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ARTICLE INFO ABSTRACT

Edited by Jing M. Chen Remotely-sensed vegetation greenness exhibits obvious differences before and after the short-term heavy rainfall

event. This short communication reports that residual water film on the canopy caused by precipitation directly

Keywords: affects the spectral signal of vegetation, which in turn biases observed vegetation greenness. We combined
Water film ground measurements, unmanned aerial vehicle (UAV) measurements, three-dimensional radiative transfer
Precipitation

model (RTM) simulations, and satellite observations to assess this phenomenon and investigate the impact of
water film on vegetation indices (VIs) across different scales and vegetation types. Our findings demonstrate that
precipitation exerts a quick and significant influence on the spectral characteristics of canopy components. The
presence of water can lead to reflectance attenuation in soil and vegetation components across the entire visible
and infrared spectrum, particularly in the near-infrared (NIR) band, with reductions of up to 0.12. The reduction
in VI measures after precipitation can be explained by an imbalance in the magnitude of visible and NIR
reflectance attenuation caused by the canopy water film. Taking the difference vegetation index (DVI) as an
example, the decrease in NIR reflectance is more pronounced than that of red reflectance in the presence of
water, resulting in DVI decreasing after a rainfall event. Satellite observations indicated that NDVI and EVI could
decrease even exceeding 0.3 in some pixels after short-term rainfall. This work reveals the water film as a
possible factor contributing to the bias between true and observed vegetation greenness. The spatial distribution
of rainfall seasonality exhibits variation across different regions worldwide, and mitigating the impact of water
film on vegetation greenness is essential for enhancing the precision and reliability of global vegetation dynamics
monitoring.

Vegetation greenness
Vegetation indices (VI)
Data collaboration

1. Introduction

Vegetation plays a crucial role in terrestrial ecosystems, linking the
atmosphere, soil, and water, and is extensively studied due to its
sensitivity to climate change (Gordon, 2008; Sellers, 1985). Precisely
assessing vegetation status and its spatial and temporal dynamics holds
significant scientific and practical importance. Remote sensing has
emerged as an essential tool for tracking the structural and physiological
processes of vegetation due to its ability to take repeatable measure-
ments over large spatial and temporal scales. Identifying the impact of
climate change on vegetation growth along with the mechanisms
driving it has become a hot issue in global environmental change
research. Satellite data reveals that since the 1980s, global vegetation
has increased, with 52 % to 59 % of areas showing longer growing
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season length and higher leaf area index (LAI) (Piao et al., 2020). In
2023, 63 % of global vegetation continued this greening trend, ac-
cording to the latest records of normalized difference vegetation index
(NDVI) (Li et al., 2024). Scholars have gradually reached a consensus on
the phenomenon of “global greening” under climate change and human
activities (Atkinson et al., 2011; Chen et al., 2019a; Forzieri et al., 2020;
Ukkola et al., 2021; Zhu et al., 2022).

Despite extensive research on vegetation and climate change, un-
certainty persists in accurately representing vegetation greenness, dy-
namics, and their underlying drivers. Greenness is commonly
characterized using vegetation indices (VIs), the most popular remotely-
sensed indicators derived from mathematical operations on spectral
reflectance (Huete, 2014). Ideally, A reliable “greenness proxy” for VI
should be a composite measure of vegetation leaf abundance,
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biochemical traits and pigment, independent of non-vegetative factors.
However, satellite-measured spectral reflectance is determined by
various factors like component optical properties, canopy structures,
sun-sensor geometries, and atmospheric conditions, leading to biases
between VI-informed greenness and true greenness (Gao et al., 2024;
Samanta et al., 2012; Zeng et al., 2023). A large number of studies
showed that aerosols (Christensen et al., 2017; Xiao et al., 2003; Zhang
et al., 2023) and sun-sensor geometries (Maeda and Galvao, 2015;
Norris and Walker, 2020) affect satellite-observed vegetation greenness.
Furthermore, even surface reflectance cannot fully eliminate interfer-
ence from non-vegetative factors. Dust accumulation on leaf surfaces has
received some attention in small-scale vegetation studies in mining and
urban areas (Konczak et al., 2021; Ma et al., 2023), as it can distort
vegetation spectra instantly, and influence photosynthetic efficiency
and growth over time.

By contrast, rainfall has a greater impact on greenness measurement
because the spatial and temporal patterns of rainfall intensity and fre-
quency vary widely from local to global scales. Most studies have
focused on the long-term effects of rainfall on vegetation greenness, and
little attention has been paid to short-term changes in spectra and
greenness caused by rainfall trapped in vegetation pixels, which moti-
vated our study. Fig. 1 presents a schematic illustration of our hypoth-
esis. Initially, clear sky condition allows successful satellite observation.
In the second stage, rainfall can be intercepted by the canopy, evapo-
rated, infiltrated into the soil, or run off along the slope when rainfall
intensity exceeds the infiltration rate. In the third stage, a clear sky
returns, permitting satellite observation, but a water film remains on the
vegetation pixel. Without considering physical canopy damage from
prolonged extreme rainfall or resulting pigment changes, the disparity in
clear-sky greenness observations between post-precipitation (Stage 3)
and pre-precipitation (Stage 1) can be attributed to the presence of a
residual canopy water film. The water film on leaves, branches, trunks,
and soil alters component spectra and VI values, inevitably introducing
uncertainties in greenness detection that are difficult to quantify and
cannot be mitigated through conventional methods such as atmospheric
corrections. Notably, canopy interception accounts for approximately
30 % of total precipitation, with forests alone contributing 11-48 % of
rainfall redistribution due to high evapotranspiration rates (Ferreira
Rodrigues et al., 2021; Murakami, 2021). However, even though re-
searchers have a vague awareness of the fact that water affects obser-
vation signals, the impact of water film on observed greenness has not
been fully appreciated.

Remote Sensing of Environment 324 (2025) 114747

Combining the previous hypothesis with rainfall characteristics, we
can deduce that water film, as an unavoidable environmental factor, has
systematic and random influences on vegetation greenness assessment.
Systematic impacts are primarily manifested through seasonal precipi-
tation regimes, as exemplified by the cyclical alternation of wet and dry
seasons in tropical rainforests, which may induce systematic seasonal
biases in observed greenness. Random effects stem from the spatio-
temporal variability of rainfall events (intensity, duration, and distri-
bution patterns), generating non-stationary noise through post-
precipitation moisture residues in remote sensing signals. These un-
predictable residuals may instantly alter leaf optical properties, thereby
disrupting vegetation physiology assessments, especially for short-term
processes like diurnal fluctuation in photosynthesis and respiration. In
summary, rainfall events would introduce both systematic and random
biases to remote sensing observations, potentially leading to erroneous
interpretations of seasonal vegetation dynamics while introducing
complexities into vegetation modeling processes. Furthermore, global
warming has intensified the hydrological cycle, leading to changes in
rainfall patterns with more frequent extreme rainfall events (Ham et al.,
2023), thus placing greater demands on accurate estimates of greenness
and highlighting the need to elucidate the mechanistic process by which
water influences the signals of remotely sensed observations.

This short communication reveals that the water film is a possible
factor contributing to the bias between true greenness and observed
greenness. We combined ground-observed spectra, three-dimensional
(3D) radiative transfer (RT) model simulations, unmanned aerial
vehicle (UAV), and satellite observations to compare the greenness
with/without water film disturbance across different scales and types of
vegetation. The primary purpose of this research is to bring the issue of
rainfall-caused water film bias remotely-sensed greenness to the atten-
tion of ecological researchers.

2. Data and methods
2.1. Rationale for water affecting vegetation greenness

The surface reflectance of remotely-sensed observations depends on
the spectral characteristics of the components within the pixel. The
spectral reflectance curve of vegetation exhibits a pronounced absorp-
tion feature in the red band and a strong reflection feature in the near-
infrared (NIR) band, resulting in a significant difference between the
two bands. The soil reflectance is relatively flat and consistent across the
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Fig. 1. Schematic of how short-term rainfall affects the signals observed by satellites. TOC_G represents the greenness at the top of the canopy, i.e., observed
greenness. True_G indicates the true greenness. Water film disturbance refers to the effect of residual rainfall (e.g., water film on the leaves, branches, and soil) on the
observed greenness under the clear sky after the rainfall event. This process overlooks the physical damage to the canopy structure caused by rainfall due to the brief

time interval.
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visible (VIS) and NIR spectra. Water absorbs strongly in all bands, with
the most significant reflection occurring in the blue band (Fig. 2(a)).
When a rainfall event occurs, following the fundamental principle that
the component spectra comprise the canopy spectrum, we hypothesize
that the canopy reflectance with a water film exhibits a gradual decrease
across the full VIS-NIR spectrum, particularly in the NIR band.
Accordingly, the difference between NIR and red band reflectance will
decrease, and the reflection-absorption angle will increase. Moreover, in
theory, difference vegetation index (DVI) (Roujean and Breon, 1995),
simple ratio (SR) (Jordan, 1969), and normalized difference vegetation
index (NDVI) (Rouse et al., 1974) would also decrease, as indicated by
the formula (Fig. 2(b)).

2.2. Experiments using ground measurements, RT simulations, UAV
measurements, and satellite observations

This study employed ground measurements, 3D RT simulations,
UAV, and satellite observations to verify the hypothesis that residual
water films from rainfall affect observed greenness. First, ground-based
measurements were conducted on a fine scale (component, crown,
canopy) to assess the impact of water on the spectral characteristics of
vegetation in the absence of significant external disturbances. Second,
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based on the measured spectra, wet and dry Aspen monocultures with
varying LAIs were simulated using the large-scale remote sensing data
and image simulation framework (LESS) model (Qi et al., 2019, 2022,
2023) to explore the effect of water films on greenness at different
vegetation densities. The UAV measurements and satellite experiments
aimed to confirm the effect of short-term precipitation on remotely-
sensed greenness (i.e., VI values) at a regional level. The combination
of ground measurement, UAV measurement, 3D RT simulations, and
satellite observations is expected to verify our hypotheses from leaf scale
to crown, canopy, and regional scale. The specific details are described
as follows.

2.2.1. Ground measurements

Ground measurements took place from June 11-13, 2023, at Huailai
remote sensing experimental station in Hebei Province, China
(40.349°N, 115.788°E). We conducted a control experiment with two
scenarios: one with untreated, dry conditions and another where the
canopy surface was sprayed with tap water to simulate post-
precipitation, keeping the leaves and soil moist. Hyperspectral reflec-
tance measurements of peach, pine, corn, and grass canopies, with and
without water film disturbance, were collected at nadir from an
approximate height of 1 m above the canopies using a hand-held ASD
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Fig. 2. Principle of how water affects observed greenness. (a) Typical spectral reflectance of water, vegetation, and soil components (Chiu, 2005). (b) Canopy
reflectance and the theoretical derivation of vegetation indices with and without the water film disturbance.
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FieldSpec 3 spectroradiometer (Analytical Spectral Devices, Boulder,
CO, USA). Subsequently, we collected Aspen leaf samples and measured
their spectra, both with and without water film, using a leaf clip with an
internal halogen light source attached to a plant probe. We also collected
dry and wet soil samples below the location of the Aspen samples and
measured their corresponding spectra with a soil probe (Fig. 3(a)). On
the day of sampling and measurements, the weather was mostly sunny
with occasional cloud cover, no rain, and 32-48 % humidity. All spectral
measurements were taken in triplicate with similar results.

Additionally, on November 3, 2024, we conducted an indoor
experiment with a miniature Pachira aquatica landscape to simulate five
rainfall levels: dry (0 mm), small (10 mm), moderate (25 mm), large (50
mm), and extreme large rainfall (200 mm). We used an ASD FieldSpec 4
spectroradiometer to measure the leaf and soil spectra, observing the
impact of varying rainfall levels on these components.

2.2.2. LESS model simulations

To investigate the effect of water on vegetation at different densities,
we employed the LESS model (Qi et al., 2019, 2022) to construct Aspen
monocultures with varying LAIs ranging from 0 to 7 with increments of
0.25. Bidirectional reflectance factors (BRFs) for pre/post-precipitation
scenarios were simulated based on the measured component spectra of
dry and wet Aspen leaves and soil, utilizing a leaf clip attachment and
soil probe (Fig. 3(b)). To create realistic forests, the individual tree
model (OBJ format file) of Aspen was generated using OnyxTREE soft-
ware (https://www.onyxtree.com/). The simulated scenes measured 30
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m by 30 m, with Aspen trees uniformly distributed. The solar azimuth
angle (SAA), view azimuth angle (VAA), and view zenith angle (VZA)
were all set to 0°, while the solar zenith angle (SZA) was set to 30°. All
simulations were conducted at 2 nm intervals across the 400-1000 nm
range. We combined the spectral response functions (SRFs) of the
Sentinel-2 Multispectral Instrument (MSI) sensor with the simulated
continuous spectrum to calculate broadband reflectance.

2.2.3. UAV imagery acquisition

The rainfall record at Hailai Station indicated that the short-term
rainfall event began at 20:20 on July 24, 2024, and ended at 9:00 on
July 25, accumulating 35 mm. UAV hyperspectral images before and
after rainfall were captured using an X20P-IR hyperspectral imager
(Cubert GmbH, Ulm, Baden-Wiirttemberg, Germany) mounted on the
DJI M300RTK UAV platform (SZ DJI Technology Co., Shenzhen, China)
(Fig. 3(c)). The device captures hyperspectral images across over 160
spectral channels, covering the 350-1000 nm range at high speed. Its
high-performance sensor minimizes noise, and the dual GigE camera
interface supports a frame rate of up to 5 Hz (1886*1886 pixels/frame).
The pre-precipitation image was captured at 10:15 on July 24, 2024,
with SZA/SAA of 54.7°/115.6°, respectively. The post-precipitation
image was taken at 13:14 on July 25, 2024, with SZA/SAA of 65.7°/
215.4°. The UAV flew at an altitude of 100 m, with a heading overlap of
80 % and a side overlap of 70 %.
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Fig. 3. Flowchart of adopted research methodology. (a) Ground-based measurements involved using an ASD spectrometer to capture outdoor low-canopy, soil, and
leaf spectra in dry and wet conditions, as well as indoor soil and leaf spectra under simulated rainfall. (b) A 3D RT model simulates wet and dry Aspen monocultures
with varying LAIs using outdoor measurements of Aspen leaf and soil spectra. (¢) UAV hyperspectral measurements were taken at Huailai on July 24, 2024, before
and after a short-term precipitation event. (d) Satellite data were analyzed for comparisons before and after the rain and for time-series mutation tests. VI_n denotes

the vegetation index for a specific day.
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2.2.4. Satellite observations

The satellite images of NDVI and enhanced vegetation index (EVI)
(Huete, 1997) were generated using reflectance datasets MOD09GA
(https://Ipdaac.usgs.gov/products/  mod09gav061/)  from  the
moderate-resolution imaging spectroradiometer (MODIS) for the period
spanning June 1, 2020, to July 31, 2020. Two sets of VI images, one with
water film disturbance and the other without, were captured within a 8-
day time window to ensure consistent true greenness (Fig. 3(d)). We
randomly selected five global plots representing different vegetation
ecosystems — forests, savannas, grasslands, croplands, and shrublands.
These plots, located between —27.29° and 41.96°N latitude and 84.61°
and 121.67°E longitude, span temperate, tropical, and subtropical cli-
mates with diverse precipitation patterns. This selection ensures spatial
representativeness and global reliability of the results. To evaluate the
impact of rainfall on vegetation greenness over time, we performed a
time-series mutation analysis on the June 2020 VIs time series and the
cumulative rainfall data from the preceding day at a randomly selected
point within the Australian shrublands.

Land cover data were sourced from the MODIS MCD12Q1 product
(Sulla-Menashe and Friedl, 2022), which provides an annual land cover
classification map with a spatial resolution of 500 m. Daily rainfall data
were derived from the ECMWF ERAS5 datasets (https://www.ecmwf.
int/en/forecasts/dataset/ecmwf-reanalysis-v5), which provide aggre-
gated precipitation values for each day. To enhance data credibility,
several quality control procedures were applied to detect and discard
poor-quality data. Land cover maps were used to restrict the study area
to vegetation pixels only. The quality assurance (QA) band identified
and removed poor-quality observations, such as clouds, cloud shadows,
and adjacent masks of clouds and snow. Additionally, we considered
only pixels acquired at VZAs below 40°.
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3. Results
3.1. Ground-measured results

Ground-based measurements of canopy spectra show that for all
vegetation types, the spectral characteristics of the canopy change with
and without water film (Fig. 4). In the VIS-NIR spectral region, the
wavelengths exhibiting the most pronounced variations in reflectance
between dry and wet conditions are all located in the NIR bands (996 nm
for peach, 893 nm for pine, 947 nm for corn, and 999 nm for grass), with
corresponding differences of 0.13, 0.06, 0.06, and 0.18, respectively. In
the VIS domain, the largest difference in canopy reflectance between dry
and wet conditions was only 0.02 (peach, 549 nm).

The comparison of spectral reflectance of leaf and soil components
across various rainfall classes reveals that the spectral reflectance of
these components significantly decreased across all bands following
rainfall, with spectral differences tending to saturate as rainfall
increased (Fig. 5). The extreme difference (maximum reflectance —
minimum reflectance) for leaves across different rainfall levels was
highest in the NIR band, approximately 0.12, and lower in the visible
and short-wave infrared (SWIR) bands, all below 0.08. For soil, the
extreme difference in the NIR band was also about 0.12, with even
greater differences in the SWIR band, reaching up to 0.25. The spectral
reflectance of both leaves and soil approached saturation as rainfall
levels increased, with leaves reaching saturation more rapidly than soil.
This difference in saturation behavior can be attributed to the con-
trasting water-holding capacities of leaves and soil. Leaves, with their
relatively limited surface area and internal structure, reach their
maximum water retention capacity more quickly than soil, which,
depending on its texture and composition (e.g., clay content, organic
matter), can absorb and retain a significantly larger volume of water
before reaching saturation.
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Fig. 4. Canopy spectral reflectance with and without water film disturbance, as measured on the ground using a hand-held ASD FieldSpec 3 Hi-Res portable object

spectroradiometer.
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3.2. Simulated results

Fig. 6 displays the component spectra, simulated canopy BRFs, and
Sentinel-2 MSI reflectance for Aspen monocultures across various LAI
scenarios, comparing dry and wet conditions. Wet leaf/soil reflectance
was significantly lower than dry conditions across all bands, with the
most pronounced reduction in the NIR band. Under the same LAI con-
ditions, the BRFs of dry Aspen consistently exceed those of wet Aspen.
The differences between wet and dry conditions were particularly pro-
nounced in the NIR, Red-edge 2, and Red-edge 3 bands. Paired reflec-
tance points (dry vs. wet canopy) across bands consistently plot below
the 1:1 line; with increasing LAI, reflectance approaches saturation, and
the disparity between wet and dry conditions diminishes. This phe-
nomenon is likely due to the dominant influence of soil water on canopy
characteristics in sparse canopies, while leaf surface water plays a more
critical role in dense canopies.

3.3. UAV results

The UAV hyperspectral imaging results reveal a marked decrease in
spectral reflectance for both Aspen and Corn plots after rainfall,
particularly in the NIR band (Fig. 7). Reflectance at 678, 478, and 802
nm, as shown in the paired density scatter plots comparing pre- and post-
rainfall conditions, typically falls below the 1:1 line. Rainfall offsets the
NIR reflectance change by about 0.1, underscoring its substantial in-
fluence on vegetation’s spectral properties.
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Fig. 6. Input data for the LESS model and simulation results include: (a) the optical properties of leaf, bark, and soil components of an Aspen stand, measured on the
ground; (b) canopy spectral reflectance of Aspen monocultures under dry and wet conditions, simulated using the LESS model; (c) simulated Sentinel-2 MSI
reflectance for both wet and dry Aspen scenes.
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3.4. Satellite observed results

By comparing the VIs images affected and not affected by short-term
heavy rainfall, it can be observed that for all vegetation types, the VIs
values show a significant decrease post-precipitation, with NDVI being
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more affected (Fig. 8). The reduction of EVI and NDVI by short-term
heavy rainfall can even exceed 0.3 in some pixels. In addition, we
found that rainfall also affects the spatial heterogeneity of the canopy
greenness and that different VIs affect it to different extents. Fig. 9 shows
that the precipitation events occurring on June 11, 12, and 18
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Fig. 9. Comparison of the time series of NDVI and EVI for one point in the shrub sample plot in June 2020 with the time series of cumulative rainfall during the

previous day.

substantially contributed to the underestimation of NDVI and EVI, with
similar levels of underestimation (NDVI decreasing by about 0.3 and EVI
by about 0.15) on each day. This indicates that even non-intense pre-
cipitation can notably decrease the greenness of low canopy like
shrublands.

4. Discussion

This study combined ground, UAV, 3D RT simulation, and satellite
data to assess the effects of water films on observed signals of vegetation
across scales. Ground-based measurements revealed spectral changes in
leaf/soil components and low canopies, while UAV and satellite data
provided landscape-level insights. Although the general trends observed
across these scales were consistent (i.e., decreased spectral reflectance
and VI values after rainfall), the magnitude of these changes varied. For
instance, the maximum reduction in NIR reflectance observed at the leaf
level was more pronounced than the changes observed in the UAV
observation, which may be attributed to several factors, including dif-
ferences in rainfall amount, observational conditions and sensor, scale
effect, and mixed-pixel problem.

While water film as an unavoidable environmental factor, exerting
both systematic and random effects on vegetation greenness, is easy to
understand, current ecological research often ignores this bias, poten-
tially leading to erroneous conclusions or misinterpretations. Only
strikingly fewer studies pointed out in the discussion that the presence of
a water film on leaf surfaces may decrease greenness estimates because
water reflects strongly in red (blue) relative to NIR (Samanta et al.,
2012). Our findings reveal that the presence of a water film can lead to a
significant 0.3 decrease in NDVI (a regional average decrease of over 25
%), which is considerably more pronounced than the approximately 5 %
NDVI reduction caused by drought (Chen et al., 2019b). However, in
vegetation greenness trend analyses, VIs fluctuations are typically
attributed to vegetation physiography or atmospheric artifacts,
neglecting the influence of water storage at the canopy-soil interface.

Rainfall-induced water films introduce systematic and random biases
into various aspects of vegetation monitoring. First, rainfall phenology
may affect the observed greenness phenology. For example, tropical
regions are generally divided into wet and dry seasons. During the wet
season, the contribution of rainfall signals is greater, which may lead to
an underestimation of the observed greenness, which in turn misinter-
pret the greenness difference between the dry and wet seasons. Sec-
ondly, rainfall phenology varies considerably in different regions,
resulting in spatial differences in greenness observation conditions,
which may amplify the spatial heterogeneity of greenness monitoring.

Furthermore, variations in the attributes of rainfall events, such as
rainfall depth, duration, and inter-event intervals, significantly influ-
ence the degree of water impact on vegetation greenness, especially on a
diurnal cycle. Climate change is projected to increase precipitation
variability globally (Feldman et al., 2024a, 2024b; Konapala et al.,
2020). Regions with distinct wet and dry seasons are expected to
experience amplified fluctuations between precipitation and evapo-
transpiration, while areas with consistent rainfall throughout the year
may face intensified wet seasons. This increased variability will exac-
erbate the interference of water films on VIs, highlighting the necessity
of quantifying, modeling, and ultimately mitigating this phenomenon.

While the present study has elucidated the impact of water film on
canopy reflectance and VIs from a mechanistic standpoint and verified
this hypothesis through ground measurements, RTM simulations, UAV,
and satellite observations, there are limitations in both the theoretical
derivation and the validation processes. In the theoretical analysis, we
used the position of the narrow band instead of the wide band when
setting the reflection-absorption angle, concluding that DVI, NDVI, and
SR that incorporated both VIS-NIR bands would decrease due to water
effects. However, the bandwidth and mathematical form could sub-
stantially affect VI values and patterns (Gao et al., 2023; Liang et al.,
2020). Ground-based measurements can be optimally integrated with
data obtained from UAVs to provide a broader perspective. As for sat-
ellite observations, unlike ground measurements and simulations that
can control variables effectively, it is difficult to completely remove
atmospheric effects even with strict quality control (Christensen et al.,
2017). Therefore, it is difficult to interpret whether the greenness bias
observed by satellites is the effect of canopy water film or water vapor,
aerosol, and thin clouds. Additionally, our assumptions do not consider
alterations in the actual greenness of the surface attributable to pre-
cipitation events; e.g., substantial rainfall may disrupt the canopy
structure, and vegetation regulates internal physiological systems and
pigment content instantly in response to a short-term precipitation
event. In the future, a larger sample of UAV data, geostationary satellite
data and RT modeling with the raindrop introduction would be helpful
in better quantifying the short-term effects of rainfall on vegetation
greenness.

The challenge for our study is to quantify the effect of rainfall-
induced water film on greenness. The interception process of canopy
and litter trapped in the underlying surface consists of three phases: the
dampening phase, the steady saturation phase, and the post-rainfall
drainage phase, and their durations vary considerably (Li et al., 2016).
Furthermore, the interception was in turn controlled by three sets of
variables: (1) rainfall characteristics, such as rainfall intensity and total
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precipitation; (2) canopy structural characteristics, such as leaf area and
leaf morphology; (3) meteorological parameters, such as wind speed,
relative humidity (Gerrits and Savenije, 2011). These circumstances
make interpreting the water film effect based on satellite observations
practically impossible. Using imagery data from multiple sunny days can
mitigate the impact of water films on remote sensing signals, but this
strategy becomes unavailable when studying ecological phenomena at
small spatial and temporal scales. There is an urgent need to develop
new VI that are insensitive to water films yet capable of reflecting
vegetation greenness. Combining a vegetation RT model coupled with
water droplets with a watershed hydrological process simulation model
may be a feasible solution.

5. Conclusions

This short communication uncovered the phenomenon that rainfall-
caused water film on the canopy surface biases remotely-sensed vege-
tation greenness. By integrating ground-based spectral measurements,
three-dimensional (3D) radiative transfer (RT) simulations, unmanned
aerial vehicle (UAV) measurements, and satellite observations, we have
demonstrated that residual water significantly influences the canopy
spectral characteristics and, consequently, the derived vegetation
indices (VIs). The findings indicate that the decrease in post-
precipitation VIs is primarily attributed to the differential attenuation
of visible and near-infrared reflectance by the remaining water film on
vegetation organs and soil. Our study also underscores the importance of
considering the spatial and temporal variability of rainfall in assessing
vegetation greenness. In future research, we would continue to quantify
the water film effect on canopy greenness to enhance the precision and
reliability of global vegetation dynamics monitoring.
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