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Abstract: Vegetation optical depth (VOD), as a microwave-based estimate of vegetation water and
biomass content, is increasingly used to study the impact of global climate and environmental changes
on vegetation. However, current global operational VOD products have a coarse spatial resolution
(~25 km), which limits their use for agriculture management and vegetation dynamics monitoring at
regional scales (1–5 km). This study aims to retrieve high-resolution VOD from the C-band Sentinel-1
backscatter data over a grassland of the Heihe River Basin in northwestern China. The proposed
approach used an analytical solution of a simplified Water Cloud Model (WCM), constrained by
given soil moisture estimates, to invert VOD over grassland with 1 km spatial resolution during
the 2018–2020 period. Our results showed that the VOD estimates exhibited large spatial variability
and strong seasonal variations. Furthermore, the dynamics of VOD estimates agreed well with
optical vegetation indices, i.e., the mean temporal correlations with normalized difference vegetation
index (NDVI), enhanced vegetation index (EVI), and leaf area index (LAI) were 0.76, 0.75, and 0.75,
respectively, suggesting that the VOD retrievals could precisely capture the dynamics of grassland.

Keywords: vegetation optical depth (VOD); Sentinel-1; grassland; C-band

1. Introduction

Vegetation optical depth (VOD) is a dimensionless parameter that describes the extinc-
tion effects of microwaves passing through a vegetation canopy [1]. The changes in VOD
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depend on both vegetation water content (VWC) and canopy structure [2,3] and further-
more that they are proportional to the above-ground canopy biomass (AGB) and relative
water content (RWC) [2,4–6]. VOD products have been derived from multiple sensors with
a high temporal resolution (1–3 days), such as the C-band ASCAT (Advanced SCATterom-
eter) [7,8], X-band AMSR-E and -2 (Advanced Microwave Scanning Radiometer) [9,10],
and the L-band SMOS (Soil Moisture and Ocean Salinity) [11] and SMAP (Soil moisture
Active and Passive) [12]. These products have been used widely to monitor vegetation
biomass [13], phenology [14], drought [15], and the potential for wildfire occurrence [16].

However, the above VOD products are radiometer based and have a low resolution
(>25 km), which hampers the use of vegetation dynamics monitoring and precision agricul-
ture management at the regional scale (e.g., 1–5 km). Due to the coarse spatial resolution of
these developed VOD products, each grid cell encompasses a large area usually containing
various land cover types [17]. Within the VOD pixel, the microwave signal is strongly
affected by the vegetation canopy structure, surface roughness, and VWC [18], leading
to extremely high spatial variability of VOD [19]. In addition, high-resolution VOD, as a
necessary radiative transfer variable for the microwave soil moisture (SM) retrievals, is also
important to improve the high-resolution SM inversion [17]. Thus, high-resolution VOD is
increasingly important for many applications and research areas and has the potential to
fill gaps in optical vegetation indices that are not available under cloudy conditions.

With the launch of the Copernicus Sentinel-1 (S1) satellite series by the European Space
Agency (ESA) since 2014, backscatter observations (e.g., VV- and VH-polarization) are
available at an unprecedented temporal (6–12 days) and spatial resolution (5 × 20 m in IW
mode), which is promising for high-resolution VOD retrievals. Recent studies have shown
the potential of S1 to retrieve VOD [20,21]. The polarization cross ratio (CR, VH/VV) from
S1 was discovered to be highly correlated with the VWC [22] and vegetation indices (e.g.,
NDVI) [21] over cropland.

The Water Cloud Model (WCM) is an interesting tool for obtaining VOD products from
radar-based data, because this model’s configuration is performant at large scales, which
has a good computational efficiency and offers easy analytical solutions [23,24]. Several
pathways based on WCM are currently explored to advance the VOD retrieval from S1.
The algorithm initially developed by Vreugdenhil et al. (2018) for coarse-resolution ASCAT
VOD retrieval is not suitable for the high-resolution VOD based on S1 observations [7]
because the algorithm requires both the high-temporal resolution observations (~1–3 days)
and a large range of incidence angle observations to remove the effects of vegetation
changes on the retrievals [17]. El Hajj et al. (2019) already proposed a VOD retrieval
algorithm based on S1 observations based on WCM [25] over agricultural fields [20], but
this algorithm requires four revisiting observations for 18 days, which cannot be reached in
most regions outside Europe, due to the revisit time of S1 generally being 12 days.

An alternative VOD algorithm based on ASCAT (ASCAT-IB) has recently been pro-
posed to improve the accuracy of VOD estimates over Africa, in particular to capture the
vegetation dynamics [8]. Although the ASCAT-IB algorithm has the potential to be used
for high-resolution VOD estimation from S1, the vegetation parameters in the ASCAT-IB
algorithm do not account for the effect of different land use types on VOD estimates. This
may increase the uncertainty of VOD estimates over different types of land cover [26].

To fill these gaps, this study aims to improve the ASCAT-IB algorithm by accounting
for the effect of different soil/vegetation types at high spatial resolution scales to test the
efficiency of the ASCAT-IB algorithm for retrieving VOD at higher spatial resolution and
to retrieve high-resolution (1 km) VOD retrievals using S1 data over grasslands over the
Heihe River basin, China. More specifically, the VOD retrieval algorithm in our study
used S1 observation and SM estimates as constraints to calibrate the Ulaby model and
WCM. The performance of the proposed algorithm was evaluated using the normalized
differential vegetation index (NDVI), the enhanced vegetation index (EVI), and the leaf
area index (LAI).
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2. Data
2.1. Study Area

The Heihe River Basin (HRB, 37.7◦–42.7◦N and 97.1–102.0◦E) is the second largest
inland river basin in northwestern China, covering 12.8 × 104 km2, and belongs to an
arid–semiarid climate zone (Figure 1). The elevation ranges from 716 to 5583 m asl [27],
and the mean annual precipitation is 200–500 mm [28]. High-resolution VOD products
would be of great value for the ecological and environmental management in HRB. The
land cover in the study area is highly heterogeneous from high to low altitudes, where
major vegetation types are grasslands [29] followed by croplands and forests [30].
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Figure 1. The study area location. The background shows the land cover types, which were derived
from the CCI-LC for 2015 [30].

This study focused on the VOD retrievals over grasslands of the HRB (Figure 1), and
the growing season of grassland was from May to October. Thus, the study period was
from May to October, 2018–2020.

2.2. Sentinel-1 A Data

The S1 SAR satellite belongs to Europe’s Copernicus program and currently consists
of two satellites in orbit, Sentinel-1A and Sentinel-1B, launched in April 2014 and 2016,
respectively [31]. New generation S1 satellites provide wide-swath TOPSAR images at the
C-band (5.045 GHz) in VH and VV polarizations [32], with a total swath width of 250 km
and 12 days repeat for a single track. S1 data can be downloaded from the Sentinel-1 Data
Hub website (https://scihub.copernicus.eu/, accessed on 1 May 2021). Only Sentinel-1A
data are available over the study area. The VOD retrieved from VV polarization has a
better performance based on the previous studies that retrieved VOD from C-band radar
data [8,20]. Thus, the descending backscatter data product of Sentinel-1A at VV-polarization
was used here. Three years (2018–2020) of 10 m Level-1 Ground-Range Detected at High
resolution (GRDH) products (in Interferometric Wide Swath acquisition mode) were used
in the present study.

The ESA Sentinels Application Platform (SNAP) software package was used to pre-
process the backscatter data into the normalized backscatter [33]. The procedure to process
SAR data using Sentinel Toolbox is given as follows: (1) apply orbit data; (2) thermal noise;
(3) calibrate SAR data to obtain beta-naught (β0); (4) speckle; (5) local incidence angle
correction to obtain gamma-naught (γ0) using SRTM-1 DEM (radiometric terrain flatten-
ing); (6) foreshortening correction using SRTM-1 DEM (range-doppler terrain correction).

https://scihub.copernicus.eu/
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Accounting for the noise of S1 sensors and the limitation of spatial resolution of auxiliary
datasets used in our proposed algorithm, the backscatter dataset was resampled to 1 km
using the linear average method.

Note that the normalized backscatter γ0 was used in this study instead of sigma-
naught (σ0) and beta-naught (β0). The γ0 uses the area projected along the line of site and
is suitable for looking at volume scattering [34], i.e.,

γ0 =
σ0

cos θ
(1)

where θ is the local incidence angle.
In addition, the effects of topography on γ0 were removed. The prevalence of steep

slopes in the study area may introduce the artifacts of the DEM product, potentially
resulting in uncertainties in the terrain normalization during the SNAP process [35]. To
reduce the influence of steep slopes, slope data and the standard deviation (std) of DEM
(DEM_std) were used to filter outlier pixels with slopes > 8◦ and DEM_std > 100 m.

2.3. Soil Moisture Data

The ERA5 SM data are from the fifth generation Climate Change Service (C3S) [36]. The
hourly ERA5 soil column is discretized into four soil layers (0–7, 7–28, 28–100, 100–289 cm)
with a spatial resolution of 0.25◦. Considering that S1 (descending) observations are
obtained at 11:00 AM local solar time (LST), only the topsoil layer (0–7 cm) outputs at
11:00 LST were used between 2018 and 2020.

To study the sensitivity of S1 VOD retrievals to the source of SM data, we also explored
SM from the GLDAS-Noah (version 2.1) [37], with a spatial resolution from 0.25◦ × 0.25◦

and a temporal resolution of 3-hourly. The top 0–10 cm GLDAS SM data in the present
study were from 6:00 AM LST.

To obtain the same spatial resolution as the S1 data (1 km), all SM data were considered
as spatially homogeneous within with each pixel and resampled to a spatial resolution of
1 km using the nearest neighbor interpolation method.

2.4. MODIS Vegetation Indices

Various vegetation indices (VIs), including NDVI, EVI, and LAI, were utilized to assess
the performance of VOD products. In addition, NDVI was used to calibrate the soil and
vegetation model parameters.

The 1 km MODIS NDVI and EVI data were extracted from the 8 day MODIS prod-
uct (MOD13A2 [38] and MYD13A2 [39]), and the 500 m MODIS LAI data were ob-
tained from the 4-day MCD15A3H [40]. For retaining high-quality VIs observations, we
masked out poor-quality pixels using the respective flags provided by the MODIS products
(pixel reliability = 0). The Sentinel-2 (S2) VIs were calculated in the Google Earth Engine
(GEE) platform by using images (cloud-free) from Sentinel-2 data. These VIs data were
then aggregated to 1 km by using the linear averaging method to match the S1 grid.

Due to the inconsistent overpass time of MODIS and Sentinel-1, VIs data were tem-
porally matched to the closest S1 observation. The time of each VI products and S1 data
were matched within a maximum time interval of 4 days. In line with previous studies, the
vegetation dynamics represented by VIs were assumed to be stable during the four days,
and similar assumptions were used in [20].

2.5. Land Cover Data

The 300 m land cover data, provided by ESA Climate Change Initiative Land Cover (CCI-
LC) maps in 2015 [30] (https://www.esa-landcover-cci.org/, accessed on 1 September 2021),
were used to assist in the calibration of soil model parameters [8] and to select the VOD data
of grassland. To match the S1 data, the CCI-LC map was aggregated at 1 km by selecting
the maximum cover fraction from their original resolution.

https://www.esa-landcover-cci.org/
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2.6. Land Surface Parameters

Several land surface variables and parameters (Table S1) were used to train the soil
model parameters, including soil properties, terrain parameters, and dynamic soil tempera-
ture (ST). These data have an important impact on the SM and the signal acquired from the
microwave observations [41,42]. We divided these data into two categories to observe the
importance of two categories of variables for the soil model parameters, respectively. The
soil properties were retrieved from the SoilGrids250m dataset with a spatial resolution of
250 m, which is an automated system for global digital soil mapping that uses machine
learning methods to map the spatial distribution of soil properties [43]. The average value
of the 0–5 cm depths of twelve soil property data was used here.

The terrain parameters (e.g., elevation, slope, curvature, roughness, etc.) (Table S1)
were calculated using the Digital Elevation Model (DEM) provided by the Global Multi-
resolution Terrain Elevation Data 2010 (GMTED2010) for 15-arc-second spatial resolu-
tions [44]. These parameters were finally aggregated to 1 km using a simple averaging
method to match the spatial resolution of S1.

The 0.25◦ daily ST data were obtained from ERA5 [45]. The topsoil layer (0–7 cm) and
11:00 UTC data were selected to match the S1 overpass.

3. Methodology
3.1. Water Cloud Model

To simplify the scattering mechanism for low vegetation cover such as grassland,
the WCM assumes: (1) the “clouds” representing vegetation are uniformly distributed
throughout space [45,46], and (2) only a single scattering needs to be considered [47].
Therefore, the total backscatter in the linear scale (γo

obs) can be defined as two components,
namely, the vegetation volume backscattering (γo

vege), and the soil backscattering (γo
soil),

expressed in Equation (2). The soil component of the backscatter γo
soil is attenuated by

the vegetation transmissivity (β2). β2 is closely related to VOD and can be expressed in
Equation (3) [48].

γo
obs = γo

vege + β2γo
soil (2)

β2 = exp[−2 VOD/cos θ] (3)

where θ is the incidence angle, which was normalized to 0◦.
The backscatter from vegetation (γ0

vege) can be calculated as:

γ0
vege = AV1cos θ

(
1 − β2

)
(4)

A is the vegetation parameter, representing the vegetation canopy backscatter under
dense vegetation coverage. The V1 is usually equal to one [25]. In very dense vegetation
regions (VDV), where the soil effects could be neglected, it can be assumed that the veg-
etation transmissivity approaches zero (β2 = 0) [8], and Equation (2) can be simplified
as follows:

γo
obs = γo

vege = Acos θ (5)

where the A value in VDV (described as A0) can be expressed using the following function:

A0 = γo
obs/cos θ (6)

A(i, j, t) was set spatially homogenously equal to A95%
0 (t), which is the 95th percentile

of A0(i, j) over all VDV pixels (i, j) at day t (assuming all pixels have the same A0(t) value
at time t) [8]:

A(i, j, t) = A95%
0 (t) (7)

Studies have found that better performances in retrievals were obtained with the WCM
model when different A values were set for different types of land cover [26]. Therefore,
we computed the A0(t) value only using the A0(i, j) over VDV in grassland.
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Note that VDV pixels, which were used for the calculation of A0(i, j), were defined as
the pixels where the NDVI values were larger than the 75th percentile of the NDVI time
series (Equation (8)).

NDVIVDV > NDVI75%(t) (8)

In times without VDV, the soil has an important influence, and γo
soil (in dB) was in this

study expressed using the Ulaby model [49] as follows:

γ0
soil(dB) = D ∗ SM + C (9)

where C and D are the soil parameters, C is the backscattering coefficient under very dry
situations, and D parameterizes the sensitivity of the backscatter data to SM. The calibration
of parameters C and D are described in Section 3.2.

Combined with the Equations (2)–(4) and (9), VOD can be expressed as

VOD = −1/2cos θln
(

γo
obs − Acos θ

100.1(C+D∗SM) − Acos θ

)
(10)

using a spatially constant A parameter and spatially variant C and D parameters, as shown
in the flowchart of Figure 2, and further described below.
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3.2. Calibration of the Soil Model

The key to construct a soil model is to calibrate C and D (Equation (9)). We calibrated
C and D for each year individually in order to avoid the effects of temporal and spatial
variations in SM and backscatters [50]. The annual bare soil regions were selected to train



Remote Sens. 2022, 14, 5468 7 of 20

the calibration model of C and D, and the calibrated model was subsequently used to
estimate C and D over all of the regions (e.g., bare soil and vegetation-covering regions)
using a random forest (RF) regression algorithm. The details of the calibration procedure
are described below and illustrated in Figure 2:

(1) The selection of bare soil pixels.
We assumed that vegetation effects could be neglected in bare soil time steps, which

were defined as either: "bare soil" based on the CCI-LC type, or within the vegetation
sparse period with NDVI lower than 0.1.

(2) The calibration of soil parameters over the bare soil pixels.
Given the significant relationship between γo

soil and SM, there are two conditions to
compute the annual soil parameters C and D:

Category 1: for pixels where γo
soil is sensitive to SM, a linear relationship could be

computed between γo
soil(dB) and SM (Equation (9)). The pixels were defined as a subset of

those identified in (1), i.e., they refer to the bare soil time steps being greater than 30% of
the entire number of observations, and the standard deviation of the time series of γo

soil and
SM should be greater than 1.63 dB and 0.015 m3/m3 in 2018, 1.62 dB and 0.014 m3/m3 in
2019, and 1.64 dB and 0.015 m3/m3 in 2020, respectively. To ensure a robust and physically-
based linearity, the annual values of C and D were only retained over the regions having a
significantly positive relationship (expressed by Equation (9)) between γ0

obs(dB) and SM.
Category 2: for a subset of pixels identified in (1), where SM is consistently under very

dry conditions, and the γ0
obs(dB) is assumed to be almost constant, the annual C parameter

was calculated as the mean value of the γo
soil (Equation (11)). The standard deviation of the

time series of γo
soil and SM should be greater than 1.62 dB and 0.014 m3/m3, respectively,

and the number of SM data below 0.1 m3/m3 should be greater than 80% of the entire
number of observations:

C = average
(

γ0
soil

)
(11)

(3) The calibration of the soil parameters (C and D) over all of the regions.
Based on the results above (for category 1 and category 2), we used the land surface

parameters (Table S1) as predictors to train two random forest (RF) regression models for
the annual spatial pattern of C and D over the study area separately. RF regression is a
machine learning method that has the advantage of being a nonlinear and nonparametric
method, and the contribution of each predictor to the target that is computed by the RF
model is very useful for tuning the model. There are 27 predictors for each soil model
parameter, and collinearity exists among them. In order to achieve the best prediction of
annual C and D, the training procedure was repeated iteratively by removing the least
essential predictors in each step to find the optimum combination of predictors for the C
and D parameters separately (the amount of trees was set to 80). After this training step,
the two trained RF models were used to calibrate the annual C and D parameters over the
whole study area.

4. Results
4.1. Calibration of Soil Parameters
4.1.1. The Calibration Results of the C over the Whole Region

Taking 2018 as an example, 10,469 pixels (Equation (9)) and 28,808 (Equation (11)) bare
soil pixels were used to train the C parameter, which were mainly located in the northern
part of the study area (Figure 3a), and C values having a mean value of −15.75 ± 4.40 dB
in a range from −40 to 0 dB (Figure 3c). Based on the training data above, a random forest
model was developed to estimate C values over the whole study area. In total, 15 variables
were chosen to train the RF model of C, including 10 soil properties and 5 terrain data
(Figure 4). Cation exchange capacity (Cation), Soil organic carbon stock (C stock), and
mean value of elevation (DEM mean) were the three most important variables. Those
three variables can explain around 30% of the target. The C value corresponds to the radar
backscatter in very dry conditions, and the pixels used to calibrate the C value were located
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in the topographically flat areas; therefore, the soil properties data had a greater impact in
the C model.

Remote Sens. 2022, 14, 5468 9 of 20 
 

 

 

Figure 3. The computation results of the 𝐶 values in 2018. (a) Map of the retrieved soil parameters; 

(b) map of the RF predicted 𝐶 soil parameters; (c) histograms of the retrieved 𝐶, and (d) scatterplot 

between the retrieved and RF predicted values for the 𝐶 value. 

 

Figure 4. Feature importance of the selected variables in the RF model for predicting the 𝐶 values 

in 2018. 

4.1.2. The retrieval of the 𝐷 over all of the regions 

In total, 10,469 pixels in 2018 were selected to train the 𝐷 parameter based on Equa-

tion (9) to train the calibration model of 𝐷, which were mainly distributed in the north of 

the study area (Figure 5a), with 𝐷 values having a mean value of 37.25 ± 19.63 dB/m3 ∗

m−3 in a range from 10 to 90 dB/m3 ∗ m−3 (Figure 5c). Based on the training data above, 

15 variables were selected to train the RF model of 𝐷, including 10 soil properties and 5 

terrain data (Figure 6). DEM mean, sand total (Sand), and terrain surface texture (TST) 

were found to be the most important variables. Those three variables could explain 

around 29.6% of the target. The 𝐷 value represented the sensitivity of the radar data to 

soil moisture, and the pixels used to calibrate the 𝐷 value were located in mountainous 

areas and were greatly influenced by the topography. Therefore, the contribution of the 

terrain data (related to topography) in the 𝐷 value model was, as expected, larger than 

that in the 𝐶 value model. 

The RF model could predict the 𝐷 values effectively (R = 0.92, RMSE = 8.23 dB/m3 ∗

m−3), with predicted 𝐷 in a range from 10 to 90 dB/m3 ∗ m−3 (Figure 5d). The predicted 

𝐷 values in the southern area were generally higher than those in the northern areas, 

Figure 3. The computation results of the C values in 2018. (a) Map of the retrieved soil parameters;
(b) map of the RF predicted C soil parameters; (c) histograms of the retrieved C, and (d) scatterplot
between the retrieved and RF predicted values for the C value.

Remote Sens. 2022, 14, 5468 9 of 20 
 

 

 

Figure 3. The computation results of the 𝐶 values in 2018. (a) Map of the retrieved soil parameters; 

(b) map of the RF predicted 𝐶 soil parameters; (c) histograms of the retrieved 𝐶, and (d) scatterplot 

between the retrieved and RF predicted values for the 𝐶 value. 

 

Figure 4. Feature importance of the selected variables in the RF model for predicting the 𝐶 values 

in 2018. 

4.1.2. The retrieval of the 𝐷 over all of the regions 

In total, 10,469 pixels in 2018 were selected to train the 𝐷 parameter based on Equa-

tion (9) to train the calibration model of 𝐷, which were mainly distributed in the north of 

the study area (Figure 5a), with 𝐷 values having a mean value of 37.25 ± 19.63 dB/m3 ∗

m−3 in a range from 10 to 90 dB/m3 ∗ m−3 (Figure 5c). Based on the training data above, 

15 variables were selected to train the RF model of 𝐷, including 10 soil properties and 5 

terrain data (Figure 6). DEM mean, sand total (Sand), and terrain surface texture (TST) 

were found to be the most important variables. Those three variables could explain 

around 29.6% of the target. The 𝐷 value represented the sensitivity of the radar data to 

soil moisture, and the pixels used to calibrate the 𝐷 value were located in mountainous 

areas and were greatly influenced by the topography. Therefore, the contribution of the 

terrain data (related to topography) in the 𝐷 value model was, as expected, larger than 

that in the 𝐶 value model. 

The RF model could predict the 𝐷 values effectively (R = 0.92, RMSE = 8.23 dB/m3 ∗

m−3), with predicted 𝐷 in a range from 10 to 90 dB/m3 ∗ m−3 (Figure 5d). The predicted 

𝐷 values in the southern area were generally higher than those in the northern areas, 

Figure 4. Feature importance of the selected variables in the RF model for predicting the C values
in 2018.

The scatterplot between the calibrated and RF predicted values for the C showed the
model for the C estimates performed quite well, indicated by R = 0.95, and RMSE = 1.40 dB
(Figure 3d). The predicted C values ranged from −40 to 0 dB and were generally higher in
the north than in the south, showing a spatial pattern of a declining trend from the northern
to the central and to the southern parts of the region (Figure 3b). Similar results for the
calibrated C were also observed in 2019 and 2020 (Figures S1 and S2).

4.1.2. The Retrieval of the D over all of the Regions

In total, 10,469 pixels in 2018 were selected to train the D parameter based on Equation (9)
to train the calibration model of D, which were mainly distributed in the north of the study
area (Figure 5a), with D values having a mean value of 37.25 ± 19.63 dB/m3∗m−3 in a
range from 10 to 90 dB/m3∗m−3 (Figure 5c). Based on the training data above, 15 variables
were selected to train the RF model of D, including 10 soil properties and 5 terrain data
(Figure 6). DEM mean, sand total (Sand), and terrain surface texture (TST) were found to
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be the most important variables. Those three variables could explain around 29.6% of the
target. The D value represented the sensitivity of the radar data to soil moisture, and the
pixels used to calibrate the D value were located in mountainous areas and were greatly
influenced by the topography. Therefore, the contribution of the terrain data (related to
topography) in the D value model was, as expected, larger than that in the C value model.
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Figure 5. The computation results of the D values in 2018. (a) Map of the retrieved D soil parameter;
(b) map of the RF predicted D soil parameter; (c) histogram of the retrieved D, and (d) scatterplot
between the retrieved and RF predicted values for the D values.
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Figure 6. Feature importance of the selected variables in the RF model for predicting the D values
in 2018.

The RF model could predict the D values effectively (R = 0.92, RMSE = 8.23 dB/m3∗m−3),
with predicted D in a range from 10 to 90 dB/m3∗m−3 (Figure 5d). The predicted D values
in the southern area were generally higher than those in the northern areas, showing a
spatial pattern of an ascending trend from the northern to the central and to the southern
parts of the region (Figure 5b). Similar results of the calibrated D were also observed in
2019 and 2020 (Figures S3 and S4).

4.2. Evaluation of VOD against MODIS VIs

Figure 7a–c show that the retrievals of VOD in the three years (2018–2020) had similar
spatial patterns: the highest values were distributed in the central and eastern parts of the



Remote Sens. 2022, 14, 5468 10 of 20

study area, with VOD values between 0.2 and 0.3, and the southern region presented low
to medium VOD values, between 0 and 0.1. Figure 7d–f show the histograms of VOD in
2018, 2019, and 2020 with mean VODs of 0.18 ± 0.16, 0.20 ± 0.28, 0.25 ± 0.23, respectively.
Figure 8 shows that the VOD estimates had a well-marked seasonal variability, with
vegetation growth and biomass increases; VOD gradually increased in spring and reached
a peak in summer and then decreased during fall with the senescence of the vegetation.
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Figure 7. The upper panel represents the spatial patterns of the annual average of VOD. From left to
right: (a) 2018, (b) 2019, (c) 2020. The bottom panel represents the histograms of the annual average
of VOD. The red vertical line represents the mean value of VOD for each year. From left to right:
(d) 2018, (e) 2019, (f) 2020.

To assess the intra-annual performance of the VOD estimates in the monitoring of the
vegetation dynamics, the temporal correlation (R) between VOD and VIs for the years 2018,
2019, and 2020 are shown in Figure 9. For the comparisons between VOD and NDVI, the
mean R values were 0.70, 0.74, and 0.82 in 2018, 2019, and 2020, respectively. Similar good
performances were also observed from the comparisons of VOD with EVI (having mean
R values of 0.69, 0.70, and 0.81 in the three years) and with LAI (having mean R values of
0.69, 0.74, and 0.80 for each of the three years). The overall R values over 2018–2020 were
0.76, 0.75, and 0.75 for NDVI, LAI, and EVI, respectively. These results suggest that the
VOD estimates have good performance in monitoring vegetation dynamics over the study
area, and that the intra-annual variability (within a year) is typically captured rather than
the interannual variability between years.

The spatial patterns of the temporal R values between VOD and VIs are shown in
Figure 10. The R values between VOD and VIs were high in the middle of the study area
(Figure 10a–l), albeit with different R values over the parts of the region. VOD retrievals
were better correlated with NDVI/EVI than LAI over most of study area (Figure 11).
The percentage of pixels with the highest correlation for each VIs data point is given in
Figure 11b. VOD had the highest correlation with NDVI at over 49.53%, followed by LAI
(17.45%) and EVI (33.01%).
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Figure 8. Time-series of VOD and VIs at three sampling points: (a) site a, (b) site b, (c) site c. (their
locations are shown in Figure 1). Note: R1, R2, R3 are the correlations computed between VOD and
NDVI, EVI and LAI, respectively.

In addition, we also evaluated the VOD estimates against S2 VIs. The R between
VOD and VIs for the year 2018 is shown in Figure 12. The highest spatial correlation
values were obtained with EVI (R = 0.74), followed by NDVI (R = 0.72) and LAI (R = 0.72).
Results showed that the spatial relationship between VOD and S2 VIs was higher than
the relationship between VOD and MODIS VIs, likely because the S2 VIs data were more
temporally matched to the S1 observation than MODIS VIs.

To better understand the performance of VOD, we further looked into three well-
performing sites to show the changes in VOD and VIs, as seen in Figure 8. First, it is
important to highlight that VOD retrievals were available every 12 days, whereas the
optical VIs were often missing due to cloud contamination. For all sites, the time series of
VOD estimates showed the obvious seasonal variability of VOD estimates: VOD increased
gradually and reached a peak in summer with vegetation growth and biomass increase,
followed by the decreased VOD during fall as vegetation began to senesce. In general,
VOD had good sensitivity to VIs (e.g., R value between VOD and NDVI (EVI, LAI) was 0.89
(0.90, 0.90) at the first site (Figure 8a). VOD and VIs values generally peaked synchronously,
suggesting that the VWC was the maximum with the highest LAI and NDVI values.
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Figure 9. Histograms of temporal correlation coefficient (R) between VOD (from top to bottom: VOD
in 2018 (a–c), VOD in 2019 (d–f), VOD in 2020 (g–i), the three yearly average VOD (j–l)) and three
MODIS VIs (from left to right: NDVI, LAI, EVI). The red vertical line represents the mean value of R
for each year.
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5. Discussion

Our results showed that the proposed approach can accurately retrieve VOD at high
resolution over grassland using S1 images. Yet, the proposed VOD retrieval algorithm
has some uncertainties caused by the accuracy of SM used as input, the thresholds of
R value between SM and γ0

soil in the soil model, and other factors (topographic features,
the uncertainties in optical VIs), which will be discussed in the following sub-sections.
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5.1. Impact of Soil Moisture on the VOD Retrieval

An accurate SM value is the key to VOD retrievals, because the accuracy of γ0
soil values

in the soil model (see Equation (9)) highly depends on the SM. For example, a sensitivity
analysis by El Hajj et al. (2019) showed that a 5 vol.% underestimation in SM could lead to
an underestimation of the VOD value by 0.02 [20]. Liu et al. (2021) also discovered that an
underestimation (overestimation) in SM of 0.05 m3/m3 would result in an underestimation
(overestimation) of 0.02 in VOD over grassland [8]. In our study, the long-term value of
SM and its consequence in terms of VOD magnitude is not a primary cause of uncertainty,
because the C and D parameters might compensate for the long-term SM values. However,
the temporal variability in SM will affect the short-term or intra-annual variability of
the VOD retrievals. Although many SM products are available, validation results have
indicated that most SM products have significant uncertainties [51–53], which will increase
the uncertainties of VOD retrievals.

Thus, four SM products (e.g., SMAP-L3 [54], SMOS-IC [55], GLDAS, ERA5 SM) as
inputs in the soil model (Equation (9)) were tested in our proposed algorithm to better
understand the impact of SM accuracy on the VOD retrievals, but the results are only
shown for GLDAS and ERA5 SM, because SMOS and SMAP retrievals are hampered by
complex topography in this region (as brightness temperatures measured by radiometers
are flagged/discarded in the presence of topography due to the strong influence of this
parameter on microwave radiation). Figure 12a displays the correlation between VIs (NDVI,
LAI, EVI) and VOD retrievals using two SM products (from GLDAS and ERA5) for the
year 2019, respectively. VOD retrieved by ERA5 (ERA5VOD) shows the best performance
(mean R = 0.74, 0.74, 0.70 for NDVI, LAI, EVI, respectively), followed by VOD retrieved
by GLDAS (GLDASVOD) (mean R = 0.69, 0.69, 0.70 for NDVI, LAI, EVI, respectively),
confirming that SM is important for retrieving VOD in our algorithm.

Furthermore, the proposed algorithm assumed that the SM within the 25 km × 25 km
area is equal in each 1 km pixel due to the limitation of the coarse resolution of SM products.
Note that the assumption has high uncertainties over large regions because the SM is
known to present large heterogeneities caused by changes in meteorological conditions
and soil properties at a small scale [56]. However, high-resolution (e.g., 1 km) SM is not
operationally available in the study area. Future downscaling of existing products could be
developed to increase the spatial resolution of SM products [57–60], which will improve
the accuracy of the current VOD retrievals.

5.2. Impact of the Soil Parameters C and D on VOD Retrievals

The soil parameters (C and D) used in the soil model (Equation (9)) are keys to
the simulation of γ0

soil . The soil parameters were determined by a threshold of R values
greater than 0 between SM and γ0

obs. Indeed, the determination of the threshold could
strongly influence the performance of VOD retrievals, thus different thresholds of the R
values between SM and γ0

obs were tested in the soil model to understand the impact of soil
parameters on VOD retrievals.

Here, three R values between γ0
soil and SM, including R > 0, R > 0.2, and R > 0.4, were

used to determine the soil parameters (Equation (9)). Results showed that VOD had the
highest correlations (mean R = 0.74 with LAI in 2019) when the threshold of the R value
was zero (Figure 13b). It should be noted that the higher R values used to determine soil
parameters did not improve the VOD retrievals, as indicated by the low R values between
VOD and VIs. This may be because a higher R value threshold will lead to fewer pixels to
train the RF model, potentially resulting in uncertainty in model performance [61].

5.3. Impact of Other Factors on VOD Retrievals

Note that over some of the study area, low correlation values between VOD and VIs
were observed spatially, which can be attributed to two factors:

(1) Topographic complexity. Although the topographic effect was corrected using to-
pographic normalization during our pre-processing to correct the location of each pixel [33],
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slope steepness and slope direction had a complex effect on radar backscattering [62]. To-
pographic normalization in pre-processes cannot completely remove the impact of terrain
in complex terrains, because the DEM products (e.g., SRTM or TanDEM-X DEM) used in
topographic normalization may not be able to normalize SAR backscatter radiometrically
under complex topographic conditions [62,63].
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Figure 13. Violin plots of correlation coefficient (R) between VOD and VIs in 2019. (a) The correlation
between VIs (NDVI, LAI, EVI) and VOD retrievals, VOD retrieved from ERA5 SM and GLDAS SM.
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soil , SM) >0.4) for soil contribution model.

(2) Limits of evaluation methods. A direct validation of the VODs is not possible be-
cause of the lack of consensus on reference values from in situ measurements or models [64].
Most evaluations of VOD datasets are based on a side-by-side comparison with proxies of
the vegetation greenness based on optical vegetation indices (e.g., [8,9,14,65–68]), including
NDVI, EVI, and LAI. These previous comparisons revealed that VOD can generally capture
vegetation seasonal cycles and interannual variations in a similar fashion as vegetation
indices. Therefore, we used three optical vegetation-related parameters (e.g., NDVI, LAI
and EVI) to evaluate the accuracy of VOD retrievals from a spatial perspective, as was
done in [64]. Nevertheless, the difference in variation between VOD and VIs can also be
interpreted as VOD, representing the VWC, which contains different information than VIs
(NDVI is more sensitive to chlorophyll in leaves, LAI represents the vegetation density,
and EVI responds more strongly to the canopy type and structure). This could lead to time
lags and variations in dynamics between their time series [65,69]. Noting these limits, we
think the chosen evaluation metrics are effective for the assessment of VOD retrievals in
this study, as several studies have shown that VOD has high spatial-temporal coherence
with optical VIs, especially in short vegetation areas [8,65], while our study area is mainly
covered by grasslands (Figure 1). Uncertainties in the optical VIs could partly explain their
low correlation with VOD retrievals over parts of the study area. For example, cloud cover
and aerosols [70] may cause poor data quality and significant missing daily values, result-
ing in VIs that may not always represent vegetation change. In addition, the unmatched
footprints between MODIS VIs and S1 could be another reason for the low agreement
between VOD and VIs. Therefore, in situ-measured VWC and higher temporal resolution
VIs (such as using Sentinel-2 for calculation VIs) can be used for further validation of the
VOD in future studies.

6. Conclusions

We proposed an approach to estimate high-resolution VOD over grassland in a region
in the Heihe River basin using an analytic solution of a simplified WCM. Specifically,
the algorithm is constrained by the given SM estimates, and the vegetation backscatter
at full vegetation cover (A parameter) is assumed to be homogenous, which limits the
algorithm to uniform land cover regions with limited climate differences. The relationship
between backscatter and SM (C, D parameters) is calibrated at bare pixels and extrapolated
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to the entire grassland region via RF and using soil, temperature, and terrain properties
as predictors.

The temporal dynamics of the retrieved VOD agree well with optical VIs (the mean R
across the three years 2018–2020 is 0.76, 0.75, 0.75 for NDVI, LAI, and EVI, respectively).
However, some uncertainties, such as the accuracy of SM and topography could all affect
the accuracy of VOD estimates. The next step will concentrate on enhancing the algorithm
developed in this study and applying it to other land cover types in other areas to improve
the accuracy of VOD. In addition, comparisons could be made with in situ-measured VWC
to provide a more robust evaluation of VOD estimates.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/xxx/s1. Figure S1. The computation results of the C values in 2019. (a) Map
of the retrieved soil parameter; (b) Map of the RF predicted C soil parameter; (c) histograms of the
retrieved C and (d) scatterplot between the retrieved and RF predicted values for C value. Figure S2.
The computation results of the C values in 2020. (a) Map of the retrieved soil parameter; (b) Map of
the RF predicted C soil parameter; (c) histograms of the retrieved C and (d) scatterplot between the
retrieved and RF predicted values for C value. Figure S3. The computation results of the D values
in 2019. (a) Map of the retrieved D soil parameter; (b) Map of the RF predicted D soil parameter;
(c) histogram of the retrieved D and (d) scatterplot between the retrieved and RF predicted values
for D value. Figure S4. The computation results of the D values in 2020. (a) Map of the retrieved
D soil parameter; (b) Map of the RF predicted D soil parameter; (c) histogram of the retrieved D
and (d) scatterplot between the retrieved and RF predicted values for D value. Table S1. Surface
parameters used to calibrate the soil model parameters.
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