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Abstract

Vegetation effects are currently disregarded in Palmer Drought Severity Index (PDSI), and
the sensitivity of PDSI to the choice of potential evaporation (EP) parameterization is often a concern.
We developed a revised self-calibrating PDSI model that replaces EP with leaf area index-based total
evapotranspiration (ARTS E0). It also included a simple snowmelt module. Using a unique satellite leaf
area index data set and climate data, we calculated and compared ARTS E0, three other types of EP (i.e.,
Thornthwaite EP_Th, Allen EP_Al, and Penman-Monteith EP_PM), and corresponding PDSI values (i.e., PDSI_ARTS,
PDSI_Th, PDSI_Al, and PDSI_PM) for the period 1982–2011. The results of PDSI_ARTS, PDSI_Al, and PDSI_PM
show that global land became wetter mainly due to increased precipitation and El Niño–Southern Oscillation
(ENSO) effect for the period, which conﬁrms the ongoing intensiﬁcation of global hydrologic cycle with
global temperature increase. However, only PDSI_Th gave a trend of global drying, which conﬁrms that
PDSI_Th overestimates the global drying in response to global warming; i.e., PDSI values are sensitive to the
parameterizations for Ep. Thus, ARTS E0, EP_Al, and EP_PM are preferred to EP_Th in global drought monitoring.
In short, global warming affects global drought condition in two opposite ways. One is to contribute to
the increases of EP and hence drought; the other is to increase global precipitation that contributes to global
wetting. These results suggest that precipitation trend and its interaction with global warming and ENSO
should be given much attention to correctly quantify past and future trends of drought.

1. Introduction
Drought is an extreme climate event that often causes severe stress on environmental processes and socialeconomic activities. Meteorological drought is characterized by below-normal precipitation over months
or even years. When drought depletes the soil water, it affects crop production and plant growth, which is
called agricultural drought. Numerous drought indices have been developed to quantify the complicated
drought processes [Heim, 2002]. Among them, the Palmer Drought Severity Index (PDSI) [Palmer, 1965] has
been widely used to measure cumulative departure in surface water balance and to quantify dry and wet
periodicity at regional to global scales [Heim, 2002; Dai et al., 2004; Dai, 2011; van der Schrier et al., 2013;
Shefﬁeld et al., 2012]. PDSI takes antecedent precipitation, moisture supply, and moisture demand into
account by using a two-layered soil-water balance model. According to PDSI value, relative dry conditions are
classiﬁed into 11 classes from extremely wet to extreme drought (Table 1) [Palmer, 1965].
Compared with drought indices from precipitation-based models such as precipitation anomaly index, the
PDSI model and its improved variants have the merit of considering the interactive effects of potential
evaporation and precipitation based on Thornthwaite’s water balance model [Thornthwaite, 1948]. Evaluation
with observed soil moisture and river ﬂow has demonstrated PDSI’s potential in drought monitoring
[Dai et al., 2004]. The simple structure of model enables wide applications [Heim, 2002]. Concomitantly, it has
been criticized for an absence of some physical processes. Alley [1984] noted concerns about modeling
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Table 1. Classiﬁcation of Dry and Wet Degree as Deﬁned by Palmer
[1965] PDSI Index

soil moisture, runoff, actual
evapotranspiration on a monthly
PDSI
Class
PDSI
Class
temporal scale including neglect of
seasonal or interannual changes in
4.0 ≤ PDSI
Extremely wet
1.0 to 0.5 Incipient drought
3.0 to 4.0
Very wet
2.0 to 1.0
Mild drought
vegetation cover and root development,
2.0 to 3.0
Moderately wet
3.0 to 2.0 Moderate drought
and of the effects of snowmelt or
1.0 to 2.0
Slightly wet
4.0 to 3.0
Severe drought
frozen ground. Calibration coefﬁcients
0.5 to 1.0
Incipient wet spell PDSI ≤ 4.0
Extreme drought
and
the temperature-alone-based
0.5 to 0.5
Near normal
Thornthwaite potential evaporation
(1948) formula have also been
questioned [Karl, 1986; Guttman et al., 1992; Shefﬁeld et al., 2012]. Although Palmer [1965] attempted to
develop a drought index that could be compared among different locations and seasons of a year, the
empirical constants used in the original PDSI model were calculated from nine climatic divisions located in
the Midwestern United States. This limits its spatial comparability [Alley, 1984; Karl, 1986; Guttman et al.,
1992; Wells et al., 2004] and even leads to unrealistic results when the PDSI is applied beyond these
conditions not found in these nine regions [Palmer, 1965].
To improve the PDSI model, Wells et al. [2004] developed a self-calibrating PDSI (scPDSI) that automatically
calibrates itself at any location by using dynamically computed values instead of using the empirical
constants associated with ﬁxed climatic divisions. scPDSI has been successfully applied to spatial comparison
of drought at sites or regions around the world [Wells et al., 2004; Shefﬁeld et al., 2012; van der Schrier et al.,
2013]. Because the Thornthwaite-temperature model (1948) overestimates the potential evaporation as
air temperature increases [Lockwood, 1999], it induces an unrealistic increase in PDSI drought frequency
[Burke et al., 2006] and drought intensity [Shefﬁeld et al., 2012]. Thus, in revised PDSI models, Thornthwaite EP
has been replaced with Penman-Montheith-type EP models [Shuttleworth, 1993; Allen et al., 1994] to take
into account radiation, wind speed, and temperature [Burke et al., 2006; Shefﬁeld et al., 2012; van der
Schrier et al., 2013]. However, the sensitivity of PDSI model to the parameterization of EP has been debated
[Dai, 2011; van der Schrier et al., 2011; Shefﬁeld et al., 2012]. Dai [2011] and van der Schrier et al. [2011] found
that PDSI values are very similar even when different EP estimates are used in PDSI models; this ﬁnding is
disputed by Shefﬁeld et al. [2012].
Another issue in recent PDSI-based drought studies [Dai et al., 2004; Dai, 2011; van der Schrier et al., 2013;
Shefﬁeld et al., 2012] is that they unintentionally ignore the impact of precipitation on the trend of global
land drought. Additionally, the vegetation effect on the PDSI that concerned Alley [1984] has not been
completely addressed in global drought monitoring. Using a self-calibrating method, van der Schrier et al.
[2013] developed a new PDSI model, which considered more physical processes including seasonal
snowpack dynamics along with actual vegetation cover but with no seasonal changes.
Recently, an air-relative-humidity-based, two-source, evapotranspiration model (ARTS) [Yan et al., 2012]
has been developed to simulate the surface-energy balance, soil-water balance, and environmental
constraints on evapotranspiration (E). It incorporates remotely sensed leaf area index (LAI) into a simple
canopy conductance model (Gc) for calculating canopy transpiration from the Gc-based PenmanMonteith (PM) E equation. Total evapotranspiration (ARTS E0), the sum of the canopy transpiration and
soil evaporation, is corrected for soil water stress by using the Thornthwaite’s water balance model
[Thornthwaite, 1948]. The ARTS E0 module has been successfully applied to site E estimates [Yan et al.,
2012] and diagnostic analysis of interannual variation of global land evapotranspiration as well as the
impact of El Niño–Southern Oscillation (ENSO) [Yan et al., 2013]. This informs the coupling ARTS E0
with self-calibrating PDSI model to take advantage of seasonal vegetation information in response to
Alley’s [1984] concerns.
In this paper, we present a new self-calibrating PDSI model (ARTS PDSI) that includes a simple snowmelt and
accumulation module, and a seasonal vegetation-based total evapotranspiration module. As Climate
Research Unit (CRU) data sets with strict quality control have been widely used in PDSI drought monitoring
[Dai, 2011; van der Schrier et al., 2011], the latest version of CRU precipitation data is used in this study.
Global Inventory Modeling and Mapping Studies (GIMMS) leaf area index (LAI) data as a unique data
spanning from 1982 to 2011 [Zhu et al., 2013] are used to represent actual vegetation in the ARTS PDSI model.
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The ARTS PDSI model is described and discussed below in ﬁve sections: (1) model introduction; (2) description
of remotely sensing vegetation LAI and meteorological data sets and data preprocessing methods;
(3) diagnostic analysis of interannual variations of global drought over 1982–2011 and impact of global
land precipitation; (4) assessment of global drought by comparison with PDSI values, associated EP values,
and previous studies to answer the concern of PDSI sensitivity to different EP parameterizations; and
(5) discussion of the potential use of the ARTS PDSI model for global drought monitoring.

2. Self-Calibrating PDSI Model Driven With ARTS E0
2.1. ARTS E0 Module
Based on “big leaf” plant canopy assumption, the Penman-Monteith model implementations [Monteith, 1965]
typically calculate surface conductance directly from LAI regardless of soil evaporation [Allen, 1998; Cleugh
et al., 2007]. Allen [1998] showed that surface conductance also should include the contribution of soil
evaporation especially where there is scarce vegetation. This soil evaporation problem also holds for
recent vegetation-based scPDSI model [van der Schrier et al., 2013], which adopts the Penman-Monteith big
leaf EP. In contrast, the ARTS E0 module [Yan et al., 2012] calculates both plant transpiration (Ec) and soil
evaporation (Es) assuming plenty of soil water availability:
E0 ¼ Ec þ Es

(1)

Similarly, the available energy A is partitioned to the soil part (As) and canopy part (Ac):
As ¼ A expðk A Lai Þ

(2)

Ac ¼ A  As ;

(3)

where Ac and As are the parts of the available energy (A) that are absorbed by the canopy and by the soil,
respectively, and kA equals 0.6 [Impens and Lemeur, 1969]. A is set to the net radiation Rn, because the soil
heat ﬂux G can be ignored in the calculation of E on daily and monthly scales [Allen, 1998].
The canopy transpiration (Ec) model is calculated from the modiﬁed Penman-Monteith model with input of
the canopy-absorbed available energy (Ac) and canopy conductance (Gc):
Ec ¼

ΔAc þ ρC p DGa
;
Δ þ γð1 þ Ga =Gc Þ

Gc ¼ gs max  Rh  Lai ;

(4)
(5)

where Ac is the available energy absorbed by the canopy, Δ is the gradient of the saturated vapor pressure
to air temperature, γ is the psychrometric constant, ρ is the density of air, Cp is the speciﬁc heat of air at
constant pressure, Ga is the aerodynamic conductance, Gc is the canopy conductance accounting for
transpiration from the vegetation, and D = es  ea is the vapor pressure deﬁcit of the air, in which es is
the saturation water vapor pressure at air temperature and ea is the actual water vapor pressure, Rh is
the relative humidity, and gsmax is the maximum stomatal conductance assumed to have a value of
12.2 mm s1 [Kelliher et al., 1995].
The soil evaporation (Es) equation is modiﬁed from an air-relative-humidity-based model of evapotranspiration
(ARM-ET) [Yan and Shugart, 2010]:
E s ¼ 1:35 Rh

ΔAs
;
Δþγ

(6)

The ARM-ET model scales the Priestley and Taylor [1972] equilibrium evaporation to actual E by using Rh as a
complementary relationship coefﬁcient.
2.2. A Snowmelting and Accumulation Module
According to a temperature threshold of 0°C, precipitation Pr is ﬁrst divided into rainfall and snowfall;
snowfall is then added to the snowpack (Snow). Snowmelt is calculated from snowpack using a temperatureYAN ET AL.
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based snowmelt function. The water supply P, deﬁned as the sum of rainfall and snowmelt, is used to
substitute for Pr to drive the self-calibrating PDSI model:
P ¼ Rain þ Snow  Sf
8
>
>
<0
Sf ¼ 0:2T
>
>
:1

if T ≤ 0°C
if 0°C < T ≤ 5°C
if T > 5°C

(7)
9
>
>
=
>
>
;

(8)

1

where P is the water input (mm mo
and T is the air temperature (°C).

) including rainfall (Rain) and snowmelt, Sf is the snowmelting factor,

2.3. ARTS PDSI Model
The ARTS E0 represents total evapotranspiration for a well-watered surface. The self-calibrating PDSI
model [Wells et al., 2004] included to correct E0, similarly to traditional EP, and produce actual E as well as PDSI.
The soil water balance module, as a core of PDSI model, is widely applied to correct EP [Thornthwaite and
Mather, 1955; Allen, 1998]. The PDSI model differs from original ARTS E model [Yan et al., 2012] in that it uses a
two-layer soil water balance model. The ARTS E model adopts a single-layer soil water balance model of
Thornthwaite and Mather [1955].
The ARTS PDSI model couples a self-calibrating PDSI model [Wells et al., 2004] with the ARTS E0 module
and snowmelting module to account for the effects of calibration coefﬁcients, seasonal vegetation, and
snowmelting. The ARTS E0 module and the simple snowmelting module in section 2.1 are adopted from
ARTS E model [Yan et al., 2012]. The self-calibrating PDSI model [Wells et al., 2004] used in this study can
be found in Appendix A (Calculation of Self-Calibrating PDSI model). Its calibration interval used in the
present study covers the entire data period of 1982–2011. The water supply P, deﬁned as the sum of rainfall
and snowmelt derived from the simple snowmelting module (see equation (8)), drives self-calibrating PDSI
model instead of the more usual Pr.

3. Data Sets and Preprocessing
3.1. MERRA Reanalysis Data
Modern-Era Retrospective Analysis for Research and Applications (MERRA) is a 35 year reanalysis product that
covers the modern satellite era from 1979 to 2013. It is generated by using a new version of the National
Aeronautics and Space Administration (NASA) Goddard Earth Observing System Data Assimilation System
version 5. MERRA assimilates the NASA modern Earth Observing System suite of satellite observations in a
climate framework focusing on historical analyses of the hydrological cycle [Rienecker et al., 2011]. It is
expected to represent meteorological and hydrological processes better than existing reanalysis products. As
an observational analysis, MERRA produces a temporally and spatially consistent analyses of atmosphere,
land surface, and ocean surface variables at a horizontal resolution (0.5° latitude × 0.67° longitude) that
have been successfully used for investigating hydrological variability [Reichle et al., 2011; Yi et al., 2011; Yan
et al., 2013].
3.2. CRU Precipitation Data
The current CRU time series 3.21 monthly climate data set at 0.5° × 0.5° resolution over the period 1901–2012
was produced by the Climate Research Unit (CRU) at the University of East Anglia. It comprises six mostly
independent climate elements: mean temperature, diurnal temperature range, precipitation, wet-day
frequency, vapor pressure, and cloud cover [New et al., 2000; Harris et al., 2013]. CRU data sets have been
widely used in recent studies of global drought and hydrology cycle [Gerten et al., 2008; Dai, 2011; Shefﬁeld
et al., 2012; van der Schrier et al., 2013]. The monthly precipitation data for the period 1982–2011 were
adopted in this study as model forcings.
3.3. GIMMS and Global Land Surface Satellite Leaf Area Index Data
The latest global LAI and Fraction of Photosynthetically Active Radiation absorbed (FPAR) data sets (LAI3g
and FPAR3g), at 15 day temporal intervals and 8 km spatial resolutions for the period from July 1981 to
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December 2011, are generated from advanced
very high resolution radiometer (AVHRR)
GMMS NDVI3g data set using an Artiﬁcial
Neural Network (ANN) model [Zhu et al., 2013].
The ANN model for generating the LAI/FPAR
data set was trained with overlapping
GIMMS NDVI3g and best quality Moderate
Resolution Imaging Spectroradiometer
(MODIS) LAI/FPAR products for the period from
2000 to 2009. The trained ANN model was
then used to generate LAI3g and FPAR3g
data set using GIMMS NDVI3g data for the
remaining period. The unique 30 year
satellite LAI/FPAR data set have been used in
researches of global land evapotranspiration
as well as the impact of ENSO [Yan et al., 2013],
gross primary productivity in Asia [Ichii et al.,
2013], and evaluation of land surface models
in reproducing satellite-derived LAI [Anav
et al., 2013] and solar radiation partitioning
scheme [Wang et al., 2013].
The Global Land Surface Satellite (GLASS)
LAI product, another global LAI product at
a temporal resolution of 8 days and a
geographic resolution of 0.05° available
from 1982 to 2012, was obtained from the
Center for Global Change Data Processing
and Analysis of Beijing Normal University
(http://www.bnu-datacenter.com/). Using
Figure 1. Time series of globally averaged annual anomalies of
General Regression Neural Networks trained
(a) self-calibrating PDSI_ARTS, PDSI_Al, PDSI_PM, and PDSI_Th
by the fusion of the MODIS and CYCLOPES
and (b) precipitation Pr over 1982–2011.
LAI products during the 2001–2003 period,
the LAI product was generated from AVHRR
reﬂectance before 1999 and from MODIS land surface reﬂectance (MOD09A1) after 2000, respectively. As it
is spatially complete and temporally continuous, the GLASS LAI product is ideal for global change and climate
studies [Zhao et al., 2013].
3.4. ISLSCP II Global Gridded Soil Data
Global 1° gridded data set of 18 selected soil parameters including maximum soil available water content
(Mawc) for a soil depth of 0–150 cm, downloaded from the Oak Ridge National Laboratory Distributed Active
Archive Center (ORNL DAAC) (http://daac.ornl.gov/) by this study, was developed by the International
Satellite Land Surface Climatology Project (ISLSCP) Initiative II project based on the International GeosphereBiosphere Programme–Data and Information Services soil data [Hall et al., 2006].
3.5. Data Preprocessing
All model forcing data including LAI, MERRA reanalysis meteorological data, CRU precipitation data, and
ISLSCP II maximum soil available water content data were averaged to a 1° × 1° grid resolution. GIMMS LAI and
MERRA reanalysis meteorological data (i.e., net radiation, air temperature, speciﬁc humidity, wind
speed, roughness length, and displacement height) were then applied to driving the ARTS E0 module on a
monthly time scale. ARTS E0 and CRU precipitation also drove the ARTS PDSI model with aid of ISLSCP II
maximum soil available water content data.
To compare the sensitivity of PDSI model to different parameterizations of EP, we also calculated more PDSI
values from the ARTS PDSI model but forced with the Allen reference Ep_re [Allen, 1998], Penman-Monteith
YAN ET AL.
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Figure 2. Comparisons of annual anomalies of self-calibrating (a) PDSI_ARTS, (b) PDSI_Al, (c) PDSI_PM, and (d) PDSI_Th
with CRU Pr and corresponding E0 (or Ep) from 1982 to 2011.

EP_PM [Shuttleworth, 1993], and Thornthwaite EP_Th [Thornthwaite, 1948] instead of ARTS E0. The three types
of EP were calculated from the MERRA reanalysis meteorological data for the same period 1982 to 2011.
Their explicit introduction can be found in Appendix B.
3.6. Two Published PDSI Data Sets
Two available PDSI data sets [Dai, 2011; van der Schrier et al., 2013] were used in this study. The PDSI_ Dai data
set [Dai, 2011] is a monthly self-calibrating PDSI [Wells et al., 2004] product at a 2.5° × 2.5° resolution for period
1850–2010 (http://www.cgd.ucar.edu/cas/catalog/climind/pdsi.html), which uses the Penman-Monteith
potential evapotranspiration recommended by Shuttleworth [1993] and numerous sources of forcing data.
The PDSI_Schrier data set [van der Schrier et al., 2013] is also a monthly scPDSI [Wells et al., 2004] product
with a 0.5° × 0.5° resolution (http://badc.nerc.ac.uk/browse/badc/cru/data/cru_ts/PDSI) calculated from the
CRU time series 3.10.01 data sets for period 1901–2009. It revises the traditional scPDSI model to include the
effect of snowmelting process and the actual vegetation by using the Penman-Monteith parameterization
for EP [Monteith, 1965; Allen et al., 1994].

4. Results
4.1. Interannual Variations of Global Land PDSI, EP, and Pr
Annual average PDSI_ARTS (Figure 1) shows an increase of 0.08 per decade from 1982 to 2011; i.e., global
land signiﬁcantly became more humid for the period. PDSI_Al and PDSI_PM (Figure 1a) also had a similar
wetting trend. However, PDSI_Th had an opposite trend; i.e., PDSI_Th decreased by 0.09 per 10 years
indicating global land became much drier during the same period. The same CRU Pr data were ingested by
PDSI models as water supply. Figure 1b shows that annual CRU Pr over global land tended to increase by
14.7 mm per 10 years during the past 30 years; i.e., more precipitation poured down into the terrestrial
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Figure 3. Scatterplots of annual anomalies of PDSI_ARTS, PDSI_Al, PDSI_PM, and PDSI_Th versus (a, c, e, and g) Ep (or E0)
and (b, d, f, and h) CRU Pr over 1982–2011.
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system. What causes the opposite trends? It
appears that the PDSI_Th gave a distinctive
trend of drought primarily due to the different
parameterization for EP. Figure 2d shows that EP_Th
had the most signiﬁcant increasing trend among
four EP models with an increase of 14.9 mm
per 10 years—almost treble the increasing trend
(i.e., 5.1 mm per 10 years) of ARTS E0 (Figure 2a).
However, both EP_Al and EP_PM had no signiﬁcant
change during past 30 years.
Drought in the PDSI model is mainly determined by
two driving factors, precipitation (Pr) and EP. One
would expect their interannual variations should
jointly affect the drought trend. Further comparison
of PDSI, CUR Pr and EP trends shows that PDSI_ARTS
(Figure 2a) had an increasing trend, i.e., a wetting
trend, mainly due to Pr trend (14.7 mm per 10 years)
suppressing the trend of ARTS E0 (5.1 mm per
10 years). Similarly, both Allen and PM PDSI had a
wetting trend mainly resulting from the increasing
water supply of Pr and stable EP (Figures 2b and 2c).
However, EP_Th (Figure 2d) had an increasing trend
of 14.9 mm per 10 year much higher than that of
CUR Pr (14.7 mm per 10 years), which results in the
drying trend shown by PDSI_Th. The patterns of
precipitation and EP determined the ﬁnal drought or
wet trend derived from the PDSI model (Figure 2).
PDSI_ARTS and PDSI_Th had opposite trends
(Figure 1) due to using respective ARTS E0 and EP_Th
in the same scPDSI model. The scPDSI model is
sensitive to the input EP. This coincides with the
Shefﬁeld et al. [2012] ﬁnding that as a simpliﬁed EP
model, EP_Th produces an overestimated increase of
global drought. More controversial studies [van der
Schrier et al., 2011; Dai, 2011] show that PDSI values
are insensitive to the parameterizations for EP.

Figure 4. Time series of globally monthly dry area percentage
with PDSI ≤ 4 derived from self-calibrating PDSI_ARTS,
PDSI_Al, PDSI_PM, and PDSI_Th over 1982–2011.

YAN ET AL.

Further correlation analysis shows (Figure 3) large
differences in correlation r between PDSI and its
driving factors of Pr and EP. Annual average of
PDSI_ARTS, PDSI_Al, and PDSI_PM (Figures 3a, 3c,
and 3e) all had a positive relationship (P < 0.01)
with annual Pr with a correlation r over 0.76
indicating drought is mainly determined by Pr and
below-normal Pr results in severe droughts.
PDSI_Al and PDSI_PM (Figures 3d and 3f ) had a
negative relationship with EP_Al and EP_PM.
Increasing EP beneﬁts the development of
drought. In contrast, PDSI_ARTS had a positive
relation with ARTS E0 (Figure 3a), which differed
from the negative relations observed among other
EP and corresponding PDSI (Figures 3d, 3f, and 3h).
Because ARTS E0 considers the impacts of
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Figure 5. Time series of latitudinal averaged annual anomalies of (left) self-calibrating PDSI values, (middle) Pr, and (right)
EP (or E0) at four latitude zones (i.e., 48°N–90°N, 23°N–48°N, 23°S–23°N, 48°S–60°S) over 1982–2011.

vegetation and relative humidity, the ARTS E0 conceptually differs from traditional EP calculations
such as EP_PM.
Figure 3h shows that PDSI_Th did not change with a decrease of Pr, but PDSI_Th (Figure 3g) had a negative
correlation (P < 0.01) with EP_Th. It can be concluded that it is EP_Th not Pr that determines the development of
drought shown by PDSI_Th. This obviously opposes the common knowledge that drought predominantly
results from a deceasing Pr.
Figure 4 shows monthly variations of global dry area (in percentage) corresponding to extremely
dry conditions with PDSI < –4 (Table 1). Dry area, derived from PDSI_ARTS, PDSI_Al, and PDSI_PM,
signiﬁcantly decreased (Figure 4), but dry area detected by PDSI_Th had an increased trend (P < 0.05)
during past 30 years similar to the drying trend shown by PDSI_Th index (Figure 1a). The analysis
above showed that PDSI_Th resulted in an opposite trend of dry area, mainly due to different EP
parameterization compared with PDSI_PM, PDSI_ARTS, and PDSI_Al, which agrees with the Shefﬁeld et al.
[2012] ﬁnding that there is a large difference in trend of dry area derived from PDSI_PM and PDSI_Th
after 1980.
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Figure 6. Trend map (a) of CRU Pr and (b) its signiﬁcance over 1982–2011. Note that grey lines show the latitude of 48°N,
23°N, and 23°S, respectively.

4.2. Interannual Variations of Latitudinal PDSI, EP, and Pr
Does PDSI show similar interannual variations at different latitudes? Figure 5 shows a large difference in
interannual variations of PDSI at different latitudes. In high latitudes (48°N–90°N) of the Northern Hemisphere
(Figures 5a–5c), Pr increased but had no signiﬁcant trend (P = 0.05); only PDSI_Th had a drying trend of
0.27 per decade, i.e., drought mainly resulted from its driving factor EP_Th that increased by 17.3 mm per

Figure 7. Trend maps of annual PDSI_ARTS, PDSI_Al, PDSI_PM, and PDSI_Th over 1982–2011 and their
corresponding signiﬁcance.
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Figure 8. Trend maps of annual (a) ARTS E0, (c) Allen EP, (e) PM EP, and (g) Thornthwaite EP over 1982–2011 and (b, d, f, and h)
their corresponding signiﬁcance.

10 years. Although EP_Al and EP_PM had an increasing trend, their corresponding PDSI had no signiﬁcant
trend. In contrast, PDSI_ARTS showed a wetting trend of 0.15 per decade because ARTS E0 had a weak
increasing trend of 2.2 mm per 10 years.
In the midlatitudes (23°N–48°N) of the Northern Hemisphere (Figures 5d–5f), PDSI_ARTS and other three
PDSIs all decrease with a decreasing Pr. However, the PDSI_ARTS had no signiﬁcant trend due to weak
variation of ARTS E0 and Pr , while other three PDSIs show a drought trend because of signiﬁcantly increasing
EP_Al, EP_PM, and EP_Th.
In the tropics (23°S–23°N), all PDSIs (Figures 5g–5i) showed a wet trend of over 0.3 per 10 years mainly because
Pr increased by 41.6 mm per 10 years. However, ARTS E0, EP_Al, EP_PM, and EP_Th featured different variations;
EP_Al and EP_PM decreased while ARTS E0 and EP_Th increased, but the variation of EP_Th was not signiﬁcant.
In middle to high latitudes (48°N–90°N) of the Southern Hemisphere, Pr (Figure 5k) had no signiﬁcant
trend of variation (P = 0.91); ARTS E0 (Figure 5l) had an increasing trend of 10.7 mm per 10 years, and other
three EP models had no signiﬁcant trend. As a result, only PDSI_ARTS (Figure 5j) showed a drought trend
(P < 0.05) of 0.33 per 10 years while other three PDSIs had no signiﬁcant trend.
In short, a large difference in latitude variations of the PDSI also resulted from the coupling effects of
two driving factors of Pr and EP. PDSI values are most sensitive to the parameterizations for EP in high latitude
(48°N–90°N) of the Northern Hemisphere (Figure 5a) because the most signiﬁcant warming occurred in the
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Figure 9. Trend differences of (a) PDSI_ARTS, (c) PDIS_Al, and (e) PDSI_PM minus PDSI_Th, respectively, and (b) ARTS E0,
(d) EP_Al, and (f) EP_PM, minus EP_Th, respectively, over 1982–2011.

northern high latitude with a trend of MERRA T = 0.43°C per 10 years, which causes a higher EP_Th and a
drying trend as a result that contradicts the increasing Pr and the wetting trend denoted by PDSI_ARTS. In
contrast, the other latitudinal zones are insensitive.
4.3. Spatial Variations of PDSI, EP, and Pr
Figure 6 shows that high latitudes (48°–90°N) of the Northern Hemisphere featured more Pr especially in Russia
and eastern Canada. Midlatitude (23°N–48°N) of the Northern Hemisphere experienced decreasing Pr. Most
tropical regions were characterized with increasing Pr. With respect to middle to high latitudes (23°S–60°S) of
the Southern Hemisphere, southern South
America featured decreasing Pr while southern
Africa featured increasing Pr. In short, four
latitudinal belts featured different trends of Pr
during the past 30 years. Then we might have
a question whether Pr resulted in a similar
spatial pattern of drying trend in corresponding
latitudinal belts.

Figure 10. Time series of globally averaged annual anomalies of
PDSI_ARTS, PDSI_PM, and PDSI_Th over 1982–2011, PDSI_Schrier
over 1982–2009, and PDSI_Dai over 1982–2010, respectively.
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Figure 7 shows that spatial variations of four
PDSI trends had a similar pattern to that of Pr.
Russia and eastern Canada in high latitudes
(48°N–60°N) of the Northern Hemisphere
feature a wetting trend due to more Pr.
Midlatitudes (23°N–48°N) of the Northern
Hemisphere experienced a drying trend
corresponding to the decreasing Pr. Most
tropical regions were characterized with a
wetting trend related to the increasing Pr. With
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respect to middle to high latitudes (23°S–60°S) of the
Southern Hemisphere, southern South America
featured a drying trend following a decreasing Pr ,
while southern Africa featured a wetting trend
accompanied by an increasing Pr. Thus, spatial
variations of four PDSI trends over global land were
similar and determined majorly by the pattern of Pr
trend. However, the drying trend in some regions
did not always relate with signiﬁcant decreasing Pr.
For example, there is no signiﬁcant Pr trend in
western Russia and central Africa, but a signiﬁcant
drying trend occurred in these regions. One might
wonder whether EP was responsible for the
abnormal pattern of drying trend that cannot be
explained by the Pr trend.
Figure 8 clearly shows that ARTS E0 and other EP
models all had an increasing trend in western
Russia and central Africa which resulted in the drying
trend denoted by PDSI values in Figure 7. In contrast,
EP_Al and EP_PM had a similar pattern of changing
trend; they featured an increasing trend in most
North America and Euro-Asia continents, but they
showed a decreasing trend in tropical regions except
the central Africa and eastern South America; they
had no signiﬁcant trend in the Southern Hemisphere
(23°N–60°N). However, EP_Th and ARTS E0 differed
from EP_Al and EP_PM in the spatial pattern of
changing trend. For instance, EP_Th had an opposite,
increasing trend in India and tropical Asia. ARTS E0
had an increasing trend in northern Australia,
southern Africa, and India and decreasing trend in
western North America and West Asia.
We also compared PDSI and EP values of Thornthwaite
with that of ARTS, Allen, and PM. Figure 9 shows
that PDSI_Th often overestimated the drying trend.
Locations where PDSI_Th overestimated the drying
trend often corresponded to a positive difference
between EP_Th and other EPs (i.e., ARTS E0, EP_Al,
EP_PM), conﬁrming the conclusion that PDSI trend is
sensitive to the parameterization of EP formula used in
the PDSI model; the reverse is also true.
4.4. Comparison With Other PDSI Data Sets
Figure 10 shows comparison of PDSI_ARTS,
PDSI_PM, and PDSI_Th with two published PDSI
products. PDSI_Scheier [van der Schrier et al., 2013]
tends to increase by 0.13 per 10 years which is

Figure 11. Time series of latitudinal averaged annual
anomalies of PDSI_ARTS, PDSI_PM, PDSI_Schrier,
and PDSI_Dai at four latitude zones of (a) 48°N–90°N,
(b) 23°N–48°N, (c) 23°S–23°N, and (d) 48°S–60°S.
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consistent with the increasing trend of
PDSI_ARTS (k = 0.08 per 10 years) and PDSI_PM
(k = 0.11 per 10 years); however, PDSI_Dai
[Dai, 2011] has no signiﬁcant change during
past 29 years.
In addition, we analyzed trends of PDSI_Scheier
and PDSI_Dai over four latitudinal regions. In
high latitudes (48°N–90°N) of the Northern
Hemisphere, both PDSI_Scheier and PDSI_Dai
(Figure 11a) have an increasing trend of 0.18 and
0.16 per 10 years, respectively, which conﬁrms
the wet trend of 0.15 per 10 years given by
PDSI_ARTS. In midlatitudes (23°N–48°N) of the
Northern
Hemisphere, (Figure 11b) PDSI_Dai
Figure 12. Globally averaged annual anomalies of PDSI_ARTS
indicates
a
drought trend of –0.23 per decade
with or without automatic calibration (cali), seasonal vegetation
LAI, and snowmelting (snow), respectively, over 1982–2011.
similar to PDSI_PM; however, PDSI_Scheier has
no signiﬁcant trend similar to PDSI_ARTS. In
tropical regions (23°S–23°N), PDSI_Scheier
(Figure 11c) shows a wetting trend (P < 0.01) with slope k = 0.35 per 10 years, similar to PDSI_ARTS and
PDSI_PM; however, PDSI_Dai has no signiﬁcant trend. In middle to high latitudes (23°S–60°S) of the Southern
Hemisphere, both PDSI_Scheier and PDSI_Dai (Figure 11d) have no signiﬁcant trend like PDSI_PM; however,
PDSI_ ARTS shows a drought trend of 0.33 per decade. In short, PDSI_ ARTS had a similar performance to
PDSI_Scheier in drought monitoring, but large differences were observed between PDSI_Dai and PDSI_Scheier,
which is attributed to the selection of a calibration period that ampliﬁes the dry trend by van der Schrier et al.
[2013]. However, we found the different precipitation data resulted in the difference of PDSI trend because CRU
Pr ingested by PDSI_ARTS had a higher increasing trend of 1.53 mm yr1 (P < 0.01) than that of 0.34 mm yr1
(P = 0.37) for Global Precipitation Climatology Project (GPCP) Pr over 1982–2011 [Yan et al., 2013]. As CRU
gauge-based Pr had a better response to recent La Niña events compared with GPCP satellite-based Pr, thus the
global wetting trend given in this study is reasonable.
4.5. Sensitivity of PDSI_ARTS to the Model Parameterization and Input Data
To investigate the impact due to the use of seasonal vegetation, snowmelting, and automatic calibration in
the fame of ARTS PDSI model, we calculated PDSI_ARTS with or without automatic calibration, seasonal
vegetation LAI, and snowmelting, respectively, over 1982–2011. Figure 12 shows that all PDSI_ARTS had an
increasing tendency (i.e., a wetting trend)
except snowmelting-excluded PDSI_ARTS.
Regardless of snowmelting process, the selfcalibrating PDSI_ARTS had no signiﬁcant trend
(P = 0.06). Conversely, the use of snowmelting
module contributed to the wetting trend
(P < 0.01) of PDSI_ARTS during the research
period (Figure 12), which is consistent with
the ﬁndings of Barichivich et al. [2014] that the
water supplied by the spring melting of the
winter snowpack plays a dominant role in
summer wetting as well as the enhanced
vegetation activity at northern latitudes
(>45°N). Hence, snowmelting process should
be included in the PDSI model.

YAN ET AL.

Figure 13. Globally averaged annual anomalies of PDSI_ARTS
over 1982–2011 but with different calibration period, i.e.,
entire period (1982–2011), ﬁrst 15 years (1982–1996), and last
15 years (1997–2011).

The use of original PDSI instead of the selfcalibrating PDSI also gave an increasing trend
(P < 0.01) of PDSI_ARTS. However, original
PDSI_ARTS had a damped variability as shown
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by Shefﬁeld et al. [2012] and a much lower
value compared with self-calibrating
PDSI_ARTS. In addition, to investigate the
impact of the selection of calibration period
on self-calibrating PDSI, we designed an
experiment with calibration period deﬁned
as entire period (1982–2011), ﬁrst 15 years
(1982–1996), and last 15 years (1997–2011),
respectively. Figure 13 shows that PDSI_ARTS
calibrated over different periods all increased
but with different signiﬁcance; i.e., entire
period (1982–2011) as the calibration period
featured a higher signiﬁcance (P < 0.01)
than that (P < 0.05) of other two calibration
periods. In short, the selection of calibration
period did not signiﬁcantly affect the PDSI
results in this study, which differs from the
conclusion of van der Schrier et al. [2013] that
the selection of calibration period obviously
affected the trend of self-calibrating PDSI, and
it is the principal reason for the disparate
results of recent global drying or not.

Figure 14. Globally averaged annual anomalies of (a) selfcalibrating PDSI_ARTS driven with GIMMS LAI, GIMMS climatology
LAI, and GLASS LAI, respectively, and (b) GIMMS and GLASS LAI
over 1982–2011.

To understand the sensitivity of PDSI_ARTS
to vegetation index, we conducted the
PDSI_ARTS simulation with the GIMMS
climatology mean LAI instead of the GIMMS
historical one, which (Figure 14a) shows that
the PDSI_ARTS with GIMMS climatology LAI
also had an increasing trend (P < 0.01), i.e., a
wetting trend, similar to PDSI_ARTS driven
with GIMMS historical LAI.

We further simulated the drought trend using GLASS historical LAI instead of the GIMMS historical LAI, which
(Figure 14a) shows that PDSI_ARTS driven with GLASS LAI had no signiﬁcant trend (P = 0.20). The different
drought trend was due to using different long-term LAI time series, i.e., GIMMS LAI and GLASS LAI. Figure 14b
shows that GLASS LAI increased with a slope of k = 0.011 signiﬁcantly higher than that (k = 0.003) of GIMMS LAI,
which resulted in an increasing GLASS LAI-based ARTS E0 with a higher trend than that of GIMMS LAI-based
ARTS E0 and in turn the nonsigniﬁcant change of PDSI_ARTS. It can be concluded that PDSI_ARTS model was also
sensitive to input data of LAI, which has rarely been addressed in previous studies.
As the estimated wetting trend is an outcome of input data sets and model, we evaluated the MERRA T
with CRUTEM4 T [Jones et al., 2012; Osborn and Jones, 2014] that has been used by Intergovernmental Panel
on Climate Change climate report (CRUTEM4 T data was downloaded at http://www.metofﬁce.gov.uk/
hadobs/crutem4/data/download.html). Figure 15a shows that CRUTEM4 T had an increasing trend of 0.87°C
30 yr1 which is higher than the trend of 0.72°C 30 yr1 for MERRA T. Further simulations of PDSI_ARTS driven
with CRUTEM4 T instead of MERRA T (Figure 15b) show that CRUTEM4 T-based PDSI_ARTS also increased
(P < 0.01) indicating a wetting trend similar to PDSI_ARTS driven with MERRA T, which agrees well with the
conclusion that global warming may not cause droughts [Trenberth et al., 2014]. In short, MERRA T had a
similar potential to CRUTEM4 T in driving PDSI_ARTS model to study the drying trend.

5. Discussion
The sensitivity of PDSI values to the parameterizations for EP is a topic of ongoing argument. Dai [2011]
and van der Schrier et al. [2011] found that the choice of the EP_Th and EP_PM had small effects on the global
drying trend and their PDSI values were similar in terms of statistics and drying area. van der Schrier et al.
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[2013] and Dai [2011] attributed this
insensitivity to the calculations in the
simple water balance model because
actual evaporation, often limited by the
available moisture on the ground, affects
the water balance.

Figure 15. Globally averaged annual anomalies of (a) MERRA T
and CRUTEM4 T and (b) corresponding self-calibrating PDSI_ARTS
over 1982–2011.

However, our study and Shefﬁeld et al. [2012]
found that PDSI values are sensitive to the
choice of the EP_Th and EP_PM; the use of EP_Th in
the PDSI model produces an overestimated
increase of global drought. Hobbins et al. [2008]
and Shefﬁeld et al. [2012] pointed out that the
choice of parameterization for EP is critical in
energy-limited regions such as the Amazon and
northern Eurasia because EP determines the
ﬁnal actual evaporation and soil moisture, and
EP_Th often leads to errors in energy-limited
regions. This study found that in high latitude
(48°N–90°N) of the Northern Hemisphere (an
energy-limited region), PDSI_Th showed a
drying trend different from that of PDSI_PM
because EP_Th had a higher uptrend than that
of EP_PM (Figure 2). This, in turn, contributed
to global drying trend denoted by global
PDSI_Th over the past 30 years. While seldom
addressed in previous studies, the choice of
EP_Th results in the decrease of PDSI value in
high latitude of the Northern Hemisphere and
even affected the sign of the global PDSI
trend. One should be cautious when EP_Th is
applied to global drought research.

Since EP plays a key role in the forming of drought besides precipitation, more realistic EP models
have been adopted to drive the PDSI model, which improves our knowledge of drought related
with global temperature rising. Use of a more physiological EP_PM model, which takes into account
more factors of available energy, humidity, and wind speed, found little change in drought from 1950
to 2008 [Shefﬁeld et al., 2012]. This corrects the previous ﬁnding that drought tends to become more
severe and more widespread since the 1950s as a result of global warming [Dai, 2011]. This arises
from the use of a simple EP_Th model that only takes into account temperature and latitude. A
more recent PDSI, derived from EP_PM using the actual vegetation cover rather than a reference
crop, also does not support the global strong drying pattern for the 1950–2009 period [van der Schrier
et al., 2013].
However, there remains the issue of seasonal vegetation changes, which is absent in previous EP and
PDSI models. This absence has been criticized as unrealistic in EP models [Alley, 1984]. In our study,
ARTS_PDSI initially considers the interannual and seasonal changes of vegetation LAI by using a canopy
conductance model, which reveals global wetting during the past 30 years of 1982–2011. Similarly, van der
Schrier et al. [2013] reported a decrease of drying from the mid-1980s onward. Thus, PDSI_ARTS can be
applied to global drought study due to more physical processes included while PDSI_PM or PDSI_Al can
be used alternatively in case of no LAI data.
It is widely accepted that drought is often caused by below-normal precipitation and PDSI model deduces
the drought from the interactive effect of Pr and Ep. Numerous PDSI-based drought studies [van der Schrier
et al., 2013; Shefﬁeld et al., 2012; Dai, 2011] have focused attention to the EP variations irrespective of
precipitation variations that is also associated with global warming.
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Numerous precipitation and runoff observation and numerical experiments conﬁrm an ongoing
intensiﬁcation of global hydrologic cycle with global temperature increase following the Clausius-Clapeyron
law [Huntington, 2006; Wentz et al., 2007; Gerten et al., 2008; Alkama et al., 2011]. For instance, global land Pr
had an uptrend of 2.5% over 1901–2002 based on CRU TS2.1 climatology [Gerten et al., 2008]. Similarly,
we found an uptrend of 3.1% for global land Pr over 1982–2011 based on the latest CRU Pr data set
accompanied by an unusual global warming [Allan et al., 2010; Liu and Allan, 2013].
Thus, it is reasonable that the global land became wetter during past 30 years, as deduced from PDSI_ARTS,
PDSI_PM, and PDSI_Al in this study. This bridges the gap between the global drought status and the
intensiﬁed hydrological cycle from global warming. Signiﬁcantly, different latitudinal zones had different
responses to global warming and precipitation variation, i.e., tropical and high latitude (48°N–90°N) of the
Northern Hemisphere became wetter due to increased precipitation while midlatitude (32°N–48°N) of the
Northern Hemisphere became drier due to decreased precipitation, which is rarely addressed in
past researches.
Contrary to common knowledge that drought is often caused by below-normal precipitation, we further
found that PDSI_Th had a signiﬁcant negative relationship with interannual variation of EP_Th but no
signiﬁcant relation with Pr. PDSI_ARTS, PDSI_Al, and PDSI_PM all were sensitive to interannual variation of Pr
rather than EP or E0 and Pr still played a determining role in the development of drought during past 30 years.
Although global average temperature has increased, global warming and its related-EP variation do not
change the causal relationship between Pr and drought up to the present.
Why does global drought have obvious interannual variations shown in Figure 1? The source is the El Niño–
Southern Oscillation (ENSO), the most prominent ocean-atmosphere phenomenon resulting in large-scale
climate (rainfall, drought, temperature, evapotranspiration, etc.) variability on interannual time scales [Dai et al.,
1997; Wolter and Timlin, 1998; Bonsal and Lawford, 1999; Vicente-Serrano et al., 2011; Miralles et al., 2014; Yan et al.,
2013]. Warm ENSO events (El Niño) tend to decrease global land precipitation and cold ENSO events (La Niña)
tend to increase global land precipitation [Gu et al., 2007]. Accordingly, El Niño events tend to cause more
global drought than La Niña events [Shefﬁeld et al., 2009; Vicente-Serrano et al., 2011]. With regard to this
study, CRU Pr and PDSI_ARTS had signiﬁcant increases from 1982 to 2011. This agrees well with ENSO variations
such that El Niño impact was weakening, while La Niña impact was intensifying with more land Pr than normal
during the 30 years [Yan et al., 2013].
In summary, ENSO affects the global drought variation mainly via global precipitation anomalies. As El Niño
and La Niña events alternates with each other in ENSO history [Wolter and Timlin, 2011], it is expected that
dry spells alternates with wet spells, which conﬁrms the ﬁndings of Shefﬁeld et al. [2012] and van der Schrier
et al. [2013] that there is no strong signal for global drying or wetting for a long period of past 60 years
from 1950 to 2008. However, during a short period such as 30 years in this study, ENSO as well as increased Pr
leads to global wetting.
Recent 2009–2011 ENSO cycle also demonstrated a transition from 2009–2010 El Niño phase to 2010–2011
La Niña phase that even resulted in a 5 mm drop in global sea level as excess precipitation deposited water
on land [Boening et al., 2012]. Thus, when year 2010–2011 representing an extreme wet condition was
disregarded, we can ﬁnd little change in global drought shown by PDSI_ARTS or PDSI_PM from 1982 to
2009 (not shown) compared with the wetting trend (P < 0.01) from 1982 to 2011, which shows that during
a short period of 30 years, ENSO-related precipitation variation might signiﬁcantly affect drying trend and
even conceal the impact of global warming. Similarly, Trenberth et al. [2014] pointed out that accurate
understanding of drought requires an improvement in the precipitation driving data as well as the
accounting for natural variability, especially ENSO effects because of preference for wetter land during
La Niña events.
However, recent studies reported drying trend. For instance, remotely sensed soil moisture showed drying
soil moisture from 1998 to 2008 [Jung et al., 2010], which is due to 1999/2000 representing the strongest
La Niña event in the research period of 1998 to 2008 leading to a summit of precipitation, and thereafter
the precipitation decreased and soil became drier until 2008. This short-term drying trend over 11 years
was also observed by PDSI_ARTS in this study. Zhou et al. [2014] found a widespread decline of Congo
rainforest greenness in the past decade indicating a drying trend, which was also captured in Congo
rainforest of western tropical Africa (Figure 7) by ARTS_PDSI over 1982–2011. In short, these direct evidence
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Table 2. Annual Mean of Four Types’ Potential Evaporation
(EP) and Associated Actual Evapotranspiration (E) for Global
a
Land Excluding Antarctica and Greenland
Type

ARTS

Allen

Penman

Thornthwaite

EP
E

80.5
66.4

119.5
72.7

156.5
79.3

127.3
73.1
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of drying trend mainly occurred either in regional
scale or over a short period of 11 years, which does
not contradict the wetting trend over 1982–2011
given by PDSI_ARTS.

Comparison of averaged values of EP (i.e., ARTS E0,
EP_Al, EP_PM) shows a large difference; EP_PM is
a
3
3 1
Unit: 10 km yr .
almost 2 times the ARTS E0 (Table 2). But their
corresponding PDSI values had minor differences
(Figure 1); i.e., PDSI model is insensitive to absolute value of EP because PDSI is ﬁnally determined by the
ratio of actual values to potential values (i.e., αi ¼ E i =Ep i ) for evapotranspiration, recharge to soil layers,
runoff, and water loss in scPDSI model (see equation (A1)). In concept, Palmer [1965] assumed that
PDSI model will produce actual values such as actual E by using soil water balance model with input of EP
and Pr. Rather, our results indicate that the so-called E value, derived from traditional EP (i.e., EP_Al, EP_PM,
EP_Th), is not actual E (Table 2) and it is often higher than recent estimates of global E = 65 × 103 km3 yr1
[Jung et al., 2010; Yan et al., 2013] because EP does not include the effect of vegetation transpiration
and the simple SWB module in PDSI model only considers the impact of soil water stress. However, ARTS E0,
as a two-source model, calculates plant transpiration separately via canopy conductance accounting
for effects of vegetation dynamic and relative humidity, which produces the actual E with SWB model
playing a role of soil water stress. In this sense, seasonal vegetation-based ARTS PDSI model partly realize
the expectation of Palmer [1965].
The ARTS PDSI model takes into account issues of seasonal vegetation, snowmelting, and automatic
calibration. Nonetheless, some important processes such as catchment hydrology should be, but are still
not included, because catchment hydrology needs calibration with observed runoff data on ﬁne temporal
scales such as the daily scale. Thus, the ARTS PDSI model is primarily applied to global scale on monthly scales
with available input data.
Some uncertainties still exist. Recent observation and model simulations indicate that precipitation
become more intense but less frequent and light rain become more scarce due to global warming and air
pollution [Chou et al., 2011; Shiu et al., 2012; Qian et al., 2009] implying greater risk of ﬂash ﬂoods as well
as droughts [Shiu et al., 2012]. This issue has not been solved for PDSI-type models on monthly scales. As
PDSI models are sensitive to EP parameterization and Pr data have a larger uncertainty than that of
temperature T, it is better to compare other EP parameterizations and Pr data sets in PDSI model to reduce
uncertainties in the research of global drought. Similarly, Trenberth et al. [2014] concluded that discrepancies
of drought monitoring arise not only from the PDSI formulation but also from the highly uncertain
forcing data. Thus, further ensemble analysis of more EP models and forcing data including precipitation
will be conducted in next step of our work.

6. Conclusions
The interannual variations of PDSI_ARTS, PDSI_Al, and PDSI_PM indicate that global land, particularly in
tropical regions, had become wetter rather than drier primarily due to increased precipitation over past
30 years. It is too early to make a prediction of global drying in the future without taking the effects of
precipitation and ENSO into consideration.
PDSI values are sensitive to the parameterizations for Ep. Signiﬁcantly increased EP_Th even caused an
overestimated drought by suppressing the wetting effect of increased precipitation on global scale and
especially in high latitude of Northern Hemisphere compared with EP_Al, EP_PM, and ARTS E0 over the past
30 years. Thus, with regard to global drought monitoring, ARTS E0, EP_Al, and EP_PM are preferred to EP_Th.
Different latitude zones feature different drying or wetting trends in response to climate change during the
past 30 years. In high latitude (48°N–90°N) of the Northern Hemisphere, PDSI_Th had a drying trend but not
supported by PDSI_ARTS, PDSI_Al, and PDSI_PM. However, in midlatitude (23°N–48°N) of the Northern
Hemisphere, all PDSI decreased except PDSI_ARTS having no signiﬁcant trend. Tropical zones had a wetting
trend. In middle to high latitudes (23°S–60°S) of the Southern Hemisphere, PDSI_ARTS showed a drying
trend while other PDSI values had no signiﬁcant trend.
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ARTS E0 had a similar performance to EP_Al and EP_PM in monitoring global as well as tropical drought
during past 30 years; however, differences still existed in other latitudinal zones. In concept, ARTS E0 has
considered the effect of seasonal vegetation and atmosphere humidity on canopy conductance, which
differs from EP_Al and EP_PM in that these traditional EP just representing the atmosphere evaporation
demand. Application of ARTS E0 prior to other EP in drought monitoring coupled with PDSI model will
highlight the effects of vegetation and relative humidity besides the effects of precipitation and Ep.

Appendix A: Calculation of Self-Calibrating PDSI Model
As original Palmer PDSI model (1965) uses weighting and duration factors derived from empirical
calibration against a limited amount of data observed over the U.S. Great Plains, it has been criticized for
its disability of comparison between divers climatological regions [Wells et al., 2004]. To solve this
drawback, the self-calibrating PDSI (scPDSI) [Wells et al., 2004] model was developed within the frame
of Palmer PDSI model (1965) and regarded as more appropriate for global drought monitoring [Dai, 2011;
van der Schrier et al., 2011]. The Palmer PDSI model and its revision of scPDSI model are brieﬂy introduced
in the following.
The Palmer PDSI model (1965) computes four values related to the soil moisture on monthly scale by using
a two-layer soil water balance model [Thornthwaite, 1948] driven by precipitation (Pr) and potential
evapotranspiraiton (Ep). The four values are evapotranspiraiton (E), recharge to soil layers (R), runoff (O),
and water loss from soil layers (L). Based on EP and the maximum soil available water content (Mawc) of
the soil, Palmer PDSI model (1965) derives three potential values, e.g., potential recharge (Rp), potential
runoff (Op), and potential water loss (Lp). In addition, four water balance coefﬁcients are calculated
using local climate for each month i:
αi ¼

Ei
Epi

βi ¼

Ri
Rpi

γi ¼

Oi
Opi

δi ¼

Li
Lpi

(A1)

where the overbar indicates an average value over a climate period. Then climatically appropriate for existing
conditions (CAFEC) values can be obtained by multiplying four potential values with their water balance
coefﬁcients, e.g., δiLp for CAFEC water loss. Four CAFEC values are combined to give the CAFEC precipitation,
P^ r , which represents the required amount of precipitation to maintain a normal soil moisture level for a
given month:
P^ r ¼ αi Ep þ βi Rp þ γi Op  δi Lp

(A2)



The difference D ¼ Pr  P^ r between the actual precipitation Pr and the CAFEC precipitation P^ r represents
the moisture departure, i.e., the excess or shortage of precipitation in a month. As D is not a normalized
value and the same D have different meanings at different locations and different times, D cannot directly
applied for drought monitoring. To solve this problem, Palmer PDSI model adopts a new weighting
coefﬁcient of K, approximating the climate characteristic of a location, to correct the D with their product
deﬁned as the moisture anomaly index Z(Z = D × K ). The Z index is further used to compute the PDSI value
for a given month i:
X i ¼ p  X i1 þ q  Z i

(A3)

where Xi-1 is the PDSI for the previous month and p and q are two coefﬁcients called duration factors,
which affect the sensitivity of PDSI to monthly moisture anomaly Z and previous month’s PDSI. Originally,
Palmer [1965] derived the values of p = 0.897 and q = 1/3 empirically from the linear slope analysis between
the length and severity of the extreme droughts at two locations. To solve the shortcomings of empirical
coefﬁcients, the scPDSI model adopts a new method to automatically calculate the climatic characteristic
K and duration factors (p and q) using local climate data, so that the scPDSI can be compared over
different locations and different times [Wells et al., 2004]. It can be found that Pr and EP as key input data
determine the ﬁnal PDSI value through their interaction within the soil water balance model. Further detailed
description of scPDSI model can be found in the reference [Wells et al., 2004]. Note that Pr is replaced
with water supply P deﬁned as the sum of rainfall and snowmelt derived from a simple snowmelting module
(see equation (8)) in this study.
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Appendix B: Calculation of Potential Evapotranspiration Models
A brief summary of temperature-based and net radiation-based EP models, used in this study, is given below.
1. Thornthwaite EP_Th Model
Palmer [1965] originally adopted the Thornthwaite [1948] EP equation with input of monthly mean
air temperature, latitude, and month. This study used the modiﬁed Thornthwaite EP equation (EP_Th,
in mm d1) currently implemented in the National Climatic Data Center [Karl, 1986]:
8
>
>
<0
E P _Th ¼ 25:4du exp½3:8633 þ 1:7156B  B lnðHÞ  Bu lnðT Þ
>
>
: 25:4du ½ sinðT=57:3  0:166Þ  0:76
H¼

if T ≤ 0°C
if 0 < T < 26:7°C

(B1)

if T ≥ 26:7°C


12 
X
maxðT; 0Þ 1:514
m¼1

(B2)

5

B ¼ 0:492 þ 1:79  102 H  7:71  105 H 2 þ 6:75  107 H 3

du ¼

ðd 0 þ 0:0157Þ=1:57

(B3)

if d0 ≥ 0

(B4)

ð3:141593 þ d0 þ 0:0157Þ=1:57 if d0 < 0

0rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1

2
max
0:1;
1

½
φ
ð
m
Þ
tan
ð
θ
Þ

B
C
C
d0 ¼ tan1 B
@
A
φðmÞ tanðθÞ

(B5)

where T is monthly mean air temperature (°C) at 2 m height, φ(m) is a month (m)-dependent coefﬁcient,
θ is the latitude, and B and H are two heat factors.
2. Penman-Monteith EP_PM Model
Monteith [1965] presented the widely cited approach for modeling potential and actual
evapotranspiration, which combines the radiative and aerodynamic processes. When stomatal conductance is assumed to be zero, the EP_PM equation can be derived [Shuttleworth, 1993]:
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E P _PM ¼

ΔRn þ 6:43ð1 þ 0:536uÞD
Δþγ

(B6)

where EP_PM is potential evapotranspiration (mm d1), Rn is net radiation, Δ is the gradient of the
saturated vapor pressure to the air temperature (kPa), γ is the psychrometric constant, D is the vapor
pressure deﬁcit, and u is the wind speed (m s1) at 2 m height.
3. Allen Reference EP_Al Model
Allen et al. [1994] derived the Food and Agriculture Organization reference evapotranspiration model
from the Penman-Monteith EP model [1965]:
900
0:408ΔðRn  GÞ þ γ Tþ273 uD
E P _Al ¼
Δ þ γð1 þ 0:34uÞ

(B7)

where EP_Al is reference evapotranspiration (mm d1), Rn is net radiation (MJ m2 d1), and T is the
air temperature (°C).
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