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ABSTRACT

Rice (Oryza sativa) cultivation plays a critical role in food security across Asia, where smallholder farmers depend heavily on timely
information about crop development and field conditions. Monitoring these changes using optical remote sensing is constrained by
persistent cloud cover during monsoon-driven growing seasons, underscoring the necessity of Synthetic Aperture Radar (SAR) for
continuous observation. This study evaluates the capability of Sentinel-1 C-band SAR for tracking rice phenology in two smallholder
fields in Mayiladuthurai District, Tamil Nadu, during the Late Samba season (September to January). Field-scale analysis of VV, VH,
and NDVI time series for 2023—-2024 captured key phenological transitions, with polarization showing a strong correlation with NDVI
(Farm 1:r=0.75; Farm 2: r = 0.73). Radar Vegetation Indices (RVI, mRVI, and RVI4S1) were computed from multi-year Sentinel-1 data
(2018-2023) and compared with MODIS NDVI. Although the radar indices showed high inter-correlation (r > 0.90), their relationship
with NDVI remained weak (0.15-0.30). Machine learning experiments over a 1.5 x 1.5 km region (2018-2022) demonstrated that
a Linear Regression model (6.92 x 107°) outperformed Random Forest Regression (0.000258) in predicting RVI4S1 from VV and
VH, indicating linear relationship between radar channels and the index. The study highlights the suitability of Sentinel-1 SAR-par-
ticularly VH polarization — for phenology tracking in smallholder contexts, especially where optical data are limited by cloud cover.
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1. Introduction

Rice (Oryza sativa) is one of the most prominent
staple foods that sustains food security around the
world; it mainly grows in Asia (Muthayya et al. 2014).
[t is consumed by nearly half of the world’s popu-
lation and occupying more than 11% of cultivated
land (Kumar et al. 2022). More than 90% of global
rice production occurs in Asian countries, where it is
primarily consumed. About 80% of the world’s rice
is grown by small-scale farmers with low incomes,
mostly in developing countries, involving around
140 million rice-growing households (FAO 2017).
Rice (Oryza sativa) is traditionally grown as an
annual plant, but in tropical regions, it can survive
as a perennial and produce a ratoon crop for up to
30 years. Biophysical parameters, such as biomass,
yield estimation, leaf area index (LAI), and water
content, are critical for farmers in rice cultivation.
For instance, dry biomass can be used to estimate
yield. Rice cultivation is predominantly practiced
in regions with abundant rainfall and relatively low
labor costs, as it is a labor-intensive crop with high
water requirements. In this context, timely and accu-
rate estimation of rice-growing areas and production
in Tamil Nadu state of India is essential for effective
agricultural planning, food security assessment, and
environmental sustainability (Surendran et al. 2021;
Udimal et al. 2017).

Traditional data on rice-growing regions, seasons,
and yields are often sub-national, but current sys-
tems may not meet the data requirements for food
security and policy formulation. Reliable monitor-
ing of rice phenology and crop condition is essential
(Wu et al. 2023). Rice farming is linked to various
environmental aspects, from water use to climate
change, due to its high methane emissions (Shen
et al. 2024). Thus, long-term annual monitoring is
required to study the impacts of changes in rice cul-
tivation areas and farming practices, which are likely
to evolve in the coming years to address economic
and environmental challenges. The use of optical
data for crop monitoring and management has been
widely explored over the last two decades. Vegeta-
tion indices, such as NDVI, EVI, and LAI, from optical
remote sensing observations, are majorly applied to
assess crop growth stages (Omia et al. 2023). How-
ever, persistent cloud cover under monsoon-driven
rice cultivation severely constrains passive optical
remote sensing, leading to data gaps during critical
phenological transitions. SAR is unaffected by these
constraints by providing day-night, cloud-indepen-
dent observations sensitive to the canopy structure,
the accumulation of biomass, and conditions in field
water. Moreover, the Sentinel-1 provides C-band SAR
data with dual polarization (VV and VH), enabling
systematic, all-weather monitoring of agricultural
surfaces (ESA 2018). Various studies have proven
that dual-polarimetric SAR backscatter efficiently

characterizes soil and vegetation conditions over
agricultural croplands (Bhogapurapu et al. 2022).
These properties make Sentinel-1 especially suitable
for monitoring transplanted rice systems (Atzberger
2013; Inoue et al. 2014; Wu et al. 2023).

Early studies have shown that C-band SAR backs-
catter is highly sensitive to rice phenological stages,
especially in conditions related to flooding and can-
opy development (Le Toan et al. 1997). Time-series
Sentinel-1 SAR data have proven effective for map-
ping rice extent and cropping patterns in cloud-prone
deltaic environments (Nguyen et al. 2016). Temporal
variation in Sentinel-1 VV and VH backscatter aligns
with critical rice phenological stages, such as trans-
planting, vegetative growth, and maturity, support-
ing use of SAR for rice monitoring (Choudhury et al.
2022). Despite these advances relatively few studies
have evaluated SAR performance in heterogeneous
smallholder landscapes where field size, planting
dates, irrigation schedules, and waterlogging vary
greatly. Radar Vegetation Indices (RVIs) have been
proposed to enhance crop monitoring; however, their
long-term consistency and relationship to optical veg-
etation indices at the farm scale remain insufficiently
investigated (Inoue et al. 2014; Veloso et al. 2017; Wu
et al. 2023). To address these gaps, this study inte-
grates multi-year Sentinel-1 C-band backscatter with
both field-scale and multi-year NDVI time series to
assess the potential of SAR for rice monitoring in two
farm fields in Mayiladuthurai District, Tamil Nadu.
It has been observed in previous studies that SAR
times series are capable of providing complementa-
ry information to optical satellite data, such as NDVI,
especially for crop structure and moisture (Blaes et
al. 2005).

Random Forest regression models were
employed to predict RVI4S1 using Sentinel-1 VV and
VH polarization data. The effectiveness of machine
learning approaches for analyzing multi-temporal
Sentinel-1 SAR data in rice-growing regions has
been reported in earlier studies (Onojeghuo et al.
2018). Comprehensive reviews have emphasized
the importance of integrating optical and SAR data
for reliable rice crop monitoring at regional and
global scales (Kuenzer and Knauer 2013). A mul-
ti-year radar-optical correlations with phenological
analyses at the field scale and offers an integrated
evaluation of Sentinel-1 SAR data with respect to
smallholder rice systems. The specific objectives
of this study are to analyse field-scale phenologi-
cal trajectories of rice during the 2023-2024 Late
Samba season using Sentinel-1 VV and VH backs-
catter and Sentinel-2 NDVI, to evaluate multi-year
(2018-2023) radar-optical relationships by examin-
ing correlations between MODIS NDVI and SAR-de-
rived radar vegetation indices (RVI, mRVI, and
RVI4S) and to compare machine learning models of
Linear Regression and Random Forest Regression to
predict RVI4S1 using VV and VH.



Evaluation of SAR C-band radar vegetation indices for rice crop monitoring in Tamil Nadu, India 3

2. Study area

The study area is predominantly agricultural, with
irrigated rice (Oryza sativa) forming the major crop
and occupying most cultivated lands. The study was
carried out in Arangakudi, Vadakarai village, locat-
ed in Mayiladuthurai District of Tamil Nadu, India
(Fig. 1). These two farmlands are cultivated with the
rice (Oryza sativa) crop variety (ADT 45) on both
lands. The farms have been cultivating this variety
for nearly 10 years. The cultivation of rice (Oryza
sativa) crops during the Late Samba period spans
135 days, from September to January. Investigation
reveals that the rice (Oryza sativa) crop cultivation
during the Late Samba season occurred from Sep-
tember 2023 to January 2024. Seedling transplan-
tation took place on September 1, 2023, followed
by transplanting on September 21, 2023. The crop
matured by December 21, 2023, but harvesting was
delayed until January 25, 2024, due to unexpected
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water logging. Originally, harvesting was planned for
January 15, 2024.

3. Datasets

3.1 Google Earth Engine (GEE) datasets

3.1.1 Sentinel-2 optical data

Sentinel-2 multispectral data is accessed from Euro-
pean Space Agency (ESA) through GEE. The data is
used for computing Normalized Difference Vegetation
Index (NDVI) for vegetation monitoring during 2023-
2024, 135 days cropping cycle with Band-4 (Red) and
Band-8 (NIR) of 10m resolution (Drusch et al. 2012;
Tucker 1979; Gorelick et al. 2017).

3.1.2 Sentinel-1 SAR C-band data
Sentinel-1 Ground Range Detected (GRD) C-band SAR
data (VV and VH dual polarization) were utilized to
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Fig. 1 Maps of locations. Farm 1: Area-Acre 7.71, Farm 2: Area-Acre 8.182.
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monitor structural and moisture-related changes
within irrigated rice (Oryza sativa) fields. Data were
pre-processed using Sentinel-1 toolbox, thermal noise
removal, radiometric calibration, terrain correction
using SRTM 30 or ASTER DEM (ESA 2018; Small
2011). The terrain-corrected backscatter coefficients
were converted to decibels using logarithmic scaling.
VV and VH polarization channels were then extract-
ed for further analysis. For this study, mosaic scenes
corresponding to specific phenological stages of the
crop 135 days growth cycle were generated, ensuring
temporal alignment with optical NDVI observations.
Dual-polarization of C-band SAR (VV and VH) is well
suited for monitoring rice environments due to its
sensitivity to surface water conditions, canopy struc-
ture, and biomass dynamics (Inoue et al. 2014; Bouvet
and Le Toan 2011).

3.1.3 MODIS Terra daily NDVI

Seasonal NDVI time-series data have been widely
used to map rice extent and phenological patterns in
high-intensity cropping systems (Gumma et al. 2014).
Multi-temporal MODIS imagery has been widely used
to map paddy rice extent and seasonal dynamics
across South and Southeast Asia (Xiao et al. 2006).
MODIS Terra Daily NDVI product (2018-2022) was
incorporated for historical vegetation trend analysis
(Tab. 1). It has a coarser spatial resolution and its high
temporal frequency enhances phenological assess-
ment over multiple year (Li et al. 2024).

Tab.1 Specifications of GEE datasets.

Dataset Acquired
Sentinel-2A 2023-2024
(Sept, Oct, Nov, Dec, Jan)
GEE | \0DIS Terra (Daily) NDVI 2018-2023
(Sept, Oct, Nov, Dec, Jan)
2023-2024

Sentinel-1 SAR GRD: C-Band

(Sept, Oct, Nov, Dec, Jan)

Source: ESA and NASA datasets accessed via Google Earth Engine
(Gorelick et al. 2017).

4. Methodology

4.1 Phenological stages

The temporal changes in VV and VH backscatter were
compared with NDVI to assess their relationship. Var-
iations in backscatter corresponds closely changes to
canopy structure and moisture content. By examin-
ing these parameters together, it is possible to identify
phenological transitions, such as vegetation growth,
reproductive stages, and maturity. Increases in NDVI
typically align with rising VV and VH signals during
biomass accumulation, while declines as the crop
approaches senescence and harvest. This integrated
analysis enables clearer interpretation of crop devel-
opmental stages across the 135-day growth cycle.

4.2 Correlation between different radar vegetation
indices and NDVI

4.2.1 Normalized difference vegetation index (NDVI)
The NDVI used in this study was derived from the
MODIS Terra Daily NDVI product (2018-2023). To
enhance its suitability for Sentinel-1, the MODIS NDVI
was resampled to a 10-m spatial resolution using the
bilinear interpolation method. The resampled NDVI
dataset was subsequently used to extract Normalized
Difference Vegetation Index (NDVI) for specific dates
corresponding to key stages of the 135 days crop
growth cycle.

4.2.2 Radar vegetation indices

Sentinel-1 C-band VV and VH backscatter was speck-
le-filtered to produce Radar Vegetation Indices (RVIs).
In order to ensure a physically meaningful representa-
tion of scattering intensities, the polarization values
of VV and VH values were transformed from decibels
(dB) to linear units using 10" (dB/10).

e Radar Vegetation Index (RVI)
Co- and cross-polarized backscatter intensi-
ties are used by the RVI to measure vegetation
development:

4-VH

RVI= v vn

(Bhogapurapu et al.2022)

By normalizing the scattering response, this for-
mulation produces values that ideally fall between 0
and 1. Higher values indicate more vegetation cover
and larger canopy volume scattering.

e Radar vegetation index for Sentinel-1 (RVI4S1)
The degree of polarization (DOP) is incorporated
into the RVI4S1 metric to improve crop structural
sensitivity:

= pop =14
vy’ a

1 1+q

RVI,s; = VvDOP - (Choudhury et al.2022)

VV + VH
e Modified Radar Vegetation Index (mRVI)
The mRVlI is calculated as:

0.5
Y?/v > ( 4 Y?/H )
Yov Yo/ \Yov + You
(Colak etal. 2021)

mRVI = <

The RVI, RVI4S1, and mRVI indices were all calcu-
lated using VV and VH. Their temporal profiles were
then statistically compared with NDVI to identify
which radar-based metric exhibits the strongest cor-
respondence with vegetation crop growth dynamics.
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4.3 Comparison of machine learning model of
random forest Regression and linear regression

4.3.1 Random forest regression

Random Forest Regression was implemented to pre-
dict the RVI4S1 using VV and VH backscatter as input
features.

B
J— 1
RVIES1(x) = EZ 9 ()
b=1

This model is used for nonlinear relationships
between SAR backscatter (VV, VH) and the vegetation
index.

4.3.2 Linear regression

Linear Regression was used as a baseline model to
quantify the linear dependency of RVI4S1 on VV and
VH. A multiple linear regression model was fitted
using:

where and represent the contribution of each
polarization to the predicted vegetation index. This
study-specific formulation evaluates how well simple
linear combinations of VV and VH explain variability
in RVI4S1, allowing direct comparison with the Ran-
dom Forest model’s nonlinear predictive capability.

5. Results and discussion
5.1 Phenological stages analysis

The Fig. 2 illustrates the temporal variation of VV
backscatter for Farm 1 from September 2023 to

January 2024. Spatial variations in backscatter inten-
sity indicate changes in surface conditions and Oryza
sativa growth stages, with marked responses at the
selected field locations. The phenological graph illus-
trated in Fig. 3 shows seasonal variations in Oryza sati-
va growth for both Farm 1 and Farm 2. The decreases
observed on 1 October 2023 for Farm 1 and 15 Septem-
ber 2023 for Farm 2 correspond to the transplanting
stage, during which flooded conditions and a smooth
soil-water surface reduce radar backscatter. According
to farmer records, transplanting at Farm 2 occurred
approximately one week later than Farm 1 due to tem-
porary labour shortages; this temporal offset is clearly
reflected in the respective backscatter profiles. Subse-
quent increases in signal intensity, around 30 October
2023 for Farm 1 and 15 November 2023 for Farm 2,
are onset of the flowering stage, when canopy density
and biomass begin to rise. For Farm 1, VV backscat-
ter values ranging from approximately -11.147 dB to
-8.788 dB between 15 November 2023 and 25 Janu-
ary 2024, indicating progressively stronger canopy
scattering, characteristic of late reproductive to early
maturity phases and approaching the harvest stage.
Findings of the study align with previous research
observation in the Asian context carried out by Dine-
shkumar and Satishkumar (2019) that demonstrated
that Sentinel-1 C-band SAR data can effectively moni-
tor rice crop growth, with volume scattering increasing
and surface scattering decreasing as the crop progress-
es through its phenological stages. In a similar GEE-
based analysis, Dineshkumar et.al (2019) showed that
both scattering of VV and VH polarization were lowest
during the transplanting stage and increase toward
peak vegetation, demonstrating the sensitivity of SAR
backscatter to rice phenological progression.

1311

01 Sep 2023 21 Sep 2023 01 Oct 2023 15 Oct 2023 30 Oct 2023
15 Nov 2023 25 Nov 2023 30 Nov 2023 16 Jan 2024 25 Jan 2024

Fig. 2 VV backscatter from Farm 1 (Sep 2023—Jan 2024).
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VV Comparison: Farm 1 vs Farm 2
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Fig. 3 VV backscatter graph from Farm 1 and Farm 2 (Sep 2023-Jan 2024).

5.2 Interpretation of VH polarization

The Fig. 4 shows multi-date VH-polarized SAR backs-
catter images of Farm 1 during the Oryza sativa
cropping period. Variations in backscatter intensi-
ty across dates reflect changes in canopy structure
and moisture conditions at the selected field loca-
tions VH backscatter for Farm 1 shows an increas-
ing trend from -20.255 dB starting on 30 October
2023, corresponding to canopy development. The
backscatter reaches a peak value of -13.51 dB on 25
January 2024, which coincides with the harvesting

stage (Fig. 5). VH polarization is observed as dip
associates with early growth stages characterized
by low biomass and soil or surface water conditions;
similarly, Mohit et al. (2022) found that VV and VH
backscatter decreased during pearl millet’s early
growth phase and then increased as canopy develop-
ment advanced. The interpretation of the observed
October minimum as a transplanting and early estab-
lishment phase is supported by the increase in VH
backscatter in the current study, which is consistent
with increased volume scattering from the growing
rice canopy.

EhEED

01 Sep 2023 21 Sep 2023 01 Oct 2023 15 Oct 2023 30 Oct 2023
15 Nov 2023 25 Nov 2023 30 Nov 2023 16 Jan 2024 25 Jan 2024

Fig. 4 VH backscatter from Farm 1 (Sep 2023—Jan 2024).
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VH Comparison: Farm 1 vs Farm 2
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Fig. 5 VH backscatter graph from Farm 1 and Farm 2 (Sep 2023—Jan 2024).

5.3 Interpretation of NDVI

The Fig. 6 illustrates the spatial and temporal varia-
tion of SAR-based NDVI values over Farm 1 from Sep-
tember 2023 to January 2024. Progressive changes in
NDVI intensity indicate Oryza sativa growth and can-
opy development at the sampled field locations. Com-
paring NDVI (Fig. 7) with VV (Fig. 5) and VH (Fig. 3)
clearly shows the phenological transition of Farm 1

during late 2023. NDVI begins to rise after 15 Novem-
ber 2023 (-0.002 to 0.280 by 16 January 2024), cor-
responding with increasing VV backscatter (-11.147
to -8.725 dB) as canopy structure develops. In con-
trast, VH backscatter becomes progressively less neg-
ative (-19.487 to -14.081 dB), indicating a reduction
in water-rich biomass as plants enter maturity. In
correlation analysis, this shows strong associations
between VH-NDVI (Pearson: 0.75; Spearman: 0.90)

bhELE

01 Sep 2023 21 Sep 2023

01 Oct 2023

15 Oct 2023 30 Oct 2023

2111

15 Nov 2023 25 Nov 2023

Fig. 6 NDVI from Farm 1 (Sep 2023—Jan 2024).

30 Nov 2023

16 Jan 2024 25 Jan 2024
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NDVI Comparison: Farm 1 vs Farm 2
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Fig. 7 NDVI graph from Farm 1 and Farm 2 (Sep 2023-Jan 2024).

Farm 1 and VH-NDVI (Pearson: 0.73; Spearman: 0.76)
Farm 2, reflecting VH’s sensitivity to biomass changes.
The combined trends in NDVI, VV, and VH therefore
confirm a decline in wet biomass after mid-November,
marking the progression from reproductive growth
toward harvest readiness.

5.4 Highly Correlated Radar Vegetation Index with
NDVI

The Correlation Matrix data taken for the Farm 1 for
the year 2018 (Sep, Oct, Nov, Dec, Jan), 2019 (Sep, Oct,
Nov, Dec, Jan), 2020 (Sep, Oct, Nov, Dec, Jan), 2021
(Sep, Oct, Nov, Dec, Jan), 2022 (Sep, Oct, Nov, Dec,
Jan), 2023 (Sep, Oct, Nov, Dec, Jan). The correlation

matrix shows the correlation coefficients between
different indices, including RVI, RVI4S1, mRVI, and
NDVI (Fig. 8-10; Tab. 2). The correlation analysis
reveals a strong relationship among the radar vege-
tation indices. RVI has a very strong positive correla-
tion with both RVI4S1 (r = 0.95) and mRVI (r = 0.95).
A slightly lower but still strong correlation exists
between RVI4S1 and mRVI (r = 0.91). In contrast, the
relationship between NDVI and radar-derived indi-
ces is weak. The correlation is about 0.15 for both RVI
and mRVI], and 0.21 for RVI4S1. Of all the radar indi-
ces, RVI4S1 exhibits the strongest correlation with
NDVI. This indicates that RVI4S1 is the most sensitive
SAR-based index to vegetation variations recorded by
optical NDVI.

NDVI VS RVI
1 Farm Land 1
0.8 o - ~
0.6 ..Q. ® o o -
e ® o * o
0.4 W
- -
0.2 @ -
1 v =
0 = .~ e of r.o °
0 0.2 0.4 0.6 0.8 1 1.2 1.4
-0.2

Fig. 8 Correlation between NDVI and RVI for Farm 1 (Sep 2018-Jan 2024).
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NDVI VS RVI4S1
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Fig. 9 Correlation between NDVI and RVI4S1 for Farm 1 (Sep 2018-Jan 2024).
NDVI VS mRVI
1 Farm Land 1
0.8
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0
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Fig. 10 Correlation between NDVI and mRVI for Farm 1 (Sep 2018-Jan 2024).
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Fig. 11 Correlation between NDVI and RVI for Farm 2 (Sep 2018-Jan 2024).
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Tab. 2 Farm 1 correlation matrix for year (2018-2024).

| RVI | RVI4S1 | mRVI | NDVI
RVI 1
RVI4S1 0.947171 1
mRVI 0.948482 0.908005 1
NDVI 0.145436 0.211982 0.149054 1

In this study, the correlation analysis in Farm 2
shows a high degree of relationship among the radar
vegetation indices (Fig. 11-13; Tab. 3). There is a very

mRVI, and RVI4S1) show a low degree of similarity
with the optical vegetation index of NDVI. The cor-
relation coefficient values are estimated to be about
0.22 in the case of RVI, 0.19 in the case of mRVI, and
0.31 in the case of RVI4S1. Out of the three radar veg-
etation indices, RVI4S1 shows the highest similarity
with the vegetation index of NDVI. This explains that
the above index has the highest similarity with vege-
tation activities.

Tab. 3 Farm 2 correlation matrix for year (2018-2024).

high positive relationship between RVI and both | RVI | RVI4s1 | mRVI | NDVI
RVI4S1 (r = 0.96) and mRVI (r = 0.97). This estab- | Rrwi 1
lishes a high degree of similarity among the above | i1 | 0962686 1
three SAR vegetation indices. There is also a high lev-
el of similarity between RVI4S1 and mRVI (r = 0.94). mRVI 0-969511 0936074 !
Conversely, the other three vegetation indices (RVI, |NPVI 0.216434 0.305704 0.193061 1
Farm Land 2
1
0.8
0.6
0.4
0.2
0
a2 0 1.2
Fig. 12 Correlation between NDVI and RVI4S1 for Farm 2 (Sep 2018-Jan 2024).
NDVI VS mRVI
Farm Land 2
1
0.8
0.6
0.4
0.2
0
0 02® o4 0.6 0.8 1 12
-0.2

Fig. 13 Correlation between NDVI and mRVI for Farm 2 (Sep 2018-Jan 2024).
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5.5 Machine learning-based analysis using random
forest and linear regression on ROl mean VV, VH,
and RVI4S1 data

The analysis has been performed using machine
learning based on the mean backscatter values
derived from a 1.5 x 1.5 km region of interest (ROI)
(Fig. 14). The data involves average values of Sen-
tinel 1, in VV, VH, as well as RV4S1, for the area of
study, during 2018-2022, as illustrated in Tab. 4.
Average values for every ROI, as well as every acqui-
sition date, are one thing that is observable in the
data. The latitude and longitude are retained since
it is an important location parameter. The objective
for the machine learning task entailed making pre-
dictions for RVI4S1, which would depend on the VV
and VH values of backscatter using the Random For-
est Regression (RFR) model, in addition to the Linear

Regression model. The two models would operate
on the same set of data. Fig. 15 shows the Plot of
observed and predicted RVI4S1 values of RFR model.
The mean squared error (MSE) obtained by the RFR
model is 0.000258, which indicates that it works well,
but it sometimes performs irregularly. The Linear
Regression model outcome is represented by Fig. 16,
which shows that there is good correlation between
the actual and predicted values of RVI4S1. The mean
squared error, 6.92 x 1075, is greatly reduced by the
Linear Regression model, thereby proving that it is
more accurate compared to the Random Forest mod-
el. The fact that the mean squared error is smaller in
the Linear Regression model suggests that the linear
correlation of RVI4S1 is mainly linear to VV and VH
backscattering. Hence, it can be inferred that Linear
Regression works better than Random Forest Regres-
sion in predicting RVI4S1.
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Fig. 14 Study area for ML 1.5 x 1.5 sg.km.
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Tab. 4 Dataset of VV, VH, RVI4S1 (mean value study area).

RVI4S1 Latitude Longitude
09-09-2018 -17.3979 -9.37856 0.467578 11.0793 79.71018
21-09-2018 -23.3393 -15.0424 0.469467 11.0793 79.71018
03-10-2018 -22.937 -12.8425 0.360679 11.0793 79.71018
27-10-2018 -18.6237 -10.0553 0.447358 11.0793 79.71018
08-11-2018 -16.092 -9.59329 0.573938 11.0793 79.71018
20-11-2018 -15.555 -9.07016 0.578037 11.0793 79.71018
02-12-2018 -14.5366 -9.81567 0.661762 11.0793 79.71018
14-12-2018 -15.4968 -9.92271 0.617427 11.0793 79.71018
26-12-2018 -15.0288 -9.72776 0.650841 11.0793 79.71018
07-01-2019 -15.2461 -10.7951 0.676116 11.0793 79.71018
19-01-2019 -15.42 -9.66462 0.625057 11.0793 79.71018
31-01-2019 -14.6419 -9.51988 0.649853 11.0793 79.71018
12-02-2019 -16.4884 -10.2188 0.57928 11.0793 79.71018
24-02-2019 -16.3255 -11.302 0.659398 11.0793 79.71018
Random Forest Regression Model
0.70 ~o~ Actual AVI4S1
-8~ Predicted RVISS]
3
065
0.60 ;
.
3 ! 1
055 S .
b
> 4 !
] . 3
R
@ 0504
-
g 3
' #
)
045
L >
>
3
>
3
0.40
>
0.3s
0.30 s
0 20 40 80 100 120 140

Fig. 15 Actual RVI4S1 and predicted RVI4S1 using random forest regression (Mean ROI).
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Linear Regression Model

07

b p
4 )|
0.6

sl

04

03

-8~ Actual RVIMS]
=@~ Predicted RVI4S]

T v t v
80 100 120 140

Fig. 16 Actual RVI4S1 and predicted RVI4S1 using linear regression (Mean ROI).

6. Conclusion

By combining multi-year radar backscatter, multi-year
MODIS NDVI, optical and SAR measurements, this
study assessed the feasibility of Sentinel-1 C-band SAR
for tracking rice phenology and vegetation dynamics
in two smallholder fields. VV and VH backscatter suc-
cessfully capture important developmental stages,
including transplanting, vegetative growth, flowering,
and maturity, according to the phenological analysis
for the 2023-2024 Late Samba season. VH showed
especially great sensitivity to biomass and canopy
moisture. Its dependability for identifying phenolog-
ical transitions based on Pearson and Spearman cor-
relations between VH and NDVI (up to 0.75 and 0.90
in Farm 1, 0.73 and 0.76 in Farm 2). Among the three
Radar Vegetative Indices (RVI, mRVI, RVI4S1) exhibit-
ed strong internal correlation (r > 0.90) but only weak
correlation with MODIS NDVI among three RVI4S1 has
weak positive correlation (0.20-0.30). This indicates
that radar indices primarily capture structural and
moisture-related scattering, whereas NDVI represent
optical greenness. The Machine Learning comparison
showed that Linear Regression predicted with lower
MSE than Random Forest Regression which indicates

that VV, VH has Linear Relationship with RVI4S1. The
result support the integration of SAR-based phenolo-
gy tracking and simple linear modelling as effective,
scalable tools for smallholder rice monitoring in mon-
soon-prone region.
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