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 Radar satellite imagery has been widely used to obtain soil moisture (SM) estimates of high 
accuracy. Accurate information on surface soil moisture content under scalable conditions is 
important for hydrological and climatological applications. the aim of this study, the 
integration of multi-sensor satellite data to investigate the importance of features in various 
products and estimate soil moisture, is conducted using two machine learning models, 
Random Forest (RF) and Support Vector Regression (SVR), in the Lake Urmia basin. we used 
Sentinel-1 C-band Synthetic Aperture Radar (SAR) data, Sentinel-2 and Landsat-8 optical-
thermal imagery, soil property maps (SoilGrids), and climate variables (FLDAS). at first 
analysis of correlation and regression was done seasonally for the four-year period to examine 
the importance and effectiveness of their use in estimating soil moisture. Then, the 
implementation of the model was done in two stages, using all the features (22) and 10 that 
were determined based on the performance of the model. The results show that soil organic 
carbon (SOC250) and radar indices governed winter and spring moisture dynamics, whereas 
vegetation indices dominated summer and autumn predictions, reflecting vegetation-climate-
soil interactions. The Rand Forest model using all features had the highest accuracy of 0.88 in 
spring and the lowest in summer, with an accuracy of 0.80, while the SVR model had the lowest 
accuracy in summer (50.539) and the highest accuracy (0.628) in autumn, with the SVR results 
using the 10 most important features increasing by 0.1 R2 across all the variables. This 
increase in accuracy was observed in the RF model from 0.1 to 0.3, with the highest increase 
in accuracy in the summer. RF outperforms the SVR model in all evaluation metrics, including 
Mean Squared Error (MSE), R², and Mean Absolute Error ( MAE), for both feature sets and in 
all seasons. The Normalized Vegetation Structural Difference Index (NVSDI) and Normalized 
Radar Vegetation Difference Index (NRVDI) indices have helped improve model accuracy by 
providing more combined and detailed information about specific soil and vegetation 
characteristics. normalized difference vegetation index (NDVI) has a specific focus on 
vegetation, while NVSDI and NRVDI provide more comprehensive and detailed environmental 
information. These findings demonstrate the potential of multi-sensor data integration 
seasonally, for soil moisture estimation, providing and critical insight for hydrological 
modeling, monitoring environmental and agricultural.  
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1. Introduction  
 

Soil moisture is an essential component in 

hydrological and climate systems, and plays an 
important bridging function between the Earth's surface 

and the atmosphere. Spatial distribution and temporal 

variation in soil moisture vary in different areas [1, 2]. 
Advances in technology have enhanced agricultural 
yields, where accurate SM estimation plays a vital role in 
irrigation scheduling, a key issue in agriculture [3]. 
Traditional SM monitoring methods are labour-intensive 
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and lack sufficient spatial coverage [4, 5]. SM's high 
spatiotemporal variability further complicates its 
measurement. Satellite remote sensing thus offers a 
powerful alternative for large-scale SM estimation [6]. 
This study aims to develop a scalable, high-resolution soil 
moisture estimation framework for various seasons by 
integrating SAR and multispectral indices, tailored for 
complex landscapes such as the Lake Urmia Basin. 
Several approaches combining optical and microwave 
remote sensing data have been proposed for SM [7]. 

Remote sensing techniques encompass optical, 
thermal [8], and microwave (both active and passive) 
domains [9, 10], generating valuable global datasets [11], 
and climate products [12]. For instance, a hybrid 
methodology using Sentinel-1, Sentinel-2 [13], and in-
situ data from the International Soil Moisture Network 
(ISMN) has been tested across different climatic contexts 
[14] [15]. Similarly, the SMOS and SMAP missions utilize 
passive microwave observations to support hydrological 
and climate research [16, 17]. In a complementary 
approach, AirSAR and Landsat sensors have been 
employed under varied soil moisture conditions and 
vegetation levels, demonstrating the utility of both 
optical and radar data for vegetation monitoring [18]. 
Despite advancements, accurate measurement remains 
challenging in heterogeneous areas [19]. Optical 
methods face cloud cover limitations [20], while 
microwave sensing, though all-weather capable and 
sensitive to soil moisture [16, 21], is affected by 
vegetation interference [22]. Integration of multispectral 
and SAR data addresses this [16, 23, 24], using optical 
indices (e.g., LAI, VCI, VHI, TCI, LST) from Sentinel-
2/Landsat to quantify vegetation impacts [13, 25–27], 
alongside radar-specific indices (e.g., RVI, DPDD, DPSVI, 
VDDPI) adapted for Sentinel-1 [27–29]. This combined 
approach significantly improves accuracy by correcting 
vegetation-induced errors in radar signals [13, 15, 16, 30, 
31].  

Among various remote sensing techniques, Synthetic 
Aperture Radar (SAR) has demonstrated significant 
potential for high-resolution soil moisture estimation at 
the watershed and field scale [3, 7, 28, 29, 32]. 
This capability has been further enhanced by machine 
learning (ML), which has emerged as a powerful tool for 
understanding and predicting soil behavior [39,41]. ML's 
ability to handle complex, non-linear relationships and 
multivariable factors has driven its adoption in soil 
moisture prediction [33]. with expanding applications in 
satellite-based monitoring and downscaling [34]. While 
model performance varies across environmental settings 
and depends on data quality and quantity [35], ML excels 
at processing large-scale complex datasets to extract 
intricate patterns often missed by conventional methods 
[35]. Common ML algorithms for soil moisture 
estimation include Support Vector Regression (SVR), [36, 
37] Artificial Neural Networks (ANN) [38, 39]Random 
Forest(RF) [36], and eXtreme Gradient Boosting 
(XGBoost)[40]. Among these, RF has been widely used 
for spatial variable prediction [37], while SVM/SVR 
approaches have been extensively applied across various 
domains [41]. Empirical comparisons frequently show 
superior performance of RF and SVM/SVR over other 

methods, with RF often achieving the highest accuracy in 
classification tasks [30, 42]. A consensus confirms that 
both RF and SVR models are highly efficient for 
estimating soil moisture levels [20, 43–45]. 
This study focuses on soil moisture prediction in the Lake 
Urmia basin, a major global climate hotspot where 
hydrological studies remain limited due to data scarcity. 
Soil moisture measurement here is particularly 
challenging due to high spatial variability in soil depth, 
relief, soil type, vegetation cover, and land use. 
Additionally, environmental factors such as temperature, 
rainfall, and evapotranspiration further complicate 
accurate measurements [46]. To address these 
challenges, this study is the first to integrate the 
effectiveness of a scalable multi-sensor framework with 
an emphasis on Sentinel-1 imagery, combined with a 
comprehensive dataset (Sentinel-2 and Landsat-8 
optical-thermal imagery, SoilGrids, and FLDAS) in the 
Urmia Lake basin. Soil moisture estimation for the period 
2020-2024 was performed using two machine learning 
models (RF and SVR), considering seasonal prioritization 
of features. Also, the moisture stress indices LST, VHI, 
and VCI were evaluated for seasonal moisture 
estimation. Among them, LST was of great importance, 
especially in summer. It is worth noting that two 
composite, multispectral, and radar indices, NRDVI and 
NVDSI, were proposed in this study, which complement 
the vegetation survey with higher efficiency than single 
indices and can be useful in moisture stress monitoring. 
 

2. Materials and methods 

2.1. Study Area 

The Lake Urmia basin spans approximately 52,000 
km² in northwest Iran [47]. situated between latitudes 
36°26' to 38°16' N and longitudes 45°2'5" to 46°15' E, 
covering parts of the western and eastern Azerbaijan and 
Kurdistan provinces (Figure 2) [48]. Lake Urmia is one of 
the largest permanent hypersaline lakes on Earth, 
serving as a critical habitat for diverse bird species, 
contributing to its global ecological importance. The 
basin supports about 7.9 million people, with key urban 
centers such as Tabriz, Maragheh, and Bonab. The 
surrounding regions are fertile agricultural lands, heavily 
dependent on water resources. The local economy 
integrates both agricultural and industrial activities, both 
of which rely significantly on the lake’s hydrological 
systems [46]. In recent years, 35 dams have been 
constructed across 21 rivers feeding into Lake Urmia to 
facilitate agricultural development in the region. 
Nonetheless, due to decreased surface water and 
increased salinity, the lake has been in a precarious state 
in recent years [47]. Lake Urmia has experienced 
significant shrinkage due to natural and anthropogenic 
factors, including decreases in air fronts originating from 
Europe and cold regions [48]. Agriculture in the Lake 
Urmia basin is highly reliant on precipitation and 
increased temperatures attributed iant on river 
irrigation canals, which have led Lake Urmia water levels 
to fall in recent years [49]. Dams have increased demand 
for industrial and household purposes, causing a long-
term drought in the area and a reduction in Lake Urmia's 
water[46]. 
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Figure 1. The study area location and Grand Truths  
 

 

2.2. Data Description 

The study used SoilGrids data (https://soilgrids.org/) 
at 1,000-meter and 250-meter resolutions, along with 
FLDAS weather data, including precipitation and 
evaporation, to evaluate soil moisture trends at a depth 
of 5 cm. SoilGrids is a global soil mapping platform 
developed by the International Soil Reference and 
Information Center (ISRIC) [50, 51], which uses machine 
learning algorithms and environmental data to generate 
high-resolution maps of soil properties. In an innovative 
step to investigate the relationship between parameters 
extracted from radar and multispectral images and their 
effects on seasonal soil moisture fluctuations, we 
combined spatial soil characteristics from SoilGrids with 
weather-driven soil moisture estimates from FLDAS to 
create the Soil Moisture Fusion Dataset (SMFD). This 
integrated dataset provides a comprehensive 
representation of soil moisture dynamics, capturing 
seasonal patterns and regional variations. SMFD offers a 
solid foundation for analyzing soil moisture behavior at 
different spatial and temporal scales. 

 

                                                                    
1 SoilGridsV2 provides global gridded soil property maps derived 

from ML-based aggregation of thousands of soil profiles and 
environmental covariates 

 

 

Figure 2. Seasonal trends in surface soil moisture based 

on data from the Famine Early Warning Systems 
Network Land Data Assimilation System (FLDAS) and 
soil moisture fusion dataset (SMFD). 
 

Sentinel-1 Level-1 GRD IW swath images with VV and 
VH polarizations [14] in descending mode, a total of 147 
images were employed for radar-based moisture 
estimation. These images, processed to 10 × 10 m Ground 
Range Detected (GRD) products, were derived from raw 
Single-Look Complex (SLC) data (5 × 20 m resolution) 
through multi-looking, geocoding, and subswath 
stitching [52, 53]. Additionally, 598 Sentinel-2 Level-2 
images (mosaics of four images per entry), covering 10 
spectral bands in Visible (VIS), Near-InfraRed (NIR), and 
ShortWave InfraRed (SWIR) with spatial resolutions of 
10, 20, and 60 m, were acquired. Sentinel-2 images were 
acquired with a time lag of less than 5 days relative to 
Sentinel-1, balancing data availability. This time lag 
introduces uncertainties due to the dynamic nature of 
Vegetation Water Content (VWC), which can vary 
substantially over short timescales, influenced [36]. 
Additionally, 105 Landsat-8 images were utilized to 
derive vegetation information using spectral indices and 
surface temperature. The datasets used in this study are 
summarized in Table 1, which includes satellite 
characteristics, orbital paths, number of images, and 
ground samples. 
 

Table 1. Data used in this study 

Sensor/ 
Dataset 

Orbit Pass / Sensor 
Type 

Number 
of 

images 

Number 
of 

samples 
Sentinel-1 Descending/SAR 147 5836 

Sentinel2/A, B Multispectral bands 598 5836 

Landsat-8 
Multispectral bands 

and TIR (Thermal 
Infrared) bands 

105 5836 

SoilGridsV2 
1(OpenLandM) 

Soil property (ML-
based, gridded) 

- 5836 

FLDAS Climate reanalysis 
Seasonal 
average 

5836 

 

A total of 5,836 samples, as mentioned in Table 1, 
Data from all sources were aggregated to a 100-meter 
spatial grid and averaged seasonally over 4 years. Data 
collection, preprocessing, and the calculation of derived 

file:///C:/Users/User/Desktop/MaryamSadeghi/peaper_par/(https:/soilgrids.org/)
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indices (e.g., vegetation and thermal indices from This 
Sentinel-2, dipole dispersion coefficients from Sentinel-
1) were conducted on this seasonally aggregated dataset 
to prepare inputs for machine learning modeling. 
approach ensures that both spatial heterogeneity and 
temporal variability are captured for accurate surface 
soil moisture estimation. with additional information 
provided below. The dipole dispersion coefficients of VV 
and VH acted as initial inputs for radar-based soil 
moisture recovery ،While the Sentinel-2 surface 
reflection data provided vegetation parameters through 
spectral indicators. This dataset evaluates the correlation 
between these parameters and surface soil moisture, and 
the performance of the RF model machine learning 
algorithm, which is commonly used to estimate surface 
soil. This data set was used to evaluate the performance 
of the common collision forest model machine learning 
algorithm to estimate surface soil. 
 

 

2. 3. Methodology 
2. 3.1. SAR Vegetation Indices 
The synergistic use of SAR and multispectral data is 
crucial for comprehensive vegetation and soil moisture  

monitoring, as they provide complementary 
information on structural (e.g., canopy geometry from 
SAR) and biochemical (e.g., chlorophyll content from 
multispectral data) vegetation characteristics. This study 
leveraged Sentinel-1 C-band SAR data, particularly 
sensitive to soil moisture variations in the VV 
polarization (Table 2) [54].  
To account for the effects of vegetation on backscatter, 

Numerous vegetative descriptors have been 
developed. In this study, fourteen dual-polarization GRD 
SAR and multispectral-derived vegetation descriptors 
were utilized. Key indices included SAR-based indices 
such as RVIdp [61], and the Dual-Polarization SAR 
Vegetation Index (DPSVI), which distinguishes 
vegetation from bare soil using Euclidean distances 
between VV and VH backscatter [66]. Traditional 
multispectral indices, including NDVI and LAI, were also 
employed for soil-vegetation-atmosphere modeling [59, 
67]. This combination enables comprehensive 
characterization of vegetation-soil moisture interactions. 
Seasonal averages of these indices (2020-2024) were 
calculated from preprocessed imagery and served as 
critical inputs for machine learning models. 
 

2. 3. 2. Processing in GEE 

In this study, Google Earth Engine (GEE) was 
employed as the primary platform for data integration, 
preprocessing, and analysis over the period 2020 to 
2024. [68]Essential pre-processing steps supported by 
GEE include thermal noise removal, radiometric 
calibration, border noise modification, spot filtering, and 
ground modification using a 30-meter high digital height 
model, which ensures data compatibility and geometric 
accuracy for a wide range of applications [58, 69]. All 
additional preprocessing is optional and can be adjusted 
by the user depending on specific requirements and 
application needs. This preprocessing, such as Speckle 
Filtering, ensured high-quality, geocorrected radar 
backscatter data for further analysis[70]. Multispectral 

data from Sentinel-2 and Landsat-8 were also accessed 
and processed in GEE. The platform facilitated combining 
these multi-sensor datasets with soil property and 
climate-driven datasets for comprehensive soil moisture 
modeling. Additionally, GEE's cloud computing 
capabilities allowed efficient extraction [19, 71]. The use 
of GEE enabled scalable, reproducible analysis with 
timely access to updated satellite data, crucial for this 
study's integrated soil moisture estimation approach. In 
this study, in the GEE environment, following 
preprocessing and spatiotemporal filtering of the images, 
various spectral indices were calculated. Their seasonal 
averages were collected in combination with the climatic 
dataset of soil properties. As a data point dataset in 
combination with GPS points from the study area was 
used to increase spatial accuracy. Then prepared in a GIS 
environment, as the collected dataset was used as critical 
input features for machine learning models implemented 
in Google Colab [51, 64]. This combination enables 
comprehensive characterization of vegetation-soil 
moisture interactions. Seasonal averages of these indices 
(2020-2024) were calculated from preprocessed 
imagery and served as critical inputs for machine 
learning models. 
 

2.3. 3. Machine Learning Algorithms  

The RF and SVR machine learning algorithms were 
employed to estimate surface soil moisture using 
combined Sentinel-1 SAR, Sentinel-2 multispectral 
imagery [72], and the SoilGrid Dataset. The RF algorithm, 
developed by [32, 73], is an ensemble learning method 
that combines decision trees and bagging for 
classification and regression tasks. It builds multiple 
decision trees using random subsets of features and data, 
enhancing model robustness and accuracy [36, 74, 75]. 
This approach improves robustness against overfitting 
and noise inherent in remote sensing datasets and adapts 
well to diverse spatiotemporal scales [76]. The SVR 
algorithm, an extension of the Support Vector Machine 
(SVM) developed by Vapnik in the 1990s for regression 
problems, applies SVM principles to regression [36, 47]. 
SVR is an important application of the SVM to regression 
problems. Using SVR as a regression analysis needs to 
find a hyperplane, such as SVM. The difference is that it 
needs to find a plane in SVM to make the support vectors 
or all data of two classification sets farthest from the 
classification plane, while SVR is to find a regression 
plane to make all data of a set closest to the plane, which 
is suitable for solving the regression problem in the case 
of small samples [77]. To select the best parameters, 
gamma, epsilon, and C were tuned for SVR, while RF 
parameters such as the number of trees and maximum 
depth were optimized. This systematic parameter tuning 
improves model generalization and performance. The RF 
model was configured with 100 trees 
(n_estimators=100) and a random_state=45 to ensure 
reproducibility in data splitting and random sampling. 
The selection and tuning approach is consistent with 
scikit-learn documentation and supported by numerous 
SVR tuning studies, although implementation details 
vary among studies [89,64]. The method of this 
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technique systematically evaluates combinations of 
these parameters to improve the generalization and 
performance of the model. The RF model with 100 trees 
(n_estimators=100) and the value of random_state=45 
was used to ensure repeatability in the data splitting 
process and random sampling [53, 79]. In the selection of 
the machine learning model, as documented in scikit-
learn and supported by numerous studies on SVR tuning, 
it is consistent. Implementation specifics vary across 
studies. 

 

Table 2. Description of extracted vegetation features 

that 80% of the dataset was used to train the models, 
while the remaining 20% was reserved for evaluating 
model accuracy [80]. this selection process enhances 
model efficiency by reducing dimensionality while 
preserving predictive. The 22 Features were 
standardized using StandardScaler before training. The 
RF model was trained and evaluated using MSE, R², and 
MAE [91]. The RF model was trained and evaluated using 
MSE, R², and MAE [91]. The general procedure followed 
in this study is illustrated in Figure 3, depicting the 
flowchart of the overall process. 

 

Index Formula Description Reference 

RVI 
(Radar Vegetation Index) 

 

RVI=
4.𝜎°𝑉𝐻

𝜎°𝑉𝑉+𝜎°𝑉𝐻
 

𝜎0𝑉𝐻: VH polarization backscatter intensity 
𝜎0𝑉𝑉: polarization backscatter intensity 

 
[55] 

PRVI 
Polarimetric Radar Vegetation 

Index 

PRVI=(1-

𝑚𝑐)𝜎𝑣ℎ(
2𝑞

1+𝑞
𝑞𝑣ℎ) 

Where,  0 ≤ 𝑞 = 𝜎𝑣ℎ
𝜎𝑣ℎ

𝜎𝑣𝑣
 ≤ 1, q = 

𝑣ℎ𝑖)

𝑣𝑣𝑖
 [56] 

IDPDD 
(Inverse Dual-Pol Diagonal 

Distance) 

IDPDD=
𝑣𝑣𝑚𝑎𝑥−𝑣𝑣𝑖)+𝑣ℎ𝑖

√2
 

 
 
 
 

σvv(max) is the maximum value observed in VV polarized imagery. 
σvv(i) is a value of the ith pixel in VV polarized imagery. 

The minimum diagonal distance of the Soil-Vegetation Edge represents 
soil or barren land, and as the distance increases, it indicates the 
presence of vegetation. Hence, the pixels located at the maximum 

diagonal distance indicate the presence of vegetation. 

[57] 

DPDD 
(Dual-Pol Diagonal Distance) 

 

IDPDD= 
( 𝑣𝑣𝑖+( 𝑣ℎ𝑖)

√2
 

VV(i) and VH(i) are the VV and VH band values, 
respectively, in the pixel at the coordinate (i). 

This index has a higher potential to separate the pixels representing 
vegetation from pixels of bare soil (which also includes settlements and 

other bare surfaces). 

[41, 58] 

VDDPI 
(Vertical Dual de-Polarization 

Index) 

VDDPI=
𝑣𝑣𝑖+𝑣ℎ𝑖)

𝑣𝑣𝑖
 

Where VV(i) and VH(i) are the VV and VH band values, respectively, in 
the pixel at the coordinate (i). 

The ratio between total polarized power and co-polarized power. This 
parameter estimates the degree to which the surface depolarizes the 

transmitted signal under investigation. 

[41, 50] 

DPSVI 
(Dual Pol Soil Vegetatio[25]n 

Index) 

DPSVI= ( 𝐼𝐷𝑃𝐷𝐷 i* 
𝑉𝐷𝐷𝑃𝐼𝑖*𝜎𝑣ℎ𝑖) 

 
IDPDD=

σ0VV𝑚𝑎𝑥−σ0VV)+𝜎°𝑉𝐻

√2
.

𝜎°𝑉𝑉+𝜎°𝑉𝐻

𝜎°𝑉𝑉
. 𝜎°𝑉𝐻 

 

DPSVI is a product of two other indices: IDPDD and VDDPI. The IDPDD 
distinguishes pixels of water and/or vegetation from bare soil pixels. the 
index is mathematically normalized, and the resulting value increases 
with the increased amount of above-ground biomass. 

[59, 60] 

NDVI 
(normalized difference 
vegetation index) 

NIR – RED/NIR + RED 
utilized higher-resolution Sentinel-2A/B satellite data with 10 m 

resolution 
 

[53, 61] 

LAI (Leaf Area Index) 

𝐸𝑉𝐼
= 2.5

∗
(𝑁𝐼𝑅 − 𝑅𝐸𝐷)

(𝑁𝐼𝑅 + 6 ∗ 𝑅𝐸𝐷 − 7.5 ∗ 𝐵 + 1)
 

 
LAI= 3.618×EVI−0.118 

where the bands are selected as: 
RED: band B4 
NIR: band B5 

BLUE: band B2 

[59] 

LST 
(Land Surface Temperature) 

𝑇𝑠= 

𝑘2

(𝐿𝑛
𝐾1
𝐿𝑦

+ 1)

− 273.1 

BT: brightness temperature (0C) 
K : thermal constants (W/(m2.sr.µm) and K), found in METADATA file; 

273.1: subtracted to return the temperature in Celsius 
[62] 

𝑉𝐶𝐼 
 

9Vegetation Condition Index) 

(𝑁𝐷𝑉𝐼−𝑁𝐷𝑉𝐼𝑚𝑖𝑛/ 
𝑁𝐷𝑉𝐼𝑚𝑎𝑥−𝑁𝐷𝑉𝐼𝑚𝑖𝑛) 

where NDVI is the value for the pixel and month and NDVImin and 
NDVImax are the minimum and maximum values of NDVI over the 
whole period of 2020–2024, for the considered pixel and month. 

[10] 

𝑇𝐶𝐼 
(Thermal Condition Index) 

(𝐿𝑆𝑇𝑚𝑎𝑥−𝐿𝑆𝑇/ 
𝐿𝑆𝑇𝑚𝑎𝑥+ 𝐿𝑆𝑇𝑚𝑖𝑛) ∗ 

100 
It should be noticed that Kogan (1997) [9, 25, 64] 

𝑉𝐻𝐼 
(Vegetation Health Index) 

𝛼𝑉𝐶𝐼 + (1 − 𝛼) 𝑇𝐶I where α is a weight parameter that is usually set as α = 0.5 [65]  

NRVDI  
 )Normalized Radar Vegetation 

Difference Index ) 

RVI - PRVI / RVI + 
PRVI 

NPVDI leverages SAR data to detect subtle structural and polarimetric 
variations in vegetation canopies. 

- 

NVSDI 
 )Normalized Vegetation 

Structural Difference Index ) 

DPSVI – LAI / DPSVI + 
LAI 

RADAR Normalized Difference Vegetation Index - 
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Table 3. Describing and summarizing the 
characteristics used and the statistical summary 

Name  
Featur
es 

Description 
Mea
n 

Std Min Max 

F
ea

tu
re

s 
Se

le
ct

ed
 f

ro
m

 S
en

ti
n

el
-1

 

RVI 
Radar Vegetation 
Index 

0.84 0.04 0.43 0.94 

IDPDD 
Integrated Drought 
Prediction and 
Detection Index) 

0.45 0.13 0.04 0.89 

VDDPI 
Vegetation Drought 
Performance Index 

0.66 0.01 0.48 0.99 

PRVI 
Polarimetric Radar 
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Figure 3. Workflow for soil moisture estimation 
 
 
4. Results and Discussion 
4.1. Analysis of the Relationship Between Features 
and Soil Moisture 

 
Seasonal variations affect the correlations between 

key environmental variables and the SMFD. These 
variations highlight the complex interactions influencing 
soil moisture dynamics in spring. The correlation matrix 
(Figure 4) analyzes the relationships between various 
parameters and seasonal humidity. The findings reveal 
strong positive correlations among radar-based 
indicators; for example, VV and DPDD (R = 0.93), and VV 
and VH (R = 0.81). Moreover, DPDD is highly correlated 
with PRVI (R=0.96). DPSVI exhibits nearly perfect 
negative correlations with LAI and NDVI (R=-0.9 each), 
indicating suppressed canopy development. Soil texture 
variables show modest correlations (0.4) with vegetation 
indices, while thermal variables such as LST display weak 
negative correlations with NDVI (R = -0.20) and SMFD (R 
= -0.24). TCI and VCI are moderately negatively 
correlated (R = -0.36). Vegetation structural indices, 
NRVDI, are clearly characterized by high correlation 
values. Overall, vegetation indices LAI and NDVI 
demonstrate robust, seasonally consistent positive 
correlations with SMFD, particularly during summer and 
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winter. Radar variables VV and VH show stable moderate 
correlations (R = 0.3–0.4), whereas soil and thermal 
factors exert weaker, season-dependent influences. 
These seasonal variations underscore the dynamic 
complexity of soil moisture regulation, emphasizing the 
critical need to consider both temporal and 
environmental factors when selecting key predictors to 
enhance the accuracy of ecological and hydrological 
models. 
 

Figure 4. Correlation matrices coefficients between 
various independent variables and the Soil moisture 

fusion dataset (SMFD) in the spring. 

 
Soil Moisture Correlation Analysis Across Seasons 
The bar charts present the correlation between the 
feature and SMFD during four distinct seasons (Figure 5). 
Radar indices such as VV, RVI, DPDD, and VH show 
moderate to strong positive correlations (approximately 
0.3 to 0.65) with SMFD. Conversely, soil texture 
parameters, including sand content, demonstrate 
negative correlations, reflecting reduced moisture 
retention in sandy soils. Vegetation indices such as LAI 
and NDVI show positive correlations in the spring and 
winter. These seasonal analyses highlight the complex, 
dynamic relationships between soil moisture and 
environmental factors, emphasizing the importance of 
integrating multi-sensor data to accurately capture soil 
moisture variability throughout the year. 

 

 

 

 

 
Figure 5. bar chart between parameters and the Soil 
Moisture Fusion Dataset (SMFD) in different seasons 
 
Figure 6 shows the importance matrix of model features 
for predicting soil moisture in four seasons with R² 
values. This heat map shows which features had the 
highest explanatory power in each season. In most 
seasons, the radar indices (VV, VH, DPDD), vegetation 
indices (NDVI, LAI, PRVI), and the soil-like property 
SOC250 (soil organic carbon at a depth of 250 cm) 
showed high explanatory power in most seasons in 
estimating soil moisture. In winter, predictive capability 
was moderate, with SOC250 achieving the highest R² 
(0.45), while radar and vegetation indices showed lower 
contributions, suggesting the influence of additional 
environmental factors. Vegetation light indices, including 
NDVI, NRVDI, NVSDI, and DPSVI, are especially important 
in summer and autumn (R² values up to about 0.4), 
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which indicates that vegetation cover and photosynthetic 
activity are important factors in determining soil 
moisture in these seasons. The land surface temperature 
index (LST) is particularly influential in the summer, with 
an R2 of about 0.23, which indicates the role of 
temperature in the process of evaporation and moisture 
transport. Radar indices (VH, VHI) are less important in 
the model; however, VH is slightly more effective in 
autumn and winter, which is probably related to the 
sensitivity of the radar to surface moisture. Indices such 
as TCI, VCI, VDDPI, and angle are the least important and 
have less impact on the prediction model. The strong 
applicability of SOC250 and NDVI highlights their value 
as crucial variables guiding soil moisture contents. The 
difference in the importance of these indices during 
seasons is consistent with natural variations recorded 
during vegetation and soil cover seasons. This analysis 
provides a deeper understanding of climatic dynamics 
and their consequences for environmental and 
agricultural activities, and is useful for deriving further 
accurate models for controlling water and soil resources. 
 In this section, the importance of features is examined 
based on the model performance. Of the 22 features used 
for each season and the entire dataset (Table 3), the 
results of the feature ranking which is measured based 
on the impact of the features on the accuracy of the 
model. RF model showed that revealing distinct seasonal 
patterns where SOC250 exhibited the highest 
importance in winter (0.4815) and spring (0.4803), 
emphasizing the critical role of soil organic carbon 
during these periods, while in summer and fall, NDVI 
emerged as the dominant predictor (0.4256 and 0.2528, 
respectively), reflecting the influence of vegetation 
dynamics during active growth seasons. In the analysis of 
the importance of features in the SVR model for 
predicting soil moisture in the fall, the LAI index, with 
values of (0.41, 0.134, and 0.091), had high significance, 
respectively. Unlike spring, where soil properties were 
the main factor, in autumn, plant characteristics have a 
dominant contribution (more than 40%) in predicting 
soil moisture, which indicates a change in the seasonal  

 

 

 

 

pattern of soil and plant characteristics. Along with 
indices such as NVSDI, DPSVI, and NRVDI, they also  
showed significant contributions throughout the 
seasons, and based on the feature ranking, soil-related 
variables (Sand250, Sand1000, and BulkD250) and 
NDVI, NVSDI, DPSVI, NRVDI, and LAI appeared regularly 
in different seasons. Other features appeared 
intermittently. These results emphasize the necessity of 
integrating both soil properties and vegetation indices 
when modeling soil moisture, as their relative influences 
shift with seasonal changes (Figure 7). 
 

 
 
 

Figure 6. Seasonal Heatmap of Explanatory Power (R²) of features used for Soil Moisture 
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Figure 7. Bar Chart of Feature Importance Scores from 
Result Rf and SVR Models 
 

The error rate in the SVR model was higher than that of 
the RF in all evaluation criteria, including the mean MSE, 
R², and MAE for both model runs. The SVR model has a 
significantly higher error rate and lower explanatory 
power. MAE values consistently higher than the RF 
model, ranging between 0.0552 and 0.0627. Notably, the 
RF model achieved its highest prediction performance 
when using the top 10 relevant features. the lowest MSE 
values were observed in RF of 0.0012 in winter and 
0.0010 in spring. The SVR model had the lowest accuracy 
in summer (50.539%) and the highest accuracy 
(0.628%) in fall. increasing the accuracy R² in two runs 
was observed in the RF model by 0.1 to 0.3, with the 
highest increase in accuracy in the summer (0.80 to 
0.83). The results of this study prove that the RF model, 
leveraging selected important features, proves to be a 
more robust and accurate tool for seasonal soil moisture 
forecasting. 
 

Table 4. Accuracy of the random RF and SVR models in 
predicting soil moisture 

 

In this study, the Sensitivity analysis[81] of NRVDI 
and DPSVI were analyzed to evaluate the development 
indicators, and a mixed analytical framework, including 
correlation and regression components, was used to 
evaluate the performance of these indicators. Our 
comprehensive regression analysis across four seasons 
revealed distinct patterns in the predictive performance 
of vegetation cover and soil moisture indices for NDVI 
estimation.NVSDI and LAI indices, with mean R² values 
of 0.790 and 0.775, respectively, showed excellent 
predictive capabilities, making them the most reliable 
indicators of seasonal variation. They also appeared in 
the accuracy range of 0.87 to 0.93 during winter and 
autumn, respectively. SMFD showed a significant positive 
relationship with vegetation cover in all seasons and 
explained an average of 26.1% of the NDVI variation. The 
consistently high performance of NVSDI indicates that it 
effectively captures the biophysical properties of 
vegetation related to soil moisture. This relationship was 
particularly pronounced in the summer months (R² = 
0.349), indicating an increased hydrological influence on 
vegetation dynamics during warmer periods. Relatively 
lower values than NVSDI and LAI, but with a high 
standard deviation (0.244 ± 0.122) indicate that NRVDI 
has relatively lower values but usually performs better in 
some specific seasons and can indicate that NRVDI can 
provide useful supplementary information, especially 
when other vegetation indices do not show changes well. 
 

Table 5. Sensitivity analysis and seasonal performance 
of NRVDI and DPSVI indices in NDVI prediction 

 

Here are some examples of regression plots used in 
sensitivity analysis to examine explanatory power. The 
results show that NVSDI has a very strong negative linear 
relationship with NDVI during both summer and fall 
seasons, with coefficients of determination R2 of 0.924 
and 0.928, respectively. This indicates that as NVSDI 
increases, NDVI decreases in a tightly coupled manner, 
suggesting that NVSDI effectively captures structural 
changes in vegetation linked to leaf area and scattering 
properties. In contrast, NRVDI demonstrates a moderate 
positive correlation with NDVI (summer = 0.325). This 
suggests that while NRVDI reflects some vegetation 
variations detectable by radar backscatter differences, it 
also has a more accurate relative DPSVI and PAR alone. 
These findings suggest that NVSDI, integrating structural 
scattering information (DPSVI) and canopy properties 

Seasons  Used 
Features 

Mean 
Squared 
Error 

R-
squared 

Mean 
Absolut
e Error 

Winter 
(w) 

RF 22 F 0.0022 0.861 0.032 

 10 IF 0.0012 0.87 0.022 

SVR 
22 F 0.0043 0.60 0.056 

10 IF 0.0042 0.610 0.0552 

Spring 
(S) 

RF 22 F 0.0012 0.88 0.022 

 10 IF 0.0010 0.90 0.019 

SVR 
22 F 0.0045 0.599 0.058 

10 IF 0.0044 0.609 0.0571 

Summer 
(SUM) 

RF 22 F 0.0020 0.80 0.029 
 10 IF 0.0017 0.831 0.025 

SVR 
22 F 0.0048 0.539 0.06 
10 IF 0.0627 0.527 0.0627 

Fall (F) 

RF 22 F 0.0020 0.833 0.028 

 10 IF 0.0018 0.846 0.027 

SVR 
22 F 0.0045 0.6285 0.0569 

10 IF 0.0044 0.6366 0.0561 

Index NVSDI LAI SMFD NRVDI PRVI 

Winter  0.871 0.861 0.225 0.25 0.262 

Spring  0.436 0.382 0.166 0.056 0.061 

Summe
r  

0.924 0.921 0.349 0.343 0.298 

Fall  0.928 0.937 0.304 0.325 0.297 

Mean 
a± SD 

0.790 
a ±

0. 228 

0. 775 
a ±

0. 252 

0. 261 
a  ±0. 077 

0. 244 
a  ±0. 122 

0. 230 
a  ±0. 108 
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(LAI), provides a more reliable indicator of vegetation 
changes in relation to NDVI than NRVDI, which relies on 
radar vegetation difference ratios. This makes NVSDI a 
stronger candidate for inclusion in multi-sensor remote 
sensing models aiming to estimate vegetation health or 
soil moisture dynamics based on combined optical-radar 
indices. 
 

 
Figure 8. Sensitivity analysis regression NVSDI and 
NRVDI indicators vs NDVI 
 

 

The prediction performance of the soil moisture 
estimation model was assessed through statistical 
comparisons between observed and predicted soil 
moisture values for 12 and 30 October using linear 
regression (Figure9), which for 12 and 30 October, 
respectively, showed R2 = 0.5276 and R2 = 0.35, 
indicating moderate correlation, meaning that 
approximately 52.76% of the variability in predicted 
moisture can be explained by the observed data. The 
value of R2 = 0.35, while indicating lower explanatory 
power, is still the average for the model at that time step, 
and, given the inherent variability of soil moisture and 
the sparse field data used, the model still shows a 
reasonable level of performance. 
 
 
 

 
 

 
Figure 9. Comparison of observed and predicted soil 
moisture values with regression analysis (R² Value). 
 

This reflects the difficulty of predicting dynamic 
environmental variables with scarce ground reality. Note 
that the mean R2 reflects the inherent difficulties in 
modeling dynamic soil moisture, influenced by the 
heterogeneity of the area, variability with time, 
limitations in the sensors, and environmental factors like 
rainfall and vegetative growth. Such causes of 
uncertainty are reflected in the variance of predictions 
with respect to ground reality. Despite all these 
challenges, the present model demonstrates great 
potential in connecting satellite remote sensing 
retrievals with actual soil moisture status. The model's 
performance is in fair agreement with comparable 
research employing machine learning algorithms and 
multi-sensor data fusion, reflecting improved prediction 
accuracy with continued refinements and the utilization 
of independent validation data. 
 

4. 2. Discussion 
This study is the first to integrate the effectiveness of 

a scalable multi-sensor framework with an emphasis on 
Sentinel-1 imagery in combination with a comprehensive 
dataset (detailed in Section 2.1)in the Urmia Lake basin, 
enabling high-resolution soil moisture mapping by 
analyzing seasonal feature priorities using two RF and 
SVR models. It also evaluated moisture stress indices, 
including for estimating seasonal moisture. Among them, 
LST, VHI, and VCI were of great importance in the 
estimation, especially in summer. It is worth noting that 
two combined, multispectral and radar NRDVI and 
NVDSI indices were proposed in this study, which 
complement the vegetation survey with higher efficiency 
than single indices, more information of which is 
provided in Table 2. Our seasonal analysis revealed 
dynamic changes in feature 6 across different seasons. 
This finding is consistent with the work of Shahriyari et 
al, who found that indices derived from Sentinel-1 
images were significant in winter, likely due to the 
impact of plant water content on radar backscatter. In 
contrast, vegetation indices like NDVI, LAI, and NVDSI 
were the primary influencers in summer and Fall, as well 
as Menon and Lim [79] and Huang et al. [82], who 
reported the correlation between SOC and soil moisture. 
The importance of DPSVI and NRDVI in colder seasons 
was confirmed by Mandal et al. [83] and Luca et al. [84], 
emphasizing the variable nature of vegetation and 
environmental conditions during autumn, winter, and 
spring. NVDSI and NDVI were notable features following 
radar indices during these seasons. The local irradiation 
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angle (LIA) remained consistently important throughout 
all seasons, aligning with the studies of Shahriari et al. 
[82]. Additionally, Nativea et al. [14], discussed 
vegetation-mediated effects on radar backscatter, 
supporting these observations. Together, these results 
highlight the complex interactions among seasonal 
vegetation dynamics, climate, and soil properties. The 
comparison of RF and SVR algorithms underscores 
significant strengths. findings from Dai et al. [85], 
Hussain et al. [86], and Chen et al. [87] RF using Sentinel-
1 data and different datasets had good robustness and 
sensitivity to soil moisture changes and anomalies during 
seasonal transitions. Pasolli et al. [45] also noted that SVR 
is inherently robust to noise in the training data, which 
can contribute to its robustness under diverse 
environmental conditions. Native et al. [54] discussed 
vegetation-mediated effects on radar backscatter. 
Collectively, these patterns underscore the complex 
interplay between seasonal vegetation dynamics, 
climatic conditions, and soil properties. 

Although our study evaluated seasonal performance, 
a more rigorous quantification of model uncertainty and 
an assessment of spatial transferability to other regions 
are necessary to fully establish the model's robustness 
and general applicability [67, 88]. Despite the strong 
performance, several limitations must be acknowledged. 
First, the vegetation penetration limitations of C-band 
SAR sensors may restrict accuracy in densely vegetated 
areas. Second, the reliance on the FLDAS soil moisture 
product, with its relatively coarse spatial resolution (1-9 
km), introduces inherent scale-related uncertainties 
(Khorrami et al, [45]. Third, the use of static soil 
parameters may not fully capture dynamic land-surface 
processes. Furthermore, remotely sensed soil moisture 
products can have errors in temporal continuity and 
spatial spread, especially when data from different 
seasons representing extreme soil moisture conditions 
are used (Koley & Jeganathan, 2019). Furthermore, the 
lack of field data was one of the challenges of this study, 
which was partially compensated for by integrating 
Sentinel-1 data and detailed soil characteristics. This 
comprehensive dataset provides a more comprehensive 
assessment of model limitations, strengthens the 
scientific rigor of our study, and suggests broader areas 
for future studies. Future research should pursue two 
promising directions. First, integrating the dataset from 
this study with observations from SMAP and SMOS 
missions would enable a more comprehensive validation 
across different spatial scales and improve the 
generalization of findings across diverse environmental 
conditions. Second, developing hybrid modeling 
approaches that combine physical models (such as the 
Water Cloud Model) with machine learning architectures 
could leverage the strengths of both methods. These 
hybrid models should specifically incorporate feature 
priority analysis, considering the seasonal variability in 
the importance of vegetation indices, soil properties, and 
radar parameters to enhance both accuracy and 
adaptability across different seasons and geographical 
areas. 

 

 

5. Conclusions 

This study developed a seasonal surface soil moisture 
estimation framework for Lake Urmia Basin by integrating 
multi-sensor satellite data (Sentinel-1, Sentinel-2, 
Landsat-8) with SoilGrids and FLDAS datasets. Two 
machine learning algorithms (RF and SVR) were evaluated 
using 22 features derived from 5386 samples collected 
between 2020-2024Initial seasonal correlation analysis 
revealed strong relationships among most variables, with 
correlation patterns between environmental factors and 
soil moisture demonstrating complex seasonal dynamics. 
Land Surface Temperature (LST) emerged as a 
particularly important feature during summer. Feature 
importance analysis identified soil organic carbon (SOC), 
sand content, NDVI, LAI, DPSVI, and radar backscatter (VH, 
VV) as consistently influential predictors across seasons. 
Initial seasonal correlation analysis revealed strong 
relationships among most variables, with correlation 
patterns between environmental factors and soil moisture 
demonstrating complex seasonal dynamics. Land Surface 
Temperature (LST) emerged as a particularly important 
feature during summer. Feature importance analysis 
identified soil organic carbon (SOC), sand content, NDVI, 
LAI, DPSVI, and radar backscatter (VH/VV) as consistently 
influential predictors across seasons. 

Analysis revealed a strong negative relationship 
between DPSVI and vegetation indices (LAI/NDVI), where 
higher DPSVI values indicated reduced vegetation growth. 
The NVSDI and LAI indices proved to be reliable predictors 
of seasonal vegetation dynamics, effectively reflecting soil 
moisture conditions. The inclusion of NRVDI as a 
complementary index enhanced model performance by 
capturing more vegetation-soil moisture interactions, 
especially in specific seasonal conditions where other 
indices may perform poorly. These findings underscore 
the importance of considering seasonal variability and 
multiple environmental factors to accurately model and 
predict soil moisture dynamics. Using feature selection 
and reducing the model to the most influential variables 
improved predictive accuracy, in summer, showing a 1.2% 
increase in R² when using the selected feature subset 
compared to all variables. Also, the accuracy evaluation 
results of the model for October 12 and 30 indicate a 
moderate correlation between the predicted data and field 
observations with R² values of 0.5276 and 0.35, 
respectively. Soil organic carbon (SOC) enhances soil 
water retention during colder months by improving soil 
structure and reducing evaporation when plant 
transpiration is low, as Menon and Lim[79]expressed 
book. Conversely, NDVI and LAI vegetation indices 
prevailed in summer and Fall, reflecting active vegetation 
regulating soil moisture through transpiration, consistent 
with patterns observed in global agroecosystem studies, 
reflecting active vegetation regulating soil moisture 
through transpiration, a pattern also observed by 

Shahriari et al. [36] and Li et al. [40] This dimensionality 
reduction enhances computational efficiency and model 
interpretability without sacrificing performance. This 
study achieved a significant advancement in high-
resolution soil moisture estimation through an innovative 
multi-sensor data integration framework. New composite 
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indices (NRDVI and NVDSI) were developed to better 
capture vegetation-soil moisture interactions. A 
pioneering seasonal feature priority analysis revealed 
complex dynamics of influencing factors across different 
seasons, resulting in highly accurate and interpretable 
machine learning models (particularly RF) that 
demonstrated high accuracy (R² = 0.90) at the basin scale. 
Collectively, these findings provide a solid foundation for 
enhancing water and soil resource management, 
particularly in agricultural zones prone to climatic 
constraints.  
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