by a lateral surface of a tree foliage. 
Mathematically, the reasoning is as follows: as angle is increasing, effective distance between 
vegetation elements, , is increasing (cf. Eq. (24)), which results in convergence of the 
conditional pair-correlation function for ordered species to one for non-ordered species (Fig 3). 
 
Second, consider the impact of soil reflectance on the radiation quantities (Fig. 7). Set of 
parameters for this case study was similar to the previous one, except SZA is fixed and equal to 
00, while two soil albedos (0 and 1) were used. Note the special feature of the canopy albedo for 
high LAI: in the case of the TM model, albedo converges to a single value, independently from 
soil albedo, while such convergence does not exist in the case of the SMRT model. This is 
another effect, associated with radiation streaming through gaps. Next, consider results for 
absorptance. Canopy absorptance is increasing with increasing soil albedo, and such effect is 
more pronounced for the SMRT model. The physical explanation for this is that some portion of 
the total radiation can stream through the gaps to the canopy bottom without being absorbed. If 
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soil is bright, this radiation is bounced back and receives a second chance to be absorbed by a 
canopy. However, if soil is dark, this mechanism is vanishing. Finally, consider results for 
transmittance. In the case of Red wavelength, soil albedo has virtually no effects on 
transmittance both for the TM and SMRT models. In the case of NIR wavelength, higher soil 
reflectance results in a higher transmittance and this effect is enhanced in the SMRT simulations 
due to radiation streaming through gaps. 
 
Third, consider the impact of species composition on a radiation regime (Fig. 8). Here we used 
two species with optical properties roughly corresponding to broadleaf (species 1) and needle 
leaf (species 2) forests, which have substantial contrast both at Red and NIR wavelengths. The 
probability of each species (p(1) and p(2)) was varying from 0 up to 0.6, under restriction, that 
total probability of all species is constant through the simulations, i.e., p(1)+ p(2)=0.6=fixed. Thus, 
radiation regime was evaluated for all possible combinations of two species under significant 
amount of gaps, p(gap) =0.4=fixed. Results indicate that both the TM and SMRT models simulate 
continuous, fairly large variation of canopy albedo, absorptance and transmittance with respect to 
species composition. However, the TM model introduces a significant bias in the estimation of 
the above parameters due to ignoring canopy structure. Finally, note that variations of canopy 
albedo, absorptance and transmittance with respect to species compositions are quite close to 
linear at Red wavelength, but demonstrate fairly large deviation from linearity at NIR 
wavelength. Note that linearity for absorptance with respect to species composition can be seen 
in Eqs. (39) and (43) in the case of high LAI. 
 
Fourth, consider the role of gaps in a radiation regime (Fig. 9). Simulations were performed for 
two species under constrain that the probabilities of both species are equal and its sum is varying 
between 0 (only gaps) and 1 (only vegetation). The SMRT model is not equivalent to the TM 
model even in the limiting case of no gaps (cf. Section 2.3). Results for canopy albedo are as 
follows. Albedo at Red wavelength is decreasing as gaps are replaced with vegetation, because 
albedo of leaves was selected to be comparable to soil albedo, however, when more leaves are 
introduced, they trap radiation, scattered within canopy, more efficiently. Also, canopy albedo 
for the TM and SMRT models are approximately equal at Red wavelength. However, at NIR 
wavelength albedo is increasing with decreasing amount of gaps, and the TM model predicts 
higher albedo compared to the SMRT model. The physical reason for this is that at NIR 
wavelength leaves are brighter then soil, and therefore, increasing amount of leaves will increase 
albedo. Additionally, vegetation gas of the TM model efficiently covers soil, compared to 
discontinuous canopy with gaps in the SMRT model, which results in further enhancement of 
albedo in the TM model compared to the SMRT model. Next, the simulations indicate that 
overestimation of absorptance by the TM model compared to the SMRT model is directly 
proportional to the gap fraction/clumping of species. Finally, results for canopy transmittance 
indicate that as amount of gaps is decreasing, transmittance, evaluated by the SMRT model 
converges to one for the TM model. 
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Figure 6. Impact of SZA on canopy albedo, absorptance and transmittance, as evaluated with the TM 
(dots) and SMRT (lines) models. Runs for direct incoming flux with SZA=00 and =600 are marked with 
solid style and style with holes, respectively. The other parameters are as follows: p(1)= 0.20, p(2)=0.30; 
dL

(1)= dL
(2)= [0.0-16.0]; =0.12, =0.20,  =0.90, = 0.60; 

= =0.10. 
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Figure 7. Impact of soil reflectance on canopy albedo, absorptance and transmittance, as evaluated with 
the TM (dots) and SMRT (lines) models. Runs with soil reflectance =  = 0.0 and 
=1.0 are marked with solid style and style with holes, respectively. The other parameters are as follows: 
p(1)=0.20, p(2)=0.30; dL

(1)= dL
(2)= [0.0-16.0]; =0.12, =0.20, = 0.90, 

= 0.60; direct incoming flux, SZA=00 
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Figure 8. Impact of species composition on canopy albedo, absorptance and transmittance, as evaluated 
with the TM (dots) and SMRT (lines) models for the case of mixture of two species. The models 
parameters are as follows: p(1)+p(2)=0.60; dL

(1)=4.0, dL
(2)= 6.0; = 0.12,  =0.20, 

=0.90, = 0.60; = =0.10; direct incoming flux, SZA=00. 
Shaded areas highlight absorptance of individual species in the case of the TM model simulations. 
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Figure 9. Impact of gaps on canopy albedo, absorptance and transmittance, as evaluated with the TM 
(dots) and SMRT (lines) models for the case of mixture of two species. The models parameters are as 
follows: p(1)=p(2)=[0.0-0.5]; dL

(1)=4.0, dL
(2)= 6.0; =0.12, =0.16, =0.80, 

= 0.70; = =0.10; direct incoming flux (SZA=00). Shaded areas highlight 
absorptance of individual species in the case of the TM model simulations. 
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In the fifth case study we probed deeper special case of mixture of species without gaps (Fig. 
10). Intuitively, in the case of no gaps, ordered mixture of species is quite close to non-ordered 
mixture (turbid medium). In this simulation we addressed two questions: a) When ordered 
mixture of species is important? b) Why gaps significantly perturb radiation field of ordered 
mixture of species? As mentioned earlier, key feature of vegetation structure, which 
differentiates between ordered and non-ordered cases is a presence of spatial gradient of optical 
properties of a medium (such as leaf albedo, density of LAI, etc). If the medium is ordered, the 
spatial gradient of the optical properties should be significant enough to modify the radiation 
regime of the SMRT simulations with respect to the TM simulations. Optical properties of gaps 
constitute especially large contrast to ones of any vegetation species. This explains special role 
of gaps in the SMRT simulations. The variation of the optical properties of vegetation species is 
as follows: leaf albedo may vary by factor of 2 in majority of cases, while variation in the foliage 
area volume density may be arbitrary large. Our test runs (not presented here) indicate no 
significant difference between the SMRT and TM simulations as function of variations of leaf 
albedo for typical vegetation canopies. Simulations for two species with varying foliage area 
volume density (dL(1) and dL(2)) indicate significant bias in the estimation of absorptance by the 
TM model with respect to the SMRT model when dL(2)/dL(1)=0, no difference when dL(2)/dL(1)=1, 
and increasing bias with respect to increasing contrast in the foliage area volume density of 
species (Fig. 10). Note that the TM model introduces bias not only to total absorptance but also 
to the partitioning of total canopy absorptance between species. 
 

 

Figure 10. Impact of species LAI density on partitioning of total absorptance between individual species, 
as evaluated with the TM (dots) and SMRT (lines) models for the case of mixture of two species. The 
models parameters are as follows: p(1)=0.4, p(2)= 0.6; dL

(1)=4.0, dL
(2)= [0.0-16.0];  =0.12, 

 =0.20, =0.90, = 0.60; = =0.10; direct incoming 
flux, SZA=00. Shaded areas highlight absorptance of individual species in the case of the TM model 
simulations 
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Figure 11. Impact of species interaction on canopy absorptance, as evaluated with the TM (dots) and 
SMRT (lines) models. Runs for direct (SZA=00), and diffuse incoming fluxes are marked with solid style 
and style with holes, respectively. The other parameters are as follows: p(1)=0.4, p(2)= 0.5 or variable; 
dL

(1)=6.0, dL
(2)=9.0 or variable; = 0.12, =0.16,  =0.60, = 0.80; 

= =0.10. 
 
Next, consider the sixth case study, demonstrating the effect of species radiative interaction (Fig. 
11). Here we evaluated the impact of LAI changes of species 2 on the absorptance of species 1. 
The LAI of species 2 was constructed according to two scenarios: a) keep p(2) constant and vary 
dL(2) (top two panels for Red and NIR wavelengths); b) keep dL(2) constant and vary p(2) (lower 
panels). We also used two illumination conditions: purely direct incoming flux, SZA=00; and 
purely diffuse incoming flux. The results indicate, that absorptance of species 1 decreases by 
factor of two both at Red and NIR wavelengths as LAI of species 2 is changing from 0 to 4 in the 
case of the TM model under direct illumination. In contrast, the SMRT model predicts no 
significant variations in the absorptance of species 1 at Red wavelength, and increase by about 
15% in the case of NIR wavelength under direct illumination. In the case of diffuse illumination 
the SMRT and TM models predict similar interaction of species- decrease of the absorptance of 
the first species as LAI of the second is increasing. This last result of this case study match the 
results of the first case study: under diffuse illumination or low SZA, the simulations by both 
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models converge. Overall, this last case study demonstrates that natural mixture of discontinuous 
species exhibit less radiative coupling compared to the turbid medium approximation. 
 
The final comment is on the overall performance of the SMRT model. The SMRT code is 
computationally compact- CPU requirements are similar to those for the solution of 1D RT code 
[Shabanov et al., 2000]. Computational errors increase with increasing LAI, SZA, which is 
typical for majority of the RT models. Additional errors, specific to the SMRT, can be 
accumulated under the condition of large number of species with highly varying optical 
properties. Presently the performance of the model was not evaluated with respect to field 
measurements, this should be done in the future utilizing the required set of structured 
parameters and radiation measurements of sufficiently high accuracy. Nevertheless, confidence 
in the SMRT model performance should be drawn from the fact, that the mixture model extends 
the one for single species, which was extensively evaluated with field measurements and was 
utilized in multiple applications in the past [Huang et al., 2007; Kotchenova et al., 2003; 
Shabanov et al., 2000, 2005]. 
 
 
2.5. Summary 
 
The application of the stochastic approach for remote sensing of vegetation mixtures was 
introduced. The Stochastic Mixture RT (SMRT) model describes radiation regime in a 
heterogeneous vegetation canopy with spatially varying optical properties. The SMRT model 
provides a general solution of the mixture problem, which includes, as special cases, the major 
approximate solutions, including the linear mixture and turbid medium mixture RT models. The 
SMRT model solves for the radiation quantities, direct input to remote sensing/climate 
applications: mean fluxes over mixture and over individual species. The canopy structure is 
parameterized in the SMRT model in terms of two stochastic moments: the probability of finding 
species and the conditional pair-correlation of species. The second moment is responsible for the 
3D radiation effects, namely, radiation streaming through gaps without interaction with 
vegetation and variation of the radiation fluxes between different species. If the within- and 
between- species correlation is vanishing, the SMRT model reduces to the turbid medium RT 
model. Namely, this situation is realized in the SMRT simulations under direct illumination with 
low SZA or diffuse illumination. If the between- (but not within-) species correlation is set to 
zero, the SMRT model reduces to the linear mixture model. The analysis of the SMRT 
simulations indicates that the variation of radiation fluxes between different species is 
proportional to the variation of optical properties of species (leaf albedo, density of foliage, etc.) 
Gaps introduce significant disturbance to the radiation regime in the mixed canopy as their 
optical properties constitute a major contrast to those of any vegetation species. Set of accurate 
field measurements on canopy structure and radiation is required to further assess performance 
of the SMRT model and to improve modeling of the pair-correlation function. 
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3. Time-dependent Stochastic Radiative Transfer 
 
 
3.1. Lidar Remote Sensing 
 
Active remote sensing complements and enhances passive remote sensing measurements of the 
3D canopy structure. In general, signals recorded by passive sensors, operating at visible and 
mid-infrared wavelength, undergo influence of a range of physical factors, including atmospheric 
contamination, background scattering and effect of view-illumination geometry. Thus passive 
remote sensing measurements have to be corrected before attempting retrievals of the canopy 
structure. Some of the above problems can be eliminated (however new challenges arises) with 
the use of major types of active remote sensing instruments, including active Synthetic Aperture 
Radar (SAR) systems, and small and large footprint laser altimeters. Like passive optical 
systems, SAR polarimetry systems map well the horizontal organization of vegetation, however 
fail to provide direct information on its vertical distribution. In the case of the small footprint 
lidars, the small-diameter beams frequently miss the top of vegetation in sparse canopies, while 
in dense canopies, it is difficult to determine whether a particular shot has penetrated through the 
canopy and reached the ground. A new class of instruments, large footprint waveformrecording 
laser altimeters (lidars), has demonstrated a potential to significantly improve remote estimates 
of vertical forest structure [Drake et al., 2002a-b; Lefsky et al., 1999a-b, 2002]. The group of 
existing large footprints lidars includes two air-borne instruments, the formerly utilized Scanning 
Lidar Imager of Canopies by Echo Recovery (SLICER) and current instrument, Laser Vegetation 
Imaging Spectrometer (LVIS), and the space-borne Geoscience Laser Altimeter System (GLAS), 
onboard the ICESat satellite. Another space-borne instrument, Vegetation Canopy Lidar (VCL), 
is under development presently. 
 
SLICER transmits short-duration pulses (4 ns pulse width at the half of the amplitude) with a 
beam divergence of approximately 2 mrad at frequency of 80 Hz. It operates in NIR wavelengths 
(1064 nm). The energy transmitted per pulse is about 0.7 mJ. The SLICER footprint distribution 
pattern on the ground is a swath consisting of five contiguous footprint lines along the direction 
of flight. Each footprint is approximately 9 m in diameter. The diameter of the area covered by 
the telescope field-of-view (FOV) is five times as much as the laser footprint diameter. The 
telescope FOV is aligned to seize five contiguous cross-track footprints [Harding et al., 2000; 
Lefsky et al., 1999a]. 
 
LVIS is an advanced version of SLICER. It emits Gaussian-shaped pulses with 10 ns pulse-
width at repetition rates of up to 500 Hz in the NIR wavelengths (1064 nm). The energy 
transmitted per pulse is about 5 mJ. The LVIS telescope FOV significantly exceeds that for 
SLICER, 70 versus 20, which allows it to operate in a number of different modes. Footprint sizes 
from 1 to 80 m are possible, determined by the altitude of the airplane and the focal length of a 
diverging lens in the output path. The distance between adjacent footprints can be changed both 
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along and across track. A standard sampling pattern consists of parallel 1-km wide swaths 
generated using 30-40 25-m wide footprints separated by 10-20 m along and across track [Blair 
& Hofton, 1999]. 
 
GLAS instrument onboard the ICESat platform provides continuous global measurements along 
the 183-day repeat tracks with a maximum cross-track separation of 15 km at the equator. Pulses 
are emitted at rate of 40 Hz with pulse width of 5 ns in NIR (1064 nm). Large, non-contiguous 
GLAS footprints with the diameter of ~ 70 m are not optimized for retrieval of vegetation 
structural parameters. The primary goal of the ICESat mission is to measure ice, ocean and land 
elevation and cloud structure. Nevertheless, as the GLAS waveforms have high vertical 
resolution (of 15 cm) and good signal-to-noise ratio, some vegetation structural parameters are 
possible to retrieve where the ground and canopy echoes can be decomposed [Zwally et al., 
2002]. 

 

Figure 12. Schematic plot 
of lidar waveform measu-
rements  with the SLICER 
instrument. (Graphycs 
credit: Dr. Harding, NASA 
GSFC). 
 

 
Lidar instruments operate according to the following general scheme. A short-duration laser 
pulse is sent from the zenith to nadir, and then the amplitude of reflected energy is recorded as a 
function of time. The obtained distribution of intercepted surfaces with height is referred to as 
lidar waveform (Fig. 12). The first significant return above a noise threshold is used to estimate 
the top of the canopy, the midpoint of the last return represents the reflection from the ground, 
and canopy height is calculated as the distance between these two returns [Harding et al., 2001]. 
The amplitude of the recorded waveform measures the strength of the return. For surfaces with 
similar reflective properties and geometry within a footprint, the larger amplitude indicates more 
canopy material. 
 
Current applications of the large-footprint lidars fall into three main categories: remote sensing 
of the ground topography, measurement of the three-dimensional canopy structure, and 
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estimation of forest structural attributes [Lefsky et al., 2002; Dubayah et al., 2000]. Canopy 
height and ground elevation are the only parameters that are measured by the lidars directly. 
Other structural attributes biomass and canopy height profiles (CHPs), or the distribution of 
canopy material with height requires apriory knowledge and modeling. 
 
The current algorithm for retrieval of CHPs from lidar-recorded signals [Lefsky et al., 1999a; 
Harding et al., 2001] suffers from two significant drawbacks. The algorithm was developed 
following the main principles of MacArthur & Horn [1969] for estimation of foliage height 
profiles (FHPs) in broadleaf forests. It is based on the simplifying assumptions that (1) the 
horizontal distribution of leaves is uniform and (2) only single scattered photons contribute to the 
return signal. The assumption of uniform horizontal distribution ignores foliage clumping. 
However, due to foliage clumping more radiation is allowed to penetrate deeper into the canopy 
without being intercepted by foliage [Ni-Meister et al., 2001]. Additionally, a lidar pulse at NIR 
wavelengths is weakly absorbed and the returned waveform is affected by multiple scattering, 
especially in the case of dense forests [Govaerts, 1996]. One of the effects of multiple scattering 
in dense canopies is related to a significant enhancement of the lower part of the signal. The 
main reason for this effect is that the path of multiply scattered photons is longer than the straight 
line path between the instrument and the target and, thus, those photons appear delayed, 
compared to single-scattered photons. The significance of the effect of multiple scattering in 
lidar measurements is currently under debate presently [Blair & Hofton, 1999; Sun & Ranson, 
2000]. 
 
Below we detail application of the stochastic approach for modeling of propagation of lidar 
signal in heterogeneous vegetation canopies. The stationary Stochastic RT equation for single 
species (Chapter 7) was extended to the Time-dependent Stochastic RT (TSRT) equation. The 
stochastic description of the process arises naturally due to the fact that large footprint lidars 
measure mean pulse intensity over the extended area of their footprints. Additionally, the 
stochastic equations allows to account for multiple scattering, realistic representation of forest 
structure including clumping and gaps, and simulation of off-nadir and multi-angular 
observations. The presentation is organized as follows. Starting form 3D Time-dependant RT 
equation we formulate the time-dependant stochastic equations. Next, the sensitivity study of the 
simulated non-stationary radiation regime is performed. Next, simulated waveforms are 
evaluated with respect to SLICER measurements over coniferous and mixed-deciduous stands 
and the impact of multiple scattering is assessed. 
 
 
3.2. Model Formulation 
 
3D RT Equation: Consider a single species heterogeneous vegetation canopy. A lidar beam 
illuminates a vertical vegetation stand of the diameter of the laser footprint. Due to the small 
divergence angle, photons can be assumed incident parallel on the top of the stand. The radiation 
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regime inside the canopy is strongly time-dependent due to the short duration of a lidar pulse. 
The propagation of photons through vegetation is described by the time-dependent 3D transport 
equation for radiation intensity, , at time t, spatial location  and direction : 
 

  (48) 

 
where;  is the extinction coefficient, and  is the differential scattering 
coefficient [Ross, 1981]. Both coefficients are formulated in the same way as for stationary RT 
for singe heterogeneous species: =  and =  where 

 and  are coefficients for vegetated portion space, and  is a canopy 
indicator function (cf. Chapter 7). The unique solution of Eq. (48) is specified by boundary and 
initial conditions: 
 

  (49) 

 
where  is the direction of incoming radiation;  is a function characterizing pulse intensity; 

is a footprint area; and  is the hemispherical reflectance of ground which is assumed to 
be a Lambertian surface. 
 
Stochastic RT Equations: A procedure to derive Time-dependant Stochastic RT (TSRT) 
equations from time-dependant 3D equation is similar to one for stationary 3D equation for 
single species (Chapter 7). Following this procedure we derive equations for the mean intensities 
over total space, , and over vegetated areas, . The system of equation for 

 is, 
 

  (50) 
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  (51) 

 
The averaging procedure leads to a parameterization of the TSRT equations in terms of the 
probability of finding vegetation elements at height z, p(z), and the conditional pair-correlation 
function of vegetation elements at two layers z and in direction in direction ,  (cf. 
Chapter 7). Note that the boundary source terms in Eq. (51) are the same as in Eq. (50). The 
equality, , follows from the assumption of a uniform horizontal distribution of 
incident laser energy. The equality  follows from the assumption of 
homogeneity of the ground surface. 
 
Two important issues related to Eqs. (50)-(51) need to be discussed. First, the integration is 
performed over the area approximately equal to the laser footprint area with 8.4 – 9.0 m in 
diameter for the coniferous sites and 10.4 – 11.0 m for the deciduous sites. As this area is 
relatively large, radiation fluxes through the lateral boundaries can be neglected and the concept 
of mean intensity is appropriate. Second, the spatial distribution of laser energy across the 
footprint has a circular, Gaussian distribution [Harding et al., 2000]. We approximate the 
Gaussian distribution with a uniform distribution in order to satisfy the requirements of a 
stochastic approach. The total amount of energy within the footprint area remains the same. It 
should be noted, in general, the use of the Gaussian and uniform distributions of incident energy 
would lead to different forms of the return. Within the chosen approach, however, a layer within 
vegetation is treated as a horizontal surface with averaged parameters characterizing its reflection 
and transmission properties. Thus, the model is sensitive only to the total amount of radiation 
incident at each layer and the Gaussian distribution can be replaced with the uniform 
distribution. 
 
Separation of Direct and Diffuse Radiation: The procedure to derive equations for direct and 
diffuse components of mean radiation intensity over total space, , and over vegetation, 

, in the case of time-dependant equations is identical to that for stationary equations (cf. 
Chapter 7). We express the solution of Eq. (51) for as the sum of direct and diffuse 
components, that is, 
 
 . (52) 
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Substituting Eq. (52) into Eq. (51) and separating the terms with  results in an 
equation for the direct component, 
 

  (53a) 

 
where  characterizes the intensity of incoming radiation (cf. Eq. (49)). The diffuse 
component, , satisfies the following equations: 
 

  (53b) 

 
where 
 
  (53c) 

 
The mean intensity over the total space of the horizontal plane, , can be decomposed 
into direct, , and diffuse, , components similarly: 
 

 . (54a) 
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  (54b) 

 
where,  is defined by Eq. (53c). 
 
Numerical Scheme: The numerical scheme of solutions of the time-dependant stochastic RT is 
an extension of the corresponding scheme for the stationary stochastic RT equation for single 
species (Chapter 7). The key steps are the same. The mean intensity over whole horizontal plane, 

, is derived based on mean intensity over vegetation,  (Eq. (50)). The scheme 
to solve for  involves two steps: 1) solve Eq. (53a) for direct intensity, ; 2) 
solve Eq. (53b) for diffuse intensity, . To solve for direct intensity, Eq. (53a) is 
integrated over time step, , and the obtained integrals are approximated with a 
trapezoidal quadrature scheme. Next, terms that depend on  are grouped, (to be referenced 
below as ), and an integral equation for  is formulate with the remaining terms at 
time , 
 

 , (55a) 

where 
  (55b) 

  (55c) 

  (55d) 
 
Here  is the weight that depends on the numerical scheme used to approximate the 
integrals over the interval . Note that at each time step , the solution of Eq. (55a), , 
depends on  at the previous time step, . Intensity  at t=0 is given by initial conditions 
(Eq. (49)). At each following time step, Eq. (55a) is solved numerically according to scheme of 
solution of Volterra integral equation, detailed in Chapter 7 (Eq. (42)). 
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Next, diffuse intensity, , is evaluated. Implementing the above described time-
integration procedure with respect to Eq. (54), we get 
 

  (56) 

 
Here  includes, similar to , all the terms of integration of Eq. (53b) 
which depends on . The solution  at time  depends on  at previous time step, . At 
each time step the right hand side of Eq. (55a) is evaluated from know  at this time step 
and  at previous time step. Equation (55a) is solved at each time step, , with method of 
successive orders of scattering approximations (SOSA, Chapter 7, Eq. (40)).  
 
The descretization of the equations for the mean intensity over a whole horizontal plane (Eq. 
(54), direct and diffuse components) are similar to those for mean intensity over vegetation (cf. 
Eq. (55)). Namely, the discreate equation for the direct component is 
 

  (57) 

 
The discreate equation for diffuse component is 
 

  (58) 
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Functions  and  are derived similarly to  and . 
As Eq. (57) and (58) are structurally similar to Eqs. (55) and (56), the scheme of solution are also 
similar. Note, that in order to solve for  and , one needs to know  and . 
 
 
3.3. Model Evaluation with Field Measurements 
 
Field Measurements: A SLICER instrument measurements over four coniferous forests and 
mixed-deciduous sites in North America were selected to evaluate performance of the TSRT 
model. Ground measurements of vegetation parameters are available from multiple field 
campaigns performed at those sites. The characteristics of forests stands at each site are 
summarized in Table 1 and brief description of measurements is given below. 
 
Table 1. Characteristics of the four sites used for model parameterization. SOJP and SOBS are southern 
old jack pine and black spruce stands measured during the BOREAS field campaign in 1996. The SERC 
sites are mixed deciduous forest stands at the Smithsonian Environmental Research Center (SERC), with 
the overstory predominantly comprised of tulip poplar. 
 

Site Age, 
years 

Density, 
stems/ha 

Tree height 
H, m 

Crown 
length L, m 

Leaf 
refl. 

Leaf 
transm. LAI Ground 

refl. 
Clump. 
Index 

SOJP 
 60-75 1600-4000 16.5-18.5 11.0-12.3 0.53 0.32 2.61 0.330 0.5 

SOBS 
 0-155 3700-5800 10.0-11.0 6.7-7.3 0.41 0.32 4.00 0.303 0.5 

SERC 
(interm) 41 840 31.5-33.0 21.0-22.0 0.45 0.45 5.16 0.225 0.7 

SERC 
(mature) 99 1187 32.0-36.5 21.3-24.3 0.45 0.45 5.26 0.225 0.7 

 
The first two sites, southern old jack pine (Pinus banksiana), (SOJP, 53055' N, 104042' W), and 
southern old black spruce (Picea mariana), (SOBS, 53059' N, 105007' W), are located in the 
BOREAS southern study area in Saskatchewan, Canada. These sites were the subjects of 
intensive field campaigns carried out in 1994 as part of BOREAS field activities. A field data on 
forest age, stem density, tree structural parameters (height, LAI, crown length, foliage area 
volume density), and optical properties of leaves and ground, were collected [Chen et al., 1997; 
Middleton et al., 1997; Ni-Meister, 2001]. SLICER measurements over the BOREAS southern 
area, including SOJP and SOBS, sites were taken on July 29, 1996. We neglect change in the 
stands biophysical parameters during the two-year period between the field and SLICER 
measurements. 
 
The other two sites are closed-canopy stands located in a mixed deciduous forest at the 
Smithsonian Environmental Research Center (SERC, 38053' N, 76033' W), about 10 km south-
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southeast of Annapolis, MD, on the western shore of Chesapeake Bay [Harding et al., 2001]. The 
stands belong to the tulip poplar association, a mixed-deciduous forest with the overstory 
predominantly comprised of tulip poplar (Liriodendron tulipifera). The other species include 
sweet gum, oak, hickory, and American beech. The stands represent distinct stages in canopy 
development. The intermediate stand is a broad unimodal canopy consisting of 14 different 
species. The mature stand has a bimodal vertical leaf area structure and consists of 19 species. 
The gap fraction is relatively small: 0.05 for the intermediate stand and 0.02 for the mature stand. 
SLICER data for these sites were collected on September 7, 1995. Ground measurements were 
taken within two weeks after that [Harding et al., 2001]. The trees were fully leaved at this time. 
Canopy structural parameters (forest age, stem density, tree heights and LAI) are listed in 
[Harding et al., 2001]; crown lengths are assumed to be two third of tree heights [Oliver & 
Larson, 1990]; leaf optical properties are taken from [Parker et al., 2001]. The ground surface is 
dominantly comprised of leaf-litter with some bare soil and rare live foliage. The reflectance of 
the ground is assumed to be half that of the canopy. 
 
Selection of Model Parameters: The stochastic model parameters were selected based on values 
given in Table 1 for each site. Below two additional modeling issues are discussed: 1) 
representation of lidar signal; 2) representation of stochastic canopy structure. SLICER lidar 
pulses are characterized by a curved “Raleigh” shape and a width of 4 ns [Harding et al., 2000]. 
The vertical resolution of recorded waveforms is 0.112 m. We smoothed SLICER signals to 
obtain the resolution of 0.336 m. The amount of transmitted energy per pulse is 0.7 mJ. The 
canopy is divided into n layers of thickness, . The observation time is divided into 
m intervals, ,  (c is the speed of light). The simulated Raleigh pulse 
is divided into k narrow pulses of duration, . At each moment, , i=[0;m], the intensity of 
incoming radiation is equal to the pulse amplitude at that moment. 
 
The canopy structure was modeled as follows. The first moment of canopy structure, probability 
to find vegetation elements at height z, , was implemented based on the assumption of 
hemi-ellipsoid crown shapes and field-measured values of LAI: 
 

  (59) 

 
where , was derived according to definition (Chapter 7, Eq. (2)). Small 
variation of p-values (within 10%) was applied to each layer to provide a more realistic 
representation of canopy structure. The second moment of canopy structure, the conditional pair-
correlation function, , was implemented according to turbid medium approximations, 
adjusted for canopy clumping, namely,  
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  (60) 

 
Here  is the clumping index [Chen et al., 1997]: =1 for uniformly distributed foliage (turbid 
medium); >1 if leaves are regularly distributed (i.e leaves are all laid side by side); <1 if 
leaves are clumped. Canopy clumping is ad-hook parameter, commonly used to adjust extinction 
coefficient [Chen et al., 1997]. In fact, Eq. (60) is equivalent to Chen et al. [1997] as  
is coupled with extinction coefficient in the stochastic equations (cf. Eq. (51)). Physical meaning 
of the Eq. (60) is as follows: clumping reduces the probability of finding vegetated elements in 
two layers simultaneously moving along a given direction. 
 
Sensitivity Study: The following problems were analyzed: 1) the behavior of the model as 
function of the laser pulse duration; 2) the sensitivity of the model to the number of iterations. 
The model parameters used in this study correspond to BOREAS SOBS site (cf. Table 1). With 
respect to the first problem, note that, if a constant photon flux is incident on the top of 
vegetation over an extended period of time, the solution of the time-dependent stochastic RT 
equation converges to the solution of the stationary equation (Chapter 7). Figure 13 illustrates the 
convergence of the upward diffuse radiation flux at the top of canopy evaluated with the time-
dependent model to that of stationary model. It requires about 60 ns to reach the stationary limit 
in this particular case. During this time, photons travel a distance of 20 m, which is 
approximately equal to 2H. Figure 13 also demonstrates that the use of a steady-state radiative 
transfer in optical remote sensing is valid. Namely, the time for radiation to propagate through 
the system (tens of ns) is short compared to variations in illumination conditions (typically, tens 
of minutes) or canopy geometry (seconds). The ability of the model to describe non-stationary 
and stationary radiation regimes makes it valuable for interpretation of both active and passive 
remote sensing data. 
 

 

Figure 13. Upward diffuse radiation at the top of 
canopy as a function of time. The solid line 
represents the simulations by the stationarry model. 
The dotted line corresponds to simulations by the 
time-dependent model with increasing pulse width 
(pw ® inf). 
 

 
Second, the contribution of photons scattered n times to the radiation regime at a given moment 
of time is evaluated. The integral 
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  (61) 

 
is taken as a measure of the number of photons, scattered n times within the vegetation canopy at 
moment t. Here  is the intensity of photons scattered n times. Figure 14 shows the 
ratios  
 

  and   

 
as functions of the scattering order, n, for different instants of time, t. The former shows the 
proportion of multiply-scattered to single-scattered photons, while the latter is the rate at which 
multiply scattered photons contribute to the radiation field. One can see that the contribution of 
high-order scattering decreases rapidly for . For a sufficiently large n, all curves can be 
asymptotically replaced by the following curves: 
 

 , (62) 

 
where  is the slope ratio, and  is a function, characterizing the shift of the 
plotted curves with time. Note that for the cases with large values of time, the ratio 

 first decreases for small n. It describes the situation when . In the 
stationary case, the maximum number of photons scattered n times would not change with time 
due to stationary input of radiation into the canopy. In the time-dependant case, photon flux 
enters the canopy during a small period of time equal to the laser pulse duration. With time, 
some fraction of photons scattered only once leaves the canopy and number of multiple-scattered 
photons exceeds the number of single-scattered photons inside the canopy. 
 

  

Figure 14. Contribution of photons scattered n times at different time moments (t = 10, 17, 25, 33, 40 ns). 
The laser pulse is assumed to be incident at the top of canopy at time t = 0. Function  is a measure of n 
umber of photons scattered I times. 
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It follows from Eq. (62) that, for a sufficiently large n,  can be approximated by 
 
 . (63) 
 
Here  can be interpreted as the probability for a photon to be scattered n times and  as 
a function characterizing the dependence on time. The rate of convergence of the SOSA method 
is defined as 
 

 . (64) 

 
Thus the contribution of multiply scattered photons to the radiation field at a given instant of 
time is proportional to . The higher the probability of scattering events, the 
higher the contribution of multiply scattered photons to the radiation field. In this example, about 

 iterations are required to obtain a relative accuracy of 10-3. 
 
Simulations of Lidar Waveforms: For each of the sites, six SLICER waveforms were 
extracted. The selection was made among data from the three interior footprints; waveforms 
corresponding to the two outer footprint positions were discarded as anomalous due to 
misalignment between the scan pattern and the outer edges of the instruments receiver field-of-
view [Lefsky et al., 1999a]. 
 
The selected signals were normalized by the maximum return signal in each waveform. It is the 
ground return for SOBS and SOJP and the maximum canopy return for the SERC sites. The 
digitizer bin units were converted into distance, with one digitizer bin corresponding to 0.1112 
m. A smoothing procedure was applied to the signals: three adjacent bins were summed and the 
averaged value was taken. The ground return was identified as the last discrete return above the 
mean background noise level. The maximum value of the ground return was assigned a height of 
zero. Tree height is the distance between the maximum ground return and the first canopy return. 
As the plotted SLICER signals reveal different heights for the same forest stand, the tree heights 
and crown sizes used in model simulations were defined for each signal individually. 
 
Figures 15 and 16 summarize the results for SOBS/SOJP and SERC sites respectively. For 
convenience, each waveform is accompanied by the site name and a number. The gap fraction is 
high in the coniferous stands (SOJP and SOBS) and the return from the ground is pronounced 
most. The unimodal shapes of the SLICER waveforms over those sites imply the absence of 
secondary forest understory. The third SOBS plot reveals some understory, seen as a small wide 
spike near the maximum return. For the first SOBS plot, the amplitude of the SLICER signal is 
greater than that in the simulations. Differences in foliage density affect the strength of the 
SLICER signals, while the model simulations assume a constant value. The agreement between 
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the SLICER signals and model simulations is better for the signals with a slow decay of the 
waveform. The SOBS SLICER signals shown in Fig. 15 were collected over the region where 
ground measurements described in Chen et al. [1997] were made. For the SOJP site, none of the 
SLICER tracks coincides with the location of Chen et al.’s measurements. Two SLICER tracks 
cross the area of another field campaign described in [Sun & Ranson, 2000]. The data from these 
tracks are used here. For the SERC forest stands, the SLICER data sets include regions where 
ground measurements were taken. Several subpeaks of canopy return, and small or even 
undistinguishable ground returns are typical for the waveforms collected over both mature and 
intermediate stands. The signals with identifiable ground returns were chosen to calculate tree 
heights. Only relatively unimodal waveform profiles are represented in Fig. 16, for the model 
does not include multi-layer vegetation structure. Some small understory, in the second and third 
mature and intermediate plots, is acceptable. The majority of radiation is intercepted in the upper 
layer of the canopy in view of high foliage density in these stands. 
 

 

Figure 15. Comparison of model simulations (dotted curves) and corresponding SLICER measurements 
(solid curves) for BOREAS SOBS and SOJP sites. The noise level is shown as a vertical dashed line. 
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Figure 16. Comparison of model simulations (dotted curves) and corresponding SLICER measurements 
(solid curves) for SERC mature and intermediate forest stands. The noise level is shown as a vertical 
dashed line. 
 
 
3.4. Effect of Multiple Scattering 
 
The simulated returns generated from single and multiple scattering are next compared to 
evaluate the contribution of multiply scattered photons. From the plots shown in Fig. 15 and 16, 
those that agreed best with SLICER data were chosen for this investigation; one plot for each 
forest stand. These are SOBS (2), SOJP (1), Mature (3), and Intermediate (1). The model-
simulated signals in the single scattering approximation were added to each plot. The results are 
shown in Fig. 17. 
 
The inclusion of multiple scattering magnifies the signal and enhances significantly the lower 
part of the waveform. In general, multiply scattered photons carry information on canopy 
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structural parameters, namely, foliage density and gap fraction. When a photon path in the 
canopy is limited to a single interaction, the total travel time is the round trip time between the 
sensor and the interaction point: . If a photon has interacted several times before 
leaving the canopy in the direction of the sensor, the total travel time is increased to 

, where  is the extra time due to multiple scattering. This extra time depends 
on two variables: the number of interactions and the mean distance of photon travel between two 
interactions (photon mean free path). The photon mean free path is inversely proportional to the 
extinction coefficient , which is directly related to canopy structure. A vegetation canopy 
with high density will generate more multiple scattering but with relatively short free paths. 
Conversely, in sparse canopies, the contribution of multiple scattering will be relatively lower 
but with longer paths. 
 

 

Figure 17. SLICER waveforms 
and model simulations with and 
without multiple scattering for 
four different sites. The solid 
curves represent the SLICER 
signals. The single scattering 
simulations are shown with 
dashed curves, while the dotted 
curves represent multiple 
scattering simulations. Noise is 
subtracted. 
 

 
In case of sparse canopies, single-scattering approximation models are expected to provide good 
approximation of lidar recorded signals. A hybrid geometric optical and radiative transfer model 
(GORT) was tested with data from four BOREAS sites: SOBS, SOJP, NOBS (northern old black 
spruce), and NOJP (northern old jack pine) [Ni-Meister et al., 2001]. Selected SLICER 
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waveforms were normalized by the maximum signal (ground return). The model provided good 
agreement between the measured and simulated waveforms, but the relative amplitude of 
vegetation return was low: less than 0.15 for the SOBS site and less than 0.1 for the others. This 
indicates that the density of measured vegetation was relatively low and the effects of multiple 
scattering were probably insignificant. For the study presented here, the lower boundary of 
relative amplitude was 0.3 for SOJP and 0.4 for SOBS. 
 
The waveform shapes change dramatically in a set of measurements for the same site. It depends 
on the density of vegetation and the number of trees within the footprint. As a result, some 
waveforms may show effects of multiple scattering, while the others may not. The effect of 
multiple scattering also depends on the amplitude and duration of a laser pulse. The model shows 
that this effect is more significant in the simulations with longer pulse widths. An increase of the 
amplitude makes it more detectable. 
 
 
3.5. Summary 
 
The application of the stochastic approach for the large footprint lidar remote sensing of 
heterogeneous vegetation was introduced. The Time-dependant Stochastic RT (TSRT) model 
describes non-stationary radiation regime of lidar measurements (the stream of photons, emitted 
by lidar, enters vegetation canopy, propagate through vegetation bounded by soil via mechanism 
of single and multiple scattering and exit canopy back to lidar receiver). Sensitivity study 
indicates that as the duration of lidar pulse exceed the time required for photon to travel the 
distance twice of canopy height, the solution of the TSRT model converges to one of the 
stationary stochastic equation. Also, contribution of the multiple-scattered photon with respect to 
single-scattered photons was quantified (how it changes with time and how it depends on the 
order of scattering). The simulated lidar waveforms were evaluated with respect to SLICER lidar 
measurements and ancillary ground measurements of vegetation biophysical parameters over 
four coniferous and mixed-deciduous stands. The inclusion in the TSRT simulations of multiple 
scattering magnifies the signal and enhances significantly the lower part of the waveform. In 
general, multiply- scattered photons carry information on canopy structural parameters, namely, 
foliage density and gap fraction. A vegetation canopy with high density will generate more 
multiple scattering but with relatively short free paths. Conversely, in sparse canopies, the 
contribution of multiple scattering will be relatively lower but with longer paths. In case of 
sparse canopies, single-scattering approximation models are expected to provide good 
approximation of lidar recorded signals. The effect of multiple scattering also depends on the 
amplitude and duration of a laser pulse. This effect is more significant in the simulations with 
longer pulse widths. Further modeling efforts are required to improve representation of the 
conditional pair-correlation function (inclusion of stem density, canopy roughness, canopy 
layering, leaf distribution) in order to better capture relationship between canopy structure and 
lidar waveforms. 
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1. Introduction 

 

The shortwave radiation budget describes how the fraction of radiation absorbed by or scattered 

out from the canopy to the underlying background or back to space are related to the structural 

and optical properties of canopy and background. Operational remote sensing or climate 

applications of the model of shortwave radiation budget naturally require that such model should 

build upon a canopy representation with only a small set of basic parameters which govern the 

radiation budget with sufficient accuracy. 

 

The interaction of solar radiation with the vegetation canopy is fully described by the three-

dimensional (3D) RT equation. The scale of the elementary volume of the equation (scale of 

leaves, branches, twigs, etc.) is large compared to the wavelength of solar radiation, and, 

according to principles of physics, the photon free path between two successive interactions is 

independent of the wavelength. Namely, while the scattering and absorption processes are 

different at different wavelengths, the interaction probabilities for photons in vegetation media 

(interaction cross-section or extinction coefficient) are determined by the structure of the canopy 

rather than photon wavelength or the optics of the canopy. 
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This feature of the RT equation allowed formulation of the concept of canopy spectral 

invariants. This concept states that simple algebraic combinations of leaf and canopy spectral 

transmittance and reflectance become wavelength independent and determine a small set of 

canopy structure specific variables. The set of structural variables includes canopy interceptance, 

recollision and escape probabilities. These variables specify the spectral response of a vegetation 

canopy to the incident solar radiation and allow for a simple and accurate parameterization of the 

partitioning of the incoming radiation into canopy transmission, reflection and absorption at any 

wavelength in the solar spectrum. In addition to the spectral invariance property, these variables 

poses fundamental scaling property, allowing to scale RT parameters over full range of 

landscape scales from leaf internals, through leaf, shoots, crowns to whole canopy. Thus, the 

spectral invariant approach provides a compact alternative to the full 3D RT equation for 

operational remote sensing or climate applications. 

 

This chapter is organized as follows. We start by introducing basic physical principles of the 

spectral invariants and supporting field measurements. Next, we present rigorous mathematical 

formulation of the spectral invariants based on the method Successive Orders of Scattering 

approximations (SOSA) or Neumann series and eigenvalue/eigenvector theory of functional 

analysis. Finally, we discuss the scaling properties of spectral invariants and illustrate this 

fundamental feature with two case studies: (a) scaling from needles to shoots in the needle leaf 

canopies and (b) scaling form leaf internals to leaf. 

 

2. Physical Principles of Spectral Invariants 

 

Radiation Fluxes at Leaf and Canopy Scale: The 3D RT equation can be interpreted as the link 

between leaf and canopy scale radiation fluxes (Chapter 3 and 4). At the leaf scale the radiation 

fluxes are described in terms of spectral leaf transmittance and reflectance. The leaf 

transmittance (reflectance) is the portion of radiation flux density incident on the leaf surface 

that the leaf transmits (reflects) (Chapter 3). The leaf albedo, , is the sum of the leaf 

reflectance, , and transmittance, , 
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The fluxes at the canopy scale are described in terms of spectral canopy interceptance, 

absorptance, reflectance and transmittance. The canopy interceptance (absorptance) is the ratio 

of the mean flux density intercepted (absorbed) by canopy leaves to the downward radiation flux 

density above the canopy. Similarly, canopy transmittance (reflectance) is the ratio of the mean 

downward radiation flux density at the canopy bottom (mean upward radiation flux density at the 

canopy top) to the downward radiation flux density above the canopy. According to RT theory 

(Chapter 3), the canopy interceptance, , absorptance, , reflectance, , and 

transmittance, , are defined as follows: 

 

  (2a) 

 

  (2b) 

 

  (2c) 

 

  (2d) 

 

In the above,  is the radiation intensity at wavelength , spatial location , and in 

direction ,  is the interaction cross-section, and  is the absorption cross-

section. The interaction cross-section is treated as wavelength independent considering the size 

of the scattering elements (leaves, branches, twigs, etc.) relative to the wavelength of solar 

radiation [Ross, 1981]. The interaction cross-section, , consist of absorption,  

and scattering, , cross-sections (cf. Chapter 3): 
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  (3b) 

 

  (3c) 

 

In the above  is the differential scattering cross-section. Thus, combining Eqs. (2) 

and (3) we have, 

 

  (4) 

 

 (a) (b) 

  
Figure 1. Needle (Panel a) and canopy (Panel b) spectral reflectance (vertical axis on the left side) and 

transmittance (vertical axis on the right side) for a Norway spruce (Picea abies (L.) Karst) stand at 

Flakaliden site in Sweden. Arrows show needle and canopy absorptance. The effective LAI at the site was 

4.37. The needle transmittance, , and albedo, , follow the regression line . 

 

The canopy absorptance, reflectance and transmittance are the three components of the 

shortwave energy conservation law which describes canopy spectral response to incident solar 

radiation at the canopy scale. If reflectance of the ground below the vegetation is zero (black 

soil, cf. Chapter 4), the portion of radiation absorbed, , transmitted, , or reflected, , 

by the canopy totals to unity, i.e., 
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  (5) 

 

The key reference data set for this Chapter will be field data collected in Flakaliden site in 

Sweden [Huang et al., 2007]. Other ancillary sources will be mentioned as appropriate. Canopy 

spectral transmittance and reflectance, soil and understorey reflectance spectra, needle optical 

properties, shoot structure and LAI were collected in six 50x50 m plots composed of Norway 

spruce (Picea abies (L.) Karst) located at Flakaliden research area ( N, E), operated 

by the Swedish University of Agricultural Studies. The spectral measurements of canopy and 

needles were taken by ASD Field spec Pro handheld spectroradiometer. Needle spectral 

reflectances and transmittances of an average needle were obtained by averaging 50 measured 

spectra with highest weight given to the 2-year-old needles (80%) and equal weights to the 

current (10%) and 1-year (10%) needles. Figure 1 shows needle and canopy transmittance, 

reflectance and absorptance spectra at the Flakaliden site. 

 

Mechanism of Scattering: Consider the following basic scheme of the relationship between leaf 

and canopy scales radiation fluxes. We assume that canopy is illuminated from the top by 

monodirectional unit flux. Canopy bottom is assumed to be absolutely absorbing, such that 

photons hit background will not re-enter, but exit canopy. The incident unit flux undergo 

multiple interactions with phytoelements and ultimately is partitioned into absorbed, , 

transmitted, , and reflected, , portions. To analyze multiple scattering, we separate the 

radiation flux incident on vegetation canopy into two components (Fig. 2): directly intercepted 

by leaves and available for future interaction events (zero-order interceptance, ), and directly 

transited to the canopy bottom without hitting a leaf (zero-order transmittance, ): 

 

  (6a) 

 

The intercepted photons, , will participate in the multiple scattering and ultimately will be 

either absorbed, , or scattered outside of canopy, : 

 

  (6b) 

.1)(a)(r)(t =l+l+l

41640 ¢ 64190 ¢

)(a l

)(t l )(r l

0i

0t

.ti1 00 +=

0i

)(a l )(s l

).(s)(ai0 l+l=



6 

 

Thus, 

  (6c) 

 

Note,  and  are zero-order scattering quantities, while  and  are total quantities, 

accumulated over multiple events of scattering. While  and  are wavelength dependent, 

 and  don’t depend on wavelength, that is, they are function of overall canopy 

structure/architecture and illumination geometry, but not leaf optical properties. 

 

 

Figure 2. Partitioning of the incoming flux between 

canopy absorptance, , transmittance, , and 

reflectance, , (left panel) as the result of the 

scattering process (right panel). The incoming flux is 

intercepted by canopy, (zero-order intrerceptance, ) or 

directly transmitted through canopy (zero-order  

transmittance, ). The intersepted flux participates in 

multiple scattering and is further subdivided between 

absorptance, , and scattering out of canopy, . 

 

 

The scheme of multiple scattering is as follows. At each individual event of interaction in the 

sequence of multiple scattering, the portion of intercepted photons is scattered and  

portion is absorbed (Fig. 3). In turn, the scattered portion, , can be further subdivided into 

two parts: with probability p (recollision probability) photon will further participate in multiple 

scattering and will hit new leaf again, while with the probability 1-p the photon will be removed 

from canopy. Thus, the three components of the radiation budget for the singe photon-

phytoelement interaction event are (Fig. 3): 

 

 [Absorbed] + [Re-scattered] + [Scattered out of canopy] =  
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  (7) 

 

 

 

Figure 3. Partitioning of energy between 

absorbed, scattered out of canopy and 

rescattered within canopy portions is 

preserved through the individual scattering 

events (left panel). This leads to the same 

proportions for the total radiation regime 

(right panel). 

 

Consider the sequence of scattering events generating the total observed radiation regime as 

detailed in Fig. 4. Part of the incoming intensity in the amount of  is directly transmitted to the 

canopy bottom and will not participate in the process of multiple scattering. The remaining part 

of the incoming radiation, , will be intercepted by canopy and become the source of the first 

interaction event resulting in the first-order absorptance, , scattering out of 

canopy,  and re-scattering, , all are in proportions as shown in 

Fig. 3. The re-scattered portion will serve as a source for the second-order interaction events, and 

so on. Referring to Fig. 4, the canopy total interceptance, , absorptance, , scattering, 

, and rescattering,  are calculated as the sum of contributions of individual scattering 

events: 

  (8a) 

 

  (8b) 

 

  (8c) 
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  (8d) 

 

 
Figure 4. Quantitative presentation of the scattering scheme shown in Fig. 2. The sequence of cicles 

represents sequence of scattering events. The energy budget for each individual scattering event 

(intercepted, absorbed, scattered out of canopy and rescattered within the canopy portions) is according to 

Fig.3. 

 

Refer to Fig. 5, which explains the meaning of the effective number of photon-phytoelement 

interactions, , appearing in Eq. (8a). According to the definition, the total intercepted by 

phytoelements radiation is the infinite sum of the amounts of intercepted radiation of decreasing 

intensity, corresponding to infinite series of photon-phytoelement interactions [Eq. (8a)] 

Alternatively, the contribution of infinite series can be represented by finite number of photon-

phytoelement interactions, , assuming each has constant interceptance of . Also note the 

following notations. Sometimes, the normalized versions of absorptance and scattering are used 

in the literature: canopy absorption (scattering) coefficient,  ( ), is the portion of 

intercepted photons that canopy absorb (escape canopy in upward and downward directions). 
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Figure 5. Derivation of the effective 

number of scattering events, . The 

total canopy interceptance is accumulated 

with the infinte number of scattering 

events, k, with declining interceptance, 

. Effectively this can be represented as 

the contribution of finite number, , of 

interactions with constant interceptance, 

. The numer  is derived from the 

condition that area of rectange  

is equal to the area under curve . 

 

Refer to Eq. (8) and Figs. 3 and 6, and note the following properties of interceptance, 

absorptance, scattering out of canopy and rescattering. First, the series for interceptance, , 

are unique in terms that the first term (zero-order interceptance) does not depends on 

wavelength. Second, the relationship between interceptance, absorptance, scattering out of 

canopy and rescattering is 

 

  (9) 

 

Thus, the total canopy interceptance, , consist of fixed component (absorptance and 

scattering out of canopy) and transit component (rescattering). The transit component is volatile, 

energy transferred from one scattering to another will ultimately be either absorbed or scattered 

out of canopy. Third, the relationship between energy fluxes at leaf and canopy are established 

with the following ratios: 
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The physical meaning of ratios in Eq. (10) is as follows [cf. Fig. 3]. In view that at each 

individual photon-phytoelement interaction the intercepted energy is distributed between 

absorptance, scattering out of canopy and rescattering in the constant proportion, independent on 

scattering order, this same proportion will be preserved at the whole canopy scale. For instance, 

the scattering out of canopy constitute  portion, while absorptance constitutes  

portion, and this holds true both at phytoelement and canopy scales. 

 

 

 

Figure 6. Functional dependance of canopy 

inteceptance, , absorptance, , scattering 

out of canopy, , and rescattering within 

canopy, , on single scattering albedo, . 

Here,  is the zero-order canopy interceptance 

and p is the recollision probability. 

 

Next, consider functional dependence of interceptance, absorptance, and two scattering 

quantities on single scattering albedo,  [cf. Fig. 6]. Note, zero-order quantities and the same 

quantities at  convey a distinct meaning and should not be used interchangeably. In the 

case of interceptance,  and  coincide, but the definition of  does not require  equal 

zero, as it is constant for all values of . In contrast, in the case of absorptance,  and  

are different, and  depends on . As  increases, total interceptance increases starting from 

 due to contribution of multiple scattering. In contrast, total absorptance is highest for black 

leaves ( ) and decreases with , because multiple scattering removes energy out of canopy. 

The two scattering quantities (scattering out of canopy and rescattering) are equal to zero at 

, but increase with increasing . The overall functional dependence and specific limits of 

all above quantities are shown in Fig. 6. Finally, note the consistency between series of scattering 

formulation [Eq. (10)] and RT equation [Eq. (4)]. 
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Canopy Spectral Invariant for Interceptance: Consider total canopy interceptance at two 

independent wavelengths,  and  for  [cf. 

Eq. (8a)]. The system of the above two equations can be solved for the recollision probability: 

 

  (11) 

 

This equation expresses the principle of spectral invariance with respect to canopy interceptance. 

Recall [cf. Eqs. (7) and (9)] the total canopy interceptance, , is partitioned between total 

canopy absorptance, , and total canopy scattering, . 

The principle of spectral invariance states that the ratio between difference in the amount of 

intercepted photons, , and those of scattered photons, , is 

spectrally invariant with respect to any wavelength  and , and is equal to the recollision 

probability. Figure 7 shows amount of photons intercepted, , and scattered, , by 

canopy as function of wavelengths derived from measurements at Flakaliden site. Also shown is 

the frequency of values of the recollision probability, p, corresponding to all combinations of  

and . The sharp peak of the distribution suggests that the recollision probability, p, is invariant 

with respect to the wavelength with sufficiently high accuracy. The minor spread of the 

distribution is due to measurements errors and ignoring surface contribution. 
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Figure 7. Retrieval of the recollision probability, p, from Flakaliden field data (Fig. 1). Panel (a) shows 

total canopy interceptance,  (solid line), and total canopy scattering,  

(dashed line). Panel (b) shows frequency of values of the recollision probability derived according to Eq. 

(11). 

 

The Equation (11) can be rearranged to a different form, which we use to derive  and  

( ) from field data, namely, 

 

 .  

 

If the reciprocal of the total canopy interceptance calculated from measured canopy absorption 

and needle albedo is plotted versus measured needle albedo, a linear relationship is obtained 

(Fig. 8). The recollision probability, , and canopy interceptance, , can be inferred from the 

slope and intercept. 

 

 

Figure 8. Reciprocal of  and (b) 

 versus leaf albedo  derived 

from Flakaliden field data (Fig. 1). The recollision 

probability, =0.91, and canopy interceptance, 

=0.92, are derived from the slope and intercept 

of the line. 

 

The key properties of the recollision probability are as follows. The recollision probability 

establishes the link between leaf and canopy scales, and thus it is a scaling parameter in RT 

theory for vegetation. This parameter accounts for the effect of the canopy structure on RT 

regime across range of scales. The parameter is wavelength independent. Monte Carlo 

simulations [Smolander and Stenberg, 2005] suggest that the recollision probability is minimally 
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sensitive to rather large changes in the direction of the incident beam. However, other numerical 

simulations [Lewis and Disney, 2007] indicate that the recollision probability depends on 

scattering order and LAI (Fig. 9). Thus, one should discriminate between the actual recollision 

probability, , which is function of scattering order, its asymptotic value, , a plateau, 

reached under condition of infinite scattering, and effective value, , evaluated over scattering 

events. 

(a) (b) 

  

Figure 9. Recollision probability, , as a function of scattering order calculated for canopies with 

LAI 1, 5, 10. Infinite scattering order recollision probability ( ) and effective recollision probability 

( ) as a function of LAI. Monte-Carlo simulations are performed for canopies composed of randomly 

located non-overlapping disks with a spherical leaf angle distribution (from Lewis and Disney, [2007]). 

Canopy Spectral Invariant for Reflectance and Transmittance: The total canopy scattering 

consist of rescattering between phytoelements, , and scattering out of canopy,  . The 

rescattering term, , is characterized by recollision probability, p. The scattering out of 

canopy term, , can be subdivided further into upward and downward components to derive 

reflectance and transmittance. The probability that scattered photon will escape the vegetation 

canopy through the upper (or lower) boundary is called escape probabilities  and , 

respectively. At each individual event of photon-phytoelement interaction, all possible outcomes 

of scattering are limited to photon escaping canopy in upward, or downward direction, or 

colliding another phytoelement, thus, 
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  (12) 

 

As in the case of recollision probability, , the escape probabilities,  and , depend, in 

general, on scattering order, but reach constant value (plateau) after several iterations. The 

number of interaction events before this plateau is reached depends on the canopy structure and 

the needle transmittance-albedo ratio. Monte Carlo simulations suggest that the recollision and 

escape probabilities saturate after two-three photon-canopy interactions for low to moderate LAI 

canopies [Lewis and Disney, 2007]. This result underlies the approximation to the canopy 

reflectance, , proposed by Disney and Lewis [2005], 

 

 , (13a) 

 

where coefficients ,  and  are determined by fitting Eq. (13a) to measured reflectance 

spectrum. Under assumption that the recollision, , and escape probability, , remains constant 

in successive interactions, 

 

 ,      . (13b) 

 

The first term evaluates the portion of photons from the intercepted flux,  that escape the 

vegetation canopy in upward directions as a result of one interaction with phytoelements. The 

second term accounts for photons that have undergone two and more interactions. Violation of 

the above condition results in a transformation of ,  and  to some effective values 

,  and  as the result of the fitting procedure. The difference between actual and effective 

values of the escape probabilities depends on its speed of convergence as the number of 

interactions increases. A detailed analysis of this effect will be presented in Section 3. A 

simplified expression, , can also be used, with a reduction in accuracy of the 

approximation [Disney and Lewis, 2005]. 
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Figure 10 shows correlation between measured and evaluated according to Eq. (13) canopy 

reflectance over Flakaliden site. Overall close agreement supports the approximation of Disney 

and Lewis. In this example the selected values for  and  give the best fit to the measured 

reflectance spectrum. These coefficients can also be evaluated from the slope and intercept of the 

regression line, derived from values of the needle albedo, , and the reciprocal of  

at wavelengths [700 - 750 nm]. At those wavelengths values of  are uniformly distributed in 

the interval [0.1, 0.9] and the canopy reflectance exhibits a strong correlation with . These 

features allow reducing the impact of ground reflectance and measurement uncertainties on the 

specification of  and  from the regression line. 

 

 

Figure 10. Correlation between measured canopy 

reflectance and canopy reflectance evaluated using 

Eq. (13) with  = 0.15, = 0.59, and 

=  = 0.09 for the spectral interval 

400 900 nm. The arrow indicates a range of 

reflectance values corresponding to  0.9. Field 

data are from Flakaliden site (Fig. 1). 

 

Analogous to Eq. (13) for canopy reflectance, a similar relationship can be established between 

canopy transmittance and phytoelements albedo, namely 

 

 , (14a) 

 

where the values of coefficients ,  and  are chosen by fitting Eq. (14a) to the measured 

spectrum of canopy transmittance. Analogous to Eq. (13b), the coefficients  and  are 

effective values and under assumption that the recollision, , and escape probability, , remains 

constant in successive interactions, 
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 ,   . (14b) 

 

Under the above assumption, the value of  converges to zero-order transmittance [cf. Eq. (6)]. 

Figure 11 shows correlation between measured and evaluated according to Eq. (14) canopy 

transmittance over Flakaliden site. A theoretical analysis of this approximation will be presented 

in Section 3. It should be noted that canopy transmittance is sensitive to the needle transmittance 

to albedo ratio  [Panferov et al., 2001]. This may imbue wavelength dependence to 

the escape probabilities for low order photon scattering. 

 

 

Figure 11. Correlation between measured canopy 

transmittance and canopy transmittance simulated 

using Eq. (14) with  = 0.06,  = 0.017 and 

 = 0.94. Energy conservations for  and  is 

preserved with good accuracy, i.e.,   

= 0.92+0.06=0.98. Field data are from Flakaliden 

site (Fig. 1). 

 

Impact of Soil Reflectance: The total canopy transmittance, , reflectance, , and 

absorptance, , for the general RT problem of canopy above soil background can be 

represented by contribution of black-soil and soil sub-problems as follows (cf. Chapter 4): 
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Here,  is the hemispherical reflectance of the canopy ground. Variables   and ;  and 

;  and  denote canopy reflectance, transmittance, and absorptance calculated for a 

vegetation canopy (1) illuminated from above by the incident radiation and bounded from below 

by a non reflecting surface (subscript “BS”, for black soil); and (2) illuminated from the bottom 

by normalized isotropic sources and bounded from above by a non-reflecting boundary 

(subscript “S”). These variables are related via the energy conservation law, i.e., 

 

    i=BS or S-problem.  

 

The canopy spectral invariants are formulated for ,  and . The measured spectral 

transmittance, , and reflectance, , are taken as estimates of , . The absorptance  is 

approximated using Eq. (5). It follows from Eq. (42) that the relative errors, ,  and , and 

in , , and  due to the neglecting of surface reflection can be estimated in terms of 

measured ,  and  as: 
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Figure 12. Upper limits of the relative errors 

, , and  in the estimates of ,  

and , arising due to the effect of non-black 

soil reflectance. Reference field data are from 

Flakaliden site in Sweden (Fig. 1). 

 

 

Thus, neglecting contribution of soil, results in overestimation of reflectance and transmittances 

and underestimation of absorptances. Figure 12 shows upper limits of the relative errors , 

,and .as a function of the wavelength for Flakaliden data. It follows from the above 

analysis that measured canopy absorptance approximates  with an accuracy of about 5%. 

Deviations of measured canopy transmittance and reflectance from  and  in the interval 

400 £  £ 700 nm do not exceed 5%, however they increase substantially in the interval 

700 £  £ 900 nm. 

 

Major Assumptions for Spectral Invariants: We summarize key assumptions of the theory of 

spectral invariants along three categories. (1) Boundary conditions assumptions: a vegetation 

canopy is illuminated from above by a wavelength independent parallel beam and bounded from 

below by a non-reflecting (black) surface. The last assumption is required to avoid re-entrance of 

photons exiting through background. (2) Phytoelements scattering properties assumptions: the 

interaction cross-section, , is treated as wavelength independent considering the size of 

the scattering elements (leaves, branches, twigs, etc.) relative to the wavelength of solar 

radiation. (3) Effective values assumptions: the recollision and escape probabilities ( , , ) 

are generally dependant on the scattering order, but tend to reach plateau and could be replaced 

with corresponding effective values. The uncertainties of retrievals of interceptance (or 

absorptance) are relatively low, as those variables depend on recollision probability only, while 
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uncertainties for transmittance and reflectance are higher as those variables depend both on 

recollision and escape probabilities. 

 

3. RT Theory of Spectral Invariants 

 

Successive Orders of Scattering Approximation: Below we formulate the rigorous 

mathematical basis underlying the principle of spectral invariance, introduced in the previous 

section. We adopt functional analysis formulation of the transport equation (Vladimirov [1963], 

Marchuk et al [1980]). Let  and  be the domain where radiative transfer occurs and its 

boundary, respectively. The domain  can be a shoot, tree crown, tree stand, etc. Let  and 

be the streaming-collision and scattering linear operators (Chapter 2), 

 

  (15a) 

 

  (15b) 

 

where  is the radiation intensity at wavelength , spatial location  and direction ;  

and  are extinction and differential scattering coefficients, respectively. In the following we 

assume that single scattering albedo, , does not depend on  and . The 3D radiative 

transfer equation (Chapter 4) can be formulated in operator notations as follows 

 

  (16a) 

 

The boundary conditions include canopy top to be illuminated from above by unit beam in 

direction  and canopy bottom to be absolutely absorbing, 

 

 ,   ,    (16b) 
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We solve Eq. (16) with method of successive order of scattering approximations (SOSA). The 

total radiation intensity is represented as the sum of uncollided, , and collided, components 

(cf. Chapter 2), 

 

  (17) 

 

By definition,  is the radiation intensity of photons in the incident flux that will arrive at  

along direction  without suffering a collision. This is a wavelength independent parameter.  

satisfies the equation 

 

  (18) 

and the original boundary conditions, Eq. (16b-c).  is the collided (or diffuse) radiation 

intensity, that is, radiation generated by photons scattered one or more times. This is a 

wavelength dependant parameter. Combining Eqs. (16)-(18) one can verify that  

satisfies the following equation, 

 

  (19) 

 

and zero boundary conditions at the top and bottom of canopy. Finally, by combining Eq. (17) 

and (19), the Eq. (16a) can be rewritten in the form of the following integral radiative transfer 

equation, 

 

  (20) 

 

where operator . The SOSA method states that the solution of Eq. (20) is given by 

 

    where   (21) 
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One can verify the validity of solution given by Eq. (21) by substituting it in Eq. (20) and taking 

into account properties of operator T. The physical meaning of Eq. (21) is as follows.  is the 

radiation intensity of photons, scattered m times. The uncollided photons with intensity , 

serve as the source for the photons scattered one time with intensity , which in turn serve as a 

source of photons scattered two times, and so on (cf. Fig. 4). In Monte Carlo simulations, 

operator T corresponds to a procedure, which inputs , simulates the scattering event, 

calculates the photon free path and outputs the distribution, , of photons just before their next 

interaction with phytoelements; the procedure is repeated with the source of photons evaluated as 

output at the previous step. 

 

Spectral Invariant for Canopy Interceptance: Let  be the norm of 3D radiation field 

 in the domain , according to notations of functional analysis [Vladimirov, 1963; 

and Marchuk et al., 1980], 

 

 , (22) 

 

In terms of these notations, the total canopy interceptance, , and m-order canopy 

interceptance, , are  and , respectively [cf. Eqs. (2a) and (8a)]. The distribution of 

probability, , that a photon scattered m times will arrive at  along the direction  

without suffering a collision can be expressed as the radiation intensity of the photons, scattered 

m times, normalized by its norm 

 

     (23) 
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The normalization is required, as  is the radiation intensity, whose norm, interceptance, 

, decreases with order of scattering m (cf. Fig. 5), while  is the distribution of 

probability, whose norm is required to be unity. 

 

The recollision probability can be expressed in terms of . The recollision probability, , 

at the step m of scattering is the ratio of radiation intensity rescattered inside of canopy to the 

total intensity of scattering (i.e., rescattered inside of canopy and escaped canopy) [cf. Figs. 3-4 

and Eq. (7)]. The radiation intensity scattered m-1 times is , therefore,  will be 

intercepted and  will be available for the total scattering at the current step m of 

scattering. The total radiation available for scattering originates the radiation intensity  at 

current step m of scattering. The rescattered intensity at the current step m is equal to the 

intercepted intensity at the next step m+1, . Therefore, 

 

 . (24) 

 

For convenience of the following derivations we will use . Taking into account Eqs. 

(21), (23) and (24), the distributions  and  between successive orders of 

scattering m-1 and m are related as 

 

  (25) 

 

The above equation explicitly states the nature of operator T: it converts the probability 

distribution of photons from previous to the next order of scattering and evaluates recollision 

probability. 

 

The set ( , ), , derived from operator T according to SOSA method poses 

one fundamental property established in eigenvalues/eigenvectors theory of functional analysis 
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[Vladimirov, 1963]. An eigenvalue of the radiative transfer equation is a number  such that 

there exist a function  that satisfies the equation 

 

  (26) 

 

and zero boundary conditions. Under some general conditions [Vladimirov, 1963], the set of 

eigenvalues and eigenvectors ( , ) is a discrete set. Since the eigenvalue and 

eigenvector problem is formulated for zero boundary conditions,  and  are independent 

on the incoming radiation. The radiative transfer equation has a unique positive eigenvalue, , 

that corresponds to a unique positive eigenvector,  [Vladimirov, 1963], 

 

      

 

It should be emphasized that set ( , ), derived according to eigenvalue problem [Eq. 

(26)] is different from ( , ), derived according SOSA method [Eq. (25)]. In general, 

( , ) vary with the scattering order m. However, they tend to converge to plateaus as 

the number of interactions increases according to numerical results [Lewis and Disney, 1998]. 

Further, according to general principles of functional analysis [Riesz and Sz.-Nagy, 1990; 

Vladimirov, 1963] the set ( , ) converges to the unique positive 

eigenvector/eigenvalue of operator T, as number of scattering increases, 

 

 ,   . (27) 

 

Assuming negligible variation in  and  for the scattering order m and higher and 

accounting for Eqs. (21) and (23), the radiation field, , can be approximated as follows 
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  (28) 

 

That is, radiation field, , is approximated with , for which the contribution of 

the first m scattering orders is calculated exactly and contribution of higher order scattering is 

approximated assuming that  and  are constant with respect to  for . The 

error of this approximation is  

 

Following the above approach, we examine the accuracy of the approximation of the canopy 

interceptance as a function of the scattering order m. It follows form Eq. (28) that the m-th 

approximation, , to  is 

 

 . (29) 

 

Here  is the zero-order canopy interceptance; , and 

 

 ,     (30) 

 

The error, , in the m-th approximation is given by [Huang et al., 2007] 

 

 , (31) 

where 

 ,   . (32) 
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Note that . If m is large enough, i.e. , the ratio  can be 

approximated by . Substituting this relationship into Eq. (32) one obtains . 

 

 

Figure 13. Correlation between first and 

second scattering order recollision 

probabilities (  and ) for a range of LAI. 

The RT simulations were performed with the 

stochastic RT model for a canopy modeled 

with identical cylindrical “trees” uniformly 

distributed over black background. Crown 

height=1, ground cover=variable and plant 

LAI=10, SZA=300. 

 

 

Two factors determine the accuracy of the m-th approximation of canopy interceptance. The first 

is the difference between successive approximations  and ; that is, the smaller this 

difference, the more accurate the approximation is. The second factor is the contribution of 

photons scattered m+1 or more times to the canopy radiation field. Their contribution is given by 

»  which depends on the recollision probability, , and the single 

scattering albedo, ; that is, the higher  is, the higher order of approximation is 

needed to estimate the canopy interceptance. This is illustrated in Fig. 13. The variations in the 

recollision probability as function of scattering order reaches its maximum at high values of p 

(here the recollision probabilities for the first and second order of scattering were compared). 

The spectral invariant can not be derived if  since the Neumann series (24) do not 

converge in this case. 

 

Spectral Invariants for the Canopy Transmittance and Reflectance: Let the domain V be a 

layer . The surfaces S, z = 0 and z = H constitute its upper and lower boundaries, 

respectively. Let  and  be norms of 3D radiation field  in the domain , 
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 ,  

  

 , (33) 

 

where the first integral is taken over the top boundary and in upward direction, while second is 

taken over lower boundary in downward directions. In terms of notations of Eq. (33), the canopy 

reflectance, , and transmittance, , are given by  and . Recall, according to 

notations of Eq. (22) canopy interceptance, , is given by . The relationship between 

reflectance, transmittance and interceptance for some order of scattering m can be derived as 

follows. Recall, [cf. Eq. (21)], or, in terms of operators L and S [cf. Eq. (15)], 

. Integrating the last equation over the domain , we have: 

 

   

 

      

 

     (34) 

 

In the above derivations we accounted for definition of norms [Eqs. (22) and (33)], relationship 

between extinction coefficient,  and differential scattering coefficient, , [Eq. 

(3)] and Gauss theorem for converting volume integral to the surface integral for some scalar 

function. Normalizing Eq. (34) by  we finally have 
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where and  are escape probabilities for reflectance transmittance and is the recollision 

probability for the m-th order of scattering, 

 

 ,       (35b) 

 

The physical interpretation of Eqs. (34) and (35) follows those given for Eq. (24). The recollision 

probability,  (escape probability in upward, , and downward, , directions) at the step m 

of scattering is the ratio of radiation intensity rescattered inside of canopy (escaped canopy in 

upward and downward directions) to the total intensity of scattering. The total intensity available 

for scattering at the current step m of scattering is . This total intensity is distributed 

between rescattered intensity at current step m, , escaped canopy in upward directions, 

, and escaped canopy in downward direction, . This explains Eq. (34). The ratio of 

above quantities according to definition of recollision and escape probabilities explains Eq. 

(35b). The escape and recollision probabilities correspond to portions of all possible events of 

scattering (escaped upward, downward or rescattered), which explains Eq. (35a). Note also, the 

escape probabilities vary with the scattering order, but, as in the case of recollision probabilities, 

they reach plateaus (  and ) as the number of interactions increases. 

 

It follows from Eq. (28) that the m-th approximation,  and , to the canopy 

reflectance and transmittance are 

 

 , (36a) 

 

 . (36b) 
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Here  and  are zero-order canopy interceptance and transmittance, respectively [cf. Eq. (6)]; 

and is defined by Eq. (30). Errors in the m-th approximation of canopy reflectance and 

transmittance are given by [Huang et al., 2007] 

 

 , (37a) 

 

 . (37b) 

 

Here is defined by Eq. (32) and 

 

    , (37c) 

 

where  and  represent either canopy reflectance ( , ) or canopy transmittance 

( , ). 

 

 

Figure 14. Recollision probability, , and 

escape probabilities,  and , as a 

function of the scattering order m. Their limits 

are =0.75, =0.125 and =0.125. The 

relative difference  in the recollision 

probability is 3% for m=0 and 0.8% for m=1. 

Parameters of the RT simulations are the same 

as for Fig. 12, except ground cover=0.16. 
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In addition to two factors that determine the accuracy in the m-th approximation of the canopy 

interceptance [cf. Eq. (31)],  and  also depend on the convergence of two successive 

approximations  and  to  or . Thus, the errors in the m-th approximations to the 

canopy reflectance and transmittance result from the errors in the recollision and escape 

probabilities, and from a contribution of photon multiple scattering to the canopy radiation 

regime. The m-th approximation to the canopy reflectance and transmittance, therefore, is less 

accurate compared to that to the canopy interceptance. This is illustrated in Fig. 14. In this 

example, the relative difference  is 3% for m = 0 and becomes negligible 

for . The zero and first order approximations provide accurate spectral invariant 

relationships for the canopy interceptance. The corresponding differences in the escape 

probabilities do not exceed 4% for , indicating that two scattering orders are required to 

evaluate spectral invariants for canopy transmittance and reflectance with accuracy comparable 

to that given by zero approximation to the canopy interceptance. 

 

Spectral Invariant for Canopy BRF: The m-th approximation, , 

 to the canopy bidirectional reflectance factor (BRF), is given by Eq. (28). Its error, 

 is given by [Huang et al., 2007] 

 

   

 , (38) 
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If m is large enough, i.e.,  and , the term  can be approximated as 

. Its values, therefore, are mainly determined by the contribution of 

photons scattered m+1 and more times to the canopy radiation regime. 

 

According to Eq. (38), the accuracy in the m-th approximation to the canopy BRF depends on 

the convergence of  and  to the eigenvalue, , and corresponding eigenvector, , of 

the operator T. Convergence of the former is illustrated in Fig. 15. This figure shows variations 

in  and  with the scattering order 

m. In this example, the difference  is negligible for , indicating that the forth 

approximation provides an accurate spectral invariant relationship for the canopy BRF. Variation 

in the probability  with the scattering order m should be accounted to evaluate the 

contribution of low order scattered photons. 

 

 

Figure 15. Convergence of  to the positive 

eigenvector, , of the operator T. The upper 

boundary of variations of the ratio , 

 (solid line) and 

corresponding lower boundary 

 (dashed line) are shown 

with respect to the scattering order m. For 

, their values fall in the interval 

between 0.98 and 1.04. Parameters of the RT 

simulations are the same as for Fig. 13. 

 

Inverse Linear Approximation to the Canopy Reflectance and Transmittance: The 

empirical and theoretical analysis indicates that the zero-order approximation provides an 

accurate spectral invariant relationship for the canopy interceptance; however more iterations are 

required to achieve comparable accuracy for the canopy transmittance and reflectance. The 

empirical analysis also suggests that zero-order approximation may result in a good accuracy in 
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case of reflectance and transmittance, if the recollision probability is replaced with its effective 

values. 

 

In the following we derive effective recollision probabilities for canopy reflectance and 

transmittance in the zero-order approximation from the first-order approximation. According to 

Eqs. (36a), (37a) and (30), the first-order approximation (m=1) to the canopy spectral reflectance 

is 

  (39a) 

Here  [cf. Eq. (37c)] and characterize the accuracy of the first approximation, 

 

 .    (39b) 

 

Note, according to zero-order approximation [cf. Eq. (14a)] the reciprocal of the canopy spectral 

reflectance normalized by the leaf albedo, , varies linearly with . Based on this observation, 

we replace the relationship between the reciprocal of  and the leaf albedo  given by 

first-order approximation [Eq. (39a)] with its zero-order form, given by a linear regression, 

. The coefficients ,  and  in the zero-order approximation (14a), can be 

specified from the slope  and intercept , namely 

 

 ,   ,   , (40a) 

 

 ,   . (40b) 

 

Similarly, the canopy transmittance is 
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 ,   ,   . (41) 

 

Here  and  are given by Eq. (40b) but for  and which are calculated with , . 

We term this approach an inverse linear approximation. Note that if the escape probabilities do 

not vary with the scattering order ( = = 0), the slope  and intercept 

, and the inverse linear approximation coincides with the zero-order approximation. 

If variations in the escape probabilities become negligible for , ( , ), the 

effective probabilities  and  are functions of , , ,  and, , , ,  

respectively. 

 

Figure 16 demonstrates the energy conservation [Eq. (35a)] for m = 1. The escape probabilities 

are calculated from Eqs. (40) and (41) as  and . It follows from Fig. 15 that the 

impact of the regression coefficients  and  on the escape probabilities is minimal; that is, 

deviation of    from unity does not exceed 5%. This is not surprising because 

values of  in Eq. (40b) for  ( ) and  ( ) are multiplied by 

the function , integral of which is zero. The effective values of the recollision 

probabilities,  and , however, depend on  and . 

 

 

Figure 16. Energy conservation relationship 

 as function of LAI. The 

escape probabilities  and  were calculated 

as the ratios of coefficients  and  in the 

inverse linear approximations to , i.e., 

 and . The deviation of 

 from unity does not exceed 5%. 

Parameters of the RT simulations are the same 

as for Fig. 13. 
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Since eigenvalues and eigenvectors of the operator T are independent from the incident radiation, 

the limits ,  and  of the recollision and escape probabilities do not vary with the 

incident beam. Smolander and Stenberg [2005] showed that the first and higher orders of 

approximations to the recollision probability are insensitive to rather large changes in the solar 

zenith angle. Although the first approximations to the escape probabilities exhibit a higher 

sensitivity (Fig. 17) to the solar zenith angle, their sum, , remains almost constant. 

This is consistent with the above theoretical results, suggesting that the canopy interaction 

coefficient requires less iterations to reach a plateau compared to the canopy reflectance and 

transmittance. The sensitivity of the effective recollision probabilities to the solar zenith angle is 

much smaller compared to the canopy interceptance. 

 

 

Figure 17. Recollision probability, , its 

effective values,  and , escape 

probabilities,  and , and the canopy 

interceptance, , as functions of SZA. 

Equation (40) was used to specify  and . 

Parameters of the RT simulations are the same 

as for Fig. 13. 

 

Figure 18 shows relative errors in the inverse linear approximation and the m-th approximations, 

m = 1, 2 and 3, to the canopy reflectance as a function of  and LAI. The error decreases with 

the scattering order. For a fixed m, it increases with  and LAI. This is consistent with the 

theoretical results stating that the convergence depends on the maximum eigenvalue ; 

that is, the higher its value is , the higher order of approximation is needed to estimate the canopy 

reflectance. In this example, the third and inverse linear approximations have the same accuracy 

level, i.e., they are accurate to within 5% if . The relative error in the canopy 

transmittance (not shown here) exhibits similar behavior. 
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Figure 18. Relative error in the canopy reflectance as a function of  and LAI. Parameters of the RT 

simulations are the same as for Fig. 13. 

 

4. Scaling Properties of Spectral Invariants 

 

The scaling effect, or scale dependence of RT parameters, arises due to phenomena of spatial 

heterogeneity (discontinuity) of canopy optical properties. For instance, single scattering albedo, 

, is a function of the scale (volume, V) where it is defined. Consider sequence of nested 

scales represented by corresponding volumes: needle leaf tree stand ( ), tree crowns ( ), 

needle leaf shoots ( ), and needles ( ) (Fig. 19). Select a couple of scattering albedos, 

 and , which quantify the scattering properties at the scale of tree crown of 

volume  and constituent objects (shoots) of volume . By definition, single scattering of 

volume  is the ratio of energy scattered by that volume to the amount of the energy intercepted 
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by the same volume. According to Eq. (8b) the tree crown single scattering albedo, , can 

be expressed as 

 

 . (44a) 

 

Here  and  are the portion of photons intercepted and scattered by the volume , 

and  is the recollision probability defined as the probability that a photon scattered 

by a volume  (shoot) resided in the volume  (tree crown) will hit again another volume  

(another shoot) in . Its value is determined by the distribution of volumes  (e.g., shoots) 

within  (crowns). Thus, Eq. (44a) can be interpreted as one that provides a link between 

vegetation RT properties at different scales. 

 

 

Figure 19. Schematic plot of nesting of 

scales. Tree stand occupies volume , 

which consist of individual trees crowns of 

volume , which, in turn, consist of shoots 

of volume , which in turn consist of 

needles of volume . The tree volumes are 

nested: . 

 

Both  and  vary with the scale . However since the left-hand side of Eq. 

(44a) does not depend on , the algebraic expression on the right-hand side of this equation 

should also be independent on the scale of . Based on this property, variation in the leaf single 

scattering albedo and the recollision probability with the scale V can be specified as follows. Let 

us rewrite Eq. (44a) for needles ( ) and shoot ( ), 
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 . (44b) 

 

Substituting from Eq. (44b) into Eq. (44a) preserves the structure of Eq. (44a): 

 

 , (44c) 

where 

 

 . (45) 

One can see that the probability  that a photon scattered by a volume  (e.g., 

needles) will interact within volume  (e.g., crown) again follows the Bayes’ formula. 

Accordingly, Eq. (45) is called nesting of scales. The single scattering albedo and p-parameter 

exhibit the following scaling properties. Referring to Fig. 19 and taking into account Eqs. (44)- 

(45), provided , one can derive that, 

 

  and ,   if ;  

 

 ,   if . (46) 

 

Consider the second property shown in Eq. (46), which conveys a fundamental law. It implies 

that the recollision probability increases with increasing complexity of canopy architecture (cf. 

Fig. 20). Namely, according to its definition, p=0 for the “Big Leaf” model, as there are no 

multiple scattering. As we add more hierarchical levels of structure, if photon reached particular 

structure elements it get trapped on structural sublevels, which increases probability of 

rescattering and thus value of p-parameter. The recollision probability, therefore, is a scaling 

parameter that accounts for a cumulative effect of the landscape’s multi-level hierarchy. 
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Figure 20. Recolision probability, p, 

as function of  canopy structural 

hierarchy: (a) “Big Leaf” Canopy; 

(b) Turbid Medium; (c) 3D Canopy 

with nested scales of structure.  

 

 

Case Study - Scaling from Needles to Shoots: The scaling properties of the p-parameter were 

first demonstrated by Smolander and Stenberg [2003; 2005] in the application for coniferous 

canopies. The 3D structure of the coniferous canopies exhibits foliage clumping at multiple 

scales, including clumping of needles into shoots and clumping of shoots into tree crowns; both 

give rise to the scaling effect. In particular, small-scale clumping of needles into shoots results in 

mutual shading and multiple scattering of light between needles of a shoot (Fig. 21), which 

ultimately leads to the known RT effect of coniferous canopies to appear darker than 

broadleaved canopies. 

 

 

Figure 21. Scattering of photons on individual 

needles within shoot. The scattering is 

associated with loss of energy and thus shoot 

albedo is lower than albedo of individual needles 

(from Smolander and Stenberg, 2003]. 

 
 
 
 
 
 
 
 
 

p increases 

c) 3D Canopy 

b) Homogeneous  Canopy 
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The canopy clumping is described in the RT approach with spatially varying foliage volume 

density. However, the scale of variation of foliage density is limited by the size of canopy 

elementary volume. The elementary volume must be large enough to contain sufficient number 

of statistically independent foliage elements for the foliage volume density to be defined. 

Therefore, the approach is typically implemented at the large (landscape) scale, identifies 

individual tree crowns and space between them and defines the elementary volume to contain 

multiple leafs or needle shoots. The small-scale clumping of needles into shoots requires 

complex statistical description of distribution of needles. To overcome this problem, shot itself is 

typically used as the basic structural element in place of leaf for broadleaved canopies. The 

deviation of optical properties of elementary volume from those of individual needles, caused by 

shoot structure, is typically accounted for in the RT equation by adjusting extinction coefficient 

with empirically estimated clumping index (cf. Chapter 2). This ad hook approach is deficient in 

describing physical process of light scattering inside of a shoot, as it ignores wavelength 

dependence of the process and artificially couples shoot structure and needle optics. 

 

Smolander and Stenberg [2003; 2005] developed p-parameter based RT framework to describe 

the effect of the small-scale clumping of needles into shoots to explain the difference in RT 

regimes in broadleaved and coniferous canopies. This study was focused only on small-scale 

clumping and large scale clumping was ignored. To support the theory, ray tracing simulations 

were performed for the model of canopy structure satisfying minimal requirements needed to 

meet the objectives of the study: a) realistic 3D model of shoots to represent small-scale 

structure; b) simple homogeneous turbid medium model for Poisson canopy to represent 

macroscopic structure. Foliage elements (shoots or leaves) were randomly distributed and 

spherically oriented (G-function and phase-function for spherically oriented leaves, cf. Chapter 

3). Needle reflectances and transmittance were assumed to be similar to those of leaves, thus the 

difference between the two canopies reflectances caused solely by shoot structure. Geometrical 

model of Scots Pine (Pinus Sylvestris L.) shots was implemented referencing field measurements 

[Stenberg et al., 2002]. Three types of canopies were simulated: 1) flat leaves, 2) shoots, 3) 

shoot-like leaves, composed of leaves with the same G function and similar scattering properties 
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as shoots. Simulations were performed to generate reflectance of these canopies, assumed to be 

bounded below by black soil. 

 

Recall (Chapter 3), shoot scale scattering in the needle leaf canopies is parameterized in terms 

shoot silhouette to total area ratio (STAR). Spherically averaged STAR is typically utilized, 

 

  (47) 

 

where  is the shoot silhouette area in direction  and TNA denotes the total needle area 

of the shoot. The parameter is analogous to G-function for leaves (cf. Chapter 3). In the 

case of spherically oriented scattering elements, the following holds:  

 

   

 

Note, the  parameter is related to shoot structural parameter, , which can be 

shown as follows. It follows from Cauchy’s theorem for of convex, non self-shadowing objects 

that the ratio of silhouette to total area is ¼,. In contrast, needle leaf canopy shoot is a self-

shadowing object due to self-shadowing of needles, and this ratio, the  parameter, is 

smaller. Therefore,  quantifies the degree of self-shadowing, 

or the portion energy trapped inside of object due to self-shadowing. From another side, shoot 

structural parameter, , is defined as the probability that a photon scattered by needle 

of the shoot will interact again with another needle of the same shoot. Comparing the above two 

definitions, we infer that 

 . (48) 

 

Note the following features of Eq. (48). First, the reason for the lack of exact equality is that 

 is defined as the mean over points on the surface, while  is defined as 
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spatially averaged over points of interaction. Second, in contrast to ,  is not 

just a function of shoot geometry but has some dependency on needle optical properties since 

they affect the directional distribution of scattered photons. Third,  is defined based 

on the assumption that the probability of interactions stays constant with successive interactions. 

Equation (48) was verified with ray-tracing simulations for nine pine shoots and results are 

presented in Fig. 22.  

 

Figure 22. Relationship between  and 1-4  for 

nine pine shoots. Shoot structural data from Stenberg et 

al. [2001] is used (from Smolander and Stenberg, [2003]). 

 

In the shoot canopies shoot albedo varies with the direction of incoming beam (cf. results of 

simulations below). Average (over directions) shoot albedo, , is defined as fraction of 

scattered photons to photons intercepted by the shoot in an isotropic radiation field. Given 

 and , shoot silhouette area and shoot scattering coefficient in direction , and 

taking into account that the number of intercepted photons is proportional to , 

 

 . (49) 

 

The interaction of photon with the shoot occurred with probability /S, and thus the total 

fraction of intercepted photons /N was proportional to . The shoot albedo is equal to the 

fraction of photons escaped canopy to intercepted photons, / . 
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The shoot scattering phase-function and shoot albedo were generated with the 3D ray tracing. At 

each individual photon-needle interaction, a photon was scattered according to inform 

distribution with probability , and absorbed with probability 1- , respectively,. 

Needle (or leaf) transmittance, , and reflectance, , were chosen as follows: = 

= ; =0.1, and =0.9. According to simulations for the NIR 

wavelength ( = 0.9), the shoot albedo was  = 0.81, with reflectance 

= 0.47 and transmittance = 0.34. For the Red wavelength ( = 0.1), 

the shoot albedo was = 0.059, with  = 0.034 and  = 0.025. 

According to simulations, shoot albedo depends on shoot structural parameter, ,  and 

needle albedo, , but is not sensitive to the ratio of needle transmittance to reflectance, 

/ . Namely, ratio /  controls the shape of scattering phase function 

(forward vs. backward scattering), but does not change total needle albedo, and consequently has 

minor impact on canopy reflectance. 

 

 
Figure 23. Cross-sectional views of scattering phase functions for (A) leaf with = 0.45, = 0.45 

(thin dashed line), shoot (thick dashed line) with values = 0.45 and = 0.45 for its needles, and leaf 

with = 0.47 and = 0.34 (thin line), (B) leaf with = 0.05, = 0.05 (thin dashed line), shoot 

(thick dashed line) with values  = 0.05 and = 0.05 for its needles, and leaf with = 0.034 and 

= 0.025 (thin line). The radiation is assumed to come from the direction of positive x-axis and to meet 

the object in origin (from Smolander and Stenberg, [2003]). 
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The scattering phase function of the spherically oriented shoots can be closely approximated by 

the scattering phase function of the shoot-like leaf, for which transmittance  was 42% of 

 at both wavelengths. Thus, the shoot scattering phase functions had more weight in the 

backscattering directions than the corresponding leaf scattering phase functions. Figure 23 shows 

the scattering phase function for the three types of foliage elements (flat leaves, shoots and 

shoot-like leaves). Note also the within-shoot hot spot effect in the backscattering direction in the 

shoot scattering phase-function, which can not be described by the bi-Lambertian distribution for 

flat leaves. However hot-spot effect can not be included for the shoot-like leaves. Overall, the 

effect of needle clumping and mutual shadowing in a shoot (compared to flat Lambertian leaf) is 

to decrease the radiation interception efficiency (G-function) and the shoot albedo, and to change 

the shape of the scattering phase function to weight it more towards the backscattering 

directions. 

 

The relationship between shoot albedo, , and needle albedo, , can be established as 

follows (cf. Section 2). At each interaction of photon and needle, photon is absorbed with 

probability  and scattered with probability 1-  and can interact with shoot again. 

Assuming that the probability that scattered photon will interact with shoot again remains 

constant in successive interactions ( ), shoot absorptance is obtained with 

infinite series, 

 

   

 . 

 

Taking into account that  the relationship between  and  can be 

established, 

 

 .  (50a) 
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Figure 24. Predicted and simulated shoot albedo, , 

for different needle albedos,  (from Smolander 

and Stenberg, [2003]). 

 

Thus, if and needle albedo are known, the shoot albedo for any given wavelength can 

be calculated. Note, in case of =0, corresponding to no within-shoot shading, than 

 = . At fixed   the ratio  /  increases with , i.e., the 

decrease in the shoot scattering from mutual shading is relatively less at wavelengths with high 

needle scattering. Equation (50a) was verified with ray-tracing simulations and results are 

presented in Fig. 24. The value of calculated according to ray tracing simulations 

(directly counting photons interactions) was 0.474, while estimated by fitting Eq. 

(50a) to the data points in Fig. 24 by the least squares method yields an estimate of 0.467 (1.5% 

difference). The difference is due to approximations in estimation of , as it was 

assumed constant with respect to scattering order. In the simulations, the density of photons 

where scattering occurs varies with the scattering order, and it is not possible to analytically 

define the weight on the area over which  is averaged. 

 

Equation (50a) demonstrates effect of scaling between needles and shoot. Similar equation can 

be formulated for scaling at one level higher in the hierarchy, i.e. between shoot and canopy 

scales, 

 , (50b) 
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where  is the canopy albedo, and  is the recollision probability that photon 

scattered by shoot will interact again with another shoot with the canopy. Combining Eqs (50a) 

and (50b) we have: 

 

 ,  (51a) 

where 

 

 .  (51b) 

 

In words, the scattering between needles inside of whole canopy ( ) can be 

decomposed into scattering between individual needles inside of a shoot ( ) and 

scattering between shots inside of whole canopy ( ). The relationship between 

 and  was verified with ray-tracing simulations for a range of LAI and 

results are shown in Fig. 23. In this simulations =0.133, =0.47 

for Pinus sylvestris L. The parameter  as function of LAI was well approximated by 

the relationship, 

 

   (52) 

 

where =0.88, k=0.7, and b=0.75. In turn,  was well predicted by the 

decomposition formula (Eq. 51), evaluated using and . Note that there is a 

systematic offset between  and due to between-needles scattering inside 

shoot ( ). Simulations as function of direction (zenith angle) of incoming photons 

demonstrated low sensitivity of  to zenith angles variations in spite the fact that 

zenith angle controls the distribution of the points of the first interaction of photons within 

canopy. Namely, for zenith angles < 500, the variation in  was less than 1.2%. 
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Figure 25. Recollision probabilities and 

 as a function of LAI. Dots denote the p 

values derived from ray-tracing simulations. The dashed 

curve depicts according to fitting equation 

(Eq. (52)). The solid curve depicts   

according to the decomposition formula (Eq. (51)) (from 

Smolander and Stenberg, [2005]). 

Finally consider Fig. 26 which compares ray-tracing simulated canopy BRF at Red and NIR 

wavelengths for the three canopy types (shoot, leaf and shoot-like leaf) bounded by a black 

surface. Clumping of needles into shoots produces a wavelength dependent reduction in canopy 

reflectance of need leaf canopy compared to that of broadleaf canopy with similar LAI. The 

reason for this effect is that the mutual shading of needle in a shoot leads to reduction of G-

function and canopy interceptance for needle leaf compared to broadleaf canopies. Notice that 

the reflectance of the needle leaf canopy was well approximated by the shoot-like leaf canopy. 

Thus, integrating small-scale shoot structure in large-scale canopy RT models provides means to 

account for the observed difference between radiation regimes in coniferous and broadleaved 

canopies. Taking into account crown mutual shading will, presumably, further enhance this 

effect. 
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Figure 26. Predicted Canopy bidirectional reflectance factor (BRF) at Red and NIR wavelengths as a 

function of LAI for canopies bounded underneath by black soil. Curve (1) is for leaf canopy, curve (2) for 

shoot canopy and the dashed curve (3) for shoot-like leaf canopy. The black dots denote LAI values of 2, 

4, 6, 8 and 10. The solar zenith angle is 450 and the view zenith angle is 00 (from Smolander and 

Stenberg, [2003]). 

 

 

Case Study- Scaling from Leafs to Leaf Internals: Lewis and Disney [2007] further 

investigated the hypothesis that the scaling equations are applicable (in a consistent manner) 

across full range of scales from within leaf to canopy level scattering. The study utilized the 

PROSPECT leaf scattering model (Chapter 3). PROSPECT is a solar spectrum plate model of 

radiative transfer within a leaf. Leaf albedo, , is calculated as function of leaf cell- air 

interface refractive index (n), the number of leaf layers, N and absorption coefficient, . The 

absorption coefficient is a linear function of the concentration  [units of mass/unit LAI] of m 

biochemical constituents, 
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where  is the specific absorption coefficient of the i-th constituent, a function of 

wavelength . Figure 27 shows  as a function of wavelength for chlorophyll, water and 

dry leaf matter. 

 

 

Figure 27. Specific absorption coefficients for 

chlorophyll, dry matter and water according to 

the PROSPECT model (from Disney and Lewis, 

[2007]). 

 

The PROSPECT model identifies two components of leaf albedo, which corresponds to 

scattering (1) by leaf surface and (2) by leaf internals. Let   be albedo of scattering from 

leaf surface, where the subscript accounts for the fact that scattering form leaf surface is 

equivalent to scattering from infinite leaf internals. Albedo  is a function of a refractive 

index, which can be approximated by a quadratic =-0.0492-0.00618n+0.04836n2 

(RMSE=2.37x10-3, r2=0.998). Let  be adjusted leaf albedo, which quantifies total 

scattering on leaf internals only and excludes scattering on leaf surface, 

 

   (54) 

 

Note that denominator in Eq. (54) is introduced to ensure the standard range of variation of 

albedo, [0-1]. Lewis and Disney [2007] hypothesized that the general scaling relationship (cf. 

Eq. (44a)) should hold between adjusted leaf albedo, , and albedo of leaf internals, , 
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  (55) 

 

where albedo of leaf internals can be expressed as 

 

 , (56) 

 

where, in turn,  absorption coefficient, , is given by Eq. (53) and coefficient  is a 

function of refractive index, which can be approximated by quadratic, a=1.3168-0.02294n + 

0.01299n2 (RMSE= 5.06x10-5, r2=0.9999). Term  is the equivalent recollision 

probability for leaf internals, analogous to the effective recollision probability, , 

defined by Smolander and Stenberg [2003] for the needles scattering inside a shoot . The leaf 

internals recollision probability extends set of similar terms,  and , 

recollision probabilities for shoot and canopy introduced by Smolander and Stenberg [2003]. The 

dependence of  on the refractive index, n, can be represented with quadratic, 

=-1.2523+2.2307n-0.6094n2 (RMSE=8.95x10-4, r2=0.9999). The dependence of 

, a, and  on refractive index is summarized in Fig. 28. 
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Figure 28. Variation of  (Panel a), a (Panel b); and  (Panel c) with refractive index n as predicted 

with in PROSPECT (solid line) and quadratic approximation (symbols). Panel (d) shows scatter in each 

case against 1:1 line (from Lewis and Disney, [2007]). 

 

While  varies significantly between 0.60 and 0.73 over the refractive index range 

across the solar spectrum (Fig. 28c), it appears that the assumption =const has 

negligible impact on simulated spectra of leaf albedo. Lewis and Disney [2007] set n=1.39, 

which corresponds to mid-range of solar spectrum and simultaneously minimizes errors in 

simulations of . In this case according to quadratic approximation, =0.6708 

and =0.03566 and error in  (difference between PROSPECT and approximation) is 

0.010. Figure 29 compares  retrievals based on spectral invariants approximation (Eq. 

(55)) and PROSPECT model for a range of concentrations of absorbing constituents. Two cases 

of spectral invariant model were tested: (1) variable and (2) fixed refractive index. In the first 

case r2>0.9997, RMSE<0.0042, max error<0.013 and in the second case r2>0.995, RMSE<0.016, 
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max error<0.049. Overall, spectral invariant approximation even in the case of fixed refractive 

index delivers very accurate estimate of leaf albedo spectra. 

 

 
Figure 29. Accuracy of modeling of leaf spectra with spectral invariants approximation. Results shown 

for PROSPECT model (‘original’); spectral invariant approximations with varying refractive index 

(‘estimated’); and spectral invariant approximation with fixed refractive index (‘fixed n, estimated’)  

(from Lewis and Disney, [2007]). 

 

The scaling approach, implemented by Smolander and Stenberg [2005] for “Canopy  Shoot 

 Leaf” scaling, was further extended by Lewis and Disney [2007] to incorporate one 

additional level down the hierarchy, Leaf Internals  Leaf. Combining Eqs. (51) and (55) and 

neglecting  (Fig. 28), one can derive scaling relationship “Canopy  Shoot  Leaf  

Leaf Internals” as follows, 

  (57a) 
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where  is the canopy single scattering albedo,  is the single scattering albedo of 

leaf internals [Eq. (56)]. The recollision probability from leaf internals to canopy scales, 

, is given by the following nesting rule: 

 

  

  

 . (57b) 

 

Specifically, note the nesting of “leaf to shoot scattering” term (term in angular brackets, cf. Eq. 

(51b)) inside of “leaf internals to canopy scattering equation”, which confirms the Bayes’ 

formula. Overall, the scaling approach [Eq. (57)] is a powerful theoretical implementation of the 

shortwave radiation block in terms of few key parameters (canopy albedo, leaf biochemistry, and 

structural information). Nevertheless, practical implementation of the approach with multi-

spectral remote sensing measurements may encounter challenges. P-parameter is an effective 

value, it can not be directly measured; rather it should be inferred from radiometric 

measurements, assuming knowledge of leaf biochemistry or leaf albedo. Leaf albedo can vary 

significantly over the canopy volume. For instance, coniferous forests exhibit vertical gradients 

of leaf biochemistry due to variations in needle and stand age, density of plants, etc. Therefore 

there is an internal difficulty in defining a (weighted) mean needle scattering spectra for use in 

the scaling applications to derive structural parameters. Further, there is a relatively strong 

coupling between leaf biochemistry and canopy structural parameters. Namely, the same spectra 

of leaf albedo can be derived from different combinations of structural information and leaf 

biochemistry [Lewis and Disney, 2007]. Consequently, the absolute concentration (per unit leaf 

area) of any biochemical constituents can not be derived from hyperspectral observations of total 

scattering. 
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Nearly two decades ago, the idea of the ‘spectral invariants theory’was put forth as a new tool tomodel the short-
wave radiation absorbed or scattered by vegetation. The theory states that the amount of radiation absorbed by a
canopy should to a great accuracy depend only on thewavelength and awavelength-independent parameter de-
scribing canopy structure. The revolutionary idea behind this theorywas that itwould be possible to approximate
vegetation canopy absorptance, transmittance and reflectance based on only the optical properties of foliage el-
ements and the spectrally invariant parameter(s). This paper explains how this so-called spectral invariant is re-
lated to photon recollision probability and to canopy structural variables. Other spectral invariants were later
introduced to quantify the directionality of canopy scattering. Moreover, the paper reviews the advances in the
theoretical development of the photon recollision probability (p) concept and demonstrates some of its applica-
tions in global and local monitoring of vegetation using remote sensing data.
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1. Introduction

Physically-based remote sensing of vegetation relies upon accurate
models of the canopy shortwave radiation budget, which quantitatively
describe how the fractions of solar radiation absorbed, transmitted and
reflected by the canopy are related to the optical and structural proper-
ties of the canopy and background. Optical properties comprise the scat-
tering and absorption spectra of the vegetation elements, which vary
with the wavelength, whereas the structural canopy descriptors are in-
dependent of wavelength, or spectrally invariant. The variable focused
on in this review — the photon recollision probability, is not one of the
input parameters to the classical three-dimensional radiative transfer
(RT) equation for vegetation (Ross, 1981), but is closely related to the
solution of this equation (Knyazikhin, Martonchik, Myneni, Diner, &
Running, 1998).

The concept of recollision probability can be pictured by thinking of
the radiative transfer as a stochastic process: When a photon interacts
with an element in the canopy, the probability that it will be absorbed
or scattered varies with the wavelength. However, once the photon
has been scattered, the probability that it will collide with the canopy
again depends only on the location of the scattering event and the direc-
tion it was scattered into. This recollision probability is a geometric
quantity which, in geometric optics approximation, does not depend
on the wavelength. One may define a canopy averaged mean photon
recollision probability, which was shown to link together the optical
properties at canopy and leaf level by a set of simple algebraic relation-
ships (Smolander & Stenberg, 2005). The existence of a spectrally in-
variant ‘p-parameter’ satisfying similar relationships was, however,
first discovered and theoretically established by Knyazikhin et al.
(1998). Only a clear interpretation of this parameter was still lacking
at the time. The fact that the somewhat heuristic ‘photon recollision
probability’-approach was found to be coherent with physically-based
radiative transfer started a new era in the application of the ‘spectral in-
variants theory’: the single parameter representing canopy structure
had now been defined and thus could also be quantified.

Knyazikhin et al. (1998) put forth the idea of the ‘spectral invariants
theory’ when developing the theoretical grounds of the MODIS algo-
rithm for retrieval of the leaf area index (LAI) and the fraction of photo-
synthetically active radiation (fPAR). They proposed a revolutionary
idea that it would be possible to approximate vegetation canopy ab-
sorptance, transmittance and reflectance using only the optical proper-
ties of foliage elements and one spectrally invariant parameter for each
approximated canopy characteristic. The theory states that, knowing
the leaf albedo (1-absorptance), canopy absorptance at anywavelength
can be estimated with high accuracy from canopy absorptance at a ref-
erencewavelength. This property laid the foundation for the synergistic
look-up-table (LUT) based algorithm developed by Knyazikhin et al.
(1998), which has been successfully implemented in the retrieval of
global leaf area index (LAI) from canopy reflectance data measured by
the MODIS instrument.

This approach was contrary to many other lines of development
wheremore complexitywas favored in canopy radiationmodels. A cou-
ple of years later, several independent research lines in Boston Univer-
sity, University of Helsinki and University College London were
investigating the spectral invariants theory and its applications. This
paper reviews the advances in the theoretical concepts behind the spec-
tral invariants and shows examples of various applications of the con-
cept in global and local monitoring of vegetation using remote sensing
data.

2. p-Theory

2.1. The concept of recollision probability

Knyazikhin et al. (1998) proposed that the unique positive eigenval-
ue of the radiative transfer equation can be expressed as the product of

the leaf albedo and awavelength independent parameter, and the name
‘p-theory’ originates from the symbol they used for this canopy structur-
al parameter. Empirical evidence for the spectral invariant behavior of
the p parameter was provided later by Panferov et al. (2001) and
Wang et al. (2003) based on the measured spectral reflectance and
transmittance data of forest canopies. However, a clear interpretation
of how p is related to the canopy structure, allowing it to be estimated
from canopy structural measurements, was still missing. A step towards
this goal was taken by Smolander and Stenberg (2005), who defined p
as a conditional probability — the recollision probability, and in their
simulation study derived tight relationships between p and LAI in
model canopies. It was shown that, in addition to LAI, p is linked to
the clumping of foliage.

Smolander and Stenberg (2005) were thus first to introduce the
term recollision probability for p, which they defined as the probability
by which a photon scattered from a phytoelement (leaf or needle) in a
vegetation canopy will interact within the canopy again. The escape
probability (1 − p) correspondingly is the probability by which a
scattered photonwill escape the canopy. These probabilities are defined
conditional to the photon having survived an interaction inside the can-
opy. The fraction of photons that enter the vegetation from above and
are intercepted by elements in the canopy is called the canopy
interceptance (i0). The zero order (or uncollided) transmittance (t0) in
turn is the fraction of photons that are transmitted directly through
gaps in the canopy: t0 = 1 − i0. In a canopy bounded underneath by a
non-reflecting (‘black’) surface (Fig. 1), the transmitted photons will
not interact within the canopy again. Under this condition, and assum-
ing further that the p remains constant in successive interactions, cano-
py absorptance (a) at a specificwavelength (λ) is obtained as the sumof
a geometric series:

a λð Þ ¼ i0 1−ωL λð Þð Þ þωL λð Þp 1−ωL λð Þð Þ þωL λð Þ2p2 1−ωL λð Þð Þ þ…
h i

¼ i0
1−ωL λð Þ
1−pωL λð Þ :

ð1Þ

Fig. 1. Photons entering a canopy bounded below by black soil are first intercepted by
leaves (i0) or directly transmitted to and absorbed by the ground (t0). The intercepted
part is eventually absorbed (αC) or scattered out from the canopy (ωC) after one or
multiple interaction and recollision events.
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In Eq. (1),ωL denotes the leaf scattering coefficient (single scattering
albedo) and the common ratio (pωL) of the series corresponds to the
joint probability of recollision and a new scattering event.

Canopy scattering (s) under the black soil assumption is similarly
obtained as:

s λð Þ ¼ i0
ωL λð Þ−pωL λð Þ
1−pωL λð Þ : ð2Þ

Canopy absorptance and scattering sum up to the canopy
interceptance: a(λ) + s(λ) = i0. These wavelength dependent compo-
nents normalized by i0 thus define the canopy spectral absorption and
scattering coefficients, αC and ωC:

αC λð Þ ¼ a λð Þ
i0

¼ 1−ωL λð Þ
1−pωL λð Þ

ð3Þ

and

ωC λð Þ ¼ s λð Þ
i0

¼ ωL λð Þ−pωL λð Þ
1−pωL λð Þ : ð4Þ

We note that the derivation of Eqs. (1)–(4) rely on the assumptions
of black soil and a constant p. Canopy absorption by Eq. (1) represents
the solution to the so called ‘black soil problem’ (Knyazikhin et al.
1998; Wang et al. 2003), which in the case of a dark soil (background)
and/or a dense canopy may be a good approximation. Whenever this
is not true, another component, the solution to the ‘soil problem’,
must be added. Similarly, the fact that p in reality is not constant must
be carefully considered. The degree to which these issues limit the ap-
plicability of the recollision probability concept, and how to overcome
the problems, will be addressed in subsequent sections.

2.2. Links to the radiative transfer equation

The link between the photon recollision probability p and the unique
positive eigenvalue γ0 of the radiative transfer equation is described by
Huang et al. (2007) and Knyazikhin, Schull, Liang, Myneni, and Samanta
(2011). In the successive orders of scattering approach, canopy scatter-
ing is calculated as the sum of contributions by different scattering or-
ders, i.e. photons scattered 1, 2, …, n times before exiting the canopy.
In this approach, we may define the operator T such that the radiation
field Iλ of order i + 1 equals:

Iλ iþ 1ð Þ ¼ TIλ ið Þ; i ¼ 1;2;…: ð5Þ

The largest (and the only positive) eigenvalue of operator T, γ0, is a
linear function of the leaf albedoωL(λ):γ0=pinfωL(λ). The spectrally in-
variant parameter pinf is the limiting recollision probability as the order
of scattering reaches infinity (i→∞).

Knyazikhin et al. (1998) used the largest eigenvalue of operator T to
demonstrate the existence of the spectral invariants for canopy absorp-
tance, although without introducing the concept of photon recollision
probability. They derived the spectral invariant relationship for the
norm ||Iλ||1 of the solution to the radiative transfer equation, or the
product of themonochromatic radiance Iλ and the interaction cross-sec-
tion σ integrated over the canopy volume and all directions. ||Iλ||1 is the
mean spectral irradiance on all sides of a leaf and is thus a key compo-
nent of the energy conservation law. For vegetation bounded under-
neath by a black surface and irradiated with unit irradiance, it
corresponds to the mean number of photon interactions with
phytoelements at wavelength λ in the canopy, and is called the interac-
tion coefficient, i.e. i(λ)=||Iλ||1. The interaction coefficientmultiplied by
the leaf absorptance gives canopy absorptance: a(λ)= i(λ)[1−ωL(λ)].
Knyazikhin et al. (1998) showed that, if the interaction cross-section

(σ) does not depend on wavelength, then for the first eigenvector
e0(λ) of Eq. (5), the norms ||Iλe0||1 at two arbitrary wavelengths, λ and
λ0, are linked together as:

Iλe0j jj j1 ¼ 1−γ0 λ0ð Þ
1−γ0 λð Þ Iλ0e0

!! !!!! !!
1 ¼

1−pinfωL λ0ð Þ
1−p infωL λð Þ Iλ0e0

!! !!!! !!
1: ð6Þ

Next, based on the demonstrated proximity between the spectral
dependencies of e0Iλ1 and Iλ1, Knyazikhin et al. (1998) derived the rela-
tionship for i(λ)=||Iλ||1:

i λð Þ≈1−pωL λ0ð Þ
1−pωL λð Þ i λ0ð Þ: ð7Þ

The recollision probability p is an approximation to pinf. The good-
ness of this approximation depends on two factors: the contributions
of the different scattering orders on total scattering, and how fast (in
terms of scattering orders) the recollision probability approaches the
diffuse limit pinf. The speed of convergence depends, in turn, on the
recollision probability and the leaf albedo: the higher the value of pinfωL,
the slower the convergence. A detailed analysis of the accuracy of the
approximation is given by Huang et al. (2007).

The conditions under which the spectral invariant relationships can
be derived from the three-dimensional radiative transfer (RT) equation
for vegetation are described in detail by Knyazikhin et al. (1998, 2011)
and Huang et al. (2007). Some of the central assumptions and concepts
are briefly summarized here. First of all, the interaction cross-section σ
can be consideredwavelength independent due to the large size of scat-
tering elements relative to the wavelength of solar radiation (Ross,
1981). Another assumption used in the derivation is that the single scat-
tering albedo (ω) inside the canopy volume does not depend on the lo-
cation inside the canopy and the direction (Ω), and that it coincideswith
the leaf single scattering albedo (ωL), i.e. the canopy consists of leaves
only. The ratio p=γ0/ωL(λ) is then wavelength independent.

Substituting i(λ) = a(λ) / [1 − ωL(λ)] in Eq. (7), the corresponding
equation for canopy absorptance takes the form:

a λð Þ ¼ 1−pωL λ0ð Þ
1−pωL λð Þ

1−ωL λð Þ
1−ωL λ0ð Þ

a λ0ð Þ: ð8Þ

Evaluating Eq. (8) at ωL(λ0) = 0 and a(λ0) = i0 gives

a λð Þ ¼ i0
1−ωL λð Þ
1−pωL λð Þ

ð9Þ

which is seen to be identical to Eq. (1).
Similar relationships as Eq. (7) for the canopy interaction coefficient

(i) can be formulated for canopy diffuse transmittance (t) and reflec-
tance (r) (Smolander & Stenberg, 2005). Empirical evidence for the
spectrally invariant behavior of the corresponding parameters (p, pt
and pr) was derived from forest spectral reflectance and transmittance
measurements by Panferov et al. (2001). It was found that specific com-
binations of the canopy spectral reflectance values r calculated as

ξr λ0;λ1ð Þ ¼ r λ0ð Þ−r λ1ð Þ
ωL λ0ð Þr λ0ð Þ−ωL λ1ð Þr λ1ð Þ

ð10Þ

were concentrated around a certain canopy-specific value pr, the math-
ematical expectation of ξr. Eq. (10) can be easily rearranged so that the
dependence of the canopy reflectance r on the leaf albedo ωL becomes
similar to that of the canopy scatteringωC in Eq. (4). An equation similar
to Eq. (10) can bewritten for the transmittance t and the spectral invari-
ant pt.

The empirically-derived invariants pr and pt are approximate
combinations of the spectrally invariant factors of the eigenvalues γi.
More recently, Mõttus and Stenberg (2008) proposed a different
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parameterization of canopy spectral reflectance using the reflectance
ratio rC(λ)/ωC(λ) parameterized as:

rC
ωC

¼ 1
2
þ q
2
1−pωL

1−pð ÞωL
: ð11Þ

The parameter q in Eq. (11) can be shown to be an approximation of
the ratio of the two largest eigenvalues of T, q=γ1/γ0 (Mõttus, 2010).

2.3. Scaling of p from leaf (needle) to canopy

The recollision probability can be defined at different hierarchical
levels of the canopy and links the scattering properties at any two con-
secutive levels. For example, in their first simulation studywith applica-
tion of the p-theory, Smolander and Stenberg (2003) derived Eq. (4) at
shoot level tomodel the effect of clumping of needles into shoots on the
shoot scattering coefficient (ωsh):

ωsh λð Þ ¼ ωL λð Þ−pshωL λð Þ
1−pshωL λð Þ

ð12Þ

In Eq. (12), the ‘shoot structural parameter’ psh is the recollision
probability within the shoot: it is the conditional probability that a pho-
ton which has survived an interaction within a shoot will interact again
with a needle from the same shoot.

More generally, Eq. (4) can obviously be used at any level of
the structural hierarchy to link the scattering coefficient of a unit
(ωunit) to that of its elements (ωelement). Furthermore, letting n(λ) de-
note the average number of interactionswithin the unit (shoot, canopy)
for photons of wavelength λ, the ratio of these coefficients can be
expressed as:

ωunit λð Þ
ωelement λð Þ

¼ n λð Þ 1−punitð Þ: ð13Þ

Eq. (13) states that the scattering coefficient of any unit normalized
by that of its elements equals the (wavelength dependent) number of
interactions multiplied by the spectrally invariant probability of escape
(1− p).

The total canopy recollision and escape probabilities in turn can be
decomposed as

p canopyð Þ ¼ p1 þ 1−p1ð Þp2 þ…þ 1−p1ð Þ… 1−pn−1ð Þpn ð14Þ

and

1−p canopyð Þ ¼ 1−p1ð Þ 1−p2ð Þ… 1−pnð Þ ð15Þ

where n is the number of levels and pi is the probability that a photon
leaving a “clump” at the hierarchical level i − 1 will collide with a
clump at level i (Fig. 2). The albedos at any two consecutive levels are
linked by the equation (see Eq. (4)):

ωiþ1 λð Þ ¼ ωi λð Þ−piωi λð Þ
1−piωi λð Þ

: ð16Þ

The goodness of the scaling depends on how well the p-theory ap-
proximates the radiation field inside the vegetation canopy. Theoreti-
cally, this is linked to the speed of convergence of the recollision
probability with scattering order to its limiting value. As discussed in
the following sections, in structurally complex extremely dense cano-
pies, the connection between the photon recollision probability p and

the eigenvalue γ0 is lost, although the approximating equation
(Eq. (9)) can still be used to describe total canopy absorption.

2.4. Link between p and STAR

Smolander and Stenberg (2003) calculated the mean probability of
escape (1− psh) within modelled Scots pine shoots using Monte Carlo
ray tracing (see Section 3.2.). They found that, to a very close approxi-
mation, 1 − psh = 4STAR, where STAR is the spherically averaged sil-
houette to total needle area ratio of a shoot (Oker-Blom & Smolander,
1988) and 4STAR is analogous to the shoot shading factor β (Stenberg,
1996). As shown by Smolander and Stenberg (2003), 4STAR can be
interpreted as the mean probability that a photon emitted from a ran-
dom point on the needle surface of the shoot will not hit another needle
of the shoot. Assuming Lambertian reflectance, it follows that the only
difference between the escape probability and 4STAR comes from the
spatial averaging: if the points of interactionwere uniformly distributed
over the total needle area of the shoot then the two quantities would
coincide.

Based on the same assumption at canopy level, i.e. that the points of
interaction are uniformly distributed over the total canopy leaf (needle)
surface area, Stenberg (2007) later derived a simple analytical expres-
sion for the relationship between the total escape probability 1 − p,

Fig. 2. In the forest depicted here, p1 would be the recollision probability within a shoot, p2
the recollision probability of a shoot-leaving photon within the crown, and p3 the
recollision probability of a crown-leaving photon with another, different crown.
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the leaf area index (LAI) and the canopy interceptance in diffuse (isotro-
pic) radiation (iD) (Eq. (A1) in Appendix A):

1−p ¼ iD
LAI

: ð17Þ

In deriving Eq. (17), Stenberg (2007) first defined the escape proba-
bility (Pesc) of a single photon scattered from a point r on a leaf (or nee-
dle) assumed to scatter as a Lambertian surface, i.e. reradiating photons
following a cosine distribution around the direction Ωr of the leaf nor-
mal, as:

Pesc rð Þ ¼ 1
π

Z

2π Ωrð Þ

χ r;Ωð Þ cos Ω;Ωrð ÞdΩ: ð18Þ

In Eq. (18), the function χ is defined such that it takes the value 1
if there is a free line of sight through the canopy from r to the direction
Ω, and 0 otherwise, and integration is performed over the hemisphere
2π(Ωr) facing the leaf surface at r. The mean escape probability, 1 − p
(Eq. (17)), was then defined as Pesc averaged over (all the points r on)
the total leaf (needle) surface area of the canopy, which was shown to
equal the ratio of canopy diffuse interceptance (iD) to the hemisurface
LAI. In complete analogy to the shoot level p, the canopy level p
(Eq. (17)) can be interpreted as the mean probability that a photon
emitted from a random point on a Lambertian leaf (or needle) surface
of the canopy will not hit another leaf of the canopy.

At a fixed LAI, the ratio iD/LAI is smaller (and p larger) the more
aggregated is the distribution of leaves in the canopy, or the smaller is
the canopy clumping index. The clumping index (Γ), as defined by Eqs.
(A2)–(A3) in the Appendix A, furthermore provides the link between
the true LAI and the effective leaf area index (Le) as Le = ΓLAI (Eq. (A4)
in Appendix A). Using these definitions, Eq. (17) can be written in the
form

1−p ¼ Γ
iD
Le

: ð19Þ

Rautiainen, Mõttus, and Stenberg (2009) studied the relationship
between p, LAI and Le based on empirical data (provided by measure-
ments with the LAI-2000 Plant Canopy Analyzer) from five coniferous
dominated test sites in Finland, containing in total 1032 pure or mixed
plots with Norway spruce, Scots pine, Silver birch and Downy birch.
They observed a tight relationship between iD and Le (Fig. 3), as could
be expected based on their definitions (Eqs. (A1) and (A4)). This
means that, at a fixed Le, the ratio iD/Le has a near constant value and
the escape probability (Eq. (19)) becomes proportional to the clumping
index Γ.

2.5. Empirical proof of the p-theory

The first empirical proof of the p-theory was obtained in a joint
laboratory experiment carried out by the University of Helsinki and
University of Zurich in spring 2011 (Rautiainen et al., 2012). The aim
of the experiment was to test if it was possible to upscale needle albedo
to shoot albedo using only one parameter describing the shoots, i.e. the
spherically averaged shoot silhouette to total needle area ratio (STAR).
In other words, to test empirically the validity of Eq. (16).

First, using a spectroradiometer attached to the LAGOS goniometer
located in the Remote Sensing Laboratories (University of Zurich), the
upper and lower hemispherical bidirectional reflectance distribution
functions (BRDF) for the study shoots were measured. The measured
data were further processed to shoot spectral albedos. Simultaneously,
the reflectance and transmittance values of single needles were mea-
sured. After the spectral measurements, the structure of the studied
Scots pine shoots, including needle dimensions and shoot silhouette to

total area ratios (STAR), were carefully measured in order to calculate
the STAR values for the shoots.

The empirical results confirmed the theory: STAR (which is linearly
related to p) could indeed be used to scale between needle and shoot
spectral albedos at these two hierarchical levels (Fig. 4). In an empirical
follow-up study, Mõttus and Rautiainen (2013) also showed that
common spectral vegetation indices, such as the normalized difference
vegetation indices (NDVI) or photochemical reflectance index (PRI),

Fig. 3. The relationship between effective LAI (Le) and canopy diffuse interceptance (iD)
can be easily measured with, for example, LAI-2000 Plant Canopy Analyzer or obtained
from hemispherical photographs. This figure is based on 307 forest stands measured in
Hyytiälä, Finland in 2013 (Majasalmi, Rautiainen, Stenberg and Manninen, 2015).

Fig. 4. The relationship between needle and shoot spectral albedos (400–1800 nm)
averaged for ten Scots pine shoots. The needle albedos were measured, and the shoot
albedos were both measured and predicted by STAR (which is linearly related to p) (see
Section 2.4 and Eq. (16)).
The measurements and data are described in detail by Rautiainen et al. (2012).
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can be scaled between needle and shoot levels using p. What still
remains empirically unexplored, due to technical challenges in themea-
surement set-ups, is whether the same method could be used to scale
between shoot and crown levels.

3. Simulation studies

3.1. Ray tracing to track collision and escape events

Tracking of individual photons inside a vegetation canopy, and thus
directly determining the escape and recollision probabilities, is not
possible. The closest alternative to measurement is Monte Carlo model-
ling using physically realistic representations of canopies. Such models
sample the radiation field inside and above the canopy by tracing single
photons drawn randomly from the incident radiation field. For the
models used in the studies of photon recollision probability, a detailed
3D description of the canopy had been given as model input. As the
photons are traced in the canopy, the fractions of photons which are
scattered out after each scattering provide the recollision probabilities
p(1), p(2), …, p(i), …, where i is the scattering order. The recollision
probability p is calculated as the average p(i) weighted by the contribu-
tion of each order to the total canopy scattering.

The first simulation results were reported for a fractal-based three-
dimensional barley canopy already in 1998 (Lewis & Disney, 1998).
The geometric expansion (Eq. (1)) was found to be a useful way of
representing canopy scattering as the rate of decay (i.e. photon
recollision probability in modern terms) was found to be nearly con-
stant for scattering orders of two and above. Amore detailed simulation
study in a canopy with randomly located, non-overlapping circular
leaves with a spherical leaf angle distribution confirmed themonotonic
increase of p(i) with the scattering order i. The value of i afterwhich p(i)
remained almost constant approximately equaled LAI (Lewis & Disney,
2007). Nevertheless, assuming a constant p for i N 1 gives reasonable ac-
curacy for modelling total canopy scattering. Themodelling exercises in
these relatively simple canopies confirmed the quick convergence of
p(i) to pinf mentioned above (Fig. 5).

Disney, Lewis, Quaife, and Nichol (2005) proposed an approxima-
tion of canopy reflectance where p(1) is calculated separately from

the recollision probability for i N 1, p(iN1). Total canopy scattering
now becomes

ωC λð Þ ¼ aωL λð Þ þ
bω2

L λð Þ
1−p iN1ð ÞωL λð Þ ð20Þ

where a and b are the geometric (spectrally invariant) parts of the first-
and multiple-order scattering, respectively. Disney et al. (2005) also
suggest a simpler, but less accurate approximation assuming b = a2.
Later, the second-order recollision probability has been found to be a
good substitute for the average p (Mõttus, 2007) or even the diffuse
limit pinf (Huang et al., 2007; Lewis & Disney, 2007). The first-order
recollision probability, on the other hand, is markedly smaller than
both p and pinf.

Disney et al. (2005) validated the suitability of Eq. (20) for approxi-
mating the reflectance of five Sitka spruce stands of various ages. The
stand-level reflectance, assumed proportional to ωC was measured
with a helicopter-mounted spectroradiometer in the visible andnear in-
frared spectral regions. Needle spectral albedo was sampled with a con-
tact probe. Eq. (20)was found to fit the data extremelywell (R2 N 0.997)
even assuming b = a2.

The situation was found to be more complicated for highly struc-
tured needleleaf forest canopies (Disney & Lewis, 2007). In some
dense and complex pine canopies, p(i) did not reach the diffuse limit
even at i = 100. The authors also noted a marked impact of non-green
material, i.e. tree trunks, on the distribution of exiting photons with
scattering order. While the p-theory (Eq. (4)) was still a good approxi-
mation of the relationship between needle and canopy scattering, the
fitted p-value became decoupled from its physical interpretation.

3.2. Deriving relationships between p and canopy structure

Smolander and Stenberg (2005) calculated the average p values (pLC
and pCC) for twomodel canopies of varying LAI: a ‘leaf canopy’ (LC) and
a coniferous ‘shoot canopy’ (CC), which were composed of randomly
distributed single leaves or coniferous shoots, respectively. In both can-
opies, values of p were estimated in two different ways, which turned
out to be in close to perfect agreement. First, p was obtained by fitting

Fig. 5. Variation in p with scattering order for different values of LAI.
From Mõttus (2007).
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Eq. (4) to simulated canopy scattering (ωC) at different wavelengths
(values of leaf albedo, ωL). Secondly, p was calculated using the above
described single photon ray tracing method with ωL = 1.

From simulations performed assuming a solar zenith angle (SZA) of
45°, a tight relationship of the form p= a(1− exp(−bLAI)) was found
between pLC and LAI for the leaf canopy. The dependence between
p of the coniferous shoot canopy (pcc) and LAI, in turn, was accurately
predicted from the shoot level p value (psh) and pLC of the leaf canopy
with similar effective LAI (Le) by the decomposition formula (see
Eq. (14)):

pCC ¼ psh þ 1−pshð ÞpLC Leð Þ: ð21Þ

The effect on pLC of different incidence angles of the incoming
photons was studied separately. It was found that pLC was practically
insensitive to the solar zenith angle in the range commonly used in sat-
ellite remote sensing (less than 1.2% at solar zenith angles b50°). Finally,
simulated values of the ratio of upward to total scattering (rC/ωC) at
different wavelengths showed an increase with LAI and a slight de-
creasewith increasingωL (aswould be predicted by Eq. (11)). At similar
values of LAI, the ratio rC/ωC was larger for the leaf canopy than for the
shoot canopy.

Later, Stenberg (2007) applied Eq. (17) to estimate p of the same
model canopies (‘leaf canopy’ and ‘shoot canopy’) as in Smolander and
Stenberg (2005) and found very good agreement between the analyti-
cally derived and the Monte Carlo simulated values of p. The fit was
the best at low to moderate values of LAI and, at similar LAI, was better
for the shoot canopy than for the leaf canopy. This can be explained by
that the assumption behind Eq. (17), that the points of interaction are
evenly distributed over the total leaf (needle) area, is closer to the
truth themore ‘transparent’ is the canopy, i.e. the smaller is the effective
LAI (Le).

Mõttus, Stenberg, and Rautiainen (2007) derived the relationships
between p and LAI for forest stands of more complicated structures
using simulations by the Kuusk–Nilson FRT model (Kuusk & Nilson,
2000) and assessed the effect on canopy structure on p by comparing
the results to those obtained for ‘structureless’ (homogeneous) cano-
pies of the same LAI by a two-stream model. Simulations by both
models produced tight relationships between LAI and p but, as expect-
ed, for a fixed LAI p was larger when canopy structure was accounted
for. More generally, results from the study confirmed that the concept
of recollision probability is coherent with physically based canopy
reflectance models.

The concept of spectral invariantswas tested onmultiple scales from
within leaf to a horizontally homogeneous canopy by Lewis and Disney
(2007). They demonstrated that the p-theory can very accurately ap-
proximate the leaf scattering computed with the widely-used PROS-
PECT model (Jacquemoud et al., 1996). Inside the leaf, the role of ω is
taken by the exponent of the product of pigment concentration and its
spectral absorption coefficient. The “within-leaf recollision probability”
pleaf (note that at within-leaf scale, no physical connection has been
established between the collision events and pleaf) was found to vary
with the refractive index of the leaf wax layer between 0.60 and 0.73.
For a wide range of leaf properties, the p-theory approximated PROS-
PECT with R2 N 0.9997 and RMSE b 0.0042. Using the (de)composition
formula, leaf- and canopy level p-values can be combined thus linking
canopy spectral reflectance to the pigment concentration with a single
parameter. Based on their results, Lewis and Disney (2007) concluded
that “without knowledge of either p, or the leaf biochemical constitu-
ents, independent retrieval of either from total scattering measure-
ments is not possible.”

In a simulation study, Stenberg and Manninen (2015) used the
approach proposed by Disney et al. (2005) to separate the first order
and multiple order recollision probabilities and calculated canopy

scattering by Eq. (20), where parameters a and b were derived as:
a = 1 − p(1) and b = p(1)(1 − p). For the modelled canopies, the
first order p(1) was calculated analytically and the multiple order
mean p was calculated using Eq. (17). Results confirmed that p(1) in-
deed differs more from the mean p the denser is the canopy but that
the difference decreaseswith clumping. In dense but clumped canopies,
thus, the difference between p(1) and mean p had only minor effect on
total canopy scattering (ωC). However, the reflectance ratio (rC/ωC) was
found to decrease with clumping because it reduces the relative contri-
bution of first order scattering (with higher reflectance ratio) to the
total scattering.

4. Use of p in modelling canopy reflectance and radiation regime

4.1. Canopy BRF using PARAS model

A family ofmodels, called ‘PARAS’, where canopy structure is param-
eterized purely based on the recollision probability, has been developed
to simulate different components of the canopy radiation budget, e.g.,
canopy reflectance (BRF, albedo) and absorption (fPAR). The first
version of the PARAS model was formulated for the canopy BRF by
Rautiainen and Stenberg (2005) as:

BRF ¼ cgf θ1ð ÞρGcgf θ2ð Þ þ f θ1; θ2ð Þi0 θ2ð ÞωL−pωL

1−pωL
: ð22Þ

Here, the assumption of ‘black soil’was relaxed so that the contribu-
tion from photons arriving through gaps in the illumination direction
(θ2), reflected at the ground (ρG), and escaping through gaps in the
view direction (θ1) was added to the canopy-only reflectance. Multiple
scattering between canopy and soil was not accounted for. The second
term on the right hand of Eq. (22) is simply canopy scattering for the
black soil problem (Eq. (2)) weighted by the function f, which describes
the directional distribution of escaped photons normalized so that inte-
grated over all view directions (Ω1) it yields unity:

1
π

Z

4π

f θ1; θ2ð Þ cosθ1j jdΩ1 ¼ 1: ð23Þ

Integration over the upper hemisphere, in turn, gives the total up-
wards (or backwards) scattered fraction of the radiation intercepted
by the canopy:

1
π

Z

2πþ

f θ1; θ2ð Þ cosθ1j jdΩ1 ¼ Q : ð24Þ

The incomingdirection of radiation (θ2) has an impact on the canopy
interceptance (i0), but its possible influence on p (through its effect on
where the first interactions occur) is not explicitly taken into account
in the model formulation. Originally, the value of p for input to the
model (Eq. (22)) was calculated using the relationships between p
and LAI for leaf and shoot canopies derived by Smolander and
Stenberg (2005) in their simulation study. (Recall that in that study
the dependence of p on the solar zenith angle was found to be insignif-
icant.) In later applications of the PARAS models, Eq. (17) has generally
been used to produce the input value of p. Note that using Eq. (17) for
the estimation of p requires that the LAI is measured (or estimated) in-
dependent of the canopy diffuse interceptance (iD), or alternatively,
using some known or assumed value of the clumping index (Γ). Also, al-
though the variation in f with view angle is represented in the model
formulation, it has (so far) not been a subject of study in the applica-
tions. If the canopy reflectance is assumed to be Lambertian (i.e. f is
constant), then it follows from Eq. (23) that f(θ1,θ2) = Q for all view
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directions.While the PARAS BRFmodel does not rely upon such a (false)
assumption, in thefirstmodel applications the value of f for a nadir view
(θ1 = 0) was approximated using simulated data on Q (=rC/ωC) by
Smolander and Stenberg (2005). The first analytical approach to sepa-
rate canopy scattering into reflectance and transmittance, i.e. to esti-
mate Q (Eq. (11)), was presented by Mõttus and Stenberg (2008).
They also derived values of Q by simulation for a set of (measured)
forest stands of varying LAI, and these simulation based dependencies
of Q on LAI have later been used in the PARAS BRF model. Note that
the reflectance ratio as predicted by Eq. (11) is not strictly spectrally
invariant.

The model (Eq. (22)) was applied to show improved agreement
betweenmodelled andmeasured BRF for coniferous standswhenwith-
in-shoot scattering accounted for (in calculating the p) (Rautiainen &
Stenberg, 2005), and later Rautiainen et al. (2007) successfully applied
the model to subarctic forests to demonstrate the role of understory
vegetation in forming stand reflectance. Stenberg, Rautiainen,
Manninen, Voipio, and Mõttus (2008) used the model to investigate
which spectral vegetation indices would perform well in mapping LAI
of boreal forests. More recently, the PARAS model has also been used
to estimate chlorophyll content of spruce needles from CHRIS PROBA
data (Yanez-Rausell et al., 2015).

4.2. Canopy albedo and absorption using PARAS model

Manninen and Stenberg (2009) extended the original PARAS model
to include multiple scattering between canopy and ground with the
motivation to make it applicable also in the case of a highly reflective
background such as snow. They used it to simulate the effect of snow
covered forest floor on the black- and white-sky albedos. Two compo-
nents were thus added to the right hand side of Eq. (22): 1) photons
first scattered downwards from the canopy, then reflected from the
forest floor and transmitted without interaction through the canopy
upwards, and 2) photons reflected from the forest floor and scattered
upwards through the canopy. In addition, hemispherical integration
over all view angles (for black-sky albedo) or integration over both inci-
dent and view angles (for white-sky albedo) was performed to convert
BRF to black sky and white sky albedo, respectively. Simulation results
showed that for snow covered forestfloors the addedmultiple scattered
component increased the total canopy albedo in NIR by up to 0.2 units.
In summer conditions, on the other hand, the contribution to the albedo
from the added components was negligible in the red band and not
larger than about 0.05 in NIR. Evaluation of the albedo model against
measured forest albedo data from the Arctic Research Centre of the
Finnish Meteorological Institute (FMI-ARC) in Sodankylä (northern
Finland) showed that it successfully simulated the main features of
measured albedo values.

The PARAS albedo model developed later by Stenberg, Lukeš,
Rautiainen, and Manninen (2013) is a simplified version of the
Manninen and Stenberg (2009) model, but provides separately the
three different components of the total radiation budget. The total
canopy spectral absorption (AC) and ground absorption (AG) are defined
as the fractions of the incoming photons at a specific wavelengthwhich
will finally be absorbed by the canopyor be transmitted to and absorbed
by the ground. The spectral albedo (RC), or the fraction of the incoming
photons that escapes the canopy upwards, is then obtained as:

RC λð Þ ¼ 1−AC λð Þ−AG λð Þ: ð25Þ

In the model two simplifying assumptions were made allowing AC

and AG to be derivedwith help of geometric series. First, it was assumed
that the fractions of backward scattering (Q) and forward scattering
(1 − Q) do not depend on whether the canopy is irradiated from
above or below. Secondly, the ground reflectance (ρG) was assumed to
be purely Lambertian. (The first assumption was used also in the simu-
lations by Manninen and Stenberg (2009), but the snow albedo was

modelled as combination of completely forward/backward and
Lambertian scattering.) The equations for canopy (Ac) and ground spec-
tral absorption (AG) are:

AC λð Þ ¼ i0αC λð Þ þ t0 þ i0 1−Qð ÞωC λð Þ½ &ρG λð ÞiDαC λð Þ
1−QωC λð ÞiDρG λð Þ

ð26Þ

and

AG λð Þ ¼ t0 þ i0 1−Qð ÞωC λð Þ½ &1−ρG λð Þð Þ

þ t0 þ i0 1−Qð ÞωC λð Þ½ &ρG λð ÞiDQωC λð Þ 1−ρG λð Þð Þ
1−QωC λð ÞiDρG λð Þ : ð27Þ

Derivation of themodel actually followed the same principle as pre-
sented in Knyazikhin et al. (1998) and further outlined in Wang et al.
(2003) so that, in Eqs. (26) and (27), the first term represents the solu-
tion to the ‘black soil problem’, and the second term is the additional
contribution due to interactions between the canopy and underlying
surface. Note that Eqs. (26) and (27) above are formulated for radiation
incident from a specific angle (e.g. the sun zenith angle), at which t0 and
i0 correspond to the uncollided transmittance and the interceptance,
respectively, but they can easily be applied also to diffuse radiation by
integrating over the respective distribution of sky radiation.

The model by Stenberg et al. (2013) was used to produce the black-
sky albedos of 644 boreal forest stands in Finland composed of Scots
pine, Norway spruce and Silver birch. Results were compared to those
simulated using the detailed reflectance and transmittance model
(FRT) by Kuusk and Nilson (2000) with input from an extensive forest
inventory database and locally measured spectral data on leaf and
needle albedos, and ground (understory) reflectance. Results showed
that the albedos of the stands simulated by PARAS and FRT had approx-
imately the same range and strong positive correlation. Inclusion of
branch area index (BAI) in calculating the p value (by adding the BAI
to LAI in Eq. (17)) further improved the agreement, so that the overall
root mean square error (RMSE) between the PARAS and FRT simulated
albedos was 0.011, and the ranges of albedo values were almost identi-
cal. It was concluded that although complex 3D models using detailed
input on the structure of standsmay be required to realistically describe
the angular variation in reflectance (BRDF) for a forest, the spectrally
invariant parameters are an efficient means to couple forest canopy
structure and albedo.

The model was also adapted for calculating the fraction of absorbed
photosynthetically active radiation (fPAR) (canopy spectral absorp-
tance by Eq. (26) integrated over PAR wavelengths) of a forest by
Majasalmi et al. (2014) and Majasalmi, Rautiainen and Stenberg
(2015). First, the simulated fPAR values were validated against mea-
surements in differently structured boreal coniferous and broadleaved
stands, which was followed by simulations of diurnal and seasonal
fPAR dynamics. Overall, the model performed well in fPAR calculations:
the RMSE between the simulated and measured fPAR values ranged
from 0.03 to 0.06, depending on the time of the day and sky conditions.
As ground reference measurements of fPAR are tedious and slow, a
physically-based model could be used to produce the in situ estimates
of fPAR for validating satellite-based products for a larger area. For bore-
al forests, Majasalmi, Rautiainen, Stenberg and Manninen (2015) ex-
plored the potential of using this fPAR model to produce the ground
reference values for the validation of MODIS (MOD15A2) and GEOV1
fPAR (g2_BIOPAR_FAPAR) products. Application of the model also
allowed separating the contributions of understory and tree layer
fPAR, and analysing their role in the performance of the satellite-based
products. Thus, Majasalmi, Rautiainen, Stenberg and Manninen (2015)
were able to report, for example, that the MODIS fPAR represented the
fPAR of the tree canopy layer whereas the GEOV1 fPAR product was
more similar to the total fPAR of both the understory and tree layers.
Similarly for agricultural areas, Fan, Liu, and Xiru (2014) also applied a
photon recollision based model to generate fPAR values comparable to
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satellite products (MOD15A2). These studies on forest albedo, fPAR and
satellite product validation are examples of how the p-theory can be
used as a tool to estimate canopy radiation budget in different types of
vegetation canopies. A strength of the p-theory based model approach
is its simple parameterization, as described in the following section.

4.3. Measurements of PARAS model input parameters

A key property of any canopy radiation model is that the input
parameters have a physical interpretation and can be measured in the
field or in a laboratory. The PARAS family of models is based on a
small, measurable set of input parameters describing the structure and
optical properties of forest elements. Canopy structure ismainly param-
eterized through the recollision probability p which, knowing the
clumping index (Γ), can be calculated by Eq. (17) or (19) using the
effective LAI (Le) and canopy diffuse interceptance (iD) obtained from
measurements with, for example, the LAI-2000 Plant Canopy Instru-
ment (Li-Cor Inc.) or a camera with a hemispherical lens (Fig. 6A). The
clumping index is not a directly measurable parameter, but the shoot

level clumping can be estimated by STAR (Fig. 6B). In addition to p,
the structural input data required by themodel are canopy gap fractions
to estimate bidirectional gap probabilities of the forest floor (or under-
story layer). These canopy gap fractions can also be obtained from LAI-
2000 data or hemispherical photographs of the canopies. Besides the
abovementioned canopy structural variables, the model requires spec-
tral data on the foliage elements and forest floor. The spectral albedos
of leaves or needles can be measured in laboratory (or field conditions)
(e.g. Lukeš, Stenberg, Rautiainen, Mõttus, & Vanhatalo, 2013), and the
BRF or BRDF of forest floor vegetation in the field (e.g. Peltoniemi et
al., 2005; Rautiainen et al., 2011). The PARASmodels do not require ex-
pert guesses for input parameters as they can be measured (Fig. 6).

5. Applications in monitoring vegetation

Operational monitoring of vegetation, such as producing LAI maps
for extensive areas, requires an algorithm which is based on a simple
set of input parameters. Therefore, the concept of spectral invariants
(or photon recollision probability) has originally been applied in LAI/

Fig. 6.Measurements of input variables needed for the PARASmodels. A. Data on canopy gap fractions and diffuse interceptance, and leaf area index which are needed to calculate p (see
Eq. (17)) and the contribution of understory (see Eq. (22)) can directly be obtained from LAI-2000 Plant Canopy Analyzer output files or hemispherical photographs. B. STAR values of
coniferous shoots can be measured using photographic methods. STAR is linearly related to p (see Section 2.4). C. Data on the spectral properties of tree leaves and needles, and
understory vegetation are also needed as input and can be measured with spectroradiometers. These examples are based on data measured in Hyytiälä, Finland.
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fPAR retrieval algorithms utilizing MODIS (Knyazikhin et al., 1998;
Shabanov et al., 2003) and Landsat or SPOT (Ganguly et al., 2008a,b,
2012; Heiskanen, Rautiainen, Korhonen, Mõttus, & Stenberg, 2011)
data. In addition to LAI and fPAR, spectral invariants have been linked
to other variables describing canopy structure. For example, Schull et
al. (2007) showed that the spectral invariants theory can be applied to
retrieve height of canopies from airborne multiangular remote sensing
data. Furthermore, Schull et al. (2011) showed that, if leaf single scatter-
ing albedo is known, p (and related information on canopy structure)
can be retrieved from hyperspectral remote sensing data using a simple
linear regression method. Lukeš, Rautiainen, Stenberg, and Malenovský
(2011) evaluated independently Schull's methods for retrieving the
recollision probability and escape factor from multiangular CHRIS
PROBA data for a spruce site. They were able to reproduce Schull et
al.'s (2007) findings using completely different data sets from another
biome, and concluded e.g. that in coniferous canopies the spectral in-
variants theory performs well in the near infrared spectral range.

The most recent development in the spectral invariants theory has
been the introduction of the directional area scattering factor (DASF,
Knyazikhin et al., 2012), formulated as an extension to the work by
Schull et al. (2007, 2011). DASF is an estimate of the fraction of leaf
area in a canopy that is visible from outside the canopy in a given direc-
tion. Formally, it is defined as the canopy BRF if the foliage does not
absorb radiation (ωL = 1). For a canopy bounded underneath by black
soil, DASF is identical to the product of i0 and f (Eq. (22)), and the
ratio of BRF to DASF equals the canopy scattering coefficient (ωC). For
dense canopies (i0 ~ 1), furthermore, DASF approximately coincides
with the function fwhich describes the proportion of photons scattered
from a canopy into a particular direction (the view direction). In other
words, DASF varies with view direction and is a function of geometric
properties of the tree canopy (e.g. foliage grouping, crown shape, spatial
distribution of trees). For closed canopies (i.e. canopies where the influ-
ence of forest floor is negligible), DASF can be directly estimated from
air or satellite borne BRF data in the spectral range between 710 nm
and 790 nm (Knyazikhin et al., 2012).

By now, the concept of DASF has been shown useful in mapping
vegetation structure in both forest and agricultural vegetation. In a
study based on reflectance data from CHRIS PROBA, Latorre-Carmona
et al. (2014) reported that the DASF is directly related to crop type.
Vanhatalo, Rautiainen, and Stenberg (2014), on the other hand, report-
ed that DASF shows good potential in monitoring the broadleaf fraction
of boreal forests when using hyperspectral satellite data (e.g. EO-1
Hyperion images). Furthermore, Stenberg and Manninen (2015) sug-
gested that this might be linked to different degrees of clumping in
broadleaved vs coniferous stands based on their result that, for a nadir
view, DASF increases with the clumping index. The validity of the appli-
cations described above is, however, confined to dense canopies due to
the underlying assumption of a vegetation bounded underneath by a
non-reflecting black surface as shown in an empirical study by
Vanhatalo et al. (2014). Alternatively, methods for removing the impact
of background (e.g. forest floor) on total forest (or other vegetation
canopy) reflectance need to be applied in sparse canopies.

Currently, the team led by Prof. Yuri Knyazikhin (Boston University)
applies DASF in the development of new algorithms for retrieving global
data records of fraction of photosynthetically active radiation absorbed
by green leaves, leaf area and its sunlit fraction fromDeep Space Climate
Observatory (DSCOVR, launched in 2015) data. Future applications can
also be expected to arise from the applications of spectral invariants in
describing the radiation budget of vegetation in global radiation balance
or climate models.
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Appendix A

Canopy diffuse interceptance, or the interceptance of isotropic radia-
tion, is obtained as:

iD ¼ 2
Z π

2

0
1−t0 θð Þ½ &cosθ sinθdθ: ðA1Þ

The uncollided transmittance (or gap probability), t0, can be
expressed by the Beer's law equation as a function LAI, themean projec-
tion of unit foliage area (G) and a clumping index (Γ) as (Nilson, 1971):

t0 θð Þ ¼ exp −Γ θð ÞG θð ÞLAI= cosθ½ &: ðA2Þ

Eq. (A2) with Γ(θ) = 1 (for all θ) applies to a Poisson canopy com-
posed of randomly distributed leaves and the clumping index conse-
quently is defined as the parameter needed to correct for deviations in
the relationship between t0 and LAI caused by a non-random leaf
dispersion.

As Γ(θ) varies with the direction, the total hemispherical clumping
index Γ is defined as:

Γ ¼ 2
Z π=2

0
Γ θð ÞG θð Þ sinθdθ: ðA3Þ

With the clumping index defined by Eq. (A3), the effective leaf area
index (Le) now becomes equal to the product of and the true leaf area
index:

Le ¼ −2
Z π

2

0
ln t0 θð Þ½ &cosθ sinθdθ ¼ 2

Z π
2

0
Γ θð ÞG θð ÞL sinθdθ ¼ ΓL: ðA4Þ
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Abstract: Earth observations collected by remote sensors provide unique information to our
ever-growing knowledge of the terrestrial biosphere. Yet, retrieving information from remote sensing
data requires sophisticated processing and demands a better understanding of the underlying
physics. This paper reviews research efforts that lead to the developments of the stochastic radiative
transfer equation (RTE) and the spectral invariants theory. The former simplifies the characteristics
of canopy structures with a pair-correlation function so that the 3D information can be succinctly
packed into a 1D equation. The latter indicates that the interactions between photons and canopy
elements converge to certain invariant patterns quantifiable by a few wavelength independent
parameters, which satisfy the law of energy conservation. By revealing the connections between
plant structural characteristics and photon recollision probability, these developments significantly
advance our understanding of the transportation of radiation within vegetation canopies. They enable
a novel physically-based algorithm to simulate the “hot-spot” phenomenon of canopy bidirectional
reflectance while conserving energy, a challenge known to the classic radiative transfer models.
Therefore, these theoretical developments have a far-reaching influence in optical remote sensing of
the biosphere.

Keywords: vegetation remote sensing; stochastic radiative transfer equation; spectral invariants theory

1. Introduction

The past a few decades have seen rapid development in scientific research and applications that
monitor and/or simulate terrestrial ecosystems with the help of remote sensing data [1]. Thanks to
advances in technology, we have sensors that operate across a broad spectral range, at high spatial,
temporal, and spectral resolutions, and with passive or active modes. For instance, on sun-synchronous
orbits the classic MODIS (Moderate Resolution Imaging Spectroradiometer) and SUOMI NPP (National
Polar-Orbiting Partnership) VIIRS (Visible Infrared Imaging Radiometer Suite) are now joined by
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Landsat 8/OLI (Operational Land Imager) [2,3], Copernicus Sentinel-2 [4], and JPSS (Joint Polar
Satellite System) VIIRS [5]. On geostationary orbits we now have advanced multi-band imagers
on Himawari-8/9 [6], GOES-16/17 [7,8], FengYun-4 [9] and the forthcoming sensors from Korea
Meteorological Administration and European Organization for the Exploitation of Meteorological
Satellites (EUMETSAT). On the International Space Station there is ECOSTRESS (Ecosystem Spaceborne
Thermal Radiometer Experiment on Space Station), which will be soon joined by GEDI (Global
Ecosystem Dynamics Investigation) [10]. A plethora of remote sensing products have been derived
that reflect various characteristics of the terrestrial biosphere, including vegetation spectral indices,
land cover types, canopy structural parameters, and many others. As remote sensing data uniquely
provide consistent coverage over large spatial scales, it is rare nowadays that a global change study
does not use such information.

Remote sensing data are not uncertainty-free but come with caveats. In optical remote sensing,
for example, photons that reach the sensor have gone through complicated interactions with the
atmosphere-vegetation-soil medium [11]. A series of processing must be conducted to calibrate and
correct the top-of-atmosphere signals before information about the surface can be extracted from them.
As remote sensors cannot directly measure the surface biophysical characteristics of interest, models are
used to transform the measurements into estimates of the desirable vegetation canopy variables (e.g.,
Leaf Area Index), a process methodologically called “inversion.” The inverse problems encountered in
remote sensing are often under-determined and “ill-posed” [12], thus a priori information, additional
constraints on potential solution space, and regularization techniques are often applied to make
the problem solvable [13–17]. Given these challenges, a better understanding of the methodological
backgrounds of remote sensing products can be beneficial for users of these datasets.

Interactions between photons and the atmosphere-vegetation-soil medium are succinctly
quantified by the radiative transfer equation (RTE) and the associated boundary conditions [18].
The theory of radiative transfer was originally developed to study the scattering and absorption of
sunlight in the atmosphere and later to simulate the transport of neutrons in nuclear reactors [19].
The theory was applied to model the radiation regime in vegetation canopy in the second half of
the last century [20–22]. A range of models have been developed to describe the radiation regime
in vegetation canopies as well as their interactions with the atmosphere and the soil. Some of the
representative models, for instance, include Raytran [23], DART (Discrete Anisotropic Radiative
Transfer) [24,25], SAIL (Scattering by Arbitrary Inclined Leaves) [26–28], PROSPECT [29], GORT
(Geometric Optical-Radiative Transfer) [30,31], and PARAS [32]. A recent review of the canopy radiative
transfer models can be found in Reference [18].

Compared with turbid media or nuclear reactors, vegetation canopy has its own structural
and optical characteristics. On one hand, leaves have finite sizes and therefore cast shadows [33],
which violates the assumptions of Beer’s law [34,35]. For instance, the mutual shadowing effects
of the canopy elements are mainly responsive for a sharp peak of the canopy reflectance in the
retro-illumination direction. This phenomenon is often called the “hot-spot” effect, which is difficult
to simulate with the classic RTE [33,36]. On the other side, the sizes of leaves (and twigs, branches,
etc.) are often much larger than the spectral wavelengths considered in optical remote sensing.
The total extinction coefficient (or cross-section) of photons in vegetation canopies is thus determined
by the structural distribution of the leaves (and other phytoelements) rather than the wavelengths of
photons [37]. Such characteristics of the vegetation medium present both challenges and opportunities
to research efforts on the radiative transfer theory in vegetation canopies.

This paper intends to contribute a review of the theoretical advancements in modeling radiative
transfer processes in 3D vegetation canopies. It particularly focuses on the developments of the
stochastic radiative equation and the spectral invariant theory, which have been widely applied in
retrieving vegetation structural information from remote sensors like MODIS and MISR (Multi-Angle
Imaging Spectroradiometer) to the recent EPIC (Earth Polychromatic Imaging Camera) on the DSCOVR
(Deep Space Climate Observatory) platform and the latest geostationary sensors like AHI (Advanced
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Himawari Imager; on Himawari-8/9) and ABI (Advanced Baseline Imager; on GOES-16/17). However,
a detailed account of such theoretical progresses is somewhat scarce in recent review papers [38–45]
or textbooks [46] on remote sensing sciences and applications, which becomes a main motivation for
this paper.

A question may rise: Why should we care so much about the theoretical properties of the radiative
transfer processes in a time of big data, artificial intelligence and machine learning? It is true that
in general the RTE has to be solved numerically [47]. In many applications we rely on statistical or
empirical methods to solve the problem at hand [43]. Artificial intelligence and machine learning tools
have also been introduced into remote sensing applications since their early stages and are gaining
increasing popularity with rapid developments in the technology [48]. However, as mentioned earlier,
the task of remote sensing is essentially ill-posed. The solution to the inverse problem often is not
unique [43] and may not even be physical [35]. For instance, though the spectroscopy of a single leaf
may be accurately measured in a laboratory, those measured for a forest stand by remote sensors
convolute signals from the phytoelements (e.g., leaves, twigs, branches, trunks), the land surface,
the atmosphere in between, as well as the interactions among them [22]. It is far from straightforward
to establish a robust quantitative link between satellite measurements and leaf-level biogeochemical or
biogeophysical traits. Without a clear understanding of the underlying processes, we may misinterpret
empirically identified correlations from the data [49]. Furthermore, physically-based radiative transfer
models (RTM) usually assume many parameters, which make them difficult to invert in practice [43].
The success of an RTM in remote sensing applications thus requires a balance between the simplicity
of the model formulation and the fidelity of physics it preserves. Such a task can only be achieved with
a deep understanding of the radiative transfer processes. As we will discuss later, the stochastic RTE
and the spectral invariant theory represent elegant advancements with this modeling aspect regarded.

The rest of the paper is organized as follows. We begin by introducing the radiative transfer
equation formulated for 3D vegetation canopies. We then focus on four particular topics in the main
text, including the decomposition of RTE into the black-soil (“BS”) and the soil (“S”) problems,
the development of the stochastic RTE that efficiently packs 3D canopy features into a 1D form,
the spectral invariants theory that links the solutions of the RTE at different wavelengths by a few key
canopy structural parameters, and the latest effort to address the “hot-spot” problem in vegetation
remote sensing. We conclude the paper with a brief summary of the key ideas reviewed in these topics.

We would like to emphasize that, although the concepts of the spectral invariants and stochastic
canopy geometrical properties may appear abstract, they have concrete physical interpretations and
are measurable from ground and remote observations. Additionally, the basic ideas behind these
theoretical developments are actually simple. Their derivations repeatedly make use of the ideas of
decomposition and superposition, convergence and invariants, and the law of energy conservation.
Therefore, we invite the readers to pay more attention to these ideas rather than the mathematical
details of the theory, if the latter appears to be a bit complicated at the first look.

2. Radiative Transfer Equation for Vegetation Canopy

The classic RTE theory assumes that the radiative transfer properties of a vegetation canopy
are largely determined by how the leaves are distributed in space, how they are oriented, and the
fashions in which photons interact with the leaves [11,22,37,50]. These three aspects are mathematically
described by the leaf area density distribution function uL(x), the leaf normal distribution function
gL(x, WL)/2p, and the leaf element scattering phase function gL(l, x, W ! W0, WL), respectively
(Figure 1). Here, WL represents the direction of the leaf normal, W is the incident direction, and W0 is
the direction in which photons are scattered into. Note that the scattering phase function gL explicitly
depends on both W and W0 but not only the scattering angle cos�1

⇣
W·W�1

⌘
, which is a key difference

between vegetation canopies and gaseous media [37].
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Figure 1. Schematic diagram of the Radiative Transfer Equation (RTE) and the Spectral Invariants
theory. The left side of the flowchart (outside the dashed box) describes the successive-order scattering
approximation (SOSA) scheme to solve the RTE. The right side of the diagram (inside the dashed box)
indicates the logic flow of the spectral invariants theory. The symmetric arrangement of the diagram is
to emphasizes that the canopy spectral invariants provide an equivalent set of parameters (other than
the traditional ones) to succinctly characterize the canopy structural properties.

From these functions we can derive a few key parameters to be used in RTE, including the
single scattering albedo w0(l), the total extinction cross-section �(W), and the differential scattering
cross-section �S(W ! W0). Here we have assumed that w0 is a variable of only spectral wavelength and
that �(W) and �S(W ! W0) do not depend on locations (x) or spectral wavelengths (x). The detailed
definitions of these variables and their relationships are given in the Appendix A. Note that although
the single scattering albedo is generally understood as the averaged leaf albedo, its definition actually
depends on the spatial scales of the elementary scatters considered in the equation [51]. As will be
discussed later, this parameter is related to the canopy scattering coefficients by the associated scaling
rules [45].

Denoting Il(x, W) as the monochromatic radiation intensity (radiance), we use the operator
notations [52] to describe the radiative transfer processes in vegetation canopies (for readers who
are not familiar with linear differential/integral operators, you may think them as matrices with
infinite dimensions). In particular, the streaming-collision operator (L) describes the spatial/directional
change of the radiation intensity and the extinction of radiance due to collisions between photons and
phytoelements (Reference [52]; the same for Equations (2)–(5)),

LIl ⌘ W·rIl(x, W) + �(x, W)Il(x, W) (1)
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The scattering operator (Sl) describes the addition of radiance by photons scattered in from
other directions,

Sl Il ⌘
Z

4p

w0(l)�S(x, W0 ! W)Il(x, W0)dW0 (2)

The steady state RTE is thus
LIl = Sl Il, (3)

with the boundary conditions specified by

Il(xT , W) = d(W � W0), nT ·W < 0 (4)

and

Il(xB, W) =
1
p

Z

nB ·W0>0

rl(xB, W0 ! W)Il(xB, W0)|nB·W0|dW0, nB·W < 0 (5)

where xT and xB 2 ∂V, nT and nB and the outward normal of the boundary, rl is the bidirectional
reflectance factor (BRF) of the lower boundary (i.e., soil surface). In remote sensing applications the
influence of lateral boundaries is considered small and thus neglected [35,37]. For simplicity we also
only consider the direct solar illumination but neglect the diffuse radiation. This corresponds to the
case where the influences of path radiances are removed through atmospheric corrections.

The RTE of Equation (3) describes photon-canopy interactions in three spatial dimensions (i.e.,
x) and two directional dimensions (W and W0). As the phase function gL is not rotational invariant,
we cannot decompose the solution in spherical harmonics to simplify the calculation [37]. Direct
numerical schemes to solve the equation thus have to perform 5-dimensional integration at every
iteration, which is complicated and prone to numerical errors. Therefore, we seek to simplify the
problem based on its mathematical/physical properties, which is discussed in the following sections.

3. Black-Soil and Soil Problems

A key property of the RTE is its linearity with regard to Il, which allows the problem to be
decomposed into a set of sub-problems that are easier to solve. The classic MODIS algorithm [35]
decomposes the RTE problem according to its boundary conditions. The easiest boundary condition is
represented by the black-soil (“BS”) problem, which is formulated for a vegetation canopy illuminated
from above by a mono-directional sun beam and otherwise bounded by purely absorbing (i.e.,
“black”) surface from below. In contrast, the soil (“S”) problem is formulated for the same canopy
but illuminated from below by anisotropic sources and bounded by absorbing surfaces everywhere
else. Such a decomposition scheme separates the influence of illumination conditions from those of
soils. The two sub-problems are solved independently but their solutions can be flexibly superposed
to render the full solution of the original problem (Figure 1).

To solve the black-soil problem, we further decompose the radiation field into the un-collided
component, Q0,

Q0(xT , W) = d(W � W0), nT ·W < 0 (6)

and the collided (or diffuse) components, Idi f , which satisfies the so-called standard problem with zero
boundary conditions where no photon entering the canopy from above or below [53],

L0 Idi f = Sl Idi f + SlQ0. (7)

As L is an ordinary differential operator, the solution of Q0 can be relatively easily obtained.
By introducing the integral operator T = L�1

0 Sl, we write the diffuse component, Idi f , symbolically as

Idi f = TIdi f + TQ0. (8)
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We should explain the physical meaning of the T operator later in Section 5. For now, note that
we can solve for Idi f as

Idi f =
TQ0

E � T
, (9)

where “E” is the identity operator (i.e., EIdi f = Idi f ). Adding Q0 to both sides, we obtain the solution
of the black-soil problem as

Ibs = Idi f + Q0 = Q0
E�T

=
⇣

E + T + T2 + · · ·+ Tk + · · ·
⌘

Q0.
(10)

The last line of Equation (10) is the expansion of the operator (E � T)�1 in Neumann series,
which is analogous to geometrical series of numbers. Physically it indicates that IBS is the superposition
of photons that are un-collided, once-collided, twice-collided, and so on. The condition that the
series converge is provided by the law of energy conservation because the system is dissipative.
This superposition scheme, generally referred to as “successive-order scattering approximation”
(SOSA; Reference [54]), also bridges the black-soil problem solution to a few key concepts in the
radiative transfer theory in vegetation canopies.

The soil (“S”) problem is formulated as follows:

LIs = Sl Is,
Is(xB, W) = dB(xB, W), nB·W < 0,

(11)

where dB(xB, W) is an anisotropic source normalized to have its hemispherical integral (i.e., irradiance)
to be unit. Note that the soil problem also assumes purely absorbing boundaries and the only
difference is that the canopy is illuminated from below by a diffuse source. It can be solved with the
same approach as the black-soil problem.

We now explain how to use the solutions of the black-soil and the soil problems to model
interactions between the canopy and the underlying soil surface. First, the anisotropic source in the
S-problem is initialized by radiation that passes through the canopy and reflected by the soil surface.
If the spatial distribution pattern of the downward radiation (as which is regulated by the structure of
the canopy) does not change significantly, we may assume that the anisotropy is determined by the
soil surface but independent on the incoming radiation field [35].

Let the spatial mean effective ground bi-hemispherical reflectance (BHR) of the soil surface to be
re f f and the mean radiation flux (irradiance) from the downward radiance generated by the black-soil

problem to be Fbs. As the system is linear, the radiation field that generated by the first interaction of
the canopy and the soil surface is (approximately) re f f Fbs Is. A part of the photons will be scattered
back by the canopy to interact with the soil surface again. Denote the mean BHR of the canopy
illuminated by the anisotropic source dB(xB, W) to be Rs, and the radiation field generated by the

second interaction between the canopy and the soil surface is thus
⇣

re f f

⌘2
RsFbs Is. As this process

iterates, we arrive at the total radiation generated by the interactions between the canopy and the
soil surface

Irest(x, W) =
re f f Fbs

1 � re f f Rs
Is(x, W) (12)

and the solution to the full RTE problem is therefore

Il(x, W) = Ibs(x, W) +
re f f Fbs

1 � re f f Rs
Is(x, W). (13)
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The above derivation of Equation (13) is slightly different from Reference [35] but shares the same
the idea. Ultimately, these decomposition schemes can be derived from the concept of Green’s function
of the RTE [53]. The assumption about the constancy of canopy BHR (Rs) and the anisotropy dB(xB, W)
is reasonable. This is because the diffused radiation field within the canopy tend to converge toward
certain spatial distributions that are independent on external illumination conditions (see below).

4. Stochastic Radiative Transfer Equation

In remote sensing applications we are generally more interested in the statistical mean of the
radiation fields than individual solutions [35]. An apparent way to achieve this goal is to generate an
ensemble of representative canopy realizations, solve the RTE for them separately, and then calculate
the mean in the end. However, this approach costs time and computation resources. Alternatively,
we can also calculate the statistical mean canopy first before solving for the RTE. The second approach
is the main idea behind the development of the Stochastic RTE, which turns out to be more efficient in
addressing the question [55]. As the ensemble mean is usually equivalent to the average of the 3D
radiation field over the horizontal space (i.e., the ergodicity assumption), the central task of Stochastic
RTE is the same as to efficiently pack a 3D radiative regime into a 1D form.

To illustrate, recall that W·rI(x, W) is a directional derivative, i.e.,

W·rI(x, W) =
dI(xB + xW, W)

dx
=

dI(xB + (z � zB)/µW, W)
1/µdz

. (14)

Integrating the RTE over the vertical dimension from the top (z = 0) or the bottom (z = 1) of the
canopy leads to

I(x, W) + 1
µ

R
Z uL(x0)�(W)I(x0, W)dz0

= 1
µ

R
Z w0uL(x0)dz0

R

4p

�s(W0 ! W)I(x0, W0)dW0+ I(xB, W) (15)

where x0 = x + (z0 � z)/µW and Z represents appropriate integration intervals. The subscript “B”
denotes general boundaries, which may be “top” or “bottom” according to the direction of the
integration [55]. Let h·i denote the horizontal average. Apply the operator to both sides of the equation
and we obtain,

I(x, W) + 1
µ

R
Z �(W)huL(x0)I(x0, W)idz0

= 1
µ

R
Z w0dz0

R

4p

�s(W0 ! W)huL(x0)I(x0, W0)idW0+ I(xB, W) (16)

where I(x, W) = hI(x, W)i. Therefore, the original RTE becomes a 1D equation with regard to the
vertical (“z”) dimension.

Note that in Equation (16) I(x, W) is the mean radiation intensity (at the vertical level z) averaged
over the whole horizontal domain while the “second-moment” variable huL(x)I(x, W)i is the mean
intensity averaged only at locations where a leaf element presents. These two variables are generally
different from each other except for special cases. In order to evaluate huL(x)I(x, Wi), we multiply
both sides of the RTE by uL(x) and integrate over the horizontal scale to get

huL(x)I(x, W)i+ 1
µ�(W)

R
ZhuL(x)uL(x0)I(x0, W)idz0

= 1
µ

R
Z w0dz0

R

4p

�s(W0 ! W)huL(x)uL(x0)I(x0, W0)idW0+ huL(xB)I(x, W)i (17)

Now another new (the “third-moment”) variable, huL(x)uL(r0)I(r0, W0)i, appears in the equation!
The procedure can go on and on, but every time we try to solve for a lower-moment variable, we end
up introducing a new higher-order unknown into the equation. The process is conceptually analogous
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to the “Reynolds Averaging” technique in fluid dynamics. A parameterization scheme thus must be
introduced to “close” the Stochastic RTE [56].

The scheme adopted in the current literature is derived based on the binary-medium assumption,
under which the leaf density function uL(x) is represented by an indicator function c(x) that specifies
the presence (c = 1) or absence (c = 0) of a unit leaf element (dL), i.e., uL(x) = dLc(x). Note that for a
random variable like c(x) its spatial averaging (h·i) is essentially the same as its spatial expectation.
As c(x) = c(x)2, by the standard formula of statistical covariance of two variables, we see that

hc(x)c(x0)I(x0, W0)i = hc(x)c(x0)2 I(x0, W0)i
= hc(x)c(x0)ihc(x0)I(x0, W0)i+ cov(c(x)c(x0), c(x0)I(x0, W0)).

(18)

The first term in Equation (18) represents the “global mean” of c(x)c(x0) and c(x0)I(x0, W0),
respectively, whose meaning will be explained below. The second (the covariance) term represents
their “local chaotisity”, which is assumed negligible [57]. We thus arrive at

hc(x)c
�

x0
�

I
�

x0, W0
�
i ⇡ hc(x)c

�
x0
�
ihc
�
x0
�

I
�
x0, W0

�
i. (19)

By the common notation of the literature [55,58], we define

pc(z) = hc(x)i,
qc(z, z0, W) = hc(x)c(x0)i,

K(z, z0, W) = qc(z, z, W)/pc(z),
U(z, W) = hc(x)I(x, W)i/pc(z),

(20)

where pc(z) is the probability of finding leaf elements at locations z. qc(z, z0, W) and K(z, z0, W) are the
joint and the conditional probability (or pair correlation functions) of finding leaf elements at locations
z and z0 along the direction W simultaneously. U(z, W) is the mean radiation intensity averaged over
vegetation occupied horizontal space (i.e., with gaps excluded). The stochastic RTE is then fully
specified as [55,58]

I(z, W) + 1
µ

R
Z �(W)pc(z0)U(z0, W)dz0

= 1
µ

R
Z w0dz0

R

4p

pc(z0)U(z0, W0)�s(W0 ! W)dW0+ I(zB, W) (21)

and
U(z, W) + 1

µ�(W)
R

Z K(z, z0, W)U(z0, W)dz0

= 1
µ

R
Z w0dz0

R

4p

�s(W0 ! W)K(z, z0, W0)U(z0, W0)dW0+ U(xB, W) (22)

with corresponding boundary conditions adapted for I(xB, W) and U(xB, W), respectively. In general,
we must evaluate U(z, W) first by Equation (22) before solving Equation (21) for I(z, W). Note that
because K(z, z0, W0) is a function of both z0 and z, Equation (22) is a Volterra integral equation.

The stochastic RTE was initially developed to solve the mean radiation intensity in the medium of
broken clouds [57,59,60]. It was first applied to the vegetation canopy by Reference [61]. The current
form of the Stochastic RTE in vegetation canopy was introduced in Reference [55], who also detailed a
SOSA procedure to solve the Volterra integral equation.

The most important feature of the Stochastic RTE is the incorporation of the pair correlation
function K(z, z0, W0). The function succinctly characterizes the structural and the spatial distribution
properties such as heterogeneity and anisotropy of the 3D canopies. It encompasses information
presented by traditional metrics like forest gap fractions and clumping indices. Indeed, the introduction
of K(z, z0, W0) allows the 1D RTE to resolve the differences between U(xB, W) and I(xB, W), which can
be used to retrieve canopy gap fractions [62]. The first set of realistic pair-correlation functions was
derived by Reference [58] using stochastic geometry models [63]. The approach is to idealize individual
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tree crowns as regular geometrical objects (e.g., spheres, cylinders, cones, etc.) and assume their
locations follow certain spatial patterns (e.g., Poisson’s distribution). The pair-correlation functions
then can be computed analytically or statistically. Reference [58] presents detailed examples of the pair
correlation functions for different crown shapes and canopy distribution patterns. As a special case,
when the leaf elements are spatially not correlated, K(z, z0, W0) reduces to pc(z), Equation (22) reduces
to a classic 1D RTE, and U(z, W) becomes the same as I(z, W). Reference [58] also systematically
compared the simulation results of the stochastic RTE with those of the classic 1D RTE as well as field
measurements, showing that the Stochastic RTE is able to capture the 3D radiation effects previously
reported in the literature and therefore the pair-correlation function provides a “most natural and
physically meaningful” [58] measure to 3D canopy structural properties over a range of scales.

There are a couple of more facts about the Stochastic RTE that need attention. First, the pair
correlation function is not a merely theoretical concept but can be evaluated from observations
for real-world applications. With the development of terrestrial lidar scanning (TLS) instruments,
now we can measure the 3D structure of forest stands with relative ease and the pair correlation
function of the canopy can be accurately computed with such measurements. The function can also be
estimated from high-resolution satellite imageries and air-/space-born lidar data over larger spatial
scales. Second, as the pair correlation function encapsulates purely the structural or geometrical
characteristics of the canopy, it has a close connection with the school of geometrical optical (GO)
models in remote sensing [30,31,64,65]. Indeed, the stochastic geometry models used in deriving
the theoretical pair correlation functions in Reference [58] are essentially the same as those used
in References [64,65]. However, the two schools are different in the specific approaches to use the
canopy geometric information. In GO models, the information is used to derive “kernels” of the
bidirectional reflectance distribution function (BRDF), which allow the model to fit with observations in
a semi-empirical fashion. In contrast, the Stochastic RTE tries to preserve the law of energy conservation
and rigorously follows the radiative transfer formulation. As a cost, the Stochastic RTE inherits the
limitations of the 3D RTE and cannot resolve, at least to certain spatial scales, the “hot-spot” effects of
the canopy radiation regime [33]. We shall return to this topic in Section 6.

5. Canopy Spectral Invariants

The preceding sections have described the traditional algorithms to solve the RTE at a specific
wavelength (l). In remote sensing applications we often need to obtain solutions at many wavelengths
to sample the (multiple or hyperspectral) bandwidth of the sensors. Do we have to iterate the process
for Il(x, W) at every wavelength? This question is the main concern of the spectral invariant theory
(Figure 1).

The idea underlying the spectral invariant theory is simple: The single albedo w0(l) is the only
parameter in the RTE of Equation (1) that depends on wavelengths, while all the other parameters
are determined by the structures of the canopy [52]. Therefore, we seek a formula to separate the
influence of w0(l) on the solutions of Il(x, W) at different wavelengths. There are multiple ways in
the literature [35,52,66] to derive the spectral invariants theory. Below we follow the SOSA approach
described in Reference [66], which represents the most general case and is the easiest to understand.
We will use the black-soil problem as the example, though the same methods can be applied to the “S”
problem as well [67].

Recall that the black-soil problem can be decomposed to successively collided problems, each of
which satisfies the Law of Energy Conservation. For instance, integrating the first-collision problem
over the spatial domain and the solid angles eventually leads to (Appendix A)

Z

dV

dxB

Z

W·n(xB)>0

Q1|W·n(xB)|dW +
Z

4p⇥V

sQ1dWdx = w0

Z

4p⇥V

sQ0dWdx (23)



Remote Sens. 2018, 10, 1805 10 of 21

or, by the norm notation [66],
k Q1 k r+ k Q1 k= w0 k Q0 k, (24)

where “k · k” and “k · kr” indicate the intercepted and the escaped (either being reflected or
transmitted) radiation energy, respectively. Equation (24) simply indicates that the portion (i.e., w0) of
photons scattered from the first collision will either escape through the boundary or collide with the
canopy again.

Note that the stream-collision operator (L or L0) depends only on canopy structural parameters,
and the un-collided radiation field Q0 and the initial interceptance k Q0 k are therefore wavelength
independent. The first-collided radiation field Q1 (and thus k Q1 k) is regulated by w0(l), but the ratios

p1 = kQ1k
w0kQ0k

q1 = kQ1kr
w0kQ0k

(25)

are also wavelength independent. Physically p1 represents the recollision probability that the scattered
photons will re-collide with the canopy again and q1 denotes the probability that the photos will escape
the canopy. Clearly p1 + q1 = 1, satisfying the conservation of energy.

Following the same idea, we normalize the radiation fields as

ek(x, W) =
Qk(x, W)
k Qk k

, k = 1, 2, . . . (26)

It is easy to see that k ek(x, W) k = 1 and they satisfy the standard RTE

pkw0ek = Tek�1. (27)

Equations (26) and (27) have clear physical interpretations: ek(x, W) represents the probability
density function that a photon scattered k times will arrive at x along the direction W. Therefore,
the operator T transforms the probability distribution of photons between successive orders of
scattering and evaluates their recollision probability [66]. Note that the factor w0 is separated from
ek(x, W) so that the normalized radiation fields are indeed wavelength-independent.

Based on the above definitions we can re-write the solution of the black-soil problem as:

Il(x, W) =k Q0 k
 

•

Â
k=0

Tk

!
Q0

k Q0 k = i0
•

Â
k=0

qk
kwk

0ek(x, W) (28)

where i0 =k Q0 k, qk =
p

p0 p1 p2 · · · pkk, and p0 = 1. Note that i0, qk, and ek(x, W) are all
wavelength independent.

In Equation (28) if the qk’s and the ek’s change little (i.e., invariant) over the order of scattering,
the equation can be significantly simplified. Fortunately, this is exactly what the spectral invariants
theory suggests: Based on a fundamental property established for the eigenvalues/eigenvectors of the
linear RTE operator T [68], the theory indicates that the RTE has a unique dominant eigenvalue g⇤

(or p⇤w0) that corresponds to a positive (and physically feasible) eigenvector e⇤(x, W), such that

p⇤w0e⇤(x, W) = Te⇤(x, W). (29)

Therefore, if e0 = e⇤(x, W), we will subsequently have ek = e⇤(x, W) and qk = p⇤, so that

Il =
i0e⇤(x, W)

1 � g⇤ =
i0e⇤(x, W)

1 � p⇤w0(l)
. (30)

Although the set (pkw0, ek) derived by the SOSA method are generally different from the ideal
eigenvalue-eigenvector pair (p⇤w0, e⇤), analyses show that they converge rapidly so that we only
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need a couple of (pk, ek) pairs to accurately represent the full solution of Equation (28). For instance,
Reference [66] uses a zero-order approximation to satisfactorily estimate the recollision probability p⇤

and the initial interceptance i0 from field measured i(l) and w0(l). A detailed analysis of the SOSA
approximation can be found in Reference [66] and earlier studies [69–72]. Consistent results are also
supported by simulations from Monte Carlo Ray Tracing (MCRT) models [73–75]. The key message is
that once we have estimated a few parameters and functions (pk, ek, and i0), the solution Il(x, W) can
be easily obtained with the knowledge of w0 at any other wavelength (Figure 1).

The interpretation of the parameter p⇤ as the recollision probability of photons by Reference [76]
represents an important contribution to the spectral invariants theory. It helps us develop a physical
intuition to the mathematical concept of the leading eigenvalue of the RTE and associate it with
measurable structural properties of vegetation canopies. Once established, the interpretation sees
immediate applications in scaling relevant canopy properties across different canopy hierarchies [32,74,76].
For instance, suppose p⇤sh and p⇤cr are the recollision probabilities of shoots and crowns, the overall p⇤

parameter for the two-level canopy, resulting from a finite-state Markov process [67], naturally follows

p⇤ = p⇤sh + (1 � p⇤sh)p⇤cr. (31)

Similarly, the apparent single scattering albedos of two levels of canopy structures (e.g., shoots
and crowns) are related by

wcr =
wsh
�
1 � p⇤sh

�

1 � p⇤shwsh
. (32)

It can be easily verified that the canopy scattering albedo W can be represented by either wcr or
wsh [76]:

W =
wcr(1 � p⇤cr)
1 � p⇤crwcr

=
wsh(1 � p⇤)
1 � p⇤wsh

. (33)

Therefore, the single albedo of a higher level structure (e.g., wcr) totally encapsulates the scattering
properties of the lower level structures (e.g., wsh). The overall scattering coefficients of the crown
(or the canopy) will not change if we replace the shoots (needles) with broadleaves of the same
(apparent) single albedo. This property suggests that we can use the same set of simulation results
(i.e., Look-Up Tables) to retrieve effective structural parameters for both clumped and non-clumped
canopies. Additionally, the scaling rules of the recollision coefficients and the scattering coefficients are
often associated with changes in spatial scales. They can be used to generate consistent products from
satellite sensors operating at different spatial resolutions [77,78]. A detailed review of the physical
interpretation of the p⇤ parameter, its links with measurements, and the scaling rules can be found in a
recent review by Reference [45].

In practice, the recollision probability (p⇤) of a vegetation canopy can be estimated from field
measurements of canopy reflectance, absorptance, transmittance, and single-scattering albedo [66,72].
In remote sensing applications, the common measurements of the surface after atmospheric corrections
are the bidirectional reflectance factor (BRF). Therefore, it is desirable to derive a relationship between
BRFs and the spectral invariant parameters. Note that under the assumption that the irradiance of
the incoming solar radiation is unity, the BRF is just the averaged top-of-canopy radiance (Equation
(28) or Equation (30) for the ideal case) multiplied by a constant factor (p). The desired relationship is
thus [52]

BRFl(W; W0) =
ppAhe(xB, W)ixB

i0
1 � pA

·w0(l)(1 � pA)
1 � w0(l)pA

, (34)

where h·ixB
denotes spatial average over the canopy boundary xB, and pA denotes the effective

recollision probability. In Equation (34) we have neglected the un-collided component of the radiance,
as it does not contribute to the reflectance.
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In Equation (34) the first term on the right side combines the recollision probability (pA),
the interceptance (i0), and canopy escape probability (qA = ppAhe(xB, W)ixB

), all being spectral
invariant. We define this term the Directional Area Scattering Factor (DASF) [52,79],

DASF(W; W0) =
qA(W; W0)i0(W0)

1 � pA
, (35)

which can be understood as the BRF for a purely reflective canopy (e.g., w0 = 1). The second term on
the right side of Equation (34) is just the canopy scattering coefficient W in Equation (33). Therefore,
BRF is succinctly represented by the product of DASF and the canopy single scattering albedo W.

An important feature of DASF is that it is measurable from both field observations and satellite
remote sensing data. When w0(l) is known, DASF can be easily estimated from ground measurements
of spectral BRF using the inverse linear regression method [66]. In remote sensing applications where
w0(l) is difficult to obtain, Reference [49] developed an algorithm to retrieve DASF from BRF between
710 nm and 790 mm with an intrinsic leaf scattering spectrum v0(l), where v0(l) is computed with
theoretical models. A key component of the algorithm is to use the scaling rule of Equation (33) to
estimate w0(l) from v0(l) with a within-leaf recollision probability pL, an intermediate variable that
is later cancelled from the calculation. The algorithm is recently used in Reference [80] to derive a
global DASF map from the GOME-2 (Global Ozone Monitoring Experiment-2) data.

Of the above spectral invariant parameters, only p⇤ is an intrinsic property of the canopy while
the others (i0, pA, qA and DASF) are influenced by the external illumination conditions. The values of
these parameters generally change with the direction of the incident beam (W0). Indeed, the directional
illumination has an important effect on the angular signature of canopy BRF (and DASF), which we
review in the next section.

6. The “Hot-Spot” Problem

In optical remote sensing, the term “hot spot” refers to the phenomenon that the canopy reflectance
has a sharp peak in the retro-illumination direction. The main physical mechanism of the phenomenon
is the mutual shadowing of the canopy elements. This is because shadows are invisible from the
backscattering direction but become increasingly visible when the view and the illumination angles
deviate away from each other [33,36].

It is known that the classic RTE has difficulties simulating the hot-spot effects. This is because the
stream-collision operator, which follows the Beer’s law, is essentially formulated for gaseous media
where the spatial distribution of the scatters is statistically independent at all spatial scales [34]. On the
contrary, leaves have finite sizes and their spatial distributions are intrinsically correlated at a certain
level. To illustrate the difference between the two cases, we consider a conceptual experiment that a
purely absorptive (w0 = 0) canopy bounded below by a perfect mirror (rl = 1) that is positioned to
reflect the nadir incident photons back along the same paths they come from (i.e., the retro-illumination
direction). Let the optical depth of the canopy be s and the intensity of the radiation beam be 1.
Under the gaseous media assumption, the intensity of the reflected radiation beam at the top of
the canopy will be exp(�2�), attenuated by the same fashion on the incident and the return paths.
For finite-sized leaves, the intensity of the reflected radiation will be exp(��), for all the photons that
reach the lower surface (i.e., mirror) are guaranteed a free path to travel through the canopy on the
way back.

The above example suggests that, due to the effects of mutual shadowing, the canopy
extinction cross section in the backscattering direction �(x,�W0) appears to be smaller than those
of other directions. Therefore, previous efforts to model the hot-spot phenomenon focused on
developing a function H(x, W, W0) to regulate the cross section �(x, W), especially for the first collision
component [33,81–83]. However, the incorporation of H(x, W, W0) in the RTE is equivalent to the
introduction of an additional source term in the equation. As a result, the solution no longer satisfies
the law of energy conservation [35].
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Recently, Reference [79] developed a new algorithm that uses the spectral invariant theory to
model the spectral BRF of vegetation canopies in the hot-spot region. A key idea of the algorithm is to
decompose the canopy into sun-lit and sun-shaded leaf area, where the former is referred to as the
“stochastic reflecting boundary” and the latter as the “interior” of the canopy. Photons escaping from
the sun-shaded leaf area must have gone through multiple scattering. Thus, their escape probability
approximately converges to a certain value, qiso(W). Photons reflected from the sun-lit leaf area that
is visible from the direction W can escape with a unit probability. Thus, their conditional escape
probability, qlit(W; W0), is expected to be higher than qiso(W). Therefore, we need to evaluate their
contribution to the canopy directional escape probability qA(W; W0) separately. Let h(W0, W) represent
the correlation between the sun-lit and the visible leaf areas. The probability qA(W; W0) is therefore
composed of two components that is weighted by h(W0, W) as

qA(W; W0) = [1 � h(W0; W)]qiso(W) + h(W0; W)qlit(W0; W). (36)

Similarly, we can decompose DASF and BRF by contributions from the interior leaves and the stochastic
boundary separately [79].

In the above equation qlit(W0; W) can be evaluated from canopy structural properties and qiso
can be estimated with the classic RTE [79]. Therefore, if the correlation function h is known, we can
estimate qA. Conversely, if qA is known, we can estimate the correlation function h as [79]

h(W; W0) =
qA(W; W0)� qiso(W)
qlit(W; W0)� qiso(W)

. (37)

The current algorithm of Reference [79] uses the latter approach to evaluate correlation coefficient
h(W0; W) with a stochastic RTE (Section 3) that is modified to incorporate an additional hot-spot
parameter cHS [36]. The stochastic RTE needs to run twice, with an actual cHS and with a zero value,
respectively, in order to evaluate qA(W; W0) and qiso(W) [79].

The algorithm of Reference [79] has two main benefits. First, some of the intermediate results are
easy to verify with field measurements. For instance, the visible fraction of leaf area (VFLA) can be
estimated with below canopy measurements of transmittance t0(W) as [79]

VFLA(W) =
1 � t0(W)
|ln(t0(W))| =

i0(W)
|ln(t0(W))| , (38)

and the canopy DASF under isotropic illumination conditions (an approximation for the interior
canopy component) can be estimated as [79]

qiso(W)i0(W0)
1 � piso

⇡ i0(W)i0(W0)
2·idi f

, (39)

where idi f is the canopy interceptance under the isotropic sky radiation [84]. These relationships
provide a set of convenient tools to validate the solutions.

Second and more importantly, the spectral invariants relationships do not necessarily depend on
the formulation of the classic RTE but are supported by both observations and the simulation results
of MCRT models, whose formulation does not require Beer’s law at all [85]. Therefore, the spectral
invariants relationships may conserve energy and capture the hot-spot phenomenon at the same
time. Reference [79] illustrates this potential with a simple stochastic Monte Carlo model. Though the
algorithm is still subjected to further examinations and refinements in the future, it introduces a new
and promising perspective to address the old challenge.
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7. Summary

This paper reviews developments of the radiative transfer theory in optical remote sensing of
terrestrial vegetation, including the decomposition of the black-soil (BS) and the soil (S) problems,
the development of the stochastic RTE, the theory of spectral invariants, and the latest effort to address
the “hot-spot” challenge. The first three topics are centered around the idea as how to simplify the
solutions of the RTE under different boundary conditions (e.g., soil reflective properties), over full
3-dimensional spatial domains, and with regard to radiation at different wavelengths. The last topic is
intended to highlight the advantage of the spectral invariants theory in remote sensing applications.

As the RTE is linear as regard to Il, a fundamental strategy to solve the equation is decomposition
and superposition. The separation of the black-soil and the soil problems, the expansion of Neumann’s
series, and the method of successive orders of scattering approximation discussed in Section 3 are all
demonstrations of this strategy. The concept of invariants, the convergence of the radiation field to a
certain distribution that does not change (except for the magnitude) over subsequent scattering, is also
a natural result that follows the line of thinking. The existence of such a unique intrinsic solution is
backed by the mathematical theories of eigenvalues/eigenvectors of the RTE and the physical law of
energy conservation.

Another important thread of developments in the Stochastic RTE and the spectral invariants
theory is to efficiently represent the canopy structural or geometrical information in the equation.
The stochastic RTE introduces a pair-correlation function K(z, z0, W), which describes the probability
of simultaneously finding leaves at two locations (z, z0) along the direction W. It characterizes the
heterogeneity and anisotropy characteristics of the canopies and regulate the corresponding cross
sections (s and ss). Therefore, the function provides a natural and physically meaningful measure of
3D canopy structural properties over a range of scales.

The spectral invariants theory further simplifies the representation of canopy structural
characteristics to a single wavelength-independent parameter p⇤, which defines the recollision
probability that a scattered photon will interact with the canopy again. Once p⇤ (and the corresponding
escape probability function) is estimated, we can accurately approximate the solution (radiance
or BRF) of the RTE at any other wavelength with the knowledge of !0(�), which imbues the
wavelength-dependent influence on the radiation field. As p⇤ represents recollision probability,
it can be used to scale canopy properties (e.g., scattering coefficients) across various canopy hierarchies
or spatial scales.

Although the pair-correlation function K(z, z0, W), the photon recollision probability p⇤, and the
other spectral invariants functions/parameters such as DASF appear to be “abstract,” they all can be
estimated from field measurements or remote sensing data. For instance, the pair-correlation function
can be derived from high-resolution satellite images and lidar data. The recollision probability of a
vegetation canopy can be determined from field measurements of canopy reflectance, absorptance,
transmittance, and single-scattering albedo with simple linear correlations. DASF can also be retrieved
directly from ground measurements or hyperspectral remote sensing data between 710 nm and 790 mm
for dense vegetation in a similar fashion. These concepts, backed by rigorous mathematical analysis
and physical principles, thus represent our current best understanding of the empirical relationships
identified from observations.

The spectral invariants theory also provides a promising approach to solve the “hot-spot” problem
known to the classic RTE models. This challenge has its roots in the formulation of the equation based
on the turbid medium assumption and Beer’s law. On the contrary, leaves are finite sized and their
spatial correlations cannot be neglected. Previous efforts to address this problem usually introduce a
semi-empirical factor to regulate the extinction cross section in the equation, which however violate the
law of energy conservation. A new algorithm was recently developed to address the challenge based
on the spectral invariants theory. The algorithm decomposes the canopy into a reflective boundary
and interior points and models the escape probability (and DASF) for the two components separately.
The directional escape probability from the reflective boundary is assumed to be unity, a feature that
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cannot be simulated by the classic RTE. As such, the new approach does not depend on the Beer’s law
formulation in the RTE but satisfies the law of energy conservation. This example further demonstrates
the spectral invariants theory as a powerful tool in optical remote sensing applications.
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Nomenclature

gL(l, x, W ! W0, WL) Leaf element scattering phase function
qk Geometric mean of photon recollision probabilities, i.e.,

p
p0 p1 · · · pkk

l Wavelength
µ Cosine of zenith angle of direction W
�(x, W) Total extinction coefficient (or cross section)
�S(l, x, W ! W0) Differential scattering coefficient (or cross section)
w0(l) Single scattering albedo
WL Leaf normal direction vector
W, W0 Incident and scattered radiation direction vectors, respectively
gL(x, WL) Leaf normal distribution function
i0(W0) Canopy interceptance
p⇤, pA Theoretical and effective photon recollision probability, respectively
q(W; W0) Photon escape probability density function
uL(x) Leaf area density distribution function
BRF Bidirectional reflectance factor
DASF Directional area scattering factor
E Identity operator
Il(x, W) Monochromatic radiation intensity (radiance)

K(z, z0, W)
Conditional pair correlation functions of finding leaf elements at locations z and z0

along W simultaniously
L Streaming-collision operator
Qk The k-th collided component of radiation field
Sl Scattering operator
T Integral operator defined as L�1

0 Sl

U(z, W) Horizontal mean radiation intensity averaged over vegetated area
h·i Horizontal average operator

k · k, k · kr
Integral norm operator that indicates the intercepted and the escaped radiation
energy, respectively.

Appendix

Appendix A.1 Definitions of the Canopy Structural Parameters
The leaf albedo is mathematically defined as

wL(l, x, W, WL) =
Z

4p

gL(l, x, W ! W0, WL)dW (A1)

the total extinction coefficient (or cross-section) is

�(x, W) =
uL(x)

2p

Z

2p+

gL(x, WL)|W·WL|dWL (A2)
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and the differential scattering cross-section is

�S(l, x, W ! W0) = uL(x)
2p

Z

2p+

gL(x, WL)|W·WL|gL(l, x, W ! W0, WL)dWL (A3)

As photons scattered from one direction provide sources for radiation in other directions, the two
cross-section terms are closely related by

Z

4p

�S(l, x, W ! W0)dW0 = w0(l, x, W)�(x, W) (A4)

where w0(l, x, W) is the single scattering albedo, which is usually defined as an average to the leaf albedo

w0(l, x, W) =

R
2p+ gL(x, WL)|W·WL|wL(l, x, W, WL)dWLR

2p+ gL(x, WL)|W·WL|dWL
(A5)

For simplicity, in the paper we further made the following assumptions

w0(l, x, W) = w0(l),
�(x, W) = uL(x)�(W),

�S(l, x, W ! W0) = w0(l)uL(x)�S(W ! W0).
(A6)

Note that w0 is only a variable of spectral wavelength while �(W) and �S(W ! W0) are spatially and
spectrally independent.

Appendix A.2 Derivation of Equation (23)
Integrating the first-collision problem over the spatial domain and the solid angles leads to

Z

4p⇥V

L0Q1dWdx =
Z

4p⇥V

SQ0dWdx (A7)

By Stokes’ Theorem,
Z

4p⇥V

W·rQ1dWdx =
Z

dV

dxB

Z

4p

Q1|W·n(xB)|dW (A8)

where dV represents the boundary of the domain. As the incoming radiation (i.e., W·n(xB) < 0) in the standard
problem is zero, Equation (A7) thus becomes

Z

dV

dxB

Z

W·n(xB)>0

Q1|W·n(xB)|dW +
Z

4p⇥V

sQ1dWdx =
Z

4p⇥V

SQ0dWdx (A9)

By the definition of the scattering operator (Equation (2)), we have

R

4p⇥V
SQ0dWdx =

R

4p⇥V

R

4p
w0(l)�S(x, W0 ! W)Q0(x, W0)dW0 dWdx

=
R

4p⇥V

R

4p
w0(l)�S(x, W0 ! W)Q0(x, W0)dW dW0 dx

= w0(l)
R

4p⇥V
sQ0 dW0 dx

(A10)

In the last step of Equation (A10) we used the relationship from Equation (A4). As the integration is
performed over all solid angles (i.e., 4p), we can safely exchange W0 with W and thus obtain Equation (23) in the
main text.
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Appendix A.3 Energy Conservation between pA and qA

Integrating the effective directional escape probability density function over all the out-scattering directions
W, we have

1
p

Z

4p
qA(W; W0)|µ|dW = (1 � pA)

•

Â
k=1

✓
1
p

Z

4p
qk(W; W0)|µ|dW

◆
qk�1

k�1 (A11)

By Equations (25) and (35),
1
p

Z

4p
qk(W; W0)|µ|dW = qk = 1 � pk (A12)

where qk on the right-hand-side of the equation is the k-th escape probability. Substituting it into Equation (A11),
we have

1
p

R
4p qA(W; W0)|µ|dW = (1 � pA)Â•

k=1(1 � pk)q
k�1
k�1

= (1 � pA)Â•
k=1

⇣
qk�1

k�1 � qk
k

⌘

= 1 � pA

(A13)

In the last step of Equation (A13) we used the fact that q0 = p0 = 1 (Equation (28)).
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This paper presents the theoretical basis of the algorithm designed for the generation of leaf area index and diur-
nal course of its sunlit portion from NASA's Earth Polychromatic Imaging Camera (EPIC) onboard NOAA's Deep
Space Climate Observatory (DSCOVR). The Look-up-Table (LUT) approach implemented in theMODIS operation-
al LAI/FPAR algorithm is adopted. The LUT, which is the heart of the approach, has been significantly modified.
First, its parameterization incorporates the canopy hot spot phenomenon and recent advances in the theory of
canopy spectral invariants. This allows more accurate decoupling of the structural and radiometric components
of themeasured Bidirectional Reflectance Factor (BRF), improves scaling properties of the LUT and consequently
simplifies adjustments of the algorithm for data spatial resolution and spectral band compositions. Second, the
stochastic radiative transfer equations are used to generate the LUT for all biome types. The equations naturally
account for radiative effects of the three-dimensional canopy structure on the BRF and allow for an accurate dis-
crimination between sunlit and shaded leaf areas. Third, the LUT entries aremeasurable, i.e., they can be indepen-
dently derived from both below canopy measurements of the transmitted and above canopy measurements of
reflected radiation fields. This feature makes possible direct validation of the LUT, facilitates identification of its
deficiencies and development of refinements. Analyses of field data on canopy structure and leaf optics collected
at 18 sites in the Hyytiälä forest in southern boreal zone in Finland and hyperspectral images acquired by the EO-
1 Hyperion sensor support the theoretical basis.

© 2017 Elsevier Inc. All rights reserved.
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1. Introduction

The NASA's Earth Polychromatic Imaging Camera (EPIC) onboard
NOAA's Deep Space Climate Observatory (DSCOVR) mission was
launched on February 11, 2015 to the Sun-Earth Lagrangian L1 point
where it began to collect radiance data of the entire sunlit Earth every
65 to 110min in June 2015. It provides imageries in near backscattering
directionswith the scattering angle between 168° and 176° at ten ultra-
violet to near infrared (NIR) narrow spectral bands centered at 317.5
(band width 1.0) nm, 325.0 (2.0) nm, 340.0 (3.0) nm, 388.0 (3.0) nm,
433.0 (3.0) nm, 551.0 (3.0) nm, 680.0 (3.0) nm, 687.8 (0.8) nm, 764.0
(1.0) nm and 779.5 (2.0) nm (https://epic.gsfc.nasa.gov/epic). The

reflectance of vegetation reaches its maximum in the backscattering di-
rection. This phenomenon is known as the hot spot effect (Gerstl, 1999
Knyazikhin and Marshak, 1991 Kuusk, 1991 Qin et al., 1996 Ross and
Marshak, 1988). It has been widely recognized that the hot spot region
represents the most information-rich directions in the directional dis-
tribution of canopy reflected radiation (Gerstl, 1999 Goel et al., 1997
Qin et al., 2002 Ross and Marshak, 1988). The uniqueness of the
DSCOVR EPIC observing strategy is its ability to provide frequent obser-
vations of every region of the Earth in near hot spot directions that the
existing Low-Earth-Orbiting and Geostationary satellites do not have.
The EPIC level 1 data and accompanying documentation are available
from the NASA Langley Atmospheric Science Data Center (https://
eosweb.larc.nasa.gov/project/dscovr/dscovr_table).

The EPIC team is responsible for development and validation of algo-
rithms for producing a series of products which include vegetation
green Leaf Area Index (LAI) and its sunlit portion at 10 km spatial
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resolution.Whereas LAI is a standard product ofmany satellitemissions
(Garrigues et al., 2008 Yan et al., 2016b), the Sunlit Leaf Area Index
(SLAI) is a new satellite-derived parameter. Sunlit and shaded leaves ex-
hibit different radiative response to incident Photosynthetically Active
Radiation (400–700 nm) (Mercado et al., 2009 Stenberg, 1998), which
in turn triggers various physiological and physical processes required
for the functioning of plants. Leaf area and its sunlit portion are key
state parameters in most ecosystem productivity models (Bonan et al.,
2003 Chen et al., 2012 Dai et al., 2004 He et al., 2013 Mercado et al.,
2009 Norman, 1982) and carbon/nitrogen cycle (Chen et al., 2003
Doughty and Goulden, 2008 Wang et al., 2001). Our objective is to de-
velop an algorithm for the retrieval of leaf area index and diurnal course
of sunlit leaf area index from EPIC Bidirectional Reflectance Factor (BRF)
of vegetated land.

LAI and SLAI are defined as the total hemi-surface (Chen and Black,
1992) and sunlit leaf areas per unit ground area. We adapt the retrieval
approach implemented in theMODIS operational LAI/FPAR algorithm to
retrieve these parameters (Knyazikhin et al., 1998a Knyazikhin et al.,
1998b). The algorithm compares measured spectral BRF with those
evaluated from model-based entries stored in a look-up-table (LUT).
All canopy structural variables and ground reflectance for which
modeled andmeasured BRFs agreewithin uncertainties in the observed
and modeled canopy reflectances are considered as acceptable solu-
tions. The mean value of a structural variable of interest (LAI, SLAI)
and its dispersion are taken as the solution of the inverse problem and
its retrieval uncertainty. In addition to the measured BRFs, the observa-
tion and model uncertainties are also inputs to the retrieval technique
(Wang et al., 2001). The former come largely from the correction of
the in-orbit data for atmospheric and other environmental effects
whereas the latter are determined by the range of natural variation in
biophysical parameters not accounted for by the LUT.

A biome classification map is another important ancillary data layer
used as input to the algorithm. The global classification of canopy struc-
tural types utilized in the Collection 6 MODIS LAI/FPAR algorithm is
adopted (Yan et al., 2016a). Global vegetation is stratified into eight can-
opy architectural types, or biomes. The eight biomes are grasses and cere-
al crops, shrubs, broadleaf crops, savannas, evergreen broadleaf forests,
deciduous broadleaf forests, evergreen needle leaf forests and deciduous
needle leaf forests. The biome map reduces the number of unknowns in
the inverse technique through the use of simplifying assumptions. The
LUT is generated for each biome type. The 8-biome map is provided by
the MODIS Global Land Cover Type product (https://lpdaac.usgs.gov/
dataset_discovery/modis/modis_products_table).

Thus, the EPIC algorithm inputs BRFs at red (680.0 nm) and NIR
(779.5 nm) spectral bands, their uncertainties, canopy structural type,
and outputs mean LAI, SLAI and their dispersions. The LUT is a key ele-
ment of the retrieval technique that determines its performance. Our
primary objective is to develop a new LUT that incorporates recent ad-
vances in the theory of canopy spectral invariants, accounts for the
uniqueness of the EPIC observation geometry and allows for the integra-
tion of retrieving SLAI into the operational MODIS LAI algorithm. Our
goal is not only to incorporate spectral invariants into the retrieval tech-
nique but also resolve known issues in the theory. The hot spot phe-
nomenon is one of them. A special emphasis therefore is given to its
integration into the spectral invariant technique.

Whereas protocols for validation of satellite derived LAI are well ad-
vanced (Garrigues et al., 2008), there are neither ground truth SLAI data
nor methods for obtaining such data from fieldmeasurements. Our sec-
ondary objective therefore is to outline approaches to groundmeasure-
ments that would allow us not only to validate satellite derived SLAI but
also help product developers to identify deficiencies in the operational
algorithm and develop refinements.

This paper is organized as follows. A parameterization of the process
of photon-canopy interactions in terms of spectrally invariant parame-
ters and how they are linked to variables measurable in the field are
discussed in Section 2 and Appendices A–C. Study area, field data on

canopy structure, leaf and ground spectral reflectance as well as
hyperspectral images needed to validate the LUT are described in
Section 3. The stochastic radiative transfer equations are used to gener-
ate the LUT entries. Its initialization and analyses of its ability to provide
relationships between BRF and canopy structural variables are demon-
strated in Sections 4, 5 and Appendix D. The differences between the
MODIS and EPIC LUTs are discussed in Section 6. Finally, Section 7 sum-
marizes the results.

2. Theoretical basis

We introduce a directional variable, Visible Fraction of Leaf Area,
VFLA(Ω) defined as the fraction of the total hemi-surface leaf area that
is visible from outside the canopy along the direction −Ω. Visible Leaf
Area Index, VLAI(Ω), in the direction Ω is the product of LAI and VFLA.
Their values give the Sunlit Fraction of Leaf Area (SFLA) and Sunlit
Leaf Area Index (SLAI) in the hot spot direction, i.e., when the direction
Ω coincides with the direction to the sun. Understanding the relation-
ship between canopy BRF, VFLA and VLAI is our main focus.

The fraction of photons incident on the canopy that are intercepted
by phytoelemets is called the canopy interceptance (Stenberg et al.,
2016). The canopy directional uncollided transmittance is the fraction
of photons that are transmitted directly through gaps in the canopy.
These variables depend on canopy structure and vary with the solar di-
rection.We use the symbols i0(Ω) and t0(Ω) to signify the interceptance
of, and directional uncollided transmittance through, the vegetation il-
luminated from above by a monodirectional beam in the direction
−Ω. Clearly, i0(Ω)+ t0(Ω)=1. Note that t0(Ω) can be estimated from
field measurements of canopy transmitted radiation using, e.g., a direc-
tional gap fraction sensor LAI-2000 PCA (Rautiainen and Stenberg,
2015). The VFLA(Ω), i0(Ω) and t0(Ω) do not depend on wavelength.

The intercepted photons initiate the process of photon-canopy mul-
tiple interactions. We will use the concept of recollision probability to
describe this process (Huang et al., 2007 Knyazikhin et al., 2011
Stenberg, 2007 Stenberg et al., 2016 Wang et al., 2003). This variable
is the probability that a photon scattered by a phytoelement in the can-
opywill interact within the canopy again. The scattered photons can es-
cape the vegetation through gaps between phytoelements. This event is
quantified by the escape probability. Fig. 1 illustrates these definitions.
The solid arrows depict photons incident on both sides of leaf surfaces
from different directions. Their total number is N. A fraction of these
photons will be scattered and hit leaves again (dashed arrows). The

Fig. 1. Recollision and escape probabilities. Solid arrows depict photons incident on leaf
surfaces from different directions. A fraction of these photons will be scattered and hit
leaves again (dashed arrows). The scattering event is quantified by the wavelength
dependent leaf albedo, ωλ, defined as the fraction of radiation incident on a leaf that is
reflected or transmitted. Given total numbers, N and N′, of photons incident on leaf
surfaces before (“solid arrows”) and after one interaction (“dashed arrows”) with leaves,
the recollision probability is just p=N′/(ωN). The directional escape probability is the
probability by which a scattered photon will escape the vegetation in a given direction
Ω (“dash-dot arrows”).
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scattering event is quantified by thewavelength dependent leaf albedo,
ωλ, defined as the fraction of radiation incident on the leaf that is
reflected, or transmitted. Let N′ be the total number of scattered pho-
tons that hit leaves (“dashed arrows” in Fig. 1). Given N, N′ and ωλ,
the recollision probability is p=N′/(ωλN). With the probability (1−p)
the scattered photonswill escape the vegetation. Their angular distribu-
tion is given by the directional escape probability density, ρ(Ω), defined
as ρ(Ω)∣μ ∣dΩ=πM(Ω)dΩ/(ωλN). Here M(Ω)dΩ is the number of
scattered photons exiting the canopy in the direction Ω (“dash-dot ar-
rows”); μ=cosθ and θ is the polar angle of Ω. Spherical integration of
π−1ρ(Ω)∣μ ∣ results in (1−p). Note that whereas the leaf albedo de-
pends onwavelength, the recollision and escape probabilities are deter-
mined by the structure of the canopy rather than photon frequency or
the optics of the canopy (Knyazikhin et al., 2011). Our goal is to param-
eterize the process of photon-canopy interactions in terms of spectrally
invariant parameters that include VFLA, canopy interceptance,
recollision and escape probabilities.

2.1. A simple canopy radiative regime, VFLA and spectral invariants

It follows from the above definitions that the recollision and escape
probabilities depend on radiation field in the vegetation canopy, i.e., on
themagnitude and angular distribution of radiation incident on leaf sur-
faces. We start our analyses with the simplest case where non-absorb-
ing leaves (ωλ=1) in a vegetation canopy are illuminated by spatially
independent isotropic radiation. Here we use a simple stochastic
model of canopy structure to evaluate the spectrally invariant parame-
ters. In this model the vegetation canopy is treated as a stationary
Poisson germ-grain stochastic process (Fig. 2 and Appendix A). For
each realization of the canopy structure we count (a) scattered photons
that recollide or (b) exit the canopy in a given direction Ω, and (c) leaf
area (number of segments, Fig. 2b) from which scattered photons can
exit the canopy through gaps along the directionΩ. From this statistics,
canopy interceptance, i0(Ω), visible fraction of leaf area, VFLA(Ω),
recollision,piso, and directional escape, ρiso(Ω), probabilities are estimat-
ed (Appendix A).We use the subscript “iso” to designate the special case
when leaves are subjected to isotropic radiation. In Sections 2.3–2.4 we
will analyze this technique in the case of more realistic heterogeneous
canopies under varying within-canopy radiation field.

In our simple model, the directional uncollided transmittance fol-
lows Beer's exponential transmission law, i.e., t0(Ω)=exp(−τ(Ω))
where τ(Ω)=G(Ω)LAI/∣μ ∣ represents the mean optical path in the di-
rection Ω and G(Ω) is the geometry factor defined as the mean projec-
tion of unit leaf area onto a plane perpendicular to the direction Ω

(Ross, 1981 Stenberg, 2006). The visible leaf area index can be estimated
as VLAI= i0(Ω)|μ |/G(Ω) (Wilson, 1967). It follows from these relation-
ships that the visible fraction of leaf area is the ratio between canopy
interceptance and the mean optical path, which can be expressed in
terms of the canopy directional uncollided transmittance as

VFLA Ωð Þ ¼ 1−t0 Ωð Þ
∣ ln t0 Ωð Þð Þ∣

: ð1Þ

Fig. 3a shows VFLA vs. LAI curve derived from the stochastic simula-
tions of canopy structure can be accurately approximated by Eq. (1) in
the case of spherically oriented leaves. Fig. 3b shows that this is true
for other types of leaf orientation.

Eq. (1) is expressed in terms of the directional uncollided transmit-
tance, a variable that can be estimated from field measurements of can-
opy transmitted radiation (Rautiainen and Stenberg, 2015). In real
canopy the mean optical path depends on foliage clumping. For exam-
ple, if we replace discs in the stochastic model with coniferous shoots
the mean optical path becomes τ(Ω)=G(Ω)fLAI/∣μ ∣. The clumping fac-
tor f converts area of needles on the shoot to the shoot silhouette area,
which actually is the visible fraction of needle areas of the shoot. The
VFLA calculated using Eq. (1) should be multiplied by the clumping fac-
tor, f, to obtain its true value. In the general case Eq. (1) therefore results
in the effective VFLA, i.e., visible leaf area, VLAI, normalized by the effec-
tive leaf area, f ∙LAI. The visible leaf area index is then VLAI=VFLA ∙ f ∙LAI.
It follows from this simple relationship that VLAI is independent of the
clumping factor in the sense that its specification does not depend on
whether true values, (VFLA ∙ f) and LAI, or their effective counterparts,
VFLA and (f ∙LAI), are used. This property provides a simple approach
to derive VLAI from field data. Indeed, both the effective VFLA and effec-
tive LAI can be estimated from measured directional uncollided trans-
mittance. The former is calculated using Eq. (1) whereas the latter
using the standard technique based on Miller (1967) equation.

In our simple model, the directional escape probability density is re-
lated to canopy interceptance as

ρiso Ωð Þ ¼ 0:5
i0 Ωð Þ
LAI

: ð2Þ

Spherical integration of π−1ρiso(Ω)∣μ ∣ results in the following relation-
ships

1
π

Z

4π

ρiso Ωð Þ μj jdΩ ¼ 1−piso ¼
idif
LAI

: ð3Þ

Fig. 2. Stochastic model of canopy structure. Points are scattered in a volume V according to a stationary Poisson point process of intensity d (panel a). On each of these points a disc of
radius r (panel b) is placed. Their random orientation is generated with a leaf normal distribution function. The discs represent bi-Lambertian leaves, i.e., the incident photons are
reflected from, or transmitted though, the disc in a cosine distribution about its upward normal. The disc is divided into n equal areas, which represent smallest resolvable scale. Panel
(a) shows a realization of canopy structure with 207 leaves, each containing n = 36 equal areas. The leaf radius to canopy height ratio, r/H, and mean leaf area volume density, uL, are
0.03 and 0.5, respectively. Leaf normals are shown as blue bars. More details are in Appendix A.
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Here idif is the interceptance of the vegetation canopy illuminated by the
isotropic sky radiation. This relationship was originally documented in
Stenberg (2007). It follows from Eqs. (2) and (3) that

ρiso Ωð Þ
1−piso

¼ 0:5
i0 Ωð Þ
idif

: ð4Þ

The left hand side of this equation is the fraction of photons exiting the
canopy in the directionΩ relative to the total number of canopy leaving
photons. Air- and satellite-borne sensors measure the canopy reflected
radiation and thus the fraction of exiting photons can potentially be es-
timated from satellite data. On the other hand, it can also be derived
from canopy directional uncollided transmittance. Eq. (4) therefore
provides an important link between satellite and ground-based
measurements.

Thus the VFLA, fraction of canopy leaving photons, recollision and
escape probabilities for our simple model are expressed in terms of
structural variables, i0(Ω) and idif, which in turn can be estimated from
below canopy measurements of the canopy directional uncollided
transmittance using, e.g., the LAI-2000 plant analyzer (Rautiainen et
al., 2009 Rautiainen and Stenberg, 2015 Stenberg, 2007). The VLAI and
consequently SLAI can be estimated from VFLA without knowledge of
foliage clumping and leaf normal orientation. Theoretically the VFLA
could be derived from measurements of the above canopy radiation
using Eqs. (1)–(4) if leaves were illuminated by a spatially homoge-
neous isotropic radiation. This of course is not the case in reality. The
question then arises if there is a relationship between this simple case
and real canopy reflectance. This will be discussed in Sections 2.3–2.4,
which generalize the results to 3D heterogeneous canopy structure in-
cluding clumping.

2.2. Stochastic reflecting boundary

The BRFof the vegetation reaches itsmaximum in the backscattering
direction. This is so-called hot spot effect. The EPIC sensor therefore sees
the brightest portion of the canopy reflected radiation. To account for
the hot spot phenomenon in the spectral invariants we introduce a sto-
chastic reflecting canopy boundary as points on leaf surfaces from
which incident photons can enter the vegetation canopy. For a vegeta-
tion canopy illuminated by a monodirectional solar beam, the sunlit
leaves form the boundary, which depends on the direction, −Ω0, of
the incident beam and the distribution of sunlit leaves within the cano-
py space. Since the sunlit leaves can occur, with a certain probability,
anywhere in the canopy, the boundary is subjected to both the direct

solar beam and within-canopy diffuse radiation. The boundary scatters
the intercepted photons, which in turn can exit or enter the canopy.
The direct incident beam causes leaf shadowing. At strongly absorbing
wavelength such as the blue or red spectral intervals a fraction of pho-
tons scattered by the boundary that enter the canopy will be absorbed
with a high probability. This makes the diffuse radiation negligible.
The canopy reflected radiation is mainly determined by the canopy
boundary in this case. Atweakly absorbingwavelength, e.g., the near in-
frared spectral region, the diffuse radiation is strong, which in turn
tends to weaken the shadows and consequently makes the sunlit and
shaded leaves less contrasting (Kuusk, 1991 Nilson, 1991).

The canopy boundary is an important structural parameter that im-
pacts canopy reflective properties. To characterize its stochastic proper-
ties we use a Bi-directional Sunlit Fraction of Leaf Area, BSFLA(Ω&Ω0),
defined as a fraction of leaf area that is simultaneously visible from out-
side the canopy along directions,−Ω and−Ω0. Fig. 4a shows BSFLA for
our simple stochastic model. We also plot VFLA(Ω), VFLA(Ω)VFLA(Ω0)
(Fig. 4a) and the correlation coefficient of VFLA(Ω) and VFLA(Ω0)
given by Eq. (A2) (Fig. 4b). There are two important features notewor-
thy in relation between the leaf areas. First, the events of seeing gaps
from leaf surfaces in two directions are not independent (Fig. 4b and
Eq. (A2) in Appendix A). This is effect of finite sizes of the foliage
(Kuusk, 1991 Nilson, 1991), which in turn causes the canopy hot spot
effect, i.e. a sharp increase in canopy reflected radiationwhen scattering
directionΩ approaches the direction to the sunΩ0 (Kuusk, 1991Nilson,
1991 Qin et al., 1996 Ross and Marshak, 1988). Second, with the in-
crease in the angle between Ω0 and Ω, the correlation decreases from
its maximum to zero, and then levels off (Fig. 4b). Its width decreases
with a decrease of leaf sizes and vanishes for infinitesimal scatters. Be-
yond a point at which the correlation saturates, the events become
uncorrelated.

The fraction of leaf surface areas “visible” outside the canopy along
the direction −Ω can be expressed as VFLA(Ω) =[1−hiso(Ω; -
Ω0)]VFLA(Ω)+hiso(Ω;Ω0)VFLA(Ω). The summands represent fractions
of shaded and sunlit leaf areas (Appendix A), and hiso is the correlation
coefficient of VFLA(Ω) and SFLA (Fig. 4b). The probability that photons
scattered by shaded leaves will exit the vegetation in the direction Ω
is [1−hiso(Ω;Ω0)]ρiso(Ω) (Appendix A). Some of the photons scattered
by the boundary will escape vegetation canopy with unit probability.
Their fraction is given by jiso(Ω;Ω0)h(Ω;Ω0) where jiso is the anisotropy
of the boundary reflected radiation, which is determined by the area
scattering phase function and geometry factor (Appendix A).

Thus, the escape probability density, ρb,iso(Ω;Ω0), for our simple
model with the stochastic boundary in the direction Ω0 is a weighted

Fig. 3. Visible Fraction of Leaf Area (VFLA). Panel a: VFLA for spherically oriented leaves as a function of Leaf Area Index (LAI) for a zenith angle of 9.44° estimated directly from the
stochastic model (legend “Stochastic model”) and calculated with Eq. (1) (legend “Equation”). Panel b: Correlation between VFLA estimated from the stochastic model (vertical axis)
and Eq. (1) (horizontal axis) for LAI and zenith angle ranges from 1 to 8, and from 0° to 60°, respectively. The scatter plot includes spherical, planophile, erectophile, plagiophile,
extremophile and uniform leaves (Appendix A). The VFLAs from the stochastic model were estimated as described in Appendix A.
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sum of the escape probabilities for shaded and sunlit leaves, i.e.,
ρb,iso(Ω;Ω0)=[1−hiso(Ω;Ω0)]ρiso(Ω)+ hiso(Ω;Ω0)jiso(Ω;Ω0). Spheri-
cal integration of π−1ρb,iso(Ω)∣μ ∣ results in (1−pb,iso) where pb,iso is
the recollision probability. Some of the boundary scattered photons
will escape the vegetation with unit probability. This lowers the proba-
bility for photons to recollide (i.e., pb,iso≤piso) and consequently en-
hances the likelihood of photons escaping the vegetation (i.e.,
ρb,iso(Ω;Ω0)≥ρiso(Ω)). Our next step is to demonstrate validity of
these relationships in the general case of 3D heterogeneous canopy.

2.3. Generalization to 3D heterogeneous vegetation canopies

The goal of this section is to generalize our results presented in
Sections 2.1 and 2.2. This will be done based on analyses of the stochas-
tic radiative transfer equations (SRTE) (Appendix B). These equations
accurately account for the canopy structure over a wide range of scale
through the use of the pair-correlation function (Huang et al., 2008).
Here we focus on the 3D vegetation canopy bounded from below by a
non-reflecting surface. A physically based technique to account for con-
tributions from reflecting canopy backgroundwill be detailed in Section
5 as part of our validation efforts.

Let the 3D vegetation canopy bounded from below by a non-
reflecting surface be subjected to a monodirectional beam in the direc-
tion−Ω0. We represent the directions to the Sun,Ω0, and sensor,Ω, by
cosines of the sun, μ0=cosθ0, and sensor, μ=cosθ, polar angles, and
their associated azimuths. The sunlit leaves in the direction Ω0 form
the canopy boundary. The incoming photons scattered by the boundary
will interact with both shaded leaves and the boundary. The singly
scattered photons that have not exited the canopy undergo the second
interaction, resulting in a radiation field generated by photons scattered
two times. A fraction of these photons in turnwill recollide and give rise
to a radiation field generated by photons scattered three times, etc. Let
Im(z,Ω) and Fm be the horizontal average radiance of radiation field gen-
erated by photons scatteredm times and associatedmean irradiance on
leaf sides (Eq. (B2) in Appendix B.1), respectively. By definition (Fig. 1),
the escape and recollision probabilities are ρm(Ω;Ω0)=πIm(zb,Ω)/
(ωλFm−1) and pm=Fm/(ωλFm−1). Here zb=0 represents the upper ho-
rizonal surface above the canopy in the case of upward directions, and
a surface beneath the canopy, zb=H, for downward directions. Here
symbols Ω and −Ω designate upward and downward directions. We
start our analyses assuming that the foliage does not absorb radiation
i.e., ωλ=1.

The Directional Area Scattering Function (DASF) is defined as the
BRF of a vegetation canopy with non-absorbing leaves (ωλ=1) and

bounded underneath by a non-reflecting surface (Knyazikhin et al.,
2013). It can be expanded in successive order of scattering, or in Neu-
mann series (Huang et al., 2007),

DASF Ω;Ω0ð Þμ0
¼ ρ1 Ω;Ω0ð Þ þ ρ2 Ω;Ω0ð Þθ1 þ…þ ρmþ1 Ω;Ω0ð Þθmm þ⋯

! "
i0 Ω0ð Þ; ð5Þ

where θm ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p1p2…pmm

p
. The escape probability corresponding to the

mth scattering order can be represented as

ρm Ω;Ω0ð Þ ¼ 1−hm Ω;Ω0ð Þ½ &ρ0m Ωð Þ þ jiso Ω;Ω0ð Þhm Ω;Ω0ð Þ: ð6Þ

Here ρm and ρ0m are escape probability densities for canopies with
and without the stochastic boundary, respectively, and hm is the corre-
lation coefficient calculated as detailed in Appendix B.2. Integration of
π−1ρm ∣μ ∣ over the unit sphere results in 1−pm (Huang et al., 2007).
The aim of this subsection is to understand relationships between ρiso,
piso, ρm and pm. Here we closely follow the theory documented in
Huang et al. (2007). All calculations were performed using the stochas-
tic radiative transfer equations.

Fig. 5 shows the escape, ρm(Ω;Ω0), and recollision, pm, probabilities
as functions ofm. For view directions outside of the hot spot region, i.e.,
hm(Ω;Ω0)~0 and ρm(Ω;Ω0)~ρ0m(Ω), the escape probabilities for up-
and downward directions varywith the number of successive scattering
and reach plateaus from above and below after about 7–8 iterations
(Fig. 5a). The semi-sum, ρmðΩ;Ω0Þ ¼ 0:5½ρmðΩ;Ω0Þ þ ρmð−Ω;Ω0Þ&,
saturates faster, after two to three scattering events in this example.
The corresponding recollision probability pm is related to ρm via Eq.
(3) and thus it converges at the same or a faster rate. The limits ρm
and pm approximate ρb,iso(Ω) and pb,iso. In the hot spot direction (Fig.
5b), i.e., when Ω~ Ω0 (and hm(Ω;Ω0)~1), the escape probability
ρm(Ω;Ω0) is almost independent of the scattering order and approxi-
mates jiso(Ω;Ω0)hm(Ω;Ω0), suggesting a negligible variation of hm
with m.

Fig. 6a shows an important feature of radiation fields corresponding
to scattering orders at which the escape probability density saturates:
I8(z,Ω;Ω0) is proportional to I7(z,Ω;Ω0), i.e., I8(z,Ω;Ω0)=p8I7(z,Ω;Ω0).
It means that the radiative field generated by photons scattered 7 times
is reduced by a factor p8 as result of one interaction. The coefficient of
proportionality is the recollision probability, i.e., p8=F8/F7 (Huang et
al., 2007). It follows from these relationships that I8(z,Ω;Ω0)/
F8= I7(z,Ω;Ω0)/F7. This example illustrates a fundamental property of
the 3D radiative transfer equation, i.e., the sequences pm=Fm/Fm−1

and em(z,Ω;Ω0)= Im(z,Ω;Ω0)/Fm, m=1,2 ,⋯, converge to the unique

Fig. 4. Bi-directional Sunlit Fraction of Leaf Area, BSFLA(Ω&Ω0), derived from the stochasticmodel of canopy structure (Fig. 2). Panel a: BSFLA(Ω&Ω0) as a function of zenith angle θ of the
directionΩ (legend “BSFLA”). Zenith angle ofΩ0 is 41°. Also shown are VFLA(Ω) (legend “VFLA”) and VFLA(Ω)VFLA(Ω0) (legend “VFLA*SFLA”). Here r/H=0.005; d=6366; uL=πr2d=
0.5. Panel b: Correlation coefficient of VFLA(Ω) and SFLA=VFLA(Ω0) as a function of θ for relative leaf sizes r/H=0.01, 0.005 and 0.0025. Its definition is given in Appendix A.
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positive eigenvalue p∞ of the radiative transfer equation, corresponding
to the unique positive (normalized to unity) eigenvector e∞(z,Ω;Ω0)
(Huang et al., 2007 Vladimirov, 1963). For a sufficiently large number
of scattering events, the radiance Im(z,Ω;Ω0) and, consequently, the es-
cape probability density can be accurately approximated as Im(z,Ω; -
Ω0)=p∞

m e∞(z,Ω;Ω0) and ρm(Ω;Ω0)=p∞e∞(zb,Ω;Ω0). In this example
em reaches its limit after 6–7 iterations, i.e., Im(z,Ω;Ω0)=p∞

m

e7(z,Ω;Ω0), and because pm saturates after two to three scattering
events (Fig. 5a), p∞ ≈ ffiffiffiffiffiffiffiffiffiffi

p1p2
p ≈ piso. In general case the rate of conver-

gence depends on p∞: the higher its value, the slower the convergence
(Huang et al., 2007).

Fig. 6b illustrates Eq. (6) form=7. The boundary lowers the proba-
bility for photons to recollide and consequently enhances the likelihood
of photons escaping the vegetation. This is seen in Fig. 6b:ρm(Ω;Ω0) dif-
fers from ρ0m(Ω) by factor (1−h7) and therefore ρm(Ω;Ω0)≥ρ0m(Ω).
This yields an opposite inequality for the recollision probabilities. The
escape probability densities ρ0m(Ω) and ρ0m(−Ω) converge to their
limits almost symmetrically from above and below for all directions.
Their semi-sum therefore approximates ρiso(Ω) for all directions, too.
This is because the sensitivity of the term ρ0m(Ω) to Ω0 diminishes

with the scattering orderm. Its limit becomes independent on the direc-
tion of the incident beam in the case of canopies without stochastic
boundary.

Solutions of the radiative transfer equation describe photons just be-
fore their interactions with scattering centers. In vegetation canopies it
is radiance incident on the leaf surface. Distribution of photons just after
their interactions is treated as distribution of sources on leaf surfaces,
which is given by the source function (Eq. (B3) in Appendix B.1). Fig.
7a shows vertical profiles of the horizontal and angular averages of
source functions, Sm, generated by the normalized radiance em(z,Ω) in-
cident on leaf surfaces. Spherical integration of em(z,Ω) (as defined by
Eq. (B3) in Appendix B.1) significantly lowers the angular variation in
the source function (Davis and Knyazikhin, 2005 Knyazikhin et al.,
2011). In this example the coefficient of angular variation of the source
function (std/mean) is below 1.7% (Fig. 7b).

Thus, the scattering properties of the vegetation canopy are calculat-
ed as the sum of contributions from photons of different scattering or-
ders (Eq. (5)). For sufficiently large m, the within canopy radiation
regime is generated by spatially varying almost isotropic sources on
leaf surfaces (Fig. 7). This feature makes the radiative regime similar

Fig. 5. Panel a: Directional escape probability densities in up-, ρm(Ω), and downward, ρm(−Ω), directions, their mean, 0.5[ρm(Ω)+ρm(−Ω)] (left axis), and recollision probability, pm
(right axis) for 11 scattering orders. Here solar zenith angle (SZA) and view zenith angle (VZA) are 41° and 49.1°, respectively. Panel b: Directional escape probabilities in up-, ρm(Ω),
and downward, ρm(−Ω), directions for SZA = VZA = 49.1° and 11 scattering orders. ρiso(Ω) is shown on both plots. The stochastic radiative transfer equations were used to derive
these variables. LAI = 5, ground cover was 0.8.

Fig. 6. Panel a: Relationship between I8(z,Ω;Ω0) and I7(z,Ω;Ω0) for z=0,0.2,0.4,⋯ ,1 (in relative units) and 217 upward directions. Panel b: Escape probabilities ρ7(Ω;Ω0), ρ07(Ω)
(vertical axis on the left side) and the correlation coefficient h7 (vertical axis on the right side) in the principal plane as functions of view zenith angle of Ω. The probabilities are
related as ρ7(Ω;Ω0)=(1−h7)ρ07(Ω)+h7jiso(Ω;Ω0) where the correlation coefficient h7 was calculated as described in Appendix B.2. The stochastic radiative transfer equations with
inputs as in Fig. 5 were used to derive these variables.
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to our simple model where the leaf-scattered radiation generates per-
fectly isotropic sources. Spatial variation of sources does not impact
the recollision and escape probabilities. This is not true for low scatter-
ing orders. Our next step is to understand their impact on the average
escape and recollision probabilities.

2.4. DASF and BRF

Based on Eq. (5) we define the average escape probability density as

ρA Ω;Ω0ð Þ ¼ ∑
∞

m¼1
ρm Ω;Ω0ð Þwm−1: ð7Þ

The weightwm=θmm/∑k=0
∞ θkk, with θ0 set to 1, accounts for the con-

tribution of the mth scattering order. Because spherical integration of
π−1ρm(Ω)∣μ ∣ results in 1−pm for eachm (Huang et al., 2007), the aver-
age escape probability also follows this relationship, i.e.,

1
π

Z

4π

ρA Ω;Ω0ð Þ∣μ∣dΩ ¼ 1− ∑
∞

m¼1
pmwm−1 ¼ 1−pA; ð8Þ

where pA is the average recollision probability (Stenberg, 2007
Stenberg et al., 2016). Note that the weight wm can be expressed
as wm=θmm(1−pA). In terms of these notations the DASF takes the fol-
lowing form,

DASF Ω;Ω0ð Þ ¼ ρA Ω;Ω0ð Þi0 Ω0ð Þ
1−pA

: ð9Þ

The escape and recollision probabilities were introduced as condi-
tional probabilities, i.e., they refer to photons that “survive” the scatter-
ing event (Fig. 1). The joint probabilities of recollision, escape and
scattering events are ωλρA and ωλpA. The BRF therefore becomes,

BRFλ Ω;Ω0ð Þ ¼ ωλρA Ω;Ω0ð Þi0 Ω0ð Þ
1−ωλpA

¼ DASF∙Wλ pAð Þ; ð10Þ

where

Wλ pAð Þ ¼ ωλ
1−pA

1−ωλpA
; ð11Þ

is the canopy scattering coefficient (Knyazikhin et al., 2013 Lewis and
Disney, 2007 Smolander and Stenberg, 2005 Stenberg et al., 2016). Eq.
(10) is the solution of the stochastic radiative transfer equations for
the mean radiance formulated for a vegetation canopy bounded from
below by a non-reflecting surface. We point out some features that are

useful for developing inverse remote sensing techniques and their
validation.

First, for vegetation canopies with a dark background or for suffi-
ciently dense vegetation where the impact of the canopy background
is negligible, the DASF and the scattering coefficient can be directly re-
trieved from the BRF spectrum without the use of canopy reflectance
models, prior knowledge, or ancillary information regarding the leaf op-
tical properties using a simple algorithm documented in Knyazikhin et
al. (2013). TheDASF, which is stored in the LUT, can be directly assessed
using hyperspectral reflectance data acquired over dense canopies. We
also use this algorithm to obtain the average escape and recollision
probabilities from solutions of the stochastic radiative transfer equa-
tions (Appendix C).

Second, the decomposition Eq. (6) is also valid for the average es-
cape probability density, i.e., ρA is a weighted sum of the averaged es-
cape probability densities for shaded, ρ0A(Ω), and sunlit, jiso(Ω;Ω0),
leaves. The DASF therefore can be represented as

DASF Ω;Ω0ð Þμ0 ¼ 1−h Ω;Ω0ð Þ½ &ρ0A Ωð Þi0 Ω0ð Þ
1−pA

þ h Ω;Ω0ð Þ jiso Ω;Ω0ð Þi0 Ω0ð Þ
1−pA

¼ 1−h Ω;Ω0ð Þ½ &DASF0 Ω;Ω0ð Þμ0 þ h Ω;Ω0ð ÞDASFb Ω;Ω0ð Þμ0:

ð12Þ

Fig. 8a shows the average probabilities ρA(Ω;Ω0), ρ0A(Ω;Ω0), and
the correlation coefficient h. Our analyses suggest that the correlation
coefficient varies insignificantly with scattering order (Fig. 5b). Fig. 8b
reinforces this feature: the correlation coefficient derived from full solu-
tions of the stochastic radiative transfer equations compares well with
its 7th order approximation. This property has a simple physical inter-
pretation. Indeed, photons scattered by the boundary toward the sun
will escape vegetation with unit probability. Their amount depends on
the boundary area, which in turn is determined by the canopy structure
rather than within-canopy radiation regime.

Finally, the semi-sum ρ0mðΩÞ and geometric mean θm of
recollision probabilities converge to ρiso(Ω) and piso very fast
(Fig. 5a). Approximating ρ0mðΩÞ and θm in Eq. (7) by their limiting
values, one obtains an approximation of the average semi-sum,
i.e., ρ0AðΩÞð1−pisoÞ=ð1−pAÞ ≈ ρisoðΩÞ: For view directions outside of
the hot spot region therefore the following relationship takes place,

ρiso Ωð Þ
1−piso

i0 Ω0ð Þ ≈ ρA Ωð Þ
1−pA

i0 Ω0ð Þ: ð13Þ

The left hand side of this equation is the Directional Area Scattering
Factor, DASFiso, in the case when leaves are subjected to isotropic radia-
tion. This variable can be estimated from below canopy measurements

Fig. 7. Vertical profiles of horizontal and angular averages of source functions (panel a) and coefficient of variation (std/mean, panel b) due to radiative filed em(z,Ω) for 10 scattering
orders. The dimensionless vertical axes show values of z/H where H is the canopy height. The stochastic radiative transfer equations with inputs as in Fig. 5 were used. The source
function is defined by Eq. (B3).
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of the canopy directional uncollided transmittance using Eq. (4). Eqs.
(1)–(4) therefore provide a basis for validation of the radiative transfer
approach and assessments of retrieval techniques based on this
approach.

Thus the BRF of a vegetation canopy bounded from below by a non-
reflecting surface is expressed as a solution of the stochastic radiative
transfer equations parameterized in terms of the measurable spectrally
invariant parameters. This underlies our theoretical basis for developing
LUT for the use with the DSCOVR EPIC data.

3. Study area and data used

3.1. Site description

This research is focused on Hyytiälä forest (Fig. 9) in the southern
boreal zone in central Finland (61°50′N, 24°17′E). Dominant tree spe-
cies areNorway spruce (Picea abies), Scots pine (Pinus sylvestris) and Sil-
ver birch (Betula pendula). Understory vegetation is classified as xeric,
sub-xeric, mesic or herb-rich vegetation based on the species richness
and abundance. The understory typically consists of two layers: the
ground layer, which is mainly composed of mosses and lichens, and
the upper layer, which is composed of, for example, dwarf shrubs and
grasses. The growing season typically begins in early May and senes-
cence in late August. Eighteen study sites representing different species
and understory compositions were chosen for our analyses (Table 1). A
detailed description of the study sites can be found in Heiskanen et al.
(2013).

3.2. Field data

Data used in our researchwere sampledduring peak growing season
(June–July) on 18 locations (Fig. 9) in 2010 and 2012 (Lukeš et al., 2013
Rautiainen and Lukeš, 2015 Rautiainen et al., 2011).

The effective leaf area index and canopy directional uncollided
transmittances were estimated from LAI-2000 Plant Canopy Analyzer
data collected on selected locations between June 22 and July 4, 2010
when foliage had reached its maximum size. The measurements were
taken shortly after (before) sunset (sunrise), or during overcast days,
when forestwas illuminated only by diffuse light. The sampling scheme
was a cross with 12 measurement points: two perpendicular 6-point
transects with 4-meter intervals between the measurement points.
The forest measurements were made without view restrictors. The un-
derstory was excluded from the field of view since the measurements
were taken at a height of 0.7 m. In addition to LAI-2000 measurements,
stand basal area (BA), fractions of pine, spruce and birch trees (based on
basal area), mean stem diameter at breast height (DBH), mean crown
lengths and understory type for all 18 plots were measured (Table 1).
The stand density was calculated as BA/[π ∙(0.5DBH)2] (in stem/m2).
Angular profiles of canopy directional uncollided transmittances and ef-
fective LAI are shown in Fig. 10a. A detailed description of the measure-
ments is documented in Heiskanen et al. (2012)and Rautiainen and
Lukeš (2015).

Nadir hemispherical-conical reflectance factors (HCRF) of the un-
derstory in the spectral region from 325 nm to 1075 nm at spectral res-
olution of approximately 3 nm at 700 nmweremeasured between June

Fig. 8. Panel a: Average escape probabilities ρA(Ω;Ω0), ρ0A(Ω) (vertical axis on the left side) and the correlation coefficient h (vertical axis on the right side) as functions of view zenith
angle of Ω. Panel b: Comparison of the correlation coefficients derived from the SRTE (horizontal axis) and radiative field generated by photons scattered 7 times (vertical axis).

Fig. 9. Hyytiälä forest and distribution of study sites. The true color composite image is from Hyperion hyperspectral cube acquired on July 3, 2010.
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29 and July 6, 2010 under diffuse light conditions using a FieldSpec UV/
VNIR Spectroradiometer without fore-optics (i.e. the field-of-view was
25°). Forty measurement points were made for each understory type at
intervals of 0.7 m on a 28 m long permanent transect. The ground area
sampled at each point was approximately a circle with radius of 25 cm
(Rautiainen et al., 2011). Spectra of understory HCRFs are shown in Fig.
10(b). Note that we follow standard reflectance nomenclature used in re-
mote sensing (Martonchik et al., 2000 Schaepman-Strub et al., 2006)

Directional-hemispherical reflectance (DHRF) and transmittance
(DHTF) of abaxial and adaxial sides of Norway spruce, Scots pine and
Silver birch needles and leaves from theHyytiälä forestsweremeasured
under laboratory conditions using ASD RTS-3ZC integrating sphere and
ASD FieldSpec 3 PRO spectroradiometer in the spectral interval from
350 to 2500 nm with a spectral resolution of 3 nm at 700 nm and
10 nm at 1400 and 2100 nm between June 11 and 28, 2012 (Lukeš et
al., 2013). Leaf albedowas calculated as sumof DHRF andDHTF. Tomea-
sure conifer needle optical properties, the needles were secured in a
special holder developed by Malenovský et al. (2006) at distances
equal to or smaller than their thickness. The needle samples were
scanned using a desktop document scanner, from which between-nee-
dle gap fractions were estimated using Otsu's automatic threshold
method (Otsu, 1975). The gap fraction was used to correct DHRF and
DHTF of conifer needles. A detailed description of this data set andmea-
surement technique are documented in Lukeš et al. (2013). Mean spec-
tra of leaf albedos used in our research are shown in Fig. 10(c).
Maximum values of standard deviations were 0.029 (birch), 0.038
(pine) and 0.047 (spruce). The data are publicly available through the
SPECCHIO database (Hueni et al., 2009).

3.3. Hyperion data

We used hyperspectral data from EO-1 Hyperion image (L1B prod-
uct) acquired over the Hyytiälä forest on July 3, 2010. Hyperion is a nar-
rowband imaging spectrometer that registers radiance in 242 spectral
bands from 356 to 2577 nm, with about 10 nm bandwidth. Data spatial
resolution is 30m. The swathwidth is 7.7 km, and data are typically col-
lected in 7.5 km by 100 km images (Pearlman et al., 2003). The striping,
missing lines and spectral smile were removed from images or
corrected using spectral moment matching (Sun et al., 2008), local
destriping (Goodenough et al., 2003), interpolation and the pre-launch
calibration measurements, respectively. The atmospheric correction
was performed with the Fast Line-of-sight Atmospheric Analysis of

Spectral Hypercubes (FLAASH) algorithm (Matthew et al., 2000). This
technique results in an approximation of surface BRF. A detailed de-
scription of the processing of Hyperion images acquired over our
study area can be found in Heiskanen et al. (2013) and Rautiainen and
Lukeš (2015). The solar and view zenith angles were 41° and 13.8°;
the relative azimuthal angle (RAA) of the Hyperion sensor was 62.73°.
BRF spectra of pure Silver birch (B3), Scots pine (P1), Norway spruce
(S3) and mixed (B7) plots are shown in Fig. 10(c). In our analyses, a
plot was defined “pure” when at least 90% of the trees (by stem
count) belonged to the given tree species.

4. Initialization of the stochastic radiative transfer equations

Structural variables that the stochastic radiative transfer equations
admit include the conditional pair-correlation function, K(z,ξ,Ω), the
fraction, a(z), covered by tree crowns at depth z, and extinction coeffi-
cient, σ(Ω) (Appendix B.1). Our goal is to derive these variables from
field data. We use analytical equations for K and a developed for mean
tree crown idealized as a vertical solid, i.e., volume obtained by rotating
a curve about the vertical axis (Huang et al., 2008). Under this assump-
tion the conditional pair-correlation function and fraction a(z) are ex-
plicit functions of the aspect ratio (crown length to crown diameter
ratio) and stand density (Schull et al., 2011).

Specification of the extinction coefficient, σ(Ω)=uLG(Ω), requires
effective leaf area volume density uL (in m2/m3) and geometry factor
G(Ω). The latter is determined by the type of leaf orientation (Ross,
1981 Stenberg, 2006).Weuse the inclination index of foliage area to pa-
rameterize the geometry factor (Ross, 1981). This index characterizes
the deviation of leaf orientation from the spherical distribution and al-
lows us to approximate the extinction coefficient for leaf and needle
canopies as σ(Ω)=0.5βuL, where the weight β varies between 0 and
2. In the framework of the stochastic approach the effective leaf area
volume density is related to the effective leaf area index, LAI, mean
crown length, Hc, and stand density, d, as (Schull et al., 2011)

LAI ¼ uL

ZHc

0

1− exp −dπr2 zð Þ
! "$ %

dz ð14Þ

Here r(z) is themean radius of the crown horizontal cross section at
depth z, which in turn depends on the crown shape and aspect ratio
(Schull et al., 2011).

Thus, data on stand density, d, mean crown length, Hc, leaf orienta-
tion, β, leaf area volume density, uL, and crown aspect ratio, A, are need-
ed to specify the coefficients that appear in the stochastic radiative
transfer equations. The Norway spruce, Scots pine (Rautiainen et al.,
2008) and Silver birch stands were idealized as forests consisting of el-
lipsoidal in shape trees. The stand density was calculated from the BA
and DBH data as described in Section 3. The leaf area volume density
can be estimated from Eq. (14) if the aspect ratio, crown length and ef-
fective LAI are known.

The site specific crown aspect ratio, A, and parameter β were esti-
mated by selecting the most probable pair (A,β) for which angular pro-
files of canopy directional uncollided transmittance predicted by the
stochastic radiative transfer equations (Eqs. (B1a) and (B1b) in
Appendix B.1), agree with their measured counterparts (Fig. 10a) to
within measurement uncertainties as follows. First, we expressed the
effective leaf area volume density as a function of aspect ratio using
Eq. (14) and measured effective LAI, stand density and mean crown
length. Second, for each pair (A, β) we solved the stochastic radiative
transfer equations for the directional uncollided transmittance
(Appendix B.1) to obtain the angular profile of the directional
uncollided transmittance as a function of the aspect ratio and leaf orien-
tation. Next, we generated a set of acceptable solutions, which
contained pairs (A,β) for which the RMSE between the modeled and
measured profiles was below measurement uncertainty, which was

Table 1
Species compositions, mean stem diameter at breast height (DBH), mean crown length,
mean stand basal area (BA) and understory type for 18 plots in Hyytiälä forest. The Silver
birch dominated site B7 and Norway spruce dominated site S4 are also treated as mixed
forests.

Site
ID

Scots
pine, %

Norway
spruce, %

Silver
birch, %

DBH,
cm

Crown
length, m

BA,
m2/ha

Understory

B1 0 12.1 87.9 16.3 9.5 10.7 Mesic
B2 0 0 100.0 12.2 10.6 10.7 Herb-rich
B3 0 0 100.0 12.3 7.9 21.0 Mesic
B4 0 2.7 97.3 12.0 5.8 20.6 Herb-rich
B5 0 11.1 88.9 8.9 4.9 27.0 Herb-rich
B6 0 8.1 91.9 14.2 5.8 20.9 Mesic
B7 0 48.2 51.8 24.3 10.1 27.2 Mesic
P1 99.6 0.4 0 17.7 6.6 20.4 Mesic
P2 83.8 14.7 1.5 25.1 3.3 20.5 Sub-xeric
P3 95.2 1.5 3.2 20.0 8.6 24.3 Mesic
P4 65.4 26.9 7.7 24.3 6.2 26.0 Sub-xeric
S1 22.6 70.7 6.7 17.8 11 24.9 Mesic
S2 4.0 89.0 7.0 18.9 9.7 20.9 Mesic
S3 0.7 99.3 0 8.8 6.9 10.0 Mesic
S4 8.1 51.0 40.9 14.2 8.1 22.2 Mesic
S5 0 76.1 23.9 18.7 11.1 27.5 Mesic
S6 0 99.0 1.0 14.4 7.3 31.7 Mesic
S7 9.1 76.9 13.9 17.3 10.5 29.1 Xeric
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set to 0.025. Finally, we selected most probable pair (A,β) from histo-
grams of the acceptable A and β values. This algorithm estimates
mean within-crown extinction coefficient by correcting mean optical
paths for crown geometry effects.

The above procedure was applied to each of 18 sites. Comparisons
between simulated and predicted angular profiles suggest that the sto-
chastic radiative transfer equations with the site specific structural pa-
rameters provide accurate estimates of the canopy directional
uncollided transmittance (Fig. 11).

We used Eq. (13) to assess the ability of the stochastic radiative
transfer equations to predict diffuse canopy radiation regime. The left
hand side of this equation can be estimated from data on canopy direc-
tional uncollided transmittance, t0(Ω) (Fig. 10a), which sums with the
interceptance i0(Ω) to unity, i.e., i0(Ω)=1− t0(Ω), and the diffuse
interceptance, idif, which is directly obtainable from the LAI-2000 Plant
Canopy Analyzer readings (Rautiainen et al., 2009 Stenberg, 2007). It
follows from Eq. (4) and (13) that DASFiso=0.5(1− t0(Ω))(1− -
t0(Ω0))/idif. The right hand side of Eq. (13) can be estimated from solu-
tions of the diffuse stochastic radiative transfer equations for
vegetation canopy with non-reflecting leaves and bounded underneath
by a non-reflecting surface (Section 2.4). Fig. 12 illustrates that the
DASFiso predicted by the diffuse stochastic radiative transfer equations

Fig. 10. Panel a: Angular profile of canopy directional uncollided transmittance (vertical axis on the left side) and effective leaf area index (vertical axis on the right side) for 18 locations
(Table 1). Canopy directional uncollided transmittances are centered at five zenith angles: 7°, 23°, 38°, 53°, and 68° (legends “Tran 7” through “Tran 68”). Panel b: HCRF spectra of four
understory types: herb-rich, mesic, sub-seric and xeric. Panel c: Leaf spectral albedo of Scots pine, Norway spruce needles, and Silver birch leaf (dashed lines, vertical axis on the left
side). BRF spectra of pure Silver birch (B3), Scots pine (P1), Norway spruce (S3) and mixed (B7) plots (solid lines, vertical axis on the right side).

Fig. 11. Correlation between measured directional uncollided transmittances (horizontal
axis) and predicted by the stochastic radiative transfer equations (vertical axis) for five
zenith angles, 7°, 23°, 38°, 53° and 68° (legends “Tran 7” through “Tran 68”) over 18
study plots.
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with site specific structural parameters agree well with its measured
counterpart.

Thus, we derived site specific wavelength independent extinction
coefficients, conditional pair-correlation functions and vertical profiles
of fraction covered by tree crowns, i.e., canopy structural variables that
the stochastic radiative transfer equations require as input. These pa-
rameters are used in all our radiative transfer calculations.

5. Canopy-ground multiple interactions

The theoretical framework for the canopy BRF and DASF presented
in Section 2 was developed under the assumption that the vegetation
canopy is bounded from below by a non-reflecting surface. A radia-
tive-transfer-based technique developed for the MODIS LAI/FPAR oper-
ational algorithm (Knyazikhin et al., 1998a) is adapted here to account
for ground contributions.

The BRF of the vegetation canopy with a reflective ground can be
represented as a sum of two components: the BRF calculated for the
vegetation canopy with a non-reflecting underlying surface (termed
as the “black soil” problem) and the contribution due tophotonmultiple
interactions with canopy and ground, i.e.,

BRFλ Ω;Ω0ð Þ ¼ BRFBS;λ Ω;Ω0ð Þ þ rλ
1−rλ∙RS;λ

TBS;λ Ω0ð ÞIS;λ Ωð Þ: ð15Þ

Here TBS,λ represents the total directional transmittance (uncollided
and diffuse) for the black soil problem, and rλ is the effective ground re-
flectance. The terms IS,λ(Ω) and RS,λ are solutions of so-called “S prob-
lem,” i.e, they represent canopy leaving radiance and downward
reflectance if our canopy were illuminated from below by isotropic
sources uniformly distributed over the canopy ground. Because IS,λ(Ω)
and RS,λ are solutions of the radiative transfer equation with non-
reflecting ground, the spectral invariant approach presented in Section
2 is applicable to these terms. The BRF of the vegetated canopy with a
reflective ground therefore can be expressed in terms of thewavelength
dependent effective ground reflectance and leaf albedo, and spectrally
invariant canopy interceptance, recollision and escape probabilities.

Results presented in Section 4 suggest that the stochastic radiative
transfer equations can predict the canopy DASF, which a purely struc-
tural variable. Its estimation does not require information about leaf
scattering properties. Specification of the basic structural element and
its scattering coefficient is needed to estimate the canopy spectral BRF.
In coniferous canopies, for example, clumped shoot structure causes
multiple scattering within a shoot. The stochastic radiative transfer
equations are not applicable at the needle scale because fluctuations
of the number of needles in a shoot do not follow Poisson statistics. In
radiative transfer models for conifers the shoot can be taken as the

basic structural element (Smolander and Stenberg, 2003 Smolander
and Stenberg, 2005). Its scattering coefficient,ωs,λ, is related to the nee-
dle albedo, ω0λ as (Smolander and Stenberg, 2003 Smolander and
Stenberg, 2005)

ωs;λ ¼ ω0λ
k0

1−p0ω0λ
; ð16Þ

where the wavelength independent coefficients k0 and p0 depend on
needle surface properties and their arrangement at a finer scale, i.e.,
within the shoot. The coefficients sum to unity if impact of needle sur-
face properties can be neglected (Knyazikhin et al., 2013
Latorre-Carmona et al., 2014 Yang et al., 2016). The basic structural ele-
ment can be associated e.g. with leaf, shoot, branch or tree crown. In all
cases the relationship between their scattering coefficients and the leaf
or needle albedo follows Eq. (16)where k0 and p0 account for the foliage
distribution at a finer hierarchical level.

Solutions of the radiative transfer equation for the black soil and S
problems have the form of Eq. (10). The canopy scattering coefficient,
Wλ, is calculated using Eq. (11) with ωλ representing the scattering co-
efficient of the basic structural element. The basic structural element
specifies the recollision probability that appears in the canopy scatter-
ing coefficient Wλ. The DASF contains the ratio between the escape
probability density and its spherical integral (see Eq. (9)). This makes
this variable independent of the choice of the basic structural element
(Eqs. (7) and (8) in Schull et al., 2011). The scaling properties of the
scattering coefficient, recollision and escape probabilities underlie a
technique to adjust retrieval algorithms for the sensor spatial resolution
and spectral band composition (Ganguly et al., 2008b): the structural
parameters can be pre-calculated at a fixed base scale (e.g., tree
crown); the spectral BRF can be adjusted for the sensor resolution by
transforming the measured leaf or needle albedo to the scattering coef-
ficient of the basic structural element using Eq. (16) (Ganguly et al.,
2008b).

In our case the tree crown is taken as the base scale. Leaves or
needles are distributed within the crown in a certain fashion. We illus-
trate the technique outlined above to achieve consistency between the
canopy scattering coefficient, within crown foliage arrangement and
the spectral BRF at the Hyperion spatial resolution using data from the
spectral interval between 710 and 790 nm. In this spectral interval albe-
do of any green leaf is related to a fixed spectrum via Eq. (16)
(Knyazikhin et al., 2013 Latorre-Carmona et al., 2014 Schull et al.,
2011 Yang et al., 2016) and thus two wavelength independent parame-
ters, k0 and p0, suffice to specify the canopy scattering coefficient. The
following algorithmwas implemented. First, the spectrally invariant pa-
rameterswere pre-calculated for the black soil and S problemsusing the
stochastic radiative transfer equations with input collected at our sites.
Note that the solution IS,λ(Ω) of the S problem also have the form of
Eq. (10) with the difference that spectrally invariant parameters pA, ρA
and i0 are calculated assuming that our canopy is isotropically illuminat-
ed from below. Second, for each pair (ks,p0) the spectral BRF was calcu-
lated using scattering coefficient, ωs,λ(ks,p0), obtained by transforming
measured leaf albedo with Eq.(16), pre-computed structural parame-
ters, andmeasured understory reflectance rλ. Finally, we selected values
of ks and p0 that minimized the RMSE between Hyperion and simulated
BRF in the spectral interval between 710 nm and 790 nm. Fig. 13 illus-
trates proximity of the Hyperion and simulated BRF spectra for our 18
study plots.

To summarize, the spectral invariant approach is applicable in the
general case of canopy reflective ground. The use of spectral invariants
to parameterize the canopy spectral BRF makes the stochastic radiative
transfer equations scalable, i.e., its solutions calculated at a fixed base
scale can be adjusted for the sensor resolution and spectral band com-
position by changing the leaf or needle albedo with the spectrally in-
variant parameters unaltered.

Fig. 12. Correlation between DASFiso derived from field measurements (horizontal axis)
and predicted by the stochastic radiative transfer equations (vertical axis) for the
Hyperion sun-sensor geometry: SZA = 41°, VZA = 13.8° and RAA = 62.73°.
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6. Discussion

We adapted retrieval approach implemented in the MODIS opera-
tional LAI/FPAR algorithm (Knyazikhin et al., 1998a Knyazikhin et al.,
1998b). The algorithm compares measured spectral BRF with those
evaluated frommodel-based entries stored in the LUT. All canopy struc-
tural variables and ground reflectance forwhichmodeled andmeasured
BRFs agree within uncertainties in the observed and modeled canopy
reflectances are considered as acceptable solutions. The mean value of
a structural variable of interest (e.g., LAI, VFLA and SLAI=LAI ∙VFLA)
and its dispersion are taken as the solution of the inverse problem and
its retrieval uncertainty. In addition to the measured BRFs, biome type
and uncertainties in model and observations are also inputs to the algo-
rithm (Wang et al., 2001). The LUT is a key element of the retrieval tech-
nique that determines its performance. Here we discuss differences
between MODIS and EPIC LUTs.

Both LUTs are based on the representation of the modeled BRF via
solutions of the black soil and S problems (Section 5), which are stored
in the LUT. The EPIC LUT contains pre-calculated values of DASF, escape
and recollision probabilities for the black soil and S problems, which
correspond to various combinations of the sun-sensor geometry and
canopy structural organization. The BRF for the black soil problem and
solution of the S problem, IS,λ, are calculated using Eq. (10). The spectral
leaf albedo that appears in this equation becomes a biome-dependent
configurable parameter that accounts for the sensor resolution and
spectral band composition. Its specification is a part of the algorithm cal-
ibration and is based on analyses of the measured and simulated BRFs
over validation sites representing various biome types as outlined in
Section 5. Given sun-sensor geometry and biome type, the spectral
BRF is modeled using Eq. (15), pre-calculated structural variables and
spectral patterns of the effective ground reflectance (which are also
stored in the LUT).

Note that Eq. (10) not only provides a highly accurate approximation
of solutions of the radiative transfer equations for vegetation canopies
with non-reflecting ground, but also follows scaling relationships be-
tween the basic structural element, its scattering spectrum and spectral
BRF. This feature underlies the scale-dependent formulation of the radi-
ative transfer process in vegetation canopies. The spectrally invariant
relationships for canopy transmittance, absorptance and reflectance
used in various process orientedmodels (Stenberg et al., 2016) are spe-
cial cases of Eq. (15) that naturally follow from its hemispherical inte-
grations (Huang et al., 2007).

The MODIS LUT stores the ratio between BRF and directional hemi-
spherical reflectance (DHR) at a fixed wavelength for the black soil
and S problems as a function of the sun-sensor geometry and canopy
structure (Knyazikhin et al., 1998a Knyazikhin et al., 1998b). The spec-
tral DHR is expressed via spectral canopy transmittance and

absorptance, which in turn are calculated using spectrally invariant re-
lationships for the canopy transmittance and absorptance. The BRF is as-
sembled using Eq. (15), pre-calculated ratio, spectral DHR and patterns
of the effective ground reflectance. The biome dependent spectral leaf
albedo is also configurable parameter that controls consistency between
the basic structural element and canopy spectral transmittance and ab-
sorptance at the sensor spatial resolution. The scaling properties how-
ever are not fully realized in the MODIS LUT because the spectrally
invariant relationships are utilized only for the special cases of canopy
reflectance and transmittance. This results in higher model uncer-
tainties due to adjustments of the LUT for the sensor characteristics
compared to the EPIC LUT.

Another important distinction between the EPIC and MODIS LUTs is
that the former accounts for the stochastic boundary whereas the latter
assumes infinitesimal scatters. The MODIS LUT based algorithm does
not perform retrievals if the view direction falls within the hot spot re-
gion. Recall that DASF for the vegetation canopy with the stochastic
boundary is a weighted sum of DASF0 calculated assuming infinitesimal
scatters and DASFb of the stochastic boundary (Eq. (12)). The EPIC LUT
incorporates this decomposition, i.e., it contains DASF0, DASFb and the
correlation coefficient h. The correlation coefficient depends on a
model used to simulate the hot spot effect. This feature allows for inte-
gration of various hot spot models into the retrieval technique without
recalculating DASF0 and DASFb.

The parameterization of the LUT in terms of structural variables ob-
tainable from both space and ground measurements is the key advan-
tage of the EPIC LUT over its MODIS counterpart. For example, for
vegetation canopies with a dark background or for sufficiently dense
vegetation where the impact of the canopy background is negligible,
the DASF can be directly retrieved from the BRF spectrum in the 710
to 790 nm interval without the use of canopy reflectance models,
prior knowledge, or ancillary information regarding the leaf optical
properties using a simple algorithm documented in Knyazikhin et al.
(2013). The DASF can be compared with LUT entries. In general case
the removal of the ground contribution to BRF should precede retrieval
of DASF. Eq. (15), which is incorporated in the LUT, provides physical
basis for removing ground influences from measured spectral BRF. The
field and hyperspectral data therefore can be used to assess the EPIC
LUT, to diagnose its deficiencies and to develop refinements. We illus-
trate this feature using field data and hyperspectral images.

First, we used the pre-calculated site specific spectral invariants for
the black soil and S problems (Section 4), measured ground reflectance
and the sensor adjusted leaf albedo to evaluate the term in Eq. (15) that
accounts for ground contributions. This term was subtracted from the
Hyperion BRF to estimate BRFBS,λ(Ω;Ω0). We applied the algorithm re-
ported in Knyazikhin et al. (2013) to BRFBS,λ to derive Hyperion
DASF(Ω;Ω0) (Appendix D) over our study sites. The view direction of

Fig. 13. Panel a: Correlation between Hyperion BRFH,λ(Ω) and SRTE-estimated BRFλ(Ω) in the 710- to 790 nm spectral interval for 18 study plots. Panel b: Simulated (dashed lines) and
Hyperion (solid lines) BRF spectra of pure Silver birch (B3), Scots pine (P1), Norway spruce (S3) and mixed (B7) forests. The RMSE (and R2) for the 500 to 700 nm interval are 0.007
(0.845), 0.003 (0.831), 0.005 (0.778) and 0.004 (0.807), respectively. The remaining sites showed similar behavior.
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the Hyperion sensor was outside of the hot spot region (i.e.,
h(Ω;Ω0)≈0) and thus the retrieved DASF provides an estimate of
DASF0 in the direction to the sensor.

Next, we calculated DASF in the direction −Ω using the stochastic
radiative transfer equations and site specific canopy structural parame-
ters. The simulated and Hyperion DASFs were then used to evaluate
DASFiso as the semi-sum of their values for up- and downward direc-
tions. The correlation between DASFiso derived from Hyperion images
and field data shown in Fig. 14 suggests that the modeled DASF is accu-
rate for our broad- and needle leaf dominant forest sites at theHyperion
resolution and LAI range between 2 and 5.

Finally, we estimated i0(Ω) from Eq. (4) as i0(Ω)=2DASFisoidif/
i0(Ω0) with the ratio idif/i0(Ω0) calculated using the stochastic radiative
transfer equations and site specific canopy structural parameters. The
canopy interceptance in the direction Ω was then converted to
VFLA(Ω) with Eq. (1). The VFLA(Ω) can also be directly estimated
from below canopy measurements of the canopy directional uncollided
transmittance. The correlation between VFLA derived from field mea-
surements andHyperion image shown in Fig. 15 suggests the LUTdevel-
oped for our sites provides an accurate relationship between canopy
BRF and VFLA at the Hyperion resolution and consequently supports
our theoretical basis.

7. Concluding remarks

This paper presents the theoretical basis of the algorithm designed
for the generation of leaf area index and its sunlit fraction from NASA's
EPIC instrument onboard NOAA's DSCOVR spacecraft. The algorithm in-
gests spectral surface BRF data, canopy architectural type (or biome),
model and observation uncertainties. The technique used in the
MODIS LAI/FPAR operational algorithm is adapted to selectmost proba-
ble values of LAI, SFLA, SLAI=SFLA ∙LAI and their uncertainties. The use
of spectral invariants in the parameterization of theMODIS LUT imbued
scale dependency to the algorithm,which is among key requirements to
generate long-term records of biophysical parameters from remote
sensing measurements of multiple sensors (Ganguly et al., 2008a
Ganguly et al., 2008b). The theoretical basis of the MODIS LUT however
has not been revised since 1998 when the first spectrally invariant pa-
rameter, maximum eigenvalue of the radiative transfer equation, was
originally introduced (Knyazikhin et al., 1998a Knyazikhin et al.,
1998b). The purpose of our study has been to modify the LUT through
incorporations of the canopy hot spot phenomenon and recent ad-
vances in the theory of canopy spectral invariants (Stenberg et al.,
2016) and to integrate the retrieval of the VFLA into the MODIS algo-
rithm. The modifications improve decoupling of the structural and ra-
diometric components of the BRF and algorithm scaling properties,

which are important prerequisites for achieving consistency and com-
plementarity between DSCOVR EPIC and existing satellite derived land
surface biophysical parameters. The stochastic radiative transfer equa-
tions are used to generate the EPIC LUT for all biome types. The equa-
tions naturally account for the effects of the three-dimensional canopy
structure on the BRF and therefore an accurate discrimination between
sunlit and shaded leaf areas is expected. The entries of the EPIC LUT are
measurable, i.e., they can be independently derived from both below
canopy measurements of the transmitted and above canopy measure-
ments of reflected radiation fields. This is the key advantage of the
EPIC LUT over its MODIS counterpart because this feature makes possi-
ble direct validation of the LUT, facilitates identification of its deficien-
cies and development of refinements. Analyses of field data and
hyperspectral images suggest that the EPIC LUT accurately follows reg-
ularities expected from the theory.

Acknowledgment

This research was funded by the NASA DSCOVR project under grant
NNX15AB11G. B. Yang and L. Yan were supported in part by the
National Natural Science Foundation of China No. 41371492, Doctoral
Program No. 20130001110046 and Chinese Scholarship Council No.
201406010058. M. Mõttus and M. Rautiainen were supported by the
Academy of Finland under grants 266152 and 13286390, respectively.

Appendix A. Stochastic model of canopy structure and radiation
regime

We use the Boolean model of random set to simulate 3D canopy
structure (Stoyan et al., 1995). The following stationary Poisson germ-
grain stochastic process of intensity d (in number per volume) is imple-
mented. A random number k=dV of leaves within a volume V = HS is
selected using the Poisson distribution PðkÞ ¼ ðkÞ

k
expð−kÞ=k!where k

is themean value of the randomvariable k. Random locations of k leaves
inV are generatedwith a uniformdistribution function.On each of these
points a disc of radius r (Fig. 2b) is placed. Their random orientation is
generated with a leaf normal distribution function gL(ΩL). The volume
Vwith k randomly oriented leaves (Fig. 2a) is a realization of the canopy
structure. The leaf area volume density of the canopy realization is πr2k/
V. Its ensemble average value results in uL=πr2d. In the terminology the
points of the Poisson process are the germswhile the discs represent the
grains (Stoyan et al., 1995).

The discs simulate bi-Lambertian leaves, i.e., the incident photons
are reflected from, or transmitted though, the disc in a cosine distribu-
tion about its normal. Its scattering properties are parameterized in
terms of leaf transmittance, τL, and reflectance, rL. Their sum is the leaf
albedo, ω=τL+rL. The leaf normal distribution function for spherically
oriented leaves is gL(ΩL)=1. For non-spherically oriented leaf normal

Fig. 14. Correlation between DASFiso derived from field measurements (horizontal axis)
and Hyperion image (vertical axis) for 18 study sites. Here SZA = 41°, VZA = 13.8° and
RAA= 62.73°.

Fig. 15. Correlation between VFLA derived from field measurements (horizontal axis) and
Hyperion image (vertical axis) for 18 study sites. Here SZA=41°, VZA=13.8° and RAA=
62.73°.
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ΩL=(θL,φL), a trigonometrical representation of gL(ΩL) is used (Bunnik,
1978), i.e.,

gL ΩLð Þ ¼ 2
π

1þ a cosbθL
sinθL

& '
: ðA1Þ

This model includes planophile (a=1,b=2), erectophile
(a=−1,b=2), plagiophile (a=−1,b=4), extremophile
(a=1,b=4) and uniform (a=0) leaves.

Each disc is divided into n equal sub-areas s0=πr2/n, which repre-
sents smallest resolvable scale (Fig. 2b). The bi-Lambertian scattering
is simulated for each sub-area s0. The disc radius is expressed relative
to the canopy height H, i.e., r/H=α. We define the indicator function
χ(x,Ω) of gaps such that it is 1 if there is a free line of sight through
the canopy from the point x on a sub-area s0 in the direction Ω, and 0
otherwise (Stenberg, 2007). Since the canopy structure is treated as a
stochastic process, the gap distribution χ(x,Ω) is a stochastic function
of space. Its ensemble average value describes gap density per unit
solid angle per unit leaf area.

For each realization of canopy structure and a set of NΩ directions
distributed on a unit sphere, we count photons that recollide,
N′=∑x,Ω [1−χ(x,Ω)]∣Ω ∙ΩL(x)∣ and exit the canopy through gaps
along the direction Ω, M(Ω)=∑x χ(x,Ω)∣Ω ∙ΩL(x)∣. Realizations
of the total leaf semi-surface area, AT, their visible, AV(Ω),
shaded, Ash(Ω¬Ω0), and bi-directional sunlit, B(Ω&Ω0), areas were
estimated as AT= s0kn, AV(Ω)= s0∑x χ(x,Ω), Ash(Ω¬Ω0)=s0∑x

χ(x,Ω)(1−χ(x,Ω0)), and B(Ω&Ω0)=s0∑x χ(x,Ω)χ(x,Ω0). Ensemble
average values of these random variables were assigned to the
recollision, piso= ⟨N′⟩/⟨AT⟩ and escape 2ρiso(Ω)= ⟨M(Ω)⟩/⟨AT⟩
probabilities, VFLA(Ω)= ⟨AV(Ω)⟩/⟨AT⟩, VFLAsh(Ω¬Ω0)= ⟨Ash(Ω)⟩/⟨AT⟩,
BSFLA(Ω&Ω0)= ⟨B(Ω&Ω0)⟩/⟨AT⟩, and i0(Ω)= ⟨M(Ω)⟩/(Sμ). Here ⟨∙⟩ des-
ignates ensemble averaging, i.e., over all realizations of canopy structure
in V. The correlation coefficient of VFLA(Ω) and SFLA=VFLA(Ω0) was
calculated as

hiso Ω;Ω0ð Þ ¼ BSFLA Ω&Ω0ð Þ−VFLA Ωð ÞVFLA Ω0ð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
VFLA Ωð Þ−VFLA2 Ωð Þ
h i

VFLA Ω0ð Þ−VFLA2 Ω0ð Þ
h ir ðA2Þ

From simulations, the joint probability VFLAsh(Ω¬Ω0) was found to
be equal to [1−hiso(Ω;Ω0)]VFLA(Ω)(1−VFLA(Ω0)), as expected. We
introduce a fraction of shaded leaves visible outside the canopy along
a given direction −Ω as the conditional probability of seeing a shaded
leaf under the condition that the leaf area does not belong to the canopy
boundary, i.e VFLAsh(Ω;Ω0)=VFLAsh(Ω¬Ω0)/(1−VFLA(Ω0))=
(1−h(Ω;Ω0))VFLA(Ω).

The joint probability that a photon scattered by theboundary and es-
cape the vegetation was calculated as ⟨∑r χ(x,Ω)χ(x,Ω0)|Ω ∙ΩL(x)|| -
Ω0 ∙ΩL(x)| ⟩/⟨AT⟩. From simulations, this probability was found to be
equal to BSFLA(Ω&Ω0)Γ(Ω0→Ω)/G(Ω0), as expected, where G and Γ
are the geometry factor and area scattering phase function, respectively
(Ross, 1981). The conditional probability density by which a photon
scattered by the boundary will escape the vegetation in the direction
Ω is jiso(Ω;Ω0)=Γ(Ω0→Ω)/G(Ω0). It describes number of canopy leav-
ing photons per unit sunlit area (i.e., per unit boundary area). The es-
cape probability, ρb,iso(Ω;Ω0), for the stochastic model with the
boundary in the direction Ω0 can therefore be represented as ρb,iso(Ω;-
Ω0)=(1−hiso(Ω;Ω0))ρiso(Ω)+ jiso(Ω;Ω0)hiso(Ω;Ω0). Solving this
equation for hiso one obtains

hiso Ω;Ω0ð Þ ¼
ρb;iso Ω;Ω0ð Þ−ρiso Ωð Þ
jiso Ω;Ω0ð Þ−ρiso Ωð Þ ðA3Þ

We use this equation to evaluate the correlation coefficient from so-
lutions of the stochastic radiative transfer equations as detailed in
Appendix B.2.

Appendix B. Stochastic radiative transfer equations

B.1. Ensemble average intensity and its second moment

Let a stochastic canopy resided in the layer 0≤z≤H be subjected to a
monodirectioanl beam in the directionΩ0=(θ0,φ0) of intensity L0. Ver-
tical profiles of the horizontal average intensity, I(z,Ω), and its second
moment, the mean intensity incident on the leaf surface, U(z,Ω), at
depth z satisfy a system of stochastic equations (Huang et al., 2008).
The vertical profiles, L0I0(z)δ(Ω−Ω0) and L0U0(z)δ(Ω−Ω0), of the
uncollided (direct) intensities in the direction Ω0 are solutions of the
following equations,

I0 zð Þ þ σ Ω0ð Þ
μ0

Zz

0

a ξð ÞU0 ξð Þdξ¼ 1; ðB1aÞ

U0 zð Þ þ σ Ω0ð Þ
μ0

Zz

0

K z;ξ;Ω0ð ÞU0 ξð Þdξ¼ 1: ðB1bÞ

Here μ0=cosθ0; σ(Ω) denotes the extinction coefficient; a(ξ) is the
probability offinding a foliated point at depthξ, andK(z,ξ,Ω) represents
the conditional pair-correlation function, i.e., a(z)K(z,ξ,Ω) is the proba-
bility of finding simultaneously foliated points at depths z andξalong a
given direction Ω (Huang et al., 2008 Vainikko, 1973). The conditional
pair-correlation function describes spatial correlation between
phytoelements, e.g., clumping of leaves into branches, branches into
crowns, etc. If leaves are not spatially correlated (K=a(ξ)), Eqs. (B1a)
and (B1b) coincide and their solutions are the Beer-Lambert law. Equa-
tions for diffuse components and variousmodels of a andK can be found
in Huang et al. (2008).

Solution of Eqs. (B1a) and (B1b) at the canopy bottom, z= H, is the
canopy directional uncollided transmittance in the direction Ω0. This
variable can be estimated from measurements of downward fluxes
below and above the canopy using the LAI-2000 plant analyzer
(Rautiainen et al., 2009 Rautiainen and Stenberg, 2015 Stenberg,
2007). The canopy interceptance is then i0(Ω0)=1− I0(H).

Themean irradiance on leaf sides, F, and source function, S, are given
by

F ¼
ZH

0

Z

4π

σ Ωð Þa zð ÞU z;Ωð ÞdzdΩ; ðB2Þ

S z;Ωð Þ ¼ 1
π

Z

4π

P Ω0→Ω
( )

σ Ω0( )
U z;Ω0( )

dΩ0 ðB3Þ

where P(Ω′→Ω)=Γ(Ω′→Ω)/G(Ω′). We use the stochastic radiative
transfer equations to simulate BRF of vegetated surface. The method of
successive orders of scattering approximation was used to numerically
solve the system for the diffuse components as well as to estimate
terms in Neumann series (Eq. (5)).

B.2. Correlation coefficient

The radiative transfer equation is formulated for interior points in
the domain in which the radiative transfer process occurs. The shaded
leaves represent the interior points. To exclude the stochastic boundary
from the domain the leaf area volume density is represented as uL[1−-
cHS(Ω;Ω0)] where cHS is a hot spot parameter that accounts for the sta-
tistical dependency of seeing gaps in the direction Ω from the sunlit
areas of leaves. We followed (Kuusk, 1991) techniques to evaluate this
parameter. The escape probability density, ρ(Ω;Ω0), derived from solu-
tions of the boundary value problem for the radiative transfer equation
accounts for both photons scattered by shaded and sunlit leaf areas. If
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cHS is set to zero the corresponding escape probability density, ρ0(Ω),
quantifies the escape event due to photon interactions with shaded
leaves. In this case the equation acts in much the same way as we esti-
mate the probabilities in Section 2.1, i.e., it assumes that there are no
points on leaf surfaces from which photons can escape the vegetation
with unit probability. The correlation coefficient h can be estimated
from Eq. (A3) in which ρ(Ω;Ω0) and ρ0(Ω) are used in place of ρb, -
iso(Ω;Ω0) and ρiso(Ω). Its specification requires to solve the stochastic
equations two times, first with an actual cHS to get ρb(Ω;Ω0), and then
with cHS set to zero in order to obtain ρ0(Ω).

Appendix C. Estimation of average escape and recollision
probabilities

It follows from Eq. (10) that the ratio BRFλ(Ω; Ω0)/ωλ is linearly re-
lated to BRFλ(Ω; Ω0) where slope and intercept give pA and ρA(Ω; -
Ω0)i0(Ω0). We use this obvious property to specify the average
recollision and escape probabilities as follows: solve stochastic radiative
transfer equations for several values of leaf albedo first and then specify
slope and intercept from the BRFλ(Ω;Ω0)/ωλ vs. BRFλ(Ω;Ω0) linear re-
lationship. The slope is the average recollision probability. The average
escape probability is the ratio between the intercept and i0(Ω0). The es-
cape probability can be decomposed into contributions from shaded
and sunlit leaves as described in Sect. B2.

Appendix D. Retrieving DASF from hyperspectral BRF

The algorithm for the estimation of DASF from the BRF spectrum in
the 710 to 790 nm interval uses the transformed reference leaf albedo
ϖ0λ, which is related to the sensor-adjusted leaf albedo, ωs,λ, as
(Knyazikhin et al., 2013)

ωs;λ ¼ 1−pL
1−ϖ0λpL

ϖ0λiL; ðD1Þ

where pL is the wavelength independent within-leaf recollision proba-
bility, and iL represents the fraction of radiation scattered at the surface
of leaves. The latter is a wavelength-independent function of leaf sur-
face properties. The algorithm results in the following estimate of the
DASF (Knyazikhin et al., 2013),

DASF Ω;Ω0ð Þ ¼ ρA Ω;Ω0ð Þi0 Ω0ð Þ
1−pAiL

iL; ðD2Þ

where i0(Ω0), ρA(Ω;Ω0) and pA are the canopy interceptance, average
escape and recollision probabilities. The retrieved DASF should be nor-
malized by (1−pA)iL/(1−pAiL) to obtain its LUT counterpart. Site spe-
cific values of iL can be found from measured spectra of leaf albedo
(Latorre-Carmona et al., 2014 Schull et al., 2011 Vanhatalo et al.,
2014). We followed the methodology documented in Schull et al.
(2011).
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Abstract: As the latest version of Moderate Resolution Imaging Spectroradiometer (MODIS) Leaf
Area Index (LAI) and Fraction of Photosynthetically Active Radiation (FPAR) products, Collection 6
(C6) has been distributed since August 2015. This collection is evaluated in this two-part series with
the goal of assessing product accuracy, uncertainty and consistency with the previous version. In
this first paper, we compare C6 (MOD15A2H) with Collection 5 (C5) to check for consistency and
discuss the scale effects associated with changing spatial resolution between the two collections and
benefits from improvements to algorithm inputs. Compared with C5, C6 benefits from two improved
inputs: (1) L2G–lite surface reflectance at 500 m resolution in place of reflectance at 1 km resolution;
and (2) new multi-year land-cover product at 500 m resolution in place of the 1 km static land-cover
product. Global and seasonal comparison between C5 and C6 indicates good continuity and
consistency for all biome types. Moreover, inter-annual LAI anomalies at the regional scale from C5
and C6 agree well. The proportion of main radiative transfer algorithm retrievals in C6 increased
slightly in most biome types, notably including a 17% improvement in evergreen broadleaf forests.
With same biome input, the mean RMSE of LAI and FPAR between C5 and C6 at global scale are
0.29 and 0.091, respectively, but biome type disagreement worsens the consistency (LAI: 0.39, FPAR:
0.102). By quantifying the impact of input changes, we find that the improvements of both land-cover
and reflectance products improve LAI/FPAR products. Moreover, we find that spatial scale effects
due to a resolution change from 1 km to 500 m do not cause any significant differences.

Keywords: Leaf Area Index (LAI); Fraction of Photo-synthetically Active Radiation (FPAR); MODIS;
Collection 6; evaluation; consistency

1. Introduction

The launch of NASA’s Terra and Aqua satellites began a new era in remote sensing of Earth’s
atmosphere, oceans and land surface. On board these platforms, the MODerate resolution Imaging
Spectroradiometer (MODIS) instrument successfully started production and distribution of a variety of
products of Earth system parameters [1]. Among these parameters, Leaf Area Index (LAI) and Fraction
of Photosynthetically Active Radiation (0.4–0.7 µm) absorbed by vegetation (FPAR) play an important
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role in most global models of climate, hydrology, biogeochemistry, and ecosystem productivity by
characterizing vegetation canopy structure and energy absorption capacity [2,3].

To take full advantage of MODIS’s multi-angular and multi-spectral observation ability, a physical
algorithm based on Radiative Transfer (RT) was developed for generating MODIS LAI/FPAR products
(MOD15) [4,5]. The MODIS science team aims to provide users with better products by updating
product cohorts that are called collections. Since the launch of Terra in December 1999, MODIS land
data records have been reprocessed four times. Having stage one validation status, Collection 3
(C3) is the first release of MODIS LAI/FPAR products and covered the period of November 2000 to
December 2002. The product accuracy of this version has been estimated using ground measurements
obtained from some field campaigns [6]. Collection 4 (C4) covered the period from February 2000 to
December 2006 and benefited from the improved inputs and updated look-up-tables (LUTs) [7]. Aimed
at reducing the impact of environmental conditions and temporal compositing period, Collection 5
(C5) combined Terra- and Aqua-MODIS sensor data and generated four LAI/FPAR products from
February 2000 to present [8]. In addition, C5 used a static 8-biome land-cover map instead of previous
6-biome one. Algorithm refinements were carried out over all biomes but with a major focus on woody
vegetation for which a new stochastic RT model was utilized [9].

Collection 6 (C6) represents the latest version and contains the entire time series from
February 2000 to the present. This version has been released and distributed free of charge to
the public since August 2015 and is expected to benefit from improvements to upstream inputs
of the LAI/FPAR algorithm. Before being released, LAI and FPAR products should go through three
procedures—algorithm development, product analysis, and validation [8]. Since C6 inherits the same
algorithm from C5, we focus on the last two steps and document them in this two-paper series. Product
analysis includes assessment of algorithm performance, version consistency and product uncertainty
caused by errors in input data [6–8,10]. A check of the consistency between different versions of
products is a good way to make sure that there are no theoretical or artificial errors (bugs) in computing
code. Moreover, products users should be aware of the improvements in a new version. In this paper,
we compare C6 with C5 to check for consistency in terms of spatial distribution, seasonal variations,
inter-annual anomalies and spatial coverage. The impact on algorithm retrievals due to changes in
inputs is also investigated. Product validation includes direct validation using field measurements,
indirect validation using other related parameters such as climatic variables, and inter-comparison
with other existing products [11–14]. This part is described in the second paper.

This paper is organized as follows. Section 2 briefly reviews the MODIS LAI/FPAR algorithm
and documents improvements seen in C6. Section 3 details the consistency between C6 and C5 along
four fronts. Section 4 demonstrates the benefits from improved land-cover and reflectance products
that are inputs to the algorithm. A simulation experiment about scale effects is also presented in this
section. Concluding remarks are presented in Section 5.

2. MODIS LAI/FPAR Products

2.1. Algorithm Theoretical Description

The operational MODIS LAI/FPAR algorithm consists of a main algorithm that is based on the
three-dimensional radiative transfer (3D RT) equation. By describing the photon transfer process, this
algorithm links surface spectral bi-directional reflectance factors (BRFs) to both structural and spectral
parameters of the vegetation canopy and soil [15,16]. Given atmosphere-corrected BRFs and their
uncertainties, the algorithm finds candidates of LAI and FPAR by comparing observed and modeled
BRFs that are stored in biome type specific LUTs. All canopy/soil patterns for which observed and
modeled BRFs differ within biome-specified thresholds of uncertainties (e.g., 30% and 15% for red and
near-infrared bands, respectively, for forest biomes) are considered candidate solutions and the mean
values of LAI and FPAR from these solutions are reported as outputs. The law of energy conservation
and the theory of spectral invariance are two important features of this main algorithm. The detailed
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theoretical basis of the algorithm and implementation aspects are documented in references [1,5,17].
The main algorithm may fail to localize a solution if uncertainties of input BRFs are larger than
threshold values or due to deficiencies of the RT model that result in incorrect simulated BRFs. In such
case, a back-up empirical method based on relations between the Normalized Difference Vegetation
Index (NDVI) and LAI/FPAR [4,18] is utilized to output LAI/FPAR with relatively poor quality—this
is called the backup algorithm.

2.2. Algorithm Inputs

Theoretically, the MODIS algorithm can make use of multiple atmosphere-corrected BRFs and
their uncertainties. Currently, the MODIS algorithm only utilizes daily surface reflectance at red
(648 nm) and near-infrared (858 nm) bands because of high uncertainties in other bands [19]. The
uncertainty of input BRFs from the calibration and atmospheric correction process will propagate into
the products even if the science algorithm is sound. As critical information, reflectance uncertainties as
well as model uncertainties are incorporated to set the threshold of difference between observed and
modeled BRFs [5]. Another important input is the biome map, in which global vegetation is classified
into eight biomes with different canopy and soil patterns (Figure S1). The eight biomes are: (B1) grasses
and cereal crops; (B2) shrubs; (B3) broadleaf crops; (B4) savannas; (B5) evergreen broadleaf forests; (B6)
deciduous broadleaf forests; (B7) evergreen needleleaf forests and (B8) deciduous needleleaf forests.
With simplifying assumptions and standard constants (e.g., vegetation and soil optical properties)
which are assumed to vary with biome and soil types only, using a biome map as prior-knowledge can
reduce the number of unknowns of the “ill-posed” inverse problem [1,20].

2.3. Temporal Compositing and Quality Control

Figure 1 shows the flow of MODIS LAI/FPAR C6 production. The algorithm ingests MODIS daily
red and near-infrared (NIR) BRFs and a biome map to generate daily LAI/FPAR retrievals without
pre-quality-control on inputs. A temporal compositing approach is used to select the best retrievals
and generate 8-day or 4-day products from daily retrievals. The compositing algorithm is a two-step
scheme: (1) the retrievals are selected according to algorithm path: main algorithm retrievals have
the highest priority, and if none are available, back-up algorithm retrievals are selected; (2) the LAI
value is selected based on maximum FPAR value [8]. Compositing reduces the impact of day-to-day
artificial variations in surface reflectance that are due to cloud and residual atmospheric effects and it
is effective in removing contaminated retrievals. As well as LAI/FPAR values, MODIS products store
the corresponding quality control (QC) data layers and the users are advised to consult the quality
flags when using these products [7]. The key indicator of the quality of retrievals is the algorithm path,
which distinguishes the following five categories: (1) main algorithm without saturation; (2) main
algorithm with saturation; (3) back-up algorithm due to bad geometry; (4) back-up algorithm due to
other problems; and (5) not produced. In addition to algorithm path, the QC layer provides information
about presence of clouds, aerosols, and snow, inherited from input reflectance products.
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Figure 1. Algorithm flow of MODIS LAI/FPAR Collection 6 production. Four different global products
with different compositing (8-day or 4-day) periods and sensor platform combinations (Terra and/or
Aqua) are available.

2.4. Improvements of Collection 6

MODIS LAI/FPAR C6 uses the same science algorithm and LUTs as C5. However, this new
version can still benefit from improved inputs as discussed below. As the only two inputs, the
intermediate data at 1 km resolution of surface reflectances and biome map are replaced by their
500 m version, thus enabling the C6 LAI/FPAR products to have half-kilometer spatial resolution. The
significance of this upgrade is two-fold. First, downstream land surface models can benefit from this
finer resolution LAI/FPAR products. Second, the LAI/FPAR algorithm uses biome type classification
to reduce unknown parameters and each pixel is assumed to belong to only one biome type with
some pre-set structural and optical parameters. This assumption is more likely to be satisfied at
finer resolutions because of the higher heterogeneity in coarse pixels [21]. Moreover, the smaller
pixel ground coverage can reduce the scale gap between remote sensing pixels and ground point
measurements, which will reduce uncertainties and human labor during the process of products
validation using ground measurements [6,22].

The new version of publicly available MODIS daily surface reflectances (MOD09GA C6) is used
to replace the previous intermediate dataset (MODAGAGG) which was generated by aggregating
four MOD09GA C5 pixels [23]. This makes it possible for the community to test their own LAI/FPAR
algorithms and compare with MODIS products. Improved aerosol retrieval and correction algorithm
are employed in the generation of MOD09GA C6 dataset. Moreover, BRDF database is used to better
constrain the thresholds used in the snow/cloud detection algorithm. MODIS land-cover product C5
(as input for LAI/FPAR C6) is also reported to be significantly improved through algorithm refinement
and input data revise. Comparison of C5 land-cover with C4 (as input for LAI/FPAR C5) showed
substantial differences. Cross-validation accuracy assessment indicates an overall accuracy of 75%
in C5 land-cover product [24]. In addition, C6 LAI/FPAR replaced the static land-cover input with
new multi-year land-cover maps generated with three years of C5 land-cover data. Compared with
the previous static land-cover, this new biome type source has a three-year temporal resolution and
thus can capture the dynamic changes of biome types. According to previous experience [1,7], C6
LAI/FPAR products can benefit from the improved upstream reflectance and land-cover products [25].
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3. Consistency between C5 and C6 LAI/FPAR Products

Good consistency between different product versions creates confidence in LAI/FPAR data sets
in both product producers and users, while poor consistency such as large differences diverts attention
away from both of them. In this paper, we study the consistency between C5 and C6 along four fronts
as discussed below. Note that, except for Sections 3.1 and 3.4 we only focus on the retrievals from the
main algorithm.

3.1. Global Distribution

The spatial distribution of LAI and FPAR over the globe during two 8-day composite periods
in January and July in the year 2003 are shown in Figure 2a,d and Figure S2. For both LAI and
FPAR, there is no visually distinguishable difference between C5 and the new C6. The products from
two collections exhibit similar spatial patterns. FPAR shows a similar distribution pattern to LAI,
which can be explained by radiative transfer theory [1]. The LAI patterns closely coincide with the
biome type distribution (Figure S1)—high LAI over forests and low LAI over herbaceous vegetation.
As expected, tropical evergreen forests (e.g., amazon rain forests) have high LAI values (up to 7);
somewhat less green are the middle latitude broadleaf forests (e.g., eastern United States). Except
bare land and deserts, regions covered by grasses and shrubs generally have low LAI values. The
globe looks greener in boreal summer time because of ample illumination conditions over the northern
hemisphere, which has greater land surface.
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Figure 2. Global distribution of LAI/FPAR from January (17–24 January) and July (12–19 July) of 2003.
Panel (a–d) are color-coded maps of MODIS C6 and C5 LAI. Figure S2 shows FPAR. Area-equal
sinusoidal projection is used here; panels (e,f) show the latitudinal distribution of global LAI and FPAR,
respectively. The latitude interval is 0.1˝. In these plots, MODIS C6 and C5 use red and blue lines,
respectively. Solid and dashed lines depict January and July, respectively.

Figure 2e,f compare the zonal mean LAI and FPAR values from C5 and C6 in January and July. For
both LAI and FPAR, the profiles derived from C6 and C5 products match well at most latitude bands
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and show consistent latitudinal distribution of LAI and FPAR values. There are two obvious peaks in
the tropics (23˝N–23˝S) which can be explained by the dense vegetation coverage in the three tropical
rainforests (South America, Africa and Southeast Asia). As illumination is ample, there is no obvious
seasonal difference in these latitude bands. In the higher latitudes, the northern hemisphere shows
clear seasonal difference than the southern hemisphere. This is because the dominant biome types
in the southern hemisphere are savannas, shrubs and grasses that have smaller seasonal variations
than the forests that dominate the northern hemisphere [26] (see Figure S1). We also notice that C5
underestimates C6 in the bands 50˝N–55˝N and 63˝N–70˝N. This is caused by changes in input biome
type and will be further discussed in Section 4.1.

3.2. Spatial Coverage of Main Algorithm

As a key indicator of the quality of retrievals, the algorithm path of each pixel is stored in the
LAI/FPAR products. By comparing the retrieval rate of different algorithm paths at global scale, we
can evaluate the overall quality of the products from C5 and C6. The main algorithm outputs retrievals
at high precision in the case of low LAI and at moderate precision when LAI is high and surface
reflectance has low sensitivity to LAI. In the case of main algorithm failure, low-precision retrievals
are obtained from the empirical back-up algorithm. Figure 3a compares the biome-specific yearly and
globally averaged retrieval rate of different algorithm paths. C6 and C5 show similar patterns for all
biomes except biome 5 (evergreen broadleaf forests) and biome 7 (evergreen needleleaf forest). C6
shows 17% and 7% higher main algorithm retrieval rates than C5 for biomes 5 and 7, respectively. This
improvement is due to an updated biome map, which will be discussed in Section 4.1. As the main
algorithm has better performance than the backup algorithm, the success rate of the main algorithm
(Retrieval Index, RI) can be seen as a quality indicator. The RI of all biome types except biomes 5 and
7 is higher than 90%. Biomes 1 to 4 have the highest RI (more than 95%). The retrieval rate of main
algorithm without saturation is lowest in the case of evergreen broadleaf forests because of reflectance
saturation in dense canopies. This means the reflectances do not contain sufficient information to
localize a LAI value. The other three forest types also show a large proportion of retrievals under
saturation. Because evergreen needleleaf forests are located in the high latitude regions where the
solar zenith angles are low in winter season, biome 7 shows obvious backup algorithm retrievals that
are due to poor sun-sensor geometry. Nevertheless, C6 shows slightly higher RI than C5.
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Figure 3. Comparison of global retrieval rate of different algorithm paths (retrieval index) for eight
biome types. (a) Yearly and globally averaged (in 2003) retrieval rate of different algorithm paths.
Possible algorithm paths are (i) Main (Main algorithm without saturation); (ii) Main-S (Main algorithm
with saturation); (iii) BackUp-G (Backup algorithm because of bad sun-sensor geometry); (iv) BackUp-O
(Backup algorithm because of other reasons) and (v) Not Retrieved (not executed because BRF data are
not available). For each biome, the left bar is for C5 and right one is for C6; (b) Annual variation of
main algorithm spatial coverage in 2003 (upper plot is for C5 and lower plot is for C6). This statistic is
done after quality control using cloud and aerosol flags.
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The seasonal variations of RI in C5 and C6 for all eight biomes in 2003 shown in Figure 3b indicate
that the annual cycles of C6 and C5 are quite consistent. As in Figure 3a, the RI of biome 5 has been
improved from C5 to C6. A strong seasonality is seen in needleleaf forests (biomes 7 and 8) with RI
varying from about 90% during the boreal summer to less than 30% during the boreal winter. The RI
of deciduous needleleaf forests can even be zero in the boreal winter season. The decrease of RI in
the boreal winter results from unsuitable illumination conditions, extreme solar zenith angles, and
snow or cloud contamination. The fact that almost all needleleaf forests appear only in the northern
hemisphere makes the seasonal variation more obvious.

3.3. Seasonal LAI/FPAR Variations

Seasonal variations in C5 and C6 LAI/FPAR retrievals are shown in Figure 4 and Figure S3.
These lines show globally averaged biome-specific LAI/FPAR values as a function of Julian day
in 2003. This analysis only uses retrievals derived by the main algorithm. We note that C5 and
C6 products show good consistency of LAI/FPAR seasonal variations. All biome types except for
evergreen broadleaf forests and savannas show seasonality at different levels. The retrievals over
deciduous forests demonstrate expected obvious seasonality in both LAI and FPAR. LAI of deciduous
broadleaf forests (deciduous needleleaf forests) drops from around 5 (3) in boreal summer to around
0.5 (<0.5) in boreal winter. With ample illumination in tropics and subtropics, evergreen broadleaf
forests have LAI values of about 5 through the year with negligible seasonal variations. By checking
the seasonal variations of the algorithm path (see Figure S4), we find that the missing part in case
of deciduous needleleaf forests is due to unavailable retrievals from main algorithm because of bad
sun-sensor geometry (solar zenith angle larger than 52.5˝ or view zenith angle larger than 67.5˝).
Seasonal variations of algorithm path can also explain these erratic artifacts in LAI/FPAR variations
(e.g., the sudden drop at DOY 10 to 20 and the peak around DOY 200 for deciduous needleleaf forests
in Figure 4a).
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In this section, we check the consistency of 13 years (2002–2014) of LAI anomalies from C5 and 
C6. The importance of this work is two-fold. First, an LAI anomaly represents the difference between 
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Figure 4. Seasonal variations of globally averaged MODIS (a) LAI C5; (b) FPAR C5; (c) LAI C6;
and (d) FPAR C6 in 2003. Left panels show seasonal LAI trajectories over four different forest types
(evergreen broadleaf forest (B5), deciduous broadleaf forest (B6), evergreen needle leaf forest (B7)
and deciduous needle leaf forest (B8)). FPAR panels (right) show other four non-forest biome types
(grasses/cereal crops (B1), shrubs (B2), broadleaf crops (B3) and savannas (B4)). LAI of non-forest
biome types and FPAR of forest types are shown in Figure S3 for the sake of clarity.

3.4. Inter-Annual LAI Anomalies

In this section, we check the consistency of 13 years (2002–2014) of LAI anomalies from C5 and
C6. The importance of this work is two-fold. First, an LAI anomaly represents the difference between
LAI values of a specific year and the multi-year mean LAI value, from which we can deduce potential
annual variations in carbon, water and energy balances. Second, using independent geographic
variables to explain the annual variation of LAI is a good way to validate the products indirectly.
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The spatial and temporal averages of LAI anomalies from C5 and C6 during the period from
2002 to 2014 (2000 and 2001 were discarded because of missing data) are compared in Figure 5.
Panel (a) shows the anomaly of annual averaged LAI in two precipitation-limited regions (Eastern
Australia and Northeastern Brazil). For both regions, C5 and C6 LAI anomalies match very well. The
correlation coefficients between C5 and C6 in the two regions are 0.972 and 0.975, respectively. The
LAI in Northeastern Brazil shows a large decrease in 2012, which can be explained by the severe
drought in Northeast Brazil in that year [27]. Panel (b) shows anomaly of growing season (May to
September) averaged LAI in two temperature-limited regions (North America and Eurasia). Also
for these two regions, C5 and C6 show similar LAI annual variations. We note that the slopes of C6
are slightly higher than C5 in all these plots. This is because the improved sensor calibration of C6
solved the Terra MODIS sensor degradation issue in C5 [28]. A more detailed explanation for these
LAI inter-annual variations will be presented in the second part of this two-paper series.
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Figure 5. Comparison of anomalies of spatially averaged LAI values from C5 (blue solid lines) and C6
(red dashed lines). Panel (a) shows the anomaly of annual averaged LAI in two precipitation-limited
regions (Eastern Australia, 20˝S–40˝S, 145˝E–155˝E and Northeastern Brazil, 3˝S–12˝S, 35˝W–45˝W).
Panel (b) shows the anomaly of growing season (May to September) averaged LAI in two
temperature-limited high latitude (>60˝N) regions (North America and Eurasia). Correlation coefficient
(r) between the two MODIS collections and its significance (p) are given in each panel. Moreover,
slopes are provided as indicators of the trend of inter-annual LAI.

4. Benefits from Improved Input Data

From the above comparisons, we see there are no significant discrepancies between C5 and
C6 products in terms of global distribution, seasonal variations, inter-annual LAI anomalies and
spatial coverage of high quality retrievals. However, pixel-to-pixel comparison still shows differences
between C5 and C6 at the regional scale. As C6 inherits the algorithm and LUTs from C5 directly, the
improvements in input data and change of spatial resolution are the only two sources of LAI/FPAR
differences between the two versions. Here we investigate and quantify the impact of input changes
and the scale effect of the algorithm.

4.1. Benefits from Biome Map Improvement

As an important prior knowledge about the land surface, a biome map is utilized to reduce
the number of unknowns in the inverse problem of LAI/FPAR estimation. In the operational
algorithm, structurally and spectrally different parameterization in 3D RT is used for each biome type.
Specification of biome type for each pixel is thus critically important to choose the correct RT dependent
LUT for LAI/FPAR estimation. Errors in biome classification can therefore propagate into LAI/FPAR
retrievals. Numerical experiments suggest that a mismatch in biome specific LUT will result in either
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a low RI and/or incorrect LAI/FPAR values [1]. Conversely, increased biome accuracy will help to
reduce uncertainty in LAI/FPAR products. As LAI/FPAR production requires prior knowledge of
surface biome type, the biome input is generally based on an earlier version of land-cover product.
This means C4 and C5 land-cover products have been used for C5 and C6 LAI/FPAR production,
respectively. Biome input (based on C5 MODIS land-cover product) for C6 LAI/FPAR production is
reported to be substantially improved relative to the biome input (based on C4 MODIS land-cover
product) for C5 LAI/FPAR production in terms of accuracy, stability across years due to refinements
in the land-cover classification algorithm and ancillary datasets used [24].

Figure 6a shows the proportion of pixels derived from each biome type in the C6 biome map
for each class in the C5 biome type at the global scale during 2001 to 2003. Some biomes in C6, for
example biomes 1, 2, 4, 5 and 8, are relatively consistent with C5 (more than 70% consistency). Around
30% of the pixels labeled as biome 6 and biome 7 in C5 change to other biome types in C6. Compared
to other biomes, biome 3 has the largest proportion of differently classified biome cases. Around 50%
of biome 3 pixels in C5 are classified into biome 1 in C6. We note that most of the differently classified
pixels change to their neighboring biome types, which have similar canopy structural characteristics in
RT realization. For instance, most of the “changed” pixels in biome 3 (broadleaf crops) are labeled as
biome 1 (grass and cereal crop) in C6. This result agrees with [24].
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Figure 6. Impact of input biome map change on LAI/FPAR retrievals. (a) Areal proportion of globally
changed biome type from static C5 to dynamic C6 input biome type (2001–2003). Proportions of C6
biomes are calculated with respect to total area in each C5 biome type; (b) Histogram of the difference
between C5 and C6 LAI values in tile h11v04 (red box in Figure 7) during 12th–19th July of 2003. The
blue line and green line show consistent biome type and changing biome type, respectively; (c) Spatial
distribution of relative difference in LAI between C5 and C6 in tile h11v04 (dominant biome type is
broadleaf crops); (d) Spatial distribution of BTDF (biome type disagreement factor) showing how many
500 m C6 pixels in a 1 km C5 pixel are different with the C5 biome type.
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Figure 6b. The mean difference of all pixels with consistent biome type (about 27% of pixels) is −0.072, 
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Figure 8. Density scatter plots of land surface reflectance (BRFs) of red band (left panels) and NIR band
(right panels) of the two example tiles (a) and (b) are for tile h11v04; (c) and (d) are for h22v03 shown
as boxes in Figure 7.

To quantify the impact of biome type change on LAI retrievals, we investigate the tile
(1200 by 1200 km) h11v04 as an example as 53% of this region shows changes between C5 and
C6. We divide all pixels into two categories, pixels with consistent and changed biome types, and
compare the LAI differences. Histograms of the difference for these two categories and for all pixels
are shown in Figure 6b. The mean difference of all pixels with consistent biome type (about 27% of
pixels) is ´0.072, which is obviously smaller than that of all pixels with changing biome types (0.968).
The mean difference of all pixels in this tile is 0.475. Such biased patterns are depicted in Figure 6c,d.
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For further investigation, we define the biome type disagreement factor (BTDF) as the proportion
of pixels with changing biome type. As four 500 m C6 pixels compose a 1 km C5 biome type, this
factor can be 0, 1/4, 1/2, 3/4 or 1. It can be seen that when there is no biome type change, the relative
difference in LAI will be within ˘5%. This can be as high as ˘100% in pixels with changing biome
type. In particular, note that the directionality of observed difference is not uniform across cases of
biome change.

The mean value and standard deviation of the difference and RMSE between C5 and C6 LAI are
listed in Table 1 (Table S1 shows the same for FPAR). When the biome type disagreement factor is small
(0/4 or 1/4), C6 retrievals underestimate C5 for most biome type cases. Interestingly, the discrepancy
between C5 and C6 gets larger with increasing biome type disagreement factor. With the same biome
input (BTDF = 0/4), the mean RMSE of LAI and FPAR are 0.29 and 0.091, respectively, but biome type
disagreement worsened the consistency (LAI: 0.39, FPAR: 0.102). Overall C6 estimates global LAI and
FPAR by C5-0.01 and C5-0.004, respectively.

Table 1. Biome specific differences between C5 and C6 LAI at the global scale in 2003. Mean value and
standard deviation of the difference and RMSE (values in brackets) between C5 and C6 (C6 minus C5)
are listed in the table.

Biome Type BTDF = 0/4 BTDF = 1/4 BTDF = 2/4 BTDF = 3/4 BTDF = 4/4

Grasses/Cereal
crops (B1)

0.00 ˘ 0.24
(0.24)

´0.01 ˘ 0.30
(0.30)

0.01 ˘ 0.33
(0.33)

0.02 ˘ 0.39
(0.39)

0.08 ˘ 0.43
(0.44)

Shrubs (B2) ´0.01 ˘ 0.15
(0.15)

0.02 ˘ 0.21
(0.21)

0.04 ˘ 0.24
(0.24)

0.06 ˘ 0.25
(0.25)

0.05 ˘ 0.23
(0.24)

Broadleaf crops (B3) ´0.02 ˘ 0.22
(0.22)

0.11 ˘ 0.23
(0.25)

0.21 ˘ 0.28
(0.35)

0.31 ˘ 0.35
(0.46)

0.42 ˘ 0.40
(0.57)

Savanna (B4) 0.00 ˘ 0.26
(0.26)

´0.04 ˘ 0.30
(0.30)

´0.07 ˘ 0.36
(0.37)

´0.11 ˘ 0.42
(0.43)

´0.16 ˘ 0.40
(0.43)

1 EBF (B5) ´0.08 ˘ 0.62
(0.63)

´0.45 ˘ 0.65
(0.79)

´0.88 ˘ 0.71
(1.12)

´1.32 ˘ 0.82
(1.55)

´1.71 ˘ 1.00
(1.98)

2 DBF (B6) ´0.09 ˘ 0.48
(0.49)

´0.01 ˘ 0.48
(0.48)

0.05 ˘ 0.52
(0.52)

0.10 ˘ 0.58
(0.58)

0.03 ˘ 0.52
(0.52)

3 ENF (B7) ´0.17 ˘ 0.51
(0.54)

´0.23 ˘ 0.50
(0.55)

´0.31 ˘ 0.54
(0.62)

´0.40 ˘ 0.60
(0.72)

´0.45 ˘ 0.73
(0.85)

4 DNF (B8) ´0.19 ˘ 0.57
(0.60)

´0.26 ˘ 0.56
(0.62)

´0.38 ˘ 0.61
(0.72)

´0.49 ˘ 0.68
(0.84)

´0.58 ˘ 0.82
(1.00)

Mean ´0.02 ˘ 0.29
(0.29)

´0.03 ˘ 0.33
(0.33)

´0.02 ˘ 0.40
(0.40)

´0.02 ˘ 0.50
(0.50)

0.02 ˘ 0.60
(0.60)

Overall ´0.01 ˘ 0.39 (0.39)
1 Evergreen broadleaf forest; 2 Deciduous broadleaf forest; 3 Evergreen needleleaf forest; 4 Deciduous
needleleaf forest.

4.2. Benefits from Surface Reflectance Improvement

To elucidate the impact of changes in input surface reflectance, we only focus on pixels with
consistent biome type (BTDF = 0). Between Table 1 and Table S1, we can see that C6 LAI and FPAR
values of all biomes, except biomes 1 and 4 for LAI and biome 4 for FPAR, are smaller than C5.
Figure 7a,b shows the global distribution of relative difference (100 ˆ (C6-C5)/C5) of LAI and FPAR.
h11v04 (red box) and h22v03 (blue box) are two example tiles showing lower and higher C6 LAI
estimation cases, respectively. As expected, both LAI and FPAR display similar spatial patterns. By
only considering biome input consistent pixels, differences in LAI and FPAR between C5 and C6
vary within ˘15%. Possible explanations for this discrepancy are two-fold: surface reflectance input
changes and scale effect of the algorithm, further discussed below.

Comparisons of reflectance between C5 and C6 are shown in Figure 8. Panels (a) and (b) are for
tile h11v04 (Figure 7) in which C6 underestimates C5. Panels (c) and (d) are for tile h22v03 (Figure 7) in
which C6 overestimates C5. In both tiles, NIR (near-infrared) band reflectance shows good consistency
between the two versions. However, the red band reflectances in C6 are relatively higher than in
C5, especially at the lower range of reflectances. As leaves in the canopy absorb more red photons,
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higher red reflectances will lead to lower LAI retrievals. These changes in reflectances resulted from
refinements to the atmospheric correction algorithm. The overestimation in C6 over the tile h22v03
could be explained by the scale effects which are discussed below.

4.3. Impact of Scale Effect

With the development of quantitative remote sensing, scale effects, as a common phenomenon,
have attracted more and more attention from the community. The term “scale” is widely used in many
other fields as with as remote sensing and has different meanings in various disciplines [29]. In this
paper, scale effects refer to the discrepancy between two products derived from the same algorithm but
at different spatial resolutions. As mentioned above, MODIS LAI/FPAR products improved the spatial
resolution from 1 km to 500 m using the same retrieval algorithm, which raises two questions: (1) what
is the behavior of the scale effect in LAI/FPAR product and algorithm and (2) is the difference caused
by the scale effect negligible? Figure 9 theoretically demonstrates the relationship between the two LAI
products (C5 and C6). The discrepancy between LAI1 and LAI2 is caused by both heterogeneity of
land surface and nonlinear characteristics of the retrieval models [29]. On the one hand, landscape
homogeneity cannot be assumed especially in the case of a coarser spatial resolution footprint. In
other words, a MODIS pixel should be considered as a mosaic of different biome types. On the other
hand, the radiative transfer-based algorithm is scale-dependent [1]. This is because the pixels are
likely to contain an increasing amount of radiative contribution from the background [30]. Thus, the
MODIS LAI/FPAR products are scale-dependent and the scale effect could be one of the causal factors
introducing a certain level of discrepancy between C5 and C6.
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To understand the discrepancy between C5 and C6 products due to scale effects, we conducted
a simulation experiment using biome 6 (deciduous broadleaf forests) as an example. Note that the
simulation results will not be similar across biome types due to biome-specific RT parameterizations.
Only retrievals from the main RT based algorithm were analyzed. We simulated the heterogeneity
in one 1 km (C5) pixel by adding 5% or 15% bias on NIR reflectance (red reflectance is fixed) for
four 500 m (C6) pixels. Figure 10 shows the results of this experiment. The LAI values for C5 were
selected along the black line in the red-NIR spectral space depicted in Figure 10a. It is clear that the
relationship between LAI and reflectance is nonlinear. Moreover, there is a clear division between
the saturated and unsaturated parts. This is more obvious in Figure 10b where both LAI and FPAR
show an inflection point when saturation appears. Irrespective of saturation, the relationship between
LAI and NIR reflectance is roughly a concave function. In this relationship, if reflectance SR2 is the
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mean value of SR1 and SR3, the LAI (SR2) is smaller than the mean value of LAI (SR1) and LAI (SR3).
Before saturation, the relationship between FPAR and NIR reflectance is almost linear. When saturation
appears, the relationship changes to a concave function as well. The short parallel lines at small LAI
and FPAR indicate that LAI or FPAR does not vary with NIR reflectance. This is because of sparse
distribution of retrievals in the LUT at low LAI values [31].Remote Sens. 2016, 8, 359 13 of 16 
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Figure 10. Scale effect of MODIS LAI/FPAR main algorithm. Biome 6 (deciduous broadleaf forests)
is used as an example here. The solar zenith angle is fixed at 30˝ and the view direction is nadir.
(a) Distribution of LAI values derived from the main RT based algorithm in the Red-NIR spectral
space. Equally spaced LAI values along the vertical black line (red = 0.025) are selected as experimental
retrievals from C5 (LAIc5). The corresponding reflectances of C5 are REDc5 and NIRc5. Let the red
reflectance of all the four C6 pixels (REDc6) be equal to REDc5. To satisfy the energy conservation law,
we add a positive bias to NIRc5 to obtain NIRc6_1 for two C6 pixels and add a negative bias to NIRc5 to
obtain NIRc6_2 for the two left C6 pixels. Thus, four C6 LAIs can be derived using REDc6 and NIRc6;
(b) Denotes the variations of LAI (black points) and FPAR (blue points) with NIR reflectance along the
black line in (a). Retrievals with and without saturation are separated by a red line; (c,d) demonstrate
the discrepancy in LAI and FPAR caused by scale effects, respectively. 5% and 15% bias are shown in
blue and red. The saturation index (SI) for different LAI (FPAR) values is also plotted in the figures.

The discrepancy in LAI and FPAR due to scale effects is demonstrated in Figure 10c,d. The x-axis
and y-axis can be seen as C5 products and C6 products, respectively. The four retrievals of C6 pixels
can be partially and completely derived from unsaturated or saturated algorithmic conditions because
of the bias in NIR reflectance. We define the Saturation Index (SI) as the proportion of unsaturated
pixels. When SI equals 0% (all retrievals from the unsaturated part), there is no obvious difference
between C5 and C6 LAI values at a low range of LAI values. However, C6 LAI tends to be higher
than C5 with an increase in LAI. When SI is about 50% (two retrievals from unsaturated and the other
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two from saturated part), C6 LAI tends to be smaller than C5. When SI equals 100%, C6 LAI increases
again. These changes can be explained by the relationship between LAI and NIR reflectance shown
in Figure 10b. As expected, a 15% bias causes a larger scale effect than a 5% bias (RMSE 0.4 vs. 0.18).
Compared to LAI, FPAR shows less and even negligible scale effects with RMSE 0.01 and 0.03 for 5%
and 15% bias. This is because the FPAR-reflectance relationship is almost linear, especially prior to
saturation conditions. Because of the regional convex relationship when saturation starts to appear, C6
can be lower than C5.

5. Conclusions

This paper presents version consistency and improvements in the latest MODIS LAI/FPAR C6
product. Compared to previous C5, the most important change in C6 is that the products are being
produced at 500 m spatial resolution instead of 1 km. In addition, as discussed here, C6 benefited from
improved surface reflectances and biome type inputs. The refined C6 atmospheric correction algorithm
generates relatively higher red band reflectances, which results in lower LAI/FPAR values. The new
multi-year land-cover product provides biome type input to the algorithm with better accuracy. The
differences caused by scale effects are found to be negligible for FPAR and in cases where LAI is low.
Scale effects can explain some of the discrepancy between 1 km C5 and 500 m C6 products, especially
for cases of high LAI values. In view of these changes in inputs and spatial resolution, a consistency
check of C6 products with C5 was performed in terms of global distributions, spatial coverage of
high quality retrievals, seasonal variations and inter-annual LAI anomalies. From these analyses, we
found no significant discrepancies between C5 and C6 LAI/FPAR products. The proportion of main
radiative transfer algorithm retrievals in C6 increases slightly in most biome types, notably including
17% improvement in evergreen broadleaf forests. With the same biome input, the mean RMSEs of LAI
and FPAR are 0.29 and 0.091, respectively, but biome type disagreement worsens the consistency (LAI:
0.39, FPAR: 0.102). Overall C6 estimates global LAI and FPAR by C5-0.01 and C5-0.004. Moreover,
C5 and C6 shows consistent inter-annual LAI anomalies over two temperature-limited regions and
two precipitation-limited regions. These results produce confidence in the new C6 products. Further
evaluation of MODIS LAI/FPAR C6 products through validation using field measurements and
inter-comparison with other exiting products will be presented in the second part of this series.

Supplementary Materials: The following are available online at www.mdpi.com/2072-4292/8/5/359, Figure S1:
Three-year global 500 m eight-biome map used for MODIS LAI/FPAR C6 products from 2001 to 2003; Figure S2:
Color-coded maps of MODIS C5 and C6 FPAR for January (17th–24th January) and July (12th–19th July) of 2003;
Figure S3: Seasonal variations of globally averaged MODIS LAI and FPAR from C5 and C6 in 2003; Figure S4:
Seasonal variations of algorithm path of C5 and C6 in 2003; Table S1: Biome type specific differences between C5
and C6 FPAR for global scale in 2003.
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The following abbreviations are used in this manuscript:

MODIS Moderate Resolution Imaging Spectroradiometer
LAI Leaf Area Index
FPAR Fraction of Photosynthetically Active Radiation
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C3 Collection 3
C4 Collection 4
C5 Collection 5
C6 Collection 6
RT Radiative Transfer
LUT Look-Up-Table
BRF Bi-directional Reflectance Factors
NDVI Normalized Difference Vegetation Index
QC Quality Control
BTDF Biome Type Disagreement Factor
RI Retrieval Index
SI Saturation Index
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Abstract: The aim of this paper is to assess the latest version of the MODIS LAI/FPAR product
(MOD15A2H), namely Collection 6 (C6). We comprehensively evaluate this product through three
approaches: validation with field measurements, intercomparison with other LAI/FPAR products
and comparison with climate variables. Comparisons between ground measurements and C6,
as well as C5 LAI/FPAR indicate: (1) MODIS LAI is closer to true LAI than effective LAI; (2) the
C6 product is considerably better than C5 with RMSE decreasing from 0.80 down to 0.66; (3) both
C5 and C6 products overestimate FPAR over sparsely-vegetated areas. Intercomparisons with
three existing global LAI/FPAR products (GLASS, CYCLOPES and GEOV1) are carried out at site,
continental and global scales. MODIS and GLASS (CYCLOPES and GEOV1) agree better with
each other. This is expected because the surface reflectances, from which these products were
derived, were obtained from the same instrument. Considering all biome types, the RMSE of
LAI (FPAR) derived from any two products ranges between 0.36 (0.05) and 0.56 (0.09). Temporal
comparisons over seven sites for the 2001–2004 period indicate that all products properly capture the
seasonality in different biomes, except evergreen broadleaf forests, where infrequent observations
due to cloud contamination induce unrealistic variations. Thirteen years of C6 LAI, temperature
and precipitation time series data are used to assess the degree of correspondence between their
variations. The statistically-significant associations between C6 LAI and climate variables indicate
that C6 LAI has the potential to provide reliable biophysical information about the land surface when
diagnosing climate-driven vegetation responses.

Keywords: Leaf Area Index (LAI); Fraction of Photosynthetically-Active Radiation (FPAR); MODIS;
Collection 6; evaluation; validation; intercomparison

1. Introduction

The Leaf Area Index (LAI) and Fraction of Photosynthetically-Active Radiation absorbed by
vegetation (FPAR) are two key biophysical variables required by most global models of climate,
ecosystem productivity, biogeochemistry, hydrology and ecology [1]. Satellite remote sensing is
the most effective way of collecting these variables at a large scale over a long period of time on
a regular basis [2]. The MODerate resolution Imaging Spectroradiometer (MODIS) instruments on
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board NASA’s Terra and Aqua platforms are designed for monitoring the Earth’s atmosphere, ocean
and land surface and started operational production and distribution of the LAI/FPAR products
from 2000. These datasets are widely used as inputs for land surface models and as training data for
neural-network-based LAI/FPAR products, such as GLASS and GEOV1 [3,4]. During the past sixteen
years, the MODIS science team aimed to provide users with better products by updating product
cohorts, which are called collections. Collection 6 (C6) represents the latest such cohort and contains
the entire time series from February 2000 to the present. C6 was released and distributed free of charge
to the public from August 2015 and is expected to benefit from improvements of the input data [5].

It is critical to understand the accuracy of the product in order to effectively use LAI/FPAR in
land surface models [6–11]. There are several schemes to evaluate remote sensing products, including
direct validation, intercomparison and other indirect approaches. Many evaluation efforts for previous
collections of MODIS LAI/FPAR products can be found in the literature from both the MODIS
science team and interested users [9–13]. Special attention has been paid to the accuracy of the
estimates, improvements in a new version and consistency with other global products. Collection 5
(C5) products were found to benefit from refinements of algorithm and input data [9]. Intercomparisons
with other global products suggested that C5 products are reliable and consistent [8,11]. The main
drawbacks of C5 LAI/FPAR were reported to be unrealistically strong temporal variability and
systematic overestimation of FPAR over sparsely-vegetated areas [8].

The recently released C6 products have not been validated with ground measurements or
compared to existing global products. Thus, it is critical to evaluate the new products, as users
are advised to switch to C6. In this context, the primary objectives of this paper are to evaluate the
MODIS LAI/FPAR C6 products and to investigate the differences between MODIS products and other
global products. This is achieved comprehensively through three approaches: (1) direct validation
with ground measurements; (2) intercomparison with GLASS, CYCLOPES and GEOV1 products; and
(3) comparison with climate variables.

This paper is organized as follows. Section 2 provides a general description of the datasets used
in this study, including global LAI/FPAR products, validation sites and time series of climate variables.
Section 3 details three approaches used for validating and intercomparing the LAI/FPAR products.
Results and discussion from the various evaluation analyses are documented in Section 4. Concluding
remarks are presented in Section 5.

2. Datasets

2.1. Global LAI/FPAR Products

In this section, the main characteristics of the remotely-sensed global LAI/FPAR products under
study are described. A brief summary of these characteristics is given in Table 1.

2.1.1. MODIS LAI/FPAR

As described in [2,14], the main algorithm generating the MODIS LAI/FPAR products is based on
a three-Dimensional Radiative Transfer (3D RT) model in which atmospherically-corrected reflectances
observed by the MODIS instrument and a biome map are used to generate the retrievals. Given daily
land surface Bi-directional Reflectance Factors (BRFs) and their uncertainties, the algorithm finds
the best LAI and FPAR estimates from biome-specific Look-Up-Tables (LUTs). A back-up empirical
method based on the relationships between the Normalized Difference Vegetation Index (NDVI) and
LAI/FPAR are utilized to produce estimates with relatively poor quality. LAI and FPAR are produced
daily. The LAI value corresponding to the maximum FPAR is selected over the four-day or eight-day
compositing period. Vegetation clumping is accounted for at the plant and canopy scales through the
model. Therefore, the LAI corresponds to true LAI in all biomes. However, in the case of needle-leaf
forest, shoot clumping is not accounted for. The FPAR is defined as the instantaneous black-sky value
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at the time of the Terra overpass (10:30 a.m.). MODIS products store the corresponding Quality Control
(QC) data layers, and the users are advised to consult the quality flags when using these products.

C6 represents the latest version of MODIS LAI/FPAR [5]. The most important change in C6
is that products are being produced at 500-m spatial resolution instead of 1 km, as in C5. A new
version of MODIS surface reflectances (MOD09GA C6) is used to replace the previous used 1-km
intermediate dataset (MODAGAGG). C6 also replaces the 1-km static land cover input with new
multi-year land cover maps at 500-m resolution. From a consistency check of C6 with C5 [5], there are
no significant discrepancies between the two collections in terms of global distributions, seasonal
variations, interannual LAI anomalies and the spatial coverage of high quality retrievals. A simulation
experiment suggested that the differences caused by scale effects are negligible for FPAR and low
in the case of LAI [5]. In this study, we only use data from Terra (MOD) instead of Aqua (MYD) or
the combined product (MCD) for three reasons: (1) the earlier overpass time of Terra results in more
successful retrievals due to low cloud contamination; (2) the GLASS, CYCLOPES and GEOV1 products
have a similar acquisition time s Terra; and (3) the GLASS and GEOV1 products have partly been
based on MODIS LAI/FPAR from the Terra-MODIS sensor [15].

Table 1. Global LAI/FPAR products investigated in this study. GSD, LUT, RT, GRNN, ANN, tLAI
and eLAI stand for “Ground Sampling Distance”, “Look-Up Table”, “Radiative Transfer”, “General
Regression Neural Network”, “Artificial Neural Network”, “true LAI” and “effective LAI”, respectively.

Product GSD Frequency Projection Sensor Main Algorithm LAI Type Ref.

MODIS
C5 1 km 8-day SIN 4 MODIS LUT based on 3D RT tLAI [2,14]

MODIS
C6 500 m 8-day SIN MODIS LUT based on 3D RT tLAI [5]

GLASS 1

V03
1 km 8-day SIN MODIS GRNN trained with

CYC * and MOD 5 tLAI [3,16]

CYC 2

V3.1
1/112˝ 10-day Plate

Carrée VGT ANN trained with
1D RT eLAI [17,18]

GEOV1 3

V1.3
1/112˝ 10-day Plate

Carrée VGT ANN trained with
CYC and MOD

Fused
with tLAI
and eLAI

[4,8]

1 MODIS period; 2 CYCLOPES; 3 VGT period; 4 Sinusoidal; 5 clumping-corrected CYCLOPES, "MOD" stands
for "MODIS"; * stands for "CYCLOPES".

2.1.2. CYCLOPES LAI/FPAR

The CYCLOPES LAI/FPAR product (http://postel.mediasfrance.org) was produced with data
from the SPOT-VGT sensor at 1/112˝ (about 1 km at the Equator) spatial resolution and a 10-day
temporal resolution, in a Plate Carrée projection, for the period 1999–2007 [17,18]. The algorithm
used the red, near-infrared and short-wave infrared reflectances, which had been normalized to a
standard geometry. LAI and FPAR were estimated using a neural network trained from simulations
from a coupled leaf and canopy radiative transfer model (PROSAIL [19]) without using land cover
input. Clumping at the plant and canopy scales was not represented in the algorithm, but landscape
clumping was represented by considering mixed pixels made of a fraction of pure vegetation and a
complement fraction of pure bare soil. Therefore, the LAI corresponds to effective LAI rather than true
LAI. The FPAR is defined as the instantaneous black-sky FPAR at 10:00 a.m., referring only to the green
elements. The CYCLOPES product was provided with the corresponding error estimate and a quality
flag. The early saturation of LAI was reported as the main drawback of the CYCLOPES product [8].

2.1.3. GLASS LAI

The Global Land Surface Satellite (GLASS) LAI dataset was generated and released by Beijing
Normal University (http://www.bnu-datacenter.com) [16]. This product has a temporal resolution
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of eight days and spans from 1982–2012. From 1982–1999, the product was generated from AVHRR
reflectances and provided in a geographic projection at the resolution of 0.05˝. From 2000–2012,
the product was derived from MODIS land surface reflectance (MOD09A1) and provided in a
sinusoidal projection at a resolution of 1 km for the globe. In this study, we only focus on the
product during the MODIS period. GLASS LAI was derived from reprocessed MODIS reflectance
data using General Regression Neural Networks (GRNNs) [3]. GRNNs were trained by a database
that was generated from MODIS and clumping-corrected CYCLOPES LAI products over BELMANIP
(Benchmark Land Multisite Analysis and Intercomparison of Products) sites during the period from
2001–2003. MODIS LAI and clumping-corrected CYCLOPES LAI were fused in a weighted linear
combination in order to obtain the best LAI estimate as follows:

LAIf used “ wLAImod ` p1 ´ wqLAIc̊yc, with (1)

w “ fmod{p fmod ` fcycq (2)

where, LAIfused is a combined estimate of LAI, LAImod is the smoothed and gap-filled MODIS LAI,
LAI*cyc is the true LAI converted from the CYCLOPES LAI and w is the normalized weight for the
MODIS LAI. Thus, linear regressions were constructed between MODIS and CYCLOPES for each
biome type. The weights for each biome were determined by the deviation of MODIS and CYCLOPES
(i.e., fmod and fcyc) from the ground-measured LAIs. A quality control layer was attached to show the
processing status, the quality of inputs and contamination by snow, clouds and shadows.

2.1.4. GEOV1 LAI/FPAR

The GEOV1 LAI/FPAR is the first version of the global biophysical products under the Geoland2
project (http://www.copernicus.eu/projects/geoland2). More than 30 years (1981–present) of the
global LAI and FPAR were derived from AVHRR, SPOT-VGT and PROBA-V observations during three
temporal periods using neural networks. In this study, we use the product during the VGT-derived
period (1998–2014). LAI and FPAR during this period were derived at 1/112˝ spatial resolution with a
10-day step in a Plate Carrée projection (http://land.copernicus.vgt.vito.be) [4,8]. The MODIS and
CYCLOPES products were first fused to obtain the best LAI (same for FPAR) estimate as follows:

LAIf used “ wLAImod ` p1 ´ wqLAIcyc, with (3)

w “ minp1,
1
4

LAIcycq (4)

where LAIfused is a combined estimate of LAI, LAImod is the MODIS LAI, LAIcyc is the CYCLOPES
LAI and w is the weight for MODIS LAI. The weight is determined by LAIcyc and a threshold value
(LAIcyc = 4), which corresponds to the value when CYCLOPES starts to saturate. Neural networks
were trained between the fused LAI and the VGT surface directionally-normalized reflectances over
BELMANIP sites without biome type specification. Once trained, these networks were run to provide
LAI/FPAR every 10 days within the 30-day composite period from the VGT sensor along with quality
flags and quantitative uncertainties. The GEOV1 LAI is the combination of true and effective LAI,
because MODIS and CYCLOPES LAI correspond to true and effective LAI, respectively. GEOV1 FPAR
corresponds to the instantaneous black-sky value around 10:15 a.m. and is calculated by selecting
70% of the cumulative FPAR distribution of daily values within the compositing period instead of the
maximum FPAR, as in the case of MODIS [2].

2.2. Validation Sites and BELMANIP Network

The validation dataset is from a collection of sites for which ground measurements have been
collected and processed according to the CEOS/WGCV-LPV guidelines [7,20]. An empirical “transfer
function” between high spatial resolution radiometric data and the biophysical measurements was
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used to scale local ground measurements up to the 3 km ˆ 3 km area of the site. There are currently
113 such datasets available, corresponding to sites and various dates of measurements.

The BELMANIP network of sites was designed to represent the global variability of vegetation
types and climatological conditions [21]. This network was mainly built using sites from existing
experimental networks (FLUXNET, AERONET, VALERI, BigFoot, etc.) and complemented with
additionally sites from the GLC2000 land cover map. The site selection was performed for each band of
latitude (10˝ width) by keeping the same proportion of biome types within the selected sites as within
the whole latitude band. Attention was paid so that the sites were homogeneous over a 10 ˆ 10 km2

area, almost flat and with a minimum proportion of urban area and permanent water bodies. Note that
there are no ground measurements for most of these sites, and therefore, this network is always used
for intercomparison, rather than direct validation. Representing the latest version, the BELMANIP2.1
currently contains 445 sites and is used in this study.

2.3. Time Series of Climate Variables

This study uses the Time Series (TS) datasets of global surface temperature and precipitation
that were produced by the Climatic Research Unit (CRU) at the University of East Anglia [22].
Climate variables were calculated for each 0.5˝ ˆ 0.5˝ latitude/longitude grid, monthly, by employing
a triangulated linear interpolation method. Through the auspices of the World Meteorological
Organization (WMO) in collaboration with the U.S. National Oceanographic and Atmospheric
Administration (NOAA), archives provided by more than 4000 meteorological stations were used to
cover the world’s land areas. At present, the latest time series data (TS 3.23) were generated by the
CRU for the period 1901–2014 and publicly available from http://www.cru.uea.ac.uk.

3. Methodology

3.1. Direct Validation with Ground Measurements

3.1.1. Selection of Reliable Ground Measurements

We use the spatially-averaged values over a 3 km ˆ 3 km reference map as the “ground truth” at
each validation site, as in previous studies [7,8]. However, several sources of uncertainties reduce the
reliability of these measurements. First, optical instruments (e.g., LAI2000) that are generally used for
point-scale measurements only provide effective LAI (eLAI), which may result in an underestimation
of true LAI (tLAI) [23] up to 70% in coniferous forests [24]. Second, the scale effect in indirect ground
measurement can result in obvious uncertainties when the sampling length is not properly selected
and this has often been ignored [25]. Third, the up-scaling scheme using an empirical “transfer
function” between high spatial resolution reflectances and point-scale biophysical measurements
requires a relatively large homogenous area, which may not be satisfied at some sites. Last but not
least, uncertainties can arise due to the effects of the point spread function and geo-location errors of
the satellite pixel. The overall uncertainty at each site differs with vegetation type, surface homogeneity,
equipment used, sampling strategy, etc. [26]. However, absolute uncertainties of LAI reference maps
corrected for clumping and non-green elements are expected to be smaller than 1 LAI unit in most
sites [27]. The uncertainty is expected to be around 0.1 for FPAR [8].

Figure 1 shows the biome type distribution within each 3 km ˆ 3 km validation site based
on the MODIS land cover product (500-m resolution, C5). The upper part of the plot denotes the
information entropy of the biome type for each site. This serves as an indicator of surface homogeneity.
The information entropy is calculated using the proportion of each biome type within a specific site
as follows:

H “ ´
11ÿ

i“1
pPi ˚ log2Piq (5)
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where H is information entropy and Pi represents the proportion of the area covered by the i-th biome
type. The value 11 corresponds to the total number of MODIS land cover types. We screened out some
of the 113 sites to improve the overall accuracy of these measurements. This screening was based on
four criteria: (1) Presence of 500 m ˆ 500 m pixels labeled as “water” with the 3 km ˆ 3 km site; (2) the
information entropy of biome type was greater than 1; (3) the proportion of invalid MODIS pixels
(based on QC in Table 2) was larger than 40%; and (4) suspicious LAI/FPAR values (e.g., LAI < 2 for
dense forests, Site #42) based on field experience and literature reports [8].Remote Sens. 2016, 8, 460 6 of 26 
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Figure 1. Biome type distribution within each 3 km ˆ 3 km validation site based on the 500-m resolution
MODIS C5 land cover product. The bottom part of the plot shows biome types and the corresponding
proportion of coverage within each site. EBF, DBF, ENF and DNF stand for “Evergreen Broadleaf
Forest”, “Deciduous Broadleaf Forest”, “Evergreen Needleleaf Forest” and “Deciduous Needleleaf
Forest”, respectively. The top part of the plot shows the biome type information entropy of each site
calculated using Equation (5). Zero means there is only one biome type in the site or the site is a
homorganic site. A larger entropy value means larger heterogeneity.

Table 2. Quality control for the four products under study.

Product Quality Flag Snow Cloud Shadow Aerosol Cirrus Suspect Overall

MODIS
FparLaiQC Clear Clear - No No - -

FparExtraQC - Clear Clear - - - Good
GLASS QC Clear Clear Clear - - - Good

CYCLOPES SM Clear - - Pure - No Good
GEOV1 QFLAG Clear - - Pure - No Good

3.1.2. Validation of MODIS LAI/FPAR Product

We compared both MODIS C5 and C6 products with ground measurements. The spatial and
temporal mismatch between the remote sensing product and ground truth is the main issue related to
such a comparison [4,18]. A 3 ˆ 3 array of surrounding pixels has been recommended for calculating
the mean value to reduce geolocation uncertainties [8]. Considering that reference maps cover
a 3 km ˆ 3 km area, which contains about 36 (6 ˆ 6) MODIS C6 pixels and 9 (3 ˆ 3) C5 pixels,
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we averaged all of the valid pixels within the reference map. The corresponding 8-day composite,
which includes the date of ground measurements was extracted. Thus, the maximum temporal
mismatch is about 7 days, which should have minimal impact in most cases. Compared to the overall
uncertainties of the LAI reference maps, uncertainties caused by spatial and temporal mismatch may be
thus ignored. As suggested by the MODIS product user guide, the QC layers were consulted to exclude
retrievals with poor quality caused by snow, clouds or high aerosol content (details in Section 3.2.1).
Only retrievals from the main algorithm were used for the validation analyses reported here.

3.2. Intercomparison with Existing Global Products

3.2.1. Quality Control for Products

All of the four products under study provide QC layers, and users are advised to consult the
quality flags when using them. Therefore, we performed quality control for each product using the
criteria listed in Table 2. In agreement with other studies [6–8,10,18], land pixels contaminated by
clouds or marked as “snow”, “aerosol”, ”cirrus” or “suspected” according to the QC information were
marked as invalid data. Note that quality control for different products was not identical because of
different QC layers. For instance, MODIS and GLASS were masked by cloud, while CYCLOPES and
GEOV1 were not. The MODIS biome map was used to exclude bare areas from this analysis. This study
used retrievals from both the main and back-up algorithms in order to show the performance of the
products instead of algorithms.

3.2.2. Comparison of Spatial Distribution

This study evaluated the four global LAI/FPAR products at the continental and global scale
to characterize their performances. These products must be resampled to an identical projection
and period to enable pixel-by-pixel comparisons. The four products were first quality controlled as
described in Section 3.2.1 and then resampled to the Plate Carrée projection with a quarter degree
spatial resolution. The LAI/FPAR values for each 0.25˝ ˆ 0.25˝ pixel were computed as the average
of all valid native pixels falling within the coarser grid. A no-data value was assigned if more than
30 percent of the native pixels were composed of invalid data (based on QC in Table 2). The datasets
with different temporal compositing periods were averaged into a monthly time step. The pixel was
assigned with a no-data value if there were no valid data within the whole month.

Pixel-by-pixel absolute differences (MODIS minus other products) between MODIS and the other
three LAI products and other two FPAR products were calculated and mapped at the global scale
for visual comparison. Histograms of global LAI and FPAR from each product were computed and
compared. Two particular months—January and July in 2001—were selected to represent the boreal
winter and summer, respectively. In addition, the spatial consistency of LAI over the African continent
was investigated. As in [7], we extracted and compared latitudinal LAIs from the four products along
the longitudes between 20˝ E and 25˝ E.

3.2.3. Comparison at the Site Scale

We compared four LAI products and three FPAR products over 445 BELMANIP2.1 sites. Products
were masked by QC flags and aggregated into a monthly time step. LAI and FPAR values from the
60 months of the 2001–2005 period were used to assess the discrepancies between different products
through scatterplots. In this exercise, the original projections of the products were kept, and a 1-km
(for MODIS and GLASS) or 1/112˝ (for CYCLOPES and GEOV1) spatial resolution was adapted. This
is because of two reasons: (1) the high homogeneity of these sites reduces the geolocation uncertainties
due to different projection systems, target shift and different point spread functions [21]; and (2) any
additional processing including reprojection and resampling would introduce more uncertainties [6].

The MODIS land cover map was used to divide the 445 sites into three broad vegetation classes
in terms of canopy structure and leaf shape. The three classes are non-forest (Biomes 1–4), broadleaf
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forests (Biomes 5 and 6) and needleleaf forests (Biomes 7 and 8). Regression equations for any two
products, as well as the corresponding coefficient of determination (R2) and root-mean-squared error
(RMSE) were computed to assess the consistency.

3.2.4. Temporal Comparison

We evaluated temporal LAI/FPAR profiles of the four products extracted over seven validation
sites where some ground measurements were available during the period from 2001–2004. Each site
represented one vegetation type in the MODIS classification scheme. There was no validation site that
could be used for DNF. Monthly LAI/FPAR estimates were first calculated using the same approach
described in Section 3.2.3. Then, the seasonal variations of the four products were compared for both
LAI and FPAR with R2 and RMSE denoting the consistency.

3.3. Comparison with Climate Variables

Using independent geographic variables to explain the interannual variations of LAI/FPAR is a
novel approach of indirectly evaluating these products. Due to a lack of long-term data, this evaluation
method has not been used for MODIS LAI/FPAR previously. In this study, we applied this approach
using thirteen years (2002–2014) of MODIS C6 LAI data. 2000 and 2001 were not included because
of the missing data in these two years. The C5 and C6 LAI products were firstly resampled to the
Plate Carrée projection and aggregated to a half degree spatial resolution and a monthly time step. QC
information was taken into account to exclude retrievals with poor quality. In this manner, the LAI
dataset matched the datasets of climate variables both spatially and temporally. Further averaging over
some specific regions and over the whole year or some specific months was done to obtain the time
series for statistical analyses. An area-weighted approach was used to eliminate geometrical effects.
Anomalies of LAI, temperature and precipitation were computed by subtracting the thirteen-year
mean from data of specific years. We calculated standardized anomalies (anomalies normalized
by their standard deviations) of LAI and surface temperature during the beginning of the growing
season (April and May) for four temperature-limited regions within 60˝N–90˝N. We also calculated
standardized anomalies of annual averages of LAI and precipitation for two water-limited regions.
In addition, the correlation between annual averaged LAI and annual total precipitation in the tropical
latitudes (23˝ S–23˝ N) was investigated.

4. Results and Discussion

4.1. Direct Validation

4.1.1. Characteristics of Measurements

As mentioned above, the validation data used in this paper is from a collection of sites all over the
world. Therefore, the method of ground measurement (e.g., destructive sampling, LAI-2000, digital
hemispherical photos, TRAC, AccuPAR and allometry) may vary from site to site and from date
to date. Details of these sites can be found on http://calvalportal.ceos.org/web/olive. Note that
effective LAI measured by optical instruments may differ significantly from true LAI, particularly
in forests [24]. These indirect measurements that have been corrected for clumping effect are also
considered as true LAI in this study. Measurements without clumping correction were discarded in
some studies [7,8], but were investigated separately in this study. We also compared the MODIS FPAR
with ground measurements, which was seldom done in previous studies. Measurements at the same
site, but different dates were considered independently.
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Table 3. Biome-specific information of ground measurements after pre-selection. The numbers of ground measurements of tLAI, eLAI and FPAR for each biome are
listed. The mean values and standard deviations of both ground measurements and retrievals from the C5 and C6 products are also provided (mean value ˘ standard
deviation).

Biome

Type

# of

tLAI

Ground

tLAI

MODIS C5

LAI

MODIS C6

LAI

# of

eLAI

Ground

eLAI

MODIS C5

LAI

MODIS C6

LAI

# of

FPAR

Ground

FPAR

MODIS C5

FPAR

MODIS C6

FPAR

B1 1 12 1.37 ˘ 1.01 1.20 ˘ 0.80 1.32 ˘ 0.85 49 0.93 ˘ 0.94 0.83 ˘ 0.50 0.94 ˘ 0.62 36 0.26 ˘ 0.24 0.32 ˘ 0.14 0.33 ˘ 0.16
B2 2 2 0.18 ˘ 0.19 0.21 ˘ 0.01 0.21 ˘ 0.01 1 0.03 ˘ 0.00 0.20 ˘ 0.00 0.20 ˘ 0.00 2 0.26 ˘ 0.34 0.28 ˘ 0.21 0.31 ˘ 0.24
B3 3 0 N/A N/A N/A 3 2.14 ˘ 0.75 2.09 ˘ 0.43 2.14 ˘ 0.55 0 N/A N/A N/A
B4 4 15 1.61 ˘ 0.55 1.43 ˘ 0.69 1.46 ˘ 0.47 15 1.26 ˘ 0.36 1.43 ˘ 0.69 1.46 ˘ 0.47 4 0.44 ˘ 0.14 0.56 ˘ 0.18 0.53 ˘ 0.15
B5 5 2 4.65 ˘ 0.39 4.44 ˘ 1.66 4.65 ˘ 0.39 2 3.27 ˘ 0.18 4.44 ˘ 1.66 4.95 ˘ 1.02 2 0.92 ˘ 0.04 0.73 ˘ 0.20 0.79 ˘ 0.10
B6 6 14 3.58 ˘ 0.40 3.77 ˘ 0.99 3.79 ˘ 0.82 7 3.78 ˘ 1.26 4.74 ˘ 1.10 4.67 ˘ 0.59 0 N/A N/A N/A
B7 7 9 2.69 ˘ 0.76 2.58 ˘ 1.08 2.42 ˘ 0.73 5 1.72 ˘ 0.48 2.31 ˘ 0.80 2.60 ˘ 0.97 1 0.49 ˘ 0.00 0.53 ˘ 0.00 0.61 ˘ 0.00
B8 8 0 N/A N/A N/A 0 N/N N/A N/A 0 N/A N/A N/A

Overall 54 2.31 ˘ 1.26 2.25 ˘ 1.46 2.28 ˘ 1.38 82 1.37 ˘ 1.21 1.49 ˘ 1.36 1.59 ˘ 1.35 45 0.31 ˘ 0.27 0.36 ˘ 0.18 0.38 ˘ 0.19
1 Grasses/cereal crops; 2 shrubs; 3 broadleaf crops; 4 savanna; 5 EBF; 6 DBF; 7 ENF; 8 DNF.
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Table 3 shows biome-specific information of ground measurements after pre-selection,
as described in Section 3.1.1. The mean values and standard deviations of both ground measurements
and retrievals from C5 and C6 products are provided. After pre-selection, there are 54 true LAI, 82
effective LAI and 45 FPAR measurements left for further analyses. Note that there are no valid true LAI
and FPAR measurements for broadleaf crops, and there are no FPAR measurements for DBF. We also
lack LAI and FPAR measurements for DNF. The absence of a valid ground truth suggests that more
field measurements are needed in the future to further refine this assessment. Ground measurements
and MODIS estimates indicate the same vegetation density sequence: broadleaf forests > needleleaf
forests > savannas > grasses/cereal crops > shrubs. LAI/FPAR values extracted from the C5 and
C6 products show good agreement in all vegetation types. The slight overestimation in C6 relative
to C5 is due to scale effects and refinements to surface reflectances [5]. C5 shows the most obvious
underestimation in savanna, which is in agreement with [28]. This issue has been mitigated by C6 to
some extent. We note that MODIS LAI overestimates the ground measurements in DBF, which was also
reported by [8]. As expected, effective LAIs are lower than true LAIs for all biomes due to the lack of
correction for clumping. MODIS LAI estimates are found to be closer to true LAI rather than effective
LAI. The largest difference between measured LAI and C5 is achieved in EBF. However, this difference
is corrected in C6. Considering all biomes, measured LAI (2.31) agrees with C6 (2.28) better than
with C5 (2.25). Broadleaf forests show large differences between measured effective LAI and MODIS
estimates, which is due to the unneglectable clumping effects. MODIS FPAR shows overestimation in
all biomes, except for EBF, where radiative signals may saturate.

4.1.2. Comparison with Ground Measurements

Figure 2a,b compares measured LAI with MODIS C5 and C6 LAI, respectively. As expected,
MODIS shows better agreement with true LAI than with effective LAI. MODIS retrievals are found
to systematically overestimate effective LAI measurements, especially in forests, which agrees with
Stenberg et al. [29], who suggested that an effective LAI can produce errors of 30%–70%. In comparison
with true LAI measurements, C6 performs better than C5 with the RMSE decreasing from 0.8 down to
0.66 and R2 increasing from 0.70–0.77. Large uncertainties are found in high LAI values, which can
be explained by relatively lower algorithm accuracy due to signal saturation. Overall, most of the
data are within ˘1 LAI bias, indicating that the total uncertainty of this validation work is less than
1 LAI unit. Note that this uncertainty comes from both MODIS products and other sources, including
the uncertainties of reference maps and mismatch in spatial and temporal domains. We also note
that the distribution of the measurements is problematic with an over-representation of low values.
This is expected to be solved by adding more ground measurements, especially for broadleaf crops
and forests, according to the CEOS/WGCV-LPV guidelines.

In comparisons to ground measurements, MODIS FPAR performs relatively poorly compared
to LAI (Figure 2c,d). The RMSE of C5 and C6 are 0.16 and 0.15, respectively. The R2 increases from
0.68–0.74 from C5 to C6. We notice a significant overestimation of MODIS retrievals in both C5 and
C6 at low FPAR values. This systematic overestimation of FPAR over sparsely-vegetated areas was
reported as a main drawback of the MODIS FPAR product [8]. However, the disagreement in this
study may also be due to the fact that understories are usually not taken into account in ground
measurements, which will underestimate the true FPAR [15]. Overall, most data are within ˘0.2 bias
with all uncertainties included.
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Figure 2. Comparisons between ground measured LAI (a,b) and FPAR (c,d) with MODIS C5 (left
panels) and C6 (right panels) retrievals. Fifty four true LAI, 82 effective LAI and 45 FPAR measurements
are used here. The 3 km ˆ 3 km sites dominated by different biome types are depicted by different
colors. Circles (triangles) in (a) and (b) represent ground LAI measurements corrected (not corrected)
for clumping.

4.2. Intercomparison

4.2.1. Global LAI/FPAR Distribution

Figure 3a–c displays the global distribution of absolute LAI differences between MODIS and
three other products in July 2001. Figure 3d,e shows the corresponding FPAR. As expected, the four
products generally show a continuous LAI/FPAR distribution at the global scale. We notice that
CYCLOPES and GEOV1 do not provide LAI or FPAR estimates at high latitudes (>74˝) due to the
absence of SPOT-VGT observations in these regions. South Asia and Southeast Asia are the largest
regions with missing data for MODIS, CYCLOPES and GEOV1. This is caused by the frequent cloudy
weather related to the southwest monsoon in these regions [30]. The reason why the GLASS product
has valid data is due to gap-filling. MODIS also has missing data over the high latitudes of North
America due to cloud contamination or poor atmospheric conditions.
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MODIS is found to agree best with GLASS, as expected, with absolute differences within ˘0.5 LAI
units for most of the land surface (Figure 3a). The reasons are two-fold: (1) the surface reflectance
data input to the two algorithms are from the same MODIS instrument; (2) MODIS LAI products are
used as one part of the ANN training data for GLASS. Compared to GLASS, most overestimation of
MODIS LAI is seen in tropical densely-vegetated regions. From Figure 3b,d, we notice significant
underestimation from CYCLOPES, especially in densely-vegetated regions. These discrepancies
between MODIS and CYCLOPES can reach to two for LAI and 0.2 for FPAR. This result agrees with
previous studies and was found related to premature saturation in the CYCLPOES algorithm [7,8].
This issue was reportedly solved in GEOV1 by using the MODIS product as the training data when
LAI is larger than four [4]. Indeed, we find that MODIS agrees better with GEOV1 than CYCLOPES.
However, GEOV1 still shows underestimation in some regions, e.g., forests in the Amazon and South
Asia. Note that the distributions of discrepancies between MODIS and GEOV1 are not consistent for
LAI and FPAR.

In Figure 4a,b, the four products show smooth and consistent LAI distributions at the global scale
for both January and July. Differences between global distributions are smaller in January than in July,
indicating that most inconsistency occurs during the growing season of northern latitudes. The global
mean LAIs calculated from MODIS, GLASS, CYCLOPES and GEOV1 are 1.42, 1.43, 1.02 and 1.15 in
January and increase to 2.02, 2.09, 1.53 and 1.81 in July, respectively. Note that the number of valid
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overlapping pixels also increases from 96,346 in January to 180,603 in July. This increase is caused by
better atmospheric conditions and less cloud or snow contamination in the boreal summer season.
Unlike other products, CYCLOPES shows a peak at around LAI = 2.5 and drops rapidly to zero after
LAI = 4 in July, which confirms the early saturation issue reported previously. Compared to LAI, FPAR
discrepancies are found to be relatively larger (Figure 4c,d). The global mean FPARs calculated from
MODIS, CYCLOPES and GEOV1 are 0.4, 0.31 and 0.35 in January and increase to 0.54, 0.43 and 0.5 in
July, respectively. The frequency of low LAI and FPAR values is considerably smaller for MODIS than
for other products, which is due to the overestimation of the MODIS product in sparsely-vegetated
regions [7].

Remote Sens. 2016, 8, x 14 of 26 

 

overestimation of MODIS LAI is seen in tropical densely-vegetated regions. From Figure 3b,d, we 
notice significant underestimation from CYCLOPES, especially in densely-vegetated regions. These 
discrepancies between MODIS and CYCLOPES can reach to two for LAI and 0.2 for FPAR. This result 
agrees with previous studies and was found related to premature saturation in the CYCLPOES 
algorithm [7,8]. This issue was reportedly solved in GEOV1 by using the MODIS product as the 
training data when LAI is larger than four [4]. Indeed, we find that MODIS agrees better with GEOV1 
than CYCLOPES. However, GEOV1 still shows underestimation in some regions, e.g., forests in the 
Amazon and South Asia. Note that the distributions of discrepancies between MODIS and GEOV1 
are not consistent for LAI and FPAR. 

In Figure 4a,b, the four products show smooth and consistent LAI distributions at the global 
scale for both January and July. Differences between global distributions are smaller in January than 
in July, indicating that most inconsistency occurs during the growing season of northern latitudes. 
The global mean LAIs calculated from MODIS, GLASS, CYCLOPES and GEOV1 are 1.42, 1.43, 1.02 
and 1.15 in January and increase to 2.02, 2.09, 1.53 and 1.81 in July, respectively. Note that the number 
of valid overlapping pixels also increases from 96,346 in January to 180,603 in July. This increase is 
caused by better atmospheric conditions and less cloud or snow contamination in the boreal summer 
season. Unlike other products, CYCLOPES shows a peak at around LAI = 2.5 and drops rapidly to 
zero after LAI = 4 in July, which confirms the early saturation issue reported previously. Compared 
to LAI, FPAR discrepancies are found to be relatively larger (Figure 4c,d). The global mean FPARs 
calculated from MODIS, CYCLOPES and GEOV1 are 0.4, 0.31 and 0.35 in January and increase to 
0.54, 0.43 and 0.5 in July, respectively. The frequency of low LAI and FPAR values is considerably 
smaller for MODIS than for other products, which is due to the overestimation of the MODIS product 
in sparsely-vegetated regions [7]. 

  
Figure 4. Histograms of global LAI (a,b) and FPAR values (c,d) from four products analyzed in this 
study during the months of January and July of 2001. The frequency is given as the percentage of the 
total number of global vegetated pixels. Global mean LAI values are depicted by vertical lines. The 
bins used for LAI and FPAR are 0.25 and 0.05, respectively. 

Figure 4. Histograms of global LAI (a,b) and FPAR values (c,d) from four products analyzed in this
study during the months of January and July of 2001. The frequency is given as the percentage of
the total number of global vegetated pixels. Global mean LAI values are depicted by vertical lines.
The bins used for LAI and FPAR are 0.25 and 0.05, respectively.

4.2.2. Continental Consistency

The African continent, which is divided by the equator, was selected to assess the spatial
consistency among LAIs from the four products at the continental scale. Figure 5a–c indicates that the
best spatial agreement is achieved between MODIS and GLASS, with LAI differences ranging within
˘1. A significant underestimation (>2 LAI unit) is found over the central Africa forests in the case
of CYCLOPES. This is somewhat alleviated in GEOV1. Missing data are not found in these annual
average datasets, except in the case of MODIS near the boundaries of water bodies or barren areas.
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Figure 5. Comparisons of annual averaged LAI from the MODIS, GLASS, CYCLOPES and GEOV1
products over Africa in 2001. (a–c) Absolute differences between MODIS C6 and GLASS, CYCLOPES
and GEOV1; (d) LAI from four products along the transect in Africa between 20˝ E and 25˝ E.

Figure 5d displays LAIs from MODIS, GLASS, CYCLOPES and GEOV1 along the transect within
the longitude bands between 20˝ E and 25˝ E. The most obvious inconsistency is seen in equatorial
forests, where LAI differences can reach one unit. CYCLOPES underestimates other products in
these regions with unrealistically low LAI values. The products agree better over open shrublands
and savannas. GEOV1 and CYCLOPES also show good consistency over the subtropical wooded
grasslands, while GLASS overestimates them significantly. Two product groups (MODIS-GLASS
and GEOV1-CYCLOPES) can be distinguished clearly over the bush lands and meridional African
grasslands. This suggests that the input data sources to the algorithms play an important role in
affecting the variation and magnitude of LAI/FPAR retrievals.

4.2.3. Comparison over BELMANIP Sites

Density scatter plots of monthly LAI extracted from the four products over BELMANIP2.1 sites
during the period from 2001–2005 are shown in Figure 6. Results for three broad vegetation classes
(non-forest, broadleaf forests and needleleaf forests) are shown separately in Table 4.
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Table 4. Statistics of the intercomparisons among four LAI/FPAR products over BELMANIP sites during 2001–2005. Eight biome types are grouped into three broad
categories (1–4: non-forest; 5–6: broadleaf forests; 7–8: needleleaf forests). R2, RMSE and regression equations are provided.

Biomes MODIS-GLASS MODIS-CYCLOPES MODIS-GEOV1 GLASS-CYCLOPES GLASS-GEOV1 CYC-GEOV1

LAI

1–4 0.82/0.41/y = 1.03x + 0.10 0.83/0.36/y = 0.94x ´ 0.01 0.81/0.42/y = 1.05x ´ 0.03 0.86/0.34/y = 0.85x ´ 0.03 0.83/0.41/y = 0.94x ´ 0.06 0.95/0.23/y = 1.09x ´ 0.01
5–6 0.82/0.63/y = 0.66x + 1.11 0.72/0.66/y = 0.50x + 0.81 0.79/0.74/y = 0.69x + 0.73 0.77/0.59/y = 0.69x + 0.17 0.80/0.72/y = 1.03x + 0.10 0.89/0.55/y = 1.26x + 0.05
7–8 0.63/0.62/y = 0.74x + 0.86 0.58/0.59/y = 0.65x + 0.66 0.64/0.61/y = 0.76x + 0.64 0.65/0.57/y = 0.73x + 0.25 0.70/0.60/y = 0.86x + 0.16 0.85/0.43/y = 1.07x + 0.06
All 0.90/0.53/y = 0.83x + 0.31 0.83/0.53/y = 0.64x + 0.26 0.88/0.56/y = 0.82x + 0.19 0.89/0.44/y = 0.74x + 0.06 0.91/0.50/y = 0.95x ´ 0.06 0.95/0.36/y = 1.23x ´ 0.07

FPAR

1–4 N/A 0.89/0.07/y = 1.04x ´ 0.08 0.88/0.08/y = 1.17x ´ 0.08 N/A N/A 0.97/0.04/y = 1.12x + 0.01
5–6 N/A 0.75/0.08/y = 0.77x + 0.07 0.80/0.08/y = 0.88x + 0.09 N/A N/A 0.93/0.05/y = 1.06x + 0.06
7–8 N/A 0.53/0.10/y = 0.75x + 0.09 0.59/0.10/y = 0.82x + 0.12 N/A N/A 0.82/0.07/y = 0.93x + 0.11
All N/A 0.91/0.08/y = 0.95x ´ 0.05 0.91/0.09/y = 1.08x ´ 0.05 N/A N/A 0.97/0.05/y = 1.12x + 0.01
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Figure 6a–c shows comparisons over non-forest sites where the best agreements between any two
products are observed. LAI values over these sites range from 0–2. Within this range, reflectances are
not saturated, and the respective algorithms perform well. Regression lines are close to the 1:1 line with
R2 better than 0.81 and RMSE smaller than 0.42 (LAI) and 0.08 (FPAR) in all cases. This result satisfies
the target accuracy (˘0.5 LAI unit) expected by the Global Climate Observation System (GCOS) [31].
MODIS seems to underestimate GLASS and GEOV1, but slightly overestimates CYCLOPES. Minimum
bias (R2 = 0.95, RMSE = 0.23) is achieved between CYCLOPES and GEOV1.
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The largest RMSE (0.74) is seen in the MODIS versus GEOV1 comparison and the smallest (0.55) 
between CYCLOPES and GEOV1. The plots show an interesting pattern where the data are in two 
clusters, which may be due to the monthly temporal resolution in this analysis resulting in missing 
some parts of the seasonality of deciduous forests. MODIS tends to underestimate in the low-LAI 
domain and overestimate in the high-LAI domain, relative to other products. 

Similar comparisons over needleleaf forests are shown in Figure 6g–i. The total number of 
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agree well in terms of R2 (0.85 for LAI and 0.82 for FPAR) and minimum RMSE (0.43 for LAI and 0.07 

Figure 6. Density scatter plots of monthly MODIS LAI and three other LAI products (left: GLASS;
middle: CYCLOPES; right: GEOV1) over BELMANIP sites during the time period from 2001–2005.
The plots show a correlation between MODIS and other products for non-forest ((a–c) Biomes 1–4)
in the first row, broadleaf forests ((d–f) Biomes 5 and 6) in the second row and needle leaf forests
((g–i) Biomes 7 and 8) in the third row. The red lines and blue lines are the 1:1 lines and regression lines
derived from the scatter plots, respectively.

Figure 6d–f shows the case for broadleaf forests where the largest discrepancies are observed.
The largest RMSE (0.74) is seen in the MODIS versus GEOV1 comparison and the smallest (0.55)
between CYCLOPES and GEOV1. The plots show an interesting pattern where the data are in two
clusters, which may be due to the monthly temporal resolution in this analysis resulting in missing
some parts of the seasonality of deciduous forests. MODIS tends to underestimate in the low-LAI
domain and overestimate in the high-LAI domain, relative to other products.
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Similar comparisons over needleleaf forests are shown in Figure 6g–i. The total number of
observations is less than 900, and this may result in additional uncertainties. CYCLOPES and GEOV1
agree well in terms of R2 (0.85 for LAI and 0.82 for FPAR) and minimum RMSE (0.43 for LAI and
0.07 for FPAR). The discrepancies between MODIS and other products are similar with R2 around 0.6.
A slight underestimation can be noticed for MODIS at low values, especially compared to GLASS.

When considering all biome types, the RMSE of LAI (FPAR) derived from any two products
ranges from 0.36 (0.05)–0.56 (0.09). The sequence from best to worst agreement is: CYCLOPES-GEOV1,
GLASS-CYCLOPES, GLASS-GEOV1, MODIS-GLASS, MODIS-CYCLOPES and MODIS-GEOV1.

4.2.4. Temporal Comparison

Temporal Continuity

In the time series of LAI/FPAR products, there would be some gaps (missing data) mainly due to
cloud or snow contamination, poor atmospheric conditions or technical problems, which will limit
their use in land surface models [7,8]. Here, we define the “annual missing data rate” as the percent of
months without valid data during the whole year. It represents the fraction in time of missing data.
Note that the quality control applied for different products could be an important factor affecting
this criterion.

The four lines in the upper part of Figure 7 represent variations of missing data for MODIS,
GLASS, CYCLOPES and GEOV1 through four years (2001–2004). Missing data are also indicated by
gaps in the LAI/FPAR time series. The missing data rate ranges from 0%–40% (five months of no
data) over the seven sites. Most missing data are in the winter season, which is related to cloudiness,
snow and poor atmospheric conditions, especially for high latitude sites. Sites with shrubs, broadleaf
crops, savannas and broadleaf forests show low missing data rates (<20%). The four products exhibit
different behaviors over different sites, and no clear conclusions can be drawn. GLASS tends to have
low missing data, which may be due to a gap-filling procedure in its algorithm. GEOV1 shows a similar
missing data rate as CYCLOPES, which may be expected, as both products use the same preprocessed
SPOT-VGT data. MODIS shows a moderate missing data rate for most sites, which is not in agreement
with some other studies [8]. This may be because our study is based on a normalized monthly temporal
step instead of the native temporal resolution of each product. In addition, quality control procedures
applied to the different products also affect the number of valid data in the time series.
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Figure 7. Temporal comparisons of LAI and FPAR among MODIS C6, GLASS, CYCLOPES and GEOV1
products over seven validation sites. Monthly averaged LAI and FAPR values for the time period from
2001–2004 are shown here. Circles, stars and triangles represent ground measurements of true LAI,
effective LAI and FPAR, respectively. The four lines plotted at the top represent variations in missing
data in each year. (a) Grasses; (b) shrubs; (c) broadleaf crops; (d) savanna; (e) EBF; (f) DBF; and (g) ENF.
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Temporal Consistency

The consistency of the temporal trajectory of each product over seven validation sites for the
period from 2001–2004 is discussed in this section (Figure 7). All available ground measurements are
plotted in these figures as a reference. Statistics (R2 and RMSE) of these temporal comparisons are
given in Table 5.

The four products show smooth and consistent annual variations in the case of the Zhangbei
grassland site in China, with some gaps in the winter season that may be due to snow contamination
(Figure 7a). LAI and FPAR exhibit bell-shaped profiles, with LAI ranging from almost zero in
winter to more than one in summer and FPAR ranging from 0–0.5. CYCLOPES displays systematic
underestimation, as documented previously [8]. MODIS C6 is still found to systematically overestimate
FPAR in sparse canopies, a problem also seen in C5 [15].

All of the products achieve good temporal continuity in shrubs (Figure 7b). LAI and FPAR are
relatively low, as rainfall is limited over this site. GLASS, CYCLOPES and GEOV1 agree well, especially
at low values of LAI and FPAR. MODIS shows a generally different seasonal profile, which may be
realistic [32]. We find that all products overestimate both LAI and FPAR ground measurements.

Figure 7c shows the temporal variations of broadleaf crops over the AGRO site. This site shows
similar temporal variations as the Zhangbei site, being about the same latitude, but there are differences
in magnitude. LAI and FPAR values can reach four and 0.8, respectively. GLASS, CYCLOPE and
GEOV1 agree with each other well, especially in the years 2001 and 2002. However, MODIS shows an
underestimation for LAI during the growing season and overestimation of FPAR in the winter season.
The LAI difference between MODIS and GEOV1 is larger than two in 2003.

The savanna site shows a different pattern of seasonality as compared to grasses, shrubs and
broadleaf crops (Figure 7d). The seasonality is relatively damped with LAI values ranging from 0.5–2.
The four products show similar LAI/FAPR variations and agree with ground measurements well.
MODIS has no missing data during the four years.

The consistency between the four products is the worst over the EBF site (Figure 7e). This site
is in Budongo rainforests where the dry season only spans from December–February and June/July.
The field campaign conducted in October/November 2005 reported that LAI varies between 5.19 and
10.47 [33]. However, no clear seasonality is captured by any of the products from LAI or FPAR with
high missing data rate. Similar results were reported by other studies [7,8]. This can be explained by
the poor quality of satellite products due to cloud contamination and poor atmospheric conditions.
The ground measurement in 2003 shows good agreement with MODIS LAI.

Figure 7f shows the case for a DBF site located in the northern high latitude. GEOV1 and MODIS
agree best and are the closest to ground measurements for both LAI and FPAR in 2002. As expected,
CYCLOPES underestimates all of the other products because of a lack of correction for clumping effects.
Compared to others, GLASS shows artifacts related to smoothing and/or gap-filling procedures.

The four products show very similar seasonality over the ENF site (Figure 7g). LAI at this site
ranges from 1–5. Thus, saturation effects are prominently seen in CYCLOPES. The MODIS profiles are
noisier due to the sensitivity of retrievals to noise in reflectances at high values of LAI [7]. All products
generally agree with available ground measurements. We note that CYCLOPES is closer to effective
LAI measurements that is smaller than true LAI due to clumping effects.

Table 5 shows the statistical results from temporal comparisons among the four LAI/FPAR
products over the seven sites during 2001–2004. R2 and RMSE are provided as indicators of consistency.
The best agreement among four products is seen in the grasses (B1) and broadleaf crops (B3) sites,
with R2 better than 0.9. The agreement between MODIS and other products is least over the EBF
(B5) site. Over this site, the RMSE between MODIS and CYCLOPES is 2.56 and 0.19 for LAI and
FPAR, respectively. Lager RMSE values over densely-vegetated sites (B4–B7) are observed between
CYCLOPES and other products, which is due to premature saturation in the CYCLOPES algorithm [8].
Overall, MODIS agrees best with GLASS, and CYCLOPES agrees best with GEOV1. This is not
surprising, as these pairs of products have the same underlying reflectances.
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Table 5. Statistics of temporal comparisons among four LAI/FPAR products over seven validation sites during 2001–2004. R2 and RMSE are provided. Values out of
and in blankets are for LAI and FPAR, respectively.

Site and Biome

MODIS-GLASS MODIS-CYC MODIS-GEOV1 GLASS-CYC GLASS-GEOV1 CYCLOPES-GEOV1

R
2

RMSE R
2

RMSE R
2

RMSE R
2

RMSE R
2

RMSE R
2

RMSE

#78:B1 0.96 0.14 0.91(0.91) 0.17(0.09) 0.94(0.93) 0.15(0.07) 0.95 0.16 0.94 0.17 0.97(0.97) 0.10(0.05)
#88:B2 0.65 0.12 0.61(0.69) 0.20(0.11) 0.76(0.60) 0.16(0.10) 0.82 0.11 0.87 0.10 0.86(0.88) 0.10(0.06)
#1:B3 0.98 0.66 0.96(0.96) 0.62(0.08) 0.93(0.94) 0.95(0.10) 0.98 0.20 0.94 0.39 0.95(0.98) 0.45(0.05)

#103:B4 0.84 0.21 0.75(0.72) 0.42(0.10) 0.79(0.80) 0.40(0.06) 0.89 0.42 0.90 0.38 0.96(0.95) 0.1(0.06)
#96:B5 0.08 1.01 0.01(0.00) 2.56(0.19) 0.00(0.00) 1.70(0.08) 0.53 1.61 0.45 0.76 0.81(0.80) 1.01(0.13)
#58:B6 0.54 1.12 0.89(0.66) 0.57(0.12) 0.86(0.66) 0.56(0.08) 0.50 1.15 0.48 1.12 0.91(0.76) 0.74(0.10)
#68:B7 0.89 0.72 0.45(0.34) 0.69(0.12) 0.74(0.64) 0.68(0.06) 0.57 0.81 0.83 0.53 0.76(0.58) 0.74(0.11)
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4.3. Evaluation with Climate Variables

Spatial and temporal variations of biophysical variables can be assessed for consistency with
changes observed in meteorological fields. Several studies have focused on the relationship between
the temporal variation of LAI and climate variables that govern plant growth in particular regions.
From these studies, obvious correlation between LAI and precipitation in tropical regions and
temperature in high latitudes regions have been reported [7,11,34,35]. In this section, we discuss
the correlation between C6 LAI and temperature in northern latitudes and precipitation in some ENSO
(El Niño-Southern Oscillation)-affected regions.

4.3.1. LAI Variation with Surface Temperature

Here, we present interannual variations of C6 LAI and assess their correlation to surface
temperature, which can be helpful in verifying the variations in the LAI product. The spatial
(60˝ N–90˝ N) and temporal (April and May) averages of standardized anomalies of LAI and surface
temperature are shown in Figure 8a,b for forests and tundra, respectively. The greening trend in
Eurasia was reported to be more obvious than in North America [36]. Therefore, the analysis was done
separately for these two continents.
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Figure 8. Evaluation of the MODIS LAI C6 product with temperature in the northern latitudes and
precipitation in the ENSO-affected regions. (a) Temporal variations of the standardized anomalies of
the growing season start period (April and May) averages of LAI and temperature for forest pixels in
the northern latitudes; (b) same as (a), but for tundra pixels; (c) temporal variations of the standardized
anomalies of annual summed LAI and precipitation in eastern Australia (20˝ S–40˝ S, 145˝ E–155˝ E)
and northeastern Brazil (3˝ S–12˝ S, 35˝ W–45˝ W); (d) correlation between annual averaged LAI and
annual total precipitation in the tropical latitudes (23˝ S–23˝ N). Standard deviations of LAIs and
precipitations are denoted by blue shadow and horizontal error bars, respectively.
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The anomaly time series of surface temperature and LAI correlate remarkably well, especially in
Eurasian forests with a 0.907 correlation coefficient. The linkage is stronger in Eurasia than in North
America. This is because North American boreal forests have experienced declining photosynthetic
activity due to recent warming-induced drought, wild fires and pest infestations [37]. Our results
also indicate that correlations in tundra are considerably weaker than in forests. This could be due to
fewer valid data over tundra resulting from poor Sun-sensor geometry and illumination conditions.
Nevertheless, we observe a slight warming and greening trend in Eurasian forests (p = 0.033 in a
Mann–Kendall trend test [38]). However, no statistically-significant trend is found in tundra or North
American forests (p > 0.1), which agrees with [11,35].

4.3.2. LAI Variation with Precipitation

The standardized anomalies of thirteen years of LAI and precipitation in two semiarid regions
are shown in Figure 8c. Significant coherence between LAI and rainfall anomalies are found in both
eastern Australia (r = 0.87, p < 0.001) and northeastern Brazil (r = 0.851, p < 0.001). We do not find
particular directional changes in precipitation or vegetation greenness in these two regions during the
period of our study. However, the high precipitation events leading to damaging Australian floods in
2010–2011 [39] are obvious with a peak in both precipitation and LAI variations. Moreover, we notice
a severe drought with corresponding vegetation browning occurring in northeastern Brazil in 2012,
which has been confirmed in [40].

Figure 8d shows the correlation between annual averaged LAI and annual total precipitation
in the tropical latitudes (23˝ S–23˝ N). Note that this analysis was not for a specific year, but for the
average of thirteen years. The precipitation range (0–4000 mm/year) was divided into 40 intervals.
The mean and standard deviation of annual averaged LAI in each of the 40 precipitation bins were
first computed for each of the thirteen years and then averaged over the thirteen years. We find a
highly significant correlation (R2 = 0.97, p < 0.001) between the two variables when precipitation is less
than 2200 mm/year from where this relationship turns to saturated. Large standard deviations of LAI
within each precipitation interval indicate the role of other factors in governing plant growth [35].

5. Conclusions

The objective of this paper is to evaluate the newly-released MODIS LAI/FPAR C6 product
(MOD15A2H). This is achieved comprehensively through three independent approaches: validation
with ground measurements, intercomparison with other satellite products and comparison with
climate variables. Fifty four true LAI, 82 effective LAI and 45 FPAR ground measurements with high
reliability extracted from 113 sites were used to validate the C6 and C5 LAI/FPAR products. The results
showed that MODIS LAI is closer to true LAI, rather than effective LAI, due to the clumping correction
in the algorithm. We found that MODIS C6 performed considerably better than C5 in comparisons
to true LAI measurements. The RMSE decreased from 0.80 down to 0.66, which is close to the target
accuracy (˘0.5) as required by the GCOS. Both C5 and C6 showed an overestimation of FPAR over
sparsely-vegetated areas, as noted previously in other studies.

Intercomparisons with three other satellite products (GLASS, CYCLOPES and GEOV1) were
carried out at the site, continental and global scales to investigate the differences. The four products
showed similar spatial distributions of LAI and FPAR in both January and July. MODIS and GLASS
(CYCLOPES and GEOV1) were found to achieve the best agreement, most likely because the surface
reflectances used as inputs to the respective algorithms were acquired from the same instrument.
CYCLOPES underestimated LAI and FPAR systematically due to the lack of correction for clumping
effects and premature saturation. Temporal comparisons for the 2001–2004 period indicated that
the products properly captured the seasonality of different biomes, except in EBF, where the poor
quality of satellite products resulted in erratic and unrealistic seasonal profiles. The four products
showed different performances at different sites in terms of missing data, and no clear conclusion
could be drawn.
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To further imbue confidence in the LAI product, we assessed correlations between the variations
of satellite-derived LAI and station-measured temperature and precipitation data over a thirteen year
period. Statistically-significant agreements between these data series indicated that the interannual
variations in LAI are not an artifact of remote sensing data or the algorithm.

The research presented here is critical for the further understanding and proper use of C6
LAI/FPAR products in land surface models. Furthermore, the validation and intercomparison
approaches presented in this work can be used for the evaluation of similar products in the future.
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Abbreviations

The following abbreviations are used in this manuscript:

MODIS Moderate Resolution Imaging Spectroradiometer
LAI Leaf Area Index
FPAR Fraction of Photosynthetically-Active Radiation
C5 Collection 5
C6 Collection 6
RT Radiative Transfer
LUT Look-Up-Table
BRF Bi-directional Reflectance Factors
NDVI Normalized Difference Vegetation Index
GSD Ground Sampling Distance
ANN Artificial Neural Network
GRNN General Regression Neural Network
tLAI True LAI
eLAI Effective LAI
QC Quality Control
GLASS Global Land Surface Satellite
BELMANIP Benchmark Land Multisite Analysis and Intercomparison of Products
TS Time Series
CRU Climatic Research Unit
WMO World Meteorological Organization
NOAA National Oceanographic and Atmospheric Administration
NASA National Aeronautics and Space Administration
EBF Evergreen Broadleaf Forest
DBF Deciduous Broadleaf Forest
ENF Evergreen Needleleaf Forest
DNF Deciduous Needleleaf Forest
ENSO El Niño-Southern Oscillation
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Vegetation controls the exchange of carbon, water, 
momentum and energy between the land and the atmos-
phere, and provides food, fibre, fuel and other valuable 
ecosystem services1,2. Changes in vegetation structure 
and function are driven by climatic and environmen-
tal changes, and by human activities such as land- use 
change. Given that increased carbon storage in vegeta-
tion, such as through afforestation, could combat climate 
change3,4, quantifying vegetation change and its impact 
on carbon storage and climate has elicited considerable 
interest from scientists and policymakers..
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.

m

.
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However, it is not possible to detect vegetation 
changes at the global scale using ground- based observa-
tions due to the heterogeneity of change and the lack of 
observations that can detect these changes both spatially 
and temporally. While monitoring the changes in some 
vegetation properties (for example, stem- size distribution 
and below- ground biomass) at the global scale remains 
impossible, satellite- based remote sensing has enabled 
continuous estimation of a few important metrics, 
including vegetation greenness, since the 1980s (BOX 1).

In 1986, a pioneering study by Tucker et al.5 on 
remotely sensed normalized difference vegetation index 
(NDVI; a radiometric measure of vegetation greenness) 
(BOX 1) revealed a close connection between vegetation 
canopy greenness and photosynthesis activity (as 
inferred from seasonal variations in atmospheric CO2 
concentration). This index was successfully used to con-
strain vegetation primary production globally6. Using 
NDVI data from 1981 to 1991, Myneni et al.7 reported an 

Q2
Q3
Q4
Q5

increasing trend in vegetation greenness in the Northern 
Hemisphere, which was subsequently observed across 
the globe8–13. This ‘vegetation greening’ is defined as a 
statistically significant increase in annual or seasonal 
vegetation greenness at a location resulting, for instance, 
from increases in average leaf size, leaf number per plant, 
plant density, species composition, duration of green- 
leaf presence due to changes in the growing season and 
increases in the number of crops grown per year.

There has also been considerable interest in under-
standing the mechanisms or drivers of greening11,14. 
Lucht et al.14 and Xu et al.10 revealed that warming has 
eased climatic constraints, facilitating increasing veg-
etation greenness over the high latitudes. Zhu et al.11 
further investigated key drivers of greenness trends and 
concluded that CO2 fertilization is a major factor driv-
ing vegetation greening at the global scale. Subsequent 
studies based on fine- resolution and medium- resolution 
satellite data13 have shown the critical role of land- surface 
history, including afforestation and agricultural intensi-
fication, in enhancing vegetation greenness. The large 
spatial scale of vegetation greening and the robustness 
of its signal have led the Intergovernmental Panel on 
Climate Change (IPCC) special report on climate change 
and land15 to list it, together with global- scale warming, 
sea- level rise16 and sea- ice decline16, as highly credible 
evidence of the environmental impact of anthropogenic 
climate change.

Greener vegetation not only results from climate and 
atmospheric changes but also feeds back to the climate 
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through biogeochemical and biogeophysical processes. 
These feedbacks are often studied with Earth system 
models (ESMs), in which vegetation is coupled with 
the atmosphere and the hydrologic cycle17. ESM- based 
studies have demonstrated that greening can accelerate 
the hydrologic cycle by increasing the amount of water 
transpired by plants, alter the energy exchange between 
land and the atmosphere, and affect atmospheric 
circulation patterns18,19.

In this Review, we synthesize past and recent efforts 
to characterize the spatiotemporal patterns of vegeta-
tion greening since the 1980s. We discuss how rising 
atmospheric CO2 concentration, climate change, land- 
use change and nitrogen deposition are the key drivers 
of greenness changes on the global and regional scale. 
We assess the impacts of vegetation greening on carbon, 
water and energy balances, and conclude by identifying 
key challenges and perspectives for future research.

Greenness changes
Global- scale vegetation greening has been demonstrated 
using nearly four decades of NDVI and leaf area index 
(LAI) greenness data derived from the Advanced Very- 
High-Resolution Radiometer (AVHRR) instrument 
(FIG. 1a,b). While early studies primarily used the NDVI 
to detect changes in global greenness, recent studies 
widely use the LAI, since it has clear physical inter-
pretation and is a fundamental variable in almost all 
land- surface models (BOX 1). An ensemble of LAI data-
sets has shown that 52% (P < 0.05) to 59% (P < 0.10) of 
global vegetated lands displayed an increasing trend in 

growing season LAI since the 1980s11 (FIG. 1a). Although 
some studies reported a stalling, or even a reversal, of 
the greening trend since 2000 based on AVHRR20 and 
collection 5 (C5) of the Moderate Resolution Imaging 
Spectroradiometer (MODIS) data21, this signal might be 
an artefact of sensor degradation and/or processing22–24. 
For example, using a revised calibration of the MODIS 
data in the most recent collection 6 (C6) dataset24, Chen 
et al.13 showed that leaf area increased by 5.4 million  km2 
over 2000–2017, an area equivalent to the areal extent 
of the Amazon rainforest13. Indeed, 34% of vegetation 
land exhibited greening (P < 0.10), whereas only 5% 
experienced browning (P < 0.10).

New satellite- based vegetation indices also support 
the global greening trend observed since 2000 (FIG. 1), 
including the enhanced vegetation index (EVI) and 
near- infrared reflectance of terrestrial vegetation (NIRv) 
(BOX 1). However, while vegetation greenness is increas-
ing at the global scale, the changes vary considerably 
between regions and seasons.

Regional trends. In the high northern latitudes (>50°N), 
AVHRR and Landsat records indicate a widespread 
increase in vegetation greenness since the 1980s8,12,25 
(FIG. 2a–d). Regions with the greatest greening trend 
include northern Alaska and Canada, the low- Arctic 
parts of eastern Canada and Siberia, and regions of 
Scandinavia12,25,26. Dendrochronological data and photo-
graphic evidence further corroborate these findings27–30. 
In general, the LAI over high northern latitudes will 
continue to increase by the end of this century31, based 
on the results of an ensemble of ESMs (FIG. 2e–h). While 
only a 3% area of the high latitudes shows browning dur-
ing 1982–2014 (REF.25), there is a growing proportion of 
Arctic areas exhibiting a browning trend32. Such trends 
first emerged in boreal forests, where a multitude of 
disturbances (for example, fires, harvesting and insect 
defoliation) prevail9,33–37. The North American boreal 
forests in particular exhibit browning areas nearly 
20 times larger than the Eurasian boreal forests, showing 
heterogeneous regional greenness change38.

The northern temperate region (25–50°N) is another 
vegetation greening hotspot, experiencing faster rates of 
greening than the high latitudes since 2000 (FIG. 2b,d). 
Indeed, ~14 million km2 of the temperate region greened 
(P < 0.10), contributing about one- half of the global net 
leaf area increase over this time period13. The increase of 
vegetation greenness is especially strong in agricultural 
regions (for example, India13) and recently afforested 
areas (for example, China13,39); collectively, China and 
India alone contribute more than 30% of the total net 
increase in the global LAI13.

Tropical regions (25°S–25°N) are also greening 
(FIG. 2b,d), contributing about a quarter of the net global 
increase in leaf area since 2000 (REF.13). However, the 
tropics also have areas where significant browning was 
reported, for example, in the Brazilian Cerrado and 
Caatinga regions and Congolian forests13,40. It is worth 
noting that substantial uncertainties remain in the trop-
ical vegetation greenness estimations due to the satu-
ration effects of greenness indices in dense vegetation41 
and contamination by clouds and aerosols42. These 

Key points

•	Long-	term	satellite	records	reveal	a	significant	global	greening	of	vegetated	areas	
since	the	1980s,	which	recent	data	suggest	has	continued	past	2010.

•	Pronounced	greening	is	observed	in	China	and	India	due	to	afforestation	and	
agricultural	intensification.

•	Simplified	global	vegetation	models	suggest	that	CO2	fertilization	is	the	main	driver	
of	global	vegetation	greening.

•	Warming	is	the	major	cause	of	greening	in	boreal	and	Arctic	biomes,	but	has	negative	
effects	on	greening	in	the	tropics.

•	Greening	was	found	to	mitigate	global	warming	through	enhanced	land	carbon	
uptake	and	evaporative	cooling,	but	could	also	lead	to	decreased	albedo	that	could	
potentially	cause	local	warming.

•	Greening	enhances	transpiration,	a	process	that	reduces	soil	moisture	and	runoff	
locally,	but	can	either	amplify	or	reduce	runoff	and	soil	moisture	regionally.
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uncertainties partly underlay the disagreement between 
the MODIS and AVHRR products13 when measur-
ing tropical greenness and the debate on whether the 
Amazonian forests have greened or browned in response 
to droughts42–44.

The extratropical Southern Hemisphere (>25°S) 
experienced a general greening trend since the 1980s13,45, 
but this is lower than experienced in the temperate 
and high- latitude Northern Hemisphere13 (FIG. 2a–d). 
Regional greening hotspots in southern Brazil and 
southeast Australia mostly overlap with the intensive 
cropping areas13, highlighting the increasing contri-
bution of managed ecosystems to vegetation greening. 
Note that most of this region is dominated by semi- 
arid ecosystems46, where vegetation coverage is gener-
ally sparse. Thus, satellite vegetation indices over this 
region are generally sensitive to change in soil back-
ground. For example, browning was detected from the 
AVHRR dataset since the 2000s20 (FIG. 2b), but MODIS 
C6 data (which is better calibrated and can distinguish 
vegetation from background more accurately) instead 
showed an overall greening trend particularly since 2002  
(REF.13; FIG. 2c,d).

Seasonal changes of greenness. In the northern temper-
ate and high latitudes, greenness often shows distinctive 
seasonal patterns within a calendar year (FIG. 3). Several 
metrics of land- surface phenology have been developed 
to depict the seasonal cycle of greenness47, including 
the widely used start of the growing season (SOS) and 
end of the growing season (EOS)48. Although phenol-
ogy dates can vary depending on the greenness prod-
uct or algorithm used49–51, significant trends towards 
both earlier SOS (2–8 days decade−1) and later EOS 
(1–6 days decade−1) and, thus, longer lengths of the 
growing season (LOS) (2–10 days decade−1), have been 
observed in most Northern Hemisphere regions during 
the past four decades7,8,25,52–54 (FIG. 3a–c). These trends 
are corroborated by ground- based observation data in 
spring and autumn55–57. The increase in LOS is driven 
mainly by an advanced SOS in Eurasia (53–81% of LOS 
lengthening is due to SOS advance) and delayed EOS in 
North America (57–96% of LOS lengthening is due to 
EOS delay), with the more rapid total LOS increase seen 
in Eurasia25,58–60.

In addition to longer growing seasons, satellite 
greenness data also reveal important shifts in the tim-
ing and magnitude of the seasonal peak greenness47,61. 
For example, the timing of peak greenness has advanced 
by 1.2 days decade−1 during 1982–2015 (REF.62) and 
1.7 days decade−1 during 2000–2016 (REF.61) over the extra-
tropical Northern Hemisphere (FIG. 3a), with the boreal  
region peak greenness advancing twice as fast as the 
Arctic tundra and temperate ecosystem peaks61. Since 
the 1980s, the magnitude of the peak greenness has also 
increased over the extratropical Northern Hemisphere 
by ~0.1 standardized NDVI anomaly per year62, with a 
stronger signal in the pan- Arctic region63,64.

Phenology changes, including the SOS advancement, 
EOS delay and peak greenness enhancement, can signif-
icantly change the Earth’s seasonal landscape. Northern 
high latitudes, which traditionally have high seasonality 

Box 1 | Remotely sensed vegetation greenness

Remotely	sensed	vegetation	greenness	generally	refers	to	spectral	vegetation	indices	(VIs)		
or	the	leaf	area	index	(LAI).	Photosynthetic	pigments	in	plant	leaves	(mainly	chlorophyll	
and carotenoids)	strongly	absorb	photosynthetically	active	radiation,	which	largely	overlaps	
with	the	visible	spectrum	(400–700	nm),	particularly	red	wavelengths	(620–700	nm).	In	the	
near-	infrared	(NIR)	domain	(700–1,300	nm),	absorbance	by	leaf	constituents	is	either	small	
or absent;	thus,	scattering	increases	the	likelihood	that	photons	will	exit	the	leaf.	This	is	the	
biophysical	basis	for	high	leaf-	level	reflectance	in	the	NIR	region.	At	the	canopy	scale,	
structural	properties	such	as	LAI	and	leaf-	angle	distribution	dominate	variability	in	NIR	
reflectance176.	This	unique	spectral	signature	of	vegetation	in	the	red	and	NIR	channels,	
a characteristic	not	present	in	common,	non-	vegetative	features	such	as	soil,	snow	
and water177,178,	has	thus	been	utilized	to	derive	numerical	VIs	measuring	vegetation	
greenness176,179,180	(Supplementary	Table S1).	For	example,	the	normalized	difference	
vegetation	index,	which	is	one	of	the	most	widely	used	VIs	in	assessing	vegetation	greenness	
and	its	changes	from	local	to	global	scales	(Supplementary	Table S2),	is	useful	for	measuring	
canopy	structural	properties,	such	as	leaf	area,	light	interception	and	biomass41,181,182.	Satellite	
sensors,	such	as	the	Advanced	Very-	High-Resolution	Radiometer	(AVHRR),	Moderate	
Resolution	Imaging	Spectroradiometer	(MODIS),	Vegetation,	Medium	Resolution	Imaging	
Spectrometer	(MERIS)	and	Visible	Infrared	Imaging	Radiometer	Suite	(VIIRS),	have	been	
deployed	with	varying	temporal	coverage,	providing	VI	products	based	on	a	wide	range	of	
spectral-	band	specifications	and	data	processing	(Supplementary	Table S3).	For	example,	the	
AVHRR	does	not	have	a	blue	channel,	so	this	sensor	is	unable	to	produce	blue-	band-based	
greenness	indices	like	the	enhanced	vegetation	index.	These	sensor	differences	make	it	a	
non-	trivial	challenge	to	produce	consistent	and	continuing	long-	term	greenness	products183.
Compared	with	VIs,	the	LAI	(the	one-	sided	green	leaf	area	per	unit	ground	area	in	

broadleaf	canopies	or	one-	half	of	the	total	needle	surface	area	per	unit	ground	area	in	
coniferous	canopies184,185)	is	a	well-	defined	physical	attribute	of	vegetation.	The	LAI	is	a	
state	variable	in	all	land	models	and	key	to	quantifying	the	exchanges	of	mass,	momentum	
and	energy	between	the	surface	and	the	atmosphere.	Multiple	approaches	for	retrieving	
the	LAI	from	remote	sensing	data	have	been	developed	—	these	can	be	conceptually	
categorized	as:	empirical	approaches	that	are	based	on	relationships	between	VIs	and	
the LAI186,187;	machine-	learning	approaches	that	train	surface	reflectance	or	VIs	to	given	
reference	LAIs182,188,189;	and	physical	approaches	that	are	based	on	the	physics	of	radiation	
interaction	with	elements	of	a	canopy	and	transport	within	the	vegetative	medium7,184,190,191.	
See	Supplementary	Table S4	for	currently	available	global	LAI	products.
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(that is, short and intense growing seasons), are exhib-
iting seasonality similar to that of their counterparts 6° 
to 7° south in the 1980s. In other words, the latitudinal 
isolines of northern vegetation seasonality have shifted 
southward since the 1980s. The diminished seasonality 
of the northern high- latitude vegetation10 is consistent 
with changes in the velocity of vegetation greenness 
(defined as the ratio of temporal greenness change 
to its spatial gradient)65, which showed faster north-
ward movement of the SOS (3.6 ± 1.0 km year−1) and 

the EOS (6.0 ± 1.1 km year−1) than the peak greenness 
(3.1 ± 1.0 km year−1) during 1982–2011 (REF.65).

Drivers of greening
Several factors are thought to impact vegetation greening, 
including rising atmospheric CO2 concentrations, cli-
mate change, nitrogen deposition and land- use changes. 
However, nonlinear impacts and interactions make it 
challenging to quantify the individual contribution of 
these factors to the observed greening trend. In this sec-
tion, we review the contribution of several key drivers of 
vegetation greening and efforts to quantitatively attribute 
the observed greening trend to each of these factors.

CO2 fertilization. As CO2 is the substrate for photo-
synthesis, rising atmospheric CO2 concentration can 
enhance photosynthesis66 by accelerating the rate 
of carboxylation; this process is known as the ‘CO2 fer-
tilization effect’. In addition, increased CO2 concentra-
tions can also enhance vegetation greenness by partially 
closing leaf stomata, leading to enhanced water- use 
efficiency67, which should relax water limitation to 
plant growth, particularly over semi- arid regions45,68,69. 
Analysis of the ‘Trends and drivers of the regional- scale 
sources and sinks of carbon dioxide’ (TRENDY) ensem-
ble of dynamic global vegetation models (DGVMs)70 
suggests that rising CO2 is the dominant driver of veg-
etation greening, accounting for nearly 70% of global 
LAI trend since the 1980s11 (FIG. 4). Statistical modelling 
also supports the important role of rising atmospheric 
CO2 concentration in driving vegetation greening71,72. 
Free- air CO2 enrichment (FACE) experiments show that 

Land- surface phenology
Cyclic phenomena in vegetated 
land surfaces observed from 
remote sensing.

Carboxylation
The addition of CO2 to  
ribulose-1,5-bisphosphate 
during photosynthesis.
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Fig. 1 | Changes in satellite- derived global vegetation indices, vegetation optical 
depth and contiguous solar- induced fluorescence. a | Leaf area index (L AI) from 
four products: GIMMS13, GL ASS192, GLOBMAP23 and Moderate Resolution Imaging 
Spectroradiometer (MODIS) C6 (REF.193). b | Normalized difference vegetation index 
(NDVI) from three products: GIMMS194, MODIS C6 (REF.195) and SPOT196. c | Enhanced 
vegetation index (EVI) from MODIS C6 (REF.195). d | Near- infrared reflectance of terrestrial 
vegetation (NIRv)197. e | Vegetation optical depth (VOD)119. f | Contiguous solar- induced 
fluorescence (CSIF)114. In parts a and b, the light- green shading denotes the range of L AI 
and NDVI across different products and the dark- green shading denotes the interquartile 
range (between the 25th and 75th percentiles). Only measurements during the growing 
season11 were considered.

Fig. 2 | Spatial patterns of changes in leaf area index.  
a | Growing season (GS) mean Advanced Very- High- 
Resolution Radiometer (AVHRR) leaf area index (L AI) trend 
during 1982–2009. The AVHRR L AI dataset is the average 
of three different products (GIMMS13, GLOBMAP23 and 
GL ASS192). b | Change in the GS mean AVHRR L AI over four 
regions during 1982–2009. c | GS mean Moderate Resolution 
Imaging Spectroradiometer (MODIS) L AI during 2000–2018. 
d | Change in the GS mean MODIS L AI over four regions 
during 2000–2018. MODIS L AI is from collection 6 (REF.193).  
e | Relative change in GS mean L AI between 1981–2000 
and 2081–2100 under the Representative Concentration 
Pathway 2.6 (RCP2.6), based on the Coupled Model 
Intercomparison Project Phase 5 (CMIP5) multi- model 
ensemble. f | Relative change in GS mean CMIP5 L AI 
between 2018–2100 under RCP2.6, relative to 1981–2000.  
g | Relative change in GS mean L AI between 1981–2000 
and 2081–2100 under RCP8.5, based on CMIP5. h | Relative 
change in GS mean CMIP5 L AI between 2018–2100 under 
RCP8.5, relative to 1981–2000. The number of CMIP5 models 
used in the calculation of the multi- model mean is 16 and 19, 
for RCP2.6 and RCP8.5, respectively (Supplementary 
Table S5). In parts a, c, e and g, the white land areas depict 
barren lands, permanent ice- covered areas, permanent 
wetlands, built- up areas and water. In parts b, d, f and h, blue 
represents the high- latitude Northern Hemisphere (NH) 
(50–90°N), green represents the temperate NH (25–50°N), 
purple represents the tropical zone (25°S–25°N) and yellow 
represents the extratropical Southern Hemisphere (SH) 
(90–25°S). The shading shows the ±1 inter- model standard 
deviation.
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elevating the CO2 concentration by ~200 ppm above the 
ambient conditions significantly enhances vegetation 
productivity73 and increases leaf area74. Different plant 
species vary largely in the magnitude of LAI enhance-
ment75, with the larger effect on forest stands having 
lower LAI at the ambient conditions76. In DGVMs, 
elevated CO2 increases vegetation productivity more 
in tropical ecosystems than in temperate and boreal 

ecosystems11,77,78 (FIG. 4b). However, the strength of the 
CO2 fertilization effect can be limited by extreme weather 
events79,80 and nutrient and water availability73,81,82. 
Indeed, nitrogen and phosphorus have been shown to 
regulate the global pattern of CO2 fertilization effects83. 
Since nutrient processes were under- represented in the 
ESMs used in the IPCC Fifth Assessment Report (AR5), 
the predictions of continued greening trends through 
2100 (REF.31) (FIGS 2e–h,5) might overestimate the CO2 
fertilization effects.

Climate change. Although rising atmospheric CO2 con-
centration is the main driver of global greening, climate 
change, such as anthropogenic warming and regional 
trends in precipitation, is a dominant driver of green-
ness changes over 28% of the global vegetated area11. 
The global contribution of climate change to increasing 
greenness is only 8% (FIG. 4a), however, because impacts 
of climate change on vegetation greenness vary between 
regions11. For example, warming could reduce vegetation 
growth in the tropics84, where ambient temperature is 
close to vegetation optimal temperature85, but warm-
ing significantly increases vegetation greenness in the 
boreal and Arctic regions86 by enhancing metabolism87 
and extending the growing season59,88,89. DGVM simu-
lations show that the positive effects of climate change, 
primarily from warmer temperature14, dominate the 
greening trend over more than 55% of the northern 
high latitudes (FIG. 4b) and in the Tibetan Plateau11. 
However, this positive impact of anthropogenic warm-
ing on greenness appears to have weakened during the 
past four decades90,91, when the correlation coefficient 
between temperature and greenness decreased by more 
than 50%90,91, suggesting a possible saturation of future 
greening in response to warmer temperature.

In water- limited ecosystems, changes in precipitation 
— reflecting either decadal climate variability or trends 
from anthropogenic climate change — were suggested 
as the main driving factor of greening and browning45,92. 
Precipitation- driven greening is most evident in the 
African Sahel93,94 and semi- arid ecosystems of southern 
Africa and Australia45,95 (FIG. 4c). Both empirical models 
and DGVMs indicate that ‘the greening Sahel’, one of the 
early examples of vegetation greening detected by satel-
lite measurements93,94, was primarily driven by increases 
in precipitation after a severe drought in the early 
1980s96–98. This causal relationship between precipitation 
and greenness changes was further supported through 
analyses of recent microwave satellite measurements and 
long- term field surveys99,100.

Land- use change. Like climate change, land- use change 
exerts a considerable but highly spatially variable influ-
ence on greenness changes11,13 (FIG. 4). Specifically, 
deforestation dominates the tropics101,102, while affores-
tation increases forest area over temperate regions, par-
ticularly in China, where the forest area has increased by 
more than 20% since the 1980s103. The TRENDY ensem-
ble of DGVMs70 indicates that greenness changes over 
19% of the northern temperate vegetation (25–50°N) are 
primarily driven by land- use change11 (FIG. 4c). However, 
this might be an underestimate since critical land- use 
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processes104,105 are under- represented or missing in the 
current generation of DGVMs. For example, forest- age 
dynamics are not represented in most DGVMs, even 
though one- third of the global forests are younger than 
20 years old106, implying that forest regrowth might 
contribute to global greening in the future. In addition, 
agricultural intensification with multiple cropping, irri-
gation and fertilizer usage must contribute considerably 
to vegetation greening, which is exemplified by the dom-
inance of other unmodelled factors over agricultural 
lands of India, China and Eastern Europe (FIG. 4c).

Nitrogen deposition. Anthropogenic changes in the 
amount, rate and distribution of nitrogen deposition 
can impact greening patterns, since insufficient nitrogen 
availability can stunt plant growth107–109, potentially slow-
ing greening or causing browning, but excess nitrogen 
can enhance plant growth in nitrogen- limited systems109. 

However, the few DGVMs that include the nitrogen cycle 
do not indicate that nitrogen deposition plays a domi-
nant driving role on the greening at either the global or 
regional scales (FIG. 4). Modelling studies differ on the con-
tribution of increasing nitrogen deposition to the global 
LAI increase11 (9 ± 12%), largely due to the incom-
plete representation of nitrogen- related processes110.  
A growing number of DGVMs are currently incorporat-
ing nitrogen processes111, though, and future research pri-
orities include better measurement and representation of 
processes such as plant nitrogen uptake and allocation110.

Impact of greening on the carbon cycle
Greening increases the amount of photosynthetically 
active sunlight that is absorbed by vegetation and, thus, 
enhances productivity112,113. There has been substantial 
evidence showing enhanced vegetation productivity 
from contiguous solar- induced fluorescence (CSIF; 
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FIG. 1f) observations114, empirical models of vegetation 
productivity92,115 and DGVM and ESM simulations70,116 
(FIG. 6). It should be noted, though, that CSIF is not fully 
independent from MODIS greenness indices, since its 
derivation relies on both solar- induced fluorescence 
measurements from Orbiting Carbon Observatory 2 
and MODIS reflectance measurements114.

Enhanced vegetation productivity increases ter-
restrial carbon storage, slowing down anthropogenic 
climate warming117. For example, about 29% of the 
anthropogenic CO2 emissions since the 1980s is offset 
by the land carbon sink (2.5 ± 1.0 PgC year−1)111. This 
vegetation- induced large land carbon sink was also 
inferred from forest inventories118 and above- ground 
biomass estimated from the vegetation optical depth 
(FIG. 1e), a microwave- based satellite measurement of 
both woody and leaf biomass119. Multiple lines of evi-
dence, including analyses from DGVMs, atmospheric 
inversion models and the residual land sink (the mass 
balance residual of anthropogenic CO2 emissions, atmos-
pheric CO2 growth rate and ocean CO2 budget), confirm 
the increasing magnitude of the global land carbon sink 
since the 1980s111 (FIG. 6). An ecosystem model driven 
by satellite LAI measurements estimated that increased 
LAI accounts for 36% (0.4 PgC year−1) of the land carbon 
sink enhancement of 1981–2016 (REF.112). Recent stud-
ies indicate that the trend in the land carbon sink has 
further accelerated since the late 1990s120,121. For exam-
ple, the rate of update during 1998–2012 was three times 
that of 1980–1988 (0.17 PgC year−2 in comparison with 
0.05 PgC year−2)121, attributed to afforestation- induced 
greening in the temperate Northern Hemisphere13,121. 

These hotspots of afforestation and forest regrowth are 
in accordance with the greening pattern observed since 
2000 by MODIS (FIG. 2c). Recent DGVM studies122,123 
have further confirmed that the carbon sink during 
the 2000s was partly driven by afforestation and for-
est regrowth in East Asia and Europe124. The extensive 
greening over croplands, however, has probably contrib-
uted less to the carbon sink, because only a minor por-
tion of assimilated carbon by crops remain sequestered 
due to crop harvest.

The impact of greening on the carbon cycle is also 
partly responsible for the increasing seasonality of 
atmospheric CO2 in the northern high latitudes125. The 
amplitude of the Northern Hemisphere CO2 seasonal 
cycle increased by as much as 50% for latitudes north of 
45°N126,127 since the 1960s, indicating enhanced vegetation 
productivity in northern ecosystems during the carbon- 
uptake period128. The spring zero- crossing date — the 
time when the detrended seasonal CO2 variations down- 
cross the zero line in spring — is a phenological indicator 
of the timing of early season net carbon uptake125,129. From 
1987 to 2009, the spring zero- crossing date has advanced 
at high- latitude stations130 (from −0.5 days decade−1 to 
−1.8 days decade−1) (FIG. 3d), a trend that is consistent 
with the advancing SOS (FIG. 3b). At the end of the net 
carbon- uptake period, the autumn zero- crossing dates 
of detrended seasonal CO2 variations — the time when 
the detrended seasonal CO2 variations up- cross the  
zero line in autumn — have also advanced over 8 of the 10 
Northern Hemisphere stations studied131. The observed 
autumn zero- crossing date advancement (FIG. 3d) is in con-
trast to the delayed EOS (FIG. 3a) in autumn. This diver-
gence in the autumnal CO2 and greenness trends suggests 
that, unlike in spring, autumn vegetation greening does 
not lead to an increased carbon sink because respiration 
is increasing faster than photosynthesis in autumn131. 
Visual observations (for example, from the Pan European 
Phenology Project PEP725) and cameras (for example, 
PhenoCam datasets) are providing an increasing amount 
of ground- based phenological evidence of this process. In 
the future, these data can be paired with eddy covariance 
flux data, to further our mechanistic understanding of 
the climate-change-induced seasonal change in greenness 
and carbon balance.

Biogeophysical impacts of greening
Greening has discernable impacts on the hydrologic cycle 
and climate through modifying surface biogeophysical 
properties (for example, albedo, evapotranspiration (ET) 
and surface roughness) on local to regional and global 
scales19,132 (FIG. 7). Vegetation’s biogeophysical feedbacks 
to climate are, thus, critical to understanding the poten-
tial of ecosystem management, such as afforestation, 
for climate change mitigation3,132,133. In this section, we 
present the feedbacks of vegetation greening on the 
hydrologic cycle and land- surface air temperature.

The hydrologic cycle. Vegetation greening modulates 
water cycling. Land water losses to the atmosphere 
occur through ET, which includes transpiration (60–90% 
of the total land ET134–136) and evaporation. Greening 
increases water losses through an extended area of 

Evapotranspiration
(ET). The flux of water emitted 
from the Earth’s surface to the 
atmosphere. It is the sum of 
evaporation by the soil, wet 
canopy, open- water surfaces 
and transpiration by plant 
stomata.

Transpiration
The loss of water from plants to 
the atmosphere.
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leaves performing transpiration137. A larger foliage area 
reduces the bare ground surface from which soil evapo-
ration occurs, but increases the re- evaporation of rainfall 
intercepted by leaves138, so that greening can cause the 
net evaporation to either increase or decrease. Various 
remote- sensing-based ET estimates consistently point to 
a significant increase in global terrestrial ET over the past 
four decades, suggesting an intensified water exchange 
between the land and the atmosphere concurrent with 

-2

1980 1985 1990 1995 2000 2005 2010 2015

 C
O

2
 a

m
p

li
t
u

d
e

a
n

o
m

a
ly

 (
p

p
m

)

–10

–5

0

5

10
a

b

c

d

e

–2

–1

0

1

2

–2

–1

0

1

2

–2

–3

–1

0

1

2

–2

–3

–1

0

1

2

3

G
IM

M
S

 N
P

P
 a

n
o

m
a

ly

(P
g

C
 y

e
a

r
–

1
)

D
G

V
M

s
 N

B
P

 a
n

o
m

a
ly

(P
g

C
 y

e
a

r
–

1
)

fl
an

a
(P

g
C

 y
e

a
r

–
1
)

D
G

V
M

s
 G

P
P

 a
n

o
m

a
ly

(P
g

C
 y

e
a

r
–

1
)

Trend = 0.47 PgC year
–2 

, P  
0.001 

Trend = 0.05 PgC year
–2 

, P  
0.001 

Trend = 0.05 PgC year
–2 

, P  
0.001 

Trend = 0.08 ppm year
–1 

, P  
0.001 

Trend = 0.06 PgC year
–2 

,

P  
0.001 

Trend = 0.06 PgC year
–2 

,

P  
0.001 

Residual land sink

Inversion NBP

Fig. 6 | Changes in global carbon fluxes and seasonal CO2 amplitude. The graphs 
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the greening trend139. More than half of the global ET 
increase since the 1980s has been attributed to vegetation 
greening138,139 (FIG. 7).

By controlling the changes in ET, vegetation green-
ing also alters the water distribution between regions 
and water pools (for example, water in soil, rivers and  
the atmosphere). Assuming that precipitation does not 
change in response to vegetation greening, a greening- 
induced ET increase will reduce soil moisture and 
runoff, which can intensify droughts at the catch-
ment scale140,141. In China’s Loess Plateau for instance, 
where intensive afforestation is associated with a pro-
nounced local greening, the river discharge has indeed 
decreased by a rate of 0.25 km3 year−2 over the past six 
decades142. However, when using ESMs that consider 
both the greening- induced ET increase and consequent 
changes in precipitation, simulations forced only with 
satellite- observed LAI trends do not generate dramatic 
changes in soil moisture or runoff at continental or 
global scales143,144. This is because greening- induced 
ET enhancement increases atmospheric water vapour 
content, which, in turn, promotes downwind precipita-
tion145,146. The enhanced precipitation over transpiring 
regions is particularly evident in moist forests147 like the 
Amazon or Congo, which are ‘closed’ atmospheric sys-
tems where 80% of the rainfall originates from upwind 
ET145. Such an efficient atmospheric water recycling mit-
igates water loss from the soil, sustains inland vegetation 
and maintains mesic and humid ecosystems.

In addition to intensifying water cycling at the 
annual scale, vegetation greening also induces seasonal 
hydrologic changes. There is emerging evidence that 
spring- greening-enhanced ET leads to a reduction in 
soil moisture content, which carries over into the fol-
lowing summer and likely suppresses vegetation growth 
and increases the risk of heatwaves148,149. The greening- 
induced water loss through ET is recycled as land precip-
itation in subsequent months, benefitting some remote 
regions through modulating large- scale atmospheric 
circulation patterns, despite often being insufficient 
to compensate for evaporative water loss locally149. 
Proposed climate- mitigation strategies, such as affores-
tation, therefore need to fully consider coupling between 
vegetation and other components of the Earth system.

Land- surface air temperatures. Greening impacts the 
exchange of energy between the land and the atmos-
phere, which ultimately leads to modifications in sur-
face air temperature150. Greening increases ET, which 
cools the surface through evaporative cooling19,150, but 
greener canopies have a lower albedo than bare ground 
and absorb more sunlight, which can result in a larger 
sensible heat flux. This enhanced sensible heat warms 
the land surface, an effect called albedo warming151. The 
net effect of greening on surface air temperature in many 
cases can be viewed as the balance between evaporative 
cooling and albedo warming152,153, which was estimated 
globally to be −0.9 W m−2 from evaporative cooling and 
+0.1 W m−2 from albedo warming19 (FIG. 7c).

Greening can also trigger a series of changes through 
atmospheric circulation that indirectly affect the surface 
temperature154. For example, the additionally transpired 
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water enhances atmospheric water vapour content, 
which results in more longwave solar radiation entrap-
ment and re- emission in the atmosphere, but reducing 
the amount of shortwave solar radiation reaching the 
Earth’s surface through increased cloud formation19,155,156 
(FIG. 7). When all the aforementioned impacts of vege-
tation greening on near- surface air temperature were 
simulated in coupled ESMs driven by the satellite- based 
greening since the 1980s, the results suggested a net 
cooling trend by 12% ± 3% of the concurrent observed 
warming rate19.

In warm regions such as the tropics and subtropics, 
evaporative cooling effects are generally larger than 
albedo warming effects, leading to a net cooling effect 
when vegetation greenness increases19,157,158. However, 
the net effect of greening on surface air temperature 
over the Northern Hemisphere extratropical regions 
is still subject to debate. Studies based on idealized 

afforestation and/or deforestation experiments1,159 or 
comparisons of the energy budget differences between 
paired forest and short vegetation sites132,153 suggested 
that the albedo warming effect plays a dominant role. 
These studies, though, assumed complete land cover 
changes, whereas greening can be gradual. By integrat-
ing satellite observations with ESMs, several studies 
provided an alternative approach that more realistically 
simulated the effects of vegetation greenness changes 
and isolated the signal of climate response to greening. 
These studies found that greening slowed down warm-
ing through evaporative cooling in Arctic and boreal 
regions19, the Tibetan Plateau160 and temperate regions 
like East Asia161. Nonetheless, current state- of-the- art 
modelling efforts are still inconclusive, as some pro-
cesses are not yet well represented in ESMs, such as snow 
masking by greener canopies during cold seasons162–164 
and the partitioning of transpiration and evaporation 
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that is sensitive to vegetation greenness change136. Since 
most ESMs underestimate the ratio of transpiration to 
ET136, evaporative cooling by greening could have been 
underestimated19,133.

Conclusions
Widespread vegetation greening since the 1980s is one  
of the most notable characteristics of biosphere change  
in the Anthropocene. Greening has significantly enhanced 
the land carbon sink, intensified the hydrologic cycle 
and cooled the land surface at the global scale. A mech-
anistic understanding of the underlying drivers shows 
how anthropogenic forcing has fundamentally altered 
today’s Earth system through a set of feedback loops. 
Improved knowledge of greenness changes, together 
with recent progress in observing technology and 
modelling capacity, has resulted in major advances in 
understanding global vegetation dynamics. Nonetheless, 
we still face many challenges ahead.

One key challenge is to continue developing the 
capacity of remote sensing to measure vegetation struc-
ture and functions. Although the vegetation greenness 
indices described in this Review have proved highly 
reliable, contemporary satellite greenness products still 
suffer from limitations, such as inadequate sensitivity 
to detect changes in dense vegetation, aliasing between 
snow cover decrease and leaf area increase in cold eco-
systems (such as boreal forests), atmospheric contami-
nation, orbital drift and sensor replacements. Compared 
with the AVHRR, the new moderate- resolution spectral 
bands and spatial resolutions of 250 m to 1 km of the 
MODIS sensors on board the Terra (operating since 
1999) and Aqua (operating since 2002) satellites have 
provided global datasets that largely improved the long- 
term monitoring of vegetation greenness13. The current 
scientific community needs to include Earth observa-
tions with higher temporal, richer spectral and finer spa-
tial resolutions to capture various ecosystem functions 
and processes responding to different parts of the elec-
tromagnetic spectrum165. We expect the development of 
next- generation satellite missions and vegetation indices 
to better fulfil these needs. For example, ongoing efforts 

on developing hyperspectral remote sensing such as the  
EnMAP, FLEX, and HyspIRI missions will improve 
the richness and specificity of spectral information on 
vegetation structure and functioning.

Another equally important challenge is to validate 
satellite- based greenness changes with ground observa-
tions. Currently, the lack of systematic long- term ground 
observations covering a large spatial gradient from the 
high Arctic to the tropics has led to few available ground 
truths166 to confirm greenness changes detected through 
satellite products. Therefore, expanding existing obser-
vational networks (such as PhenoCam and FLUXNET) 
is a high priority. For example, the mismatch between 
the spatial distribution of vegetation productivity and the  
density of FLUXNET sites167 highlights the need to 
expand the current network from the mid- latitudes  
to the tropics, where the most photosynthesis takes place. 
Also, growing crowd- sourced observations by citizen sci-
entists, such as the CrowdCurio phenology observations 
over the eastern USA168, can provide valuable data that 
complement the more expensive professional ground 
observation networks. These increasing types and 
amounts of data, together with the rapid development of 
deep learning169 and process modelling11, offer promis-
ing tools for improving our understanding of vegetation 
greening169.

Considerable uncertainties remain in ESM projec-
tions on if and where vegetation greening will occur. 
Recent studies have identified several processes causing 
vegetation browning in some regions, including forest 
diebacks170, insect35 and disease outbreaks171, thermokarst 
development172, human mismanagement36,173, destruc-
tive logging174 and industrial development175. These 
emerging threats could lead to unexpected changes in 
vegetation greenness relative to our current projections 
(such as the projections shown in FIGS 2e–h,5), since 
these processes are under- represented in ESMs. Thus, 
integrating continued space and ground monitoring and 
advancing ESM developments is a critical cross- sectoral 
research priority.
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Table. S1 | Categorization of vegetation indices based on three derivative forms of surface 24 

reflectance with respect to wavelength. Details for the derivative forms can be found in ref. 1. 25 

Type Vegetation Index 

Type 1 NDVI (Normalized Difference Vegetation Index; ref. 2), SR (Simple 

Ration; ref. 3), SAVI (Soil Adjusted Vegetation Index; ref. 4), TSAVI 

(Transformed Soil Adjusted Vegetation Index; ref. 5), OSAVI (Optimized 

Soil Adjusted Vegetation Index; ref. 6), PVI (Perpendicular Vegetation 

Index; ref. 7), WDVI (Weighted Difference Vegetation Index; ref. 8), GCI 

(Green Chlorophyll Index, ref. 9), GNDVI (Green Normalized Difference 

Vegetation Index; ref. 10), GRVI (Green Ratio Vegetation Index; ref. 11), 

PRI (Photochemical Reflectance Index; ref. 12), DVI (Difference 

Vegetation Index; ref. 13), NDWI (Normalized Difference Water Index; 

ref. 14), CCI (Chlorophyll/Carotenoid Index; ref. 15)  

Type 2 GEMI (Global Environmental Monitoring Index; ref. 16), Greenness (ref. 

17), NLI (Non-Linear Index; ref.18), NIRv (Near-Infrared Reflectance of 

Vegetation, ref. 19)  

Type 3 EVI (Enhanced Vegetation Index, ref. 20), ARVI (Atmospherically 

Resistant Vegetation Index; ref. 21), SARVI (Soil Adjusted and 

Atmospherically Resistant Vegetation Index; ref. 21), GARI (Green 

Atmospherically Resistant Index; ref. 22) 
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Table. S2 | Summary of satellite global NDVI products. 26 

NDVI 

Product 
Time span Data input source 

Ground Sampling 

Distance 
Frequency Reference

MODIS#,* 
2000 (2002) – 

Present 
Terra(Aqua)/MODIS C6 reflectance

250 m, 500 m, 1 km, 

and 0.05º 
16-day & Monthly Ref. 23 

VIIRS#,* 2012 - Present Suomi-NPP/VIIRS reflectance 500 m, 1 km, and 0.05º 16-day & Monthly Ref. 24 

DSCOVR# 2015 – Present DSCOVR/EPIC reflectance 10 km Hourly & daily Ref. 25 

NDVI3g 1981 - 2018 AVHRR GAC level-1b data 1/12º Biweekly Ref. 26 

VIP4 1981 - 2016 
LTDR3 AVHR09C1 and 

MOD09CMG data 
0.05º 

Daily, 7-day, 15-day, 

monthly 
Ref. 27 

LTDR5# 1981 - Present AVHRR GAC level-1b data 0.05º Daily Ref. 28 

CGLS# 

(or GEOV2) 
1999 - Present 

SPOT/VGT & PROVA-V 

reflectance 
1/112º 10-day Ref. 29 

#: The product has been operationally generated, archived, and disseminated. 27 
*: EVI (Enhanced Vegetation Index) is also available in this product. 28 

  29 
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Table. S3 | Comparison of data and processing from AVHRR, MODIS, SPOT-VGT and MERIS sensors. 30 

AVHRR MODIS SPOT-VGT MERIS 

Broad red and near-infrared 

wavelength channels. These are not 

necessarily chosen to be responsive 

to changes in vegetation as these are 

meteorological sensors. 

Narrow red and near-infrared 

wavelength channels designed 

specifically to respond to vegetation 

changes 30. 

Moderately narrow red and 

near-infrared wavelength channels 

designed specifically to respond to 

vegetation changes31. 

Very narrow red and near-infrared 

wavelength channels designed 

specifically to respond to vegetation 

changes. 

    

No on-board calibration. Sensor 

calibrated before launch, but loses 

calibration over time32. 

On-board calibration. Sensor 

calibrated before launch and during 

operation regularly. The sensor is 

also periodically calibrated using the 

moon33. 

No on-board calibration. Sensor 

calibrated before launch, but loses 

calibration over time31. 

Sensor calibrated before launch and 

during operation regularly. MERIS 

on-board calibration is based on 

on-board measurements of sunlight34.

    

Multiple sequential sensors with little 

or no overlap26. Each sensor data 

span is about 3 to 4 years. 

Inter-sensor data calibration is a 

major problem. 

Two near-simultaneous sensors. The 

Terra MODIS data stream started in 

Feb 2000 (Aqua MODIS stream 

started in May 2002). Overlaps 

allows inter-sensor calibration. 

Two sensors. VEGETATION 1 

(VGT1) on board SPOT4, launched 

in March 1998, and VEGETATION 

2 (VGT2) on board SPOT5 launched 

in May 200235. After February 2003, 

VGT1 has no longer been used for VI 

products. Overlaps allows 

inter-sensor calibration. 

One sensor. The ENVISAT MERIS 

LAI data stream started in July 2002 

and ended in March 201236. No 

official products for NDVI and EVI.
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Satellite loses orbit over time. Data is 

collected over progressively lower 

and lower sun angles37. Variations in 

data due to sun angle changes are 

conflated with changes in vegetation. 

Both Terra and Aqua platforms 

maintain precise orbits. Any orbit 

loss is periodically corrected by 

pushing the satellites into their 

designated orbits. Variations in data 

due to changes in sun-sensor 

geometry are explicitly considered 

during LAI retrievals38,39 . 

The signal is stable. Irradiance 

variations due to sun-earth distance 

and sun-sensor geometry are 

explicitly corrected31. 

 

Orbital information is unknown. 

    

Minimal correction for atmospheric 

contamination of signals emanating 

from vegetation. Sensor lacks 

additional wavelength channels 

required for accurate cloud 

screening, correction for daily 

tropospheric aerosol contamination 

and periodic stratospheric aerosol 

contamination (following volcanic 

eruptions)40. 

Sensor has several channels that are 

used to accurately screen for clouds, 

including high cirrus. Atmospheric 

correction for molecular and 

tropospheric aerosol contamination is 

performed accurately with a radiative 

transfer-based algorithm on a daily 

basis for each of the seven vegetation 

channels41,42. 

A simplified physics-based 

atmospheric correction algorithm 

(based on the 6S method) is 

employed for water vapor, ozone, 

and tropospheric aerosol31. 

Several different radiative 

transfer-based algorithms are used for 

atmospheric correction for aerosol 

optical thickness, columnar water 

vapor and surface reflectance, as well 

as for LAI retrieval36,43.  

    

As no physics-based processing is 

possible with AVHRR channel data. 

NDVI and EVI generally 

corresponds to the data with minimal 

The physics-based processing 

removes atmospheric effects and 

provides users with at-ground 

reflectance data for each of the seven 

A simplified physics-based 

processing removes atmospheric 

effects and provides users with 

at-ground reflectance data for NDVI 

No official products available for 

NDVI and EVI. Various approaches 

were proposed based on top of 

atmosphere reflectance and surface 
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atmospheric contamination26,44. channels, and for NDVI and EVI 

products20,42. 

and EVI products. reflectance. 

    

LAI products are derived using 

black-box approaches such as neural 

nets. Partial validation with ground 

measurements40. No suitable field 

data prior to 2000 exist for validation. 

The channel reflectance data are used 

in other physics-based algorithms to 

derive leaf area estimates39,45 . The 

derived products are extensively 

validated with ground 

measurements46. All the algorithms 

have been periodically updated and 

the entire archive is re-processed to 

produce newer versions of the data 

products. 

LAI products are derived using 

black-box approaches i.e., neural 

networks. The product has been 

extensively validated with ground 

measurements47. 

The LAI retrieval based on the 

BEAM MERIS vegetation processor. 

This algorithm is trained by neural 

networks with a suite of simulated 

top-of-atmosphere radiances, using 

the Scattering by Arbitrarily Inclined 

Leaves (SAIL), PROSPECT and a 

simplified method for atmospheric 

correction36. 

    

Low spatial resolution (8×8 km2) and 

15-day frequency for the period July 

1981 to December 201626,40. 

Moderate spatial resolution 

(500×500 m2), 8-day/16-day 

frequency for the period Feb 2000 to 

Dec 201820,46,48. 

1/112° ×1/112° spatial resolution 

(1×1 km2), 10-day frequency for the 

period 1999-present47. 

1/360° ×1/360° spatial resolution 

(300×300 m2), 10-day frequency for 

the from 2002-201236. 

 31 

  32 
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Table. S4 | Summary of satellite global LAI products. 33 

LAI 

Product 
Time span Data input source 

Ground 

Sampling 

Distance 

Frequency Algorithm Reference 

MODIS# 

2000 

(2002) – 

Present 

Terra(Aqua)/MODIS C6 

reflectance 
500 m 

8-day (4-day for 

Terra/Aqua 

combined) 

LUT based on 3D RT Ref. 46,48 

VIIRS# 
2012 – 

Present 
Suomi-NPP/VIIRS reflectance 500 m 8-day LUT based on 3D RT Ref. 49 

DSCOVR# 
2015 – 

Present 
DSCOVR/EPIC reflectance 10 km Hourly & daily LUT based on 3D RT Ref. 50 

LAI3g 
1981 – 

2018 
GIMMS NDVI3g 1/12º Biweekly 

ANN trained with 

MODIS LAI 
Ref. 40 

GLASS 
1981 – 

2017 

NOAA/AVHRR LTDR 

reflectance & Terra/MODIS C6 

reflectance 

0.05º (1km 

available from 

2000) 

8-day 

GRNN trained with 

CYCLOPES and 

MODIS LAIs 

Ref. 51 

TCDR# 
1981 – 

Present 

NOAA/AVHRR TCDR 

reflectance 
0.05º Daily 

ANN trained with 

MODIS LAI 
Ref. 52 

GLOBMAP 
1981 – 

2017 

GIMMS NDVI & 

Terra/MODIS C6 reflectance 
1/13.75º 

Biweekly, 1982 

– 1999/2 

8-day, 2000/3 – 

2017 

LUT based on RT Ref. 53 
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CGLS# 

(or 

GEOV2) 

1999 – 

Present 

SPOT/VGT & PROVA-V 

reflectance 
1/112º 10-day 

ANN trained with 

CYCLOPES and 

MODIS LAIs 

Ref. 29 

MERIS 2002-2012 ENVISAT/MERIS reflectance 1/360º 10-day 
ANN trained with 1D 

RT 
Ref. 36 

#: The product has been operationally generated, archived, and disseminated. 34 

 35 

Data Archives  36 
MODIS: https://earthdata.nasa.gov/ 37 
VIIRS: https://earthdata.nasa.gov/ 38 
GLASS: http://globalchange.bnu.edu.cn/research/lai 39 
TCDR: https://www.ncei.noaa.gov/data/avhrr-land-leaf-area-index-and-fapar/access/ 40 
LAI3g: http://sites.bu.edu/cliveg/datacodes/ 41 
GLOBMAP: http://www.globalmapping.org/ 42 
CGLS LAI: https://land.copernicus.eu/global/products/lai 43 
CGLS NDVI: https://land.copernicus.eu/global/products/ndvi 44 
NDVI3g: https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/ 45 
VIP4: https://vip.arizona.edu/viplab_data_explorer.php 46 
LTDR5: https://ltdr.modaps.eosdis.nasa.gov/cgi-bin/ltdr/ltdrPage.cgi?fileName=products 47 
  48 
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Table. S5 | CMIP5 models used in this study. 49 

Model abbreviation historical RCP2.6 RCP4.5 RCP6.0 RCP8.5 

bcc-csm1-1 √ √ √ √ √ 

Bcc-csm1-1-m √ √ √ √ √ 

BNU-ESM √ √ √  √ 

CCSM4 √ √ √ √  

CESM1-BGC √  √  √ 

CESM1-CAM5 √ √ √ √ √ 

CanESM2 √ √ √  √ 

GFDL-CM3 √  √   

GFDL-ESM2G √ √  √ √ 

GFDL-ESM2M √  √ √ √ 

HadGEM2-CC √  √  √ 

HadGEM2-ES √ √ √ √ √ 

IPSL-CM5A-LR √ √ √ √ √ 

IPSL-CM5A-MR √ √ √ √ √ 

MIROC-ESM-CHEM √ √ √ √ √ 

MIROC-ESM √ √ √ √ √ 

MPI-ESM-LR √ √ √  √ 

MPI-ESM-MR √ √ √  √ 

NorESM1-ME √ √ √ √ √ 

NorESM1-M √ √ √ √ √ 

inmcm4 √  √  √ 

 50 
 51 
  52 
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Despite early speculation to the contrary, all tropical forests stud-
ied to date display seasonal variations in the presence of new
leaves, flowers, and fruits. Past studies were focused on the timing
of phenological events and their cues but not on the accompanying
changes in leaf area that regulate vegetation–atmosphere ex-
changes of energy, momentum, and mass. Here we report, from
analysis of 5 years of recent satellite data, seasonal swings in green
leaf area of !25% in a majority of the Amazon rainforests. This
seasonal cycle is timed to the seasonality of solar radiation in a
manner that is suggestive of anticipatory and opportunistic pat-
terns of net leaf flushing during the early to mid part of the
light-rich dry season and net leaf abscission during the cloudy wet
season. These seasonal swings in leaf area may be critical to
initiation of the transition from dry to wet season, seasonal carbon
balance between photosynthetic gains and respiratory losses, and
litterfall nutrient cycling in moist tropical forests.

remote sensing ! tropical forests phenology ! vegetation climate interaction

The trees of tropical rainforests are known to exhibit a range
of phenological behavior, from episodes of ephemeral leaf

bursts followed by long quiescent periods to continuous leafing,
and from complete intraspecific synchrony to complete asyn-
chrony (1 ). Several agents (e.g., herbivory, water stress, day
length, light intensity, mineral nutrition, and flood pulse) have
been identified as proximate cues for leafing and abscission in
these communities (1 – 8 ). These studies were focused on the
timing of phenological events but not on the accompanying
changes in leaf area. Leaves selectively absorb solar radiation,
emit longwave radiation and volatile organic compounds, and
facilitate growth by regulating carbon dioxide influx and water
vapor efflux from stomates. Therefore, leaf area dynamics are
relevant to studies of climatic, hydrological, and biogeochemical
cycles.

The sheer size and diversity of rainforests preclude a synoptic
view of leaf area changes from ground sampling. We therefore
used data on green leaf area of the Amazon basin (!7 .2 " 1 0 6

km2 ) derived from measurements made by the Moderate Res-
olution Imaging Spectroradiometer (MODIS) onboard the Na-
tional Aeronautics and Space Administration’s (NASA’s) Terra
satellite [see ref. 9 and supporting information (SI) Materials and
Methods]. These data were expressed as one-sided green leaf
area per unit ground area [leaf area index (LAI)].

Results
Seasonality in LAI Time Series. Leaf area data for the Amazon
rainforests exhibit notable seasonality, with an amplitude (peak-
to-trough difference) that is 2 5 % of the average annual LAI of
4 .7 (Fig. 1 A). This average amplitude of 1 .2 LAI is about twice
the error of a single estimate of MODIS LAI, and thus is not an
artifact of remote observation or data processing (see SI Mate-
rials and Methods). The aggregate phenological cycle appears
timed to the seasonality of solar radiation in a manner that is
suggestive of anticipatory and opportunistic patterns of leaf
f lushing and abscission. These patterns result in leaf area leading
solar radiation during the entire seasonal cycle, with higher leaf
area during the shorter dry season when solar radiation loads are
high and lower leaf area during the longer wet season when
radiation loads decline significantly. This seasonality is roughly
consistent with the hypothesis that in moist tropical forests,
where rainfall is abundant and herbivore pressures are modest,
seasonal increase in solar radiation during the dry season might
act as a proximate cue for leaf production (1 , 2 , 4 ).

In a community dominated by leaf-exchanging (1 0 ) evergreen
trees, leaf area can increase if some of the older leaves that are
photosynthetically less efficient because of epiphylls and poor
stomatal control are exchanged for more numerous new leaves.
Leaf area can decrease if the new leaves are less numerous than
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the older ones that are dropped. If such exchanges are staggered
in time among the individuals over a large area, for example due
to asynchrony (7 ), they can result in a gradually increasing
spatially averaged leaf area over a period of several months
during the ascending phase of the seasonal cycle, and a gradually
decreasing leaf area during the descending phase, while main-
taining the evergreen character of the rainforest (Fig. 1 A). These
patterns of net leaf f lushing and abscission also generate higher
leaf litterfall in the dry season relative to the wet season, as
reported in refs. 1 1 – 1 3 . Such a leaf strategy will enhance
photosynthetic gain during the light-rich dry season (1 4 – 1 9 ),
provided the trees are well hydrated (2 ), and reduce respiratory
burden during the cloudy wet season.

Leaf area changes in the adjacent grasslands and savannas in
Brazil are concordant with rainfall data (Fig. 1 B): higher leaf area
in the wet season and lower leaf area in the dry season. This
expected behavior imbues confidence in the opposing seasonality of
deep-rooted and generally well hydrated (2 ), but light-limited (2 , 4 ,
1 7 , 1 8 ), rainforests inferred from the same LAI data set.

Geographic Details of Leaf Area Changes. The satellite data provide
geographic details of leaf area changes in the Amazon (Fig. 2 A).
The region with a distinct seasonality of leaf area spans a broad
contiguous swath of land that is anchored to the Amazon River,

from its mouth in the east to its westernmost reaches in Peru, in
the heart of the basin. This pattern is notable for at least two
reasons. First, for its homogeneity; a higher dry-season leaf area
relative to the wet season is observed in !5 8 % of all rainforest-
occupied pixels, whereas only 3 % show the opposite change (Fig.
2 B). Second, the homogeneous region roughly overlies the
precipitation gradient (2 0 ) in the basin (see SI Materials and
Methods and SI Fig. 4 C), suggesting that the amplitude is, to a
first approximation, independent of the duration and intensity of
the dry season. For example, an amplitude of !1 LAI unit is
observed in areas with two to five dry months in a year.
Ostensibly, these forests maintain high leaf area (1 9 , 2 1 ) and
remain well hydrated during the dry season in nondrought years
(see SI Materials and Methods and SI Fig. 5 ) via their deep root
systems (2 , 2 2 ) and/or through hydraulic redistribution (2 3 , 2 4 ),
which is also verified through a recent model study (see SI
Materials and Methods: Modeling GPP Seasonality of Amazon
Rainforests by Constraining Rooting Depths). Similar changes are
not seen in !4 0 % of the rainforest pixels, some of which
represent transitional and drier rainforests to the south and east.

Correlation Among Changes in Leaf Area, Solar Radiation, and Pre-
cipitation. To associate quantitatively the changes in leaf area,
solar radiation, and precipitation, we correlated the successive

Fig. 1. Time series of monthly LAI from the Terra MODIS instrument (green),
monthly maximum of hourly average surface solar radiation from the Terra
Clouds and the Earth’s Radiant Energy System (CERES) and Geostationary
Operational Environmental Satellite 8 (GOES-8) instruments (red), and
monthly merged precipitation from the Tropical Rainfall Measuring Mission
(TRMM) and other sources (blue). (A) Time series based on data averaged over
all Amazon rainforest pixels, as identified in the MODIS land cover map (SI Fig.
4B), south of the equator. The start of the data record is March 2000 and the
end points are September 2005 (LAI), May 2005 (solar radiation), and August
2005 (precipitation). The shaded areas denote dry seasons, defined as months
with precipitation #100 mm or less than one-third the precipitation range
[0.33!(maximum–minimum) $ minimum]. The solar radiation data are for all
sky conditions and include direct and diffuse components. (B) Same as A
except that the data are from savanna and grassland pixels adjacent to the
Amazon basin in Brazil and south of the equator (SI Fig. 4B). The shaded areas
denote dry seasons, defined as months with precipitation #50 mm. Informa-
tion on the data is given in SIMaterials and Methods.

Fig. 2. Seasonal amplitude of LAI. (A) Color-coded map of LAI amplitudes
greater than 0.66 or less than %0.66; this threshold (!0.66!) is the smallest LAI
difference discernable with the MODIS LAI data set (see SIMaterials and
Methods). In regions with dry seasons longer than 3 months, the amplitude is
calculated as the difference between the maximum 4-month average LAI in
the dry season minus the minimum 4-month average LAI in the wet season.
Where the dry season is three or fewer months, the amplitude is calculated as
the difference between the dry-season average LAI and the minimum
4-month average LAI in the wet season. The dry and wet seasons are defined
based on the precipitation data set at 15& spatial resolution (see SIMaterials
and Methods). Thus, the seasons vary spatially and interannually. (B) Distri-
bution of LAI amplitude for all Amazon rainforest pixels. The color scheme is
similar to that in A.
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monthly differences of these variables, first by using the spatially
averaged data shown in Fig. 1 A and second by using pixel-level
data. Changes in LAI are both positively correlated with changes
in solar radiation (P # 0 .0 0 0 1 ) and negatively correlated with
changes in precipitation (P # 0 .0 0 0 1 ), but the correlations
between leaf area and radiation changes are larger and, at the
pixel level, more numerous (Fig. 3 and SI Fig. 6 ). The negative
correlations between LAI and precipitation are likely an indirect
effect of the changes in cloudiness and radiation associated with
precipitation changes (1 7 ). These results, together with past
phenological studies, support the idea of an evolved pattern of
endogenously controlled vegetative phenology that is timed to
the seasonality of solar radiation (2 , 1 0 ).

Discussion
The consistency between leaf area, solar radiation, and precip-
itation data from various satellite instruments is especially
noteworthy. However, the strong seasonality in cloud cover and

tropospheric aerosol loading may introduce seasonally opposing
artifacts in MODIS leaf area. In the Amazon region there is
significant cloudiness, which varies greatly between the wet and
dry seasons. This seasonality in cloud cover can bias the results
if cloud-contaminated retrievals are not screened out from the
analysis. To minimize the impact of clouds, we used a coarse-
resolution (8 km and monthly) data set that was derived by
averaging the best-quality LAI values from the standard 1 -km,
8 -day MODIS data set (see SI Materials and Methods). Although
some of the coarse-resolution LAI values were based on fewer
high-quality estimates in the wet season, this did not bias the
inferred seasonal LAI amplitudes.

The high aerosol content in the dry season, from biomass
burning, natural biogenic emissions, and soil dust resuspension
(2 5 ), can result in artificially low LAI values unless the reflec-
tance data are corrected for aerosol effects. The MODIS
processing system was found to correct well for such effects (see
SI Materials and Methods and SI Fig. 7 ). The LAI values may
have been underestimated by !5 % from any residual aerosol
effects. This effect is small and of opposite timing relative to the
observed seasonality. Other possible sources of bias, such as
reflectance saturation at high leaf area and changes in the light
scattering and absorption properties of leaves due to aging and
epiphylls (2 6 ), were found to be small and with the wrong timing
to significantly alter our estimates of the amplitude of LAI
seasonality (see SI Materials and Methods).

A robust validation of leaf area seasonality recorded in the
MODIS satellite data requires a large number of leaf area mea-
surements. These are presently lacking for the obvious reasons of
cost, site accessibility, and the difficulty and questionable accuracy
of ground sampling techniques. Nevertheless, the available data and
published evidence support early to mid-dry season leaf area
enhancement (2 1 , 2 2 ), although further testing of this phenomenon
is needed. The mechanism by which leaf area increases through the
early dry season and decreases through the wet season (cf. Fig. 1 )
is partially supported by published observations on litterfall sea-
sonality (1 1 – 1 3 ), but data on accompanying leaf emergence and
expansion are lacking.

There is emerging evidence that the rainforest plays a critical
role in initiating the onset of the wet season in the Amazon (ref.
2 7 ; see also SI Materials and Methods). An increase in surface
evapotranspiration at the end of the dry season appears to be the
primary cause of increased buoyancy of surface air, which
consequently increases the probability of atmospheric convec-
tion and rainfall. The 2 5 % increase in LAI over nearly 6 0 % of
the Amazon rainforest during the dry season reported in this
article therefore suggests a potentially important role of vege-
tation in controlling the initiation of the wet season.

The seasonal dynamics and interplay between canopy photo-
synthesis and ecosystem respiration will likely be altered by this
unexpected seasonality in leaf area (1 1 , 1 4 – 1 9 , 2 8 ), with atten-
dant consequences for litterfall nutrient cycling (2 9 ). However,
depending on other environmental and ecological constraints
associated with vapor pressure deficits, temperatures, water and
nutrient availability, etc., the dry-season increase in leaf area and
sunlight may or may not result in enhanced photosynthetic
activity. The transitional and seasonally dry forests in the
southern Amazon do not show enhanced dry-season greening,
which may indicate that these forests could be water-limited. A
similar response can be envisioned for the more humid forests in
drought years, especially those associated with strong El Niño
events. Therefore, it is important to further investigate the
significance of these changes in regard to climatic, hydrological,
and biogeochemical cycles, and whether such swings in leaf area
also exist in the moist forests of Africa and Asia.

Fig. 3. Correlation coefficients. (A) Correlation between first differences of
LAI and solar radiation. The first differences of LAI ['LAI(t)] are calculated as
LAI(t $ 1) % LAI(t), where t is months in the timeline March 2000 to May 2005.
The number of data points is 62 for each pixel. Correlation coefficients greater
than 0.25 or less than %0.25 are shown (P # 0.05). The analysis was performed
for rainforest pixels with LAI amplitudes greater than 0.66 or less than %0.66;
this threshold (!0.66!) is the smallest LAI difference discernable with the MODIS
LAI data set (see SIMaterials and Methods). (B) Correlation between first
differences of LAI and precipitation.
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Materials and Methods
A continuous record of data on green leaf area from the MODIS
onboard NASA’s Terra satellite was used to track leaf area changes
over the Amazon basin from March 2 0 0 0 to September 2 0 0 5 . An
8 -km monthly LAI data set obtained by averaging the cloud-free
main algorithm LAI estimates available in the standard 1 -km, 8 -day
data set was used in this study. Monthly precipitation data at 1 5 &
spatial resolution for the period January 1 9 9 8 to August 2 0 0 5 , and

monthly solar radiation data at 1 ° spatial resolution for the period
March 2 0 0 0 to May 2 0 0 5 , were also used. A detailed description of
these data sets and of the validation of the MODIS LAI data set are
given in SI Materials and Methods and SI Table 1 .

This work was supported by grants from the National Aeronautics and
Space Administration. V.V.S. is a Senior Scientist (Emeritus) of NASA
Goddard Space Flight Center.
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[1] A large increase in near-infrared (NIR) reflectance of Amazon forests during the
light-rich dry season and a corresponding decrease during the light-poor wet season has
been observed in satellite measurements. This increase has been variously interpreted as
seasonal change in leaf area resulting from net leaf flushing in the dry season or net
leaf abscission in the wet season, enhanced photosynthetic activity during the dry season
from flushing new leaves and as change in leaf scattering and absorption properties
between younger and older leaves covered with epiphylls. Reconciling these divergent
views using theory and observations is the goal of this article. The observed changes in
NIR reflectance of Amazon forests could be due to similar, but small, changes in NIR leaf
albedo (reflectance plus transmittance) resulting from the exchange of older leaves for
newer ones, but with the total leaf area unchanged. However, this argument ignores
accumulating evidence from ground-based reports of higher leaf area in the dry season than
the wet season, seasonal changes in litterfall and does not satisfactorily explain why
NIR reflectance of these forests decreases in the wet season. More plausibly, the increase
in NIR reflectance during the dry season and the decrease during the wet season would
result from changes in both leaf area and leaf optical properties. Such change would be
consistent with known phenological behavior of tropical forests, ground-based reports of
seasonal changes in leaf area, litterfall, leaf optical properties and fluxes of
evapotranspiration, and thus, would reconcile the various seemingly divergent views.

Citation: Samanta, A., Y. Knyazikhin, L. Xu, R. E. Dickinson, R. Fu, M. H. Costa, S. S. Saatchi, R. R. Nemani, and R. B.
Myneni (2012), Seasonal changes in leaf area of Amazon forests from leaf flushing and abscission, J. Geophys. Res., 117, G01015,
doi:10.1029/2011JG001818.

1. Introduction

[2] The spectral signatures of Amazon forests as measured
by passive optical satellite sensors such as the Moderate
Resolution Spectroradiometer (MODIS) are characterized by
two distinguishing features, strong scattering in the near-
infrared (NIR) from internal-leaf cellular structures, and
equally strong absorption in the shorter red and blue wave-
lengths from chlorophyll and other pigments vital to the
process of photosynthesis. The NIR reflectance, the fraction
of incident solar radiation at NIR wavelengths reflected by a

surface, of these forests is an order of magnitude greater than
the reflectance at red and blue wavelengths (Figure 1 and
Figure S1 in the auxiliary material), and in any given year,
increases by about 23% during the dry season and similarly
decreases during the following wet season (Figure 1) [also
Asner et al., 2004].1 This large increase in NIR reflectance
of Amazon forests during the light-rich dry season has been
variously interpreted, but generally characterized as from a
greening of the Amazon forests during the dry season [Huete
et al., 2006; Xiao et al., 2006; Brando et al., 2010; Myneni
et al., 2007]. The objective of this paper is to harmonize
these divergent interpretations of dry season greening of
Amazon forests.
[3] The MODIS Enhanced Vegetation Index (EVI) is

defined by an algebraic manipulation of vegetation reflec-
tances at NIR, red and blue wavelengths [Huete et al., 2002].
It is principally sensitive to NIR reflectance, as one can
readily deduce from its formulation (cf. Section 3.3,
equation (4)). Not surprisingly, the EVI displays higher
values in the late dry season compared to the wet season
or early dry season [Huete et al., 2006; Xiao et al., 2006;
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Figure 1. Monthly mean near-infrared (NIR) reflectance over forests, in the Amazon region 0°–20°S and
80°–40°W, with statistically significant green-up from June to October during 2000–2009 (Figure 6a).

Figure 2. Monthly time series of EVI, NDVI and LAI over forests and savannas in the region 0°–20°S
and 80°–40°W. Valid EVI and NDVI values are averaged over all forest pixels showing statistically sig-
nificant green-up from June to October for EVI (Figure 6a). Similarly, valid LAI values are averaged over
all forest pixels showing statistically significant increase in LAI (Figure 6c). Mean EVI, NDVI and LAI
for savannas are the mean values over all savanna pixels in the region. The dry season, July to September,
is shaded.
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Brando et al., 2010] over the Amazon forests (Figure 2).
What does an increase in EVI mean? Spatiotemporal changes
in EVI are proposed to characterize similar variations in
vegetation greenness [Huete et al., 2002]. But, greenness
itself is a poorly defined property of vegetation, unlike leaf
area, for example. Nevertheless, a corresponding increase in
dry season gross primary production (GPP) inferred from
flux tower measurements at two experimental sites in
Amazon forests [Huete et al., 2006] lends credibility to the
idea of enhanced greening, possibly from flushing of new
leaves, during the light-rich dry season.
[4] The same seasonal changes in spectral reflectances of

Amazon forests have been interpreted as resulting from
large seasonal changes in green leaf area, a gradual increase
through the dry season and a corresponding decrease
through the wet season [Myneni et al., 2007] (Figure 2).
Green leaf area per unit ground area, or leaf area index
(LAI) for short, is a physical attribute of vegetation, and
thus measurable, and can be used to mechanistically quan-
tify the exchange of energy, mass and momentum between
the surface and the boundary layer [Dickinson, 1983]. The
inferred seasonal swings in LAI were hypothesized to result
from net leaf flushing in the light-rich dry season and net
leaf abscission in the light-poor wet season, a behavior that
is consistent with earlier reports of sunlight as the dominant
proximate cue for leaf flushing in tropical forests [Wright
and van Schaik, 1994] and not inconsistent with observa-
tions of enhanced GPP [Huete et al., 2006] and carbon
uptake [Carswell et al., 2002; Saleska et al., 2003] during
the dry season, relative to the wet season, as younger leaves
tend to be more photosynthetically vigorous than epiphyll-
infested older leaves with poor stomatal control, as long as
these light-limited forests [Nemani et al., 2003; Würth et al.,
2005; Graham et al., 2003; Schuur, 2003] remain well
hydrated through deep roots [Nepstad et al., 1994].
[5] The idea that tropical forests flush new leaves in

response to various cues, and most prominently to sunlight,
is not new [e.g., Wright and van Schaik, 1994]. However,
the idea that these evergreen forests display large seasonal
changes in leaf area is new [Myneni et al., 2007]. It has also
been argued by Myneni et al. [2007] that a gradually
increasing leaf area enhances the evapotranspiratory water
vapor flux into the atmosphere during the dry season, which
would facilitate convection and increase the probability of
rainfall during the late dry season, factors that influence a
transition to the wet season [Li and Fu, 2004; Fu and Li,
2004]. Field-based studies support these ideas through
reports of enhanced leaf area: 5.5 to 6.5 [Carswell et al.,
2002], 3.32 to 4.25 [Pinto-Junior et al., 2010], 8%
increase [Malhado et al., 2009], a small increase [Negrón
Juárez et al., 2009] but consistent with work of Myneni
et al. [2007], and a moderate increase in LAI [Doughty
and Goulden, 2008]. Besides, higher (on average 30%)
evapotranspiration fluxes have been observed during the dry
season [Juárez et al., 2007, 2008].
[6] Nevertheless, changes in vegetation canopy spectral

reflectances do not necessarily imply changes in LAI.
Changes in leaf optical properties from the exchange of
older leaves for newer ones during the dry season, without
changes in total leaf area, can also result in observed changes
in vegetation canopy spectral reflectances. In fact, this has
been the argument in one recent study [Doughty and

Goulden, 2008], which reported disagreement between the
seasonal course of MODIS LAI and ground-measured LAI.
This is inconsistent with other data from the same forest in
the Amazon that shows considerable litterfall in the wet
season [Xiao et al., 2005]. A more recent detailed analysis of
litterfall data from 81 sites across the forests of tropical
South America actually shows a relationship between
litterfall and rainfall seasonality, with some evidence of
high levels of litterfall during the wet season, in addition to
the dry season [Chave et al., 2010]. Nevertheless, a sensi-
tivity analysis with a simple radiative transfer model con-
firmed [Doughty and Goulden, 2008] that changes in
canopy reflectances could be explained from changes in leaf
optical properties [Roberts et al., 1998] alone. These find-
ings have additional support from another study [Asner and
Alencar, 2010], which suggested that the higher NIR
canopy reflectance during the dry season could be due to
enhanced new leaf area at the top of the canopy, with
overall canopy leaf area remaining unchanged, presumably
through abscission of more numerous older leaves in the
bottom reaches of the canopy. Neither of these studies
provided valid explanation for the observed decrease in NIR
canopy reflectance during the wet season (Figure 1),
although aging and epiphylls are invoked by Doughty and
Goulden [2008] in a manner that is inconsistent with
observations of leaf demography [Reich et al., 2004] and
phenological behavior (see Introduction by Myneni et al.
[2007]) in tropical forests.
[7] This brings us to the heart of the debate: are the

observed seasonal changes in NIR reflectance of Amazon
forests (Figure 1) due to changes in leaf area, or to changes
in leaf optical properties, or both? The proposition that
changes in forest canopy reflectances are due alone to
changes in leaf optical properties, as argued by Doughty and
Goulden [2008] and Asner and Alencar [2010] and recently
discussed by Brando et al. [2010], does not acknowledge
ground-based measurements of seasonal leaf area changes
[Asner et al., 2004; Carswell et al., 2002; Pinto-Junior et al.,
2010; Malhado et al., 2009; Negrón Juárez et al., 2009;
Doughty and Goulden, 2008] and litterfall [Xiao et al., 2005;
Chave et al., 2010], and emerging evidence regarding the
role Amazon forests play in the transition from dry to wet
season [Li and Fu, 2004; Fu and Li, 2004; Juárez et al.,
2007, 2008], all of which support the interpretation pro-
posed by Myneni et al. [2007]. On the other hand, the
argument that only leaf area changes explain changes of
forest canopy reflectance ignores the very obvious changes
in leaf optical properties between younger and older leaves
and between healthy and epiphyll infested leaves. A way to
reconcile these divergent views is the goal of this research.
[8] The rest of this paper is organized as follows: data and

methods are described in Sections 2 and 3, respectively.
Results are presented in Section 4, followed by discussion in
Section 5. Finally, conclusions are presented in Section 6.

2. Data

2.1. Satellite Vegetation Data
[9] The latest version of NASA land products, Collection 5

(C5) Enhanced Vegetation Index (EVI), Normalized
Difference Vegetation Index (NDVI) and Leaf Area Index
(LAI) and landcover data sets are used in this study.
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2.1.1. Collection 5 (C5) Vegetation Indices (VI)
[10] These are satellite data based measurements of vege-

tation greenness produced by NASA using blue (BRFBLUE,
459–479 nanometers (nm)), red (BRFRED, 620–670 nm) and
near-infrared (BRFNIR, 842–876 nm) band surface reflec-
tance data, called Bidirectional Reflectance Factor (BRF),
from the MODIS instrument aboard the Terra and Aqua
satellites [NASA Land Processes Data Active Archive Center
(LP DAAC), 2010a; Huete et al., 2002]. VIs consist of NDVI
and EVI. NDVI (1) is a radiometric measure of photosyn-
thetically active radiation absorbed by canopy chlorophyll,
and therefore, is a good surrogate measure of the physio-
logically functioning surface greenness level in a region
[Myneni et al., 1995]. NDVI has been used in many studies
of vegetation dynamics in the Amazon [e.g., Asner et al.,
2000; Dessay et al., 2004; Ferreira and Huete, 2004]. EVI
(2) is also a measure of greenness that generally correlates
well with ground measurements of photosynthesis [e.g.,
Rahman et al., 2005; Sims et al., 2008] and found to be
especially useful in high biomass tropical broadleaf forests
like the Amazon [Huete et al., 2006]. C5 MODIS Terra VI
data were used in this study.

NDVI ¼ BRFNIR " BRFRED

BRFNIR þ BRFRED
ð1Þ

EVI ¼ 2:5
BRFNIR " BRFRED

1þ BRFNIR þ 6BRFRED " 7:5BRFBLUE
ð2Þ

Two kinds of VI data sets were used, 1 & 1 km2 and 16-day
MOD13A2, and 0.05° & 0.05° and 16-day MOD13C1, for
the period February 2000–December 2009. The data set
“Vegetation Indices 16-Day L3 Global 1 km” (MOD13A2)
contains EVI (NDVI) at 1 & 1 km2 spatial resolution and
16-day frequency. This 16-day frequency arises from com-
positing, i.e., assigning one best-quality EVI (NDVI) value
to represent a 16-day period [Huete et al., 2002]. This data
set is available in tiles (10° & 10° at the equator) of
Sinusoidal projection; 16 such tiles cover the Amazon
region (approximately 10°N–20°S and 80°W–45°W). The
data were obtained from the NASA Land Processes Data
Active Archive Center (LP DAAC) (https://lpdaac.usgs.
gov). The data set “Vegetation Indices 16-Day L3 Global
0.05Deg CMG” (MOD13C1) contains EVI (NDVI) at
0.05° & 0.05° spatial resolution and 16-day frequency.
These are “cloud-free spatial composites” of MOD13A2
[LP DAAC, 2010b].
2.1.2. Collection 5 (C5) Leaf Area Index (LAI)
[11] LAI is defined as the one-sided green leaf area per

unit ground area in broadleaf canopies, and one-half the total
surface area per unit ground area in needleleaf canopies
(coniferous) [Myneni et al., 2007]. LAI is operationally
derived from atmospherically corrected surface reflectance
in the red and NIR bands measured by the MODIS sensor
onboard NASA’s Terra and Aqua satellites [LP DAAC,
2010c]. The LAI retrieval algorithm ingests surface reflec-
tances and their uncertainties, and information about land
cover as well as sun and view geometry to estimate LAI
from “look-up tables” (LUTs) pre-calculated using vege-
tation canopy radiative transfer model simulations
[Knyazikhin et al., 1998]. The C5 algorithm incorporates

major improvements including an 8 biome input landcover
map and refined LUTs, especially over woody biomes
[Shabanov et al., 2005]. The LAI product has been validated
globally as well as at sites in the Amazon [Yang et al., 2006;
Aragao et al., 2005], and has been used in studies of vege-
tation dynamics [e.g.,Myneni et al., 2007]. C5 MODIS Terra
LAI data are used in this study.
[12] The data set “Leaf Area Index – Fraction of

Photosynthetically Active Radiation 8-Day L4 Global
1 km” (MOD15A2) contains LAI at 1 & 1 km2 spatial
resolution and 8-day temporal frequency. This 8-day fre-
quency arises from compositing, i.e., assigning one best-
quality LAI value to represent an 8-day period. This data set
is available in tiles (10° & 10° at the equator) of Sinusoidal
projection; 16 such tiles cover the Amazon region
(approximately 10°N–20°S and 80°W–45°W) [LP DAAC,
2010c]. The data were obtained from the NASA LP DAAC
(https://lpdaac.usgs.gov) for the period February 2000–
December 2009.
2.1.3. Landcover Data
[13] Land cover information was obtained from the

“MODIS Terra Land Cover Type Yearly L3 Global 1 km
SIN Grid” product (MOD12Q1). This is the official NASA
C5 land cover data set [LP DAAC, 2009; Friedl et al., 2010].
It consists of five land cover classification schemes at
1 & 1 km2 spatial resolution. The International Geosphere
Biosphere Programme (IGBP) land cover classification
scheme was used to identify forest pixels in the Amazon
region.

2.2. Leaf Spectral Data
[14] Leaf albedo (reflectance + transmittance) data in NIR

were obtained from two published studies on the effects of
age and epiphyll cover on leaf spectra in the Amazon
[Roberts et al., 1998; Toomey et al., 2009]. Epiphylls com-
prise a wide range of organisms-lichens, liverworts, fungi,
algae and bacteria-that infest leaf surfaces in humid tropical
forests [Toomey et al., 2009]. Epiphylls coat the surface of
leaves, which decreases light interception in both the pho-
tosynthetically active (PAR, 400–700 nm) and NIR spectral
intervals [Roberts et al., 1998; Toomey et al., 2009]. The
data are categorized into two classes, age-based and
epiphyll-based. The age-based class consists of new and
old leaves: new leaves are about 70 days in age (late dry
season), fully formed and with minimal infestation while
old leaves are a year old (late wet season/early dry season)
and moderately infested. Spectra for this class are available
for four plants of the Caatinga (low density scrubs, wood-
lands and woodland forests) dominant Aldina heterophylla
[Roberts et al., 1998]. The epiphyll-based class comprises
clean and colonized leaves; clean leaves refer to mature
leaves with no epiphyll infestation while colonized leaves
refer to mature leaves that are moderately colonized by
epiphyll. Spectra for this category are available for two
Caatinga dominants, Pradosia schomburgkiana and Protium
heptaphyllam [Roberts et al., 1998], and three Terra Firme
(dense forests) dominants, Byrsonima cf poeppigiana, Inga
cf sertulifera and Porouma tomentosa [Toomey et al.,
2009]. The higher leaf albedo of new leaves is due
to greater transmittance, while reflectance changes are
minimal. The effect of epiphyll infestation is to reduce
both reflectance and transmittance; relative decline in
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transmittance is greater than reflectance [Roberts et al.,
1998; Toomey et al., 2009].

3. Methods

3.1. VI Data Quality
[15] The quality of VI (EVI/NDVI) data in each pixel can

be assessed using the accompanying 16-bit quality flags, in
both 1 & 1 km2 as well as the 0.05° & 0.05° products. Sets
of bits, from these 16 bits, are assigned to flags pertaining to
clouds and aerosols (details can be found in work by
Samanta et al. [2010, 2011a, 2011b] and Xu et al. [2011]).
Each 1 & 1 km2 16-day composite VI value is considered
valid when (a) VI data is produced—“MODLAND_QA”
equals 0 (good quality) or 1 (check other QA), (b) VI
Usefulness is between 0 and 11, (c) Clouds are absent—
“Adjacent cloud detected” (0), “Mixed Clouds” (0) and
“Possible shadow” (0), and (d) Aerosol content is low
or average—“Aerosol Quantity” (1 or 2). Note that
“MODLAND_QA” checks whether VI is produced or not,
and if produced, its quality is good or whether other quality
flags should also be checked. Besides, VI Usefulness Indi-
ces between 0 to 11 essentially include all VI data. Thus,
these two conditions serve as additional checks. Each
0.05° & 0.05° 16-day VI pixel is considered valid when
(a) VI data is produced—“MODLAND_QA” equals 0 (good
quality) or 1 (check other QA), (b) VI Usefulness is between
0 and 11, (c) Clouds are absent—“Adjacent cloud detected”
(0) and “Mixed Clouds” (0), and (d) Aerosol content is low
or average—“Aerosol Quantity” (1 or 2). Here, the utility of
“MODLAND_QA” and VI Usefulness flags is the same as
in the case of 1 & 1 km2 VI validity.

3.2. LAI Data Quality
[16] The quality of LAI data in each 1& 1 km2 8-day pixel

can be assessed using two accompanying 8-bit quality flags,
FparLai_QC and FparExtra_QC (details can be found in
work by Samanta et al. [2011b]). The validity of LAI was
determined through a two-stage process: (1) a 1 & 1 km2

8-day LAI pixel was considered valid when (a) data is of
good quality—“SCF_QC” equals 0 (main algorithm without
saturation) or 1 (main algorithm with saturation), (b) Clouds
are absent—“CloudState” (0), “Cirrus” (0), “MODAGAGG_
Internal_CloudMask” (0) and “MODAGAGG_Cloud_
Shadow” (0). (2) As the 8-day LAI aerosol flag does not
distinguish between average and high aerosol loadings nor
reports climatology aerosols, valid 8-day values are averaged
to 16-day LAI whose validity was further determined using
MOD13A2 cloud and aerosol flags: (a) VI data is produced-
“MODLAND_QA” equals 0 (good quality) or 1 (check other
QA), (b) VI Usefulness is between 0 and 11, (c) Clouds are
absent—“Adjacent cloud detected” (0), “Mixed Clouds” (0)
and “Possible shadow” (0), and (d) Aerosol content is low or
average-“Aerosol Quantity” (1 or 2). Valid 1& 1 km2 16-day
values were averaged to obtain monthly LAI. Finally, valid
1 & 1 km2 monthly LAI values are aggregated to 8 & 8 km2

spatial resolution. This 8 & 8 km2 monthly LAI data set
spanning February 2000–December 2009 was used in this
study.
[17] In order to test the effectiveness of the quality flags,

we have analyzed the seasonal time series of surface
reflectances and vegetation indices (VI) of both uncorrupted

(clean) and corrupted (contaminated) data (Figure S1).
Interaction of photons with dense Amazonian forests is
characterized by strong scattering in near-infrared (NIR),
and equally strong absorption in the shorter red and blue
wavelengths. The NIR reflectance of these forests is an order
of magnitude greater than the reflectance at red (blue)
wavelengths. On the other hand, atmospheric influences
scatter more strongly in the shorter red/blue wavelengths.
Thus, NIR reflectance is much less affected by atmospheric
effects in comparison to red (blue) reflectance, which is
shown in Figure S1a. Contaminated red reflectances are
artificially higher-almost double in magnitude in comparison
to clean values (Figure S1a). The difference between clean
and contaminated red reflectance remains steady during the
course of the year, which indicates lack of bias due to sea-
sonal changes in atmospheric effects, such as high aerosol
loads in the dry season from biomass burning (e.g., as dis-
cussed by Samanta et al. [2010]). These changes in surface
reflectances translate into lower estimates of surface green-
ness or VIs. NDVI reduces by about 24% and EVI by about
18%, especially during the dry season (Figure S1b). More-
over, Myneni et al. [2007] have reported that residual
atmospheric effects reduce leaf area index (LAI) estimates
by about 5% during the dry season. These results show that
seasonal variations in atmosphere-corrupted data are incon-
sistent with those observed with clean data. Furthermore,
any remaining residual atmospheric influences that would
reduce seasonal changes in measured greenness are elimi-
nated by ensuring that the observed increase in VIs is greater
than the errors in VIs (as mentioned in the caption of Figure 6).
Thus, we conclude that the seasonal changes in vegetation
greenness reported in the manuscript are not an artifact of
residual atmospheric effects in surface reflectances.

3.3. Saturation of NDVI
[18] Photosynthesizing (green) vegetation strongly

absorbs in red and blue bands and scatters in the NIR band.
NIR reflectance of dense canopies such as Amazonian for-
ests is an order of magnitude higher than red reflectance
(Figures 1 and S1). In such situations, the formulation of
NDVI (1) renders it relatively insensitive to changes in NIR,
which can be shown as follows:

dNDVI ¼ 2BRFRED

BRFNIR þ BRFREDð Þ2
dBRFNIR "

2BRFNIR

BRFNIR þ BRFREDð Þ2
dBRFRED

dNDVI ¼ 2BRFRED

BRFNIR þ BRFREDð Þ2
dBRFNIR;dBRFNIR ≫ dBRFRED

dNDVI
NDVI

¼ 0:2
dBRFNIR

BRFNIR
;BRFNIR ' 10BRFRED ð3Þ

Similarly, for EVI we can write,

dEVI ¼ G
1þ C1ð ÞBRFRED " C2BRFBLUE þ L

BRFNIR þ C1BRFRED " C2BRFBLUE þ 1ð Þ2
dBRFNIR;

dBRFNIR ≫ dBRFRED;dBRFBLUE

dEVI
EVI

¼ dBRFNIR

BRFNIR

! "
1þ 0:325BRFNIR

0:9 1þ 1:225BRFNIRð Þ

# $
;

C1 ¼ 6;C2 ¼ 7:5;BRFNIR ' 10BRFRED;BRFRED ' 2BRFBLUE

ð4Þ
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Equation (4) implies that a given increase in NIR would
translate into a five times lesser increase in NDVI (Figure 3).
On the other hand, EVI is very sensitive to changes in NIR
and does not exhibit the saturation problem (Figure 3).

3.4. Sensitivity of BRF to Variation in LAI
and Leaf Optics
[19] The theory of spectral invariants [Knyazikhin et al.,

2010] was used to examine the sensitivity of the canopy
near-infrared (NIR) BRF to LAI and leaf optical properties
under saturation conditions. If the impact of canopy back-
ground on canopy reflectance is negligible as in the case of
dense Amazonian forests, the spectral BRF can be approxi-
mated as [Knyazikhin et al., 2010; Schull et al., 2010; Huang
et al., 2008]:

BRF l;Wð Þ ¼ r Wð Þwl

1" pwl
i0 ¼

r Wð Þ
1" p

i0 W0ð Þ
# $

wl 1" pð Þ
1" pwl

# $
¼ K W;W0ð ÞWl

ð5Þ

Here r is the directional escape probability, i.e., probability
that a photon scattered by a leaf will escape the vegetation
medium in a given direction W. It also can be interpreted as
the probability of seeing a gap in the direction W from a leaf
surface [Stenberg, 2007]. Spherical integration of r over all
directions gives the total escape probability, (1"p), where p
is the recollision probability, i.e., the probability that a
photon scattered by a leaf will interact with another leaf in
the canopy again. Further, i0, the probability of initial colli-
sion, or canopy interceptance, is the portion of incoming
photons that collide with leaves for the first time. It depends
on the direction of radiation incident on the vegetation
canopy. Finally, wl is the leaf albedo, which is the portion
of the radiation incident on the surface of an individual leaf
that the leaf transmits or reflects. In the present approach,
this is the only variable that is dependent on the wavelength.
It allows the parameterization of BRF in terms of leaf

albedo rather than wavelength. Therefore wavelength
dependence will be suppressed in further notations.
[20] Two separate factors are shown in equation (5), each

exhibiting a different sensitivity to canopy structure and leaf
optics. The wavelength independent ratio P = r/(1 " p)
gives the portion of gaps as seen from a leaf surface in a
given direction W. This variable is sensitive to canopy geo-
metrical properties such as spatial distribution of trees,
ground cover, crown shape, size, and transparency [Schull
et al., 2010]. In the case of Amazon forests, changes in
canopy structure over monthly time-scales are assumed
negligible. At high LAI values, the canopy interceptance i0
varies insignificantly with LAI due to the saturation. Under
such conditions, the observed variation in NIR BRF is much
stronger than corresponding variation in K = Pi0, typically
2–3%, and thus changes in canopy structure alone cannot
explain the observations (cf. Section 3.4.1).
[21] The second factor is the canopy scattering coefficient,

Wl = wl (1 " p) / (1 " pwl) [Smolander and Stenberg,
2005], which depends on both canopy structure and leaf
optics. It increases with the leaf albedo; the more the leaves
scatter, the brighter the canopy is. Variations in LAI, how-
ever, trigger an opposite tendency. As the recollision prob-
ability increases with LAI [Knyazikhin et al., 1998;
Smolander and Stenberg, 2005; Rautiainen et al., 2009],
an increase in LAI results in more photon-canopy interac-
tions and consequently a higher chance for photon to be
absorbed. This mechanism makes the canopy appear darker.
The effect of multiple scattering is described by the
denominator in the equation for Wl [Huang et al., 2008],
which in turn is fully determined by the product k = pwl. An
increase in k not only enhances the effect of multiple scat-
tering but also changes the sensitivity of the BRF: the closer
its value is to unity, the stronger the response of canopy BRF
to variations in canopy structure and leaf optics. If variation
in K is negligible, changes in BRF can be reduced to
examining variations in the scattering coefficient.

Figure 3. Sensitivity of Enhanced Vegetation Index (EVI) and Normalized Difference Vegetation Index
(NDVI) to changes in near-infrared (NIR) reflectance (BRFNIR) for dense vegetation. NIR reflectance is set
at 10*red (BRFRED) and 20*blue (BRFBLUE), which is typically observed in dense canopies such as
Amazon forests. Note that relative change in NDVI is independent of the magnitude of NIR reflectance.
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[22] The vegetation canopy is parameterized in terms of
the recollision probability, 0 ≤ p ≤ 1, leaf albedo, 0 ≤ w ≤ 1,
and the sensitivity parameter, k = pw ≤ min(w, p). Let the
sensitivity of BRF to canopy structure and leaf optics at time
t and t1 = t +Dt be k and k1 = k + dk, dk ≥ 0, respectively.
Note that k and k1 do not uniquely specify the recollision
probabilities and leaf albedos since various combinations
can result in the same values of the sensitivity parameter,
which impact canopy reflective properties differently. To
characterize the contribution of LAI to a change in the sen-
sitivity parameter from by k to k+dk, the following impact
function is introduced:

k ¼ dp=p
dk=k

¼ dp=p
dp=pþ dw=w

ð6Þ

In general, k varies between "∞ and +∞. Values of k greater
than 1 imply a decrease in leaf albedo, i.e., dw/w < 0. Var-
iations in LAI and leaf optics make the vegetation darker in
this case. On the other hand, a decrease in canopy structure,
dp/p < 0, involves a negative value of the parameter k. In this
case, changes in p and w lead to brightening of the vegetated
surface. This study will focus on the case when both LAI
and leaf albedo increase, i.e., k varies between 0 (no change
in LAI) and 1 (no change in leaf albedo). Such variations
trigger competing processes: changes in LAI tend to darken
the vegetation while variations in the leaf albedo suppress it.
It should be emphasized, however, that this mechanism
refers to the scattering coefficient Wl and is applicable to
BRF = KWl (cf. equation (5)) if variations in K are negli-
gible. In general, K increases with LAI and therefore com-
pensates for a decrease in the canopy scattering coefficient.
This lowers the darkening effect and even can result in an
increase in the canopy BRF (cf. Sections 3.4.2 and 3.4.3).
[23] Under saturation conditions (i.e., dBRF/BRF≫ dK/K),

the impact function (k), sensitivity parameter (k), leaf
albedo at time t (w), variations dBRF/BRF, dK/K and dk/k
are related as (cf. Section 3.4.1):

k wð Þ ¼ w" k
w

q ð7Þ

where

q ¼ 1
1" k

" b;b ¼ dBRF=BRF " dK=K
dk=k

ð7aÞ

Here b characterizes the amplitude of the variability in
reflectance. Since the goal of this study is to examine con-
tributions of LAI and leaf albedo to large positive changes
in the canopy BRF under saturation conditions, i.e., dBRF/
BRF≫ dK/K, this analysis is restricted to the case when b > 0.
It should be noted that in general, dK/K is proportional to the
impact function k (cf. Section 3.4.1). Under saturation con-
ditions, this term can be neglected, and thus, equation (7)
quantifies the impact of canopy structure on the BRF when
both LAI and w vary.
[24] If k(w) = 1 (dk/k = dp/p), then (w"k)q/w = 1. This

relationship holds true if and only if b ≤ 0 (cf. Section 3.4.1).
It means that LAI alone cannot explain positive changes in
canopy BRF under the saturation condition.
[25] If k(w) = 0 (dk/k = dw/w), then either w = k or q = 0.

The former corresponds to an extreme and unrealistic case
when p = 1. It means that photons cannot escape the

vegetation canopy and therefore BRF = 0. The latter implies
that variations in canopy BRF are proportional to dw/w, i.e.,

dBRF
BRF

¼ 1
1" k

dw
w

ð8Þ

One can see that the closer the value of the sensitivity
parameter is to unity, the stronger the response of the BRF to
leaf albedo. Changes in leaf optics alone can explain a rather
large range of variation in canopy reflectance under the
saturation conditions.
[26] If 0 < k(w) < 1 (i.e., dp/p > 0 and dw/w > 0), the

contribution of LAI to the BRF is given by equation (7). It
should be emphasized that this equation refers to the case
when both LAI and the leaf albedo are changing. Figure 4
illustrates the LAI versus leaf albedo “competing process”
under saturation conditions, which results in the observed
BRF change by 23% (dBRF/BRF = 0.23 and dBRF/BRF ≫
dK/K = 0.01, cf. Sections 3.4.2 and 3.4.3).
3.4.1. Derivation of Equation (7)
[27] It follows from equation (5) that

dBRF
BRF

¼ d lnBRF ¼ dK
K

þ 1
1" pw

dw
w

" p 1" wð Þ
1" p

dp
p

# $
ð9Þ

We parameterize the relative variation in BRF in terms of the
sensitivity parameter, k, its variation, dk/k, and the impact
function, k, by substituting p = k/w, dp/p = kdk/k and dw/w =
(1"k)dk/k into equation (9). Solving the resulting equation
for k yields equation (7).
[28] Case k(w) = 1: Letting dw/w = 0 in equation (9) and

taking into account that p(1 " w)/(1 " pw)(1 " p) decreases
with w, one gets

" dp
1" p

≤
dBRF
BRF

" dK
K

≤ 0 ð10Þ

Thus, a positive response of BRF to a positive variation in
the recollision probability can be achieved if the parameter b
defined by equation (7a) is negative.
3.4.2. Assumptions
[29] Since our goal is the qualitative description of the

sensitivity of BRF to LAI and leaf albedo under the satura-
tion conditions, we use a simple canopy model to specify the
relationship between dp/p, dLAI/LAI and dK/K. We idealize
the vegetation canopy as a spatially homogeneous layer
filled with small planar elements of infinitesimally small
sizes. All organs other than green leaves are ignored. For
such a structurally simple uniform canopy, Stenberg [2007]
found an analytical formula that relates the recollision
probability, p, and canopy interceptance, i0,d, under diffuse
illumination condition, i.e.,

i0;d ¼ 1" pð ÞLAI ð11Þ

Analyses of LAI-2000 data suggest the following relation-
ship between i0,d and LAI [Rautiainen et al., 2009]

i0;d ¼ 1" exp "kCAN ⋅ LAIð Þ ð12Þ

where the coefficient kCAN = 0.81 was found to be almost
insensitive to stand age, tree species or growing conditions.
Finally, the canopy interceptance, i0, can be estimated as
i0 = 1" exp("G ⋅ LAI/m0) where G and m0 are the geometry
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factor [Ross, 1981] and cosine of the solar zenith angle
(SZA), respectively. It follows from this equation and
equation (11) that

1" i0 ¼ 1" i0;d
% &a ð13Þ

where a = G/(kCANm0). For simplicity, the geometry factor G
is set to kCANm0 = 0.81*cos(30) = 0.81*0.87 = 0.70 (mean
SZA = 30°, std. = 5°–6° (20%)). The mean SZA for the dry
season is about 30° and varies by about 5°–6° during this
time, as reported in the MODIS VI data. Therefore, the small
changes in SZA are not likely to induce large changes in m0,
andG. Under the above assumptions, LAI is the only variable
that fully describes canopy structure. The recollision proba-
bility (p) is an increasing function of LAI.
[30] We neglect angular dependence of the directional

escape probability by replacing this term by its hemi-
spherically integrated counterpart, i.e., r(W) = r/p where r is
the probability that a scattered photon will escape the veg-
etation canopy through its upper boundary. Neglecting
radiation transmitted through a very dense canopy, we get
r(W) = (1 " p)/p. The relative portion of gaps as seen from
a leaf surface, P = r/(1 " p), is approximated by a constant
and thus dK/K = dP/P + di0/i0 ≈ di0/i0. Note that this approx-
imation is accurate for the uniform canopies with horizontally
oriented leaves since such canopies transmit and reflect radi-
ation diffusely and approximate for other canopies.

3.4.3. Properties of the Impact Function
[31] The impact function k requires specification of the

parameter q, which includes the term dBRF/BRF"dK/K that
appears in b. Our structurally simple canopy suggests neg-
ligible contribution of dK/K ≈ di0/i0 under the saturation
conditions. For example, a change in LAI from 5 to 6 results
in di0/i0 ≈ 1% which is significantly below the observed
variation, dBRF/BRF ≈ 23%, in NIR surface reflectance.
Although a more realistic canopy model can result in a dif-
ferent value of the relative variation in K, its use would not
change our qualitative results as long as dBRF/BRF ≫ dK/K.
Figure 5 and the following properties of the impact function
provide the necessary justification.
[32] If q ≥ 0, the impact function k has the following

properties (Figure 5).

A: lim
w→0þ

k wð Þ ¼ "∞;

B: k kð Þ ¼ 0;

C: lim
w→∞

k wð Þ ¼ q ¼ 1
1" k

" b;

[33] D. If q > 1, the equation k(w) = 1 has a unique solu-
tion given by w* = k= where

= b;kð Þ ¼ q
q" 1

¼ 1" b 1" kð Þ
k" b 1" kð Þ ¼

1
k

1" b 1" kð Þ
1" b 1"k

k

The function = increases with b and decreases with k.

Figure 4. Impact function k (%) for a 23% increase in canopy near-infrared (NIR) bi-directional reflec-
tance factor (BRF) and three values of the sensitivity parameter, k = 0.6, 0.7, 0.82 and 0.96. The horizontal
axis represents the initial value (late wet season/early dry season, June) of the leaf albedo w, i.e., wp = k.
Each line corresponds to a fixed change in the sensitivity parameter from k to k + dk/k and crosses the
horizontal axis at the corresponding sensitivity parameter k. Vertical axis shows the relative contribution
of the recollision probability p to the 23% change in the NIR BRF. For example, if w = 0.9, a value of the
recollision probability corresponding to k = 0.7 is 0.7/0.9 = 0.78. For this combination of p = 0.78 and
w = 0.9, the 23% change in BRF is attainable from changes in the recollision probability and leaf albedo
by k(0.9)dk/k = 0.23 & 0.10 = 2.3% (red curve) and (1"k(0.9))dk/k = 0.77 & 0.10 = 7.7%, respectively.
The 2.3% change in p = 0.78 translates to an 11% increase in LAI of 4.5. The shaded region shows the
range of initial NIR leaf albedo values (late wet season/early dry season, and leaves that are old and/or
epiphyll infested) from field-based studies in the Amazon (cf. Section 2.2).
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[34] If q ≤ 0, its properties can be formulated in a similar
manner (see Figure 5). Let q > 0, i.e., b < 1/(1 " k). As one
can see from Figure 5, interpretation of variation in the BRF
depends on the location of the asymptote and the root of the
equation k(w) = 1 relative to unity. The following cases are
possible.
[35] Case 1: 0 < q < 1, i.e., b > k/(1" k). The asymptote is

below unity. If w ≤ k, the impact of canopy structure is
negative (i.e., LAI should decrease in order to achieve a
given variation in BRF). If w > k, both the canopy structure
and leaf optics have a positive impact. If q tends to zero, the
impact of canopy structure becomes negligible.
[36] Case 2: q ≥ 1, i.e., b ≤ k/(1 " k). The asymptote is

above unity. The equation k(w) = 1 has a solution given by
w* = k=. Since = increases with b, the solution is above
unity if b > 0; is equal to 1 if b = 0 and approaches to k if b
tends to "∞. If k tends to unity, the solution tends to unity,
resulting in a jump from k = 0 to 1 at w = k. Thus, if
w ≤ k, the impact of canopy structure is negative. If
k < w ≤ w*, both structure and leaf optics positively con-
tribute to variation in BRF. If w > w*, the impact of struc-
ture is positive and leaf optics is negative.
[37] To summarize, a small variation in the parameter b

does not change qualitatively the behavior of the impact
function. Under saturation conditions, i.e., dBRF/BRF ≫
dK/K, and the term dK/K can be neglected.

4. Results

4.1. Comparison of Dry-Season Greening Patterns
With Previous Studies
[38] Nearly 48% of Amazon forests (forests south of the

Equator) display statistically significant EVI increase of
about 16% from June to October in a given year during
2000–2009, which is in contrast to about 22% decline in

EVI over the adjoining savannas from June to September
(Figures 6a and 2). Approximately opposing changes are
observed over these two vegetation types during the wet
season (Figure 2). Interestingly, NDVI data do not show any
appreciable changes in forests during the dry season
(Figure 6b), or during other times of the year (Figure 2).
However, the same data display large swings over savannas
consisting of decline during the dry season and increase
during the wet season, with an amplitude of about 41%
(Figure 2). Further, LAI increase of about 0.93 units (18%)
is observed over 33% of Amazon forests, while LAI decline
of about 1.1 units is observed over adjacent Savannas during
the dry season (Figures 6c and 2). These LAI variations are
part of a seasonal cycle of opposing timing between forests
and savannas (Figure 2). Thus, MODIS EVI and LAI data
show large seasonal variations of approximately opposing
timing over forests and savannas, with green-up of 16–18%
over a third to half of Amazon forests during dry seasons of
the decade 2000–2009.
[39] The spatial patterns of dry-season EVI increase seen

here (Figure 6a) are consistent with a previous report [Huete
et al., 2006], albeit the magnitude of forest green-up is
smaller (16% versus 25%) and is similar over a broad region
extending across a large gradient in number of dry seasons,
from the perpetually wet northwestern parts to the seasonally
dry southeastern parts of the Amazon basin. Besides, the
elimination of atmosphere-corrupted data (persistent during
the dry season [e.g., Samanta et al., 2010]) results in missing
patches, especially in eastern Amazonia (Figures 6a and 6b).
While the spatial patterns of dry-season enhancement in LAI
(Figure 6c) are similar to those in work by Myneni et al.
[2007], the extent (33% versus 68%) and average magni-
tude (0.93 versus 1.2) of LAI upswing are smaller than the
previous estimate. These changes are attributable to the
improved C5 LAI algorithm [Shabanov et al., 2005] and

Figure 5. Schematics of properties A–C of the impact function k(w). For positive q, interpretation of
dBRF/BRF depends on the location of the asymptote relative to unity, i.e., whether q ≤ 1 or q > 1 (i.e.,
property D described in Section 3.4.1).
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with stricter screening of cloud-and aerosol-corrupted data.
The patterns of seasonal greenness changes of Amazon
forests observed with the latest version (C5) of MODIS
greenness data are generally similar to previous reports.

4.2. Plausible Mechanisms of Dry-Season Increase
in NIR Reflectance
[40] The cause of dry season increase in NIR BRF of

Amazon forests (Figure 1) can be ascertained by assessing
its sensitivity to LAI and leaf albedo (see Section 3.4; in this
section, the term BRF is used instead of the more colloquial
term, reflectance, to be technically consistent with the for-
mulation in Section 3.4). This is determined by the sensi-
tivity parameter (k = pw), which couples vegetation canopy
structure p (a function of LAI) and leaf albedo, w. Positive
changes in p and w lead to an increase in the sensitivity
parameter k, which in turn alters how the BRF responds to
changes in canopy structure and leaf optics. An increase in
canopy BRF can be due to changes in (i) the sensitivity
parameter from k to k1 = k + dk and (ii) canopy structure
from p to p1 = p + dp and leaf optics from w to w1 = w + dw
such that k1 = p1w1 (cf. Section 3.4). The observed dry
season increase in NIR BRF can be achieved variously, as
discussed below.
4.2.1. Increase in LAI and Leaf Albedo Unchanged
[41] In this case, dp/p > 0 and dw/w = 0, i.e., k = 100% and

dk/k = dp/p (see Section 3.4). Variation in BRF does not
exceed variation in K (see equation (5)), resulting in a neg-
ative value of the parameter b (cf. Section 3.4.1). In other
words, adding more leaf area with the same spectral prop-
erties as the rest of the canopy will not change the observed

canopy reflectance. Thus, the observed change in NIR BRF
cannot be achieved by only increasing LAI.
4.2.2. Increase in Leaf Albedo and LAI Unchanged
[42] In this case, dp/p = 0 and dw/w > 0, i.e., k = 0 and

dk/k = dw/w (see Section 3.4). The relationship between
variation in BRF and leaf albedo is given by (equation (8)),
which suggests a strong response of the BRF to variation in
leaf albedo. This response becomes stronger as the sensi-
tivity parameter approaches unity, which is typical of dense
vegetation and leaf albedo at NIR wavelengths. For instance,
the observed 23% increase in NIR BRF can be attained
through an increase in w by dw/w = 6.9% for k = 0.7 and any
combination of w and p such that wp = k = 0.7. In the case of
Amazonian forests, possible combinations could be w = 0.9
and p = 0.78 (which corresponds to LAI = 4.5), or w = 0.88
and p = 0.8 (LAI = 5). Thus, variations in leaf optics alone
can explain the observed BRF changes, consistent with the
arguments by Doughty and Goulden [2008], Asner and
Alencar [2010], and Brando et al. [2010].
4.2.3. Increase in Both LAI and Leaf Albedo
[43] In this case, dp/p > 0 and dw/w > 0, i.e., 0 < k < 100%

and dk/k = dw/w + dp/p (see Section 3.4). Changes in leaf
optics and LAI that can lead to the observed dry season
variation in BRF depend on the sensitivity parameter k and
its increment dk. This is illustrated in Figure 4. For instance,
consider a 10% change in the BRF sensitivity from k = 0.7
(in early dry season, June) to k1 = 0.77 (in late dry season,
September/October) (dk/k = 0.10). This case is described by
the red curve in Figure 4. Assuming w = 0.9 in June (hori-
zontal axis in Figure 4), the impact of canopy structure to
BRF change is k(0.9) = 23% (vertical axis in Figure 4). It
means that the 23% increase in NIR BRF would require an

Figure 6. Spatial patterns of dry season greenness changes in the Amazon. (a) Change in Enhanced
Vegetation Index (EVI), at 0.05° & 0.05° spatial resolution, from June (EVIjun) to October (EVIoct)
expressed as DEVI (EVIoct - EVIjun) as in work by Huete et al. [2006]. Shown are only statistically sig-
nificant changes i.e., |DEVI| > = |0.04*EVIjun + 0.04| (2 standard deviation or 95% confidence interval of
error in EVIjun [Vermote and Kotchenova, 2008]). (b) Same as Figure 6a but for Normalized Difference
Vegetation Index (NDVI). (c) Change in Leaf area index (LAI), at 8 & 8 km2 spatial resolution, greater
than 0.66 or less than "0.66. This threshold (|0.66|) is the smallest LAI difference discernable with the
MODIS LAI data set. The amplitude, in regions with dry seasons longer than three months, is calculated
as the difference between the maximum four-month average LAI in the dry season minus the minimum
four-month average LAI in the wet season. Where the dry season is three or fewer months, the amplitude
is calculated as the difference between the dry season average LAI and the minimum four-month average
LAI in the wet season. The definition of the dry season is the same as in work by Myneni et al. [2007].
LAI difference for only forest pixels is shown as by Myneni et al. [2007]. Missing data are also shaded
white.
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increase in p of 2.3% (k(0.9), dk/k = 0.23 & 0.10 = 2.3%;
p = k/w = 0.78 in June to p1 = 0.80 in September/
October) which translates into an 11% increase in LAI
of 4.5. The corresponding increase in leaf albedo is
7.7% [(1 " k(0.9))dk/k = 0.77 & 0.10]. In this example, a
larger increment of the leaf albedo is required to achieve a
given increase in BRF compared to the previous case of k =
0.7 and unchanged LAI (dw/w = 6.9%). Thus, variation in
both leaf optics and LAI can equally well explain the
observed BRF change, not inconsistent with Myneni et al.
[2007], who interpreted the increased NIR BRF as more
leaf area during the dry season and vice versa.

5. Discussion

[44] The dry season NIR reflectance (BRF) increase of
0.06 units, or about 23% (Figure 1), translates to a 16%
increment in EVI (Figure 2), which is primarily sensitive to
NIR (cf. Section 3.3), and this sensitivity increases with the
magnitude of NIR reflectance (Figure 3). This change in EVI
cannot be unambiguously interpreted because the exact
property of the vegetation that this index measures is
unknown. Another widely used index, the Normalized Dif-
ference Vegetation Index (NDVI), on the other hand,
increases by only a small amount (4–5%) for the same
increase in NIR reflectance (cf. Section 3.3), because its
formulation is such that it dampens NIR reflectance changes
and is independent of the magnitude of NIR reflectance
(Figure 3). This NDVI change in absolute units is only 0.04,
which is insignificant relative to the annual mean NDVI
value of about 0.85 (Figure 2); this behavior is known as
saturation in dense vegetation canopies, such as the Amazon
forests. This rather small increase in NDVI, compared to a
much larger increase in EVI, for the same change in canopy
spectral reflectances further highlights the limitations of
using vegetation indices for remote sensing of vegetation (as
in work by Huete et al. [2006], Xiao et al. [2006], and
Brando et al. [2010]).
[45] The MODIS LAI algorithm converts surface red and

NIR reflectances and their overall uncertainties to most
probable values of LAI [Knyazikhin et al., 1998]. Uncer-
tainties in surface reflectances include both observation and
model uncertainties [Wang et al., 2001]. The latter account
for possible deviations of simulated reflectances from pre-
scribed values in the look-up table due to variations in leaf
optical properties. Thus, the algorithm converts surface
spectral reflectances into LAI under the assumption that both
leaf optical properties and LAI can vary (i.e., the impact
function k(w) is strictly positive, Section 3.4). Therefore, the
algorithm is capable of detecting changes in leaf area. The
MODIS algorithm reports approximately 18% increase in
LAI (Figure 2) given the observed increase in NIR reflec-
tance (Figure 1) during the dry season and a similar decrease
in LAI during the wet season.
[46] New and mature leaves have leaf albedos (leaf

reflectance plus transmittance) at NIR wavelengths that are
2–10% higher than those of older leaves due to aging and
epiphyll cover [Roberts et al., 1998; Toomey et al., 2009].
The observed changes in NIR reflectance of Amazon forests
(Figure 1) could be due to similar, but small, changes in NIR
leaf albedos only, from exchanging older with newer leaves,
with total leaf area unchanged, as argued by Doughty and

Goulden [2008] and Asner and Alencar [2010] and con-
firmed by our analysis in Section 4.2.2. However, this
ignores accumulating evidence from ground-based studies of
higher leaf area in the dry season relative to the wet season,
seasonal changes in litterfall and does not satisfactorily
explain why NIR reflectance of these forests decreases in the
following wet season. A more convincing explanation for
the observed increase in NIR reflectance during the dry
season and decrease during the wet season is one that
invokes changes in both leaf area and leaf optical properties
(Section 4.2.3). Such an argument is consistent with known
phenological behavior of tropical forests (see the Introduc-
tion by Myneni et al. [2007]), ground-based reports of
changes in leaf area [Asner et al., 2004; Carswell et al.,
2002; Pinto-Junior et al., 2010; Malhado et al., 2009;
Negrón Juárez et al., 2009; Doughty and Goulden, 2008],
litterfall [Xiao et al., 2005; Chave et al., 2010], leaf optical
properties [Roberts et al., 1998; Toomey et al., 2009] and
fluxes of evapotranspiration [Juárez et al., 2007, 2008] and
reconciles the various seemingly divergent views.
[47] A different line of reasoning on the cause of the dry

season increase in NIR reflectance has been presented in a
recent study by Galvão et al. [2011] using MODIS and
hyperspectral (Hyperion and Hymap) data from a forest-
savanna transitional site in Mato Grasso. The authors sug-
gest that the dry season increase in NIR reflectance is caused
by decreasing shade fraction resulting from large changes
('20°) in solar zenith angle (SZA), which in turn drives
increase in EVI and MODIS LAI, given no observable
changes in field-measured leaf area. While this study has
correctly interpreted the increase in EVI arising from its
dependence on NIR reflectance, the interpretation is based
on correlation between the two rather than a thorough the-
oretical analysis presented here (cf. Section 3.3, Figure 3).
The large SZA changes could be very specific to their study
site because we have found significantly smaller changes in
average SZA over Amazon forests (5°–6°, cf. Section 3.4.2).
The suggestion that MODIS LAI changes are not represen-
tative of actual changes in leaf area is without basis because
the MODIS LAI algorithm explicitly accounts for changes in
SZA [Knyazikhin et al., 1998] so as to preclude spurious
LAI changes. Moreover, a large body of literature presents
evidence of dry season leaf area increase [Asner et al., 2004;
Carswell et al., 2002; Pinto-Junior et al., 2010; Malhado
et al., 2009; Negrón Juárez et al., 2009; Doughty and
Goulden, 2008]. In addition, Galvão et al. [2011] did not
examine the influence of leaf flush—leaf spectral changes—
on NIR reflectance changes, which is presented here. All of
these suggest that the results of Galvão et al. [2011] could
be specific to their field site, as noted by the authors
themselves, and may not be relevant to the vast expanse of
Amazonian forests, the focus of our study.
[48] We have shown that the observed seasonal changes in

NIR reflectance of Amazon forests are unlikely to be caused
by changes in leaf area alone, but could, more plausibly,
result from changes in both leaf area and leaf optical prop-
erties; however, our analysis is restricted to leaf optical
property changes owing to leaf aging and epiphyll cover,
given the paucity of literature on the sources of leaf optical
property changes. The presence of a film of water on leaf
surfaces, for instance due to a rainfall event, would tend to
decrease greenness estimates because water reflects strongly
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in red (blue) relative to NIR, an effect which is similar to the
presence of residual atmospheric influences in the surface
reflectances (cf. Figure S1). The use of VI error budget
[from Vermote and Kotchenova, 2008] as an additional
constraint on valid greenness increase in the dry season (cf.
Figure 6 caption) would eliminate data showing such an
effect. Among other possible causes of changes in leaf
optical properties are leaf water content changes, dust coat-
ings and coating with soot and carbonaceous particles ema-
nating from biomass burning which is prevalent during the
dry season. Thus, there is a need to explore these different
mechanisms of leaf optical property variations. Finally,
future research should also focus on spatial patterns of the
causes (leaf area and leaf optical properties) of seasonal NIR
reflectance variations of Amazonian forests.

[49] Acknowledgment. This work was supported by the NASA Earth
Science Enterprise.
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Abstract
Resolving the debate surrounding the nature and controls of seasonal variation in the structure and
metabolism of Amazonian rainforests is critical to understanding their response to climate change.
In situ studies have observed higher photosynthetic and evapotranspiration rates, increased litterfall
and leafflushing during the Sunlight-rich dry season. Satellite data also indicated higher greenness
level, a proven surrogate of photosynthetic carbonfixation, and leaf area during the dry season relative
to thewet season. Some recent reports suggest that rainforests display no seasonal variations and the
previous results were satellitemeasurement artefacts. Therefore, here we re-examine several years of
data from three sensors on two satellites under a range of sun positions and satellitemeasurement
geometries and document robust evidence for a seasonal cycle in structure and greenness of wet
equatorial Amazonian rainforests. This seasonal cycle is concordant with independent observations of
solar radiation.We attribute alternative conclusions to an incomplete study of the seasonal cycle, i.e.
the dry season only, and to prognostications based on a biased radiative transfermodel. Consequently,
evidence of dry season greening in geometry corrected satellite datawas ignored and the absence of
evidence for seasonal variation in lidar data due to noisy and saturated signals wasmisinterpreted as
evidence of the absence of changes during the dry season.Our results, grounded in the physics of
radiative transfer, buttress previous reports of dry season increases in leaf flushing, litterfall,
photosynthesis and evapotranspiration inwell-hydrated Amazonian rainforests.
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1. Introduction

Understanding the seasonal variation in functioning
of rainforests and its controls are requisite for under-
standing how rainforests will respond to climate
change. In situ studies report counter-intuitive seaso-
nal variation in wet equatorial Amazonian rainforests
—higher photosynthetic and evapotranspiration rates
and increased litterfall and leaf flushing during the
Sunlight-rich dry season (Saleska et al 2003, da Rocha
et al 2004, Goulden et al 2004, Rice et al 2004, Hasler
and Avissar 2007, Hutyra et al 2007, Negrón Juárez
et al 2009, Costa et al 2010, Jones et al 2014). Water
limitation during the dry season is alleviated in these
forests through deep roots and hydraulic redistribu-
tion (Nepstad et al 1994, Oliveira et al 2005). Satellite
data, which cover a large area and span a long time
period, support findings of in situ studies—higher
radiometric greenness level and green leaf area during
the dry season compared to the wet season (Xiao
et al 2005,Huete et al 2006,Myneni et al 2007, Samanta
et al 2012, Hilker et al 2014, Jones et al 2014, Maeda
et al 2014). This convergent view of seasonality, parsed
from several studies, shows how sunlight interacts
with adaptive mechanisms to result in higher rates of
leaf flushing, litterfall, photosynthesis and evapotran-
spiration in tropical forests if water limitation is
absent (Wright and Van Schaik 1994, Restrepo-Coupe
et al 2013, Borchert et al 2015, Guan et al 2015).

This community-consensual view was questioned
in recent studies (Galvão et al 2011, Morton
et al 2014). The studies claim that the dry season
greening inferred from passive remote sensing data
resulted from an artificial increase in forest canopy
reflectance at near-infrared (NIR) wavelengths caused
by variations in sun-satellite sensor geometry. Their
analyses of satellite-borne lidar data suggested that
these forests exhibited no seasonal variations in
canopy structure or leaf area. Relying on model simu-
lations to guide and imbue a physical meaning to the
satellite data analysis, the studies conclude that Ama-
zon rainforests maintain consistent structure and
greenness during the dry season.

These contradictory results justify a re-examina-
tion of the same satellite data with the goal of assessing
seasonality in wet equatorial Amazonian rainforests.
In addition to data fromNASA’s Moderate Resolution
Imaging Spectroradiometer (MODIS) on the Terra
platform and the Geoscience Laser Altimeter System
(GLAS) instrument onboard the Ice, Cloud and land
Elevation Satellite (ICESat) used in (Morton
et al 2014), we also include data from the MODIS
instrument on Aqua andMultiangle Imaging Spectro-
radiometer (MISR) on the Terra satellite. The MISR
sensor views the Earth’s surface with nine cameras
simultaneously, as opposed to the two MODIS sen-
sors, which are capable of only one view each. This fea-
ture enables the rigorous use of the theory of radiative
transfer in vegetation canopies—the fundamental

theory that explains from first principles the mechan-
isms underlying the signals generated by the canopy
and measured by a remote sensor (Knyazikhin
et al 2005).

This study is focused on terra firme rainforests in
central Amazonia that are relatively undisturbed by
human activities (supplementary data and methods
section 1, figure S1). The period June toMay is treated
as one seasonal cycle as per convention (Huete
et al 2006, Morton et al 2014). It consists of a short dry
season, June to October, and a long wet season there-
after (supplementary data and methods section 1).
The following analysis of satellite borne sensor data
addresses the question at the center of current debate
—did previous studies (Xiao et al 2005, Huete
et al 2006, Myneni et al 2007, Brando et al 2010,
Samanta et al 2012) misinterpret changes in near-
infrared (NIR) reflectance caused by seasonal changes
in sun-satellite sensor geometry (figures S2 and S3) as
seasonal variations in rainforest canopy structure and
greenness (Galvão et al 2011,Morton et al 2014)?

2.Data andmethods

A detailed description of methods and data used is
given in the supplementary information available at
stacks.iop.org/ERL/10/064014/mmedia. A brief sum-
mary is provided here. The study region and the
various data analysed in this study are detailed in the
supplementary data and methods section 1−2. The
sun-sensor geometry relevant to the discussion in this
article is presented in the supplementary data and
methods section 3. The theory of remote measure-
ments and evaluation of NIR reflectance angular
signatures (figure 3) and their interpretation is
described in the supplementary data and methods
section 4. A critical look at Morton et al 2014 analyses
of MODIS and GLAS data is presented in the
supplementary discussion. Abbreviations and symbols
are listed in supplementary table S5.

3. Results and discussioin

3.1. Leaf area index seasonality
The seasonal cycle of green leaf area inferred from
satellite data (figure 1(a)) exhibits rising values during
the dry season (June to October), high values during
the early part of the wet season (November to
February) and decreasing values thereafter (March to
May). This seasonal variation of about 20% is imposed
on a base value of Leaf Area Index (LAI, one-sided
green leaf area per unit ground area) of about 5.75, is
greater than the uncertainty of the LAI product (0.66
LAI, Yang et al 2006) and is observed in nearly 70% of
the rainforests in the study domain (figure S4(a)); the
rest lacked valid data. Is this seasonal variation real or a
misinterpretation of changes in satellite-sensor mea-
surements caused by seasonal changes in sun position
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in the sky and the manner in which the sensor
measures reflected radiation (‘sun-sensor geometry’)?
The answer requires an understanding of how this
geometry changes during the seasonal cycle, which is
described in the supplementary data and methods
section 3.

The seasonal cycle of leaf area in figure 1(a) cannot
be an artefact of seasonal changes in sun-sensor geo-
metry because the algorithm with which leaf area is
derived explicitly accounts for geometry changes, i.e.
the algorithm is capable of differentiating between
changes in measurements caused by leaf area changes
and those caused by geometry changes (Knyazikhin
et al 1999, Knyazikhin et al 1998). This is also evident
from the fact that the seasonal cycle of leaf area does
not track the seasonal course of either the Sun position
in the sky (figure 1(b)) or theMODIS sensor sampling
(figures 1(c) and (d)). Instead, it tracks independently
obtained observations of seasonal variation in sunlight
(figure 1(a)). This behavior is consistent with the idea
that sunlight acts as a proximate cue for leaf produc-
tion in moist tropical forests if water limitation is
absent (Wright and Van Schaik 1994, Borchert
et al 2015, Guan et al 2015). Thus, relatively high sun-
light levels from absence of clouds during the dry sea-
son cause leaf area to increase, which in turn generates
higher rates of photosynthesis (Saleska et al 2003, Da
Rocha et al 2004, Restrepo-Coupe et al 2013, Gatti
et al 2014). But, photosynthesis becomes decoupled
from sunlight during the early to middle part of the

wet season. This results in increasing rates of photo-
synthesis, which are possibly sustained by still suffi-
ciently high levels of light and increasing leaf
production (Restrepo-Coupe et al 2013). All three
decrease rapidly thereafter. A bimodal seasonal cycle
of LAI reported in one instance could be site-specific
(figure 2 in Doughty and Goulden (2008)) as alternate
in situ evidence does not exist (Restrepo-Coupe
et al 2013, Xiao et al 2005, Asner et al 2000, Carswell
et al 2002, Chave et al 2010, Malhado et al 2009,
Negrón Juárez et al 2009).

3.2. Evidence for seasonality after sun-sensor
geometry correction
The Enhanced Vegetation Index (EVI) is a proven
proxy for the potential photosynthetic carbon fixation
by vegetation (Xiao et al 2005,Huete et al 2006, Brando
et al 2010). It is calculated from satellite-sensor
measurements of reflected solar radiation at three
different wavelength bands. These measurements
depend on sun-sensor geometry, but this dependency
can be eliminated by expressing themeasurements in a
fixed geometry (Morton et al 2014, Lyapustin
et al 2012). The EVI calculated from MODIS sensor
measurements in a fixed geometry, i.e. nadir viewing
direction and 45° solar zenith angle, shows a distinct
wet season decrease (figure 2(a)) and dry season
increase (figure 2(b)). These changes are greater than a
highly conservative estimate of the precision in 43% of
the pixels during the wet season and 31% of the pixels

Figure 1. Seasonal variations in green leaf area of central Amazonian rainforests. (a) Seasonal cycles of TerraMODIS leaf area index
(LAI), at-surface photosynthetically active radiation (PAR) fromCERES, andTRMMprecipitation. The PARpolynomial regression
curve excludes the circled data point. The seasonal profiles represent average values over pixels that exhibited dry season greening in at
least 4 out of 7 seasonal cycles analyzed (63%of all forest pixels). (b)–(d) Seasonal cycle of LAI, as in panel (a), contrasted against
seasonal variations in (b) solar zenith angle, (c) sensor view relative azimuth angle and (d) view zenith angle.
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in the dry season. Here, the precision is estimated as
the spatial standard deviation of the EVI data in the
study domain. Analogous to EVI, pixel level estimates
of green leaf area show a strong decrease in the wet
season and increase during the dry season. The wet
season decrease (figure 2(a)) suggests net leaf abscis-
sion, i.e. more older leaves dropped than those newly
flushed, and the dry season increase indicates net leaf
flushing (figure 2(b)), resulting in a sunlight mediated
phenological behavior (Myneni et al 2007). The fact
that both EVI and LAI show congruent changes during
the seasonal cycle even though the Sun-sensor geome-
try effect is removed from measurements in different
ways (Knyazikhin et al 1999, Knyazikhin et al 1998,
Lyapustin et al 2012, Hilker et al 2014, Maeda
et al 2014) is particularly noteworthy.

3.3. Evidence for seasonality frommultiple sensors
and geometries
Now we turn to satellite-sensor measurements of
reflected solar radiation at the NIR wavelength band,
which are at the heart of the controversy. These
measurements are usually expressed as normalized
quantities called reflectances (supplementary data and
methods section 4.1−4.2). The geometric structure
and radiation scattering properties of the rainforest
canopy determine the magnitude and angular distri-
bution of reflected radiation. The angular signatures of
reflectance are therefore unique and rich sources of
diagnostic information about rainforest canopies
(Diner et al 1999). We first examine NIR angular
signatures from the late dry season (October 15 to 30)
and the middle part of the wet season (March 5 to 20).
The Solar Zenith Angle (SZA) at the time when Terra
(10:30 am) and Aqua (1:30 pm) satellites view the
central Amazonian forests in March and October is
between 20° and 30°. This variationminimally impacts
the shape of angular signatures (supplementary data

and methods section 4.4). MODIS and MISR sensors
sample the rainforests very differently (figures S2(c)–
(f); also see figure S1(c)). However, all the sensors
record a distinct decrease in reflected NIR radiation in
all view directions between October and March with
no change in the overall shape of the angular signatures
(figures 3(a) and (b)). Such a simple change in
magnitude can only result from a change in canopy
properties—this conclusion is based on the physics of
how solar radiation interacts with foliage in vegetation
canopies (supplementary data and methods section
4.3, figures S5(a) and (b)). The EVI, although evalu-
ated from reflectances at NIR, red and bluewavelength
bands, is tightly linked to NIR reflectance (Samanta
et al 2012). Thus, the decrease in sun-sensor geometry
corrected EVI (figure 2(a)) is in agreement with
directly observed decreases in NIR angular signatures
fromOctober toMarch (figures 3(a) and (b)).

The wet season reduction in greenness is incon-
sistent with the hypothesis of invariant dry season
greenness. Indeed the net loss of leaf area, without a
corresponding net gain elsewhere during the seasonal
cycle, will result in rainforests without leaves in a few
years. If wet Amazonian forests somehow maintain
consistent canopy structure and greenness during the
dry season, then they must be either aseasonal or the
entire seasonal cycle must be confined to the wet sea-
son, but this argument lacks empirical support. The
question then arises whether variations in angular sig-
natures of forest reflectance during the dry season sup-
port this inference?

Therefore, let us now consider NIR reflectances
from early (25 June to 10 July) and the late dry season
(15 October to 30 October) when both sun position in
the sky and sensor sampling vary significantly (figures
S2(a)−(d); also see figure S1(c)). MODIS and MISR
measurements are made at significantly higher SZA in
June (∼35°–40°) compared to October (∼20°–30°).

Figure 2.Wet and dry season changes in sun-sensor geometry corrected estimates of leaf area and greenness. Per-pixel changes in
MODIS leaf area index (LAI) andMODISMAIAC enhanced vegetation index (EVI) from (a)October toMarch and (b) June to
October. LAI values are normalized by 10. The changes are calculated as the difference between the values inMarch andOctober, and
October and June, respectively.
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The magnitude and shape of angular signatures are
impacted when both canopy properties and SZA vary.
However, a higher or equal reflectance at lower SZA
relative to reflectance at higher SZA always indicates
an increase in leaf area and foliage scattering proper-
ties according to the physics of radiation interaction in
vegetation (supplementary data and methods section
4.4−4.5, figures S5(c)−(f)). This is observed clearly in
MISR data (figure 3(d)) because this sensor views the
Earth’s surface with nine cameras simultaneously, as
opposed to the two MODIS sensors (figure 3(c)),
which are capable of only one view each (figure S3).
Further, the juxtaposition of the two angular sig-
natures in figure 3(d) is significantly different than
that predicted by theory for the case of identical cano-
pies (supplementary data and methods section 4.6).
Thus, the NIR angular signatures in figure 3(d) indi-
cate a change in vegetation structure (LAI) and green-
ness (EVI) during the dry season.

4. Conclusions

Satellite data indicate a distinct sunlight-mediated
seasonality in leaf area and photosynthetic carbon
fixation over unstressed rainforests in central Amazo-
nia. This seasonal cycle is not an artefact of seasonal
changes in sun position in the sky or how the satellite-
sensor measures the reflected radiation field. The
spatially expansive remote sensing data agree with
available in situ data. A better understanding of how

the rainforests will respond to climate change depends
on future ground campaigns as satellite data can
complement, but not substitute,field data.
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Supplementary,Data,and,Methods,

1.,Study,region,and,greening,pixels,
This%study%is%focused%on%a%1200×1200%km2%region%
in% central%Amazonia% (MODIS% tile% “h11v09”;% 0°% to%
10°S% and% 60°W% to% 70°W;% figure% S1(a)).% About%
95%% of% this% region% is% covered% with% terra% firme%
rainforests% (Nepstad% et% al% 1994).% The% average%
annual%rainfall%varies%from%about%1800%mm%in%the%
south%to%about%3700%mm%in%the%northwest%(figure%
S1(b)).% The% number% of% dry% months,% generally%
defined%as%months%with%rainfall%less%than%100%mm,%
varies%from%about%4%in%the%south%to%less%than%2%in%
the%northwest.%For%comparison%purposes%(Morton%
et%al% 2014),% the% dry% season% is% defined% as% June% to%
October%(137%mm/month)%and%the%wet%season%as%
November% to%May% (276%mm/month).%This% is% one%
of% two% tiles% studied% by% (Morton% et% al% 2014).%
Expanding% the% area% to%match% that% study% did% not%
alter%our%results%and%conclusions.%

Terra%MODIS%and%MISR%data%analysed% in% this%
study%consisted%of%seven%seasonal%cycles%(June%to%
May),% while% the% Aqua% MODIS% data% consisted% of%
four% cycles,% as% in% (Morton% et% al% 2014).% Forest%
pixels% with% valid% Enhanced% Vegetation% Index%
(EVI)%data%are%classified%as%greening%pixels%during%
a% seasonal% cycle% if% the% average% EVI% value% during%
the%month%of%October%is%greater%than%the%average%
EVI% value% during% the% month% of% June.% Here,% EVI%

refers% to% Terra% MODIS% Collection% 5% EVI% data%
(Section% 2.5).% The% MODIS% and% MISR% analyses% in%
this%study%are% focused%on%these%“greening%pixels”%
because%we%wish%to%address%this%key%question:% is%
the% dry% season% greening% purely% an% artefact% of%
variations% in% sunksensor% geometry% (Galvão% et% al%
2011,%Morton%et%al%2014)%or%does%it%reflect%actual%
changes%in%canopy%after%accounting%for%variations%
in%sunksensor%geometry%(Xiao%et%al%2005,%Huete%et%
al% 2006,% Myneni% et% al% 2007,% Brando% et% al% 2010,%
Samanta%et%al%2012)?,The%proportion%of%greening%
pixels%varies%from%year%to%year.%It%averages%~60%%
of% all% rainforest% pixels% in% the% case% of% the% Terra%
MODIS% sensor% (table% S1)% due% to% strict% quality%
filtering.% Nearly% every% rainforest% pixel% in% the%
study%region%exhibits%dry%season%greening%at%least%
once,% if% not% more,% because% the% data% are%
accumulated,% not% averaged,% over% multiple%
seasonal%cycles.%%

2.,Data,,
2.1., TRMM, Precipitation, Data:, Monthly%
precipitation% data% from% the% Tropical% Rainfall%
Measuring% Mission% (TRMM)% at% quarter% degree%
spatial%resolution%for%the%period%January%1998%to%
December%2012%(TRMM%product%3B43,%Version%7)%
are%used%in%this%study%(WWWkTRMM).%%
2.2., CERES, Surface, PAR, Fluxes:% Monthly% atk
surface%Photosynthetically%Active%Radiation%(PAR,%
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400k700%nm;%the%sum%of%“Computed%PAR%Surface%
Flux%Direct%–%Allksky”%and%“Computed%PAR%Surface%
Flux% Diffuse% –% Allksky”)% data% at% 1°×1°% spatial%
resolution%from%June%2000%to%May%2008%are%used%
in%this%study%(WWWkCERES).%%
2.3., CRU,Temperature,Data:%The%latest%version%
of% the%0.5°%temperature%data%set%produced%by%the%
Climatic% Research% Unit% (CRU;% University% of% East%
Anglia;%CRU%TS3.21)%is%used%in%this%study%(WWWk
CRU).%
2.4., MODIS, Land, Cover:, Evergreen% broadleaf%
forests%in%the%study%region%are%identified%using%the%
Collection% 5% land% cover% data% set% “MODIS% Land%
Cover% Type% Yearly% L3% Global% 500% m% SIN% Grid”%
(MCD12Q1)%(WWWkMCD12Q1).%%
2.5., MODIS, NIR, Reflectance, and, EVI:, The%
following% Collection% 5% EVI% data% are% used% in% this%
study:% (a)% Terra% Moderate% Resolution% Imaging%
Spectroradiometer% (MODIS)% EVI% data% from% June%
2000% to% May% 2008% (WWWkMOD13A2)% and% (b)%
Aqua% MODIS% EVI% data% from% June% 2003% to% May%
2008%(WWWkMYD13A2).%Data%from%June%2005%to%
May% 2006% are% not% used% due% to% the% dry% season%
drought% in% 2005% (Samanta% et% al% 2010a).% These%
data% sets% also% include% surface% reflectance% at% the%
near% infrared% (NIR)% spectral% band% (858%nm)% and%
sunksensor%measurement%geometry.%The%data%are%
at% a% spatial% resolution% of% 1×1% km2% and% 16kday%
temporal% frequency.% The% same% EVI% data% were%
used% in% previous% studies% (Galvão% et% al% 2011,%
Morton%et%al%2014).%The%quality%of%NIR%reflectance%
and% MODIS% EVI% data% in% each% pixel% is% assessed%
using% the% 16kbit% quality% flags% (Samanta% et% al%
2010b,%Xu%et%al%2011).%The%number%of%pixels%with%
valid% EVI% data% in% June,% October% and% March% are%
shown%in%table%S2.%
2.6., MODIS, MAIAC, EVI:, EVI% data% from% Terra%
(June%2000%to%May%2008)%and%Aqua%(June%2003%to%
May% 2008)% MODIS% sensors% at%1×1 %km2% spatial%
resolution% and% 8kday% temporal% frequency%
generated% with% the% Multikangle% Implementation%
of% Atmospheric% Correction% (MAIAC)% algorithm%
(Lyapustin% et% al% 2012)% are% used% in% this% study%
(WWWkMAIAC).% The% MAIAC% EVI% data% are%
standardized% to% a% fixed% sunksensor% geometry%
(nadir% viewing% direction,% solar% zenith% angle% of%
45o).% Thus,% the%MAIAC% EVI% data% are% free% of% sunk
sensor%geometry%effects.%%
2.7., MODIS, LAI:, Collection% 5% Leaf% Area% Index%
(LAI)%data%from%Terra%MODIS%for%the%period%June%
2000%to%May%2008%are%used%in%this%study%(WWWk

MOD15A2).%Data%from%June%2005%to%May%2006%are%
excluded% from% analyses% of% LAI% seasonal% changes%
(figures%1%and%2)%due%to%the%dry%season%drought%in%
2005%(Samanta%et%al%2010a).%The%data%are%at%1×1%
km2% spatial% resolution% and% 8kday% temporal%
frequency.%Valid% LAI% data% in% each%1×1%km2%8kday%
pixel% are% identified% using% quality% flags% (Samanta%
et%al%2011,%Poulter%and%Cramer,%2009).%%
2.8., MISR, Bidirectional, Reflectance, Factor:,
Land% Surface% Data% (version% 22)% from% the% Terra%
Multiangle%Imaging%Spectroradiometer%(MISR)%for%
the%period%June%2000%to%May%2008%are%used%in%this%
study%(WWWkASDC).%Data%from%June%2005%to%May%
2006%are%not%used%due%to%the%dry%season%drought%
in%2005%(Samanta%et%al%2010a).%The%data%are%at%a%
spatial% resolution% of% 1.1% ×% 1.1% km2% and% include%
Bidirectional% Reflectance% Factors% (BRF)% at% the%
nine% MISR% view% angles% (nadir,%±26.1°,%±45.6°,%
±60.0°% and%±70.5°)% in% four% spectral% bands% (446,%
558,% 672,% and% 866% nm).% MISR% data% with%
LandQA=0% (cloud% free,% aerosol% optical% depth%
below%0.3)%are%considered%valid.%%
2.9.,GLAS,Centroid,and,Apparent,Reflectance:,
Data%from%the%Geoscience%Laser%Altimeter%System%
(GLAS)% instrument% onboard% the% Ice,% Cloud% and%
land%Elevation% Satellite% (ICESat)% acquired%during%
four% periods% –% May% 20% to% June% 23,% 2005% (L3c),%
May% 24% to% June% 26,% 2006% (L3f),% October% 3% to%
November% 8,% 2004% (L3a)% and% October% 2% to%
November%5,%2007%(L3i)%–%are%used%to%analyze%the%
sensitivity% of% the% waveform% centroid% relative%
height%(WCRH)%and%Apparent%Reflectance%(AR)%to%
LAI% (WWWkGLAS).% The% same% data% were% used% in%
(Morton% et% al% 2014).% For% comparison% purposes,%
low% quality% data% were% filtered% as% described% in%
(Morton% et% al% 2014).% Additionally,% GLAS%
footprints% over% nonkforest% and/or% bare% ground%
were% screened% by% imposing% the% following%
conditions:%(a)%MODIS%Land%Cover%corresponding%
to% GLAS% footprints% is% “Evergreen% Broadleaf%
Forests”% and% (b)% number% of% GLAS% waveform%
Gaussian%peaks% exceeds% one.%GLAS% lidar% analysis%
is% focused%on%the%region%spanning%0°%to%10°S%and%
60°W%to%80°W%–%the%spatial%extent%of%the%blue%and%
red%squares%in%figure%S1(a).%

3.,SunUSensor,Geometry%
Three% angles% characterize% the% sunksensor%
geometry%of%a%pixel%(figure%S1(c)):%(a)%solar%zenith%
angle% (SZA),% (b)% relative% azimuth% angle% (RAA),%
and%(c)%view%zenith%angle%(VZA).%All%three%change%
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during% the% year% in% the% case% of% MODIS.% The%
distribution%of%these%angles%for%pixels%in%the%study%
region% during% each% of% the% twentykthree% 16kday%
compositing%periods%in%a%year%is%shown%in%figure%1%
for%Terra%MODIS.%The%geometry% for%Aqua%MODIS%
is% very% similar% to% that%of%Terra%MODIS.%The%view%
zenith% angles% are% fixed% in% the% case% of%MISR.% The%
following% discussion% of% sunksensor% geometry% is%
specific%to%this%study’s%region%(figure%S1(a)).%

The% geometry% in% terms% of% SZA% and% RAA% is%
approximately% cyclical% with% a% period% of% six%
months% (figures% 1(b)% and% (c)).% Terra% and% Aqua%
MODIS%and%Terra%MISR%measurements%are%made%
at% higher% SZA% (~%30o% to%40o)% about% the% solstices,%
June/July% and% December/January,% and% at% lower%
SZA% (~% 20o% to% 30o)% about% the% equinoxes,%
September/October% and% February/March% (figure%
1(b)).%The%progression%of%Terra%and%Aqua%MODIS%
RAA% during% the% year% shows% a% similar% cyclical%
behavior% (figure% 1(c)).% The% measurements% are%
made% closer% to% the% solar% azimuthal% plane,% or% the%
principal% plane,% (RAA% ~%0°%and%180°),% about% the%
equinoxes% and% approximately%±30° %to%±45° %off%
the%orthogonal%plane%(RAA%~%130o%and%50o)%about%
the% solstices% (figure% 1(c)% and% figure% S2).% View%
zenith% angle% varies% between%0°%(nadir)% and%60°%
(figure% 1(d)).% The% RAA% of% MISR% sampling% along%
the% spacecraft% flight% track% follows% its% Terra%
counterpart,% but% is% shifted% by% about% 90° %(not%
shown).% Half% of% Terra% and% Aqua% MODIS%
observations%about%the%solstices%were%collected%at%
VZA% below% 15° %and% 20° ,% respectively.% Around%
50%% of% the% measurements% about% the% equinoxes%
were% made% at% VZA% below%35° %(Terra)% and%20°%
(Aqua).% The% MISR% VZAs% are% strongly% peaked% as%
expected% around% their% nominal% values% of% 0.0°,%
±26.1°,%±45.6°,%±60.0°%and%±70.5°%(figure%S2).%

Choosing% three% 16kday% composites,% one% each%
in%June%(Jun%25%to%Jul%10),%October%(Oct%15%to%30)%
and%March% (Mar% 5% to% 20),% is% sufficient% to% assess%
whether% the% previously% reported% seasonality% in%
radiometric%greenness% (Xiao%et%al%2005,%Huete%et%
al%2006,%Brando%et%al%2010)%and%leaf%area%(Myneni%
et% al% 2007,% Samanta% et% al% 2012)% of% Amazonian%
rainforests% is%an%artefact%of%sunksensor%geometry%
(Galvão%et%al%2011,%Morton%et%al%2014)%or%not.%The%
three%periods%correspond%to%the%beginning%of%the%
dry% season,% end% of% the% dry% season% and% mid% wet%
season,% respectively.%The%Terra%and%Aqua%MODIS%
observations% provide% pairs% of% matching% RAA%
(October% vs.% March),% varying% RAA% (June% vs.%

October),%matching%SZA% (Terra%and%Aqua% in% June%
and%March),%varying%SZA%(October%from%Terra%and%
Aqua)% (figure% S2).% The% Terra% MISR% sensor%
samples%the%surface%close%to%the%principal%plane%in%
June% and% near% the% orthogonal% plane% in% October%
and%March.%This%manner%of% sampling% is% opposite%
to%that%of%MODIS%(figure%S2).%The%juxtaposition%of%
MODIS% and% MISR% sampling% provides% an%
interesting% opportunity% for% assessing% the%
presence% or% absence% of% seasonal% variations% in%
these%rainforests.%

4.,Forest,Reflectance,
4.1., Bidirectional, Reflectance, Factor, (BRF):%
The% reflected% radiation% field% from% a% vegetation%
canopy% illuminated% by% a% solar% beam% in% a%
coordinate%system%with%the%polar%axis%pointed%to%
the%sun%is%considered%here.%The%reflected%radiance%
is%expressed%relative%to%a%surface%perpendicular%to%
the% solar%beam%and%depends%on% the%phase%angle,%
!,% and% azimuth,%!.% The% phase% angle% is% the% angle%
between% the% directions% to% the% sun% and% sensor%
(figure%S1(c)).%The%plane%!%is%chosen%such%that%the%
phase% angle% varies% between% −(90° + !!) %and%
+(90° − !!)%where%!!%is% the% sun% zenith% angle.% In%
this% coordinate% system% the% Bidirectional%
Reflectance% Factor,%!"#(!,!) ,% is% the% ratio% of%
radiance%reflected%from%the%vegetation%canopy%to%
the% radiance% reflected% from% an% ideal% Lambertian%
surface% under% identical% illumination% conditions.%
The% Lambertian% surface% in% this% instance% is%
perpendicular% to% the% solar% beams.% For% a% plane%
given%by%!,and,! + 180°,%the%BRF%is%a%function%of%
SZA,% phase% angle% and%wavelength.% Its%magnitude%
and% angular% shape% depends% on% the% composition,%
density,% geometric% structure% of% the% reflecting%
medium,% in% addition% to% the% foliage% optical%
properties.%%
4.2., Transformation, of,MODIS, and,MISR, BRF,
data:, Let%!"#!"(!!, !! ,Δ!)%be% the% observed% BRF%
at% a% location%(!, !)%on% the% Earth’s% surface.% The%
!"#!"%is% a% standard%product%of%MODIS%and%MISR%
sensors,% which% is% expressed% relative% to% a%
horizontal% surface.% The% sunksensor% geometry% is%
represented% by% the% sun,%!!,% and% sensor,%!! ,% view%
zenith% angles,% and% the% view% azimuth%!! %(figure%
S1(c)).% First,% we% introduce% a% new% coordinate%
system%with%the%polar%axis%pointed%to%the%sun.%The%
quantities,%!!" = !"#!" cos !! ,% represent% radiank
ces% reflected% from% forests% illuminated% by% a%
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parallel%beam%of%unit%intensity.%The%radiances%are%
expressed%relative%to%the%unit%surface%perpendicuk
lar% to% the% solar% beam% and% depend% on% the% phase%
angle,% ! ,% and% azimuth,%!, %in% this% system.% The%
phase%angle%is%the%angle%between%directions%to%the%
sun% and% sensor,% i.e.,% ! = acos cos !! cos !! +
sin !! sin !! cos!! .%%

Second,% we% group% !!" %with% respect% to% the%
phase% angle% (figure% S3).% This% procedure%
transforms% the% standard% BRF% product% into% BRF%
expressed% in% terms% of% the% phase% angle,%! ,% and%
azimuth,%!.%The%azimuth%specifies%sampling%plane%
of%satellitekborne%sensors.%The%MODIS%instrument%
scans% the% Earth% across% the% Terra% and% Aqua%
spacecraft% flight% track,% which% is% approximately%
from% East% to% West% (figure% S3(a)).% The% MISR%
instrument% measures% reflected% radiation% along%
the% Terra% flight% track,% which% is% approximately%
from%North%to%South%(figure%S3(b)).%The%sampling%
planes% are% fixed% for% MODIS% and% MISR%
instruments.%We%assign% the%sign%“plus”% to%!%if% the%
direction% to% the% sensor% approaches% the% direction%
to% sun% from% East% (Terra% MODIS),% West% (Aqua%
MODIS)% or% North% (Terra% MISR),% and% “minus”%
otherwise.% The% phase% angle% varies% between%
−(90° + !!) %and% 90° − !! .% The% probability%
density%distribution%function%!(!!, !)%of%the%phase%
angle% is% evaluated% from% the% fraction% of% data% in%
each%group.%%

Finally,% the%reflected%radiances% in%each%group%
are% averaged.% This% methodology% is% applied% to%
transform%standard%BRF%products%from%Terra%and%
Aqua% MODIS% observations% (figure% S3(a)).% In% the%
case% of% MISR,% the% algorithm% is% applied% to% each%
MISR% camera% to% derive% camera% specific% BRF%
(figure% S3(b))% and% corresponding% probability%
density% functions.% The% camera% specific% BRFs% for%
which%|! − !| ≤ ! %are% used% in% further% analyses.%
Here%! %and%! %denote% camera% specific% mean% and%
standard%deviation%of%the%phase%angle%!.%%
4.3., Effect, of, Changing, Canopy, Properties, on,
BRF:% figures%S5(a)%and%(b)% illustrate%the%effect%of%
changing%canopy%properties%on%BRF.%Here,%SZA%is%
held%constant.%An%increase%in%LAI,%with%leaf%optical%
properties%unchanged,% increases%the% interception%
of% incoming% solar% radiation% by% the% vegetation%
canopy,% which% in% turn% increases% the% amount% of%
reflected%radiation.%This% increases%the%magnitude%
of% BRF% at% all% phase% angles,% i.e.% a% nonklinear%
upward%shift%in%the%angular%signature%of%the%BRF,%
as%shown%in%figure%S5(b).%The%overall%shape%of%the%

BRF% remains% unchanged.% This% is% a% wellkknown%
fact:% the% reflectance% of% dense% vegetation,% or% a%
vegetation%canopy%with%a%dark%background,% is%an%
increasing%function%of%LAI%(e.g.%figure%1%in%(Huang%
et% al% 2008)).% Changes% in% leaf% optical% properties%
either%augment%or%suppress%the%LAI%effect%on%the%
reflectance% factor% (Samanta% et% al% 2012).% Thus,%
changing% canopy% properties% and% holding% SZA%
constant% changes% the% magnitude% of% the% BRF% but%
not% the% overall% shape% of% the% signature.% This%
explains%the%observed%BRF%changes%in%figures%3(a)%
and%(b).%%
4.4., Effect, of, Changing, SZA, on, BRF:, figures%
S5(c)%and%(d)%illustrate%the%effect%of%changing%SZA%
on% BRF.% Here,% canopy% properties% are% held%
constant.%The% cumulative% contribution%of%withink
canopy% sources% generated% by% singlek% and%
multiplekscattered% photons% to% canopykexiting%
radiation% along% a% given% direction% increases% with%
photon% path% length,% ! ,% as% ~(1 − exp(−!")) ,%
where%!%is% the% distance% between% sources% within%
the%canopy%and%the%upper%boundary%of%the%canopy%
and%!%is% the%extinction%coefficient.%An% increase% in%
SZA% results% in% longer% photon% path% lengths% for%
positive%phase%angles%(figure%S5(c)).%The%opposite%
is% true% for%negative%phase%angles.% Increasing%SZA%
with% constant% canopy% therefore% results% in% an%
asymmetric%transformation%of%the%BRF%signature,%
that%is,%enhanced%values%for%positive%phase%angles%
and% depressed% values% for% negative% phase% angles%
(figure%S5(d)).%It%also%decreases%the%range%of%BRF%
variation% at% positive% phase% angles% and% a%
corresponding% increase% in% the% range% of% BRF%
variation%at%negative%phase%angles.%Thus,%both%the%
shape% and% magnitude% of% the% BRF% signature% are%
changed.% The% asymmetric% transformation% also%
causes% the% two% BRF% signatures% to% intersect,% as%
illustrated% in% figure% S5(d).% The% phase% angle% at%
which% the% two% signatures% intersect% can% be%
calculated% using% the% principle% of% directional%
reciprocity%(Section%4.6).%

It% is% important% to%note% that% the%path%L% varies%
with%SZA%as%~1/ cos(!"#).%It%means%that%effect%of%
changing%SZA%on%the%BRF’s%angular%shape%is%weak%
at% low% SZA.% For% example,% a% change% in% SZA% from%
20°%to%30°%involves% a% change% in% L% from% ~1.06% to%
~1.15.%The% impact,%however,% increases%with%SZA.%
This% explains% why% SZA% variation% has% no%
discernable% impact% on% the% angular% signatures% of%
reflectances%in%figures%3(a)%and%(b).%
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4.5.,Effect,of,Changing,Canopy,Properties,and,
SZA, on, BRF:, figures% S5(e)% and% (f)% illustrate% the%
effect% of% changing% both% canopy% properties% and%
SZA% on% BRF.% Changing% canopy% properties% but%
holding% SZA% constant% changes% the% magnitude% of%
BRF%but%retains%its%overall%angular%shape%(Section%
4.3).%Changing%SZA%but%holding%canopy%properties%
invariant% changes% the% magnitude% of% BRF%
differently%for%positive%and%negative%phase%angles,%
thus% changing% the% shape% of% the% BRF% as% well%
(Section% 4.4).% Changing% canopy% properties% and%
SZA% simultaneously% combines% these% two% effects,%
i.e.% the% BRF% is% transformed% asymmetrically% and%
shifted% in% magnitude.% For% example,% decreasing%
SZA% depresses% the% BRF% at% positive% phase% angles%
and%enhances%the%same%at%negative%phase%angles%–%
transformation% of% the% green% colored% BRF%
signature%to%dashedkblue%color%signature%in%figure%
S5(f).% Increasing% canopy% properties,% say% LAI%
and/or% foliage% optical% properties,% shifts% the%
overall% BRF% signature% up% in% magnitude% –%
transformation% of% the% dashedkblue% color%
signature% to% solidkblue% color% signature% in% figure%
S5(f).%This%explains%the%BRF%signature%changes%in%
figures%3(c)%and%(d).% Importantly,% it% follows% from%
this% argumentation% that%higher%or%equal%values%of%
BRF% at% lower% SZA% relative% to% BRFs% at% higher% SZA%
always%indicate%a%change%in%canopy%properties.%
4.6., Proof, of, Dry, Season, Changes, From, the,
Directional, Reciprocity, Principle:% The% optical%
reciprocity% theorem% (Davis% and% Knyazikhin,%
2005)% provides% a% proof% relevant% to% our% study.% It%
states% that% switching% detector% and% source% and%
inverting% the% directions% of% propagation% yield% the%
same%result% for%BRF.%It% follows%from%the%theorem%
that% the% BRFs% of% a% canopy,% or% two% similar%
canopies,% corresponding% to% different% sun%
positions,% say%Ω!%and%Ω!,% necessarily% intersect% at%
!! = − acos(Ω! ∙ Ω!).%Indeed,%the%BRF%in%direction%
Ω! %due% to% a% monokdirectional% solar% beam% in%
direction%−Ω!%is% related% to% the% BRF% in% direction%
Ω! %due% to% a% monokdirectional% solar% beam% in%
direction% −Ω! %as% !"# −Ω!,+! =
!"# −Ω!,−! .% If%!"#(−Ω!, !) %is% symmetric% at%
!! = acos(Ω! ∙ Ω!)%(e.g.,% as% in% October),% the% BRFs%
should%intersect%at%!! = −acos(Ω! ∙ Ω!).%Changing%
canopy% properties% with% illumination% conditions%
unchanged% results% in% an% upward% or% downward%
shift%in%the%angular%signature%of%the%BRF%(Section%
4.5).%This%causes%the%intersection%point%to%deviate%
from% !! ,% indicating% a% difference% in% canopy%

properties.% The% deviation% of% the% intersection%
point% around%−5.5° %from%!! = −37.1° %shown% in%
figure% 3(d)% is% significant,% indicating% different%
canopy%properties%in%June%and%October.%%%%

Supplementary,Discussion,

Galvão%et%al%(2011)%and%Morton%et%al%(2014)%claim%
that%previous%studies%(Xiao%et%al%2005,%Huete%et%al%
2006,% Myneni% et% al% 2007,% Brando% et% al% 2010,%
Samanta% et% al% 2012)% misinterpreted% changes% in%
nearkinfrared% (NIR)% reflectance% caused% by%
seasonal% changes% in% sunksatellite% sensor%
geometry% as% seasonal% variations% in% rainforest%
canopy% structure% and% greenness.% They% conclude%
that% Amazonian% rainforests% maintain% consistent%
structure% and% greenness% during% the% dry% season%
based% on% their% analysis% of% satellite% borne% sensor%
data% (MODIS% and% Lidar)% and% model% exercises.%
Here% we% present% a% detailed% critique% of% their%
analysis.%

An% incomplete%analysis%of% the% seasonal% cycle,%
i.e.% one% that% is% focused% only% on% the% dry% season,%
encourages% misleading% interpretation% of% both%
intrak% and% interkannual% greenness% (EVI% or% LAI)%
variations% as% artefacts% of% changing% sunksensor%
geometry.% For% example,% if% the% sunksensor%
geometry% artefact% argument% is% valid,% then% the%
seasonal% course% of% LAI% from% December% to% May%
should%be%similar%to%that%from%June%to%November%
because% of% a% repeat% in% sunksensor% geometry%
(figures% 1(b)% and% (c)),% but% it% is% not% (figure% 1(a)).%
Also,% if% the% change% in% MODIS% sampling% from% the%
orthogonal%plane%in%June%to%the%principal%plane%in%
October% (figures% S2(a)% and% (c))% causes% the%
rainforests%to%appear%greener,%then%the%change%in%
MISR%sampling%from%the%principal%plane%in%June%to%
the% orthogonal% plane% in% October% (figures% S2(b)%
and% (d))% should% cause% the% rainforests% to% appear%
browner.%But,%greening%is%observed%as%well%(figure%
3(d)).%%

Interannually,% the% attribution% of% anomalous%
dry% season% greening% (increase% in% EVI% or% LAI)% in%
drought% year% 2005,% vis%a%vis% dry% seasons% of% nonk
drought%years,%to%a%higher%proportion%of%brighter%
backscattering% MODIS% observations% is% flawed%
because% it% is% selectively% based% on% data% from% the%
first%fortnight%of%October%(EDkfigure%9%(Morton%et%
al% 2014)).% A% higher% fraction% of% backscattering%
measurements% is% not% seen% in% 2005% when% the%
analysis% is% focused% on% July% to% September% period%
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(figure%S4(b))%as%in%the%original%studies%(Samanta%
et% al% 2010a,% Samanta% et% al% 2010b,% Saleska% et% al%
2007).%Moreover,% if%claims%of%geometric%artefacts%
are% true,% higher% backscatter% fraction% and%
greenness% should% also% be% seen% during% the% more%
intense% dry% season% drought% in% 2010% (Xu% et% al%
2011).%They%are%not% (figure%S4(b)),% even% in% their%
selective% analysis% (EDkfigure% 9% (Morton% et% al%
2014)).%

Crucially,%the%misinterpretations%in%Morton%et%
al%(2014)%stem%from%reliance%on%prognostications%
of% an% untested% radiative% transfer% model.% In% a%
critical% test% of% how% well% the% model% simulates%
variation%in%sunlit%and%shaded%proportions%of%the%
canopy,% which% is% central% to% arguments% about%
geometric% artefacts,% the% model% underestimates%
measurements% by% ~45%% (figure% S4(c)).% The%
model% is% also% unrealistically% sensitive% to% litter%
reflectance% in%dense% vegetation% (table%1% (Morton%
et% al% 2014)),% an% indication% of% incorrect% physics%
and/or% modeling% of% foliage% spatial% distribution.%
The% failure% to% test% the%model% is% compounded% by%
an% unquestioned% belief% in% its% validity,% else% the%
observed% dry% season% greening% in% geometryk
corrected% EVI% would% not% have% been% ignored%
(figure% 3(b)% (Morton% et% al% 2014)% and% EDkfigure%
7(b)% (Morton% et% al% 2014)).% Various% statistical%
analyses% of% this% geometrykcorrected% EVI% data%
strongly%reject%the%null%hypothesis%of%no%change%in%
forest%greenness%(Saleska%et%al%2015).% Indeed%the%
physics% of% radiative% transfer% in% dense% media%
(Section%2.9%(Knyazikhin%et%al%1999))%informs%that%
these% changes% in% geometrykcorrected%EVI% (figure%
2,% figure% 3(b)% in% (Morton% et% al% 2014)% and% EDk
figure%7(b)%in%(Morton%et%al%2014))%correspond%to%
large%changes% in%LAI%(figure.%1(a)).%Thus,% there% is%
no%valid%statistical%or%theoretical%basis%to%dismiss%
dry% season% increase% in% geometrykcorrected% EVI%
(figure% 2(b),% figure% 3(b)% in% (Morton% et% al% 2014)%
and%EDkfigure%7(b)%in%(Morton%et%al%2014)).%

The% unorthodox% belief% that% Amazonian%
rainforests% should% conform% to%model%predictions%
affects% their% interpretation% of% satellite% lidar% data%
also.%The%conclusion%that%structure%and%greenness%
of% rainforests% remain% invariant% does% not% follow%
from% absence% of% evidence% in% lidar% data% for% their%
model%prediction%that%an%increase%in%LAI%from%4.5%
to% 6.5% should% result% in% an% increase% in%Waveform%
Centroid% Relative% Height% k% the% height% of% median%
return%energy%relative%to%the%full%waveform%extent%
(WCRH;% table% 1% in% (Morton% et% al% 2014)).% A%

prudent% interpretation% might% be% that% the% model%
prediction%does%not% conform% to%data.% Even% if% the%
model% is% assumed% to% be% capable% of% accurate%
predictions,%the%predicted%change%in%WCRH%(0.06)%
is% comparable% to% the% spatial% standard% deviations%
of% June% and% October% WCRH% data% (~0.07).% This%
clearly%suggests%a%need%for%additional%analysis.%%

The% lack% of% insight% into% what% might% be%
reasonably% expected% from% lidar% data% and%
saturation% of% lidar% signals% in% dense% vegetation%
compound%the%problem%of%detecting%seasonal%LAI%
changes.% For% example,% studies% that% have%
investigated% the% relationship% between% LAI% and%
lidar% waveforms% (Castillo% et% al% 2012,% Tang% et% al%
2012,% Drake% et% al% 2002)% show% that% WCRH%
saturates% in% mature% and% secondary% growth%
tropical% forests% aged% over%~20% years% (Tang% et%al%
2012,%Drake% et%al% 2002)% because% the%majority% of%
lidar%hits%are%confined% to% the%upper%canopy.%This%
saturation% of% signals% emanating% from% vegetation%
is% different% than% sensor% saturation%
(Neuenschwander% et% al% 2008)% –% the% latter% have%
been%filtered%out%from%all%analyses.%%

The% saturation% effect% can% be% potentially%
documented% through% these% three% analyses.% First,%
although% a% range% of% LAI% values% are% observed% in%
Amazonian%rainforests,%from%about%4%to%6%in%June%
and% greater% than% 6% in% October,% the% two% lidar%
metrics,% WCRH% and% Apparent% Reflectance% (AR),%
exhibit% no% correspondent% variations% (figure% S6).%
Second,%rainforests%with%low%(3.5%to%4.5)%and%high%
(greater% than%5.5)%LAI%have% the%same%WCRH%and%
AR% (figures% S7% (a)% and% (b)).% Third,% rainforests%
with% low% (<0.5)% and% high% (>0.6)%WCRH%have% the%
same% LAI% (figure% S7(c)).% Likewise,% rainforests%
with%low%(<0.5)%and%high%(>0.6)%AR%have%identical%
LAI% (figure% S7(d)).% Inference% of% saturation% from%
figure% S6% and% figures% S7% (a)–(d)% depends% on% the%
validity% of% the%MODIS% LAI% data.% To% alleviate% this%
concern,%we%present%similar%results%for%deciduous%
broadleaf% forests% where% a% broader% range% of% LAI%
values% are% encountered.% The% curvilinear%
relationship% in% deciduous% forests,% where% WCRH%
increases% for% LAI% values% 0% to% 3% and% saturates%
thereafter% (figures%S8(a)%and%(c)),% is%as%expected,%
and%is%similar%to%other%relations%between%LAI%and%
remote% measurements% (Knyazikhin% et% al% 1999,%
Huang%et%al%2008).%

Unlike%WCRH,% the% AR% shows% no% relationship%
to%LAI%(figures%S6%(b)%and%(d),% figures%S8%(b)%and%
(d)),% even% in% sparsely% foliated% canopies% (LAI% less%
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than%3;% figures% S8% (b)% and% (d)).%Also,% the% inverse%
relationship%with%WCRH%is%perplexing%(figures%S7%
(e)% and% (f)).% To% ascertain% whether% these% results%
indicate% potential% data% quality% problems,% we%
investigated% the% relationship% between% the% lidar%
metrics% and% key% climatic% variables% that% govern%
plant% growth,% i.e.% water,% radiation% and%
temperature% (Nemani% et% al% 2003).% The% WCRH%
data%are%positively%related%(pkvalue%<%0.001)%to%all%
three% climatic% variables% (table% S4).% This% is% as% it%
should% be,% i.e.% tall% and% dense% tree% stands% with%
higher%WCRH%are%located%in%climatically%favorable%
environments% of% higher% annual% precipitation,%
solar%radiation%and%mean%temperature%(table%S4).%
The% AR% data,% on% the% other% hand,% show% negative%
relation%with% two%of% the% three% climatic% variables.%
We% therefore% conclude% that% GLAS% AR% data% have%
quality%problems.%

Morton% et% al% (2014)’s% interpretations% of% AR%
data% are% contradictory% k% on% the% one% hand,% their%
validity% is% discounted% by% citing% corruption% from%
aerosols% due% to% biomass% burning,% and% on% the%
other% hand,% their% invariance% is% counted% as% proof%
that% Amazonian% rainforests% maintain% consistent%
structure% and% greenness% (figure% 2(c)% (Morton% et%
al% 2014)).%Why% table%1% (Morton%et%al% 2014)%does%
not% show% model% predictions% of% AR% seasonal%
variations,%unlike%WCRH,%is%unknown.%Given%these%
ambiguities,% their% analyses% of% AR% data%must% also%
be%deemed%inconclusive.%

In% addition% to% the% analyses% presented% in% this%
article,% three% independent% studies% have% rebutted%
Galvão% et% al% (2011)% and% Morton% et% al% (2014)%
claims% with% a% multitude% of% satellite% and% in% situ%
data%(Maeda%et%al%2014,%Hilker%et%al%2014,%Jones%et%
al% 2014).% Dry% season% greening% in% sunksensor%
geometry%corrected%data%obtained%from%Morton%et%
al.%is%due%for%publication%(Saleska%et%al%2015).%
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Archive% Center.% Available% at% https://%
lpdaac.usgs.gov/products/modis_products_table/
myd13a12%%

WWWkMOD15A2.% Leaf% Area% Index% k% Fraction% of%
Photosynthetically% Active% Radiation% 8kDay% L4%
Global% 1km% (MOD15A2).%Land%Process%Distributed%
Active% Archive% Center.% Available% at% https://%
lpdaac.usgs.gov/products/modis_products_table/
mod15a12%

WWWkMYD13A2.%Vegetation%Indices%16kDay%L3%Global%
1km% (MYD13A2).% Land% Process% Distributed% Active%
Archive% Center.% Available% at% https://%
lpdaac.usgs.gov/products/modis_products_table/
myd13a12%

WWWkTRMM.% Tropical% Rainfall% Measuring% Mission%
(TRMM)% data.% Goddard% Earth% Science% Data% and%
Information% Center.% Available% at%
http://mirador.gsfc.nasa.gov/%

Xiao% X% et% al% 2005% Satellitekbased% modeling% of% gross%
primary%production%in%a%seasonally%moist%tropical%
evergreen% forest.% Remote.% Sens.% Environ.%94% 105–
122%%

Xu% L% et% al% 2011% Widespread% decline% in% greenness% of%
Amazonian% vegetation% due% to% the% 2010% drought.%
Geophy.%Res.%Lett.%38,L07402%

Yang% W% et% al% 2006% MODIS% leaf% area% index% products:%
From% validation% to% algorithm% improvement.% IEEE%
Trans.%Geosci.%Remote.%Sens.%44%1885–1898%

% %
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Supplementary,Figures,

(a),

%

(b),

%
, % , %
(c),

%
Figure,S1.,The%study%domain%and%sunksensor%geometry.%(a)%The%domain%of%MODIS%and%MISR%analysis%is%
the% red% square.% The% domain% of% GLAS% lidar% analysis% is% both% blue% and% red% squares.% (b)%Monthly%mean%
rainfall% from%TRMM.%(c)%Three%angles%characterize% the%sunksensor%measurement%geometry%of%a%pixel:%
(1)%solar%zenith%angle,%SZA=θ!%(0° < θ! ≤ 90°),%(2)%view%zenith%angle,%VZA=θ!%(0° ≤ θ! ≤ 90°)%and%(3)%
view%azimuth,%φ!%(0° ≤ φ! ≤ 360°),%measured%relative% to% the%principal%plane.%The%angle%between% the%
projection,% OP,% of% the% direction% to% the% sensor% and% X% axis% is% the% relative% azimuth% angle% (RAA),% i.e.,%
RAA=φ!%if%0 ≤ φ! < 180°%and% RAA=360° − φ!,% otherwise.% It% varies% between%0°%and%180°.% The% angle%
between%the%directions%to%the%sun%and%sensor%is%the%phase%angle,%PA=γ.%
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(a),

%

(b),

%
(c),

%

(d),

%
(e),

%

(f),

%
Figure,S2.,MODIS%and%MISR%sampling%geometries.,Terra%and%Aqua%MODIS%(left%panels)%and%Terra%MISR%
(right%panels)% sampling%geometries%during%a%16kday%compositing%period% in% the%months%of% (a,%b)% June%
2003,%(c,%d)%October%2003,%and%(e,%f)%March%2003.%The%MODIS%sensors%sample%the%surface%close%to%the%
orthogonal%plane%in%June%and%near%the%principal%plane%in%October%and%March.%This%sampling%is%opposite%
to%that%of%MISR%sensor.,
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(a),

,

(b),

,
,
,
Figure,S3.,MODIS%and%MISR%reflectances%in%a%modified%coordinate%system.%Terra%MODIS%(a)%and%MISR%
(b)%NIR%BRFs%during%a%16kday%composite% in%October%2003.%BRF%values%are%expressed% in%a%coordinate%
system% with% the% polar% axis% pointed% to% the% Sun.% Solid% arrows% indicate% sampling% direction% that%
determines%the%phase%angle%sign%(angle%between%solar%and%sensor%view%directions).%
% %
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(a),

,

(b),

%

, % , %
(c),

,

,

%

Figure,S4.,Evidence%for%seasonality%of%leaf%area%and%misinterpretation%of%data%following%the%guidance%of%
an% erroneous% radiative% transfer% model% (Morton% et% al% 2014)., (a), Spatial% pattern% of% seasonal% Terra%
MODIS%LAI%amplitude%expressed%as% the%difference%between%the%maximum%value%during%September%to%
November% and% the% minimum% value% during% the% following% May% to% June% period.% White% pixels% denote%
locations%with%LAI% amplitudes% less% than% |0.66|,%which% is% the% accuracy%of%MODIS%LAI%data% (Yang%et%al%
2006).%White%and%colored%pixels%together%denote%pixels%that%exhibited%dry%season%greening%in%at%least%4%
out%of%7%seasonal%cycles%(63%%of%all%forest%pixels%in%the%study%region).%(b)%Mean%Terra%MODIS%EVI%over%
rainforests%as%a% function%of%backscattering% fraction%evaluated% from%all%16kday%compositing%periods% in%
July,% August% and% September% (DOY% 177% to% 272).% The% backscattering% fraction% is% defined%(Morton% et% al%
2014)% as% the% fraction% of% observations% with% view% azimuth% less% than% 90°% and% greater% than% 270°.% (c)%
Comparison%of%model% simulated%EVI% (obtained%by%digitizing% figure%1(c)% in%Morton%et%al%(2014))%with%
Terra%MODIS% EVI% over% Amazonian% rainforests.% The%MODIS% EVI% is% from% a% 16kday% October% composite%
(15th%to%the%30th)%accumulated%over%7%seasonal%cycles%(Section%2.5).%The%comparison%is%for%phase%angles%
in%the%range%±10o,%that%is,%±10o%around%the%hot%spot%(view%zenith%angles%from%10o%to%30o%in%figure%1(c)%
of%(Morton%et%al%2014)).%
% %
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(a),

%

(b),
,
,

,
, ,
(c),

,

(d),
,
,

,
, ,
(e),

,

(f),
,
,

,
%
Figure,S5.,Interpretation%of%angular%signatures%of%reflectance.,Illustration%of%how%the%angular%signature%
of% Bidirectional% Reflectance% Factors% (BRF)% is% transformed% when% (a,% b)% sunksensor% geometry% is% held%
invariant% but% canopy% properties% are% changed;% (c,% d)% sunksensor% geometry% is% changed% but% canopy%
properties%are%held%invariant;%(e,%f)%both%sunksensor%geometry%and%canopy%properties%are%changed.%The%
dashed%arrows%depict%direction%of%incident%parallel%beam%of%unit%intensity.% %
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(a),

%

(b),

%
, % , %
(c),

%

(d),

%
,
Figure, S6., Saturation% of% GLAS% lidar%metrics% over% central% Amazonian% forests., Distributions% of% GLAS%
Waveform%Centroid%Relative%Height%(WCRH)%and%Apparent%Reflectance%as%a% function%of%Terra%MODIS%
LAI%in%the%case%of%central%Amazonian%rainforests%at%the%(a,%b)%beginning%and%(c,%d)%end%of%the%dry%season.%
Gray%dots%and%red%crosses%show%distributions%of%lidar%metrics%within%0.5%LAI%bins.%Upper,%middle%(red%
line)%and%lower%box%edges%show%the%75%,%50%%and%25%%percentiles%of%GLAS%metrics.%The%red%crosses%
are%outliers,%each%representing%upper%and%lower%0.25%%of%the%GLAS%lidar%observations.%June%represents%
data% from% Mayk20% to% Junek23,% 2005% and% Mayk24% to% Junek26,% 2006.% October% represents% data% from%
Octoberk3% to% Novemberk8,% 2004% and% Octoberk2% to% Novemberk5,% 2007.% MODIS% pixels% with% valid% LAI%
values%and%four%or%more%GLAS%lidar%observations%were%used%(table%S3).% %
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(a),

%

(b),

%
, % , %
(c),

%

(d),

%
(e),

%

(f),

%
Figure,S7.,Relationship%between%GLAS%lidar%metrics%and%with%LAI.%(a,%b)%Variation%in%GLAS%Waveform%
Centroid%Relative%Height% (WCRH)%and%Apparent%Reflectance% (AR)% for%pixels%with% low%and%high%Terra%
MODIS%LAI%values.% (c,%d)%Variation% in%LAI% for%pixels%with% low%and%high%values%of%WCRH%and%AR.% (e,% f)%
Relationship% between%WCRH% and%AR.% Gray% dots% and% red% crosses% show% the% data.% Upper,%middle% (red%
line)%and%lower%box%edges%separate%the%75%,%50%%and%25%%percentiles%of%data%used.%The%red%crosses%
are% outliers,% each% representing% upper% and% lower% 0.25%% of% the% data.% Similar% relations% are% found% for%
October%(not%shown).% %
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(a),

,

(b),

%
,
, , , ,

(c),

,

(d),

%
%
Figure, S8., Relationship% between% GLAS% lidar%metrics% and% LAI% in% deciduous% broadleaf% forests., Distributions% of%
GLAS%Waveform%Centroid%Relative%Height%(WCRH)%and%Apparent%Reflectance%as%a%function%of%Terra%MODIS%LAI%in%
the%case%of%deciduous%(temperate)%broadleaf%forests%in%the%northern%hemisphere%in%(a,%b)%June%and%(c,%d)%October.%
Gray%dots%and%red%crosses%show%distributions%of% lidar%metrics%within%0.5%LAI%bins.%Upper,%middle%(red%line)%and%
lower%box%edges%show%the%75%,%50%%and%25%%percentiles%of%GLAS%metrics.%The%red%crosses%are%outliers,%each%
representing%upper%and%lower%0.25%%of%the%GLAS%lidar%observations.%June%represents%data%from%Mayk20%to%Junek
23,% 2005% and% Mayk24% to% Junek26,% 2006.% October% represents% data% from% Octoberk3% to% Novemberk8,% 2004% and%
Octoberk2%to%Novemberk5,%2007.%MODIS%pixels%with%valid%LAI%values%and%four%or%more%GLAS%lidar%observations%
were%used%(table%S3).%
%
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Supplementary,Tables,
,
Table,S1.,Number%of%greening%pixels%(Section%1)%from%Terra%and%Aqua%MODIS%sensors%

Year%

Terra% Aqua%
%Number%of%greening%

pixels,
%%As%a%%%of%rainforest%

pixels%
%Number%of%greening%

pixels%
%%As%a%%%of%rainforest%

pixels%
2000% 804,550% 59.02% N/A% N/A%
2001% 723,796% 53.10% N/A% N/A%
2002% 990,863% 72.69% N/A% N/A%
2003% 518,857% 38.06% 238,998% 17.53%
2004% 919,820% 67.48% 233,140% 17.10%
2005% N/A% N/A% N/A% N/A%
2006% 901,602% 66.14% 227,926% 16.72%
2007% 783,164% 57.45% 260,370% 19.10%

%
%
%
% %
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Table, S2.% Number% of% pixels% with% valid% EVI% and% BRF% data% in% June,% October% and% March%
accumulated%over%a%7kyear%period%(June%2000%to%May%2008,%excluding%June%2005%to%May%2006%
due%to%the%dry%season%drought%in%2005)%from%Terra%MODIS%and%MISR%sensors.%The%table%also%
shows%the%same%for%the%Aqua%MODIS%sensor,%but%accumulated%over%a%4kyear%period%(June%2003%
to%May%2008%excluding%June%2005%to%May%2006)%

Sensor% Number%of%Valid%Data%
Fraction%of%Rainforest%Pixels%With%Valid%Data%(%)%
June% October% March%

Terra%MODIS% One%or%more% 96.67% 94.38% 70.92%
Aqua%MODIS% One%or%more% 33.65% 30.32% 12.10%
Terra%MISR% One%or%more% 48.07% 25.75% 15.33%

%
%
%
%
%
%
%
%
%
%
%
% %
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Table,S3.%Number%of%pixels%with%valid%Terra%MODIS%LAI%data%and%four%or%more%valid%GLAS%footprints%
in%June%and%October%

Year%

June% October%

Number%of%valid%LAI%
pixels%

Number%of%
corresponding%GLAS%

footprints%
Number%of%valid%LAI%

pixels%

Number%of%
corresponding%GLAS%

footprints%
Amazonian%Rainforests%

2004% N/A% N/A% 3,859% 17,293%
2005% 3,031% 13,536% N/A% N/A%
2006% 1,911% 8,607% N/A% N/A%
2007% N/A% N/A% 5,987% 29,858%
Total% 4,942% 22,143% 9,846% 47,151%

Deciduous%Broadleaf%Forests%
2004% N/A% N/A% 2,419% 10,719%
2005% 955% 4,164% N/A% N/A%
2006% 649% 2,761% N/A% N/A%
2007% N/A% N/A% 4,208% 19,650%
Total% 1,604% 6,925% 6,627% 30,369%

%
%
% %



%20%

Table, S4.% Regression% relationships% between% climate% and% GLAS%Waveform% Centroid% Relative% Height%
(WCRH)% and% Apparent% Reflectance% (AR).% Climate% is% represented% by% annual% total% precipitation% from%
TRMM,% photosynthetically% active% radiation% from% CERES% and% mean% annual% temperature% from% CRU.%
Longkterm%means%of%climate%variables%were%evaluated%from%2001%to%2010%data,%but%excluding%2005%and%
2010%drought%years.%Each%TRMM%pixel%contains%10%or%more%GLAS%observations;%CERES%pixel%has%160%or%
more,%and%CRU%pixel%has%40%or%more%

x% y% Slope% Intercept% R2% pkvalue%
WCRH% Annual%Precipitation%(mm%yeark1)% 4428.3% 297.1% 0.17% <0.001%
WCRH% Photosynthetically%Active%Radiation%(W%mk2)% 21.8% 83.6% 0.08% <0.001%
WCRH% Mean%Annual%Temperature%(°C)% 8.3% 22.1% 0.15% <0.001%
AR% Annual%Precipitation%(mm%yeark1)% k600.4% 3011.2% 0.00% 0.16%
AR% Photosynthetically%Active%Radiation%(W%mk2)% k65.6% 130.9% 0.26% <0.001%
AR% Mean%Annual%Temperature%(°C)% k10.3% 32.1% 0.10% <0.001%
% %
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Table,S5.,List%of%Abbreviations,
%

AR% Apparent%Reflectance%

Aqua% NASA%scientific%research%satellite%in%a%Sunksynchronous%near%polar%circular%
orbit%around%the%Earth;%crosses%Equator%at%1:30pm%

BRF% Bidirectional%Reflectance%Factor%
C5% Collection%5%
CERES% Clouds%and%the%Earth's%Radiant%Energy%System%
CRU% Climatic%Research%Unit%
DOY% Day%of%Year%(designates%the%beginning%of%the%compositing%period)%
ED% Extended%Data%
EVI% Enhanced%Vegetation%Index%
GLAS% Geoscience%Laser%Altimeter%System%
ICESat% Ice,%Cloud%and%land%Elevation%Satellite%
JAS% July,%August,%and%September%
LAI% Leaf%Area%Index%
LiDAR% Light%Detection%and%Ranging%
MAIAC% Multikangle%Implementation%of%Atmospheric%Correction%
MISR% Multiangle%Imaging%Spectroradiometer%
MODIS% Moderatekresolution%Imaging%Spectroradiometer%
NASA% National%Aeronautics%and%Space%Administration%
NIR% Near%Infrared%
PA% Phase%angle%
PAR% Photosynthetically%Active%Radiation%
PDF% Probability%Density%Function%
RAA% Relative%Azimuth%Angle%between%solar%and%sensor%view%directions%
SI% Supplementary%Information%
SZA% Solar%Zenith%Angle%
SOM% Space%Oblique%Mercator%

Terra% NASA%scientific%research%satellite%in%a%Sunksynchronous%near%polar%circular%
orbit%around%the%Earth;%crosses%Equator%at%10:30am%

TRMM% Tropical%Rainfall%Measuring%Mission%
VI% Vegetation%Index%
VZA% View%Zenith%Angle%
WCRH% Waveform%Centroid%Relative%Height%

%
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Sunlight,mediated,seasonality,in,canopy,structure,and,photosynthetic,

activity,of,Amazonian,rainforests,
,

Jian%Bi,%Yuri%Knyazikhin,%Sungho%Choi,%Taejin%Park,%Jonathan%Barichivich,%Philippe%Ciais,%Rong%Fu,%
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This%document%provides%Supplementary%information%not%provided%in%the%main%text%of%the%article%
“Sunlight%Mediated%Seasonality%in%Canopy%Structure%and%Photosynthetic%Activity%of%Amazonian%
Rainforests.”%It%contains%(i)%Supplementary%Data%and%Methods,%which%provides%an%extended%description%
of%the%data%and%methods%used;%(ii)%Supplementary%Discussion%related%to%various%issues%in%previous%
studies%that%led%to%incorrect%conclusions;%(iii)%Supplementary%References;%(iv)%Supplementary%Figures%
and%(v)%Supplementary%Tables.%%
%

Supplementary,Data,and,Methods,

1.,Study,region,and,greening,pixels,
This%study%is%focused%on%a%1200×1200%km2%region%
in% central%Amazonia% (MODIS% tile% “h11v09”;% 0°% to%
10°S% and% 60°W% to% 70°W;% figure% S1(a)).% About%
95%% of% this% region% is% covered% with% terra% firme%
rainforests% (Nepstad% et% al% 1994).% The% average%
annual%rainfall%varies%from%about%1800%mm%in%the%
south%to%about%3700%mm%in%the%northwest%(figure%
S1(b)).% The% number% of% dry% months,% generally%
defined%as%months%with%rainfall%less%than%100%mm,%
varies%from%about%4%in%the%south%to%less%than%2%in%
the%northwest.%For%comparison%purposes%(Morton%
et%al% 2014),% the% dry% season% is% defined% as% June% to%
October%(137%mm/month)%and%the%wet%season%as%
November% to%May% (276%mm/month).%This% is% one%
of% two% tiles% studied% by% (Morton% et% al% 2014).%
Expanding% the% area% to%match% that% study% did% not%
alter%our%results%and%conclusions.%

Terra%MODIS%and%MISR%data%analysed% in% this%
study%consisted%of%seven%seasonal%cycles%(June%to%
May),% while% the% Aqua% MODIS% data% consisted% of%
four% cycles,% as% in% (Morton% et% al% 2014).% Forest%
pixels% with% valid% Enhanced% Vegetation% Index%
(EVI)%data%are%classified%as%greening%pixels%during%
a% seasonal% cycle% if% the% average% EVI% value% during%
the%month%of%October%is%greater%than%the%average%
EVI% value% during% the% month% of% June.% Here,% EVI%

refers% to% Terra% MODIS% Collection% 5% EVI% data%
(Section% 2.5).% The% MODIS% and% MISR% analyses% in%
this%study%are% focused%on%these%“greening%pixels”%
because%we%wish%to%address%this%key%question:% is%
the% dry% season% greening% purely% an% artefact% of%
variations% in% sunksensor% geometry% (Galvão% et% al%
2011,%Morton%et%al%2014)%or%does%it%reflect%actual%
changes%in%canopy%after%accounting%for%variations%
in%sunksensor%geometry%(Xiao%et%al%2005,%Huete%et%
al% 2006,% Myneni% et% al% 2007,% Brando% et% al% 2010,%
Samanta%et%al%2012)?,The%proportion%of%greening%
pixels%varies%from%year%to%year.%It%averages%~60%%
of% all% rainforest% pixels% in% the% case% of% the% Terra%
MODIS% sensor% (table% S1)% due% to% strict% quality%
filtering.% Nearly% every% rainforest% pixel% in% the%
study%region%exhibits%dry%season%greening%at%least%
once,% if% not% more,% because% the% data% are%
accumulated,% not% averaged,% over% multiple%
seasonal%cycles.%%

2.,Data,,
2.1., TRMM, Precipitation, Data:, Monthly%
precipitation% data% from% the% Tropical% Rainfall%
Measuring% Mission% (TRMM)% at% quarter% degree%
spatial%resolution%for%the%period%January%1998%to%
December%2012%(TRMM%product%3B43,%Version%7)%
are%used%in%this%study%(WWWkTRMM).%%
2.2., CERES, Surface, PAR, Fluxes:% Monthly% atk
surface%Photosynthetically%Active%Radiation%(PAR,%
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400k700%nm;%the%sum%of%“Computed%PAR%Surface%
Flux%Direct%–%Allksky”%and%“Computed%PAR%Surface%
Flux% Diffuse% –% Allksky”)% data% at% 1°×1°% spatial%
resolution%from%June%2000%to%May%2008%are%used%
in%this%study%(WWWkCERES).%%
2.3., CRU,Temperature,Data:%The%latest%version%
of% the%0.5°%temperature%data%set%produced%by%the%
Climatic% Research% Unit% (CRU;% University% of% East%
Anglia;%CRU%TS3.21)%is%used%in%this%study%(WWWk
CRU).%
2.4., MODIS, Land, Cover:, Evergreen% broadleaf%
forests%in%the%study%region%are%identified%using%the%
Collection% 5% land% cover% data% set% “MODIS% Land%
Cover% Type% Yearly% L3% Global% 500% m% SIN% Grid”%
(MCD12Q1)%(WWWkMCD12Q1).%%
2.5., MODIS, NIR, Reflectance, and, EVI:, The%
following% Collection% 5% EVI% data% are% used% in% this%
study:% (a)% Terra% Moderate% Resolution% Imaging%
Spectroradiometer% (MODIS)% EVI% data% from% June%
2000% to% May% 2008% (WWWkMOD13A2)% and% (b)%
Aqua% MODIS% EVI% data% from% June% 2003% to% May%
2008%(WWWkMYD13A2).%Data%from%June%2005%to%
May% 2006% are% not% used% due% to% the% dry% season%
drought% in% 2005% (Samanta% et% al% 2010a).% These%
data% sets% also% include% surface% reflectance% at% the%
near% infrared% (NIR)% spectral% band% (858%nm)% and%
sunksensor%measurement%geometry.%The%data%are%
at% a% spatial% resolution% of% 1×1% km2% and% 16kday%
temporal% frequency.% The% same% EVI% data% were%
used% in% previous% studies% (Galvão% et% al% 2011,%
Morton%et%al%2014).%The%quality%of%NIR%reflectance%
and% MODIS% EVI% data% in% each% pixel% is% assessed%
using% the% 16kbit% quality% flags% (Samanta% et% al%
2010b,%Xu%et%al%2011).%The%number%of%pixels%with%
valid% EVI% data% in% June,% October% and% March% are%
shown%in%table%S2.%
2.6., MODIS, MAIAC, EVI:, EVI% data% from% Terra%
(June%2000%to%May%2008)%and%Aqua%(June%2003%to%
May% 2008)% MODIS% sensors% at%1×1 %km2% spatial%
resolution% and% 8kday% temporal% frequency%
generated% with% the% Multikangle% Implementation%
of% Atmospheric% Correction% (MAIAC)% algorithm%
(Lyapustin% et% al% 2012)% are% used% in% this% study%
(WWWkMAIAC).% The% MAIAC% EVI% data% are%
standardized% to% a% fixed% sunksensor% geometry%
(nadir% viewing% direction,% solar% zenith% angle% of%
45o).% Thus,% the%MAIAC% EVI% data% are% free% of% sunk
sensor%geometry%effects.%%
2.7., MODIS, LAI:, Collection% 5% Leaf% Area% Index%
(LAI)%data%from%Terra%MODIS%for%the%period%June%
2000%to%May%2008%are%used%in%this%study%(WWWk

MOD15A2).%Data%from%June%2005%to%May%2006%are%
excluded% from% analyses% of% LAI% seasonal% changes%
(figures%1%and%2)%due%to%the%dry%season%drought%in%
2005%(Samanta%et%al%2010a).%The%data%are%at%1×1%
km2% spatial% resolution% and% 8kday% temporal%
frequency.%Valid% LAI% data% in% each%1×1%km2%8kday%
pixel% are% identified% using% quality% flags% (Samanta%
et%al%2011,%Poulter%and%Cramer,%2009).%%
2.8., MISR, Bidirectional, Reflectance, Factor:,
Land% Surface% Data% (version% 22)% from% the% Terra%
Multiangle%Imaging%Spectroradiometer%(MISR)%for%
the%period%June%2000%to%May%2008%are%used%in%this%
study%(WWWkASDC).%Data%from%June%2005%to%May%
2006%are%not%used%due%to%the%dry%season%drought%
in%2005%(Samanta%et%al%2010a).%The%data%are%at%a%
spatial% resolution% of% 1.1% ×% 1.1% km2% and% include%
Bidirectional% Reflectance% Factors% (BRF)% at% the%
nine% MISR% view% angles% (nadir,%±26.1°,%±45.6°,%
±60.0°% and%±70.5°)% in% four% spectral% bands% (446,%
558,% 672,% and% 866% nm).% MISR% data% with%
LandQA=0% (cloud% free,% aerosol% optical% depth%
below%0.3)%are%considered%valid.%%
2.9.,GLAS,Centroid,and,Apparent,Reflectance:,
Data%from%the%Geoscience%Laser%Altimeter%System%
(GLAS)% instrument% onboard% the% Ice,% Cloud% and%
land%Elevation% Satellite% (ICESat)% acquired%during%
four% periods% –% May% 20% to% June% 23,% 2005% (L3c),%
May% 24% to% June% 26,% 2006% (L3f),% October% 3% to%
November% 8,% 2004% (L3a)% and% October% 2% to%
November%5,%2007%(L3i)%–%are%used%to%analyze%the%
sensitivity% of% the% waveform% centroid% relative%
height%(WCRH)%and%Apparent%Reflectance%(AR)%to%
LAI% (WWWkGLAS).% The% same% data% were% used% in%
(Morton% et% al% 2014).% For% comparison% purposes,%
low% quality% data% were% filtered% as% described% in%
(Morton% et% al% 2014).% Additionally,% GLAS%
footprints% over% nonkforest% and/or% bare% ground%
were% screened% by% imposing% the% following%
conditions:%(a)%MODIS%Land%Cover%corresponding%
to% GLAS% footprints% is% “Evergreen% Broadleaf%
Forests”% and% (b)% number% of% GLAS% waveform%
Gaussian%peaks% exceeds% one.%GLAS% lidar% analysis%
is% focused%on%the%region%spanning%0°%to%10°S%and%
60°W%to%80°W%–%the%spatial%extent%of%the%blue%and%
red%squares%in%figure%S1(a).%

3.,SunUSensor,Geometry%
Three% angles% characterize% the% sunksensor%
geometry%of%a%pixel%(figure%S1(c)):%(a)%solar%zenith%
angle% (SZA),% (b)% relative% azimuth% angle% (RAA),%
and%(c)%view%zenith%angle%(VZA).%All%three%change%
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during% the% year% in% the% case% of% MODIS.% The%
distribution%of%these%angles%for%pixels%in%the%study%
region% during% each% of% the% twentykthree% 16kday%
compositing%periods%in%a%year%is%shown%in%figure%1%
for%Terra%MODIS.%The%geometry% for%Aqua%MODIS%
is% very% similar% to% that%of%Terra%MODIS.%The%view%
zenith% angles% are% fixed% in% the% case% of%MISR.% The%
following% discussion% of% sunksensor% geometry% is%
specific%to%this%study’s%region%(figure%S1(a)).%

The% geometry% in% terms% of% SZA% and% RAA% is%
approximately% cyclical% with% a% period% of% six%
months% (figures% 1(b)% and% (c)).% Terra% and% Aqua%
MODIS%and%Terra%MISR%measurements%are%made%
at% higher% SZA% (~%30o% to%40o)% about% the% solstices,%
June/July% and% December/January,% and% at% lower%
SZA% (~% 20o% to% 30o)% about% the% equinoxes,%
September/October% and% February/March% (figure%
1(b)).%The%progression%of%Terra%and%Aqua%MODIS%
RAA% during% the% year% shows% a% similar% cyclical%
behavior% (figure% 1(c)).% The% measurements% are%
made% closer% to% the% solar% azimuthal% plane,% or% the%
principal% plane,% (RAA% ~%0°%and%180°),% about% the%
equinoxes% and% approximately%±30° %to%±45° %off%
the%orthogonal%plane%(RAA%~%130o%and%50o)%about%
the% solstices% (figure% 1(c)% and% figure% S2).% View%
zenith% angle% varies% between%0°%(nadir)% and%60°%
(figure% 1(d)).% The% RAA% of% MISR% sampling% along%
the% spacecraft% flight% track% follows% its% Terra%
counterpart,% but% is% shifted% by% about% 90° %(not%
shown).% Half% of% Terra% and% Aqua% MODIS%
observations%about%the%solstices%were%collected%at%
VZA% below% 15° %and% 20° ,% respectively.% Around%
50%% of% the% measurements% about% the% equinoxes%
were% made% at% VZA% below%35° %(Terra)% and%20°%
(Aqua).% The% MISR% VZAs% are% strongly% peaked% as%
expected% around% their% nominal% values% of% 0.0°,%
±26.1°,%±45.6°,%±60.0°%and%±70.5°%(figure%S2).%

Choosing% three% 16kday% composites,% one% each%
in%June%(Jun%25%to%Jul%10),%October%(Oct%15%to%30)%
and%March% (Mar% 5% to% 20),% is% sufficient% to% assess%
whether% the% previously% reported% seasonality% in%
radiometric%greenness% (Xiao%et%al%2005,%Huete%et%
al%2006,%Brando%et%al%2010)%and%leaf%area%(Myneni%
et% al% 2007,% Samanta% et% al% 2012)% of% Amazonian%
rainforests% is%an%artefact%of%sunksensor%geometry%
(Galvão%et%al%2011,%Morton%et%al%2014)%or%not.%The%
three%periods%correspond%to%the%beginning%of%the%
dry% season,% end% of% the% dry% season% and% mid% wet%
season,% respectively.%The%Terra%and%Aqua%MODIS%
observations% provide% pairs% of% matching% RAA%
(October% vs.% March),% varying% RAA% (June% vs.%

October),%matching%SZA% (Terra%and%Aqua% in% June%
and%March),%varying%SZA%(October%from%Terra%and%
Aqua)% (figure% S2).% The% Terra% MISR% sensor%
samples%the%surface%close%to%the%principal%plane%in%
June% and% near% the% orthogonal% plane% in% October%
and%March.%This%manner%of% sampling% is% opposite%
to%that%of%MODIS%(figure%S2).%The%juxtaposition%of%
MODIS% and% MISR% sampling% provides% an%
interesting% opportunity% for% assessing% the%
presence% or% absence% of% seasonal% variations% in%
these%rainforests.%

4.,Forest,Reflectance,
4.1., Bidirectional, Reflectance, Factor, (BRF):%
The% reflected% radiation% field% from% a% vegetation%
canopy% illuminated% by% a% solar% beam% in% a%
coordinate%system%with%the%polar%axis%pointed%to%
the%sun%is%considered%here.%The%reflected%radiance%
is%expressed%relative%to%a%surface%perpendicular%to%
the% solar%beam%and%depends%on% the%phase%angle,%
!,% and% azimuth,%!.% The% phase% angle% is% the% angle%
between% the% directions% to% the% sun% and% sensor%
(figure%S1(c)).%The%plane%!%is%chosen%such%that%the%
phase% angle% varies% between% −(90° + !!) %and%
+(90° − !!)%where%!!%is% the% sun% zenith% angle.% In%
this% coordinate% system% the% Bidirectional%
Reflectance% Factor,%!"#(!,!) ,% is% the% ratio% of%
radiance%reflected%from%the%vegetation%canopy%to%
the% radiance% reflected% from% an% ideal% Lambertian%
surface% under% identical% illumination% conditions.%
The% Lambertian% surface% in% this% instance% is%
perpendicular% to% the% solar% beams.% For% a% plane%
given%by%!,and,! + 180°,%the%BRF%is%a%function%of%
SZA,% phase% angle% and%wavelength.% Its%magnitude%
and% angular% shape% depends% on% the% composition,%
density,% geometric% structure% of% the% reflecting%
medium,% in% addition% to% the% foliage% optical%
properties.%%
4.2., Transformation, of,MODIS, and,MISR, BRF,
data:, Let%!"#!"(!!, !! ,Δ!)%be% the% observed% BRF%
at% a% location%(!, !)%on% the% Earth’s% surface.% The%
!"#!"%is% a% standard%product%of%MODIS%and%MISR%
sensors,% which% is% expressed% relative% to% a%
horizontal% surface.% The% sunksensor% geometry% is%
represented% by% the% sun,%!!,% and% sensor,%!! ,% view%
zenith% angles,% and% the% view% azimuth%!! %(figure%
S1(c)).% First,% we% introduce% a% new% coordinate%
system%with%the%polar%axis%pointed%to%the%sun.%The%
quantities,%!!" = !"#!" cos !! ,% represent% radiank
ces% reflected% from% forests% illuminated% by% a%
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parallel%beam%of%unit%intensity.%The%radiances%are%
expressed%relative%to%the%unit%surface%perpendicuk
lar% to% the% solar% beam% and% depend% on% the% phase%
angle,% ! ,% and% azimuth,%!, %in% this% system.% The%
phase%angle%is%the%angle%between%directions%to%the%
sun% and% sensor,% i.e.,% ! = acos cos !! cos !! +
sin !! sin !! cos!! .%%

Second,% we% group% !!" %with% respect% to% the%
phase% angle% (figure% S3).% This% procedure%
transforms% the% standard% BRF% product% into% BRF%
expressed% in% terms% of% the% phase% angle,%! ,% and%
azimuth,%!.%The%azimuth%specifies%sampling%plane%
of%satellitekborne%sensors.%The%MODIS%instrument%
scans% the% Earth% across% the% Terra% and% Aqua%
spacecraft% flight% track,% which% is% approximately%
from% East% to% West% (figure% S3(a)).% The% MISR%
instrument% measures% reflected% radiation% along%
the% Terra% flight% track,% which% is% approximately%
from%North%to%South%(figure%S3(b)).%The%sampling%
planes% are% fixed% for% MODIS% and% MISR%
instruments.%We%assign% the%sign%“plus”% to%!%if% the%
direction% to% the% sensor% approaches% the% direction%
to% sun% from% East% (Terra% MODIS),% West% (Aqua%
MODIS)% or% North% (Terra% MISR),% and% “minus”%
otherwise.% The% phase% angle% varies% between%
−(90° + !!) %and% 90° − !! .% The% probability%
density%distribution%function%!(!!, !)%of%the%phase%
angle% is% evaluated% from% the% fraction% of% data% in%
each%group.%%

Finally,% the%reflected%radiances% in%each%group%
are% averaged.% This% methodology% is% applied% to%
transform%standard%BRF%products%from%Terra%and%
Aqua% MODIS% observations% (figure% S3(a)).% In% the%
case% of% MISR,% the% algorithm% is% applied% to% each%
MISR% camera% to% derive% camera% specific% BRF%
(figure% S3(b))% and% corresponding% probability%
density% functions.% The% camera% specific% BRFs% for%
which%|! − !| ≤ ! %are% used% in% further% analyses.%
Here%! %and%! %denote% camera% specific% mean% and%
standard%deviation%of%the%phase%angle%!.%%
4.3., Effect, of, Changing, Canopy, Properties, on,
BRF:% figures%S5(a)%and%(b)% illustrate%the%effect%of%
changing%canopy%properties%on%BRF.%Here,%SZA%is%
held%constant.%An%increase%in%LAI,%with%leaf%optical%
properties%unchanged,% increases%the% interception%
of% incoming% solar% radiation% by% the% vegetation%
canopy,% which% in% turn% increases% the% amount% of%
reflected%radiation.%This% increases%the%magnitude%
of% BRF% at% all% phase% angles,% i.e.% a% nonklinear%
upward%shift%in%the%angular%signature%of%the%BRF,%
as%shown%in%figure%S5(b).%The%overall%shape%of%the%

BRF% remains% unchanged.% This% is% a% wellkknown%
fact:% the% reflectance% of% dense% vegetation,% or% a%
vegetation%canopy%with%a%dark%background,% is%an%
increasing%function%of%LAI%(e.g.%figure%1%in%(Huang%
et% al% 2008)).% Changes% in% leaf% optical% properties%
either%augment%or%suppress%the%LAI%effect%on%the%
reflectance% factor% (Samanta% et% al% 2012).% Thus,%
changing% canopy% properties% and% holding% SZA%
constant% changes% the% magnitude% of% the% BRF% but%
not% the% overall% shape% of% the% signature.% This%
explains%the%observed%BRF%changes%in%figures%3(a)%
and%(b).%%
4.4., Effect, of, Changing, SZA, on, BRF:, figures%
S5(c)%and%(d)%illustrate%the%effect%of%changing%SZA%
on% BRF.% Here,% canopy% properties% are% held%
constant.%The% cumulative% contribution%of%withink
canopy% sources% generated% by% singlek% and%
multiplekscattered% photons% to% canopykexiting%
radiation% along% a% given% direction% increases% with%
photon% path% length,% ! ,% as% ~(1 − exp(−!")) ,%
where%!%is% the% distance% between% sources% within%
the%canopy%and%the%upper%boundary%of%the%canopy%
and%!%is% the%extinction%coefficient.%An% increase% in%
SZA% results% in% longer% photon% path% lengths% for%
positive%phase%angles%(figure%S5(c)).%The%opposite%
is% true% for%negative%phase%angles.% Increasing%SZA%
with% constant% canopy% therefore% results% in% an%
asymmetric%transformation%of%the%BRF%signature,%
that%is,%enhanced%values%for%positive%phase%angles%
and% depressed% values% for% negative% phase% angles%
(figure%S5(d)).%It%also%decreases%the%range%of%BRF%
variation% at% positive% phase% angles% and% a%
corresponding% increase% in% the% range% of% BRF%
variation%at%negative%phase%angles.%Thus,%both%the%
shape% and% magnitude% of% the% BRF% signature% are%
changed.% The% asymmetric% transformation% also%
causes% the% two% BRF% signatures% to% intersect,% as%
illustrated% in% figure% S5(d).% The% phase% angle% at%
which% the% two% signatures% intersect% can% be%
calculated% using% the% principle% of% directional%
reciprocity%(Section%4.6).%

It% is% important% to%note% that% the%path%L% varies%
with%SZA%as%~1/ cos(!"#).%It%means%that%effect%of%
changing%SZA%on%the%BRF’s%angular%shape%is%weak%
at% low% SZA.% For% example,% a% change% in% SZA% from%
20°%to%30°%involves% a% change% in% L% from% ~1.06% to%
~1.15.%The% impact,%however,% increases%with%SZA.%
This% explains% why% SZA% variation% has% no%
discernable% impact% on% the% angular% signatures% of%
reflectances%in%figures%3(a)%and%(b).%
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4.5.,Effect,of,Changing,Canopy,Properties,and,
SZA, on, BRF:, figures% S5(e)% and% (f)% illustrate% the%
effect% of% changing% both% canopy% properties% and%
SZA% on% BRF.% Changing% canopy% properties% but%
holding% SZA% constant% changes% the% magnitude% of%
BRF%but%retains%its%overall%angular%shape%(Section%
4.3).%Changing%SZA%but%holding%canopy%properties%
invariant% changes% the% magnitude% of% BRF%
differently%for%positive%and%negative%phase%angles,%
thus% changing% the% shape% of% the% BRF% as% well%
(Section% 4.4).% Changing% canopy% properties% and%
SZA% simultaneously% combines% these% two% effects,%
i.e.% the% BRF% is% transformed% asymmetrically% and%
shifted% in% magnitude.% For% example,% decreasing%
SZA% depresses% the% BRF% at% positive% phase% angles%
and%enhances%the%same%at%negative%phase%angles%–%
transformation% of% the% green% colored% BRF%
signature%to%dashedkblue%color%signature%in%figure%
S5(f).% Increasing% canopy% properties,% say% LAI%
and/or% foliage% optical% properties,% shifts% the%
overall% BRF% signature% up% in% magnitude% –%
transformation% of% the% dashedkblue% color%
signature% to% solidkblue% color% signature% in% figure%
S5(f).%This%explains%the%BRF%signature%changes%in%
figures%3(c)%and%(d).% Importantly,% it% follows% from%
this% argumentation% that%higher%or%equal%values%of%
BRF% at% lower% SZA% relative% to% BRFs% at% higher% SZA%
always%indicate%a%change%in%canopy%properties.%
4.6., Proof, of, Dry, Season, Changes, From, the,
Directional, Reciprocity, Principle:% The% optical%
reciprocity% theorem% (Davis% and% Knyazikhin,%
2005)% provides% a% proof% relevant% to% our% study.% It%
states% that% switching% detector% and% source% and%
inverting% the% directions% of% propagation% yield% the%
same%result% for%BRF.%It% follows%from%the%theorem%
that% the% BRFs% of% a% canopy,% or% two% similar%
canopies,% corresponding% to% different% sun%
positions,% say%Ω!%and%Ω!,% necessarily% intersect% at%
!! = − acos(Ω! ∙ Ω!).%Indeed,%the%BRF%in%direction%
Ω! %due% to% a% monokdirectional% solar% beam% in%
direction%−Ω!%is% related% to% the% BRF% in% direction%
Ω! %due% to% a% monokdirectional% solar% beam% in%
direction% −Ω! %as% !"# −Ω!,+! =
!"# −Ω!,−! .% If%!"#(−Ω!, !) %is% symmetric% at%
!! = acos(Ω! ∙ Ω!)%(e.g.,% as% in% October),% the% BRFs%
should%intersect%at%!! = −acos(Ω! ∙ Ω!).%Changing%
canopy% properties% with% illumination% conditions%
unchanged% results% in% an% upward% or% downward%
shift%in%the%angular%signature%of%the%BRF%(Section%
4.5).%This%causes%the%intersection%point%to%deviate%
from% !! ,% indicating% a% difference% in% canopy%

properties.% The% deviation% of% the% intersection%
point% around%−5.5° %from%!! = −37.1° %shown% in%
figure% 3(d)% is% significant,% indicating% different%
canopy%properties%in%June%and%October.%%%%

Supplementary,Discussion,

Galvão%et%al%(2011)%and%Morton%et%al%(2014)%claim%
that%previous%studies%(Xiao%et%al%2005,%Huete%et%al%
2006,% Myneni% et% al% 2007,% Brando% et% al% 2010,%
Samanta% et% al% 2012)% misinterpreted% changes% in%
nearkinfrared% (NIR)% reflectance% caused% by%
seasonal% changes% in% sunksatellite% sensor%
geometry% as% seasonal% variations% in% rainforest%
canopy% structure% and% greenness.% They% conclude%
that% Amazonian% rainforests% maintain% consistent%
structure% and% greenness% during% the% dry% season%
based% on% their% analysis% of% satellite% borne% sensor%
data% (MODIS% and% Lidar)% and% model% exercises.%
Here% we% present% a% detailed% critique% of% their%
analysis.%

An% incomplete%analysis%of% the% seasonal% cycle,%
i.e.% one% that% is% focused% only% on% the% dry% season,%
encourages% misleading% interpretation% of% both%
intrak% and% interkannual% greenness% (EVI% or% LAI)%
variations% as% artefacts% of% changing% sunksensor%
geometry.% For% example,% if% the% sunksensor%
geometry% artefact% argument% is% valid,% then% the%
seasonal% course% of% LAI% from% December% to% May%
should%be%similar%to%that%from%June%to%November%
because% of% a% repeat% in% sunksensor% geometry%
(figures% 1(b)% and% (c)),% but% it% is% not% (figure% 1(a)).%
Also,% if% the% change% in% MODIS% sampling% from% the%
orthogonal%plane%in%June%to%the%principal%plane%in%
October% (figures% S2(a)% and% (c))% causes% the%
rainforests%to%appear%greener,%then%the%change%in%
MISR%sampling%from%the%principal%plane%in%June%to%
the% orthogonal% plane% in% October% (figures% S2(b)%
and% (d))% should% cause% the% rainforests% to% appear%
browner.%But,%greening%is%observed%as%well%(figure%
3(d)).%%

Interannually,% the% attribution% of% anomalous%
dry% season% greening% (increase% in% EVI% or% LAI)% in%
drought% year% 2005,% vis%a%vis% dry% seasons% of% nonk
drought%years,%to%a%higher%proportion%of%brighter%
backscattering% MODIS% observations% is% flawed%
because% it% is% selectively% based% on% data% from% the%
first%fortnight%of%October%(EDkfigure%9%(Morton%et%
al% 2014)).% A% higher% fraction% of% backscattering%
measurements% is% not% seen% in% 2005% when% the%
analysis% is% focused% on% July% to% September% period%
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(figure%S4(b))%as%in%the%original%studies%(Samanta%
et% al% 2010a,% Samanta% et% al% 2010b,% Saleska% et% al%
2007).%Moreover,% if%claims%of%geometric%artefacts%
are% true,% higher% backscatter% fraction% and%
greenness% should% also% be% seen% during% the% more%
intense% dry% season% drought% in% 2010% (Xu% et% al%
2011).%They%are%not% (figure%S4(b)),% even% in% their%
selective% analysis% (EDkfigure% 9% (Morton% et% al%
2014)).%

Crucially,%the%misinterpretations%in%Morton%et%
al%(2014)%stem%from%reliance%on%prognostications%
of% an% untested% radiative% transfer% model.% In% a%
critical% test% of% how% well% the% model% simulates%
variation%in%sunlit%and%shaded%proportions%of%the%
canopy,% which% is% central% to% arguments% about%
geometric% artefacts,% the% model% underestimates%
measurements% by% ~45%% (figure% S4(c)).% The%
model% is% also% unrealistically% sensitive% to% litter%
reflectance% in%dense% vegetation% (table%1% (Morton%
et% al% 2014)),% an% indication% of% incorrect% physics%
and/or% modeling% of% foliage% spatial% distribution.%
The% failure% to% test% the%model% is% compounded% by%
an% unquestioned% belief% in% its% validity,% else% the%
observed% dry% season% greening% in% geometryk
corrected% EVI% would% not% have% been% ignored%
(figure% 3(b)% (Morton% et% al% 2014)% and% EDkfigure%
7(b)% (Morton% et% al% 2014)).% Various% statistical%
analyses% of% this% geometrykcorrected% EVI% data%
strongly%reject%the%null%hypothesis%of%no%change%in%
forest%greenness%(Saleska%et%al%2015).% Indeed%the%
physics% of% radiative% transfer% in% dense% media%
(Section%2.9%(Knyazikhin%et%al%1999))%informs%that%
these% changes% in% geometrykcorrected%EVI% (figure%
2,% figure% 3(b)% in% (Morton% et% al% 2014)% and% EDk
figure%7(b)%in%(Morton%et%al%2014))%correspond%to%
large%changes% in%LAI%(figure.%1(a)).%Thus,% there% is%
no%valid%statistical%or%theoretical%basis%to%dismiss%
dry% season% increase% in% geometrykcorrected% EVI%
(figure% 2(b),% figure% 3(b)% in% (Morton% et% al% 2014)%
and%EDkfigure%7(b)%in%(Morton%et%al%2014)).%

The% unorthodox% belief% that% Amazonian%
rainforests% should% conform% to%model%predictions%
affects% their% interpretation% of% satellite% lidar% data%
also.%The%conclusion%that%structure%and%greenness%
of% rainforests% remain% invariant% does% not% follow%
from% absence% of% evidence% in% lidar% data% for% their%
model%prediction%that%an%increase%in%LAI%from%4.5%
to% 6.5% should% result% in% an% increase% in%Waveform%
Centroid% Relative% Height% k% the% height% of% median%
return%energy%relative%to%the%full%waveform%extent%
(WCRH;% table% 1% in% (Morton% et% al% 2014)).% A%

prudent% interpretation% might% be% that% the% model%
prediction%does%not% conform% to%data.% Even% if% the%
model% is% assumed% to% be% capable% of% accurate%
predictions,%the%predicted%change%in%WCRH%(0.06)%
is% comparable% to% the% spatial% standard% deviations%
of% June% and% October% WCRH% data% (~0.07).% This%
clearly%suggests%a%need%for%additional%analysis.%%

The% lack% of% insight% into% what% might% be%
reasonably% expected% from% lidar% data% and%
saturation% of% lidar% signals% in% dense% vegetation%
compound%the%problem%of%detecting%seasonal%LAI%
changes.% For% example,% studies% that% have%
investigated% the% relationship% between% LAI% and%
lidar% waveforms% (Castillo% et% al% 2012,% Tang% et% al%
2012,% Drake% et% al% 2002)% show% that% WCRH%
saturates% in% mature% and% secondary% growth%
tropical% forests% aged% over%~20% years% (Tang% et%al%
2012,%Drake% et%al% 2002)% because% the%majority% of%
lidar%hits%are%confined% to% the%upper%canopy.%This%
saturation% of% signals% emanating% from% vegetation%
is% different% than% sensor% saturation%
(Neuenschwander% et% al% 2008)% –% the% latter% have%
been%filtered%out%from%all%analyses.%%

The% saturation% effect% can% be% potentially%
documented% through% these% three% analyses.% First,%
although% a% range% of% LAI% values% are% observed% in%
Amazonian%rainforests,%from%about%4%to%6%in%June%
and% greater% than% 6% in% October,% the% two% lidar%
metrics,% WCRH% and% Apparent% Reflectance% (AR),%
exhibit% no% correspondent% variations% (figure% S6).%
Second,%rainforests%with%low%(3.5%to%4.5)%and%high%
(greater% than%5.5)%LAI%have% the%same%WCRH%and%
AR% (figures% S7% (a)% and% (b)).% Third,% rainforests%
with% low% (<0.5)% and% high% (>0.6)%WCRH%have% the%
same% LAI% (figure% S7(c)).% Likewise,% rainforests%
with%low%(<0.5)%and%high%(>0.6)%AR%have%identical%
LAI% (figure% S7(d)).% Inference% of% saturation% from%
figure% S6% and% figures% S7% (a)–(d)% depends% on% the%
validity% of% the%MODIS% LAI% data.% To% alleviate% this%
concern,%we%present%similar%results%for%deciduous%
broadleaf% forests% where% a% broader% range% of% LAI%
values% are% encountered.% The% curvilinear%
relationship% in% deciduous% forests,% where% WCRH%
increases% for% LAI% values% 0% to% 3% and% saturates%
thereafter% (figures%S8(a)%and%(c)),% is%as%expected,%
and%is%similar%to%other%relations%between%LAI%and%
remote% measurements% (Knyazikhin% et% al% 1999,%
Huang%et%al%2008).%

Unlike%WCRH,% the% AR% shows% no% relationship%
to%LAI%(figures%S6%(b)%and%(d),% figures%S8%(b)%and%
(d)),% even% in% sparsely% foliated% canopies% (LAI% less%
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than%3;% figures% S8% (b)% and% (d)).%Also,% the% inverse%
relationship%with%WCRH%is%perplexing%(figures%S7%
(e)% and% (f)).% To% ascertain% whether% these% results%
indicate% potential% data% quality% problems,% we%
investigated% the% relationship% between% the% lidar%
metrics% and% key% climatic% variables% that% govern%
plant% growth,% i.e.% water,% radiation% and%
temperature% (Nemani% et% al% 2003).% The% WCRH%
data%are%positively%related%(pkvalue%<%0.001)%to%all%
three% climatic% variables% (table% S4).% This% is% as% it%
should% be,% i.e.% tall% and% dense% tree% stands% with%
higher%WCRH%are%located%in%climatically%favorable%
environments% of% higher% annual% precipitation,%
solar%radiation%and%mean%temperature%(table%S4).%
The% AR% data,% on% the% other% hand,% show% negative%
relation%with% two%of% the% three% climatic% variables.%
We% therefore% conclude% that% GLAS% AR% data% have%
quality%problems.%

Morton% et% al% (2014)’s% interpretations% of% AR%
data% are% contradictory% k% on% the% one% hand,% their%
validity% is% discounted% by% citing% corruption% from%
aerosols% due% to% biomass% burning,% and% on% the%
other% hand,% their% invariance% is% counted% as% proof%
that% Amazonian% rainforests% maintain% consistent%
structure% and% greenness% (figure% 2(c)% (Morton% et%
al% 2014)).%Why% table%1% (Morton%et%al% 2014)%does%
not% show% model% predictions% of% AR% seasonal%
variations,%unlike%WCRH,%is%unknown.%Given%these%
ambiguities,% their% analyses% of% AR% data%must% also%
be%deemed%inconclusive.%

In% addition% to% the% analyses% presented% in% this%
article,% three% independent% studies% have% rebutted%
Galvão% et% al% (2011)% and% Morton% et% al% (2014)%
claims% with% a% multitude% of% satellite% and% in% situ%
data%(Maeda%et%al%2014,%Hilker%et%al%2014,%Jones%et%
al% 2014).% Dry% season% greening% in% sunksensor%
geometry%corrected%data%obtained%from%Morton%et%
al.%is%due%for%publication%(Saleska%et%al%2015).%
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Supplementary,Figures,

(a),

%

(b),

%
, % , %
(c),

%
Figure,S1.,The%study%domain%and%sunksensor%geometry.%(a)%The%domain%of%MODIS%and%MISR%analysis%is%
the% red% square.% The% domain% of% GLAS% lidar% analysis% is% both% blue% and% red% squares.% (b)%Monthly%mean%
rainfall% from%TRMM.%(c)%Three%angles%characterize% the%sunksensor%measurement%geometry%of%a%pixel:%
(1)%solar%zenith%angle,%SZA=θ!%(0° < θ! ≤ 90°),%(2)%view%zenith%angle,%VZA=θ!%(0° ≤ θ! ≤ 90°)%and%(3)%
view%azimuth,%φ!%(0° ≤ φ! ≤ 360°),%measured%relative% to% the%principal%plane.%The%angle%between% the%
projection,% OP,% of% the% direction% to% the% sensor% and% X% axis% is% the% relative% azimuth% angle% (RAA),% i.e.,%
RAA=φ!%if%0 ≤ φ! < 180°%and% RAA=360° − φ!,% otherwise.% It% varies% between%0°%and%180°.% The% angle%
between%the%directions%to%the%sun%and%sensor%is%the%phase%angle,%PA=γ.%
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(a),

%

(b),

%
(c),

%

(d),

%
(e),

%

(f),

%
Figure,S2.,MODIS%and%MISR%sampling%geometries.,Terra%and%Aqua%MODIS%(left%panels)%and%Terra%MISR%
(right%panels)% sampling%geometries%during%a%16kday%compositing%period% in% the%months%of% (a,%b)% June%
2003,%(c,%d)%October%2003,%and%(e,%f)%March%2003.%The%MODIS%sensors%sample%the%surface%close%to%the%
orthogonal%plane%in%June%and%near%the%principal%plane%in%October%and%March.%This%sampling%is%opposite%
to%that%of%MISR%sensor.,
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(a),

,

(b),

,
,
,
Figure,S3.,MODIS%and%MISR%reflectances%in%a%modified%coordinate%system.%Terra%MODIS%(a)%and%MISR%
(b)%NIR%BRFs%during%a%16kday%composite% in%October%2003.%BRF%values%are%expressed% in%a%coordinate%
system% with% the% polar% axis% pointed% to% the% Sun.% Solid% arrows% indicate% sampling% direction% that%
determines%the%phase%angle%sign%(angle%between%solar%and%sensor%view%directions).%
% %
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(a),

,

(b),

%

, % , %
(c),

,

,

%

Figure,S4.,Evidence%for%seasonality%of%leaf%area%and%misinterpretation%of%data%following%the%guidance%of%
an% erroneous% radiative% transfer% model% (Morton% et% al% 2014)., (a), Spatial% pattern% of% seasonal% Terra%
MODIS%LAI%amplitude%expressed%as% the%difference%between%the%maximum%value%during%September%to%
November% and% the% minimum% value% during% the% following% May% to% June% period.% White% pixels% denote%
locations%with%LAI% amplitudes% less% than% |0.66|,%which% is% the% accuracy%of%MODIS%LAI%data% (Yang%et%al%
2006).%White%and%colored%pixels%together%denote%pixels%that%exhibited%dry%season%greening%in%at%least%4%
out%of%7%seasonal%cycles%(63%%of%all%forest%pixels%in%the%study%region).%(b)%Mean%Terra%MODIS%EVI%over%
rainforests%as%a% function%of%backscattering% fraction%evaluated% from%all%16kday%compositing%periods% in%
July,% August% and% September% (DOY% 177% to% 272).% The% backscattering% fraction% is% defined%(Morton% et% al%
2014)% as% the% fraction% of% observations% with% view% azimuth% less% than% 90°% and% greater% than% 270°.% (c)%
Comparison%of%model% simulated%EVI% (obtained%by%digitizing% figure%1(c)% in%Morton%et%al%(2014))%with%
Terra%MODIS% EVI% over% Amazonian% rainforests.% The%MODIS% EVI% is% from% a% 16kday% October% composite%
(15th%to%the%30th)%accumulated%over%7%seasonal%cycles%(Section%2.5).%The%comparison%is%for%phase%angles%
in%the%range%±10o,%that%is,%±10o%around%the%hot%spot%(view%zenith%angles%from%10o%to%30o%in%figure%1(c)%
of%(Morton%et%al%2014)).%
% %
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(a),

%

(b),
,
,

,
, ,
(c),

,

(d),
,
,

,
, ,
(e),

,

(f),
,
,

,
%
Figure,S5.,Interpretation%of%angular%signatures%of%reflectance.,Illustration%of%how%the%angular%signature%
of% Bidirectional% Reflectance% Factors% (BRF)% is% transformed% when% (a,% b)% sunksensor% geometry% is% held%
invariant% but% canopy% properties% are% changed;% (c,% d)% sunksensor% geometry% is% changed% but% canopy%
properties%are%held%invariant;%(e,%f)%both%sunksensor%geometry%and%canopy%properties%are%changed.%The%
dashed%arrows%depict%direction%of%incident%parallel%beam%of%unit%intensity.% %
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(a),

%

(b),

%
, % , %
(c),

%

(d),

%
,
Figure, S6., Saturation% of% GLAS% lidar%metrics% over% central% Amazonian% forests., Distributions% of% GLAS%
Waveform%Centroid%Relative%Height%(WCRH)%and%Apparent%Reflectance%as%a% function%of%Terra%MODIS%
LAI%in%the%case%of%central%Amazonian%rainforests%at%the%(a,%b)%beginning%and%(c,%d)%end%of%the%dry%season.%
Gray%dots%and%red%crosses%show%distributions%of%lidar%metrics%within%0.5%LAI%bins.%Upper,%middle%(red%
line)%and%lower%box%edges%show%the%75%,%50%%and%25%%percentiles%of%GLAS%metrics.%The%red%crosses%
are%outliers,%each%representing%upper%and%lower%0.25%%of%the%GLAS%lidar%observations.%June%represents%
data% from% Mayk20% to% Junek23,% 2005% and% Mayk24% to% Junek26,% 2006.% October% represents% data% from%
Octoberk3% to% Novemberk8,% 2004% and% Octoberk2% to% Novemberk5,% 2007.% MODIS% pixels% with% valid% LAI%
values%and%four%or%more%GLAS%lidar%observations%were%used%(table%S3).% %



%15%

(a),

%

(b),

%
, % , %
(c),

%

(d),

%
(e),

%

(f),

%
Figure,S7.,Relationship%between%GLAS%lidar%metrics%and%with%LAI.%(a,%b)%Variation%in%GLAS%Waveform%
Centroid%Relative%Height% (WCRH)%and%Apparent%Reflectance% (AR)% for%pixels%with% low%and%high%Terra%
MODIS%LAI%values.% (c,%d)%Variation% in%LAI% for%pixels%with% low%and%high%values%of%WCRH%and%AR.% (e,% f)%
Relationship% between%WCRH% and%AR.% Gray% dots% and% red% crosses% show% the% data.% Upper,%middle% (red%
line)%and%lower%box%edges%separate%the%75%,%50%%and%25%%percentiles%of%data%used.%The%red%crosses%
are% outliers,% each% representing% upper% and% lower% 0.25%% of% the% data.% Similar% relations% are% found% for%
October%(not%shown).% %
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(a),

,

(b),

%
,
, , , ,

(c),

,

(d),

%
%
Figure, S8., Relationship% between% GLAS% lidar%metrics% and% LAI% in% deciduous% broadleaf% forests., Distributions% of%
GLAS%Waveform%Centroid%Relative%Height%(WCRH)%and%Apparent%Reflectance%as%a%function%of%Terra%MODIS%LAI%in%
the%case%of%deciduous%(temperate)%broadleaf%forests%in%the%northern%hemisphere%in%(a,%b)%June%and%(c,%d)%October.%
Gray%dots%and%red%crosses%show%distributions%of% lidar%metrics%within%0.5%LAI%bins.%Upper,%middle%(red%line)%and%
lower%box%edges%show%the%75%,%50%%and%25%%percentiles%of%GLAS%metrics.%The%red%crosses%are%outliers,%each%
representing%upper%and%lower%0.25%%of%the%GLAS%lidar%observations.%June%represents%data%from%Mayk20%to%Junek
23,% 2005% and% Mayk24% to% Junek26,% 2006.% October% represents% data% from% Octoberk3% to% Novemberk8,% 2004% and%
Octoberk2%to%Novemberk5,%2007.%MODIS%pixels%with%valid%LAI%values%and%four%or%more%GLAS%lidar%observations%
were%used%(table%S3).%
%
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Supplementary,Tables,
,
Table,S1.,Number%of%greening%pixels%(Section%1)%from%Terra%and%Aqua%MODIS%sensors%

Year%

Terra% Aqua%
%Number%of%greening%

pixels,
%%As%a%%%of%rainforest%

pixels%
%Number%of%greening%

pixels%
%%As%a%%%of%rainforest%

pixels%
2000% 804,550% 59.02% N/A% N/A%
2001% 723,796% 53.10% N/A% N/A%
2002% 990,863% 72.69% N/A% N/A%
2003% 518,857% 38.06% 238,998% 17.53%
2004% 919,820% 67.48% 233,140% 17.10%
2005% N/A% N/A% N/A% N/A%
2006% 901,602% 66.14% 227,926% 16.72%
2007% 783,164% 57.45% 260,370% 19.10%

%
%
%
% %
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Table, S2.% Number% of% pixels% with% valid% EVI% and% BRF% data% in% June,% October% and% March%
accumulated%over%a%7kyear%period%(June%2000%to%May%2008,%excluding%June%2005%to%May%2006%
due%to%the%dry%season%drought%in%2005)%from%Terra%MODIS%and%MISR%sensors.%The%table%also%
shows%the%same%for%the%Aqua%MODIS%sensor,%but%accumulated%over%a%4kyear%period%(June%2003%
to%May%2008%excluding%June%2005%to%May%2006)%

Sensor% Number%of%Valid%Data%
Fraction%of%Rainforest%Pixels%With%Valid%Data%(%)%
June% October% March%

Terra%MODIS% One%or%more% 96.67% 94.38% 70.92%
Aqua%MODIS% One%or%more% 33.65% 30.32% 12.10%
Terra%MISR% One%or%more% 48.07% 25.75% 15.33%

%
%
%
%
%
%
%
%
%
%
%
% %
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Table,S3.%Number%of%pixels%with%valid%Terra%MODIS%LAI%data%and%four%or%more%valid%GLAS%footprints%
in%June%and%October%

Year%

June% October%

Number%of%valid%LAI%
pixels%

Number%of%
corresponding%GLAS%

footprints%
Number%of%valid%LAI%

pixels%

Number%of%
corresponding%GLAS%

footprints%
Amazonian%Rainforests%

2004% N/A% N/A% 3,859% 17,293%
2005% 3,031% 13,536% N/A% N/A%
2006% 1,911% 8,607% N/A% N/A%
2007% N/A% N/A% 5,987% 29,858%
Total% 4,942% 22,143% 9,846% 47,151%

Deciduous%Broadleaf%Forests%
2004% N/A% N/A% 2,419% 10,719%
2005% 955% 4,164% N/A% N/A%
2006% 649% 2,761% N/A% N/A%
2007% N/A% N/A% 4,208% 19,650%
Total% 1,604% 6,925% 6,627% 30,369%

%
%
% %
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Table, S4.% Regression% relationships% between% climate% and% GLAS%Waveform% Centroid% Relative% Height%
(WCRH)% and% Apparent% Reflectance% (AR).% Climate% is% represented% by% annual% total% precipitation% from%
TRMM,% photosynthetically% active% radiation% from% CERES% and% mean% annual% temperature% from% CRU.%
Longkterm%means%of%climate%variables%were%evaluated%from%2001%to%2010%data,%but%excluding%2005%and%
2010%drought%years.%Each%TRMM%pixel%contains%10%or%more%GLAS%observations;%CERES%pixel%has%160%or%
more,%and%CRU%pixel%has%40%or%more%

x% y% Slope% Intercept% R2% pkvalue%
WCRH% Annual%Precipitation%(mm%yeark1)% 4428.3% 297.1% 0.17% <0.001%
WCRH% Photosynthetically%Active%Radiation%(W%mk2)% 21.8% 83.6% 0.08% <0.001%
WCRH% Mean%Annual%Temperature%(°C)% 8.3% 22.1% 0.15% <0.001%
AR% Annual%Precipitation%(mm%yeark1)% k600.4% 3011.2% 0.00% 0.16%
AR% Photosynthetically%Active%Radiation%(W%mk2)% k65.6% 130.9% 0.26% <0.001%
AR% Mean%Annual%Temperature%(°C)% k10.3% 32.1% 0.10% <0.001%
% %
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Table,S5.,List%of%Abbreviations,
%

AR% Apparent%Reflectance%

Aqua% NASA%scientific%research%satellite%in%a%Sunksynchronous%near%polar%circular%
orbit%around%the%Earth;%crosses%Equator%at%1:30pm%

BRF% Bidirectional%Reflectance%Factor%
C5% Collection%5%
CERES% Clouds%and%the%Earth's%Radiant%Energy%System%
CRU% Climatic%Research%Unit%
DOY% Day%of%Year%(designates%the%beginning%of%the%compositing%period)%
ED% Extended%Data%
EVI% Enhanced%Vegetation%Index%
GLAS% Geoscience%Laser%Altimeter%System%
ICESat% Ice,%Cloud%and%land%Elevation%Satellite%
JAS% July,%August,%and%September%
LAI% Leaf%Area%Index%
LiDAR% Light%Detection%and%Ranging%
MAIAC% Multikangle%Implementation%of%Atmospheric%Correction%
MISR% Multiangle%Imaging%Spectroradiometer%
MODIS% Moderatekresolution%Imaging%Spectroradiometer%
NASA% National%Aeronautics%and%Space%Administration%
NIR% Near%Infrared%
PA% Phase%angle%
PAR% Photosynthetically%Active%Radiation%
PDF% Probability%Density%Function%
RAA% Relative%Azimuth%Angle%between%solar%and%sensor%view%directions%
SI% Supplementary%Information%
SZA% Solar%Zenith%Angle%
SOM% Space%Oblique%Mercator%

Terra% NASA%scientific%research%satellite%in%a%Sunksynchronous%near%polar%circular%
orbit%around%the%Earth;%crosses%Equator%at%10:30am%

TRMM% Tropical%Rainfall%Measuring%Mission%
VI% Vegetation%Index%
VZA% View%Zenith%Angle%
WCRH% Waveform%Centroid%Relative%Height%

%
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