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ABSTRACT

Rice is known to be one of the most important crops
in India and many other nations, particularly in Asia,
therefore accurate rice area estimation has an im-
portant role in many activities, ranging from human
nutrition to environmental concerns. As a result,
the determination of cultivation area remains a hot
topic among researchers from numerous disciplines,
planners, and decision makers. Using Sentinel-1A
SAR (Synthetic Aperture Radar) satellite data, this
study attempts to evaluate the effectiveness of ran-
dom forest (RF) and support vector machines (SVM)
algorithms for rice crop classification. According to
the findings, rice fields can easily be distinguished
from other crops in the research area by using the
temporal characteristics of the rice crop as reflected
in the VH backscatter patterns. The total precision and
Kappa coefficient produced by RF showed 85.7% and
0.74, respectively, when the classification outcomes
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were compared to the ground reference data. These
values were somewhat higher than those obtained
by SVM (81.2% overall accuracy and 0.68 Kappa
coefficient). The government’s rice area statistics
were used to compare the analysis results; the relative
difference in rice area for RF and SVM, respectively,
came out to be +1.40% and -4.63%. In summary, the
RF algorithm is highly recommended for the accu-
rate differentiation of rice fields from neighbouring
classes in conditions of identical climate, soil, and
topography with similar methods of cultivation. On
the other hand, Sentinel-1A SAR provides a valuable
data set at cost-free for similar studies.

Keywords Sentinel-1A, Rice classification, Random
forest (RF), VH Backscatter, Support vector machine
(SVM).

INTRODUCTION

Approximately two-thirds of India’s population de-
pends on agriculture for their livelihood. Among the
cultivated land in India, rice is a major food crop, with
the percentage varying from approximately one-third
to nearly half. According to the FAO, 70% of rural
households in India still primarily rely on agriculture
(https://www.nfsm.gov.in). In order to meet the food
demands and socioeconomic development of the peo-
ple in the study region, rice cultivation has increased
due to pressures resulting from rapid population ex-
pansion. Intensification of rice crops benefits farmers,
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but it also raises concerns about environmental deg-
radation and decreased agricultural production from
degraded soil. So, keeping an eye on rice cultivation
developing effective plans for exporting rice grains
and ensuring the country’s food security requires
identifying places where people may get the food they
need while protecting the environment.

Low-coarse spatial resolution imagery from
ENVISAT and Moderate Resolution Imaging Spec-
troradiometer (MODIS) were employed in earlier
studies on rice crop monitoring (Bouvet ef al. 2009).
The capacity to measure crops phenology parameters
for mapping and monitoring rice crops depends on
the high temporal resolution of satellite data, which
is crucial for understanding the temporal aspects
of phenology of rice crops throughout the growing
seasons. The typical dimensions of rice fields in the
research area were comparatively small (less than
one hectare), which presents a challenge for the use
of MODIS NDVI satellite product for crop classi-
fication and mapping. These challenges are mostly
related to mixed-pixel difficulties and cloud cover
contamination of the data.

The Sentinel-1A remote sensing satellite
(launched on April 3, 2014) allows the mapping of
small rice fields at various scales due to its high spatial
resolution (10*10 meter) and 12-day (Table 1) revisit
period for imaging mode. The data was available for
free around the world. There are two C-band polar-
ization modes available for this all-weather radar
imaging sensor (VH and VV). Radar imaging systems
record backscatter intensities that vary based on ob-
ject size, shape, orientation, and dielectric constant,
unlike optical data. Thus, backscatter intensities can
be used to differentiate crops with distinct canopy
elements (like leaves, stems, and fruits) and cropping
techniques ((like planting or sowing) (Haack 2007).
Since studies have indicated that C-band signals
mostly interacts with the upper section of canopy
layers, biophysical properties of the canopy have
been collected using radar data from C-band satellites
(Chakraborty et al. 2005). The inherent limitations of
optical data, such as cloudy atmosphere, have been
surmounted with the help of microwave (SAR) data.
Asaresult, SAR data has proven to be a useful tool for
crop monitoring, particularly during the rice-grow-

ing season when the season is rainy (monsoon) and
the atmosphere is generally overcast. According to
recent studies (Mishra et al. 2017), estimated paddy
acreage and yields in the state of Jharkhand using
RADARSAT data, and they claimed that the data
was more accurate, dependable, and time-efficient
than the conventional method. They also found that
the accuracy of predicted yields ranged from 52 to
72%, while the accuracy of paddy acreage during
the kharif season varied from 78 to 90%. According
to (Mansaray ef al. 2017) In China, have mapped
paddy acreage at local scales using multi-temporal
Sentinel-1A (SAR) data. The overall classification
accuracy was 88%, indicating the operational appli-
cability of Sentinel-1A data in paddy discrimination.
This study indicated that the temporal backscatter
coefficients of paddy increased steeply from flood-
ing/planting to tillering/booting and then decreased
slightly at heading. In a recent study (Torbick ef al.
2017) created a framework for rice monitoring that
maps the spatial extent of rice fields using an RF
classifier and multiscale moderate-resolution images.
A different study (Nguyen et al. 2016) utilized the
vertical transmitted and horizontal received (VH)
polarization of Sentinel-1A to map paddy rice at a
regional scale in the Mekong Delta with an overall
accuracy 87.2%. Using machine learning methods
like random forests (RF) & support vector machines
(SVM), this study investigated whether temporal
Sentinel-1A VH backscatter information was appro-
priate for identifying rice areas in the study region.
The possible use of VH backscatter information for
rice monitoring had not been validated by previous
studies employing Sentintel-1A data.

The statistical machine learning theory (Breiman
2001) is the foundation for the development of the
random Forest (RF). This theory has been widely
utilized in numerous domains, such as ecology, med-
ical imaging, land-use/cover (LUC) monitoring, and
the environment (Otukei and Blaschke 2010), this
classifier performed better than decision trees, binary
hierarchical classifiers, artificial neural networks,
linear discriminant classifiers, and linear discriminant
analysis. RF classifier for classification of kharifrice
using Sentinel-1 SAR data has achieved acceptable
results which compared with observed estimated area
in the east Vidharbha zone of Maharashtra (Meshram



and Rawat 2023). In contrast, another well-known
machine learning algorithm that is often utilized for
LUC classification in remote sensing, results from
mapping produced by RF and SVM classifiers were
equally trustworthy (Ghosh et al. 2014).

The primary purpose of this research is to create
a method for mapping rice area in the eastern zone
of Maharashtra jointly utilizing temporal Sentinel-1A
VH backscatter data. Data for the rice cropping sea-
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sons of 2022 were processed using random forest
(RF) and support vector machine (SVM) in order to
assess the mapping performance.

MATERIALS AND METHOD

Study area

Bhandara district, situated in the central part of In-
dia (Fig. 1), is renowned as a major rice-producing
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Fig. 1. Location map of Bhandara district in Maharashtra, India.
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region in the Vidarbha region and is often known as
the ‘RICE BOWL’ of Maharashtra State. Spanning an
area of 3716 square kilometres, it shares its boundary
with Nagpur, the second capital of Maharashtra. The
study area receives a significant amount of rainfall,
ranging between 1200-1300 mm annually, which is
the highest in the Vidarbha region. This abundant
rainfall is crucial for the flourishing agricultural prac-
tices in the district. The region is blessed with two
primary rivers, namely the Wainganga and Surnadi,
which play a vital role in the agricultural activities of
the district. These rivers provide irrigation resources
for the farmers, who practice both rain-fed and irri-
gated agriculture. The irrigation facilities are made
available through canals, wells, and tanks, ensuring
that the agricultural lands are adequately watered. Soil
in Bhandara district is broadly classified into three
categories: deep soil comprising 78.9% of the area,
shallow soil covering 13%, and moderately deep soil
accounting for 8%. This diversity in soil types allows
for a wide range of crops to be cultivated, further
enhancing the agricultural productivity of the region.

Data collection
Sentinel-1A satellite data

The European Space Agency (ESA) released Senti-
nel-1 data that spanned the 2022 rice growing sea-
son, which ran from June to November. The sensor
includes four imaging techniques-interferometric
wide sweep (IW), strip map (SM), wave (WV), and
extra wide swath (EW) and a 12-day revisit period,
the Sentinel-1A was released on April 3, 2014. The
frequency range in which the Sentinel-1A operates
is 5.405 GHz (C-band) (Table 1), or around 5.6 cm
forradar. The SIA_IW_GRDH component was used

Table 1. Specification of Sentinel-1A.

Specification Sentinel-1A Synthetic

Aperture Radar (SAR)

June to November 2022
Ascending & Descending

Acquisition duration
Acquisition orbit

Imaging Mode w

Polarisation VH

Imaging frequency C-band (5.4 GHz)
Spatial resolution 10 meters

Revisit cycle 12 days

in this study, and it has a swath range of about 250
km & a spatial accuracy of 10 m. It contains VH and
V'V polarizations.

Ground reference data

For the analysis of remote sensing data to distinguish
between distinct land uses and land coverings, the
acquisition of field survey data is crucial. The two
main purposes of conducting field survey activities
are (a) Obtaining relevant data and information that
may be used as inputs and references when analysing
data from remote sensing and (b) To ensure the cor-
rectness of what has been discovered and categorised
using data from remote sensing. MAPInr, an Android
app for smartphones, was used to collect ground data.
This app marks the field with a polygon feature. In
tabular form, the basic information collected during
field survey includes crop type, field location, field
size, crop health condition, crop growth stage, crop
health condition, field photographs, ground cover,
crop transplantation date, expected harvest date,
and soil state, among other things. In the year 2022,
between July, August and September, field survey
data was collected.

METHODS

This investigation used three phases of data process-
ing to categorise the crop of rice in the research area:
Pre-processing of Sentinel-1A, (2) categorization of
rice crops applying support vector machines (SVM)
& random forests (RF), and (3) evaluation of the
accuracy of the classification results. This is depicted
in a flowchart of the technique (Fig. 2).

Data pre-processing

Sentinel-1Radiometric calibration was done to trans-
form digital pixel readings of VH amplitude as sigma
naught (¢°) values which can be directly related to the
image’s radar backscatter because the data contained
errors caused by variations in transmitted power, sys-
tem noise, receiver gains, and antenna illumination
pattern. The ¢° data were filtered with the Lee filter
(3x3 moving window) since they contain speckles
that complicate the analysis of features. Distances
in photographs are distorted due to topographical
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Data Collection
= TemporalSentinel-1A VH data
(July to November 2022)

= Ground reference data (2022)
= Rice area statistics (2022)

Data pre-processing
= Radiometric calibration
= Speckle noise filtering

= Terrain correction
= |mage co-registration, stacking

l

Rice crop classification
= Random forest (RF)
= Supportvector machine (SVM)

v

Accuracy assessment and rice area estimation

l

Rice map

Fig. 2. Methodology flowchart.

variations, the inclination of the satellite sensor, and
of side-looking geometry of the photos. Thus, ter-
rain correction was applied to compensate for these
inconsistencies. In this work, terrain correction was
performed using SRTM DEM (3s resolution). After
orthorectification, bilinear interpolation was used to
resample the images to a scale of 10 metres. These
processing steps were all completed with SNAP 9.0,
an ESA-developed program. Next, a subset of the
data was used for the research area.

Random forests (RF)

The RF is a highly effective classifier based on a
learning technique. The approach employs tree-based
classifiers {h(x, ®k), k=1, ...}, where {\k} represents
independent, identically distributed random vectors
and x serves as the input vector. Deterministic boot-
strapping is used to build the decision tree, leaving
residual data points for validation. The most popular
class is then voted on. The RF employs bootstrapping
with replacement to increase the diversity of classifi-
cation trees. Based on which class received the most
votes among all the trees in the collection, each pixel

is assigned. Compared to boosting techniques, this
classifier is faster, quantifies variable importance, is
less prone to noise or overfitting, and does not make
any distributional predictions about predictors (Rawat
et al. 2024). To optimise model accuracy while using
RF for the classification of images, specify two pa-
rameters: the quantity of trees and predictors (Rawat
et al. 2024). Higher computation costs are associated
with larger tree counts. Training data were analysed,
and we found that 100 trees are sufficient to generate
RF for classification and maintain consistent out-of-
bag mean squared error (OOB-error). Default values
were utilized in other RF settings.

Support vector machines (SVM)

A supervised classification technique called Support
Vector Machine (SVM) is based on statistical learning
theory and usually produces accurate classification
results from noisy and complex data. It divides the
categories using a decision surface which optimizes
the margin of separation. The surface is often referred
to as the ideal hyperplane, and the support vectors are
the data points that are closest to the hyperplane. The
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Sentinel-1A VH backscatter (dB) values of Rice fields
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Fig. 3. Sentinel-1A VH backscatter (dB) rice crop profile.

most important components of the training set are the
support vectors. By using nonlinear kernels, you can
modify SVM to function as a nonlinear classifier.
In its most basic form, SVM is a binary classifier,
however by merging several binary SVM classifiers,
it can perform as a multiclass classifier (generating a
binary classifier for every probable pair of classes).

RESULTS AND DISCUSSION

Rice crop VH backscatter intensities increased grad-
ually after sowing, peaking during the heading stage

79°30'0"E 80°0'0"E

(Fig.3). Backscatter intensities in rice fields observed
between -26 to -24 dB during the sowing period and
-14 to -15 dB during the heading stage (about 65 days
after planting). A high-density rice field is immedi-
ately seeded into wet soil during the sowing duration,
with a depth of 2-5 cm of water. This results in rela-
tively low VH backscatter intensities, which may be
related to the VH backscatter’s cross-polarization,
where the pulses partially depolarize.

As the rice plant reaches the heading phase, it
grows taller, produces more tillers, and develops
leaves. Due to the increased VH contribution from
volume scattering of the interior canopies of rice
plants, the backscatter intensity during this vegetative
phase thus showed a significant rise. Following the
heading stage, the rice crop displayed a decline in the
number of reproductive and ripening leaves, while
backscatter strengths gradually decreased till har-
vesting. This marked the conclusion of the cropping
season as the intensity levelled off. Both in the dry and
wet seasons, there was considerable conformity in the
backscatter values, and the urban areas and forests,
the VH backscatter intensities were comparatively
high (- 8 to -10 @B). The forest structure including
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Fig. 4. The Classified Image using RF and SVM.



its canopy cover, tree density, and tree size as well
as the climatic factors such as weather, moisture, and
weather dynamics determine the degree of sensitivity
of the backscatter data to the forest. Throughout the
year, water’s very low VH backscatter values may
be distinguished from those of other LUC types and
rice crop.

Similar spatial patterns of rice area were obtained
by applying RF and SVM to classify temporal Senti-
nel-1A VH backscatter data (Fig. 4). Rice occupied
the majority of the study region. Rice planting in the
study region has increased in recent years in order to
increase household income and exports. The accuracy
of the mapping techniques was evaluated by com-
paring the classification maps generated by RF and
SVM with the ground dataset used as a reference. It
was discovered that the mapping outcomes produced
by RF were somewhat better than those produced
by SVM. The results of SVM were 81.2% and 0.68,
respectively, whereas the overall accuracy & Kappa
coefficient obtained by RF were 85.7% and 0.74,
respectively. At the district level, it was discovered
that the mapping outcomes and government statistics
on rice areas were very consistent.

CONCLUSION

In an eastern region of Maharashtra, India, this re-
search examined the use of temporal Sentinel-1A VH
backscatter information for rice crop categorization
using supervised RF and SVM classifier. The study
found that VH backscatter can accurately indicate rice
areas in the study location. This study used temporal
VH backscatter data to check the correctness of RF &
SVM classifiers for mapping rice areas in the region,
despite potential concerns with mixed-pixel and bor-
der effects lowering accuracy. The results obtained by
SVM were 81.20% and 0.68, respectively, whereas
the overall accuracy and Kappa coefficient obtained
via RF were 85.70% and 0.74, respectively. The
mapping outcomes of rice-growing regions, checked
with government statistics, confirmed a consistent
relationship with relative deviation values of +1.40%
and -4.63% for RF and SVM, respectively. This study
shows that Sentinel-1A VH data can be used for rice
crop classification in an eastern zone of Maharash-
tra, utilizing RF and SVM. To assess whether the
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algorithms are appropriate for monitoring rice crops
on a broad scale, the procedures might be repeated
throughout the rice-growing region of the India.
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