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Abstract 
Monitoring of seasonal crop area, type and variety is essential for national ag-
ricultural planning and ensuring food security. Remote sensing and GIS-based 
satellite image analysis offer an effective and cost-efficient way to assess tem-
poral land cover changes. This study utilized multi-temporal Sentinel-1 SAR 
(Synthetic Aperture Radar) time series data that have less cloud coverage and 
capture pigment-based properties, for proposing an effective method of map-
ping T. Aman rice varieties during the wet season (July-December) of 2019 in 
the south-west coastal region of Bangladesh. First, the temporal variation of 
Sentinel-1 SAR backscattering coefficients (σ˚) over agricultural plots was an-
alyzed to identify the most effective metrics for detecting and distinguishing 
rice fields. Sentinel-1 SAR data from five dates of transplanting at approximately 
15-day intervals were downloaded from the Alaska Satellite Facility (ASF) for 
the period between 12 July 2019 and 22 September 2019. Following prepro-
cessing by Sentinel Application Platform (SNAP) software, generating a tem-
poral profile for the rice versus rice and other features were extracted with the 
help of QGIS land use land cover (LULC) mapping. An attempt was made to 
discriminate rice fields by analyzing SAR data and by a knowledge-based de-
cision tree classification through Environment for Visualizing Images (ENVI) 
software. The accuracy of the mangrove forest, homestead, river, and water-
logged categories was found to be more than 90%, and the accuracy of all rice 
types was found to be more than 80%. The overall accuracy achieved was 76.3%. 
Among the analyzed varieties, BRRI dhan49 showed the highest VH-polarized 
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backscatter (approximately −17.5 dB) during the vegetative to maturity tran-
sition, clearly distinguishing it from the other T. Aman varieties. The distinct 
SAR backscatter signatures demonstrated the potential of multi-temporal Sen-
tinel-1 data for identifying T. Aman rice varieties in the coastal region of Bang-
ladesh. 
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1. Introduction 

Sustainable crop production is vital for achieving global food security, particularly 
in countries like Bangladesh, where agriculture forms the backbone of the econ-
omy [1]. Among staple crops, rice holds unmatched importance in Bangladesh 
economically, politically, and socially. It accounts for 70% of the daily caloric in-
take and 56% of protein consumption [2]. Rice cultivation occupies approximately 
78% of the country’s total agricultural land, producing around 36.3 million tons 
annually. In terms of the national economy, rice contributes 46% to the crop sec-
tor GDP and 5% to the total GDP. This makes rice production central to the coun-
try’s food security and development. Among Bangladesh’s three primary rice-grow-
ing seasons (Aus, Aman, and Boro), transplanted Aman (T. Aman) ranks second 
in both cultivated area and overall production. Grown predominantly in the mon-
soon season (July-December), T. Aman is largely rain-fed and is well-adapted to 
the flood-prone and coastal areas of southern Bangladesh [3]. Its significance is 
particularly high in saline-prone regions where other crops may not grow well. Farm-
ers in these regions rely on T. Aman rice as a primary source of food and income. 
Accurate monitoring of T. Aman production is essential for food security planning. 
Traditionally, crop monitoring and mapping in Bangladesh have depended on 
field surveys, which are time-consuming, expensive, and difficult to carry out over 
large or remote areas. Moreover, such surveys are not ideal for real-time monitor-
ing and rapid decision-making [4]. 

Remote sensing technologies, especially satellite-based systems, provide con-
sistent, precise, and scalable data for agricultural monitoring. However, optical 
satellite sensors, such as those on Sentinel-2 or Landsat, are limited during the 
monsoon season due to persistent cloud cover, particularly from July to Septem-
ber, which is the key growing phase for T. Aman rice [5]. This limitation signif-
icantly hampers optical monitoring in monsoon-affected regions like Bangladesh. 
In contrast, Synthetic Aperture Radar (SAR) systems, such as those on Sentinel-
1 satellites, overcome this limitation by operating in the microwave spectrum [6]. 
SAR sensors are capable of penetrating cloud cover and acquiring data continu-
ously, both day and night, under all weather conditions. Sentinel-1’s C-band SAR 
is highly sensitive to surface characteristics such as water content, soil roughness, 
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and vegetation structure, which makes it particularly suitable for rice monitoring 
in coastal and flood-prone areas [7]. Rice fields, especially lowland rain-fed types 
like T. Aman, exhibit unique temporal backscatter signatures across their growth 
cycle. As the rice plants grow, changes in plant height, density, and water content 
cause distinct variations in SAR backscatter values. By capturing and analyzing 
this multi-temporal SAR data, it becomes possible to identify rice fields, monitor 
their growth stages, and assess crop condition [8] [9]. This approach has proven 
useful in mapping rice, especially when using time series analysis to detect phe-
nological patterns. Numerous international studies have effectively utilized SAR 
data for monitoring rice crops. In Indonesia, multi-temporal ERS-1 C-band SAR 
data were used to identify rice-growing areas [10] [11]. In France, Sentinel-1 SAR 
was applied for large-scale rice classification [12] [13]. In Vietnam, multi-tem-
poral SAR imagery supported yield estimation [14]. In Bangladesh, [15] used RA-
DARSAT-1 C-band data to map Aman rice based on water depth classification. 
However, most of these studies, including those integrating Sentinel-1 and Senti-
nel-2 data [16] [17], focused on identifying general rice areas, estimating yield, or 
assessing field conditions, but not on classifying rice varieties. This reveals a fur-
ther study in rice monitoring, particularly in variety-specific classification using 
SAR data. Identifying different T. Aman varieties cultivated across Bangladesh’s 
coastal zones is critical for policy decision-making. Different rice varieties may 
respond differently to salinity, waterlogging, and other stress conditions. Hence, 
distinguishing varieties through satellite data could support targeted manage-
ment, improve yield forecasting, and guide breeding programs and extension ser-
vices. 

The current study addressed this gap by using multi-temporal Sentinel-1 SAR 
data to develop a time-series profile for T. Aman rice and distinguish its different 
varieties from other land features like water bodies, urban areas, and mangroves 
in Dacope Upazila of Khulna district, a highly vulnerable coastal zone of Bang-
ladesh. The workflow included SAR data preprocessing using the ESA SNAP 
toolbox, land use/land cover classification in QGIS, and decision tree-based clas-
sification in ENVI software. Through those processes, the present study aimed to 
generate clear temporal backscatter profiles unique to different T. Aman varieties. 
These profiles were used to classify crop fields based on rice variety, offering a 
more detailed and application-specific outcome than general rice mapping. Such 
classification has not been widely attempted in Bangladesh, especially in coastal 
settings. 

2. Methodology 

Multi-temporal Sentinel-1 SAR data were utilized in this study to differentiate T. 
Aman rice varieties and other land cover classes in the study area throughout the 
2019 wet season. The methodology included data acquisition, preprocessing, tem-
poral profile generation, classification, and accuracy assessment, as detailed be-
low. 
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2.1. Study area 

The study was conducted in Dacope Upazila, located in the Khulna district of 
southwestern Bangladesh, between latitudes 22.57˚N and longitudes 89.51˚E (Fig-
ure 1). The total area of the upazila is approximately 991.58 square kilometers, 
with an elevation ranging from 2 to 3 meters above mean sea level [18]. This re-
gion lies adjacent to the southern boundary of the Sundarbans mangrove forest, 
covering an area of 11790.13 hectares, which significantly influences its ecological 
and agricultural landscape [19] [20]. The climate in Dacope is humid subtropical, 
with hot summers and cold winters [21]. Average maximum temperatures range 
between 27˚C and 34˚C, while minimum temperatures vary from 16˚C to 27˚C. 
Over 75% of the annual rainfall occurs during the monsoon season (June to Sep-
tember), creating favorable conditions for rainfed T. Aman rice cultivation [22]. 
 

 
Figure 1. Location of the study area marked in orange (left) and red (right) color. 

 
During the wet season (July-December), T. Aman rice occupied nearly 95% of 

this area. Farmers typically grow traditional, long-duration rice varieties with tall 
plant stature that are tolerant to stagnant water. These varieties are usually trans-
planted in August or September and harvested in December or early January. Due 
to their late maturity, there is a limited opportunity for a subsequent dry-season 
crop. During the dry season (January-May), a substantial portion of the agricul-
tural land remains fallow, primarily due to elevated soil salinity, inadequate access 
to quality irrigation water, and delayed drainage conditions [23]. 

The region’s soil is predominantly silty-clay in the top 0 - 30 cm layer, transi-
tioning to clay at 30 - 60 cm depth [24]. Soil salinity levels fluctuate significantly 
between seasons, ranging from 1 - 3 dS·m−1 in the wet season to 6 - 12 dS·m−1 in 
the dry season [23]. Approximately 70% - 75% of the arable land falls within me-
dium-high to low elevation categories, while the remaining 25% - 30% lies within 
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medium-high to high elevation zones [25]. This heterogeneity in elevation and 
salinity gradients in Dacope makes it a critical zone for studying rice cultivation 
under the challenging conditions of coastal regions. 

2.2. Ground Truth Data Collection 

Ground truth (GT) data collection took place between July and November in 
2019, including GPS coordinates, varietal information for rice crops, and key phe-
nological dates such as transplanting and harvesting. A total of six T. Aman rice 
varieties (BRRI dhan49, BRRI dhan75, BRRI dhan76, BR23, and local aromatic 
rice Sadamota) were recorded. Each variety of field growth stage was documented 
for temporal profile analysis. At least 60 samples were collected for each class (rice 
varieties, mangrove, homestead, waterbodies, and urban) to ensure statistical ro-
bustness. 

2.3. Sentinel-1 SAR Data Acquisition and Preprocessing 

To monitor rice growth dynamics, five Sentinel-1 SAR SLC (Single Look Com-
plex) datasets were acquired at approximately 15-day intervals during the 2019 
wet season (12 July to 22 September) from the Alaska Satellite Facility (ASF). Alt-
hough the Sentinel-1 constellation typically provides a 6- or 12-day revisit fre-
quency, images were selected at roughly 15-day intervals due to limited data avail-
ability and quality constraints over the study area. This interval ensured consistent 
temporal coverage that corresponded closely with key phenological stages of T. 
Aman rice while avoiding missing or low-quality scenes, thereby maintaining a 
balanced and representative time series for growth monitoring. Data preprocessing 
was conducted using the Sentinel Application Platform (SNAP), a widely used 
software suite offering specialized tools for SAR image analysis [26]. The key steps 
in the preprocessing pipeline are illustrated in Figure 2. 

Preprocessing began with the conversion of SLC to Ground Range Detected 
(GRD) products using SNAP’s “S1 SLC to GRD” operator. This step enabled the 
derivation of σ˚ backscatter coefficients for both VH and VV polarizations, which 
are crucial for analyzing vegetation and surface water dynamics [27]. Due to the 
coherent nature of SAR data, speckle noise is an inherent issue. To address this, 
multi-looking was applied, followed by a Refined Lee Filter with a 5 × 5 kernel 
[28], balancing noise reduction with edge preservation. This adaptive filtering 
technique is particularly effective in preserving spatial heterogeneity in rice fields, 
where planting density and water levels may vary [29]. 

Next, radiometric calibration was performed to convert digital numbers into 
physically meaningful backscatter values in decibels (dB), enabling comparisons 
across multiple acquisition dates. To reduce terrain-induced distortions, geomet-
ric corrections were applied using the Range Doppler Terrain Correction algo-
rithm. Each scene was orthorectified using a high-resolution Digital Elevation 
Model (DEM) to ensure accurate ground geometry. All scenes were then precisely 
co-registered using SNAP’s image co-registration tool, which is essential for pixel-
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level alignment in time-series analyses. After radiometric and geometric correc-
tions, VH and VV datasets were temporally stacked into a multi-date composite. 
To enhance signal consistency across dates and further suppress residual speckle 
noise, the Empirical Mode Decomposition (EMD) technique was employed [30]. 
This method was used to decompose complex radar backscatter time-series into 
intrinsic mode functions, isolating vegetation signals from short-term noise. In 
rice monitoring, it enhances temporal backscatter clarity by emphasizing key phe-
nological changes such as tillering, heading, and ripening, improving the preci-
sion of variety discrimination. To minimize the effects of varying imaging condi-
tions (e.g., changes in incidence angle, rainfall, or soil moisture), normalization of 
backscatter values was carried out. This process ensured consistency in the tem-
poral profile across all acquisition dates. 

These comprehensive preprocessing steps, including speckle filtering, radi-
ometric and geometric corrections, normalization, and temporal smoothing, re-
sulted in a clean, temporally consistent dataset. The final product was a multi-date 
stack of vertical transmit horizontal receive (VH) and vertical transmit vertical 
receive (VV) backscatter coefficients, optimized for time-series analysis. This da-
taset formed the basis for detecting rice phenology, tracking growth dynamics, and 
ultimately classifying rice varieties and other land cover types in the coastal area 
of Khulna. 
 

 
Figure 2. Flowchart of preprocessing SAR data by SNAP. 

2.4. Temporal Backscatter Profile Generation 

To analyze the temporal backscatter behavior of rice and other land cover types, 
ground truth (GT) points were collected through visual interpretation of high-res-
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olution imagery and field knowledge. These GT points represented various land 
cover classes, including rice fields, fallow land, water bodies, homesteads, man-
groves, and urban areas. The points were digitized in QGIS and exported as vector 
shapefiles for use in subsequent analysis. Temporal backscatter profiles were gen-
erated using Sentinel-1 SAR data, focusing on both VH and VV polarization modes. 
In SNAP, two sets of RGB temporal composites were developed for six acquisition 
dates during the 2019 wet season. The first composite covered 20 July, 5 August, 
and 20 August, while the second included 20 August, 5 September, and 25 Sep-
tember. These composites allowed visual inspection of backscatter variation across 
rice growth stages and supported temporal feature extraction. The vector shape-
files were imported into SNAP and overlaid on the RGB composites using the 
Vector Toolbox. 

Subsequently, the Analysis Toolbox was used to extract statistical parameters, 
including mean and standard deviation of the backscatter values (in decibels), for 
each class and acquisition date. The extracted temporal profiles enabled the de-
tection of distinct phenological stages in rice cultivation, such as transplanting 
(characterized by low VV backscatter due to water presence), vegetative growth 
(marked by a progressive increase in VH backscatter due to biomass accumula-
tion), and reproductive/maturity stages (with stabilized or slightly reduced backscat-
ter [31]. These signatures also revealed clear distinctions between rice and non-
rice land covers, supporting the development of class-wise backscatter thresh-
olds. This analysis provided a robust foundation for subsequent classification of 
land cover types and rice varieties using decision-tree and machine learning ap-
proaches. 

2.5. Extraction and Analysis of SAR Backscatter Signatures 

To support accurate land cover classification and rice variety discrimination, SAR 
backscatter signatures were systematically extracted and analyzed for each major 
land cover type present in the study area. These classes included rice fields, fallow 
land, water bodies, homesteads, mangrove forests, and urban settlements. Using 
the temporal VH and VV composites produced from Sentinel-1 data, pixel-wise 
backscatter values (σ˚) were extracted for each class based on ground truth (GT) 
locations. The analysis was conducted across all six acquisition dates to capture 
the full seasonal variability in backscatter responses. For each land cover class, the 
lower and upper bounds of the σ˚ values were determined for every acquisition 
date, enabling the identification of characteristic backscatter ranges. 

In the case of rice fields, phenological interpretation of these values was also 
performed. The lowest VV backscatter values typically occurred shortly after trans-
planting, when water was dominant in the field, while the highest VH values were 
recorded during the peak vegetative stage due to increased canopy density and 
volume scattering [32]. These observations allowed the construction of a temporal 
envelope for rice, capturing its distinct growth stages in terms of radar backscatter. 
For non-rice classes such as water bodies and urban areas, relatively stable backscat-
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ter values across dates were observed, while mangroves and homesteads exhibited 
moderate temporal variability. This step of signature extraction and analysis pro-
vided essential quantitative thresholds, which were later used in the knowledge-
based classification framework to differentiate between rice varieties and other 
land cover types based on SAR backscatter behavior over time [33]. 

2.6. Land Cover and Rice Variety Classification 

Based on the extracted SAR backscatter thresholds for each land cover type and 
rice variety, a knowledge-based decision tree classifier was developed and imple-
mented in ENVI software. This approach was selected because it allowed direct 
integration of expert-derived thresholds and empirical backscatter ranges ob-
tained from field observations, making it particularly suitable for studies with lim-
ited training data and the need for transparent, interpretable classification rules. 
The classification rules were derived by systematically analyzing the upper and 
lower σ˚ values from both VH and VV polarizations across multiple acquisition 
dates [34]. These thresholds captured the temporal variability specific to rice growth 
stages and other land features, enabling accurate segmentation of the multi-tem-
poral SAR composite into distinct classes. The decision tree was executed to gen-
erate a classified map representing rice varieties and various land cover types. To 
ensure classification reliability, the results were validated using an independent 
set of ground truth points. Validation metrics, including overall accuracy, kappa 
coefficient, and confusion matrix, were computed to evaluate performance and 
identify potential misclassifications [35]. Although the knowledge-based ap-
proach provided a solid foundation, integrating supervised machine learning clas-
sifiers like Random Forest and Support Vector Machines (SVM) is recommended 
for future improvements. These approaches would leverage labeled training da-
tasets and apply a training-validation split to capture more complex relationships 
in the data.  

Furthermore, a detailed analysis of VH and VV backscatter trends was con-
ducted to observe structural and moisture-related changes in rice fields over time. 
The VV polarization exhibited high backscatter values during the transplanting 
stage due to standing water, followed by a gradual increase as canopy development 
progressed. In contrast, VH polarization showed increased sensitivity to biomass 
accumulation and canopy structure, particularly during the vegetative and repro-
ductive stages [36]. These temporal backscatter profiles enabled the identification 
of key phenological transitions, such as tillering, heading, and ripening, thus fa-
cilitating rice varietal discrimination and supporting comprehensive crop growth 
monitoring throughout the season. 

2.7. Post-Processing and Visualization 

Following the classification process, post-processing and visualization were con-
ducted to enhance interpretability and presentation of the results. Classified maps 
were visualized in QGIS using false-color composites, which allowed clear differ-
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entiation between rice varieties and other land cover classes based on their assigned 
color codes. To improve spatial context and readability, cartographic enhancements 
were applied by overlaying administrative boundaries, hydrological networks, and 
other relevant thematic layers [37]. These overlays provided valuable geographic 
reference points, facilitating better interpretation of spatial patterns and land use 
distributions. The final map outputs were systematically refined to ensure clarity, 
consistency, and visual balance. Map elements such as legends, scale bars, and 
north arrows were included, and symbology was standardized across all map 
products. The spatial results derived from the SAR-based classification, thereby 
supporting informed decision-making in agricultural monitoring and sustainable 
land use planning. 

2.8. Assessment of Accuracy by Standard Evaluation Metrics 

Standard evaluation metrics (including overall accuracy, precision, recall, and F1 
score) were used to measure the SAR-based rice varietal classification performance. 
These metrics are derived from the confusion matrix, which classifies predictions 
into true positives (TP), false positives (FP), false negatives (FN), and true nega-
tives (TN). Overall accuracy measures the proportion of correctly classified sam-
ples out of the total, calculated as the sum of TP and TN divided by the total num-
ber of samples, expressed as: 

 Overall Accuracy = (TP + TN)/(TP + FP + FN + TN) (1) 

Precision, defined as TP/(TP + FP), measures the reliability of positive predic-
tions by indicating the proportion of true positives among all predicted positives, 
thereby reflecting the rate of false positives. Recall or sensitivity, given by the for-
mula TP/(TP + FN), assesses the effectiveness of the model in capturing true pos-
itive instances, thereby highlighting the rate of false negatives. As the harmonic 
mean of precision and recall, the F1 score is calculated by: 

 F1 Score = (2 * Precision * Recall)/(Precision + Recall) (2) 

F1 score provides a balanced metric that accounts for both false positives and 
false negatives in evaluating classifier performance [38]. These metrics collectively 
offer a comprehensive understanding of the model’s classification performance, 
particularly in distinguishing rice varieties and land cover types using multi-tem-
poral SAR data. 

3. Results 
3.1. Temporal Profile Analysis 

Data from three acquisition dates were co-registered to form a unified multi-tem-
poral dataset, reflecting spatial and temporal variations in rice planting across the 
study region. To generate a multi-date SAR False Color Composite (FCC) image, 
three acquisition dates were assigned to the primary color channels: the first date 
to red (R), the second to green (G), and the third to blue (B). This assignment al-
lowed the creation of a georeferenced multi-temporal FCC dataset, visually repre-
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senting temporal variations in the study area. Various types of rice varieties could 
easily be distinguished by the theory of color composite in RGB (Red Green Blue) 
format. The resulting composite images are presented in Figure 3 and Figure 4. 
 

 
Figure 3. 1st composite (20 July, 5 August, and 20 August) of RGB image for Sentinel-1 data 
with ground truth (GT) points. 
 

 
Figure 4. 2nd composite (20 August, 5 September, and 25 September) of RGB image for 
Sentinel-1 data with ground truth (GT) points. 

3.2. Temporal Profile of All Rice vs. Other Features in VV 
Polarization for SAR Data 

The SAR backscatter coefficient from various land-cover types was analyzed over 
time, as depicted in Figure 5. Based on analysis, the σ˚ values for all classes ex-
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hibited similar variations with changes in VV polarization. The most significant 
increasing trend was observed in rice crop areas over time. Homestead areas in 
the SAR data displayed a consistently high backscatter of approximately −7 dB in 
VV polarization throughout the study period, appearing consistently bright across 
all dates with minimal variation in mean backscatter [15]. As illustrated in Figure 
5, the river, characterized by its smooth surface acting as a specular reflector, ex-
hibited very low backscatter ranging from around −21 to −23 dB [7]. Additionally, 
a consistent backscatter trend of −15 dB was noted for the mangrove across dif-
ferent dates. 
 

 
Figure 5. Temporal profile of different classes in VV polarization. 

3.3. Temporal Profile of All Rice in VH Polarization 

A time-series approach was applied to Sentinel-1 datasets for extracting rice areas, 
where the backscatter values for rice crops ranged from −25 to −15 dB (Figure 6). 
The backscatter values (dB) were low during the transplanting time due to flooded 
field conditions. Rice is usually transplanted in the field under standing water 
condition. At that time, rice plant height was very short, and very low backscat-
tered values (dB) were found due to surface reflection [39]. The dB values increased  
 

 
Figure 6. Temporal profile of different rice varieties in VH polarization. 
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progressively as the rice plants grew, reaching their peak around the mid-growth 
or early maturity stage [13]. 

3.4. Decision Tree Classification Map for SAR Data 

A decision tree classification map for Synthetic Aperture Radar (SAR) data pro-
vides a visual representation of land-cover classification results obtained using a 
decision tree algorithm. This method segments SAR imagery into distinct catego-
ries based on decision rules derived from statistical patterns in backscatter values. 
The decision tree approach is widely utilized in remote sensing because of its ca-
pacity to handle non-linear relationships and accurately classify diverse land fea-
tures [40].  
 

 
Figure 7. Decision tree classification of SAR image for different T. Aman varieties and land 
types. 
 

The classification analysis successfully delineated four major land-cover types 
within the study area: river, waterlogged areas, homesteads, and mangroves. More-
over, distinct backscatter patterns from multi-temporal SAR data enabled the iden-
tification of various T. Aman rice varieties, including BRRI dhan75, BRRI dhan76, 
BRRI dhan49, BR23, and the aromatic variety Sadamota (Figure 7). The classifica-
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tion utilized VH and VV polarization data from Sentinel-1, allowing precise dif-
ferentiation among land covers and crop types. Multi-temporal backscatter anal-
ysis was crucial in capturing growth dynamics and surface changes over time, 
which improved classification accuracy [32]. The study highlights the potential of 
SAR-based decision tree classification for agricultural monitoring and land-use 
assessment. This method enhances the accuracy of rice mapping, contributing to 
better resource management and decision-making in rice production. 

3.5. Rice Varietal Classification Map for SAR Image 

Figure 8 presents the backscatter temporal profile derived from multi-temporal 
SAR data, enabling clear differentiation between rice categories and other land 
features. The mangrove class was easily identified using the VH polarization tem-
poral profile, while other features such as homesteads, waterlogged areas, and fal-
low land were effectively distinguished using multi-temporal VV polarization. 
The classification of rice varieties was primarily based on VH backscatter polari-
zation profiles, which helped in accurately distinguishing different rice types. 
 

 
Figure 8. T. Aman rice variety classification map for SAR image. 

3.6. Accuracy Assessment and Metric Analysis 

Accuracy assessment was carried out using ENVI software. From the classifica-
tion, the various features vs. various rice varieties showed high and significant 
accuracy (BRRI dhan49 gave 81%, aromatic rice gave 83%, and BRRI dhan75 gave 
82%). The training sites, obtained from ground truth data collection, served as 
reference points. The results indicated that the higher level of mapping accuracy 
(more than 90%) was shown for the mangrove, homestead river, and waterlogged 
area. Whereas the accuracy of all rice types was more than 80%. The overall accu-
racy and kappa value were obtained 76.3% and 0.734, respectively. The accuracy 
of the rice varietal classification map was assessed using validation methods in-
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cluding error matrices, kappa statistics, and accuracy indices. This helps assess the 
reliability of the classification results and identify areas of uncertainty [41]. 

4. Discussions 

The study highlights Sentinel-1 SAR data’s capability to accurately classify T. Aman 
rice varieties alongside other land-cover types in Bangladesh’s coastal areas. The 
use of multi-temporal backscatter profiles enabled the differentiation of rice vari-
eties based on their phenological stages and growth characteristics. Notably, the 
strong temporal variation in SAR backscatter values proved to be a reliable indi-
cator for distinguishing rice fields from other land covers such as mangroves, home-
steads, and waterlogged areas. Both rule-based and decision tree classification ap-
proaches, leveraging statistical parameters, demonstrated reliable and accurate 
performance, notably under conditions where optical imagery was compromised 
by cloud cover.  

Figure 3 clearly defined that rice transplanted before 20 July gave color cyan or 
bluish as the first date red band gave very low backscatter (dB) value (surface re-
flectance) because of plant short height and flooded condition. After that, plant 
height increased as well as cyan color came from 2nd date green, and 3rd date blue 
band. Similarly, rice transplanted before 20 August gave yellowish color as 3rd 
date blue band. From Figure 4, three dates (20 August, 5 September, and 25 Sep-
tember) composite VH polarization gave a very clear understanding about distin-
guish of different types of rice by the theory of color composite in RGB format. 
Figure 4 displays that before 20 August, transplanted rice gave color cyan and 
bluish color as red band gave very low backscatter (dB) value (surface reflectance). 
Before 5 September, transplanted rice gave magenta color as green band had high 
backscatter (dB) value (high reflection), because in that time, plants were at vege-
tative stage [31]. In the case of late 25 September transplanting rice, FCC color 
showed green in blue band with very high backscatter. 

As shown in Figure 5, the SAR backscatter coefficient for rice increased pro-
gressively over time, forming a distinct temporal signature associated with rice 
crop development. The observed variation in backscatter response highlights phe-
nological differences among rice fields in the study area [42]. This was mainly due 
to the crop growth of rice. Figure 5 highlights that rice cultivation areas exhibit 
unique temporal SAR backscatter patterns, allowing them to be clearly distin-
guished from other land covers such as mangroves, homesteads, and water bodies. 
Likewise, non-rice areas also display distinct temporal signatures, enabling their 
classification [38]. Using SAR data instead of optical data offers an advantage in 
land cover classification because mixing in spectral signature is reduced, thereby 
improving accuracy [43]. This rice varietal classification map serves as a crucial 
tool for agricultural monitoring, crop management, and decision-making in rice-
growing regions [44]. By utilizing SAR remote sensing technology, farmers, re-
searchers, and policymakers gain enhanced capabilities to assess rice crop dis-
tribution, track growth stages, and analyze land-use patterns for better decision-
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making. The use of multi-temporal SAR data enhances the precision of classifica-
tion, contributing to improved crop yield estimation, resource allocation, and sus-
tainable agricultural planning in rice-producing areas. 

Analyzing the temporal profile depicted in Figure 6, it becomes evident that 
BRRI dhan49 was transplanted on 5 August, distinguished by its notably high 
backscattering value of −17.5 dB, facilitating its differentiation from other rice va-
rieties [31]. The aromatic Sadamota curve demonstrates a pronounced upward 
trend attributable to its height and longer growth duration. In contrast, BRRI 
dhan75 and BRRI dhan76, transplanted before 20 July, exhibited moderate VH-
polarized peaks around −18 to −19 dB, followed by a temporary decline in late 
August caused by heavy rainfall and waterlogging, reflecting their sensitivity to 
excess water and shorter phenological cycle. BR23 showed a more stable and grad-
ually increasing VH backscatter that plateaued near −17 dB during heading, indi-
cating uniform canopy structure and resilience under flooded conditions. These 
distinctive temporal signatures, ranging from the sharp peak of BRRI dhan49 to 
the dampened response of BRRI dhan75 or BRRI dhan76 and the steady rise of 
BR23 as illustrated in Figure 6, demonstrate the sensitivity of Sentinel-1 VH po-
larization to subtle structural and moisture differences among rice varieties, thus 
enabling accurate variety-wise discrimination [45]. 

However, for rice varieties like BRRI dhan75 and BRRI dhan76 transplanted 
before 20 July, a reduction in backscattering was observed by August 20th, attributed 
to field flooding from heavy rainfall. For early-sown rice, the radar backscattering 
coefficient shows significant temporal fluctuations across the growth cycle, sug-
gesting dynamic phenological behavior [45]. Notably, a significant dynamic range 
of backscatter, varying from the initial stages of crop growth, is evident in Figure 
6. 

The study also underscores the importance of microwave remote sensing in ag-
ricultural monitoring during the wet season, where traditional optical methods 
fall short. The ability to identify specific rice varieties such as BRRI dhan49 and 
aromatic Sadamota based on their unique backscatter signatures opens new ave-
nues for precision agriculture and crop management. By incorporating SAR data 
into crop classification workflows, agricultural assessments become timelier and 
more reliable, providing vital information necessary for safeguarding food secu-
rity and optimizing resource planning. 

Future Scopes 

To advance the operational utility of SAR-based agricultural monitoring, several 
strategic recommendations emerge from this study. Initially, expanding SAR ap-
plications to other crop types and across different seasons will enable comprehen-
sive, year-round surveillance of agricultural ecosystems. Integrating SAR with op-
tical and multispectral datasets can enhance classification accuracy and provide 
deeper insights into crop health and land-use dynamics. The development of au-
tomated classification systems using machine learning models such as Random 
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Forests and Convolutional Neural Networks (CNNs) is essential for scaling anal-
ysis and reducing manual intervention. Policymakers should support the adoption 
of remote sensing technologies by investing in data infrastructure and training pro-
grams for local stakeholders. Additionally, real-time monitoring tools and fore-
casting dashboards based on SAR data can facilitate early detection of crop stress, 
flooding, and pest outbreaks, enabling timely interventions. Finally, continuous 
ground truth validation and engagement with farming communities are vital to 
ensure the relevance and accuracy of remote sensing outputs, fostering trust and 
practical application in agricultural decision-making. 

5. Conclusions 

Cropping type analysis is essential for managing resources for long-term agricul-
tural sustainability and achieving an evergreen revolution. The primary objective 
of the present study was to classify the various T. Aman rice varieties and generate 
an enhanced land cover map. Sentinel-1 data were used for the classification. To 
extract reliable varietal information from the selected SAR features, a rule-based 
classification was performed using statistical parameters such as mean and stand-
ard deviation. Following the rule-based approach, a knowledge-based Decision 
Tree Classification (DTC) was constructed, and its accuracy was thoroughly eval-
uated. The findings highlight the substantial improvement in classifying land fea-
tures, like river, homestead, mangrove, fallow land, and rice, achieved through the 
integration of microwave datasets. Cloud coverage and late availability of optical 
data were able to pick up the entire profile starting from July. Hence, SAR data 
was essential for carrying out this research. Using the temporal profile, BRRI 
dhan49 (transplanted on 5 August) could easily be separated from the other rice 
varieties, because of high backscattering value (−17.5 dB). The aromatic rice curve 
shows a high increasing trend because of the height and growth duration of the 
variety. However, before 20 July transplanted rice like BRRI dhan75 and BRRI 
dhan76, backscattering values were reduced due to flooded conditions in the field 
for heavy rainfall. Rice fields exhibit the strongest temporal variation in SAR backscat-
ter relative to other land-cover classes. The research findings revealed that the 
SAR signature investigation enabled us to use the filtered time-series Sentinel-1 
(SAR) data for identifying T. Aman rice varieties accurately during the wet season 
in the coastal region of Bangladesh. Varietal-level mapping can provide policy-
makers and agricultural agencies with actionable insights by linking spatial distri-
bution data with management decisions. For instance, variety-specific yield fore-
casting enables authorities to anticipate production outcomes for high-yielding or 
stress-tolerant varieties such as BRRI dhan49 or BR23, allowing early planning for 
food supply and market stabilization. Targeted agricultural extension services can 
then focus on disseminating location-specific recommendations such as fertilizer 
management, planting schedules, or water control practices, tailored to each vari-
ety’s growth duration and flood tolerance. Furthermore, accurate spatial information 
on varietal coverage assists in optimizing resource allocation for harvesting, stor-
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age, and transportation infrastructure, ensuring that areas with high concentra-
tions of late-maturing or high-yielding varieties receive priority logistical support 
during peak harvesting periods. 

This capability will enable more precise decision-making for ensuring food se-
curity, improving climate resilience, and strengthening adaptive management strat-
egies across Bangladesh’s coastal agricultural systems. 
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