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Abstract
Precision agriculture delivers a promising solution to address water, food, and environmental security concerns. Accurate 
soil moisture prediction is crucial for calculating optimal irrigation timing and water quantity, to prevent issues related to 
excessive or insufficient watering. It also leads to an augmentation in the quantity of cultivated regions, hence enhancing 
air purification and agricultural productivity. In situ, soil moisture measuring techniques are characterized by being point 
measurements that are time-consuming, laborious, labor-intensive, and costly. Recent progress in artificial intelligence and 
satellite data possesses the capacity to enhance the efficiency of soil moisture prediction. Nevertheless, analyzing soil mois-
ture using synthetic-aperture radar (SAR) imagery and ground data remains challenging due to higher computational time 
and lower accuracy. A novel deep learning model known as the efficient convolutional neural network for SAR (ECNN-SAR) 
data processing is proposed. The ECNN-SAR model aimed to provide the automatic and efficient prediction of soil moisture 
while lowering the computational burden. The ECNN-SAR architecture takes Sentinel-1 images of different polarisations. 
The investigation of soil moisture is conducted using Sentinel-1 SAR data in the C-band and with multiple polarization. The 
proposed CNN model consists of four convolutional layers using different activation functions and regularization techniques. 
Activation functions and regularization handle vanishing gradient and overfitting issues. After four convolutional layers, the 
fully connected layer is linked to the multi-class classifier in the classification layer. The ECNN-SAR model is evaluated 
using real-time Sentinel-1 SAR data from different stations in Maharashtra state, India. The results reveal the efficiency of 
the proposed model over the existing methods.

Keywords  Automatic prediction · Convolutional neural network · Deep learning · Satellite data · SAR images · Soil 
moisture

1  Introduction

Attaining the logical, ideal, and enduring utilization of 
resources (soil and water) is crucial to providing sustenance 
and nourishment to a projected population of 9.725 billion 
by the year 2050. Agriculture serves as the primary means 
of food production is the largest consumer of freshwater 
resources and plays a crucial role in air cleansing. Soil mois-
ture analysis is crucial for enhancing agricultural output and 

has become an integral component of precision agriculture 
in the past decade [1]. Soil moisture content (SMC) is a 
crucial hydrological parameter in soil moisture analysis. It 
plays a significant role in determining the runoff and infiltra-
tion during the water cycle after rainfall. Additionally, SMC 
impacts the global energy balance by regulating the ratio of 
sensible and latent heat distribution [2–4]. In the past, SMC 
was often assessed using observation equipment like time-
domain reflectometry (TDR), which enabled the collection 
of a limited amount of specific data points. The approach 
described has constraints in accurately depicting SMC over 
a large geographical region with diverse properties [5].

Surface soil moisture is extensively utilized in the fields 
of agriculture, hydrology, forestry, flood and drought fore-
casting, and climate change research. The assessment of its 
magnitude is necessary at various geographical scales (such 
as regional, local, or global) and temporal scales, depending 
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on the applications [6]. At a local level, soil moisture can be 
assessed in the field using dielectric probes or sensors, such 
as frequency domain reflectometry (FDR), TDR, and neu-
tron probe (NP). These devices offer exceptionally accurate 
readings of the moisture content in the top layer of soil at 
various depths. Presently, there are around 71 International 
Soil Moisture Networks including over 2800 functioning 
stations that may be accessed globally. They offer nearly 
instantaneous point readings of soil moisture. Currently, 
the distribution of soil moisture network stations around the 
globe is uneven. This results in a lack of data, particularly 
in areas where there is a lack of soil moisture measuring sta-
tions or where they are not evenly distributed. The advance-
ment of remote sensing technology has several benefits, 
including cost-effectiveness, high productivity, real-time 
data acquisition, and broad coverage [6]. Research on moni-
toring small and medium-sized companies (SMEs) across a 
vast geographical region has persisted during the previous 
few decades. Consequently, scientists suggested utilizing 
satellite imagery to gauge soil moisture on a large scale, 
both regionally and globally [7–11]. An instance of this is 
the launch of the Soil Moisture and Ocean Salinity (SMOS) 
mission by the European Space Agency (ESA) in Novem-
ber 2009. The SMOS satellite is equipped with an inter-
ferometric radiometer that functions at L-band frequency 
(1.4 GHz) [12]. The system offers worldwide measurements 
of soil moisture on the Earth’s surface, with a revisit time 
of three days and a spatial resolution of around 30–50 km. 
In January 2015, NASA launched the Soil Moisture Active 
Passive (SMAP) mission as part of the Earth System Science 
Pathfinder (ESSP) program [13]. This device is equipped 
with an L-band radar sensor and radiometers. The system 
offers daily soil moisture data with a geographical resolution 
ranging from 1 to 36 km [14]. Data blanks are seen in the 
SMOS and SMAP products, especially in areas with difficult 
topography, snow cover, and dense vegetation [15].

Satellite imagery has played a vital role in soil moisture 
studies for the past thirty years, and we anticipate this pattern 
to persist. Surface soil moisture (SSM) refers to the water 
content in the uppermost 0–5 cm of the soil, whereas root 
zone soil moisture pertains to the water required by plants in 
the uppermost 0–200 cm [16]. Therefore, the assessment of 
soil moisture in the root zone is more beneficial than surface 
soil moisture when it comes to agricultural and hydrological 
applications [17]. Measuring soil moisture in the root zone 
using remote sensing satellites is a challenging task [18]. 
There are different techniques of soil moisture measurement, 
but synthetic-aperture radar (SAR) satellite imagining is a 
promising technique. SAR satellite imaging can identify soil 
moisture levels inside agricultural areas, namely in the top 
5 cm of soil [19]. Due to its excellent spatial resolution and 
frequent revisits, Sentinel-1 is capable of accurately map-
ping and monitoring soil moisture in agricultural zones 

[20]. Soil moisture in wheat-covered zones may be assessed 
using Sentinel-1 satellite imagery [21]. The recovery of soil 
moisture from Sentinel-1 data was shown to be less affected 
by VH (vertical-horizontal) polarization compared to VV 
(Vertifical-Vertifical) polarization [22]. Several investiga-
tions have shown that the utilization of both VV and VH 
polarization has improved the accuracy of soil moisture 
estimates [23].

Many computer vision techniques have been proposed 
that utilize Sentinel-1 SAR data to estimate soil moisture 
without physical contact with the soil. Machine learning 
(ML) and deep learning (DL) are essential branches of arti-
ficial intelligence. ML aims to develop algorithms that can 
learn, improve their performance, and apply that knowledge 
to new circumstances without requiring explicit program-
ming [24]. DL is a distinct and focused branch of ML [32]. 
A convolutional neural network (CNN) is a distinct type of 
artificial neural network used in DL [25]. CNN is renowned 
for its precise and computationally efficient nature. Its great 
capacity for learning and automated extraction of high-
level features. CNN is a very effective method for analyzing 
unstructured data types. CNN has demonstrated remarkable 
accomplishments in several disciplines, particularly in fields 
connected to computer vision. CNN is mostly employed for 
image analysis and the extraction of characteristics from 
images. CNN surpasses the linear regression model and the 
support vector regression in terms of performance. The uti-
lization of DL to automatically forecast soil moisture from 
the provided Sentinel-1 SAR data is a challenging task. DL 
approaches for soil moisture prediction have encountered the 
following challenges.

•	 Previous soil moisture prediction methods only included 
VV or VH polarizations. Soil moisture analysis is less 
accurate due to this constraint.

•	 The current approaches lack efficient pre-processing of 
SAR imaging and ground data, leading to a significant 
likelihood of inaccurate soil moisture prediction.

•	 Slower prediction of the soil moisture content is another 
challenge of the existing DL-based techniques due to the 
higher processing time required by the CNN models.

•	 Other problems like high feature dimensionality, feature 
irregularities, overfitting, and vanishing gradients have 
not been considered in recent studies while processing 
the Sentinel-1 SAR images.

To address these problems, this work proposes a unique 
enhanced CNN employing SAR (ECNN-SAR) mode for 
fast and reliable soil moisture prediction. The ECNN-SAR 
model consists of many phases, including SAR data nor-
malization, automated feature engineering, and prediction. 
The contributions mentioned below are intended to tackle 
the aforementioned problems.



Remote Sensing in Earth Systems Sciences	

•	 This study proposed to use Sentinel-1 (A&B) SAR data 
of band C with all polarisations to improve soil moisture 
prediction. The suggested model processes SAR images 
from VV + VH, HH + HV, VV, HH, dual HH, dual HV, 
dual VH, and dual VV polarizations.

•	 To increase soil moisture prediction performance, the 
input SAR image is first pre-processed with filtering to 
smooth out the visual data. Then ground data like vegeta-
tion and backscattering coefficients are calculated.

•	 Automatic SAR image and ground data feature learning 
is done using fast CNN layers. The proposed CNN model 
has four convolution layers, one fully linked layer, and 
one classification layer.

•	 Scaling reduces feature dimensionality/irregularities. 
Alternative activation functions are proposed to avoid 
vanishing gradient and overfitting with regularization.

Section 2 provides a concise overview of the relevant 
literature. Section 3 outlines the recommended technique. 
Section 4 showcases the outcomes of the simulation. The 
conclusion is presented in Sect. 5.

2 � Related Works

At first, ML-based techniques were used for soil moisture 
analysis using Sentinel-1 SAR images. However, in the last 
decade, DL-based methods have gained considerable interest 
from researchers because of their capacity to automatically 
analyze with enhanced accuracy. This section provides a 
concise overview of the recently proposed methodologies 
for analyzing soil moisture.

2.1 � ML‑based Techniques

In [26], an experiment was done in the early spring season 
in a semi-arid region of Iran to investigate the effectiveness 
of ML approaches in retrieving soil moisture. Various ML 
classifiers were utilized to estimate soil moisture using opti-
cal and thermal sensors from Landsat 8, along with infor-
mation on land-use types, under unexplored settings inside 
a semi-arid region of Iran. The study in [27] conducted a 
comparison between two models, EFSOIL and pySEBAL, 
which were developed using soil parameters and evapora-
tion fraction (EF), and a data-driven model based on the 
random forest ensemble technique. The capabilities of these 
techniques were assessed to demonstrate their effectiveness 
in estimating soil moisture. In [28], artificial neural network 
(ANN) and Sentinel-1A/B C-band SAR images were used to 
estimate SMC for a 40 × 50 km2 region in the South Korean 
Geum River basin. In [29], a bibliometric study of 1628 arti-
cles published in scholarly journals between 2014 and 2020 
produced the first quantitative assessment of the visibility of 

the Sentinel-1 mission in the scientific literature. A thorough 
assessment was conducted in [30] to evaluate 12 sophisti-
cated statistical and machine learning techniques for estimat-
ing soil moisture using dual-polarimetric Sentinel-1 radar 
backscatter. Google Earth Engine was used to assess sur-
face soil moisture in Marche (Italy) agricultural areas using 
synthetic-aperture radar data [31]. First, Sentinel-2 optical 
and Sentinel-1 radar satellites removed agricultural regions 
to test dual-polarimetric entropy-alpha decomposition bands 
to enhance radar data categorization. Sentinel-2A, Sentinel-
1A, and meteorological data mixed with ANN improved soil 
moisture estimates in varied land cover types [32]. Field 
data obtained between October and December 2022 on the 
research region was used to train and test the model. At 29 
sites, surface soil moisture was measured. A comprehensive 
analysis was presented in [33] that outlined many method-
ologies, including in situ, machine learning, and remote 
sensing techniques, for estimating soil moisture. Although 
certain ML endeavors have demonstrated advancements in 
estimating soil moisture compared to previous approaches, 
these techniques primarily rely on a limited set of inputs and 
encounter challenges with speckle in active remote sensing 
data. Moreover, they cannot comprehend the overall scene, 
which is essential for accurate soil moisture estimation. One 
further drawback of employing machine learning approaches 
is the subpar accuracy of predictions, which necessitates 
error-prone manual intervention.

2.2 � DL‑based Techniques

A CNN architecture was presented in [34] to forecast soil 
moisture content in agricultural regions using Sentinel-1 
imagery. The dual-polarization (VV-VH) Sentinel-1 SAR 
data have been employed. The CNN architecture consisted 
of six convolutional layers, one flattened layer, one max-
pooling layer, and one fully connected layer. Sentinel-1 radar 
and Sentinel-2 optical satellite data were used to quantify 
soil moisture content in [35]. After eliminating the plant 
effect via a water cloud model, a classical model estimated 
soil moisture content. Second, SVR and GRNN models were 
employed to determine how distant sensing characteristics 
affected soil moisture. The study in [36] investigated the 
potential of utilizing openly accessible Sentinel-1 and Senti-
nel-2 earth observation data to estimate SMC (soil moisture 
content) simultaneously using a cycle-consistent adversarial 
network (cycleGAN) for filling gaps in time-series data. 
A new DL architecture for SMC prediction from satellite 
images utilizing vegetation index was developed in [37]. 
The design used the U-Net semantic segmentation model 
and sequence-to-sequence layers to collect pixel-wise satel-
lite image information and SMC spatial correlation. A DL 
model was introduced in [38] to predict daily soil moisture 
levels. This model utilized time series data of climate and 
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radar satellite data, as well as soil type and topography 
data. The training of the model incorporated both static 
and dynamic factors that have an impact on the retrieval of 
soil moisture. In [39], a fully connected feed-forward ANN 
model was suggested to predict surface soil moisture from 
satellite images on a huge Kosi River alluvial fan in the Him-
alayan Foreland. The use of graphical indicators and linear 
data fusion identified nine characteristics from Sentinel-1, 
Sentinel-2, and Shuttle Radar Topographic mission satel-
lite products. A system utilizing DL was created for SMC 
retrieval in [40]. To fulfill this objective, a dataset was con-
structed, comprising radar incidence angle, SAR backscat-
tering, and ground truth data. In this study, the effectiveness 
of five optimal ML prediction models was evaluated in terms 
of predicting soil moisture. A new soil moisture retrieval 
method was presented in [41]. Different vegetation indexes 
were created. Additionally, an enhanced water cloud model 
(WCM) was used to correct vegetation influence. Finally, 
the hybrid model integrating bidirectional gated recurrent 
unit (Bi-GRU) and deep max out network (DMN) methods 
determined soil moisture retrieval. Enhanced score level 
fusion provided final findings. In [42], a DL-based model 
was built to predict the volumetric soil moisture content in 
the top ∼ 5 cm of soil with a notional 320-m resolution. The 
findings revealed that ML is a valuable technique for easily 
merging diverse modalities and developing high-resolution 
models that were not site-specific. In [43], a novel method 
for predicting soil moisture over vegetation-covered regions 
from Sentinel-2 photos was proposed using a CNN. The 
maximum prediction accuracy was attained using a CNN 
design that had six convolutional layers, two fully connected 
levels, and one pooling layer. A cross-resolution transfer 
learning approach was introduced in [44], based on the idea 
that models designed for different spatial resolutions have 
comparable architectural structures and trainable parameters.

2.3 � Motivation

The recent progression in Sentinel-1 A/B SAR image-based 
analysis of soil moisture techniques using the DL methods 
shows promising outcomes. However, various concerns 
remain unsolved using these methods as most of these tech-
niques are based on conventional DL and ML techniques. 
Therefore, an enhanced DL model for the performance 
improvement of soil moisture prediction is the first motiva-
tion of this study. Apart from this, existing studies mostly 
used the dual-pol sentinel-1 SAR images which limits the 
reliability of the soil moisture prediction. The sentinel-1 
SAR images with ground data were also not effectively uti-
lized in the existing studies. These challenges motivate us to 
introduce the novel ECNN-SAR model in this study that is 
intended to overcome said problems and improve the overall 

soil moisture prediction performances with reduced compu-
tational complexity.

3 � Materials and Methods

This section presents the materials that disclose the study 
area and collected SAR dataset information. Furthermore, it 
presents the detailed methodology of the ECNN-SAR model 
that consists of different phases.

3.1 � Study Area and Dataset

Study Area  The investigation was conducted in the Maha-
rashtra province of India, where several stations were estab-
lished to gather the sentinel-1 SAR images. The stations 
were chosen to encompass various river basins, mountains, 
forestland, grassland, and agricultural land to conduct soil 
moisture analysis. Table 1 provides a comprehensive list of 
the research area and its corresponding stations, including 
the names of the stations and relevant information. As dem-
onstrated, we have examined three distinct research areas 
(SA) known as SA-1, SA-2, and SA-3. The SA-1 has a total 
of five stations, each located in significant river basins and 
other areas designated for soil content extraction data gath-
ering. The SA-1 region has a total area of 1376 square kilo-
meters. The SA-2 has three primary stations situated along 
significant rivers. The SA-2 region encompasses a total area 
of 750 km2. SA-3 comprises three stations: Nagpur, Wardha, 
and Amaravati. The SA-3 region has a total area of 1000 
km2. These specific anomalies were recorded for the soil 
moisture between January 2016 and December 2023. The 
total study area is 3126 km.

Dataset  This study aims to derive soil moisture informa-
tion from Sentinel-1 SAR images. The Sentinel-1 radar 
mission consisted of a pair of satellites, namely Sentinel-
1A (launched on 3 April 2014) and Sentinel-1B (launched 
on 25 April 2016) [45]. The revisit time was reduced from 
12 to 6 days by utilizing both Sentinel-1A and Sentinel-1B 
[46]. The Sentinel-1 satellite offers data with a high level of 
spatial resolution, namely at 10 × 10 m [47]. The Sentinel-1 
satellite is equipped with a synthetic-aperture radar (SAR) 
sensor that operates in the C-band frequency range and can 
measure dual-polarization. Dual-polarization acquisitions 
consist of either VV and VH or HH and HV (V represent-
ing vertical and H representing horizontal) [48]. However, 
different polarizations were considered in this study to 
enhance the reliability of the soil moisture prediction. Sen-
tinel-1 data is readily accessible and may be downloaded by 
anybody at no cost. We have examined the various polariza-
tions described in Table 2 in this study. This research uti-
lized the Level-1 Ground-Range Detected High-Resolution 
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Dual-Polarization (GRD-HD) products obtained from the 
interferometric wide swath (IW) mode. The study utilized 
Sentinel-1 data that is accessible in multi-polarization. The 
Alaska Satellite Facility (ASF) has provided all the acces-
sible Sentinel-1 data from 2016 to 2024 (https://​www.​search.​
asf.​alaska.​edu). Table 2 shows the complete details about 
number of Sentinel-1 images collected for each SA and 
properties of each Sentinel-1 image. Total SAR images col-
lected over the said study area is 583 along with their ground 
information.

Augmentation  The number of gathered SAR images is 
583, which is insufficient when dealing with DL models. 
To reach optimal performance, DL requires a substantial 
quantity of training data. To enhance the performance of 

DL models with little training data, it is typically neces-
sary to employ image augmentation techniques to construct 
a robust image classifier. Image augmentation is a method 
employed to artificially increase the size of a dataset. This 
is advantageous when we are presented with a dataset con-
taining a limited number of data samples. When dealing 
with DL, the scenario becomes unfavourable since the model 
tends to overfit when trained on a restricted amount of data 
samples. To mitigate these issues, this work employs data 
augmentation, as seen in Fig. 1. To increase image-based 
data, standard techniques such as image rotation, scaling, 
and flipping were employed to expand the training samples 
for each SA. The Sentinel-1 SAR images in each dataset 
undergo rotations of 60, 90, and 180°. The resolutions of the 
Sentinel-1 SAR images are adjusted by altering their scales, 
either by increasing or lowering them. Through the execu-
tion of these activities, the overall quantity of data samples 
has been augmented to 4749.

3.1.1 � ECNN‑SAR

This section presents the complete methodology for effi-
cient soil moisture prediction while addressing the current 
research problems. Figure 1 shows the overall architecture 
of the proposed ECNN-SAR model that consists of different 
phases to achieve improved soil moisture prediction out-
comes. The model uses the input dataset spanning from 2016 
to 2023. The preceding section states that the initial assort-
ment of SAR samples spanned from 2016 to 2024. How-
ever, there was a scarcity of samples gathered in January 
2024. Consequently, these samples were consolidated into 
the 2023 collection to mitigate issues arising from incon-
sistencies. The input consists of Sentinel-1 SAR images of 
the C band from A/B channels. Subsequently, the provided 

Table 1   Information about the study area for soil moisture content stations

Stations Latitude (degree) Longitude (degree) Start of study End of study Rivers

SA-1
 Beed 76.3275 19.7242 02/01/2016 02/02/2024 Godavari, Bindusara, 

Meena, and Vaan Latur 76.3548 19.8742
 Ambajogai 76.3729 19.8249
 Parbhani 76.3205 19.8042
 Nanded 76.3311 19.8204

SA-2
 Pune-Maval 76.1357 19.7278 31/12/2016 01/02/2024 Mula, Mutha, and Pawana
 Pune-Lavale 76.2384 19.7534
 Pune-Mulshi 76.1357 19.7281

SA-3
 Nagpur 76.4013 19.7216 31/12/2016 01/02/2024 Nag, pili, and pora
 Wardha 76.4789 19.7219
 Amravati 76.4395 19.7801

Table 2   Statistics of dataset

Parameters Value

SA-1 199 Sentinel-1 images
SA-2 154 Sentinel-1 images
SA-3 230 Sentinel-1 images
Product Sentine-1 A/B
Type of product GRD-HD
Acquisition mode IW
Band C band
Polarization VV + VH, HH + HV, VV, HH, dual 

HH, dual HV, dual VH, and dual 
VV

Image size 1024 × 677
Frequency 5.405 GHz
Spatial resolution 5 × 20 m
Orbits Ascending and descending

https://www.search.asf.alaska.edu
https://www.search.asf.alaska.edu
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dataset is enhanced by the use of rotation, scaling, and flip-
ping procedures, as previously mentioned. In this work, the 
augmented dataset is partitioned randomly, with 70% of the 
samples used for training and 30% for testing and validation. 
After that, each Sentinel-1 RGB SAR image goes through 
pre-processing where steps like image filtering, backscatter-
ing coefficients, and normalized difference vegetation index 
(NDVI). As the input SAR image is of low quality, the 2D 
median filtering is applied on each channel and re-built the 
filtered RGB image. After that, backscattering coefficients 
and NDVI values are computed as the ground data for each 
input image. On the pre-processed SAR image, we further 

applied the enhanced CNN layers for the automatic feature 
learning where different activation functions such as rec-
tified linear unit (ReLU), leaky ReLU, exponential linear 
units (ELU), and scaled exponential linear unit (SELU) are 
applied. The regularization function is applied at each con-
volutional layer to overcome the problems of existing mod-
els concerning overfitting and high feature dimensionality. 
In the prediction of soil moisture, the fully connected layer is 
linked to the classification layer, where the traditional clas-
sifier is responsible for forecasting the soil moisture. Ulti-
mately, the performance of each model is evaluated based 
on the root mean square error (RMSE), mean absolute error 

Fig. 1   ECNN-SAR model for 
the efficient soil moisture pre-
diction using Sentinel-1 Dataset
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(MAE), and coefficient of determination (CoD). The subse-
quent sections will provide a comprehensive explanation of 
the functionality.

Pre‑processing  In the pre-processing, the input SAR color 
image I is pre-processed before the automatic feature extrac-
tion. Before applying the pre-processing steps, each input 
image is converted into the standard size 512 × 512. The 
input I image is first pre-processed using the median filtering 
technique on each 2D color channel. Among different filter-
ing methods, median filtering suits better in this study to 
improve the quality of input RGB SAR image. The median 
filter ensures that the resulting pixel value is an actual value 
from the neighborhood, preventing the creation of artificial 
values when the filter crosses an edge. The median filter is 
more effective than the mean filter in retaining sharp edges. 
Equation (1) shows the median filtering on each 2D channel.

where n represents the total number of channels which is 
3 (R, G, and B) and mi represents the ith filtered 2D SAR 

(1)mi =

n∑

i=1

median(I(∶, ∶, i))

image. Subsequently, each processed image is combined 
to make the final filtered RGB Sentinel-1 image If  . During 
pre-processing, the backscattering coefficient is calculated 
to determine the extra soil moisture data in conjunction 
with the vegetation index NDVI. The filtered SAR image 
comprises many bands including R, G, and near-infrared 
(NIR). The backscattering coefficient is calculated using 
these bands. Equations (2) and (3) are used to calculate the 
bands R and NIR.

The backscattering coefficients are shown using these 
bands, as seen in Fig. 2. We extract certain bands, such as 
visible near-infrared (NIR) and visible red (R) bands, from 
the corrected Sentinel-1 SAR image to calculate the normal-
ized difference vegetation index (NDVI). NDVI is calculated 
using Eq. (4).

(2)R = double
(
If (∶, ∶, 2)

)

(3)NIR = double
(
If (∶, ∶, 3)

)

(4)INDVI =
(NIR − R)

(NIR + R1)

Fig. 2   Visual outcomes of the pre-processing phase
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The visual outcomes for the above steps are shown in 
Fig. 2 input Sentinel-1 SAR image. The input Sentimel-1 
SAR image has already been geometrically and atmospher-
ically adjusted. The first outcome shows the median filtered 
SAR image. After that, extracted R and NIR bands followed 
by the backscattering coefficient computation. Finally, the 
NDVI is computed as the outcome of this pre-processing 

methodology. The NDVI is utilized as the input to the 
ECNN model for automatic feature engineering.

Automatic Feature Extraction  The modified CNN layers are 
designed in this paper to overcome the problems concern-
ing poor soil moisture prediction and high computational 
complexity. Figure 3 displays the primary components of the 

Fig. 3   ECNN for automatic soil 
moisture feature extraction
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proposed CNN model, comprising four convolutional layers 
and feature scaling blocks. The overall CNN model consists 
of four convolutional layers, feature scaling, a fully con-
nected layer, and a classification layer. The automatic feature 
extraction process begins by taking input from the pre-pro-
cessing phase INDVI . The input layer receives the input into 
224 × 224 × 1 form. The initial convolution layer Conv2D 
(B1) processes the 2D SAR image using a 3 × 3 kernel size 
and generates 8 filters with a stride value of 2 (2S). The 
Conv2D layer is subsequently linked to the standard batch 
normalization layer. An activation function was utilized to 
optimize the outcomes at each layer. This study utilized four 
distinct activation functions: ReLU, Leaky ReLU, ELU, and 
SELU. Each convolutional layer is then subjected to a max-
pooling layer (MPL) with 8 filters and a stride of 2. Finally, 
the L2 regularization is applied to perform the optimal fea-
ture selection and overcome the overfitting problems at each 
layer. In B2, the number of filters is 16 at Conv2D with the 
same other layers. In B3, the number of filters is set to 32 
at Conv2D, and the number of filters is set to 64 at Conv2D 
in B4. Finally, the min–max scaling is used to perform the 
feature scaling to produce the feature vector of size 512 × 1 
for each input image.

Below, the mathematical modeling of the suggested CNN 
model is explained. The suggested CNN receives input and 
applies a unified squashing function based on the architec-
ture of each layer as showing in Eq. (5).

where,

•	 f l
j
 is result of 2D CNN features extraction using convo-

lutional layers l of jth input,
•	 yl−1

j
 depicts the feature mappings of the input from the 

preceding convolutional layer INDVI,
•	 kij represents ith trained convolutional kernels,
•	 bl

j
 represents the additive bias.

•	 a(.) represents the activation function,
•	 MPL(.) represents the operation of max pooling for fea-

tures extraction,
•	 R(.) represents the operation of regularization.

The activation function (a), MLP, and regularization (R) 
are further elaborated below.

Activation functions are layers between or after neu-
ral networks. They determine neuron firing. ReLU is the 
main CNN activation function. ReLU reduces neural net-
work computational complexity’s exponential rise. Adding 
ReLUs increases computational cost proportionately with 

(5)f l
j
=

(
R

(
a

(
MPL

(
∑

i

yl−1
j

(
INDVI

)
∗ kij

)
+ bl

j

)))

CNN size. CNN models train quicker and perform better 
using ReLU, which partially solves vanishing gradients. 
ReLU layer thresholds each input element x, setting any 
value below zero to zero in Eq. (6).

Apart from this, three other activation functions were 
used in this proposed model such as Leaky ReLU, ELU, 
and SELU. A leaky ReLU layer applies a threshold opera-
tion that scales every input value x below zero by a con-
stant scalar, as illustrated in Eq. (7).

where scale default value is set to 0.01.
Neural network activation functions include the ELU. 

ELUs, unlike ReLUs, have negative values, which reduces 
average unit activations to zero like batch normalization 
but with less processing cost. It is represented by Eq. (8).

where � represents the any positive double value and ex rep-
resents the exponential of x.

SELU is a promising but rare activation function. 
SELUs are activation functions that promote self-normal-
ization. SELU is mathematically represented by Eq. (9).

where � represents 1.0507 and � represents 1.67326.
MPL, after splitting the input into rectangular pool-

ing zones, a 2-D MPL determines the maximum of each 
sector. MPLs return input rectangular region maximum 
values. The poolSize input in MPL determines rectangu-
lar region size. Pooling layers move through input hori-
zontally and vertically using stride value. The suggested 
model sets poolSize [8 8] and stride s to 2. The poolSize, 
s, and input size determine the output size.

Regularization, adding the L1/L2 regularization layer 
after each convolutional block is another important CNN 
model change. Poor DL models result from overfitting or 
underfitting. Regularization is essential for machine learn-
ing models. Complex models like neural networks over-
fit training data easily. Thus, regularization is necessary 
to bias our model to avoid overfitting our training data. 
CNN regularization uses L1 and L2 methods. This model 
addressed overfitting and underfitting using L2 regulariza-
tion with feature selection.

(6)f (x) =

{
x, x ≥ 0

0, x < 0

(7)f (x) =

{
x, x ≥ 0

scale × x, x < 0

(8)f (x) =

{
x, x ≥ 0

𝛼(ex − 1), x < 0

(9)f (x) = 𝜆

{
𝛼(ex − 1), x < 0

x, x ≥ 0



	 Remote Sensing in Earth Systems Sciences

L1 regularisation, also known as L1 norm or Lasso 
(in regression), reduces parameters to 0 to reduce over-
fitting. Some features become outdated. It is the kind of 
feature selection because a 0 weight multiplies feature 
values by 0 and returns 0, reducing their importance. Equa-
tion (10) expands Eq. (10)’s loss function to represent L1 
regularization:

where N is the total number of observations, Yi is the actual 
values, and Ŷi is the projected values. The revised math-
ematical expression for L1 regularization is shown below.

where ∅ represents the number of observations that reduced 
parameters towards 0.

L2 Regularization, known as ridge regression, incorpo-
rates the squared coefficient magnitude as a penalty term in 
the loss function. It is computed using Eq. (12).

If � equals zero, we revert to ordinary least squares. If 
� is significantly big, it will result in excessive weighting 
and cause underfitting. Choosing lambda is crucial. This 
approach effectively prevents overfitting.

Feature scaling, the automatically obtained CNN features 
are scaled before employing classifiers since they have huge 
variances. Features with a higher range are vital for classifier 
algorithm training. ML algorithms rely on estimations with-
out considering their ramifications; therefore, characteristics 
with distinctions provide erroneous categorization results. 
Raw features also impede neural network convergence. Fea-
tures must be scaled to ensure speed and accuracy. In this 
study, we utilized min–max normalization to scale charac-
teristics from 0 to 1. The min–max normalization applied 
on F to produce the scaled feature vector Fm using Eq. (13).

Soil Moisture Prediction  The final step of the proposed 
ECNN-SAR is the soil moisture prediction where the steps 
include a fully connected layer, classification layer, and soil 
moisture prediction. The fully connected (FC) layer com-
prises biases, weights, and neurons, facilitating connections 
between neurons in two distinct layers. These layers typically 
precede the output layer and are the last levels of a CNN 

(10)L1 =
1

N

N∑

i=1

(Ŷi − Yi)
2

(11)L1 =
1

N

N∑

i=1

(Ŷi − Yi)
2
+ �

N∑

i=1

|∅|

(12)L2 =

N∑

i=1

(Ŷ −

p∑

j=1

Yij�j)
2
+ �

p∑

j=1

�2
j

(13)Fm =
(F −min(F))

(max(F) −min(F))

architecture. The output of FC is fed to the classification 
layer where we have applied conventional ML algorithms 
such as KNN and SVM. The multi-class SVM and KNN 
classifiers were designed in this layer rather than the regular 
CNN classification layer to reduce the prediction errors.

4 � Simulation Results

The suggested ECNN-SAR model’s performance is ana-
lyzed using MATLAB 2022a on Windows 11 with 8 GB 
RAM and an Intel I5 CPU. MATLAB is commonly used for 
simulation studies, particularly those including multimedia 
data processing. The dataset was gathered from many sta-
tions in the Maharashtra region and enhanced to provide an 
acceptable training size. The entire statistics for the dataset 
are previously stated in the preceding section. The proposed 
and existing models used a total of 4750 Sentinel-1 SAR 
photos. During the model fitting phase, we randomly parti-
tion the dataset into two sections: 70% for training and 30% 
for testing. The performance measurements include RMSE, 
MAE, and CoD. The CoD is usually referred to as R2. Equa-
tions (14), (15), and (16) are used to get the RMSE, MAE, 
and R2 respectively.

where ai represents the actual value, pi represents the pre-
dicted value, mi is the mean of a values, and n represents 
total data points.

The ECNN-SAR model employed SVM and KNN clas-
sifiers instead of SoftMax for predicting soil moisture. The 
outliers can greatly influence the performance of the Soft-
Max function, therefore necessitating the utilization of SVM 
and KNN classifiers. The analysis begins with the ECNN-
SAR model utilizing the SVM algorithm, followed by an 
analysis of the ECNN-SAR model using the KNN algorithm.

4.1 � ECNN‑SAR Using SVM

This section showcases the simulation results of the pro-
posed approach, employing the multi-class SVM model 
for predicting soil moisture. Figures 4, 5, and 6 exhibit the 
simulation results of RMSE, MAE, and CoD, respectively, 

(14)rmse =

√√√√1

n

n∑

i=1

(ai − pi)2

(15)mae =
1

n

n∑

i=1

|||a
i − pi

|||

(16)R2 = 1 −

∑n

i=1
(ai − pi)2

∑n

i=1
(ai − mi)

2
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for the prediction of soil moisture. The simulation results are 
obtained utilizing four distinct activation functions and regu-
larization approaches. The suggested model is constructed 
with the ELU, Leaky ReLU, ReLU, and SELU activation 
functions. The regularization approaches, namely L1 and L2 
regularization, were employed to address the issue of overfit-
ting and perform feature selection. The results demonstrate 
that the proposed model using the SELU and L2 regulariza-
tion techniques delivered the best soil moisture prediction 
outcomes compared to other combinations.

In Fig. 4, the RMSE of soil moisture prediction using 
SELU with L2 regularization achieved better accuracy (i.e., 
reduced RMSE) compared to other activation functions. The 
RMSE is a primary metric used to evaluate the effectiveness 
of a soil moisture prediction model. The metric quantifies 
the mean discrepancy between the projected values gener-
ated by a model and the actual observed values. It offers an 
assessment of the model’s ability to accurately forecast the 
target value. The best RMSE value is 1.6 for SELU using 
L2 regularization and 1.67 for ReLU with L2 regulariza-
tion. Figure 5 shows the MAE performances using different 
activation and regularization functions. MAE quantifies the 
average magnitude of errors in a set of predictions, regard-
less of their direction. The MAE is calculated as the average 
absolute deviation between actual and predicted values. It is 
commonly employed to evaluate the performance of a soil 
moisture prediction model. The lower the MAE, the bet-
ter the soil moisture prediction accuracy. Similar to RMSE, 
activation function SELU, and L2 regularization results in 
the lower MAE performance compared to other activation 
functions and L1 regularization. The SELU with L2 regu-
larization results in 0.8926 MAE value.

Figure 6 shows the final soil moisture performance meas-
ure called CoD (R2) using different CNN activation func-
tions for two regularization techniques. The coefficient of 
determination (R2) is a scalar value ranging from 0 to 1, 
which quantifies the accuracy of a statistical model in pre-
dicting a certain result. R2 is the fraction of variability in 
the dependent variable that is explained by the statistical 
model used for predicting soil moisture. A higher R2 value, 
closer to 1, indicates a more accurate soil moisture predic-
tion model. The SELU activation function, when combined 
with L2 regularization, has yielded an R2 value of 0.87, sur-
passing the other combinations in the suggested model.

4.2 � ECNN‑SAR Using KNN

After the evaluation of the ECNN-SAR using SVM, KNN is 
yet another classifier that was investigated to represent the 
more reliable outcomes of the proposed model. Figures 7, 
8, and 9 demonstrate the outcomes of RMSE, MAE, and 
CoD for soil moisture prediction using the same dataset and 
hyperparameters. Similar to the above results, the simulation 

Fig. 4   RMSE performance for soil moisture prediction using SVM

Fig. 5   MAE performance for soil moisture prediction using SVM

Fig. 6   CoD (R2) performance for soil moisture prediction using SVM
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results are achieved using four activation functions and reg-
ularization methods. The recommended model uses ELU, 
ReLU, Leaky ReLU, and SELU activation functions. L1 
and L2 regularizations were used to reduce overfitting and 
select features. The SELU and L2 regularization predicted 
soil moisture better than other combinations. The SELU 
activation function enhances performance relative to tradi-
tional activation functions (ELU, ReLU, and Leaky ReLU) 
since it mitigates the vanishing gradient problem, rendering 
it an appropriate option for deep neural networks. Moreover, 
SELU activation functions have the benefit of being resist-
ant to the issue of neuron death, in contrast to other activa-
tion functions. SELUs offer enhanced learning efficiency 
and efficacy relative to other activation functions, without 
necessitating more processing. L1 and L2 regularization are 
ML/DL methods that incorporate a penalty term into a loss 
function. L1 regularization is referred to as lasso regres-
sion, whilst L2 regularization is termed ridge regression. 
L2 regularization enhanced performance relative to L1 by 
addressing related features and aiming to evenly regularize 
the whole model.

Figure 7 shows that SELU with L2 regularization pre-
dicted soil moisture more accurately than other activation 
functions. The RMSE is a key statistic for soil moisture 
prediction model efficacy. The metric measures the mean 
difference between model-projected and observed values. 
It assesses the model’s target value prediction accuracy. 
Best RMSE values are 0.5214 for SELU and 0.5674 for 
ReLU with L2 regularization. Figure 8 compares MAE 
performance with different activation and regularization 
functions. MAE measures the average size of forecasts’ 
mistakes, independent of direction. The average absolute 
difference between actual and expected values is the MAE. 
It is often used to assess soil moisture prediction models. 
Lower MAEs improve soil moisture prediction. SELU and 
L2 regularization perform worse than other activation func-
tions and L1 regularization in MAE performance, similar to 
RMSE. The SELU with L2 regularization has 0.1924 MAE. 
The worst MAE was achieved using Leaky ReLU activation 
function with L1 regularization which is 0.4271. CoD (R2), 
the ultimate soil moisture performance metric, is shown in 
Fig. 9 utilizing CNN activation functions for two regulari-
zation methods. The CoD (R2), a scalar number from 0 to 
1, measures a statistical model’s prediction accuracy. R2 is 
the percentage of dependent variable variability described 
by the soil moisture statistical model. When paired with L2 
regularization, the SELU activation function has the high-
est R2 value in the proposed model at 0.9559. The worst 
performance was 0.7069 for Leaky ReLU activation with 
L1 regularization.

From all the results using SVM and KNN classifiers, it is 
noticed that the proposed model using the SELU activation 
function and L2 regularization produced better soil moisture 

Fig. 7   RMSE performance for soil moisture prediction using KNN

Fig. 8   MAE performance for soil moisture prediction using KNN

Fig. 9   CoD performance for soil moisture prediction using KNN
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prediction outcomes compared to other activation functions 
and L1 regularization. The main reasons of the better perfor-
mances using SELU activation function over the other activa-
tion functions are:

•	 SELU, similar to ReLU, does not suffer from the issue of 
vanishing gradients, making it a suitable choice for deep 
neural networks,

•	 SELU activation functions have the advantage of being 
immune to the problem of neuron death, unlike other acti-
vation functions, and

•	 SELUs provide superior learning efficiency and effec-
tiveness compared to other activation functions, without 
requiring additional processing.

On the other side, when applying the SELU with L2 regu-
larization the results are further improving for the soil mois-
ture prediction. Both regularization techniques were used to 
avoid the overfitting problem. Overfitting occurs when the 
error is low while considering the training dataset, but high 
when considering test datasets. L2 may be solved analytically 
as it is the square of a weight. In contrast, L1 does not have 
an analytical solution due to the presence of an absolute value 
and its non-differentiable nature. Because of this factor, L1 
regularization is comparatively more computationally costly 
and less accurate, cannot be addressed in the context of matrix 
measurement, and strongly depends on approximations.

Table 3 presents a comparative examination of two multi-
class classifiers, SVM and KNN, utilizing the suggested model 
(SELU + L2). The results demonstrate that the KNN algorithm 
has achieved superior performance compared to the SVM clas-
sifier when used in the suggested model for predicting soil 
moisture.

4.3 � Additional Analysis

Figure 10 shows the scatter plot analysis of the proposed 
model to show the observed and predicted soil moisture values 
for ECNN-SAR using SELU with L2 regularization and KNN 
classifier. The scatter plot of observed vs. predicted loss given 
default (LGD) data is shown in the plot. The R-squared value 
is reduced to 0.0478 using the proposed model of soil moisture 
prediction. An x-axis scatter plot shows the “observed” data 
points and the y-axis shows the model’s “predicted” values, 
plotted as dots on the graph to show how well the model’s 
predictions match the actual data using the proposed model.

To estimate the temporal variations in soil moisture pre-
diction, the linear regression is a commonly used parametric 
method to identify the linear trends of in time series. We 
fitted the linear regression equation between soil moisture 
and time series through Eq. (17) and analyzed the charac-
teristics of soil moisture (SM) changes over time based on 
the regression coefficients.

In this context, SM represents soil moisture, defined as 
the mean soil moisture during the crop growing season from 
2016 to 2023; c denotes the intercept; t signifies the year; k 
indicates the regression coefficient; and 10 k is referred to 
as the climatic tendency rate. Furthermore, k < 0 and k > 0 
signify diminishing and growing trends, respectively.

The extensive research area necessitated a spatial–tempo-
ral investigation of soil moisture across several agricultural 
ecological zones in Maharashtra, India. Figure 11 illustrates 
the interannual variability of soil weight moisture content 
(SWMC) throughout each sub-region, exhibiting distinct 
regional and periodic fluctuations ranging from SM0 to 
SM40 (k = 10 to 50). By the conclusion of 2020, soil mois-
ture decreased swiftly, attaining its nadir. Thereafter, soil 
moisture in the same places gradually grew, subsequently 
fluctuated, and eventually diminished, while soil moisture 
continued to rise steadily post-2020, peaking in 2023.

4.4 � State‑of‑the‑arts Analysis

The ECNN-SAR model using SELU and L2 regulariza-
tion has been evaluated with the recently proposed DL-
based methods in this section. The performance of the pro-
posed ECNN-SAR model is compared with five recently 

(17)SM = c + kt

Table 3   Simulation outcomes 
using different classifiers

Measures SVM KNN

MAE 0.8926 0.1924
RMSE 1.61 0.5214
CoD/R2 0.87 0.9559

Fig. 10   LGD scatter plot analysis of ECNN-SAR
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proposed methods such as Hegazi et al. [34], Singh et al. 
[39], Dabboor et al. [40], Nijaguna et al. [41], and Hegazi 
et al. [43]. Table 4 shows outcomes for RMSE, MAE, and 
R2, and the average execution time for each method. The 
proposed model has reduced the soil moisture predic-
tion RMSE, MAE, and average prediction time perfor-
mances compared to all existing methods. Similarly, it has 
improved the R2 performance compared to existing tech-
niques. The simulation outcomes reveal that the proposed 
model effectively overcomes the problems of the existing 
techniques. The key reasons for performance improvement 
using the proposed model are summarized below:

•	 ECNN-SAR can process the multi-polarized SAR 
images rather than limited polarized images,

•	 The CNN layers with SELU activation function and L2 
regularization help to boost the better feature represen-
tation compared to the existing techniques,

•	 The consideration of the appropriate ground data with 
the SAR image for the soil moisture prediction.

The proposed CNN layer with L2 regularization and 
SELU activation function takes less computation time for 
the soil moisture prediction.

For validation purposes, performances are assessed using 
the independent real-world dataset shown in Table 5. The 
ECNN-SAR model provided robust outcomes for soil moisture 
prediction compared to existing methods using the original 
dataset as well. It proves the model’s reliability and efficiency.

The performance of the ECNN-SAR model is further 
evaluated using the publicly available SAR dataset [49]. This 
dataset consists of a total of 32,000 SAR samples using S1 
and S2 satellites in four classes such as agriculture, barren 
land, grassland, and urban. Each class has 8000 samples 
for training and validation. Table 6 shows the performance 
analysis for soil moisture prediction using this dataset. The 
efficiency of the ECNN-SAR applies to other datasets as 
well. As the number of training samples are higher in this 
dataset, it further improves the soil moisture performances.

4.5 � Potential Limitations

Despite the proposed model’s superior performance in soil 
moisture prediction compared to existing approaches, it pos-
sesses few limitations.

•	 The real-time acquired samples are insufficient for deep 
learning models, necessitating dataset augmentation. 
Data augmentation enhances accuracy but introduces 
possible limitations, including dataset biases, costly 

Fig. 11   Temporal variability of soil moisture across different SM lay-
ers in key agricultural areas of Maharashtra region

Table 4   State-of-the-art analysis for soil moisture prediction

Methods RMSE MAE R2 Time (seconds)

Hegazi et al. [34] 1.17 0.468 0.8572 45.83
Singh et al. [39] 1.34 0.536 0.8356 47.39
Dabboor et al. [40] 0.8123 0.3249 0.9011 39.34
Nijaguna et al. [41] 0.8931 0.3572 0.8893 36.78
Hegazi et al. [43] 0.7821 0.3128 0.9203 47.93
ECNN-SAR 0.5214 0.1924 0.9559 31.23

Table 5   State-of-the-arts analysis using independent real-world data-
set

Methods RMSE MAE R2

Hegazi et al. [34] 1.248 0.546 0.7792
Singh et al. [39] 1.418 0.614 0.7576
Dabboor et al. [40] 0.8903 0.4029 0.8231
Nijaguna et al. [41] 0.9711 0.4352 0.8113
Hegazi et al. [43] 0.8601 0.3908 0.8423
ECNN-SAR 0.5994 0.2704 0.8779

Table 6   State-of-the-arts analysis using research dataset

Methods RMSE MAE R2

Hegazi et al. [34] 1.147 0.445 0.8802
Singh et al. [39] 1.317 0.513 0.8586
Dabboor et al. [40] 0.7893 0.3019 0.9241
Nijaguna et al. [41] 0.8701 0.3342 0.9123
Hegazi et al. [43] 0.7591 0.2898 0.9433
ECNN-SAR 0.4984 0.1694 0.9789
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quality assurance, time-consuming processes, unrealistic 
data, and data loss.

•	 The model’s scope is confined to a singular real-time 
dataset and solely focuses on soil moisture prediction.

•	 Various pre-trained deep learning algorithms remain 
inadequately investigated for soil moisture prediction.

5 � Conclusion

This work employed artificial intelligence methodologies 
and utilized Sentinel-1 A/B SAR data to propose a novel 
method for assessing soil moisture levels without physical 
interaction with the soil within a limited timeframe and with 
higher accuracy. This work introduced a unique CNN model 
that is both quick and accurate for forecasting soil moisture 
across regions with plants using Sentinel-1 images. The 
ECNN-SAR model mainly addressed the multi-polarized 
SAR data processing with additional ground data compu-
tation such as backscattering coefficients and vegetation 
index along with the original SAR image. This methodol-
ogy addressed the reliability problem of existing methods 
by supporting the soil moisture prediction for SAR data 
of different modalities and polarities. The modified CNN 
model that consists of four convolutional layers results in 
a reduction in the computational complexity for soil mois-
ture prediction. Each convolutional layer consists of a 2D 
conv layer with max pooling, appropriate activation func-
tion, and feature regularization technique which results in 
improved soil prediction performances and avoids the over-
fitting and vanishing gradient problems. The experimental 
outcomes using the collected dataset revealed the efficiency 
of the proposed model using the SVM and KNN classifiers. 
The performance of the proposed model RMSE, MAE, and 
R2 shows the efficiency compared to existing methods by 
11.45%, 14.34%, and 10.23%, respectively. The dataset of 
different satellite collections and its evaluation using the pro-
posed model is an interesting further detection of this study.
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