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Abstract—Vegetation water content (VWC) is a crucial pa-
rameter for understanding vegetation dynamics and hydrological
cycle on Earth. With rapid climate changes in recent years, mon-
itoring VWC with high spatiotemporal coverage on a global scale
is of paramount importance. Yet, traditional in situ measurements
are constrained in remote and densely vegetated regions. Addi-
tionally, existing spaceborne remote sensing methods face chal-
lenges due to poor cloud penetration capabilities, soil moisture
interference, and inadequate temporal resolution. Spaceborne
global navigation satellite system reflectometry (GNSS-R) has
demonstrated promising potential to overcome these limitations
in vegetation monitoring. In this study, we propose a scheme
for deep learning-based GNSS-R VWC assessment, leveraging a
rapidly growing amount of GNSS-R data with an unprecedented
sampling rate. We introduce a triplet dataset, which consists of
measurements from the cyclone GNSS (CYGNSS), global land
data assimilation system (GLDAS), and soil moisture active pas-
sive (SMAP), spanning over three years. Validation is performed
using several benchmark models with the proposed dataset. Fur-
thermore, the models’ predictive uncertainty is quantified with
Monte Carlo (MC) dropout technique to provide a trustworthy
representation of estimations. Experimental evaluation of the
models demonstrates good consistency between the estimated
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VWC and ground truth, with a minimum root mean square
deviation (RMSD) of 1.0988 kg/m2 and a bias of 0.002 kg/m2

over a twelve-month test period. Moreover, a daily global VWC
estimation is achieved through the proposed pipeline, filling
the gaps of current products and enabling rapid measurements
with enhanced temporal availability. We will make the proposed
dataset publicly available.

Index Terms—CYGNSS, Dataset, Deep learning, Earth obser-
vation, GNSS reflectometry (GNSS-R), Uncertainty, Vegetation
water content

I. INTRODUCTION

As a critical component of Earth’s ecosystems, vegetation
contributes to hydrological and carbon cycles, supports bio-
diversity conservation, and maintains ecosystem stability. It
aids in mitigating the greenhouse effect and global warm-
ing while also providing essential functions such as soil
stabilization and water purification. However, recent climate
changes and extremes raise significant concerns regarding
their adverse impacts on vegetation dynamics, resulting in
heightened vulnerability of ecosystems [1]. Hence, monitoring
dynamics and variations in terrestrial vegetation on a global
scale is of great interest to researchers and stakeholders, as it
offers valuable insights into ecological processes and informs
adaptive management strategies for sustainable development.

By summarizing the total amount of liquid water contained
within the foliage and stems of vegetation, vegetation water
content (VWC) is one of the most important parameters for
understanding vegetation properties. Due to its strong corre-
lation with transpiration and vegetation drought conditions,
VWC can be utilized to infer water stress, detect wildfires, and
assess drought events [2], [3]. Considering its significance for
vegetation dynamics studies, rapid and accurate estimations of
VWC with extended spatial coverage and temporal availability
are therefore of paramount importance.

As traditional in situ measurements are limited in remote
and densely vegetated regions, numerous efforts have been
made to monitor vegetation variables related to VWC from
different spaceborne remote sensing platforms. With optical
remote sensing, normalized difference water index (NDWI),
leaf area index (LAI), and normalized difference vegetation
index (NDVI) derived from Landsat and moderate resolution
imaging spectroradiometer (MODIS) reflectance data are used
to quantify the water content of the canopy [4], [5]. Radar
backscatter observations from microwave remote sensing are
further employed to estimate VWC and vegetation optical
depth (VOD) variations in different regions [6], [7], [8], [9].



2 SUBMIT TO IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, 2025

Moreover, LiDAR data collected from global ecosystem dy-
namics investigation (GEDI) and ICESat-2 have been utilized
to produce vegetation variables [10], [11]. Nonetheless, these
methods are often limited by poor cloud penetration capabili-
ties, soil moisture interference, and low temporal resolution.

Emerging as a novel remote sensing technique, global
navigation satellite system reflectometry (GNSS-R) opens up
possibilities for estimating VWC that can address the afore-
mentioned challenges. The retrieval of VWC from GNSS-
R measurements is based on analyzing the effective L-band
reflectivity of reflected GNSS signals. This reflectivity over
land is influenced by surface roughness, vegetation scattering
effects, and Fresnel reflection coefficients. As GNSS signals
traverse vegetation layers, their energy is attenuated both
during transmission to and reflection from the ground. The
extent of this attenuation depends on vegetation density and its
dielectric properties, which are controlled by the vegetation’s
moisture level. While the physical mechanisms underpinning
this process are available [12], few studies have explored VWC
retrieval using GNSS-R measurements, with most research fo-
cusing on vegetation detection rather than mapping vegetation
moisture levels.

Over the past decade, the GNSS-R community has placed
a growing interest in vegetation-related parameter retrieval
[13], [14]. Several studies start from ground-based GNSS-R
measurements with theoretical methods. In [15], vegetation
effects on reflected GNSS signals are evaluated utilizing
signal-to-noise ratio (SNR) observations. Experiments show
that NDVI is inversely correlated with signal magnitude. With
up-looking and down-looking vertical polarized antennas, co-
herently added reflected signals are used to obtain vegetation
height retrievals in a field campaign [16]. Another walnut-tree
field investigation calculates attenuation differences between
GNSS signals received from the open sky and under vegetation
[17]. VWC is then derived as a function of differential
attenuation and LAI over an 11-month campaign period.
Moving towards airborne GNSS-R vegetation remote sensing
experiments, researchers demonstrate the usage of polarimetric
measurements for plant water inversion in agricultural ap-
plications [18]. Carreno-Luengo et al. [19] perform empiri-
cal studies with GNSS-R receivers onboard 17 stratospheric
balloons over boreal forests. Experimental results hint that
reflected signal intensity is roughly independent of platform
height for a high coherent integration time (20ms), and the
coherent scattering component is attributed to canopy and soil.
In addition, theoretical simulations of the scattering coeffi-
cient, polarization scattering mechanism, and cross-polarized
reflectivity of vegetation are investigated in [20], [21], and
[22], respectively. These pioneering efforts have established a
theoretical foundation for vegetation monitoring using GNSS-
R observations.

Further advancements have been achieved with spaceborne
studies, given the success in ground-based and airborne GNSS-
R vegetation monitoring. Utilizing L-band signals, GNSS-R
satellites can operate under all weather conditions around the
clock, which is particularly beneficial in regions with dense
cloud coverage. With low-mass, cost-effective, and power-
efficient small satellites, GNSS-R constellations can achieve

sub-daily revisit time over different locations on Earth and
provide timely observations [23]. Camps et al. [24] first
employ spaceborne GNSS-R data from TechDemoSat-1 (TDS-
1) to analyze signals’ sensitivity with respect to NDVI. Based
on the impact of vegetation attenuation, this study reveals the
potential of vegetation monitoring from space despite footprint
heterogeneity. Similarly, above-ground biomass (AGB) shows
a pronounced effect in GNSS-R signatures by tuning soil mois-
ture active passive (SMAP) satellite dual-polarization radar re-
ceiver to GPS L2 frequency (1227.6MHz) [25]. Subsequently,
the successful launch of the cyclone GNSS (CYGNSS) con-
stellation [26] has enabled monitoring vegetation parameters
with improved spatiotemporal coverage. In the development of
a novel CYGNSS-based daily soil moisture inversion method,
Kim et al. [27] reveal that VWC, especially in densely vege-
tated regions, can significantly affect soil moisture estimation
due to signal scattering and attenuation. Carreno-Luengo et al.
initially explore the relationship between CYGNSS GNSS-
R bistatic reflectivity and vegetation opacity [28], followed
by deriving a polynomial function of trailing edge for AGB
retrieval over tropical forests [29]. Furthermore, Yueh et al.
[12] propose a semiempirical model to map the interaction
between soil moisture, VWC, and surface roughness with
CYGNSS reflectometry measurements.

More recently, deep learning has been garnering increasing
attention in various remote sensing applications, owing to its
powerful ability to learn underlying mappings between differ-
ent geophysical parameters [30], [31]. With current existing
constellations (e.g., CYGNSS and PRETTY (Passive REflec-
TomeTry and dosimetrY) [32]) and an increasing amount of
future missions (e.g., HydroGNSS [33]), millions of GNSS-
R observations are made available each day. Thus, there
is a growing trend among researchers to utilize data-driven
approaches to fully exploit the potential of Earth’s surface
monitoring with GNSS-R data. Several studies have leveraged
this synergy for applications including wind speed estimation
[34], [35], [36], soil moisture retrieval [37], [38], and sea ice
detection [39], [40]. In terms of vegetation monitoring with
GNSS-R measurements, a few studies have employed artificial
neural networks (ANNs) to retrieve vegetation parameters with
GNSS-R measurements. By combining equivalent reflectivity,
SNR, incidence angle, and geolocation in a feature set, the
authors utilize an ANN model to estimate AGB and tree height
over five forest locations [41]. Chen et al. [42] further enrich
the feature set of ANN models with SMAP soil moisture
for AGB and canopy height estimation. To harness the full
potential of deep neural networks, recent research efforts
tend to either integrate full delay-Doppler maps (DDMs) to
preserve valuable features or incorporate additional sources of
information to enhance vegetation monitoring based on GNSS-
R observables [43], [44], [45]. Recently, Asgarimehr et al.
[46] investigate diurnal VWC cycles in the Amazon and their
response to water stress. Using high-frequency observations
from the CYGNSS constellation, the research reveals signif-
icant diurnal fluctuations in VWC, with higher values in the
morning compared to the evening, reflecting the processes of
water uptake and transpiration. As a result, GNSS-R-derived
VWC is proposed as an indicator of water stress, providing
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Fig. 1. Schematic of measurements incorporated to build CGS dataset: cyclone GNSS (CYGNSS), global land data assimilation system (GLDAS), and soil
moisture active passive (SMAP). A GNSS satellite acts as a transmitter (Tx), transmitting L-band signals from a right-hand circular polarization (RHCP)
antenna towards the land surface. Partially reflected signals-of-opportunity (left-hand circular polarization (LHCP) waves) at the specular point are perturbed
by vegetation attenuation and are received by a receiver (Rx), i.e., a CYGNSS satellite. The symbol θ denotes the signal incidence angle. SMAP radiometer
relies on passively sensed brightness temperatures, whereas GLDAS assimilates satellite observations with land surface models.

better insights into forest responses to increasing aridity in a
changing climate. However, the timely estimation of global
VWC variations based on GNSS-R measurements has yet
to be thoroughly investigated. Besides, given the highly ill-
posed nature of GNSS-R-based vegetation monitoring due to
complex signal scattering, the absence of a comprehensive and
readily accessible large-scale dataset hinders the exploration of
potential interactions among different factors and parameters.
While most existing studies apply GNSS-R data in combina-
tion with ancillary datasets for deep learning-based retrieval
tasks, these efforts are often ad hoc and lack standardized
quality control and spatiotemporal alignment.

To this end, we propose the first large-scale triplet dataset,
termed CGS dataset, which integrates measurements from
the CYGNSS, global land data assimilation system (GLDAS)
[47], and SMAP [48] missions for deep learning-based
GNSS-R VWC estimation. The first letters of the CYGNSS,
GLDAS, and SMAP missions collectively constitute the
“CGS” acronym. Fig. 1 depicts a schematic of the different
data sources in the CGS dataset and the CYGNSS measure-
ment principle. As demonstrated in our experiments, several
deep learning models prove the feasibility of utilizing the
proposed dataset to retrieve VWC globally. More specifically,
the contributions of this work are threefold:

1) We build the first large-scale dataset to facilitate deep
learning-based GNSS-R vegetation monitoring. With a
timespan of over three years, observations from the
CYGNSS, GLDAS, and SMAP missions are aggregated,
filtered, and collocated with standardized quality control
and spatiotemporal alignment. The CGS dataset includes
variables that describe reflected signal characteristics,
surface attributes, and hydrological parameters to sup-
port reproducibility and enable further analyses.

2) We benchmark the task of VWC estimation using several
widely applied deep learning methods within the GNSS-
R community. By employing the CGS dataset, we val-
idate the effectiveness of deep learning-based GNSS-R

VWC estimation through comprehensive studies.
3) We quantify the model uncertainty for all benchmarked

methods to provide a trustworthy representation of the
estimated VWC. In situations where ground truth VWC
data are unavailable, uncertainty measurements provide
a confidence level of the model predictions.

II. CGS: A TRIPLET DATASET FOR GNSS-R VWC
ESTIMATION

To address the lack of large-scale datasets and foster al-
gorithmic innovation, we propose the triplet CGS dataset for
deep learning-based GNSS-R VWC estimation. To the best of
our knowledge, this represents a pioneering effort in creating a
large-scale benchmark dataset for deep learning-based GNSS-
R vegetation monitoring. Fig. 2 provides an overview of
the data extraction, filtering, and collocation process. The
construction of the proposed dataset is detailed as follows.

A. Data sources

1) CYGNSS: Launched in late 2016, NASA’s CYGNSS
mission represents the first small satellite constellation ded-
icated to GNSS-R applications. The primary purpose of the
mission is to monitor tropical cyclones by analyzing reflected
GPS signals as signals-of-opportunity. Beyond its baseline
science objectives, recent studies demonstrate the capability
of CYGNSS for various terrestrial applications. Although the
temporal revisit frequency over land is generally longer than
the mean revisit time over ocean surfaces (∼7 h), CYGNSS
allows more frequent vegetation monitoring compared to other
spaceborne remote sensing platforms with signatures over the
tropics and subtropics.

As a fundamental component for the proposed CGS dataset,
we choose CYGNSS L1 science data record version 3.1 from
July 2019 to December 2022 [49]. Since July 2019, the
CYGNSS sampling rate has been increased from once per
second to twice per second, effectively reducing along-track
beam smearing and enabling a theoretical maximum of 64
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TABLE I
VARIABLE SELECTION OF THE PROPOSED CGS DATASET FROM DIFFERENT SOURCES: CYGNSS, GLDAS, AND SMAP. THE NAMING CONVENTIONS

AND UNITS OF THE VARIABLES FOLLOW THE ORIGINAL SOURCE CONFIGURATIONS.

Sources Variables

CYGNSS brcs, power analog, raw counts, eff scatter, sp rx gain, gps eirp, ddm snr, gps ant gain db, gps tx power db,
tx to sp range, rx to sp range, sp inc angle, sp lat, sp lon, date, prn code, spacecraft num

GLDAS SoilMoist S tavg, lat, lon, date, AvgSurfT tavg*, CanopInt tavg*, ECanop tavg*, ESoil tavg*, Evap tavg*,
TVeg tavg*

SMAP bulk density, clay fraction, radar water body fraction, roughness coefficient, latitude, longitude, date, vegeta-
tion water content▲, soil moisture*, surface temperature*, vegetation opacity*

▲ Target variable.
* Unused variables for VWC estimation with the CGS dataset, made available for further scientific analyses.

CYGNSS data GLDAS data SMAP data

Ancillary

sp_rx_gain,
ddm_snr,
inc_angle,

...

DDMs

brcs,
power_analog,

raw_counts,
eff_scatter

Ancillary

Surface
soil moisture

(0 – 2 cm)

Ancillary
bulk_density,
clay_fraction,

...

Exclude 
samples

Averaging 
AM/PM

Quality control and filtering

Collocated CGS dataset

Match
found?

Spatiotemporal matching
Search window: 0.1°

Time window: same-day match

No

Select
“nearest neighbors”

Yes

Fig. 2. Workflow for data extraction, quality control, and collocation. Delay-
Doppler maps (DDMs) and ancillary parameters from CYGNSS, GLDAS,
and SMAP are first extracted and filtered. Spatiotemporal matching is then
performed using a 0.1◦ search window within the same date. For each
CYGNSS sample, the nearest neighboring samples from GLDAS and SMAP
are selected to curate the CGS dataset.

observations per second across the entire constellation [50].
Moreover, improved calibration and adjustments have been
applied to version 3.1 data, e.g., normalized bistatic radar
cross section (NBRCS) calibration, science antenna pattern
adjustment, and coarse quantization effects correction.

DDM is one of the most important GNSS-R observables.
Four types of CYGNSS DDMs (namely, DDM BRCS, the
corresponding effective scattering area, analog power, and raw
counts) are selected and concatenated depth-wise to create
three-dimensional (3D) volumetric data for each specular
point, where the abscissa and ordinate represent the Doppler
and delay dimensions of DDMs, respectively. In terms of
per-DDM variables that specify spacecraft configurations, ge-
ometries, and characteristics of incident and reflected signal
intensities, we choose thirteen different variables available

from the L1 science data record. These variables are selected
based on theoretical and empirical studies to constitute an
ancillary parameter set. For instance, we include variables
crucial for deriving the total power (Pr) of GNSS signals
scattered near the specular direction, which is determined by
the sum of two terms as follows:

Pr =

(
λ

4π

)2
PtGtGr

(Rts +Rsr)2
Γ(θi) +

λ2

(4π)3
PtGtGr

R2
tsR

2
sr

σ, (1)

where the former term represents coherent reflection for bare
and slightly rough surfaces, and the latter denotes incoherent
reflection by rough or densely vegetated surfaces [19], [51].
The presence of vegetation attenuates and scatters the GNSS
signal both before it reaches the ground and after it is reflected
back to the receiver [52]. Thus, the scattering and level of
attenuation of the reflected signals can be used to estimate
VWC. λ is the wavelength of the GPS L1 signal (19.05 cm);
PtGt is GPS effective isotropic radiated power (EIRP); Gr

represents antenna gain toward the specular point; R denotes
the distance, and the t, r, s subscripts represent the GPS trans-
mitter, CYGNSS receiver, and the specular point, respectively.
Also, the coherent reflectivity Γ and vegetation attenuation are
dependent on incidence angle (θi) [12]. σ denotes the BRCS
of rough surfaces and vegetation in m2. Temporal and spatial
information of the specular point is further included to pro-
vide seasonal and regional behaviors. Additionally, CYGNSS
spacecraft number and GPS pseudorandom noise (PRN) code
are considered to alleviate inter-satellite variances, GPS block
type differences, and intentional changes (i.e., “flex power”)
based on time and location. The selected DDMs and variables
enable a joint representation of signals’ characteristics to foster
correlation studies for VWC estimation. A detailed summary
of these observations is provided in the corresponding row of
Table I.

2) GLDAS: Previous studies demonstrate that the CYGNSS
effective reflectivity strongly depends on surface soil moisture
over land [27]. As L-band signals penetrate into the soil and
reflect off the Earth’s surface, the intensity of reflected signals
varies depending on the soil’s dielectric constant, which is a
function of soil moisture. Consequently, soil moisture interfer-
ence inevitably affects the retrieval of vegetation parameters
using reflected signals [53]. In this study, we consider soil
moisture as a primary measurement for enhancing the ability
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Fig. 3. Average collocation distance between CYGNSS samples and the nearest GLDAS/SMAP neighbors. Histograms show the number of samples per bin
as a function of latitude (1◦ bins) and longitude (5◦ bins).

TABLE II
SUMMARY OF AVERAGE AND STANDARD DEVIATION OF COLLOCATION DISTANCES BETWEEN CYGNSS AND GLDAS/SMAP DATA. DISTANCES ARE

CALCULATED AFTER SPATIOTEMPORAL MATCHING USING A 0.1◦ SEARCH WINDOW.

Collocation statistics Absolute latitude range Absolute longitude range

0◦–10◦ 10◦–20◦ 20◦–30◦ 30◦–40◦ 0◦–60◦ 60◦–120◦ 120◦–180◦

CYGNSS–GLDAS mean (km) 8.47 8.34 8.07 7.80 8.16 8.05 8.08
CYGNSS–GLDAS std (km) 3.17 3.11 3.03 2.95 3.08 3.04 3.06

CYGNSS–SMAP mean (km) 3.52 3.50 3.45 3.53 3.50 3.50 3.52
CYGNSS–SMAP std (km) 1.36 1.35 1.31 1.31 1.33 1.32 1.36

of deep learning models to learn the underlying mapping
between the input data and VWC labels.

To achieve a higher temporal resolution of VWC estimation,
daily surface soil moisture observations are extracted from
GLDAS-2.2 L4 data product with a 0.25 × 0.25 degrees
grid resolution [54]. GLDAS integrates extensive satellite and
ground-based data with data assimilation methods to derive
land surface models globally. The data is available from
the NASA Goddard Earth Sciences Data and Information
Services Center (GES DISC). For building the CGS dataset,
we incorporate soil moisture in surface (0–2 cm) and several
supplementary variables to facilitate further studies on vege-
tation moisture fluctuations and hydrological cycle dynamics,
e.g., average surface skin temperature in K, transpiration and
canopy water evaporation in kg/(m2 s) (see Table I). Temporal
distribution of the selected GLDAS samples aligns with the
CYGNSS data timespan. Moreover, longitude and latitude data
are retained to enable collocation.

3) SMAP: The SMAP mission aims to improve the under-
standing of Earth’s hydrological and carbon cycles by tracking
surface soil moisture and freeze-thaw state. It provides global
coverage every 2–3 days with its primary measurements and
other scientific parameters. As an essential ancillary variable
for the SMAP mission, VWC is calculated by combining
NDVI foliage water content estimation and annual NDVI

extremes [55], given by:

VWC = (1.9134× NDVI2 − 0.3215× NDVI)

+ γs ×
NDVImax − NDVImin

1− NDVImin
, (2)

where γs is the stem factor. Here, MODIS measurements
are employed to derive the NDVI values and stem factors
associated with different land cover types. Furthermore, since
the relative amplitudes of coherent and incoherent scattering
in CYGNSS reflected signals are affected by surface dielectric
properties and surface roughness, we also include variables
such as bulk density, clay fraction, and roughness coefficient.
For bulk density and clay fraction, SMAP utilizes global
soil property datasets such as harmonized world soil database
(HWSD), whereas surface roughness coefficient is estimated
using the tau-omega model to account for surface scattering ef-
fects [56]. These variables are extracted from SMAP enhanced
L3 9 km equal-area scalable earth grid (EASE-Grid) version 5
product from July 2019 to December 2022 [57]. Considering
the existing multipath effects near water bodies, the fraction of
water pixels within each EASE-Grid cell is considered to mit-
igate potential errors. It is important to note that SMAP daily
measurements contain ascending and descending overpasses.
For a given grid with multiple measurements, daily averaged
values of selected variables are assigned to the corresponding
locations. In addition, we include further variables such as
surface temperature and vegetation opacity from the mission.
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B. Quality control

With millions of data samples available daily, an automated
quality control workflow is critical to alleviate potential trans-
mission issues, calibration errors, and atmospheric effects. As
deep learning methods are data-driven, high-quality measure-
ments help the models to learn a precise representation of the
data and enhance the ability to identify correlations among
different variables. Therefore, several filtering criteria based
on quality flags and empirical studies are applied to remove
unreliable observations.

For CYGNSS measurements, we follow quality control
steps of previous efforts for GNSS-R inland application [37],
but with more rigorous conditions. Firstly, only measurements
with nano star tracker attitude status as “OK” are retained.
Quality flags provided by L1 products are further used to filter
the remaining data, including “black-body DDM”, “DDM in
test pattern”, “low confidence in GPS EIRP estimation”, “S-
band transmitter powered up”, “radio frequency interference
(RFI) detected”, and “incorrect ddmi antenna selection” [58],
[59]. Afterward, observations are filtered out with empirical
thresholds. To minimize geometric effects on GNSS-R signal
reflectivity, many previous studies apply an upper threshold
of 60◦ for incidence angle. Here, we retain observations with
incidence angles up to 70◦ to preserve more daily samples
and enable the analyses of model behavior near boundary
conditions. This allows for broader data coverage and supports
further research on the impact of extreme geometry on retrieval
quality. We remove the data with a receive antenna gain in
the direction of the specular point and a direct SNR that
are smaller than 0 dB. Moreover, we discard measurements
with DDM peak values falling outside a range of delay bins
between 5 and 11.

In terms of GLDAS variables, missing values are removed
along with their corresponding longitude, latitude, and tem-
poral information. For SMAP observations, we apply qual-
ity flags “soil moisture retrieval was not successful” and
“freeze/thaw state retrieval was not successful” to omit the
corresponding data samples. Entries with missing data for the
selected variables are further excluded to ensure data integrity
when training deep learning models.

C. Collocation

With the variables of interest defined, spatiotemporal align-
ment is the next step in building the CGS dataset. For each
CYGNSS sample, the corresponding GLDAS and SMAP vari-
ables need to accommodate differences in spatial resolution
and timescales to select the “closest” measurement. Given
that CYGNSS satellites operate within a latitude range of ±
38◦, to reduce computational costs, we retain only the data
within ± 40◦ latitude from GLDAS and SMAP prior to the
collocation process. For temporal alignment, both GLDAS and
SMAP employ a daily average; therefore, measurements from
the same date are selected for matching. The CYGNSS data
are then collocated with GLDAS and SMAP measurements
using a search window of 0.1 degrees in both longitude and
latitude. Concretely, for each preprocessed CYGNSS sample,

the specular point coordinates are used to locate a correspond-
ing GLDAS or SMAP grid center within the defined search
window. If no matching grid center is found for either GLDAS
or SMAP, the corresponding CYGNSS sample is excluded. In
cases where multiple candidate grid centers meet the search
criteria, the CYGNSS sample is collocated with the nearest
neighboring samples from the other missions. The collocation
yields an average of over two million measurements annually,
resulting in a total sample size of approximately 9.9× 106.

To quantitatively evaluate the collocation quality and its
associated uncertainty, Fig. 3 shows the average colloca-
tion distance between CYGNSS samples and the nearest
GLDAS/SMAP neighbors as a function of latitude and lon-
gitude. Histograms indicate the number of samples per bin,
which hints at the global distribution of collocated samples.
Overall, the spatial distribution of the samples aligns well
with the global terrain and shows higher density within the
latitude range of 20◦–40◦. The GLDAS collocation distance
increases toward the equator due to the 0.25◦ grid resolution
results in larger distances between grid cells at lower lat-
itudes. In contrast, the SMAP collocation distance remains
relatively uniform across latitudes and longitudes, as the
SMAP product uses the EASE-Grid to preserve consistent grid
spacing globally. A notable spike in longitude around 25◦W is
attributed to the lack of collocated data, as also indicated by
the reduced sample counts in the histogram. Table II details
the collocation statistics across different latitude and longi-
tude intervals for the proposed dataset. The mean collocation
distance ranges from approximately 7.80 km to 8.47 km for
CYGNSS–GLDAS and remains more stable between 3.45 km
and 3.53 km for CYGNSS–SMAP. Standard deviations further
illustrate the variability introduced by the differences in spatial
resolution and data availability during the collocation process.
A more detailed discussion of data uncertainty is provided in
Section VI.

III. METHODOLOGY

Following advances in applying deep learning methods
to various GNSS-R applications, we use the proposed CGS
dataset to train multiple models for estimating global VWC.
Several benchmark methods are selected based on their
demonstrated success in GNSS-R-based retrieval tasks. With
the assumption that deep learning models can effectively
explore the underlying mapping from input variables to VWC
labels, this section details the preprocessing steps of the CGS
dataset and introduces the benchmark models. Furthermore,
we thoroughly describe the method employed for uncertainty
quantification. An overview of the data preparation, bench-
mark training, and assessment in this study is depicted in
Fig. 4.

A. Data preparation

Before training various benchmark models, several prepro-
cessing steps are required to transform the variables from the
CGS dataset. To evaluate models’ generality and robustness
with future samples beyond the training period, we temporally
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Fig. 4. The proposed scheme for deep learning-based GNSS-R vegetation water content (VWC) assessment. See the text for acronyms and descriptions for
each process step.

clustered the data into training (July 2019 to December 2020),
validation (in 2021), and test sets (in 2022).

With a wide range of numerical values in selected variables,
normalization is a critical step to ensure that all input features
contribute equally to the models’ predictions. Scaling the input
DDMs and other variables to have zero mean and unit variance
facilitates model convergence and stabilizes gradients across
different features. We, therefore, follow the best practices
of normalization to prevent information leakage during the
training process. Initially, each variable’s mean and standard
deviation are calculated for the training set and applied sepa-
rately. These calculated values are then used to normalize the
validation and test sets.

B. Benchmark algorithms

1) MLP: A multilayer perceptron (MLP) is a fundamental
type of neural network. The main architecture of an MLP
typically consists of at least three layers of neurons: an input
layer, one to several hidden layers, and an output layer.
With a nonlinear activation function at each neuron, MLP
can approximate continuous functions and solve problems
that are not linearly separable. The use of MLPs has been
demonstrated to be effective for retrieving Earth’s surface
parameters from GNSS-R data, with applications including the
estimation of ocean wind speed and soil moisture [60], [61].
In our approach, CYGNSS DDMs are flattened into 1D input
vectors. These vectors are then concatenated with ancillary
parameters as a single vector to create an input set for the
VWC regression task.

2) LeNet: LeNet represents a pioneering convolutional neu-
ral network (CNN) [62]. Despite its simplicity by recent neural
network standards, LeNet is notable for using convolutional
layers to extract spatial context from image inputs. Its archi-
tecture typically consists of convolutional layers and pooling
layers, followed by fully connected layers. The pooling layers
help to reduce both the spatial dimensions of the input images
and the intermediate feature maps, which can reduce compu-
tational demands and mitigate overfitting. In adapting LeNet
for VWC estimation using the CGS dataset, differing from the
MLP setup, DDMs are processed as images to preserve fine-
grained delay-Doppler correlations. After processing through
the convolutional branch, the output features are flattened and
merged with those from an ancillary data branch. Addition-
ally, we replace LeNet’s softmax classification layer with a
regression head to enable continuous VWC prediction.

3) Mini-VGG: VGG network is a deep CNN known for
its simplicity and depth [63]. Based on an analysis of how to
increase the depth of CNN architectures, VGG emphasizes the
use of small convolutional kernels of size 3× 3 to construct a
deep network structure with up to 19 layers. The Mini-VGG
used in this study is a simplified variant of the VGG model,
which makes it more suitable for extracting features from
DDMs with a pixel dimension of 17 × 11. While retaining
the core design principles of repeated convolutional blocks
followed by max-pooling layers, Mini-VGG includes two
convolutional blocks with 64 and 128 filters to reduce model
complexity and computational cost. Dropout [64] is applied
after each hidden layer during both training and inference.
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Similar to adaptations made for LeNet, an additional branch
for integrating ancillary parameters is attached.

4) Mini-ResNet: As one of the most widely applied CNNs
until now, residual network (ResNet) enables the training of
deeper neural networks while mitigating degradation problem
[65]. The main idea of ResNet is that every additional layer
should more easily contain the identity function as one of its
elements, enabled by the use of identity shortcut connections.
The hypothesis that fits a residual mapping is easier than the
desired underlying mapping with stacked layers, which helps
address the vanishing gradient problem. Mini-ResNet refers to
a scaled-down version of ResNet architecture with two residual
blocks. Compared to deeper ResNet variants (e.g., ResNet-50),
the number of blocks and filters is reduced (128 and 256 filters,
respectively) to limit model size and avoid overfitting on input
DDMs. Previous studies have demonstrated the effectiveness
of residual learning in GNSS-R remote sensing, such as ocean
wind speed retrieval [66], sea surface height measurement
[67], [68], and sea ice detection [40].

5) CyGNSSnet: Introduced by Asgarimehr et al. [69],
CyGNSSnet represents a domain-specific deep learning model
designed to derive global ocean wind speed from CYGNSS
measurements. Utilizing a set of convolutional layers for fea-
ture extraction from BRCS DDMs and fully connected layers
for processing ancillary data, CyGNSSnet significantly im-
proves the accuracy of wind speed measurements compared to
an operational retrieval algorithm. Given that the model design
is well-suited to process DDMs and ancillary parameters, we
employ the CyGNSSnet architecture with minor modifications.
Specifically, we adapt the model to accept four types of DDMs
and a broader set of variables as inputs while maintaining the
hyperparameters of intermediate layers unchanged.

C. Uncertainty quantification

Uncertainties of GNSS-R remote sensing typically arise
from measurement ambiguities due to instrumental noise,
ionosphere effects, and RFI. Quantifying uncertainties in
GNSS-R observations is a non-trivial aspect of assessing
the measurement reliability and identifying potential ways of
calibration. Previous studies have proposed several methods
for evaluating uncertainties in ground-based and spaceborne
GNSS-R measurements [70], [71].

In the context of deep learning-based Earth’s surface pa-
rameter retrieval, model uncertainty, also known as epistemic
uncertainty, is an essential factor in describing the confidence
of estimations. By definition, this type of uncertainty arises
from a lack of knowledge or information during the modeling
process [72], [73]. Since data-driven methods are essentially
learning from a limited set of GNSS-R measurements, their
predictions are inherently connected with ambiguities due to
potentially incorrect model assumptions. With increased model
complexity and diverse data modalities, models trained on
a finite set of data might exhibit overconfidence in their
predictions, resulting in higher estimation errors. Furthermore,
when inferring geolocations without ground truth labels, model
uncertainty provides a trustworthy representation of the esti-
mated VWC values. To account for these aspects, we quantify

uncertainty in this study using Monte Carlo (MC) dropout
[74].

Typical deterministic neural networks are not able to capture
estimation uncertainty. For the task of VWC regression, mod-
els generate fixed estimations with a given set of input vari-
ables. To obtain predictive distributions, MC dropout allows
a neural network trained with dropout layers to be interpreted
as a Bayesian approximation of a probabilistic deep Gaussian
process. Concretely, dropout is applied not only during model
training but also at inference phase to sample an approximated
posterior distribution. As shown in [75], MC dropout can be
well applied to quantify the estimation uncertainty for GNSS-
R-based soil moisture retrieval.

Assume an MLP model with X = {xk}Nk=1 as input
variables, Y = {yk}Nk=1 as output VWC values, and N
denotes the sample counts. Let w = {Wi}Li=1 represent
weight matrices for L hidden layers, the predictive probability
can be specified as:

p(y|x,X,Y) =

∫
p(y|x,w)p(w|X,Y)dw. (3)

Given that the posterior distribution p(w|X,Y) is intractable,
a matrices distribution q(w) can approximate the intractable
posterior by randomly setting its columns to zero [76], written
as:

Wi = Mi · diag
(
[zi,j ]

Ki
j=1

)
, (4)

zi,j ∼ Bernoulli(pi) for i = 1, . . . , L, j = 1, . . . ,Ki−1, (5)

in which each zi,j is a Bernoulli random variable that de-
termines whether the neuron j in layer i − 1 as an input to
layer i should be retained or dropped, with pi representing the
dropout rate. Here, matrices Mi denote variational parameters
and Ki×Ki−1 represents the dimension of weight matrix Wi.

During the training process, input variables X and output
VWC values Y are fed into the MLP model to optimize w
with dropout activated through backpropagation. During the
inference phase, in contrast to deterministic models, dropout
remains activated and is equivalent to sample T times stochas-
tic forward passes from the Bernoulli distribution. A predictive
mean VWC using MC dropout is given by:

E(Ŷ) ≈ 1

T

T∑
t=1

Ŷ(X,Wt
1,W

t
2, . . . ,W

t
L), (6)

where Ŷ is estimated VWC value and Wt
L is the network

weight at t-th inference time. It is worth noting that evaluation
measurements such as root mean square deviation (RMSD)
are not applicable when performing inference without ground
truth labels. On the contrary, MC dropout allows for the
quantification of the model’s estimation uncertainty with an
uncertainty score. This capability provides valuable insights
that are particularly relevant for time-sensitive applications,
where rapid and reliable measurements are critical.

IV. EXPERIMENTAL SETUP

A. Implementation details

All the benchmark models are implemented on the Ten-
sorflow platform [77] and trained on a single NVIDIA RTX
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TABLE III
EVALUATION STATISTICS FOR DIFFERENT BENCHMARK MODELS OVER A TWELVE-MONTH TEST PERIOD OF THE CGS DATASET. THE TOTAL NUMBER OF

PARAMETERS AND INFERENCE TIME OVER A THOUSAND SAMPLES ARE INDICATED FOR EACH MODEL.

Models Params Inf. time RMSD (kg/m2) ubRMSD (kg/m2) Bias (kg/m2) R2 score Uncertainty score

MLP 580K 3ms 1.1075 1.1073 0.012 0.968 0.583
LeNet 390K 2ms 1.0988 1.0987 0.002 0.969 0.434
Mini-VGG 450K 5ms 1.1264 1.1263 −0.016 0.967 0.705
Mini-ResNet 1.2M 17ms 1.1577 1.1575 0.015 0.966 0.689
CyGNSSnet 970K 7ms 1.1094 1.1092 0.017 0.968 0.713

3090 GPU. We use Adam optimizer [78] with a batch size of
2048 samples and a learning rate magnitude of 10−3 for each
model individually. The commonly chosen mean squared error
(MSE) is used as the loss function. The maximum number of
training epochs is set as 500 with an early-stopping patience of
6 epochs. For uncertainty quantification, we apply MC dropout
with a dropout rate of 10% to all benchmark models. After
training, we sample ten times for each model over the entire
test period of the CGS dataset. This allows us to assess the
estimation performance and confidence levels in a joint way.
Moreover, we select a day outside the temporal scope of the
CGS dataset to produce a daily global VWC coverage.

B. Evaluation metrics

Evaluation is performed over a test period from January
2022 to December 2022 on CGS dataset. We assess all
benchmark models both qualitatively and quantitatively using
RMSD and bias. Additionally, unbiased RMSD (ubRMSD)
is computed by removing the mean from both the estimates
and ground truth labels. The coefficient of determination (R2

score) is also calculated across the entire set of test samples
to provide further insights into model performance.

To enable uncertainty quantification in the absence of ref-
erence VWC values, we draw ten predictions with dropout
enabled and compute the predictive variance as an uncertainty
score for each model:

Uncertainty score =
1

n

n∑
i=1

(
1

t

t∑
l=1

(v̂il − ¯̂vi)
2

)
, (7)

where v̂il is the l-th prediction for sample i, and ¯̂vi is the
mean of the t predictions for the i-th sample, calculated as
¯̂vi =

1
t

∑t
l=1 v̂il.

V. RESULTS

To demonstrate the feasibility of deep learning-based
GNSS-R VWC estimation, in this section, we utilize the
holdout test set of our curated CGS dataset to evaluate model
performance. We provide geographical visualizations of the
estimation results to further analyze the spatial distribution
of RMSD, bias, and uncertainty scores. Lastly, a global
daily VWC estimation is presented compared to ground truth
measurements.

A. Benchmark results

Estimations of VWC from five selected benchmark models
are compared against SMAP-derived reference labels. The
performance of each model over the entire test period of
2022 is quantified with RMSD, ubRMSD, bias, R2 score,
and uncertainty score, as detailed in Table III. In general,
by employing the proposed CGS dataset with selected input
variables, all models demonstrate commendable performance
in VWC estimation when compared to SMAP VWC products.
An average RMSD of 1.1199 kg/m2 and an average bias of
0.006 kg/m2 across all models highlight the feasibility of
accurate VWC retrieval through the incorporation of deep
learning algorithms and the proposed dataset. Additionally, an
average R2 score of 0.968 further evidences the effectiveness
of this approach for global VWC estimation, given approxi-
mately two million samples collected throughout 2022.

Among all the evaluated models, LeNet yields superior
performance, evidenced by an RMSD of 1.0988 kg/m2,
an ubRMSD of 1.0987 kg/m2, and a minimal bias of
0.002 kg/m2. Enhanced performance is further evidenced by
its improved R2 score. Notably, the uncertainty measurement
associated with LeNet surpasses those of competing methods,
with the MLP achieving the second lowest uncertainty score,
followed by other models. Given the tendency of deep learning
methods to favor the majority of data samples, sophisticated
models may risk overfitting to local optima during opti-
mization. This can lead to increased estimation errors and
potentially higher uncertainty scores. Nonetheless, the compar-
ison between MLP and LeNet emphasizes the advantages of
employing the full DDM as an image input. Corroborated by
prior studies [79], [80], this approach facilitates the extraction
of intricate delay-Doppler correlations, whereas converting the
DDM into a 1D feature vector leads to the loss of valuable
cross-correlations.

The probability density functions (PDFs) of the ground
truth and VWC estimates retrieved by benchmark models
are depicted in Fig. 5(a), which helps to assess model be-
havior across different VWC intervals. As indicated by a
black dashed line, reference VWC samples align with an
expected natural distribution within the ± 40◦ latitude range.
Unevenly distributed ground truth displays two distinct peaks
around the VWC intervals of 0–2 kg/m2 and 16–18 kg/m2,
corresponding to arid or barren landscapes and densely vege-
tated rainforests, respectively. Despite the challenges raised by
such a heterogeneous and unbalanced data distribution, deep
learning algorithms provide satisfactory estimations that agree
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(a) (b)

Fig. 5. (a) Probability density functions (PDFs) of SMAP-derived ground truth and VWC values estimated by different benchmark models. (b) Density plots
in log-scale for a best-performing model (LeNet) against reference VWC. The color bar measures sample density. Bias, RMSD, and R2 score are calculated
over twelve months of test data. A 1:1 diagonal and a regression line are shown as a green dotted line and a blue line, respectively.

well with reference VWC distribution. Consistent with the
numerical results, VWC values predicted by LeNet (depicted
in green) exhibit a closer match to the ground truth. Despite
slight deviations in peak intervals, MLP (blue), Mini-VGG
(orange), Mini-ResNet (red), and CyGNSSnet (brown) also
demonstrate a relatively high degree of correspondence. The
general consistency in PDFs across all models indicates their
ability to capture essential patterns necessary for accurate
VWC estimation, enabled by the carefully curated dataset and
thorough selection of variables.

Fig. 5(b) presents a log-density plot comparing VWC esti-
mates from the best-performing model (LeNet) with reference
labels. A regression line of predicted VWC with respect
to SMAP-derived observations is shown in blue. Generally,
scatter points are mainly clustered along the 1:1 diagonal
line, suggesting overall agreement between the estimated and
reference VWC values. Align with the VWC distribution
shown in Fig. 5(a), high-density regions corresponding to the
two peak intervals are highlighted with yellow to red color,
indicating a greater concentration of paired points. Notably,
several points (on the order of 100–102) deviate from the
diagonal line. This deviation primarily results from the uneven
distribution of VWC labels in real-world scenarios. Since deep
learning algorithms are data-driven, less frequent samples in
the dataset tend to be underrepresented in the predictions.
Although discrepancies are observed within the VWC interval
of 5–16 kg/m2, which accounts for less than one-fifth of the
entire test set, the overall strong correlation between predicted
VWC and the ground truth remains evident.

B. Geographical analysis

To improve the understanding of the global distribution of
VWC estimations obtained using deep learning algorithms
on the CGS dataset, we conduct a series of analyses with
geographical visualizations. Fig. 6 demonstrates the average
ground truth VWC alongside the estimated VWC from the
best-performing model over the course of 2022. With an aver-
age grid resolution of 1 degree, the qualitative comparison of

Fig. 6. Geographical distribution of average reference VWC as well as
retrieved average VWC of the LeNet model on the CGS dataset during the
test period.

these global VWC maps indicates that CGS predictions align
well with reference values. In particular, accurate estimations
are evident in equatorial regions, e.g., the Amazon region,
Congo basin, and Southeast Asia, which are characterized by
dense rainforests and high VWC levels. Likewise, the model
demonstrates consistent performance in arid regions such as
the Sahara, Arabian, and Australian deserts.

The global distributions of RMSD, bias, and uncertainty
scores for CGS VWC estimation are presented in Fig. 7. Sim-
ilarly, a triptych of maps is derived with a grid resolution of
1◦×1◦. The topmost map reveals a clear geographical pattern
where transition regions from densely to moderately vegetated
areas exhibit higher RMSD values, indicated by orange to
red colors (RMSD of 2–3 kg/m2). Additionally, regions with
frequent agricultural activities, such as central China and the
eastern United States, experience relatively larger fluctuations
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Fig. 7. Average RMSD (top), bias (middle), and uncertainty score (bottom)
spatial distributions of the LeNet model compared with reference VWC with
a 1◦ × 1◦ grid resolution on the test set.

in RMSD. On the contrary, rainforests and sparsely vegetated
regions at mid-to-high latitudes generally show lower RMSD
values, ranging from 0–0.5 kg/m2, indicating more reliable
predictions in these zones. Furthermore, the middle map of the
Fig. 7 demonstrates that bias in VWC predictions is mostly
neutral across vast terrestrial expanses. Although some patchy
areas exhibit slight over- or underestimations, the overall
negligible bias hints the estimated VWC is generally reliable,
with only a few regions showing a bias exceeding ± 2 kg/m2.

To specifically evaluate predictive confidence, the bottom
map in Fig. 7 depicts the global distribution of uncertainty
scores associated with the predictions, where lower scores in-
dicate higher confidence. Although this map shares similarities
with the RMSD distribution, it is important to note that it
reflects the model’s stability across multiple inferences rather
than predictive errors. Regions exhibiting higher estimation
uncertainty can be attributed to several factors. One potential
driver is the large footprint (i.e., glistening zone) of CYGNSS
observations, which cover areas with a mixture of dense
vegetation and bare or sparsely vegetated surfaces. Addition-
ally, complex topography and surface roughness significantly
influence the reflected signals, leading to increased estimation
uncertainty in mountainous regions, including the Himalayas,
the east coast of Australia, and eastern Madagascar. From a
data-centric perspective, models trained on real-world datasets
inevitably experience uneven data distributions. As a result,
predictions for less frequently observed VWC intervals tend

Fig. 8. Geographical distribution of daily VWC coverage for SMAP (top),
CGS estimation with LeNet model (middle), and the associated daily uncer-
tainty score for CGS estimations (bottom).

to have lower confidence.
With a substantial amount of daily measurements available

from the CYGNSS constellation, a daily global VWC estima-
tion is achieved using the proposed CGS dataset pipeline and
trained model. Fig. 8 displays the geographical distribution
of CGS daily global VWC coverage alongside its SMAP-
derived counterpart. This approach fills the gaps in SMAP’s
daily overpasses, allowing rapid measurements and improving
temporal resolution. Regarding spatial resolution, which is
strongly influenced by CYGNSS reflection types, it can range
from 3.5×0.5 km to 25×25 km considering signal integration
time and incidence angles [51]. Still, spatial resolution can
vary significantly due to surface heterogeneity, which leads
to changes in the effective footprint. Since the entire DDMs
are used as inputs to train models for predicting VWC, the
predicted values are assumed to correspond to the spatial
resolution of the label source, as the models learn to map fea-
tures extracted from the inputs to the provided annotations. It
should be noted that the current workflow for generating daily
VWC maps still results in gaps when CYGNSS data are not
available. However, given the unprecedented spatiotemporal
coverage of CYGNSS and the availability of upcoming GNSS-
R missions, such products can be leveraged to perform spatial
interpolation and address these limitations. Furthermore, the
distribution of daily uncertainty scores provides insights into
the model’s confidence under ambiguous conditions. As shown
in the bottom panel of Fig. 8, areas with relatively higher



12 SUBMIT TO IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, 2025

TABLE IV
EVALUATION STATISTICS OF MULTILAYER PERCEPTRONS (MLPS) TRAINED WITH DIFFERENT INPUT CONFIGURATIONS: WITH THE FULL CGS DATASET,

SPATIOTEMPORAL VARIABLES ONLY, AND CGS WITHOUT SPATIOTEMPORAL VARIABLES.

Variables RMSD (kg/m2) RMSD (kg/m2) Bias (kg/m2) R2 score Uncertainty score

CGS (full) 1.1075 1.1073 0.012 0.968 0.583
Spatiotemporal only 1.9505 1.9507 −0.022 0.893 0.936
CGS w/o spatiotemporal 2.6722 2.6544 0.310 0.807 0.738

(a) (b) (c)

Fig. 9. Density plots in log-scale for models against SMAP-derived VWC values over a twelve-month test period: (a) full CGS dataset, (b) spatiotemporal
variables only, and (c) CGS dataset excluding spatiotemporal variables.

(a) (b)

Fig. 10. Correlation of RMSD (a) and uncertainty score (b) with CYGNSS incidence angle for different benchmark models.

uncertainty are marked with a mosaic pattern, particularly near
transitions between forests and bare lands, as well as in moun-
tainous regions. This information is crucial for assessing the
reliability of model estimations during periods when reference
VWC measurements are unavailable.

VI. DISCUSSION

A. Impact of spatiotemporal variables

We investigate the potential influence of spatiotemporal
features on model performance by comparing models trained
on the full CGS dataset against models trained without spa-
tiotemporal inputs and those trained on spatiotemporal inputs
only. All models use MLPs to ensure a fair comparison, as the
spatiotemporal-only model does not incorporate input DDMs
during training. Numerical comparisons and density plots are
summarized in Table IV and Fig. 9. Not surprisingly, the model
trained on the full CGS dataset demonstrates clear advantages
across all evaluation metrics. While the spatiotemporal-only

model captures coarse distribution patterns, it is insufficient
for accurate VWC retrieval on its own. The density plot in
Fig. 9(b) illustrates that the spatiotemporal-only model exhibits
a broader scatter, notably overestimations for VWC in the 3–
5 kg/m2 range and underestimations above 15 kg/m2.

To further evaluate whether the models rely on spatiotem-
poral correlations rather than true causal relationships, we
conduct an additional experiment excluding spatiotemporal
features entirely from the input set. As shown in Fig. 9(c), the
performance is acceptable at low VWC values corresponding
to coherent scattering over arid land surfaces and deserts.
However, the model exhibits strong oscillations and scatter
in the estimation distribution as VWC values increase. One
key factor contributing to the degraded estimation accuracy
is topographic heterogeneity. While ancillary input features
provide partial descriptions of the surface state, they cannot
fully capture the variability within the glistening zone, intro-
ducing ambiguities that are difficult to resolve without spatial
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(a) (b)

Fig. 11. SHAP (SHapley Additive exPlanations) analysis for feature importance in LeNet-based VWC estimation models. (a) SHAP summary plot for ancillary
variables, with dot colors indicating original feature values. (b) Average absolute SHAP values for CYGNSS non-spatiotemporal features.

and temporal context. Furthermore, the mixture of coherent
and incoherent scattering components in GNSS-R scattered
signals presents a fundamental challenge. Disentangling these
components and understanding their interactions in terrestrial
retrieval tasks remains an open research question. This unre-
solved complexity introduces additional uncertainty into VWC
estimation. Therefore, including spatiotemporal information in
a data-driven setup is essential for resolving these ambiguities
and achieving accurate, timely VWC estimation.

B. Correlation with incidence angle

Previous studies demonstrate that the incidence angle is an
important variable for GNSS-R vegetation monitoring [12],
[81], [82]. The correlation between the models’ RMSD and
uncertainty scores with the CYGNSS incidence angle is pre-
sented in Fig. 10(a) and Fig. 10(b), respectively. It can be
observed that both metrics generally increase as the incidence
angle rises. For samples with incidence angles within the
0◦–40◦ interval, the average RMSD for all models remains
below 0.6 kg/m2. Moreover, the lowest values of RMSD and
uncertainty score, particularly for the LeNet estimations, are
found around incidence angles of 20◦–30◦. This finding is
consistent with [22], where the peak magnitude of simulated
NBRCS also falls within the same incidence angle range, while
reduced magnitudes are observed at incident angles of ∼10◦

and ∼70◦. These results suggest that specular measurements
with right-hand circular polarization transmit and left-hand
circular polarization receive are suitable for vegetation moni-
toring at grazing incidence angles. Variations in the uncertainty
score further reveal the impact of vegetation attenuation at high
incidence angles where coherent reflection is enhanced.

C. Ablation study on feature importance

Understanding feature importance is a non-trivial aspect
of data-driven approaches, especially given the highly ill-
posed nature of GNSS-R vegetation monitoring. While deep
learning models can effectively map both linear and non-
linear dependencies in the task, interpretability is essential
to gain valuable insights into the underlying physical corre-
lations, identify potential biases, and better understand the
sources of uncertainty. A systematic review by Nguyen et
al. highlights the importance of incorporating interpretability
into deep learning to provide insights on feature importance
for terrestrial applications [53]. To investigate the decision-
making process of deep learning models for VWC retrieval, we
conduct ablation studies to asses the individual and collective
contributions of two categories of model inputs: DDMs and
ancillary parameters.

Table V summarizes the results of ablation experiments for
the best-performing model (LeNet) when trained with either
the full set of four DDMs or each DDM individually. When
using the full set of four DDMs as input, the model achieves
the best overall accuracy, while models trained with individ-
ual DDMs exhibit slightly degraded performance. Although
certain DDM types share similar observational features (e.g.,
before or after calibration), the ablation results demonstrate
that the integration of all DDMs provides complementary
information for VWC retrieval. Notably, the model trained
with all DDMs shows slightly higher uncertainty, which is
expected because mapping multiple DDM types to the target
variable introduces additional complexity. Variations in one
DDM type can influence the entire decision-making process
of the models. Nonetheless, the performance gain highlights
the importance of incorporating all available DDM types in
the workflow.
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TABLE V
EVALUATION STATISTICS OF THE LENET MODEL TRAINED ON DIFFERENT SELECTIONS OF DDM TYPES FROM THE CGS DATASET.

DDM types RMSD (kg/m2) ubRMSD (kg/m2) Bias (kg/m2) R2 score Uncertainty score

CGS (full) 1.0988 1.0987 0.002 0.969 0.434
brcs 1.1044 1.1045 −0.002 0.968 0.427
power analog 1.1017 1.1018 0.003 0.969 0.426
raw counts 1.1187 1.1188 −0.002 0.968 0.433
eff scatter 1.1035 1.1037 −0.004 0.969 0.429

TABLE VI
COMPARISON OF RMSD, UBRMSD, BIAS, AND UNCERTAINTY SCORE FOR DIFFERENT BENCHMARK MODELS ACROSS THREE CASE STUDY REGIONS

OVER A TWELVE-MONTH TEST PERIOD OF THE CGS DATASET.

Regions Models RMSD (kg/m2) ubRMSD (kg/m2) Bias (kg/m2) Uncertainty score

Amazon

MLP 0.9828 0.9587 −0.216 1.301
LeNet 0.9091 0.8977 −0.143 0.621
Mini-VGG 1.0234 0.9929 −0.248 1.831
Mini-ResNet 1.0135 0.9987 −0.173 1.798
CyGNSSnet 0.9940 0.9771 −0.183 1.903

Congo

MLP 1.3102 1.3086 −0.060 1.433
LeNet 1.2337 1.2277 −0.120 0.876
Mini-VGG 1.3717 1.3430 −0.278 1.978
Mini-ResNet 1.5065 1.4939 −0.193 1.944
CyGNSSnet 1.3628 1.3390 −0.253 2.011

SEA

MLP 2.0126 2.0117 −0.056 1.280
LeNet 1.9271 1.9267 0.029 0.846
Mini-VGG 2.0140 2.0135 −0.038 1.757
Mini-ResNet 2.0207 2.0035 0.262 1.830
CyGNSSnet 1.9610 1.9668 −0.127 1.848

Corroborated by previous studies [83], [84], [85], SHapley
Additive exPlanations (SHAP) [86] provides a model-agnostic
tool for “unboxing” deep learning models by estimating
the marginal contribution of each feature to the predictions.
Fig. 11(a) shows the SHAP summary plot for all ancillary pa-
rameters, with each dot representing an individual SHAP value
for a feature and a sample, and the color indicating the original
feature value. Features are sorted by their average impact on
the model output. The letters in parentheses after each feature
indicate its source from the CGS dataset. Unlike previous work
on ocean wind speed retrieval, where features such as NBRCS
(σ0) and incidence angle prove to be dominant, we observe
that variables related to soil conditions, surface properties,
and geolocation play important roles in vegetation monitoring.
This is consistent with theoretical expectations that surface
roughness, topographic heterogeneity, and soil water content
interference affect the propagation and attenuation of GNSS-R
signals, thereby influencing the performance of VWC retrieval.
The findings in Table IV reaffirm the importance of including
spatiotemporal information is critical for establishing a solid
baseline for estimation, while non-spatiotemporal features help
capture localized or seasonal variations to generate accurate
and timely predictions.

Fig. 11(b) depicts the SHAP values for all CYGNSS non-

spatiotemporal features averaged over absolute contributions.
Among these features, receiver antenna gain at the specular
point emerges as the most influential, followed by SNR of
the DDM and incidence angle. Along with the results in
Fig. 10(a), these findings emphasize the strong influence of
signal quality and measurement geometry on GNSS-R-based
vegetation monitoring. These ablation studies demonstrate the
value of integrating explainable AI techniques to interpret the
complex relationships learned by deep learning models, which
is crucial for understanding model behavior and guiding future
improvements in model design.

D. Case studies with time series analysis

In order to further assess the reliability of the proposed
approach in estimating VWC variations, we focus on several
regions of interest (ROIs) for case studies. Three locations with
dense vegetation coverage, namely the Amazon rainforest,
Congo basin, and Southeast Asia, are selected to evaluate the
estimation performance of the benchmark models. Table VII
provides details on the latitude and longitude ranges of the
selected regions, along with the total sample counts and daily
average sample counts over the entire test period.

A detailed comparison of the performance metrics for
different models across selected regions is provided in Ta-
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Fig. 12. VWC time series comparing ground truth and LeNet model predictions for 2022 across three case study regions. Histograms of uncertainty scores
are included to illustrate the confidence levels of the predictions.

TABLE VII
LATITUDE AND LONGITUDE RANGES, TOTAL SAMPLE COUNTS, AND

DAILY AVERAGE SAMPLE COUNTS FOR THREE CASE STUDY REGIONS:
AMAZON RAINFOREST, CONGO BASIN, AND SOUTHEAST ASIA.

Region
Latitude

Total Samples Daily Average
Longitude

Amazon
[10◦S, 3◦N]

8.6× 104 280
[50◦W, 76◦W]

Congo
[5◦S, 4◦N]

5.1× 104 169
[10◦E, 29◦E]

SEA
[6◦S, 14◦N]

2.5× 104 87
[93◦E, 118◦E]

ble VI. In general, the RMSD and ubRMSD values for the
Amazon rainforest and Congo basin are relatively low across
all benchmark models, whereas the Southeast Asia region
exhibits higher values. These differences may stem from
variations in footprint heterogeneity: the Amazon and Congo
regions primarily consist of dense vegetative basins, while
Southeast Asia features more complex topography, including
islands and archipelagos. Measurements in coastal regions are
essentially influenced by both terrestrial and oceanic surfaces
with increased variability. Regarding model biases, densely
vegetated regions tend to show slight underestimations on

average. Since deep learning models are trained on the global
distribution of VWC data rather than localized ROIs, they
are inevitably influenced by the majority of VWC intervals.
Further, the consistently lower ubRMSD values compared
to RMSD suggest that applying bias corrections can help
mitigate VWC estimation errors. Among the evaluated models,
LeNet demonstrates lower estimation errors and uncertainty
scores, indicating that a careful selection of model architecture
enhances performance and maintains generalizability across
underrepresented intervals. These results highlight that the
accuracy and reliability of VWC estimations are affected by
regional characteristics and the spatial variability of vegetative
cover.

Fig. 12 demonstrates time series plots of VWC estimations
across the selected ROIs. Reference VWC and predictions of
the best-performing model show strong agreement, especially
for the Amazon rainforest and Congo basin. Consistent with
the findings in Table VI, minor biases toward underestimation
are observed in these regions. In addition, for each VWC
time series, a corresponding uncertainty score histogram is
depicted at the bottom. It is evident that the uncertainty scores
of the Amazon rainforest are comparatively low compared to
the other two regions. Spikes in uncertainty may be attributed
to land cover changes or varied climatic conditions, which
introduce additional challenges for precise VWC measure-
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ments with a high degree of confidence. Future efforts could
focus on utilizing the proposed CGS dataset to develop region-
specific models for localized applications or to create more
robust models with improved generalizability and enhanced
estimation precision.

E. Challenges and limitations

While our study demonstrates the potential of deep learning
models for estimating global VWC using the proposed dataset,
several challenges and limitations must be acknowledged.
First, the uncertainty quantification framework used in this
study primarily captures epistemic uncertainty due to model
limitations. However, a portion of the predictive uncertainty
may also reflect aleatoric uncertainty, which arises from in-
trinsic noise in the input data and label sources. For instance,
although the SMAP-derived VWC product is the most widely
adopted reference for VWC studies, it is an estimated product
with its own uncertainty and limitations, particularly in regions
with mixed land cover. One potential alternative is to derive
VWC from the dual-channel algorithm (DCA) VOD using
linear relationships that depend on the foliage type of the
vegetation. This approach could provide an independent degree
of freedom relative to SMAP VWC.

Second, despite careful collocation, spatial mismatches re-
main due to differing spatial resolutions (i.e., CYGNSS with
variable footprints, GLDAS at ∼0.25◦, and SMAP at ∼9 km).
These mismatches, combined with temporal discrepancies,
cause inconsistencies and potential biases during the learning
process. Additionally, although the current workflow includes
only static variables from SMAP and is therefore not affected
by differences between ascending and descending overpass
times, the potential influence of diurnal variability in SMAP
ancillary parameters should be carefully considered in further
correlation analyses. Such temporal variations may propagate
into model predictions and introduce ambiguities in down-
stream applications.

Finally, the CYGNSS measurements are subject to inherent
uncertainties. The GNSS-R scattered signals are influenced
by noise, variations in scattering components, and differing
surface properties, which result in significant variability in the
effective footprint size. The spatial heterogeneity complicates
the interpretation of GNSS-R signatures, as the footprints often
include a mixture of surface types within the glistening zone.
Future work could explore spatial interpolation and dynamic
gridding strategies to mitigate these issues and optimize the
trade-off between spatiotemporal coverage and correlated un-
certainties in the retrievals.

VII. CONCLUSION

In this paper, we investigated deep learning-based GNSS-
R VWC estimation by incorporating measurements from
CYGNSS, GLDAS, and SMAP missions. Using the proposed
CGS dataset, our study delved into the synergy between large-
scale datasets and deep learning models to achieve accurate
VWC predictions. The presented scheme for global daily
VWC estimation could contribute to a deeper understanding
of vegetation dynamics and hydrological cycle. By applying

MC dropout technique, we further quantified estimation uncer-
tainty, providing a measure of reliability for daily estimations
in the absence of reference data.

With the increasing availability of constellations and data,
we hope our approach can inspire further research in combin-
ing GNSS-R vegetation monitoring with deep learning algo-
rithms. By integrating different sources of GNSS-R measure-
ments and leveraging their unprecedented temporal resolution,
it is anticipated that diurnal or near real-time VWC estimation
could become feasible. Furthermore, advancements in deep
learning models, such as physics-informed neural networks,
hold promise for enhancing the physical consistency and
generalizability of VWC retrievals and could help disentangle
the mixed scattering contributions inherent in GNSS-R obser-
vations. In addition, spatial interpolation and dynamic gridding
approaches could further improve the spatial completeness
and temporal resolution of the estimation product. These
developments could help fully exploit the potential of GNSS-R
for vegetation and hydrological monitoring at a global scale.
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