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Abstract

Crop monitoring over large areas with high accuracy is of great significance in precision agriculture. The study is an attempt to
assess the potential of open-source high-resolution satellite datasets and open-source digital platforms in combination with
AI/ML algorithms for near-real-time crop monitoring and yield estimation at the farm level. In this research, we used Sentinel-1
and Sentinel-2 datasets, by processing them on the Google Earth Engine platform and developed several crop-based indicators to
assess crop phenology as well as the distinction between a well-managed field (demo plots) vs a normal farmers'
practice-managed crop (control plots) using Sentinel-1 satellite data. Further, crop yields were estimated before the harvesting of
the crop by using Sentinel-1 and Sentinel-2 data with machine learning algorithms. The findings demonstrate that the effect of an
improved package of practices on rice was significantly different from the farmer's practice. Among the statistical yield models
developed for yield estimation, the gradient tree boosting model performed better than other models. This study proposes a novel
method of near-real-time remote crop monitoring right from sowing to harvest time to estimate crop yields with an accuracy of 77
percent. There is potential in using open-source satellite data for monitoring farm fields in the future.
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1. Introduction

Rice is the staple food for a large proportion of India’s
population, and its reliable production plays a vital role in
ensuring national food security. Bihar is one of the major
rice-producing states, where districts like Samastipur con-
tribute significantly to both household consumption and
market supply. However, rice cultivation in the region is

highly sensitive to climatic variability, water availability, and
biotic stresses, which pose challenges for accurate yield
forecasting and effective agricultural planning. Traditional
agricultural monitoring methods, such as field surveys and
agronomic models, provide valuable insights into crop con-
ditions and yield estimates [1]. However, these approaches are
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labor-intensive, time-consuming, and limited in spatial cov-
erage. Recent advancements in remote-sensing technologies
have transformed agricultural monitoring by providing timely,
spatially extensive, and multidimensional datasets. Over the
past decade, there has been a rapid increase in the use of sat-
ellite-based remote sensing for crop monitoring and vegeta-
tion mapping. These include optical products (e.g., MODIS,
Landsat, Sentinel-2, and SPOT), Synthetic Aperture Radar
(SAR), and microwave sensors (e.g., RADARSAT, ALOS
PALSAR, and Sentinel-1) [2-4].

Optical remote sensing, particularly Sentinel-2, offers
high-resolution imagery for detailed assessment of crop types,
health, and vegetation indices [5, 6]. However, optical sensors
are weather-dependent and often constrained during the Kha-
rif (monsoon) season due to persistent cloud cover. In contrast,
SAR-based systems, such as Sentinel-1, provide robust im-
aging capabilities unaffected by clouds or illumination con-
ditions, making them highly effective for monitoring rice
during monsoon [7, 8]. The integration of Sentinel-1 SAR
data with Sentinel-2 optical data presents a significant ad-
vancement in crop monitoring and yield prediction [9-11]. By
leveraging these complementary datasets, agricultural moni-
toring systems can more accurately detect and quantify crop
conditions at higher temporal frequencies, thereby improving
the robustness of yield predictions and supporting informed
decision-making for food security [12-14].

In parallel, machine learning (ML) techniques such as
Random Forest (RF) and Artificial Neural Networks (ANN)
have been increasingly employed in agriculture to enhance
predictive modeling and decision-making [15-17]. These
methods can capture complex nonlinear relationships between
crop growth parameters and remote-sensing indices. The use
of ML algorithms, combined with open-source satellite data,
enables near-real-time monitoring of crop health and yield at
minimal cost, even in remote locations.

Accurate regional crop monitoring requires precise spati-
otemporal phenological data. SAR systems have proven par-
ticularly useful for monitoring rice crop across phenological
stages. Both X-band [18-20] and C-band [21, 22] sensors
have shown promise, with radar backscatter coefficients
emerging as reliable indicators of rice crop calendar variations.
Several studies have demonstrated the potential of Sentinel-1
data to identify crop calendars [23-25]. For instance, Huijin et
al. (2021) employed Sentinel-1 VH time series to track rice
crop calendars [26], while Manago et al. (2020) estimated
transplanting dates using Sentinel-1, a methodology that has
been adapted in this study [27].

Although SAR has been widely used for rice mapping and
monitoring, limited research has addressed the effects of crop
management practices on growth and yield, owing to the
challenges of observing these practices and their variability
across fields. A few studies have examined the impact of
variable planting using Sentinel-1 [28, 29]. Traditionally, crop
yield prediction has been based on statistical and pro-
cess-based models, which simulate the physical mechanisms
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of crop growth and yield formation [30, 31]. Remote sensing
(RS) data have been increasingly integrated into these models
to improve their applicability at regional scales [32]. However,
process-based models are often resource-intensive and require
detailed local data, while conventional statistical models
struggle to capture nonlinear interactions among variables
[33]. Machine learning approaches, including Support Vector
Machines (SVM), Decision Trees (DT), and Random Forests
(RF), have recently shown strong potential for agricultural
mapping and yield estimation [34-38]. By leveraging remote
sensing and ML, this study aims to bridge the gap between
large-scale monitoring and actionable insights at the regional
scale.

Although Sentinel-1 and Sentinel-2 have proven valuable
for crop monitoring, their potential for continuous rice crop
status assessment throughout the growing season remains
underexplored. This study aims to establish robust relation-
ships between rice growth parameters and remote sens-
ing-derived indices to improve yield prediction.

The objectives of this study are to:

1) Monitor rice crop growth and development using satel-

lite-derived indices.

2) Compare and analyze rice yields from control and

demonstration plots using satellite-based estimates.

3) Develop yield prediction models using Sentinel-1 and

Sentinel-2 indices as proxies for yield.

4) Develop a crop monitoring system (CMS) and an in-

teractive web interface to host datasets and results.

2. Materials and Methods

2.1. Study Area

Samastipur district in Bihar lies in the Indo-Gangetic plains
and is faced with severe flooding every Kharif leading to huge
crop losses. The district is spread over an area of 2904 km?
and agriculture is the district’s main economic occupation,
employing approximately 83 percent of the total working
population (Figure 1). The district is noted for its fertile allu-
vial soil. Rice and Wheat are major crops in the district with
an average net sown area of 184 thousand ha and a cropping
intensity of 137 percent. Rice is the major Kharif crop with an
average sown area of 69 thousand ha, and similarly, wheat is
the major crop grown during Rabi with an average sown area
of 59 thousand hectares under irrigated conditions.

2.2. Ground Truth Data

Ground truth data was collected for the Kharif seasons
2020-21 and 2021-22 on aspects like geographical coordi-
nates of the demo and control plots, crop sown, date of sowing,
crop variety sown, seed treatment, and fertilizer application.
For the Kharif 2020-21 experiments were conducted in 542
demo and 542 control plots but due to heavy rains and
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flooding, only 42 demo and 40 control plots could be sampled.
Similarly, for Kharif 2021-22, the study was conducted in 459
demo and 459 control plots but due to flooding, inconsisten-
cies in the latitude and longitude values provided, duplicated
data, and zero yield values, only 280 demo and 45 control
plots were used in this study. Management practices recom-
mended for rice crops in the Samastipur district were adopted
in demo plots and adopted the traditional method of growing
rice crops by farmers of Samastipur in control plots. The
recommended package of practices for the rice crop is de-
tailed in (Table 1). After several research trials by agricultural

research organizations, scientists have proposed an improved
package of practices to be adopted for higher yields in rice in
the Samastipur district. However, farmers still cling to the old
traditional methods, which give very low yields. In demo
plots, both the traditional method of tillage and zero tillage
practice have been adopted, while in control plots, farmers
adopted only the traditional method of tillage. In this research,
we tried to compare the demo and control plots and the impact
of these management practices on the growth and yields of
Rice crops using satellite data.

W Demo ploty
B0 Control Plots

Samastipur

Figure 1. Study area showing the location of demo (green colored points) and control (red colored points) plots in Samastipur district in Bihar,

India. Maps were prepared using QGIS 3.42.0 (https://qgis.org/).

2.3. Sentinel-1 & 2 Data

Sentinel-1 mission provides data from a dual-polarization
C-band Synthetic Aperture Radar (SAR) instrument at
5.405GHz (C band). This collection includes Sentinel-1
Ground Range Detected (GRD) scenes, processed using the
Sentinel-1 Toolbox to generate a calibrated, ortho-rectified
product. Each scene was pre-processed with Sentinel-1
Toolbox using: 1) thermal noise removal, 2) radiometric cal-
ibration, and 3) terrain correction using SRTM 30 or ASTER
DEM for areas greater than 60 degrees’ latitude. The final
terrain-corrected values are converted to decibels (dB) via log
scaling (10*1og10(x)). The data is provided at an outstanding
time interval of 10 days and a spatial resolution of 10 m [39].

Sentinel-2 is a wide-swath, high-resolution, multispectral
imaging mission with a global 5-day revisit frequency. The
Sentinel-2 Multispectral Instrument (MSI) samples 13 spec-
tral bands: visible (3 bands) and NIR (2 bands) at 10 meters,
red edge (3 bands), and Short-wave infrared (SWIR) (2 bands)
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at 20 meters’ spatial resolution, and atmospheric bands at
60-meter spatial resolution 15. It provides data suitable for
assessing the state and change of vegetation, soil, and water
cover. However, we have very limited cloud-free images for
the Kharif seasons [40].

The availability of Sentinel-1 and Sentinel-2 data during
the rice crop growth period for Kharif 2020-21 and Kharif
2021-22 is given in (Figure 2). Sentinel-1 data denoted using
long blue lines shows that the data was available throughout
the cropping period as it was not intercepted by clouds or the
time of the day. So, for the study, we had 30 Sentinel-1 images
during the Kharif 2020-21 and Kharif 2021-22 each with at
least 4 images for each month. Sentinel-2 images available for
Kharif 2020-21 and Kharif 2021-22 were 37, however, only
11 and 9 Sentinel-2 images for Kharif 2020-21 and Kharif
2021-22 could be used in the study which has cloud cover of <
20 percent (denoted using green long lines) while the re-
maining 26 and 28 images for Kharif 2020-21 and Kharif
2021-22 respectively had a cloud cover of more than 20 per-
cent (orange lines) were not useful in this study. Bands and
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vegetation indices developed from Sentinel-1 and Sentinel-2

data are presented in (Table 2).

a)
- — .
1 Jun 1 Jul 1A Sep 1O0c¢ Nov
b)
: : - - : - . - : :
1 Jun 1 Jul 1 Aug 1 Sep 1 Oct 1 Nov
B scntincl-1 Sentinel-2 (>20% Cloud) Sentinel-2 (<20% Cloud)

Figure 2. Availability of Sentinel-1 and Sentinel-2 data during a) Kharif 2020-21 and b) Kharif 2021-22 (starting from 1% June to 30" No-
vember) for Samastipur district. Graphs were prepared using Origin Pro v 9.1 software (https: //www.originlab.com/origin).

2.4. Google Earth Engine (GEE) &
Preprocessing of Satellite Data

Google Earth Engine is a cloud computing platform that
allows users to run geospatial analysis on Google’s infra-
structure. Google Earth Engine combines a multi-petabyte
catalog of satellite imagery and geospatial datasets with
planetary-scale analytical capability. Scientists, researchers,
and developers use Earth Engine to detect changes, map
trends, and quantify differences on the Earth’s surface. GEE
has a data repository that includes more than thirty years of
historical imagery and scientific datasets, updated and ex-
panded daily. It contains over forty petabytes of geospatial
data instantly available for analysis. The Earth Engine Code
Editor (code.earthengine.google.com) is a web-based IDE
(Integrated Development Environment) for the Earth Engine
JavaScript API (Applications Program Interface) [41].

The Sentinel-1 Ground Range Detected (GRD) ascending data

and Sentinel-2 Harmonized dataset were pre-processed in GEE
to generate analysis-ready inputs for crop monitoring and yield
estimation. For Sentinel-1, preprocessing involved thermal noise
removal, radiometric calibration to sigma nought backscatter
coefficients (dB), and terrain correction using the SRTM 30 m
DEM to correct geometric distortions and geocode the imagery
[42]. Only VH and VV polarizations from the ascending pass
were retained, with speckle filtering optionally applied to reduce
noise. Sentinel-2 Harmonized surface reflectance data, which are
atmospherically corrected via Sen2Cor, were further processed
by applying cloud and shadow masking using the QA60 band
and the s2cloudless algorithm, followed by scaling of reflectance
values to surface reflectance using appropriate scale factors [43].
Spectral bands were then used to derive vegetation indices and
cloud-free observations were composited over defined temporal
intervals to create consistent time series inputs. Together, these
preprocessing steps ensured that both radar and optical datasets
were harmonized, cloud-free, and suitable for downstream
modelling and yield estimation.

Table 1. Management Practices adopted in Demo and Control Plots.

S.No  Management Practices Demo Plots
1 Seed treatment
2 Nursery management

Seed treated with 0.2-gram streptocyclin and 0.2-gram
Carbendazim/Bavistin/ Mancozeb per kg of seed before sowing

Seed rate - 35-40 kg ha™. Nutrient- 50-40-40 kg N-P,0%-K,0 ha™ +
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Control Plots

Seed treatment adopted in 21
control plots

Seed rate - not defined. Nu-
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S.No  Management Practices Demo Plots Control Plots

5tFYM hat trient - Nil

Seedling age: 35-40 days 2-3 seedlings hill-1 at 15 cm x 15 cm or

3 Transplanting 15 cm x 20 cm spacing.

Seedling age - 21-25 days

4 Nutrient management 120-60-40 kg N*-P,05-K,0 ha* + 5t FYM ha™* Farmer’s practice

Table 2. Bands and Indices (vegetation and moisture based) developed from Sentinel-1 and Sentinel-2.

Satellite/Sensor Index Full form/region
VH Vertical Horizontal Dual-Polarized band [39]
Sentinel-1 (SAR) \AY Vertical Vertical Dual Polarized band [39]
VH/IVV Ratio of VH and V'V [39]
VV/VH Ratio of VV and VH [39]
B2 Blue [40]
B3 Green [40]
B4 Red [40]
B5 Red Edgel [40]
B6 Red Edge2 [40]
B7 Red Edge3 [40]
B8 NIR1 [40]
B8A NIR2 [40]
B11 SWIR1 [40]
B12 SWIR2 [40]
Sentinel-2 NDVI Normalized Differential \egetation Index [44]
RENDVI Red-Edge Normalized Differential Vegetation Index [42]
PRIN Photochemical Reflectance Index [45]
REIP Red Edge Inflection Point [46]
MSI1 Moisture Stress Index1 [42]
MSI2 Moisture Stress Index2 [42]
NMDI Normalized Multiband Drought Monitoring Index [47]
NMSI1 Normalized Moisture Stress Index1 [42]
NMSI2 Normalized Moisture Stress Index2 [42]
DWSI Disease water stress index [48]

farmers and stakeholders in the agricultural sector [49-51].
2.5. Al/ML Algorithms for Crop Monitoring These models leverage advanced algorithms to analyze vast
amounts of data, enabling better decision making, resource

Artificial intelligence (Al) and machine learning (ML) optimization, and increased productivity.
models have become increasingly important in agriculture, AI/ML uses remote sensing data analysis to monitor crop
offering innovative solutions to various challenges faced by  health, identify patterns, and classify crops [52, 53]. These
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models also predict crop yields, detect diseases and pests,
manage weeds, and optimize nutrient management. They also
assess water stress in crops, allowing farmers to adjust their
irrigation schedules and conserve water resources. Harvest
forecasting and management are based on real-time data,
which helps farmers plan harvesting operations. Al/ML
models also aid in climate change adaptation by providing
insights into climate variability and extreme weather events.
These tools help farmers make informed decisions about crop
rotation, land-use patterns, and agricultural practices, ulti-
mately improving crop productivity and resilience.

Linear regression, whether simple or multiple, represents
the most conventional methodology for analysis. This ap-
proach involves regressing crop yield against vegetation in-
dices (VIs) or spectral bands, or combinations thereof with
ancillary variables such as weather or soil data. This analysis
is sometimes conducted over a specific phenological period.
However, linear models assume a linear relationship between
predictors and yield, which may be oversimplified in many
agricultural and climatic contexts.

Tree-based methods such as Classification and Regression
Trees (CART), Random Forest (RF), and Gradient Tree
Boosting offer more flexibility. CART is a single decision tree
that partitions data by splitting on features (e.g. VIs over time,
phenological metrics) to explain yield variability; however,
being a single tree it may suffer from high variance [54].
Random Forests mitigate this by averaging many trees; for
instance, RF applied with Sentinel-2 data and ancillary pre-
dictors has been used for rice yield mapping with good ac-
curacy [55]. Gradient Boosted Regression was successfully
used in India to estimate rice yields using time - series of LAl
from MODIS (500 m resolution), delivering good spatially
explicit estimates and outperforming simpler models [56].

Artificial Neural Networks (ANNs) and related deep
learning architectures further extend capability by learning
non-linear relationships and interactions among inputs in a
flexible manner. ANNs have been shown to outperform linear
regression in studies where there are many remote sensing
inputs (e.g. multiple vegetation indices, spectral bands, phe-
nological and meteorological variables). For example, in
China, remote sensing-based yield estimation of winter wheat
using multispectral and hyperspectral data compared RF,
GTB, SVR and LSTM: the deep learning model (LSTM) had
the lowest RMSE among these [57].

2.6. Classification of Land Use Classes

Land use land cover classification was performed using
Sentinel-2 images, which are multispectral images. An image
with less than 20 percent cover was selected and used to es-
timate the area under different land-use classes. The images
taken on 14™ October 2020 and 29™ September 2021 were
used to perform land use-land cover classification for Kharif
2020-21 and Kharif 2021-22 respectively. This classification
was performed to obtain the rice-cropped area in the district
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and to mask the remaining land-use classes in estimating the
yield only for rice-cropped areas. The random forest classi-
fication method was used for land use classification. The
regions of interest (ROI) for different classes used for classi-
fication were first identified in Google Earth, converted into
KML, and used as a training set for random forest classifica-
tion.

2.7. Crop Calendar

In our study, we utilized microwave remote sensing data,
specifically Sentinel-1 data, to detect changes in soil moisture
associated with rice sowing and planting activities, using VH
backscatter values. Detecting the transplanting date of rice
using Sentinel-1 data involves analyzing changes in
backscattering signals over time to identify significant shifts
associated with the transplanting process. In this study, we
analyzed the time series of Sentinel-1 bands, the VH time
series showed a trend close to that of the rice crop calendar. To
detect rice sowing dates, we performed a temporal analysis on
the Sentinel-1 datasets to identify significant changes in soil
moisture patterns over time. Rice sowing activities typically
lead to alterations in soil moisture levels, which can be de-
tected through Sentinel-1 imagery because of their sensitivity
to surface roughness and soil moisture content. Our analysis
involved developing and implementing algorithms tailored to
detect rice sowing dates based on observed changes in
backscatter values.

The lowest backscatter values of the VH band during the
early stages of crop growth seemingly coincided with the
transplanting of rice crops with a =5-day deviation. These
low backscatter values during the period 1% June to 15" Au-
gust were used to identify the transplanting date. The Senti-
nel-1 images for the aforesaid periods are stacked, the image
with the lowest VH backscatter is identified, and the date of
the image is retrieved using GEE-based algorithms. This
approach helps to automatically detect the transplanting date
of rice crops in Samastipur district, which can be scaled up for
any location where the transplanting method is adopted. This
automatic detection of transplanting dates across large spatial
areas can be helpful for policymakers to identify the extent of
sowing in that season. However, uncertainties and limitations
are associated with the analysis of rice sowing dates using the
Sentinel-1 datasets. Factors such as weather conditions, land
cover variability, and data availability may introduce uncer-
tainties into the results, which should be carefully considered
and discussed in the context of this study.

2.8. Comparative Analysis of Control and Demo
Plots Using Sentinel-1 Derived Indices

The vegetation indices VV/VH and VH/VV were devel-
oped using the VH and VV bands of the Sentinel-1 data. Time
series of VH, VV, VH/VV, and VV/VH from 1% June to 31
December were developed for each plot and averaged. Then,
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the Savitzky-Golay smoothing filter was applied to the
time-series data to better understand crop progression [73].
Time series and smoothing of the time series were performed
using the GEE platform. One-way ANOVA was performed on
the demo plot yields against the control plots [74]. Similarly,
ANOVA was used for the time series of the VH band to de-
termine differences between the demo and control plots. A
Tukey Post Hoc test was used to quantify the difference in the
rice crop yields and estimate Tukey’s Honest Significant
Difference (TSD) using the Real Statistics application, which
is used as an add-on to Excel [58]. ANOVA and post-hoc tests
were performed at a 0.05% significance level. ANOVA tests
were performed on the observed yield of the varieties and VH
time series for the demo and control plots. Similarly, the VH
time series was averaged across different sowing dates to
study the effect of variable sowing dates on crop performance
and yield.

2.9. Estimating Crops Yield Synergistically
Using Sentinel-1 and Sentinel-2

Crop vyield prediction using satellite data is mostly per-
formed at two phenotypical crop growth stages: flowering (F1)
and harvesting (F2). However, owing to the lack of cloud-free
Sentinel-2 images, prediction was possible only at the F2
stage. Although 30 Sentinel-1 images were available
throughout the crop-growing season, the correlation coeffi-
cient for most Sentinel-1 bands and indices was less than
+/-0.1. Therefore, we integrated Sentinel-1 and Sentinel-2
data to develop yield prediction models. The yield data from
rice crops grown in the demo and control plots were used to
develop the model. The vegetation indices developed from the
Sentinel-1 and Sentinel-2 images were used as proxies for
yield. This methodology enables us to estimate crop yields
with minimal or no ground-truth data. The yield data of five
rice varieties (2082, 6444, 27p31, 27p37, and Rajendra
Bhagwati) were used to develop the yield model. The data
obtained for the five varieties were split into training (n = 300)
and validation (n = 73) datasets; the models were developed
using a training dataset and tested on a validation dataset.

2.10. Developing a Yield Prediction Model

The workflow is illustrated in Figure 3 and is described

below in a step-wise manner.

1) The averaged time series of vegetation indices (Senti-
nel-1 and Sentinel-2) was calculated for all the demo
and control plots, while excluding the images with
cloud cover. The time series of vegetation indices de-
veloped for the demo and control plots were pooled and
analyzed further.

2) High correlative relationships between explanatory
variables (bands and indices) were tested before step-
wise regression (SWR) analyses were performed by
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3)

4)

5)

6)

7)

calculating the variance inflation factor (VIF). The ex-
planatory variables that showed high VIF values were
excluded until the remaining explanatory variables had
VIF values less than 4. This is primarily used to reduce
multicollinearity between the variables.

Explanatory variables with a coefficient of correlation
of more than 0.2 were selected for use in the model.
Furthermore, The SWR model estimates rice yields
with more appropriate bands or indices (explanatory
variables) The SWR method uses both forward and
backward methods to select the explanatory variables
that showed the lowest probability values of less than
0.05.

After performing SWR, machine learning models, such
as CART, random forest (RF), GTB and ANN were
developed on the selected variables using the training
dataset and validated on the remaining dataset.
Hyperparameter tuning plays a crucial role in enhancing
a model’s accuracy, generalization, and overall per-
formance. To optimize the models, we employed ran-
dom optimization, a method that samples hyperparam-
eters from predefined ranges rather than exhaustively
testing all combinations as in grid search. This approach
is particularly efficient for large search spaces with
many hyperparameters. During tuning, Root Mean
Squared Error (RMSE) was used as the evaluation
metric, and the hyperparameter set yielding the lowest
RMSE in the training phase was selected. The predic-
tive ability of the models and the effectiveness of model
combination approaches were then assessed using the
coefficient of determination (R¥ The ANN model was
hyperparameter tuned with 0.3 learning rate and three
hidden layers, while the RF and GTB model were tuned
for hyperparameters with 100 trees and minimum size
splits set to 5.

The performance of the model was tested by applying
measures such as the coefficient of determination (R?)
and the root mean squared error (RMSE). The Senti-
nel-1 and Sentinel-2 bands and indices are extracted
from GEE, and the data were pooled in a Microsoft
Excel worksheet. These bands and indices were used as
predictor variables in the SWR, ANN, and RF models
which were performed outside the GEE platform on the
Weka tool, and the models were evaluated using R? and
RMSE. Then the RF model is performed on the GEE
platform and the GEE code for the RF model to predict
rice yields of Samastipur district can be accessed
(https://code.earthengine.google.com/6¢4fc20e8f906ch
639a1d31757d12520). The maps in the article were
prepared using QGIS 3.30.1 (Hertogenbosch)
(https:/iwww.qgis.org/).  Origin ~ Pro  software
(https://www.originlab.co m/origin) version 9.1 was
used to represent data in a graphical format [59].
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Figure 3. Workflow of the GEE-based web application for crop monitoring and yield estimation, from data processing and analysis to inter-
active GIS-based visualization.

3. Results

3.1. Summary Statistics of Ground Truth

Table 3 summarizes the ground truth data collected from
the demo and control plots for Kharif 2020-21 and Kharif
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2021-22. The trials were conducted on five major rice crop
varieties (2082, 6444, 27p31, 27p37, and Rajendra Bhagwati),
and data were collected separately from demo and control
plots to compare the impact of traditional and improved
practices of crop management on crop yields. The duration of
rice varieties grown in demo and control plots ranged between
105 days (27p31) and 135 days (Rajendra Bhagwati) for
Kharif 2020-21; and 103 days (27p31) and 133 days (Rajen-
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dra Bhagwati) for Kharif 2021-22 (Table 3).

For the Kharif 2020-21 the mean rice yield observed in the
demo and control plots is 6159.8 kg ha™ and 5766.4 kg ha™,
respectively. The highest mean yield in the demo and control
plots was observed for the 27p31 (7920.0 kg ha™) and Ra-
jendra Bhagwati varieties respectively (6935.0 kg ha™). The
minimum yield observed in the demo and control plots is
3300.0 kg ha™* and 3960.0 kg ha™ for Rajendra Bhagwati and
6444, 27p31 varieties respectively. The mean yield observed
for Kharif 2021-22 in the demo and control plots is 6722.4 kg
ha™ and 6070.6 kg ha™, respectively. The highest yield in the
demo (9600.0 kg ha™) and control plots (8000.0 kg ha™*) were
observed for the 27p31 variety. The minimum yields observed
in the demo and control plots were 518.0 kg ha™ and 2400.0
kg ha™ for 27p37 and 27p31, respectively.

3.2. Land Use - Land Cover (LULC)
Classification

The area under different land use classes for Kharif
2020-21 and Kharif 2021-22 are given in Table 4. The classi-
fication of Sentinel-2 mean image showed that the area under

crop is 731.4 km? and 802.4 km? during Kharif 2020-21 and
Kharif 2021-22 respectively, which accounts for 25.2 percent
and 27.6 percent of the total district area. On average for two
seasons, the percentage of area under Rice crop was estimated
as 766.9 km? (26.4 percent). The area under other crops and
vegetation from the Sentinel-2 classified images for Kharif
2020-21 and Kharif 2021-22 is 1166.2 km? (40.2 percent) and
1111.4 km? (38.3 percent) respectively. Of all the classes the
maximum area is estimated under the class “Other crops and
vegetation”. Water bodies in the district accounted for 10
percent and 9 percent of the total area of the district area
during Kharif 2020-21 and Kharif 2021-22 respectively. The
LULC image is used to identify the area under different land
use classes, and, used as a layer for predicting Rice yields.
Classified images of Samastipur district for the seasons Kharif
2020-21; and 2021-22 are given in Figure 4. Results show that
many of the areas were flooded during Kharif 2021-22 lead-
ing to the loss of crops in many of the demo and control plots
(Figure 4a). From the mean classified Sentinel-2 image we
can observe the increase in the barren land by 13.3 percent
(Table 4).

Table 3. Summary Statistics of rice crops grown in demo and control plots during Kharif 2020-21 and Kharif 2021-22.

_ _ Crop Dura- Yield kg ha
Plot Variety No. of plots Date of Sowing (mean) tion (days) _
Mean Max Min
Kharif 2020-21
2082 2 21-06-2020 115 6600 7260 5940
27p31 9 17-06-2020 105 6442 7920 4875
27p37 14 19-06-2020 121 5762 6600 5016
bemo 6444 14 20-06-2020 124 6385 7260 4620
Rajendra Bhagwati 3 29-06-2020 135 5610 6930 3300
Mean 42 21-06-2020 120 5766.4 7920 3300
2082 3 13-06-2020 116 5500 5940 5280
27p31 8 24-06-2020 106 5473 6303 3960
27p37 18 20-06-2020 117 5168 6600 4500
Control
6444 10 19-06-2020 120 5756 6600 4960
Rajendra Bhagwati 1 07-07-2020 132 6935 6935 6935
Mean 40 22-06-2020 118.2 5766.4 6935 3960
Kharif 2021-22
2082 7 29-06-2021 114 7041 7800 4800
27p31 62 11-07-2021 106 6239 9600 2667
pemo 27p37 58 02-07-2021 116 6500 8400 518
6444 136 12-07-2021 118 5990 8800 2560
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Cron D Yield kg ha*
Plot Variety No. of plots Date of Sowing (mean) - rop Dura-
tion (days) .
Mean Max Min
Rajendra Bhagwati 17 17-06-2021 130 7842 8000 7000
Mean 280 02-07-2021 116.8 6722.4 9600 518
2082 4 08-07-2021 116 5920 7200 5120
27p31 13 17-07-2021 103 6135 8000 2400
27p37 14 04-07-2021 119 6021 7067 5024
Control g4 17 07-07-2021 126 5877 7600 2596
Rajendra Bhagwati 1 18-06-2021 133 6400 6400 6400
Mean 45 04-07-2021 120.3 6070.6 8000 2400

LULC FOR KHARIF_2020

LULC FOR KITARIT 2021
Barren Land [SRTP

[ Builup Area
I Other Crops & Viegetation

Figure 4. Sentinel-2 based land use land cover classified images for a) Kharif 2020-21 and b) Kharif 2021-22. Maps were prepared using
QGIS 3.42.0 (https://qgis.org/).

Table 4. Area under land use land cover classes estimated using Sentinel-2 data for Kharif 2020-21 and Kharif 2021-22.

2020-21 2021-22 Mean
LULC classes

Area (km?) Area (%) Area (km?) Area (%) Area (km?) Area (%)
Barren land 1375 4.7 71.3 2.5 104.4 3.6
Built-up 132.3 4.6 167.3 5.8 149.8 5.2
Other crops 1012.6 42.4 973.8 335 1103.4 38.0
Rice Crop 1102.1 30.5 906.0 31.2 895.7 30.8
Vegetation 456.4 15.7 726.4 25.0 591.4 20.4
Water Bodies 61.1 21 57.0 2.0 59.1 2.0
Mean 2902.0 100.0 2902.0 100.0 2902.0 100.0
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3.3. Crop Calendar

From the graphs presented in Figure 5, it is evident that the
vertical horizontal dual-polarized band (VH) is more related
to the crop calendar and growth of rice crops than other bands
and indices. The average date of sowing observed in the Sa-
mastipur rice crop is 25" June 2020, and 10" July 2021 Kharif
2020-21 and Kharif 2021-22. However, transplanting was
performed 21-30 days after sowing, which could be during the
2" week of July 2020 and the 1% week of August 2021, which

is evident from the VVH time series in Figure 5. The VH in-
creases with an increase in the vegetative growth of the crop
and starts to decline after the crop reaches maturity when the
leaves begin to wither. The VH time series is indicative of the
vegetative growth peaks during the last week of September to
the 1% week of October for the Kharif 2020 crop, whereas for
Kharif 2021, the peak is observed during the 2" week of
October to 1% week of November. The difference in the sow-
ing time of rice crops between Kharif 2020-21 and Kharif
2021-22 is evident from the VVH time series data.
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Figure 5. Sentinel -1 derived estimates a - b) an average of VH and VV backscatter measurements over the demo and control plots. ¢ - d)
Average of VV/VH and VH/VV indexes over demo and control plots for rice crops for Kharif 2020-21 and Kharif 2021-22. Graphs were pre-
pared using Origin Pro v 9.1 software (https: //www.originlab.com/origin).

3.4. Comparison Between Control and Demo
Plots Using Sentinel-1 Estimates

Variety-wise ANOVA performed for VH band backscatter
values between demo and control plots is presented in Table 5.
For the season Kharif 2020-21, results show that the average
VH values for demo and control plots are -17.3 dB and -17.18
dB, respectively. The VH values for demo plots ranged from
-16.7 dB (2082) to - 18.0 dB (27p31 and Rajendra Bhagwati),
while the VH values for control plots ranged from - 16.1 dB
(2082) to - 18.5 dB (Rajendra Bhagwati). ANOVA of the time
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series of VH backscatter values obtained for different varie-
ties grown under demo and control plots show significant
differences between the growth patterns of demo and control
plots in 2082, 6444, and 27p37 at a 95 percent level of con-
fidence (indicated with single asterisk (*)).

For 27p31 and Rajendra Bhagwati, the time series of VH of
demo and control plots were not significantly different. The
ANOVA observed Kharif 2020-21 rice yield, and the critical
difference (CD) value of 456 kg ha™ shows that there is a
significant difference in yields of demo and control plots of all
the five varieties at a 95 percent level of confidence.

Similarly, for Kharif 2021-22, average VH values for demo
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and control plots are -16.58 dB and -16.54 dB, respectively. The
VH values for demo plots ranged from -16.1 dB (Rajendra
Bhagwati) to - 16.8 dB (2082), while the VVH values for control
plots ranged from - 16.1 dB (27p37) to - 17.2 (Rajendra
Bhagwati). ANOVA of the time series of VVH backscatter values
obtained for different varieties grown under demo and control
plots show a significant difference between the growth patterns
of demo and control rice plots in 27p31 and Rajendra Bhagwati
at a 99 percent level of confidence (indicated with double aster-
isk **). For 2082 and 27p37, the demo and control plots are
significantly different at a 95 percent level of confidence.
ANOVA of the VH time series shows a significant difference in
the control and demo plots of 4 rice varieties, viz., 2082, 27p31,
27p37, and Rajendra Bhagwati. ANOVA of Kharif 2021-22
yield and based on CD value of 228 kg ha™ it is observed that
there are significant differences in yields of demo and control
plots of 2082, 27p37, and Rajendra Bhagwati varieties (p<0.05).

3.5. Plot-wise Comparison of Demo and Control
Plots

In the previous section, we compared the average yields of
varieties grown in demo and control plots. However, it is
important to see if we can discriminate the demo and control
plots at each plot level (field scale). For this purpose, we have
selected one demo and one control plot for each variety for
each season. ANOVA was performed on a VH time series of
selected plots to check if there was any significant difference
between the demo and control plots. Table 6 presents the
details of selected demo and control plots for Kharif 2020-21
and Kharif 2021-22 such as plot-ID, area of the selected plot,
sowing date of rice crop in that plot, yield and the difference

in yield between demo and control plots along with ANOVA,
a p-value of VH time series between demo and control plots
for each variety. The sowing date for varieties 2082, 27p31,
27p37 and 6444 varieties during Kharif 2020-21 is 1% June,
28" June, 12" June and 5" June, the sowing/transplanting of
the crop in control and demo plot is considered simultane-
ously to be able to study the effect of improved management
practices. However, in Rajendra Bhagwati due to flooding,
many plots got submerged leading to the loss of crops. So, to
substantiate the loss we compared one demo plot with another
control plot (SRD12 with SRC8). For the Rajendra Bhagwati
variety, the crop in the demo plot was sown on 30" June while
for the crop in the control, plot was sown on 7" July. It is
observed from ANOVA of VH time that there are significant
differences between selected demo and control plots of 27p31
and 6444 varieties. The yield difference in the demo plots
compared to control for 2082, 27p31, 27p37, 6444, and Ra-
jendra Bhagwati was 1320 kg ha™, 474 kg ha*, 990 kg ha™, 0
kg ha™ and -335 kg ha™. It is to be noted that for the Rajendra
Bhagwati variety, the yield in the demo plot is less than the
yield in the control plot. The results from the VH time series
and yield values agree for all varieties except for Rajendra
Bhagwati. The seasonal average of the VH index image of the
demo and control plots and the VVH time series graphs of demo
and control plots for each variety are given in Figure 6 for
Kharif 2020-21. From the time series, the phenological stages
could be differentiated in 27p31, 27p37, and 6444 varieties.
However, for 27p37 and Rajendra Bhagwati the phenological
stages could not be differentiated but time series could dif-
ferentiate the delay in sowing in the Rajendra Bhagwati con-
trol plot.

Table 5. Average VH index for each variety and p-value calculated from ANOVA and its significance.

Yield (kg ha™)

Variety

Demo Control Difference
Kharif 2020-21 (CD@0.05 = 456 kg ha™)
2082 6600 5499.9 1100**
6444 6384.6 5755.8 629**
27p31 6441.9 5472.9 969**
27p37 5761.8 5168.4 1325**
Rajendra Bhagwati 5610 6935 1325**
Mean 6159.6 5366.4 793**
Kharif 2021-22 (CD@0.05 = 228 kg ha-1)
2082 7041.1 5920 1121**
6444 5990.3 5877.4 113
27p31 6239.4 6135.1 104
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VH (dB)

p-value Significance
Demo Control
-16.7 -16.1 0.02 *
-16.8 -17.1 0.01 *
-18 -17.7 0.35
-17 -16.5 0.03 *
-18 -18.5 0.45
-17.3 -17.2 0.63
-16.8 -16.4 0.05 *
-16.7 -16.8 0.05 *x
-16.7 -16.2 0.01
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Yield (kg ha)

Variety

Demo Control Difference
27p37 6500.4 6021.6 479**
Rajendra Bhagwati 7841.7 6400 1442**
Mean 6722.6 6070.8 652**

* Indicates a significant difference at 0.05 level of confidence
** Indicates a significant difference at 0.01 level of confidence

The sowing dates for varieties 2082, 27p31, 27p37 and 6444
during Kharif 2021-22 in demo plots were 25" June, 15" July,
19" July, 8" July and 18" June, and for control plots on 25" June,
1% July, 18™ July, 8" July and 20" June respectively (Table 6).
The sowing of control plots during Kharif 2021-22 was taken up
simultaneously or with a lag of 1 or 2 days, except for 27p31,
where there was a difference of 15 days between the demo and
control plot sowing dates. ANOVA of the VH time series shows
significant differences between the selected demo and control
plots of 2082, 27p31 and Rajendra Bhagwati varieties. The yield
difference in the demo plots compared to control for 2082, 27p31,
27p37, 6444 and Rajendra Bhagwati was 2000 kg ha™, 2400 kg
ha™, 300 kg ha™, 72 kg ha™ and 1109 kg ha™. In all demo plots,
the yield recorded was higher than that of the corresponding
control plot. The results from the VH time series and yield values
agree for all varieties, showing a yield difference of >1000 kg
ha™, and the VH time series of the control and demo plots were
found to be significantly different. The seasonal average of the
VH index image of the demo and control plots and the VH
time-series graphs of the demo and control plots for each variety
are shown in Figure 7 for Kharif 2021-22.

VH (dB)
p-value Significance
Demo Control
-16.6 -16.1 0.02 *
-16.1 -17.2 0 *x
-16.6 -16.5 0 **

However, for 6444 and Rajendra Bhagwati, the crop calen-
dar could not be differentiated, but the time series could dif-
ferentiate the sowing delay in the Rajendra Bhagwati control
plot. The color mapping graph in Figure 8 indicates the time
series of VH backscatter from 1% May 2021 to 31% October
2021 as influenced by the variable dates of sowing. Different
colors on each of the time series indicate the range of VH
backscatter values. The legend shows a color scale indicating
the value of the VH backscatter. Higher values of VH indicate a
better crop, while lower values indicate a poor-performing crop.
The color map indicates that in the early sown crops (1% and 2™
weeks of June) and late sown crops (4" week of July and 1
week of August), the VH backscatter is lower compared to the
crop sown in the 3" week of June to 3 week of July. The VH
value for crops sown in the 1% week of June and the 1% week of
August is lower than -19.0, which suggests less vegetative
growth when compared to crops sown on other dates. This
lower vegetative growth may consequently impact in lowering
crop yields. The comparative study of the VVH time series and
the values of the VH backscatter can help study crop perfor-
mance under various climatic conditions.

Figure 6. Plot-wise comparison of demo and control plots with the VH time series for Kharif 2020-21. The images in this figure were processed
and downloaded from the GEE platform (https://code.earthengine.goog le.com/), and graphs were prepared using the Origin Pro v 9.1 software

(https://iwww.originlab.com/origin).

Figure 7. Plot-wise comparison of demo and control plots with the VH time series for Kharif 2021-22. The images in this figure were processed
and downloaded from the GEE platform (https://code.earthengine.goog le.com/), and graphs were prepared using the Origin Pro v 9.1 software

(https://www.originlab.com/origin).
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Figure 8. 3D color graph indicates the effect of different sowing dates on crops according to Sentinel-1 VH band time-series. Graphs were
prepared using the Origin Pro v 9.1 software (https://www.originlab.com/origin).

Table 6. Plot-wise comparison and ANOVA on VH time series and the p-value (significance) estimated between control and demo plots in rice
crop during Kharif 2020-21 and Kharif 2021-22.

Variety PlotID
Kharif 2020-21

SRC25
2082

SRD25

SRC6
27p31

SRD6

SRC48
27p37

SRD48

SRC47
6444

SRD47

SRC8
Rajendra Bhagwati

SRD12
Kharif 2021-22

SRC208
2082

SRD208

SRC68
27p31

SRD68

SRC20
27p37

SRD20

SRC7
6444

SRD7

SRC368
Rajendra Bhagwati SRD366

Plot

Control
Demo
Control
Demo
Control
Demo
Control
Demo
Control

Demo

Control
Demo
Control
Demo
Control
Demo
Control
Demo
Control

Demo

Area (m?)

1632
943
999
892
670
369
1759
1824
295
2777

1027
521

2507
1359
1387
1335
1363
1441
2112
1421

61

Sowing Date  Yield (kg ha®) Yield A (p-value)
01/06/2020 5940 1320 0.05*
01/06/2020 7260

28/06/2020 5292 474 0.56
28/06/2020 5766

12/06/2020 5610 990 0.03*
12/06/2020 6600

05/06/2020 6600 0 0.41
05/06/2020 6600

07/07/2020 6935 -335 0.001**
30/06/2020 6600

25/06/2021 5200 2000 0.001**
25/06/2021 7200

15/07/2021 4800 2400 0.005**
01/07/2021 7200

19/07/2021 6100 300 0.51
18/07/2021 6400

08/07/2021 6160 72 0.94
08/07/2021 6232

18/06/2021 6400 1109 0.01*
20/06/2021 7509


http://www.sciencepg.com/journal/ajrs

American Journal of Remote Sensing

http://www.sciencepg.com/journal/ajrs

3.6. Estimating Crop Yields Using both
Sentinel-1 and Sentinel-2

Table 7 evaluates the performance of different statistical
models in estimating a rice yield using Sentinel-1 and Senti-
nel-2-derived indices, along with the Date of Sowing (DOS).
The indices are temporally specific, as indicated by the
numbered suffixes denoting the image acquisition dates.
Among the models, Gradient Tree Boosting (GTB) and
Random Forest (RF) deliver the highest accuracy, with both
showing strong calibration performance (R=2= 0.96). GTB
maintains a slight edge in validation (R== 0.77, RMSE =
551.04), suggesting better generalization to unseen data.
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These ensemble learning methods are especially well-suited
for handling the complex, nonlinear relationships present in
multi-temporal satellite imagery.

Linear Regression and CART provide moderate perfor-
mance, suggesting they capture only a limited portion of the
variance in the data. The poor performance of the Artificial
Neural Network (ANN), particularly during validation (R==
0.33, RMSE = 970.83), indicates potential issues such as over-
fitting, inadequate training data, or suboptimal architecture.

Overall, the results underscore the effectiveness of ensemble

tree-based models in leveraging temporal and spectral patterns
from Sentinel imagery for agricultural prediction tasks.
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Figure 9. Scatterplots of observed and predicted Rice yields in Samastipur district for training (n=298) and validation (n=75) datasets using
Linear Regression, CART, RF, GTB and Artificial Neural Networks (ANN) statistical models. Graphs prepared using the Origin Pro v 9.1

software (https://www.originlab.com/origin).

Table 7. Statistical models developed for yield prediction at the F2 stage of rice crops using remote sensing-based indices, R?, and RMSE

calculated between actual and predicted yields.

Model Variables Bands

Linear
CART
RF
GTB
ANN

0.68
NDVI232, EVI248,
B12 293, B3 293, B4 293,
REIP_248, REIP_293,
VHIVV_232, VHIVV_241,
VHIVV_277,VV_211, DOS

0.67
B4, B8, B3, B4,

B5, B6, B7, BS,
B12, VH, VV

0.96
0.96
0.39

10

Dev%
o
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Rajender
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Rajender

2082 bhagwati

6444 |127p31|27p37 2082 6444 |127p31|27p37

2020 2021

Figure 10. Deviation percentage between yields of demo and control
plots for observed and estimated yield data for Kharif 2020-21 &
2021-22. Graph prepared using the Origin Pro v 9.1 software
(https://www.originlab.com/origin).
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R? (Cal)

RMSE (Cal) kgha®  R?*(Val) RMSE (Val) kg ha™

595.44 0.65 687.59

603.77 0.49 889.08

232.90 0.74 591.66

22791 0.77 551.04

828.53 0.33 970.83

3.7. Comparison of Estimated Rice Yields in
Control and Demo Plots

The validated GTB model was used to estimate the yields
of the rice crop varieties, and the yields of the control and
demo plots were compared. The deviation percentage be-
tween yields of demo and control plots was calculated for
observed and estimated yield data, as shown in Figure 10. The
estimated yields for the control and demo plots using the GTB
models for the five rice varieties are presented in Figure 11.
The deviation percentage was estimated between observed
and estimated yields of demo and control plots to validate the
performance of the remote sensing-based crop yield model
and identify the differences between the improved and tradi-
tional management practices. The average deviation per-
centages of the estimated yield from the observed yield for
Kharif 2020-21 and Kharif 2021-22 were 3.9 percent and 2.8
percent, respectively. The percentage deviation of estimated
yields from the observed yield for Kharif 2020-21 was found
to be higher for the Rajendra Bhagwati variety (6.9 percent)
and lowest for the 27p31 variety (-2.9 percent) among the
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control plots. Similarly, the deviation percentage for the demo
plots was higher for the Rajendra Bhagwati variety (-7.5
percent) and lowest for the 6444 variety (0.73 percent).

The deviation percentage of estimated yields from the ob-
served yield for Kharif 2021-22 was found to be higher for the
6444 variety (-5.2 percent) and lowest for the Rajendra
Bhagwati variety (-0.72 percent) among the control plots.
Similarly, for the demo plots, the deviation percentage was
found to be higher for the Rajendra Bhagwati variety (4.9
percent) and lowest for the 27p37 variety (0.11 percent)
(Figure 10).

For Kharif 2020-21 the RF model estimated yield for all
varieties in control plots ranging between 6609.0 (6444) and
45255 (27p37) with an average yield of 5648.6 kg ha™ for all
varieties. For demo plots, the estimated yield ranged between
7097.8 kg ha™ (2082) and 4323.5 kg ha™* (Rajendra Bhagwati)
with an average yield of 6020.1 kg ha™ for all varieties.

For all varieties, the yields of demo plots were found to be
higher than the rice varieties grown in control plots, except for
the Rajendra Bhagwati variety, where the control plot (6458.6
kg ha™) yields on average were higher than those of the demo
plots (5756.5 kg ha™) (Figure 11). For Kharif 2021-22 the
GTB model, estimated yield for all varieties of control plots
ranged between 7225.1 kg ha™ (27p31) and 3421.6 kg ha™
(27p31) with an average yield of 6073.3 kg ha™ for all varie-
ties. The estimated yield for all varieties of demo plots ranged
between 8692.7 kg ha® (27p31) and 3825.7 kg ha™ (6444)
with an average yield of 6320.5 kg ha™ for all varieties. For all
the varieties, the yields of demo plots were found to be higher
than the yield of rice varieties grown in control plots, except
for 6444 varieties where the control plot (6095.4 kg ha™)
yields on average were higher than those of the demo plots
(6007.6 kg ha) (Figure 11b).

3.8. Interactive Web Interface for Crop
Monitoring and Crop Yield Prediction

A web-based interactive platform to monitor crop status
and estimate yield from remote sensing-based vegetation
indices was developed using the GEE Manage Apps option.
Users can create and implement web apps using the Earth
Engine JavaScript API to facilitate exploration and querying
of datasets and results. This allows those without Earth En-
gine access to explore data and derived datasets without using
the Code Editor and provides control over how users interact
with it. The Sentinel-1-based VH time series, deviation in the
current VH index of the selected field from the previous VH
index, normalized differential vegetation index (NDVI) time
series, and yield predicted for Kharif 2020-21 and Kharif
2021-22 for the selected field can be accessed through this
interactive web application. The user needs to select the area
of interest, year, and viewing parameters. This app estimates
crop status, transplanting date, and yield for the selected year
and season. This application is scalable across time and space;
however, it requires validation for its accuracy and can be
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trained with more ground-truth information to achieve the
desired outcomes. The Rice crop Monitoring Tool can be
accessed @
https://ee-icrisat.projects.earthengine.app/view/rice-crop-mo
nitoring-tool-icrisat.

4. Discussion

4.1. Land Use - Land Cover (LULC)
Classification

According to a report published by the Directorate of
Economics and Statistics, Department of Planning and De-
velopment, Government of Bihar, the rice-cropped area in
Samastipur district is 864.05 km? which is 29.8 percent [60].
The rice-cropped area reported by the Directorate of Eco-
nomics and Statistics is close to the rice-cropped area esti-
mated by Sentinel-2 data for Kharif 2020-21, which is 885.5
km? (30.5 percent) with less than 5 percent deviation. The area
under each land use class was matched with the European
Space Agency’s (ESA) World Cover 10 m product, which
provides a global land cover map at 10 m resolution based on
Sentinel-1 and Sentinel-2 data [78]. Other crops grown during
Kharif in Samastipur include maize and red grams. For Kharif
2021-22, it is observed that the area under these crops de-
creased by 259.1 km? and the area under other vegetation
types increased by 270 km? in comparison with Kharif
2020-21. This could be due to late sowing in the district
caused by the late onset of monsoon rainfall. The increase in
the area under the other vegetation class can mainly be at-
tributed to less rainfall received during 2021 (1236 mm)
compared with 2020 (1863 mm) [61]. Lower rainfall during
Kharif 2021-22 led to less sown area under rice and other
crops, which in turn led to the growth of spurious vegetation.
Amongst all the classes, the maximum area (38.0 percent) on
average is estimated under the class “Other crops”. Water
bodies in the district accounted for 2.1 percent and 2 percent
of the total district area during Kharif 2020-21 and Kharif
2021-22 respectively. The LULC image was further used to
identify the area under different land-use classes and as a layer
for predicting rice yields. According to the report, the total
district area is 2904 km?; however, due to clipping of the
classified Sentinel-2 raster image using a Shapefile, some
pixels may have been lost, resulting in a difference of 2 km?
between our estimate and the reported area of the district with
the total area under LULC classes in Table 4. However, these
estimates may not be annually consistent.

4.2. Crop Calendar

The higher the VH value, the higher the vegetation growth;
however, water in the field reduced the VH value. The de-
crease in the VH value shortly after the onset of the monsoon
(1% week of June) can be attributed to rainfall and the removal
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of weeds or other vegetation during land preparation. The low
backscatter values are most likely related to specular reflec-
tion of the irrigated water surface [62, 63]. The increase in VH
value from the second fortnight of July was due to the trans-
planting which was done 21-30 days after nursery sowing (the
observed dates of sowing are given in light green color, and
the line intercepting the blue stretch indicates the mean date of
sowing).

The lowest VH values indicated less or no vegetation due to
land preparation, specifically puddling. Low VH values were
used to identify sowing date from 1% June to 15" August. VV
indicates the presence of water and water content in the crops
or soil; the lower the value of VVV, the higher the water content
in the satellite image. The time series of VVV of the demo and
control plots showed an increase in the V'V value, indicating a
peak in the 3" week of August, which coincides with the peak
vegetative growth stage of the rice crop. During the heading
stage, carbohydrates assimilated in the leaves are transported
to the panicles, leading to leaf senescence and resulting in the
reduction of vegetative growth. The increase in vegetative
growth from transplanting to the peak vegetative stage and the
subsequent decrease due to heading was evident in the time
series of VV (Figure 5). The team collected data on the date of
sowing and harvesting, but the peak vegetative stage is a
probable indication from the VV time series. The maximum
value of VV could be due to vegetation and less soil, which in
turn leads to more scattering, and the signal received in the
VV direction indicates the presence of erect or upright leaves
[64]. During the maturity stage, rice plants begin to senesce,
and biomass gradually decline as grains develop which is
characterized by a decline in the VH backscatter coefficient.
The decrease in VH is linked to the drying and hardening of
the plant structure, as well as a decrease in the water content
inside plant tissues. However, more ground-truth data would
lead to increased discerning capability.

The color mapping graph in Figure 8 indicates the time
series of VH backscatter from 1% May 2021 to 31% October
2021 as influenced by the variable dates of sowing. Different
colors in each time series indicate the range of the VH
backscatter values. The legend shows the color scale that
indicates the value of the VH backscatter. Higher VH values
indicate a better crop, whereas lower values indicate a
poor-performing crop. The color map indicates that in the
early sown crops (1% and 2" weeks of June) and late sown
crops (4™ week of July and 1% week of August), the VH
backscatter was lower compared to the crop sown in the 3™
week of June to 3 week of July. The VVH value for crops
sown in the 1% week of June and the 1% week of August is
lower than -19.0, which suggests slow vegetative growth
when compared to crops sown on other dates. This lower
vegetative growth may consequently result in lower crop
yields. A comparative study of the VH time series and the
values of VH backscatter can help study crop performance
under various climatic conditions.
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4.3. Comparison Between Control and Demo
Plots Using Sentinel-1 Estimates

Based on one-way ANOVA for demo and control yields
(ground truth data) and from critical difference values calcu-
lated (456 kg ha™ and 228 kg ha™ for Kharif 2020-21 and
Kharif 2021-22 respectively) it was observed that there is a
significant difference between the yields demo and control
plots for all five varieties during Kharif 2020-21 and for 2082,
27p37 and Rajendra Bhagwati during Kharif 2021-22. This
indicates that improved management practices have a signif-
icant effect on rice crop yields. The ANOVA performed over
the VH time series of demo and control plots for the rice
varieties according to Kharif 2020-21 and Kharif 2021-22
indicated that there was a significant difference in the time
series of VH backscatter values for 2082, 6444, and 27p37
during Kharif 2020-21 and for four varieties except 6444
during Kharif 2021-22.

The recommended seed treatment, seedling age for trans-
planting, application of fertilizers in the nursery, spacing
between crops and rows, dosage and timing of nutrients, and
other recommendations seemed to have a direct effect on the
crop and soil (Table 1). The impact of improved seed treat-
ment, nursery management, transplanting age of seedlings,
and nutrient management was observed in all varieties of
Kharif 2020-21 and four rice varieties viz. 2082, 27p31,
27p37, and Rajendra Bhagavathi during Kharif 2021-22,
while for 6444, the effect of improved management practices
was not significant during Kharif 2021-22. The difference in
the Kharif 2020-21 yield between the control and demo plots
was not reflected in the VH time series data for varieties
27p31 and Rajendra Bhagwati. The VH time series for Kharif
2021-22 differentiated the control and demo plots for the three
varieties 2082, 27p37, and Rajendra Bhagwati, in agreement
with the yield difference. This differential response of varie-
ties can be attributed to rainfall and flooding in the plots,
confirming the differential response of varieties to the treat-
ments.

4.4, Estimating Crop Yields Using both
Sentinel-1 and Sentinel-2

Many studies have used Sentinel-1 time series data to es-
timate rice yields [63, 65] and also to differentiate the early
and late sown crops [28] and differentiate irrigated and
non-irrigated rice crops [66]. These studies have indicated
that remotely sensed data can be used to study the impact of
different management practices on crop growth and yield.

Integrating Sentinel-1 and Sentinel-2 data for developing a
rice crop monitoring system has proved to be an effective tool
for monitoring crop conditions or estimating crop yields even
under cloudy situations [67-69]. The evaluation of five sta-
tistical models for rice yield estimation: Linear Regression,
CART, Random Forest (RF), Gradient Tree Boosting (GTB),
and Artificial Neural Network (ANN) using Sentinel-1 and
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Sentinel-2 indices and the Date of Sowing (DOS) provides
important insights into model behavior for agricultural pre-
diction tasks.

Generally, gradient tree boosting and random forest re-
gression models have given more reliable crop yield estimates
than linear, CART and neural network regression as these
models have unique characteristics such as: (i) it incorporates
the interaction between predictors; (ii) it is based on ensemble
learning theory, which allows it to learn both simple and
complex problems; (iii) these models does not require much
fine-tuning of its hyper-parameters as compared to deep
learning techniques (ANN). However, ANN requires many
dependent variables and a huge dataset for developing several
hidden layers, which in turn provide final estimates [70-72].
The difference between the average estimated yields of demo
and control plots for all the varieties is more than a critical
difference of 228 kg ha™ (estimated using the Tukey Post Hoc
test in Table 5. However, for 6444 (-262 kg ha™) and 27p31
(237 kg ha) the CD was closer to 228 kg ha™. In the case of
observed yields, ANOVA indicated that there is no significant
difference between demo and control plots for these two va-
rieties (6444 and 27p31).
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The mean deviation percentage for all the varieties in con-
trol and demo plots for the two seasons was found to be less
than 5 percent indicating that the model performance is good
and upon more training and validation, this model can be
scaled up to more number of districts making the yield pre-
diction estimates more accurate and less time consuming
similar to the study done earlier by Arumugam et al. (2021)
[56]. The use of machine learning models in combination with
remote sensing data for predicting rice crop yields was
demonstrated in several studies [38, 67, 69]. The range of
estimated yields in the demo and control for two seasons for
five rice varieties indicated that the model differentiated the
yields of demo and control plots as observed from the actual
ground truth data. From this, it is inferred that a remote
sensing-based yield model for rice crops can detect the dif-
ference between the crop grown with improved management
practices and the crop grown with traditional management
practices. Many studies have reported the use of Sentinel-1
and Sentinel-2 data for providing timely and accurate yield
estimates for planning and policymaking for Governments
and for insurance companies for reliable and timely dis-
bursement of insurance to farmers [16, 73-75].
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Figure 11. Estimated yields for control and demo plots for the five Rice varieties for a) Kharif 2020-21 and b) Kharif 2021-22 using GTB model.
Graph prepared using the Origin Pro v 9.1 software (https://www.originlab.com/origin).

4.5. Interactive Web Interface for Crop
Monitoring and Crop Yield Prediction

The development of a web-based interactive platform for
monitoring crop status and estimating yield from re-
mote-sensing-based vegetation indices represents a signifi-
cant advancement in agricultural monitoring. The scalability
of the platform across time and space indicates its potential for
applications in various regions and periods. Its accuracy relies
on thorough validation and training with extensive
ground-truth information. More comprehensive datasets and
rigorous validation studies are needed to enhance its reliabil-
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ity and predictive power [76, 77]. However, this application
has a few limitations, including its geographical scope being
limited to a specific region, its focus on rice yield estimation
alone, and its small dataset. Additional validation and expan-
sion of the dataset are required to enhance the robustness and
reliability of the app.

4.6. Limitations of the Study

Nevertheless, a few shortcomings must be addressed with
additional research and development:

1. The planting date estimated using the Sentinel- 1 VH

time series is not applicable for directly seeded rice or
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aerobic rice.

2. Further validation and training are required for scaling
up.

3. Farmers require instruction and training to use web ap-
plications.

4. The estimated yield was based only on satellite-based
vegetation indices. Weather and soil information can
increase the accuracy of the estimated yield.

Despite its numerous advantages, GEE also has a few lim-
itations, including interface complexity, requiring a steep
learning curve for users unfamiliar with remote sensing and
geospatial analysis [78]. Furthermore, the processing capa-
bilities of GEE are sometimes constrained by limitations on
computational resources, leading to longer processing times
for large datasets. The advantages of adopting GEE for rice
crop monitoring outweigh its drawbacks, making it a valuable
tool in precision agriculture and sustainable food production.
Several studies have emphasized the limitations of temporal
and spatial resolution in open-source satellite imagery. They
concluded that while satellites such as Sentinel-2 and Landsat
provide significant data, their resolutions may not always be
adequate for extensive field-scale studies [24, 77, 79]. Some
researchers have emphasized the necessity of diverse and
large training datasets to improve model generalization. They
point out that models trained on small datasets may not per-
form well across locations and crop varieties [80, 81]. Lobell
et al. (2020) found stronger generalization capabilities, po-
tentially owing to the use of more thorough training datasets
or better modelling algorithms, which our study might not
have employed [82].

Future research should focus on improving ground-truth
data quality and availability, enhancing model accuracy and
generalization, optimizing algorithm efficiency, and improv-
ing integration with other data sources. Investing in data fu-
sion techniques and automated ground-truthing methods can
improve model accuracy and reliability. By addressing these
recommendations, future research can build on current ad-
vancements, enhancing the accuracy, applicability, and ac-
cessibility of crop monitoring and yield estimation technolo-
gies, and contributing to more sustainable and efficient agri-
cultural practices globally.

5. Conclusions

The VH time series indicated a significant difference in the
growth patterns of rice varieties (2082, 27p31, 27p37, and
Rajendra Bhagwati) grown in demo and control plots. Among
all Sentinel-1 indices, the VH time series has been shown to
be a useful tool for tracking crop calendars. Among the five
yield models developed for estimating rice yields from Sen-
tinel-1 and Sentinel-2-based indices, the GTB model per-
formed better than the other models with an R? of 0.96 for the
calibration dataset and 0.77 for the validation dataset. Based
on this study, it can be concluded that the proposed method-
ology is useful for monitoring crops at the field scale to the
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district scale on a near-real-time basis. This approach uses
open-source satellite data, which are finer in resolution,
scalable, affordable, and less time-consuming; the GEE plat-
form offers capabilities for storing data, performing analyses,
and developing interactive maps. This study demonstrates the
discrimination between different management practices using
Sentinel-1-derived indices. Although our CMS demonstrated
promising results for rice yield estimation, it is important to
acknowledge that the study was based on a limited sample
size (300/73 data points) and focused on a single crop within a
specific region. These factors constrain the generalizability of
the findings. Our findings are consistent with numerous
studies on the limitations and potential of employing
open-source satellite data and machine learning for crop
monitoring and yield estimations. Although there is broad
agreement on the problems of data quality, model generaliza-
tion, computational complexity, and the necessity for good
data integration, certain differences highlight areas where
recent advances or alternative approaches have shown prom-
ise. Future research should expand on these advances by
enhancing data quality and model robustness and addressing
ethical concerns to improve the overall effectiveness and
usefulness of these technologies in agriculture.
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API Applications Program Interface

CD Critical Difference

CART Classification and Regression Trees

CMS Crop Monitoring System
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