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ABSTRACT
Vegetation optical depth (VOD), a microwave-based vegetation index for vegetation
water content and biomass, is primarily retrieved from low spatial resolution passive
microwave data, and few studies have focused on VOD retrievals from active
microwave data. The Sentinel-1 satellite is expected to provide long-term (more than
20 years) high-resolution (∼10 m) C-band backscatter from 2014 onwards. In this
study, a 1-km VOD retrieval was developed based on the Water Cloud Model,
incorporating the Dubois model to represent soil backscatter. The main feature of the
algorithm is the implementation of pixel-based soil parameters, coupled with annual
vegetation parameters to enhance the retrieval accuracy. The algorithm was
developed over the sites of the international soil moisture network during 2016–2022,
where accurate soil moisture datasets could be used as input in the retrieval. Its
temporal performance was evaluated by comparison with two optical vegetation
indices: the normalized difference vegetation index and the enhanced vegetation
index. Evaluation results demonstrated that the algorithm performed well for the VOD
retrievals, and the highest correlation values between VOD and both vegetation
indices could be particularly noted for grassland, with an average of 0.79. The
evaluation highlighted the potential benefit of coupling WCM with a semi-empirical
soil backscatter model for VOD retrieval.
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1. Introduction

Vegetation optical depth (VOD) has been shown to be a reliable metric for measuring the extinction effects
of the microwave (passive or active) radiations by the vegetation canopy. Evidence has demonstrated a posi-
tive correlation between VOD and both vegetation water content (VWC) and biomass (Frappart et al. 2020;
Schmidt et al. 2023). Optical vegetation indices were not considered as an accurate proxy of total above-
ground biomass (AGB), except in areas of low vegetation density (Todd, Hoffer, and Milchunas 1998).
In contrast, being sensitive to both green and non-green vegetation components, microwave observations
can provide important complementary information on the state and temporal changes of the vegetation fea-
tures (Chang et al. 2023; Fan et al. 2024), in particular regarding the above-ground biomass dynamics
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(Rodríguez-Fernández et al. 2018). Accordingly, the utilization of publicly available VOD products has been
extensive in a number of applications including the study of carbon dynamics in the pantropic region (Qin
et al. 2021) and on a global scale(Yang et al. 2023), vegetation phenology (Jones et al. 2011), and the trends
of burned areas and fire risks (Fan et al. 2018).

Currently, the potential of VOD products derived from passive microwave observations to monitor veg-
etation dynamics and support agricultural management at local scales is limited by their coarse spatial res-
olution (∼25 km – ∼40 km) (Boitard et al. 2024). By contrast, active microwave remote sensing with
Synthetic Aperture Radar (SAR) can provide complementary observation to estimate high-resolution
VOD (< 1 km) (El Hajj et al. 2019). The Sentinel-1 C-band SAR has valuable potential for estimating
high-resolution VOD (Zhou et al. 2022), benefiting from its fine spatial detail (5 m × 20 m in IW mode)
and revisit time (6–12 days) (Torres et al. 2012). Furthermore, they demonstrate a reduced susceptibility
to radio-frequency interference (RFI) in comparison with passive microwave systems, particularly those
operating at lower frequencies, such as L-band (Li et al. 2021). Consequently, high-resolution Sentinel-1
VOD would be pivotal in the development of applications, utilizing high spatial resolutions of approxi-
mately 10 m (Wang et al. 2024).

For the SAR observations simulation, the Water Cloud Model (WCM) has emerged as the predominant
simulation model (Attema and Ulaby 1978). The model is of a semi-empirical nature, and its function is to
simplify the complex interactions between surface and vegetation layers. The WCM is advantageous for its
computational efficiency and simulation accuracy at large scales. A previous study conducted VOD retrie-
vals by WCM in agricultural fields (El Hajj et al. 2019). Following that initial pathway, the inclusion of
different soil backscatter models in conjunction with WCM contributed to VOD retrievals at a large
scale. This was attributable to the capacity of these models to discern the vegetation effects through veg-
etation transmissivity and soil effects, which were measured using soil moisture and roughness in the back-
scatter simulation over the study area (Bai and He 2015; Vreugdenhil et al. 2020). In recent studies, the
Ulaby model was chosen to simulate the soil backscatter based on ASCAT (ASCAT-IB) at a global scale
(Liu et al. 2021) and Sentinel-1 in the grassland of the Heihe River Basin (Zhou et al. 2022).

However, due to the inhomogeneity of soil characteristics at the scale of large landscapes (Wang et al.
2023), the parameterization of the soil backscatter model is a pivotal consideration in the practical
implementation of the WCM. The Ulaby model establishes a linear relationship between soil backscatter
and soil moisture. Two main parameters are used in the Ulaby model, which are the backscatter coefficient
of bare soil in very dry conditions (C) and the sensitivity of backscatter observation to soil moisture vari-
ation (D). In the Sentinel-1 and ASCAT VOD retrieval, the number of pixels utilized for the calibration of
the D value is obviously less than that employed for the calibration of the C value (Liu et al. 2021; Liu et al.
2023) and may result in certain issues, mainly in dry areas where soil moisture is almost constant and the D
value is hard to calibrate (Liu et al. 2023). It is imperative that this critical component is given due consider-
ation when parameterizing the Ulaby model. Consequently, the utilization of the Ulaby model in conjunc-
tion with the WCM for backscatter simulation can result in uncertainties in VOD estimates, with arid
regions being particularly impacted.

As is evident in the extant literature, there are numerous models of soil backscatter. The objective of these
models is to simulate radar backscatter and to facilitate the retrieval of soil surface characteristics from SAR
imagery. The Dubois model is a semi-empirical model that is utilized for the purpose of simulating soil
backscatter (Dubois, Van Zyl, and Engman 1995), and it has been used in soil moisture retrieval by com-
bining it with WCM. Compared to the Ulaby model, the Dubois model is advantageous due to its applica-
bility across diverse regions without dependence on region-specific soil conditions. However, the data and
site dependency of the Dubois model make it limited in applications (Dubois, Van Zyl, and Engman 1995;
Zribi et al. 2005). Considering the advantages of the Dubois models over the Ulaby model, this study
explores the potential of the Dubois model for VOD retrieval. In this regard, a semi-empirical algorithm
is constructed to establish a relationship between co-polarized backscatter and VOD, as well as soil dielec-
tric constant (Bai and He 2015; Liu and Shi 2016).

In addition, most of the current works have concentrated on the retrieval of VOD at either the regional or
global scale. As the high-resolution soil moisture input required to retrieve the high-resolution VOD is not
available at a large scale, in most cases, the VOD retrieval models have been calibrated using coarse-resol-
ution soil moisture data (Zhou et al. 2022). This results in the utilization of identical soil moisture values
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across disparate sites within each pixel, whilst disregarding the considerable within-pixel heterogeneities of
variations in climate and soil properties.

In this study, we investigated the potential of using WCM coupled with the Dubois model (hereafter
‘WCM+Dubois’) for high-resolution VOD retrievals from Sentinel-1 SAR data at the site scale. We focused
our study on sites of the International Soil Moisture Network (ISMN) where accurate soil moisture data are
available as input to our retrieval model for a large variety of conditions in terms of soil moisture and veg-
etation types (Dorigo et al. 2013). The main objective here is to specifically assess the variation in the per-
formance of VOD retrievals under diverse vegetation conditions.

2. Data

2.1. In-situ soil moisture networks

The ISMN was initiated in order to support the calibration/validation activities of remotely sensed pro-
ducts. It is a collaborative initiative aimed at establishing and maintaining a global in-situ soil moisture
database (Dorigo et al. 2021). In the retrieval, we used in-situ surface moisture datasets from 2016 to 2022
at a depth of 0–5 cm from 53 stations in the ISMN network. To guarantee the accuracy of the input data
for the retrieval process, only in-situ soil moisture data marked as ‘Good’ were considered from the
ISMN (Dorigo et al. 2011; Figure 1). To minimize temporal mismatch between in-situ data and satellite
overpasses, only average soil moisture values within a 5-hour window centered on each satellite obser-
vation were used.

2.2. Sentinel-1 data

The VOD retrieved from VV-pol data has been shown to better capture vegetation temporal dynamics than
VH-pol data, as evidenced by previous studies on VOD retrieval using C-band Sentinel-1 data (El Hajj et al.
2019). Thus, in this study, the Sentinel-1A GRD IW data at descending orbit for VV polarized backscatter
(s0

VV) and incidence angle from 2016 to 2022 were obtained. The ESA Sentinel-1 toolbox was used to pre-
process Sentinel-1 images, minimizing error propagation in subsequent processes by applying an orbit file,
thermal noise removal, border noise removal, radiometric calibration, speckle filter and terrain correction
(Filipponi 2019). This workflow transforms SAR image digital numbers into linear backscatter coefficients
(El Hajj et al. 2019). Given that the retrieval process necessitates the analysis of a voluminous dataset, and
considering the inherent uncertainty of Sentinel-1 data (Benninga, van der Velde, and Su 2019), a constraint
was included to filter annual Sentinel-1 datasets, prioritizing datasets with a correlation coefficient between
backscatter and NDVI over 0.5 to balance the trade-off between retrieval time and accuracy. The datasets
were resampled to 1 km spatial resolution through nearest neighbor interpolation.

Sentinel-1 has the capacity to acquire diverse strips with a scheduling time horizon, given that the satellite
possesses the capability to traverse the target on multiple occasions. The strip is defined in terms of

Figure 1. Spatial distribution of the ISMN sites. The overlaid European Space Agency (ESA) WordCover land cover map is
based on the Land Cover Classification System [21], which was combined into 11 land types.
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geometry and is directly associated with image acquisition. It is evident that the Sentinel-1 observation
across the sampling sites in the overlapping area between two strips exceeds one orbit, as presented in
Figure 2. Here, the Sentinel-1 orbit code, which represents the strip’s index of observation data, was also
used in this study.

2.3. Vegetation index data

As there is no large-scale in-situ dataset of VOD, a proxy is needed for the validation of VOD (Li et al. 2021).
Several studies have shown that the temporal dynamics of VOD are a good indicator of the vegetation
phenology as monitored from optical vegetation indices(Jones et al. 2011; Lawrence et al. 2014). Thus,
the optical indices can be used as the benchmark to assess the performance of retrieved VOD (Frappart
et al. 2020; Wigneron et al. 2024). Different vegetation indices, including both Normalized Difference Vege-
tative Index (NDVI) and Enhanced Vegetation Index (EVI), were used to assess the performance of VOD in
temporal terms. Specifically, the 8-day NDVI and EVI data at 1 km spatial resolution calculated from
MOD13A2 (Didan 2015a) and MYD13A2 products (Didan 2015b) were used in this study. These datasets
were filtered to exclude pixels with errors. High-quality pixels can be identified by referencing the quality
control (QC) layer.

Considering the inconsistency in the overpass time of MODIS and Sentinel-1, the temporal alignment of
the VIs data was conducted in accordance with the temporal proximity of the closest Sentinel-1 observation.
The temporal alignment of each VI product and Sentinel-1 data was constrained to a maximum time inter-
val of 4 days, with the assumption that VIs were stable during the 4 days (El Hajj et al. 2019).

2.4. Soil properties and land cover data

The SoilGrids250 m dataset is a global dataset of standardized soil properties, measured at different stan-
dard depths, with a spatial resolution of 250 meters (Poggio et al. 2021). The bulk density, clay particles
and sand particles from the top layer (0–5 cm) of the SoilGrids250 m dataset were used in the soil backscat-
ter simulation of the Dubois model.

As demonstrated by numerous preceding studies, the feature of VOD is contingent upon the specific
characteristics of the land cover (Li et al. 2021; Vreugdenhil et al. 2016). The land cover data from the
ESAWorldCover dataset was used in the evaluation of VOD retrieval (Zanaga et al. 2022). The ESAWorld-
Cover dataset offers global land cover information at a spatial resolution of 10 meters. These maps are
obtained from the combination of microwave Sentinel-1 radar data and optical Sentinel-2 imagery. The
classification maps, which are discrete in nature, provide 11 classes that have been defined using the

Figure 2. Strips with different orbits for the sampling sites in overlapping areas.
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Land Cover Classification System. The Land Cover Classification System was defined by the United Nations
Food and Agriculture Organization (Di Gregorio 2005).

To address the resolution mismatch, all image datasets were resampled to a spatial resolution of 1 km
using a nearest neighbor interpolation based on pixels corresponding to ISMN sites.

3. Methods

3.1. Water cloud model

In the implement of WCM (Attema and Ulaby 1978), the total backscattering coefficient (so
obs in linear

units) received by the Sentinel-1 sensor can be decomposed into two components (Equation (1)): the
vegetation backscatter (so

vege) (Equation (2)) and soil backscatter signal reduced by the vegetation
canopy (so

soil). The attenuation of vegetation is denoted as the vegetation transmissivity (t2), which
can be treated as a function of the incidence angle (u) of Sentinel-1 data and VOD (Equation (3))
as given below:

so
obs (linear) = so

vege + t2s0
soil (1)

s0
vege = AV1 cos u(1− t2) (2)

t2 = exp
−2VOD
cos u

[ ]
(3)

where A is the backscatter of vegetation canopy at a very dense vegetated (VDV) period, V1 is the
index that can be set to 1 (Attema and Ulaby 1978).

The VDV period was defined as the date on which the NDVI value exceeded the 75th percentile of the
NDVI time series for each pixel. It can be assumed that, given the observed characteristics of the vegetation,
the transmissivity is likely to be negligible over the VDV period (Liu et al. 2021). Thus, we assumed that the
so
soil is completely attenuated, thus allowing the so

vege can be set equal to the so
obs, Equation (2) could be sim-

plified as:

so
obs = so

vege = Acosu (4)

where the value of A for the VDV period (referred to as A0) can be expressed as:

A0 = so
obs

cosu
(5)

DailyA for a given pixel (A(i, j, t)) was set homogeneously equal to the 95th percentile of A0 over VDV period
(A95%

0 (i, j)) for each pixel in Equation (6):

A(i, j, t) = A95%
0 (i, j) (6)

Equations (2)-(3) were inserted into Equation (1), and so
obs can be expressed as:

so
obs = AV1 cos u 1− exp − 2VOD

cos u

[ ]( )
+ exp − 2VOD

cos u

[ ]
s0
soil (7)

And VOD can be computed as using a constant A (Figure 3):

VOD = − 1
2
cos u ln

so
obs − A cos u

s0
soil − A cos u

( )
(8)

3.2. Soil scattering model

The Dubois model characterizes the HH-pol and VV-pol backscatter from soil surfaces as a function of sur-
face roughness (RMS height of soil surface, s), dielectric constant (1), incidence angle (u) and sensor fre-
quency of Sentinel-1 (Dubois, Van Zyl, and Engman 1995), and VV-pol backscatter (s0

VV) is expressed as:

INTERNATIONAL JOURNAL OF DIGITAL EARTH 5



s0
VV = 10−2.35 ( cos u)

3

( sin u)3
100.0461tanu(ks× sin u)1.1l0.7 (9)

where k is the wave number, and l is the wavelength (Dubois, Van Zyl, and Engman 1995).
The Dobson model was employed to derive 1 (1d) (Dobson et al. 1985), the detailed expression with

respect to the real part of 1d (1′d) and imaginary part of 1d (1′′d) for the Dobson model could be defined
as follows:

Figure 3. Flowchart of VOD retrieval based on the WCM and Dubois model.
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1′d = 1+ rb
rs
(1as − 1)+mb′

v 1
′
fw

a −mv

[ ]1/a
(10)

1′′d = [mb′′
v 1′′fw

a]1/a (11)

where α = 0.65 is a shape factor, rs and rb are the soil particle density and soil bulk density from Soil-
Grids250 m, respectively, 1s denotes the dielectric constant of soil solid phases, while mv represents the
soil volumetric water content obtained from ISMN, b′ and b′′ are the adjustable parameters related to
soil properties, 1′fw and 1′′fw refer to the real and imaginary parts of the dielectric constant of water in the
soil, derived by the Debye function (Lane and Saxton 1952).

The 1 was finally inserted into Equation (9), the VV-pol bare soil backscatter in linear units for the
Dubois model (s0

VV−soil) can be formulated as:

s0
VV−soil = 10−2.35 (cos u)

3

( sin u)3
100.046tanu1d(ks× sin u)1.1l0.7 (12)

In the retrieval, the parameter s has to be calibrated on each ISMN site. To calibrate the s parameter, we first
computed the values of the 1, with the assumption that vegetation effects can be neglected during the non-
growing season, and we calibrate s annually. The steps are summarized in Figure 3.

Step 1: annually select the non-growing season based on the NDVI data from 2016 to 2022. For each
pixel, the annual non-growing season was defined as the period when vegetation was relatively sparse.
The annual sparse vegetation period was identified as the period when the NDVI values are lower than
the 25th percentile of the time series. To be noted, we did not perform s calibration and VOD retrievals
in pixels where NDVI values are higher than 0.2 throughout certain years to make sure the vegetation
effect can be neglected.

Step 2: annually estimating s for pixels corresponding to ISMN. For the pixels corresponding to ISMN,
the 1 could be obtained by soil moisture from ISMN, soil properties from SoilGrids250 m and s0

obs from
Sentinel-1 (Equation (10)). The only unknown input in the soil backscatter simulation is s. By assuming
that the s was constant throughout the year (Zhu et al. 2019), the annual s for each pixel was derived by
minimizing the average of the absolute differences between the observed and simulated s0

soil during the
non-growing season (van der Velde et al. 2012).

With the completion of the calibration of s, the expression of s0
VV−soil (Equation (12)) was finally inserted

into Equation (8), the VOD retrieval based on WCM coupled with the Dubois model (VODDubois) can be
expressed as Equation (13):

VODDubois = − 1
2
cos uln

so
obs − A cos u

10−2.35 (cos u)
3

( sin u)3
100.046tanu1(ks× sin u)1.1l0.7 − A cos u

⎛
⎜⎜⎜⎝

⎞
⎟⎟⎟⎠ (13)

3.3. Evaluation metrics

The temporal Pearson correlation coefficient (R) with ancillary VIs (Equation (14)) and the standard devi-
ation of R were used as metrics to assess the retrieval performance. The study’s statistical significance was
determined by the p-value, with a threshold of p < 0.05 considered to indicate a statistically significant cor-
relation.

R =
∑n

i=1 (VODi − VOD)(Yi − �Y)
























∑n
i=1 (VODi − VOD)

2
√ 
















∑n

i=1 (Yi − �Y)2
√ (14)

where Y is VIs, i is a sequence of pixels, n is the number of valid pixels where s and daily A parameters can be
retrieved, as well as the VOD, Yi and VODi are the evaluation data or vegetation optical depth values of the
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sequence at the ith location, respectively. �Y and VOD are the mean values of evaluation data and vegetation
optical depth, respectively.

4. Result

4.1. Calibration results of parameters

To calibrate the vegetation parameter A of the WCM model over ISMN, the A0 values were first computed
using Equation (5) over the very dense vegetated (VDV) period for each site, and then the 95th percentile
was calculated. As illustrated in Figure 4, the high values parameter A is predominantly concentrated in the
western region of North America, a geographical area characterized by a predominant forest composition
(Figure 1). In this study, the parameter calibration was made for each year. Annual A of each site exhibited a
greater number of maximum values in 2018, while a greater number of minimum values were obtained in
2019, coinciding with the nadir of the Sentinel-1 backscatter.

To facilitate a comprehension of the variances in the A parameter across the vegetation types. Table 1
summarizes the mean, maximum and minimum values of parameter A over ISMN sites for each vegetation
type. As presented in the table, the average A values over the forest are obviously higher than those over
other vegetation types. Small variability in A values can be noted for shrubland, grassland and cropland.

4.2. Spatial pattern of VOD retrieval

The spatial distribution around worldwide ISMN stations presented in this study illustrated the summer-
time average values of retrievals and observations for pixels corresponding to ISMN sites (Figure 5). On
a global scale, VOD retrievals exhibited analogous spatial patterns to Sentinel-1 backscatter (Figure 5(a
and b)), with low values in Asia and high values in the western part of North America (e.g. Wyoming). Con-
versely, an opposing pattern were observed in the spatial distribution of the calibrated s and soil moisture
(Figure 5(c and d)), especially in the inland basins of Utah. In terms of partial correlation, VOD exhibited a
significant positive correlation with backscatter coefficient (R values of 0.65) and a negative correlation with
calibrated s and soil moisture (R values of – 0.28 for soil moisture and – 0.36 for s, respectively).

Nevertheless, it should be acknowledged that there are exceptions to this pattern, particularly in the
Rocky Mountains, where there is a distribution of low VOD values. The spatial pattern of VOD is analogous
to that of calibrated soil moisture and soil moisture. It could be concluded that the relationship between
VOD and two soil backscatter simulation inputs was not well reflected in western Colorado.

Figure 4. Map showing time-averaged values of calibrated A over ISMN sites.

Table 1. Average of calibrated A with respect to mean, maximum and minimum values for
different land cover
Land cover AMean AMAX AMIN

Forest 0.17 0.20 0.15
Shrubland 0.11 0.13 0.08
Grassland 0.09 0.12 0.07
Cropland 0.10 0.14 0.07
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4.3. Evaluation of VOD retrievals

Although the limited number of sites used for VOD retrieval in this study may not be enough to reveal the
dependence of VOD retrieval on land cover, a thorough investigation was conducted into the specific per-
formance of different land cover types in the retrieval process. The investigation encompassed the statistics
of the average correlation coefficients with VIs (Table 2) and analysis of seasonal dynamics (Figure 6).

Figure 5. Maps showing time-averaged summer values of retrievals and observations at the ISMN sites for VOD (a), back-
scatter coefficient (b), calibrated s (c) and soil moisture (d).

Table 2. Temporal correlation (R) and standard deviation (STD) between the retrieved VOD with respect to NDVI and EVI for
different land cover. Note that all correlation values are significant correlation with the 0.05 confidence level (p < 0.05).

Land cover

RVIs STD(RVIs)

RNDVI REVI STD(RNDVI) STD(REVI)

Forest 0.70 0.73 0.14 0.06
Grassland 0.79 0.79 0.12 0.13
Cropland 0.76 0.78 0.12 0.15
All 0.77 0.78 0.14 0.13
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As illustrated in Table 2, the average values and standard deviation of R between VOD and VIs were
derived from three major categories of land cover (e.g. forest, grassland and cropland). Our results indicated
that the performance of the R values between VOD and VIs exhibited varied performance across different
land cover types. Specifically, regarding the statistical average R values between VOD and VIs, grassland
sites performed best compared to cropland and tree cover, with the highest R values with both VIs (RNDVI-

= 0.79 ± 0.12, REVI = 0.79 ± 0.13), suggesting a strong relationship between retrieved results and vegetation
features, followed by cropland sites with RNDVI = 0.76 ± 0.12 and REVI = 0.78 ± 0.15. Then, forest sites fol-
lowed with RNDVI values of 0.70 ± 0.14 and REVI values of 0.73 ± 0.06, respectively.

Seasonal dynamics of retrieved VOD were further illustrated by plotting time series of VOD with respect
to both NDVI and EVI at representative sites of the three main land covers (Figure 6).

Regarding the different sites, it is worth noting that the performance of the VOD in monitoring veg-
etation water content (VWC) varies from one site to the other (Figure 6). Considering the seasonal
dynamics, the retrieved VOD from forest (Figure 6(a)) varied at a daily time-scale and did not effectively
capture the dynamics of vegetation features during the periods of vegetation growth (June – August). This
may partly be attributed to the fact that the vegetation backscatter exists in the forest throughout the year,
even in the non-growing period. For the grassland site (Figure 6(b)) and cropland site (Figure 6(c)), the
seasonal dynamics of the VODs were highly synchronous with the VIs, thus effectively capturing the
dynamics of the vegetation feature. This suggests that distinct coupling strategies exist between vegetation
and trees across diverse land types.

5. Discussion

5.1. Key factors affecting VOD retrieval performance

Our evaluation results present the difference in VOD performance across different land covers. The differ-
ence in VOD performance in monitoring VWC over different land cover could be partly explained by the
environment and observation conditions. Here, we focused on the impacts of the Sentinel-1 observation
orbit, backscatter correlation with VIs, soil moisture and NDVI on the retrieval.

For the purposes of the analysis below, we analyzed results from the areas where the two orbits over-
lapped (Figure 2). One is referred to as strip A (the overlap of the top right corner of the previous
scene) and the other as strip B (the overlap of the bottom left corner of the current scene). Therefore, in
terms of satellite observation, the VOD datasets for the overlapping areas in each scene were uniformly dis-
tinguished as Orbit A or Orbit B, according to the observation orbit code for each strip.

Figure 6. Temporal series of VOD and VIs for a grid cell over selected pixels. a-c, Temporal series of VOD and VIs over
selected forest site (a), grassland site (b) and cropland site (c). Each plot contains VOD, NDVI and EVI series. R1 denotes
the correlation between VOD and NDVI, while R2 denotes the correlation between VOD and EVI.
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5.1.1. Sentinel-1 observation orbit
Firstly, to confirm the impact of the observation orbits on the VOD retrieval accuracy, we compared scatter
slopes of VOD and NDVI as well as the performance of VOD retrieval (the latter was represented by the R
values between the VOD and the NDVI) across strips. This section focuses exclusively on the VOD datasets
that were retrieved from areas where two strips overlap (Figure 2) and demonstrate a significant correlation
(p-value < 0.05) with the VIs.

To quantitatively describe the effect of observation orbits on the VOD performance, the annual statistics
(correlation and slope) were computed between both retrieved VODs of two observation orbits and NDVI,
respectively, for each VOD dataset retrieved from Sentinel-1 data at descending orbits (Figure 7). It should
be noted that the VODs have different sampling dates across observation orbits.

Despite the inconsistency in sampling date, it is evident that there was a large difference between VODs
across observation orbits. The average relative difference in correlations between two VODs and NDVI
reached 21.2% (Figure 7(a)). The relative difference in slopes between two VODs and NDVI is 43.9%,
which is larger than that in correlation (Figure 7(b)).

As illustrated in Figure 8, the difference in correlation between VOD and NDVI is shown to be related to
the difference in incidence angle. This is consistent with the fact that the observed backscatter is dominated
by the factors, including incidence angle and topography (Atwood et al. 2014; Zhang et al. 2020). Therefore,
uncertainty in the observations influences the retrieval of VOD. This also demonstrates that the difference
in observation orbits has a non-negligible effect, which could potentially lead to a 60% difference in VOD
performance in the worst case (Figure 7).

5.1.2. Backscatter correlation with NDVI
Secondly, the implementation of the retrieval method is complicated by the different relationships between
the VOD and SAR signals, which vary depending on the properties of the vegetation (Rötzer et al. 2017;
Zhong et al. 2024). Thus, we investigate the backscatter correlation with NDVI and the performance of
retrieved VOD to explore the influence of satellite signal on the VOD retrieval. In this study, the correlation
between retrieved VOD and NDVI, as well as EVI, was investigated. The VOD performance was analyzed in
relation to the correlation between backscatter and NDVI, and the results were plotted to provide a com-
prehensive overview (Figure 9).

As demonstrated in a previous study (Vreugdenhil et al. 2020), there is a clear and significant correlation
between the performance of VOD and the characteristics of signals, which could be partly explained by the

Figure 7. Metrics of all datasets for VODs retrieved from different observation orbits of the same site compared to VIs. a,
Correlation R values between NDVI and VODs for two observation orbits of each dataset. b, Slope between NDVI and VODs
for two observation orbits of each dataset. The dataset’s information represented by networks, sites and years was shown
on the axis. Orbit A and Orbit B represented the two observation orbits of the same site.
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fact that a significant correlation was identified between the VOD and s0
VV (Schmidt et al. 2024; Zhong et al.

2024). With the increase of the correlation between backscatter and NDVI, the retrieval performance
increases more rapidly (Figure 9). A relationship was obtained between the correlation of VOD with VIs
and the correlation of backscatter with NDVI, evidenced by the significant correlation coefficient of 0.58
for NDVI correlation performance and 0.61 for EVI correlation performance. These coefficients indicate
that there is a lack of representativeness of VIs for the area where backscatter exhibited low correlation
with vegetation features. This suggests that when all vegetation categories are considered collectively, a
robust correlation exists between the vegetation representativeness of the observed signal and the retrieval
performance (Rötzer et al. 2017). The Sentinel-1 signals (even after the preprocess) are heterogeneous, and
this, in combination with the fact that stable signals are required to distinguish the contribution of veg-
etation and soil in the VOD retrieval (Xing et al. 2021), leads to a requirement for the properties of the Sen-
tinel-1 backscatter signals in the retrieval algorithm.

5.1.3. Soil moisture
Thirdly, we evaluated the percentage of simulated soil backscatter falls below or above the total backscatter
to explore and illustrate the effect of the accuracy of soil backscatter simulation on the VOD retrieval.

Figure 8. Scatterplots of the relationship between the difference in correlation coefficients and the difference in incidence
angles of two orbits (Orbit A and Orbit B) at sampling sites within overlapping areas.

Figure 9. Scatterplots of correlation between VOD and VIs. The colors of the symbols represent backscatter correlation with
NDVI. R1 denotes the R values between the correlation of VOD with NDVI and the correlation of backscatter with NDVI,
while R2 denotes the R values between the correlation of VOD with EVI and the correlation of backscatter with NDVI.
The correlation values are statistically significant at the 95 percent confidence level (p < 0.05).
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Soil moisture affects the VOD retrieval in the way that, with the increase of in-situ soil moisture, the
simulated soil backscatter of the Dubois model increases exponentially. For the pixels with high in-situ
soil moisture, the simulated soil backscatter could be higher than the observed backscatter.

The WCM that is used to simulate the backscatter coefficient in the VOD retrieval decomposes the total
backscatter into the vegetation backscatter and the soil backscatter. In the retrieval, the overestimated soil
backscatter data that exceeded the total backscatter were neglected, as it is hard to retrieve positive VOD
values by the WCM based on these data (Equation (13)). However, the difference between total backscatter
and simulated soil backscatter decreases exponentially with average soil moisture (Figure 10(a)).

To facilitate analysis of the impact of soil moisture on the retrieval process, the percentage of simu-
lated soil backscatter that falls below or above the total backscatter was systematically categorized based
on distinct soil moisture levels (Figure 10(b)). A consistent increasing trend of the percentage of the soil
backscatter data that exceeded the total backscatter was generally observed. The percentage of overesti-
mated soil backscatter is around 28% at high soil moisture levels in this study (soil moisture > 0.35).
This may be attributed to the fact that the C-band SAR signal increases with humidity up to a threshold
of 30-35%, beyond this threshold, the signal stabilizes and then begins to decrease (Bazzi et al. 2024).
This effect under extremely wet conditions has also been confirmed by previous studies comparing
C-band modeled backscatter with in-situ soil moisture (Aubert et al. 2012). These results clearly present
that the overestimation of soil backscatter in VOD retrievals has a non-negligible effect, which may
potentially lead to a deficiency of retrieval results (Figure 9(b)). Thus, better consideration of soil back-
scatter simulation, like a physics-based backscatter model over high soil moisture areas, should be taken
into account in the future enhancements to our algorithm (Chen et al. 2003). In this study, the number
of invalid results retrieved by high soil moisture data is comparatively low in relation to the number of

Figure 10. Analysis of soil moisture influence on VOD retrieval. a, Scatterplots of the difference between total and simulated
soil backscatter with soil moisture. The solid red line is the predictive fit obtained by backscatter difference and soil moist-
ure. b, Bars of the percentage of both simulated soil backscatter below or above total backscatter stratified by soil moisture
levels. The percentages of points for different soil moisture levels are shown on the axis.
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valid results. It was determined that there were sufficient retrieval results to quantitatively explore the
performance of the algorithm. Therefore, the Dubois model was employed in this study to simulate
the soil backscatter. It should be noted that there may be uncertainty in the VOD retrievals. This is
due to the spatial representativeness error of in-situ soil moisture data, which is caused by the hetero-
geneity of the underlying surface (Peng et al. 2024).

5.1.4. NDVI
Finally, we analyzed the correlation between VOD and VIs at each NDVI level to quantitatively describe the
effect of NDVI on the accuracy of the retrieval. The impact of average NDVI levels on the performance of
the correlation between VOD and VIs is shown (Figure 11). It was evident that a decline in the correlation
between VOD and both vegetation indices was observed as NDVI values increased (Li et al. 2021). It is
worth noting that the relative variation in correlation between VOD and NDVI reached 22%. Specifically,
the average correlation between VOD and NDVI decreases from R ∼ 0.79 to ∼ 0.62 as NDVI increases.
Moreover, a broad quantitative range is observed for the correlation between VOD and NDVI, particularly
at low NDVI levels (ranging from 0.2–0.3) or high NDVI values (interval from 0.5–0.6). Overall, the algor-
ithm performed well in general, with average correlation coefficients between retrieved VOD and both VIs
exceeding 0.77. The decrease in the evaluation results of the retrieved VOD with the increase of average
NDVI values could be partly explained by the saturation of optical data in areas with high vegetation cover-
age (Tian et al. 2016).

5.2. Implications and outlook

The main purpose of this study is to evaluate the accuracy difference in VOD retrieval across different veg-
etation types. This is achieved by undertaking a comparative analysis of the VOD retrieved by a newly devel-
oped semi-empirical algorithm with reference to MODIS optical vegetation indices. In keeping with the
evaluation of aforementioned studies, relatively higher correlation values and smaller errors were observed
for the ISMN site over semi-arid regions, including grassland and cropland (Zhong et al. 2024). This
suggests that the VOD retrieval based on the semi-empirical model in semi-arid regions, which are fre-
quently labeled as low vegetation coverage, provides important information that catches well the temporal
changes of the observed vegetation dynamics (Zhou et al. 2022).

While the model presented in this study yields favorable outcomes, opportunities for further improve-
ment include:

(1) Optimization of data input. In the most recent advancements in VOD retrieval research, the models
concern two unknown parameters in the retrieval: VOD and soil moisture (Li et al. 2022). For this
study, the soil moisture was adopted as input, aligning with the spatial resolution of the retrieved

Figure 11. Boxplots of the correlation between VOD and NDVI stratified by NDVI levels. The percentages of datasets for
different NDVI levels are shown in the axis.
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VOD. Given that the site-scale soil moisture datasets were not available across continents (Xing et al.
2021), typically available at the global scale. In future work, we will extend to explore the VOD and soil
moisture retrieval algorithm, aiming for a more comprehensive retrieval process and less datasets input.

(2) Fusion of VOD data from multiple satellites. Both ASCAT and Sentinel-1 can deliver C-band backscat-
ter observation. The temporal resolution of Sentinel-1 VOD was limited by the revisit time of the sat-
ellite (El Hajj et al. 2019). An introduced long-term VOD product, ASCAT-IB VOD (Liu et al. 2021),
can accommodate prolonged temporal information, which can make up for the low temporal resol-
ution of Sentinel-1 VOD in the retrieval (Liu et al. 2023). In the future, we will consider data fusion
and gap-filling of ASCAT and Sentinel-1 VOD in the retrieval.

As mentioned above, the regional scale 1-km VOD could be retrieved by the improved algorithm. Con-
sidering the retrieval performance across different vegetation types, future work will prioritize the semi-arid
region, facilitating the creation of a long-term and spatially continuous C-band 1 km VOD dataset.

6. Conclusion

The objective of this study was to evaluate the performance of Sentinel-1 high-resolution VOD retrieval
during 2016–2022 over ISMN. This was achieved by employing the WCM in conjunction with the semi-
empirical Dubois model. Initially, a constant roughness parameter was calibrated by considering the period
preceding vegetation growth. However, the evaluation is constrained by the given constant roughness esti-
mates, which limit the VOD retrieval due to the limited variability of soil characterization. The Sentinel-1
VOD data were retrieved on an annual basis, and the retrieved results were then subjected to evaluation
against vegetation indices (NDVI and EVI). These indices were considered as proxies of VOD. The evalu-
ation results suggest that the algorithm is effective in capturing temporal changes of the observed vegetation
dynamics, with average RNDVI = 0.77 and REVI = 0.78. In particular, retrieved VOD demonstrates a higher
correlation with VIs over grassland (RNDVI = 0.79, REVI = 0.79) than other land types. These results showed
the substantial capacity of retrieved VOD to facilitate the studies of global vegetation feature changes.

The results found over ISMN sites suggest that the proposed method could be extended to produce large-
scale VOD by high-resolution (Xing et al. 2025) or downscaled soil moisture datasets (Lakshmi and Fang
2023). Furthermore, the development of a particular version of the algorithm could be accompanied by the
improvement of soil backscatter models (Chen et al. 2003; Fung, Li, and Chen 1992): less uncertainty in the
simulation of the soil backscatter and calibration of soil parameters could be obtained by a physics-based
VOD model. In addition, the VOD retrieved from this algorithm depends on active backscatter obser-
vations. As such, it could be used to compare with passive VOD datasets. Moreover, other more appropriate
Sentinel-1 preprocess workflow will be promoted in the future, which could be used to enhance the per-
formance of VOD retrievals based on the process proposed in this study.
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