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using sentinel-1 for monitoring vegetation
and agricultural dynamics in semi-arid areas
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Abstract

Estimating vegetation parameters is essential for comprehending and managing ecosystems in scientific and envi-
ronmental fields. The accurate evaluation of crop parameters will also greatly facilitate the optimum use of resources
along with increasing productivity in crop production for sustainable agricultural management. Through a new dual-
polarization vegetation-edge technique that relies on oy and oy, this research estimates crop biomass from Senti-
nel-1 SAR data in semi-arid regions. Analysis can be made quantitatively by comparing biomass predicted by DPBVI
against the actual in-situ biomass and NDVI, which yield R? of 0.72 and 0.52, respectively. A backscatter responses
shows that, vertical crops yield stronger orientation backscatter than horizontal types, whereas density responses are
highest for Peanut, followed by Sesamum Indicum and Oryza sativa.A study found that, biomass estimation method
using DPBVI is developed for semi-arid regions, distinguishing vegetation structures: horizontal crops have small
surface backscatter while there would be more scattering associated with the canopy density and moisture of vertical
crops. The Google Earth RGB visualization was used to visually confirm global model spatial patterns. The visible tex-
ture variation was consistently observed in DPBVI responses. This biomass estimation guarantees that the developed
model is both pertinent and useful for various global semi-arid agricultural systems, addressing the unique character-
istics of vegetation growth patterns across diverse terrains.
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Introduction
Accurate monitoring of crop biophysical parameters is
vital to several organizations and authorities in the food
security system and is essential from regional to national
levels [1]. Nonetheless, it is influenced by significant het-
erogeneity factors [2] that affect the monitoring system:
Soil conditions, crop growth, weather, and management
system. Moreover, knowledge of the above factors is poor
because of dynamic changes in seasonal and annual vari-
ations. Major sources of annual production variability are
caused by variations in plant phenology, water availabil-
ity, and meteorological conditions [3]. In this context, an
effective crop parameter extraction method is crucial.
Optical remote sensing is one of the most promising
methods applied to the vegetation’s status estimation
based on the canopy reflectance-photosynthetic activ-
ity relationship [4, 5]. Conventional indices such as the
Normalized Difference Vegetation Index (NDVI) [6],
though very simple, are still in use; however, NDVI has
the disadvantage of saturation under dense canopies,
with this phenomenon being more common in condi-
tions of high biomass. Several indices have been devel-
oped to overcome these problems. Enhanced Vegetation
Index (EVI) [7, 8] and its two-band form EVI2 [9] better
represent biomass, reducing soil and atmospheric back-
ground effects, thus being more responsive in high-LAI
cases. Soil-adjusted indices: SAVI [10], OSAVI [11], and
MSAVI2 [12]-were developed specifically to reduce soil
brightness influences, especially in sparse or changed
moisture states. Red-edge-bases indices, NDRE [12], and
GNDVI [6] demonstrate strong correlation to canopy
nitrogen content, LAI, and biomass above ground; espe-
cially so in crops such as corn, wheat, and legumes. It
was hypothesized in numerous hyperspectral studies that
wavelengths between 680-750 nm capture the region
most sensitive for predicting biomass and nitrogen, out-
performing broadband indices, and reduces saturation
through intermediate-to-high biomass ranges [13, 14].
These are renewed by investigations. With this oppor-
tunity, NDRE and GNDVI were in superior conditions in
estimating productivity and biomass for corn, while other
red-edge indices gave superiority to NDVI [6] in other
cover crops because they maintained sensitivity beyond
biomass levels where NDVI [6] became saturated. Simi-
larly, beans, wheat, and sugarcane were combined to
demonstrate that combined structural parameters (e.g.,
height, canopy width) with other indices, such as NDVI
or EVI2, effectively improved biomass estimation effi-
ciency. Time series NDVI [6] and EVI-derived vegeta-
tion metrics have also had some success in monitoring
crop phenology and its variability in yield, showcasing
the power of multi-temporal experiments in complicated
scenarios [14, 15].
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Though these improvements come with optic advance-
ments, that method is still highly susceptible to the
effects of cloud cover or else atmospheric condition and
sometimes illumination variability-therefore establish-
ing the critical limits for the humid tropical regions con-
cerning the applicability of optical sensors for continuous
monitoring. Machine learning-based temporal recon-
struction helps in managing some of these data gaps, but
persistent cloud contamination still limits the usability of
optical sensors. The case for Synthetic Aperture Radar
(SAR) is that it essentially provides all weather, day, and
night capabilities that can be very beneficial in areas with
heavy rains and clouds. This ability of SAR backscatter to
have a direct response to crop geometry, biomass, mois-
ture, and structure leads to a better distinction between
growth stages. Polarimetric SAR studies have demon-
strated a good potential for vegetation characterization,
but quad-pol data remain sparse across large areas, par-
ticularly within India and most areas of the tropics [16,
17]. For this reason, dual-polarized SAR (VV and VH)
has been the most preferred choice for operational bio-
mass estimation; however, existing indices such as DpRVI
18 [18], and DPSVI 23 [19] still have problems with low
biomass and high biomass. A proposed ISVI 21 [20] to
overcome the above limitation but difficult to perform
due to its complexity.

Therefore, a simple novel method was proposed to
improve crop parameter estimation in agricultural fields
by minimizing the impact of water and soil. The main aim
of this study encompasses a thorough analysis of oy, and
oyy reactions to the DPBVI vegetation parameter. After
that, emphasizes model validation by geospatial and sta-
tistical analysis to guarantee the reliability and correct-
ness of the suggested methodology.

Materials and methods

A material section is divided into four parts according to
the objective of this study. First, Sect. “Description of the
study area” explains the study area. Then, Sects. “Satellite
data” and “Sentinel-2 Based NDVI index” are about the
satellite and field data, respectively. Finally, Sect. “Semi-
Empirical Dual Polarimetric Backscatter Vegetation
Index at C-Band (DPBVI)” describes the methodology of
the DPBVI model based on the Sentinel-1 SAR data.

Description of the study area

Agriculture is the primary source of income due to the
extensive land dedicated to agricultural operations in
the rural regions of the developing country. Field obser-
vations indicate that the agricultural area is mainly irri-
gated by open wells, bore wells, and canal systems,
helping maintain soil moisture levels between 10 and
45% (volumetric). Nevertheless, socio-economic factors
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had influenced the agricultural process and diminished
crop production in previous years. In addition, inten-
sive agriculture, such as Zea mays, Gossypium hirsutum,
millet and Peanut cultivation, creates each and every
anthropogenic pressure in Perambalur District. The sea-
sonal changes in land-use and greatly increased irrigation
cover conversion of almost all fallow lands. Deforesta-
tion is limited from general areas of land; however, local-
ized clearing, dependence on groundwater, mechanized
farming, and much high fertilization influence soil con-
ditions of land and all general dynamics of land-use. In
such instances, sustainable agricultural practices are
crucial, particularly the consistent monitoring of the
agricultural land. To address the challenges of sustain-
able management, Sentinel-1 provides monitoring of
crops every 12 days, and their soil and vegetation indices
effectively observing crop biophysical characteristics. An
empirical model has been proposed for semi-arid regions
worldwide. Figure 1 highlights the locations considered,
along with their average rainfall and highest recorded
temperatures.

Data collection

Satellite data

A synthetic aperture radar sentinel-1 of C-band data with
dual polarization is available with VV and VH polariza-
tion. Data are available in a format of Level-1 ground
range (GRD) with a spatial resolution of 10 m is adopted
in this study and downloaded from Copernicus Open
Access Hub (https://scihub.copernicus.eu). A Level-1
GRD product is preprocessed with the help of the SNAP

Andalucia
300 to 600 mm

95°F to 104°F
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toolbox developed by the ESA. A preprocessing step
involved radiometric calibration, speckle filtering, and
range-Doppler terrain correction [21]. In the radiometric
Calibration step, the raw data values are converted into
backscattering coefficient values oy, and oy,;. Conse-
quently, a speckle filter is applied to a radiometrically cal-
ibrated image with a Lee Sigma filter of targeted window
size 3 X 3 to remove inherent salt and pepper in each res-
olution cell. Finally, geometric calibration is applied with
the help of the SRTM 3Sec Digital elevation model with a
bilinear interpolation technique to derive the geolocation
information of each pixel in the image.

Sentinel-2 based NDVI index

The NDVI has been derived utilizing Sentinel-2 L2A
surface reflectance data through a standard set of pre-
processing steps to guarantee spectral uniformity and
cloud-free conditions. L2A products with surface reflec-
tance corrected for aerosol effects, water vapour effects,
terrain illumination, and adjacency effects. Depending on
their percentage of cloudiness, the scenes were selected,
followed by cloud masking based on the SCL. The pix-
els categorized as clouds (classes 8, 9, 10), cloud shadow
(class 3), cirrus (class 11), and defective/saturated pixels
(class 1) were all masked. Thereafter, to try to eliminate
any cloud fringes and also undetected thin clouds, we
applied a morphological dilation filter (3—5 pixel buffer)
around all the cloud and shadow masks. The Red (B4 at
10 m) and Near-Infrared (B8 at 10 m) bands selected for
NDVI computation were taken directly at native resolu-
tion. Radiometric scaling factors supplied in metadata

’, 95°F to 104°F
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Fig. 1 Spatial Distribution of Rainfall (mm) and Temperature (°F) in the Study Area
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were taken into account to reach the most accurate sur-
face reflectance values. NDVI was then calculated with
the classic formula 1 and is co-registered with the DPBVI
layer for pixel-wise validation against biomass measured
in the field.

NIR — Red

NDVI = ————
NIR + Red )

Field data

A field visit is conducted throughout the harvest stage
of crop growth, primarily under horizontally and ver-
tically growing crops cultivated even and dense. Field
biomass and the locations were obtained as the satellite
passed over the research region to mitigate differences
between simulated and actual values. It was noted that
the dimensions of an agricultural field must be not less
than 10 m x 10 m to avoid information loss within the
pixel. The biomass of each field is determined for an area
of 0.5%0.5 m, and the total biomass is obtained by mul-
tiplying this value by the total area of the agricultural
field[22]. A survey questionnaire directed at farmers
regarding irrigation procedures, crop growth and crop
height measurements.

Semi-empirical dual polarimetric backscatter vegetation
index at C-band (DPBVI)

The empirical model has been specifically calibrated
with varying target features and validated to deal with
the unique environmental features of semi-arid regions
around the globe, where soil properties and plant dynam-
ics. By taking these regional conditions into account, the
model simulated to accurately capture vegetation and
biophysical characteristics.

Dual polarimetric vegetation edge (DPVE)

The backscattering behaviour of water, soil, and vegeta-
tion in the triangulation occurs at the hypotenuse [23],
particularly for vegetation which begins to increase as
the backscattering values increase. Wherein the DPSVI
model the tangent is inversely proportional to the high
backscattering value between cross and co polarization,
this results in an underestimation of vegetation back-
scatter levels at higher biomass and dense vegetation.
To overcome the problem of saturation, the 2D scat-
terplot construct between the backscattering of varying
target features and the lower left margin is occupied by
the water content and starts to increase (of,“’,ﬂ —0.1) to
the right side and the contribution of the soil starts to
increase and their maximum value is (o‘s,“’,“— 2.9). Also,
in the vertical faces of a triangle, the impact of water
gets reduced with an increase of cross-polarization from

(cv‘”ﬁ‘ter— 0.025) and the contribution of vegetation to be
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the top margin of the triangle with maximum values of
(ozﬁg— 0.225). Accordingly, the vertical line represents
the vegetation and water behaviour, the bottom horizon-
tal line represents the water and soil behaviour and the
connecting lines between the two above lines form the
soil vegetation interaction edge which provides the bio-
mass value in the agricultural field.

Considering the effect of water, soil and vegetation
accounts together in DPSVI leads to decrease a preci-
sion of biomass estimation. According to the backscat-
tering study, the major factors to cause errors in DpRVI
[18], DPSVI [19] and ISVI [20] are soil and water. Com-
paring the effect of water and soil based on the behav-
ioural study, the water has minimal value (o¥2t* — 0.004)
and the soil has a high impact resulting in higher values
(0891 0.02) of the co-polarized signal. In cross-polari-
zation, the water has minimal values (o;”l‘l’ter— 0.06) and
the soil also has lower values (of,‘]’lil— 0.09). Figure 2 shows
the distribution of the different targeted features in a 2D

scatterplot constructed between the ¢!, and the ol

Backscatter vegetation approach

The responses of o, and oy, backscatterco-efficient dif-
fers depending on the target features such as water,
soil, and vegetation namely density and geometry. A o,
backscatter co-efficient is sensitive to complex scatter-
ing mechanisms caused by multiple reflections within
vegetation leaves, and branches, resulting in increased
volume scattering at A (Fig. 3a). High o, backscatter
co-efficient indicates significant depolarization, typically
observed in dense vegetation at the mature stage, while
low o, backscatter co-efficient at B suggests less depolar-
ization, commonly associated with sparse vegetation, and
areas with low biomass. Consideration of o,; alone can
be quite challenging in distinguishing crop type and bio-
physical parameters, especially at lower vegetation densi-
ties where the cross-polarised returns are weaker. Under
such conditions, o, provides complementary sensitivity
to canopy structure, row orientation, and surface mois-
ture conditions, thereby enhancing discrimination even
for crops with relatively uniform architecture. A behavior
of the o, backscatter co-efficient is moderate and arises
from surface scattering at B and interactions with vertical
structures, whereas increased o,, backscatter co-efficient
results from volumetric scattering within the canopy and
double-bounce effects between trunks and the ground at
C. Additionally advantageous of o, backscatter co-effi-
cient is influenced by moisture content, which varies with
crop growth stages to improve the model accuracy.

For low biomass, all polarizations, including o,;, and
o, exhibit weaker backscatter. In forests, tall trees with
dense foliage cause higher o, backscatter due to pro-
nounced volumetric scattering. Also, the responses
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Dual-polarimetric backscatter vegetation theorem organizes vegetation parameters from low to high biomass in a single plane
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influenced by the agricultural managemental practices
and soil conditions show similar responses to varying
conditioned crops. To overcome the problem in effective
vegetation response identification, (Fig. 3b) the density
and geometry can be combined into a single vector plane
to optimize reactions to the SAR backscattering coeffi-
cient (Eq. 2).
tot

Oyeg = Gifv + Gi/h (2)

Dual polarimetric vegetation modeling

A response of the water content in the proposed empiri-
cal modeling origin at point B differs significantly due to
the distinct scattering mechanisms and is to be 0 due to
very less depolarization of the SAR signal. After that, the
response is increased with an increase of the vegetation
structure (Eq. 3) interms of geometry and density con-
tributes to medium to higher depolarization from B to A
(0.1 to 1). The point A is the maximum response of the
DPBVI to represents a forest cover and the urban struc-
tures observed greater than 1 (Eq. 4). For the proposed
theorem, the responses are sum into a single plane, the
value of the AB=BC and is equal to(c,; + o).

Dual Polarimetric Vegetation Edge (DPVE)

®3)

=2(oy, +0,,)°

Polarimetric Backscatter Vegetation Index

= ﬁ(cvh + GW) (4)

For dual-polarization scenarios, the SAR backscatter-
ing responses account for the combined effects of signal

0.05 (Vegetation)

0.13 (Vegetation)
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emission and reception. These formulations provide a
robust framework for analyzing vegetation characteris-
tics using SAR data in semi-arid regions (Eq. 5). From the
dual polarimetric backscatter vegetation index at the C
band, the lower biomass represents 0 and the higher bio-
mass represents 1 as illustrated in Fig. 4.

DPBVI = 4v/2(c}, + o}, (5)

O—lfh Represent the backscattering coefficient of cross-
polarization of the i pixel, and the o, is the backscatter-
ing coefficient of co-polarization of the i" pixel.

Result and discussion

This section describes the responses of backscatter to the
proposed model, the performance of DPBVI in estimat-
ing vegetation biomass, classification capability and the
biophysical parameter during the harvest period. Also,
the statistical comparison between field biomass, DPBVI,
NDVI and ‘;"WH is documented in this section.

Analysis of dual-pol backscatter to varying vegetation
growth patterns

The Peanut, Sesamum Indicum and Oryza sativa were
considered for the in-depth analysis illustrated in Fig. 5.
From a response of backscattering to the vegetation, an
orientation positively responds to the vertically struc-
tured crops (Oryza sativa) compared to the Peanut. An
order of the orientation responses to the backscattering
coefficient oyy is Oryza sativa (R*—0.30)>Sesamum
Indicum (R’—0.09) ~ Peanut (R>—0.09). An orientation
is a less positive relationship between the horizontal
growing crops and the non-symmetrical crops. In den-
sity aspects, the positive responses to similar vegetation

1 (High Biomass)

- - 0.09 (Semi-saturated

0.02 (Semi-saturated vegetation)
vegetation)
-0.01 (Soil) - 0.06 (Soil)
. 0 (Water) . 0 (Water) . 0 (Low Biomass)
Oy Oyh DPBVI

Fig. 4 Schematic representation of vegetation properties derived from backscattering coefficients, especially the relationship

between the structure and moisture of a crop
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Fig. 5 Backscattering coefficients at harvest, all crops do not show the same scattering responses and differ based on canopy architecture

and density

element structures and the variation in crop structural
elements show a lesser correlation to the backscattering
coefficient. Similar structural dependencies have been
widely cited in international research on biomass based
on SAR, particularly applicable to forest ecosystems, in
which cross-polarized (HV/VH) backscatter is strongly
governed by canopy architecture and stem-leaf orienta-
tion rather than by biomass magnitude [24].

An order of the dense crops responses to the backscat-
tering coefficient o, is Peanut (R*—0.28)> Sesamum
Indicum (R*>—0.15)~Oryza sativa (R>—0.15). From
Fig. 5, it was observed that the crop density has a less
positive relationship with the vertically growing crops
and the non-symmetrical crops due to the presence of
seeds/pods. For AGB level determination at the greater
scales, C- and L-band SAR found cross-polarized back-
scatter to be more responsive to organization in terms of
structural vegetation than to the density of biomass [25].
A previous studies found that low- and medium-biomass
ecosystems contain a similarity that increases in foliage
density do not always relate to a stronger biomass-back-
scatter relationship because of confinement, shadowing,
and destructive interference within very dense canopies
[26]. These limitations in SAR-based density sensitivity
have also been noted for grasslands and croplands in that
C-band SAR interacts mostly with leaf and branch scale
components over that of total biomass volume.

When vegetation is completely hydrated, it can cre-
ate significant volume scattering, increasing backscatter.
However, if the soil is sufficiently wet, soil backscatter
can dominate the signal [27], although the height of crops
with higher biomass is often greater than 80 cm in the
study’s site to mitigate the impact of soil moisture-
induced backscatter from vegetation. In terms of radar
backscatter, different crops and plant species react to
irrigation in different ways. Compared to Oryza sativa,
dense crops like zea mays exhibit increased volume
scattering and a noticeable rise in backscatter under

irrigation observed from the field observation and the
SAR data. Notably, LIDAR-based approaches consistently
outperform SAR in high-biomass forests due to their
ability to capture detailed vertical structure [28]. How-
ever, SAR remains particularly effective in low to medium
biomass environments-typical in agricultural landscapes-
where signal saturation is minimal and structural vari-
ability dominates the radar responses (Table 1).

In-depth analysis of 6y and oyy responses to the DPBVI
vegetation parameter

Due to variations in vegetation water content, and plant
structure, the backscattering coefficient of vegetation
varies dramatically under various irrigation environ-
ments. The irrigation process causes vegetation to absorb
water, which raises the water content of the plants (leaf
and stem moisture). This alters the plant’s dielectric char-
acteristics, which has an impact on radar backscatters,
especially in higher frequency ranges.

A shorter and horizontal growth crops shows varying
response to the DPBVI and is to discussed in this sub-
section. The vegetation ranges about DPBVIy_o; the
responses of the backscattering coefficient is oy (0.001
to 0.02) and oyy (0.03 to 0.035) the presence of veg-
etation is sparse, the DPBVIj1_¢2 the responses of the
backscattering coefficient is oyy (0.020 to 0.025) and
oyy (0.04 to 0.06) the presence of vegetation is denser
and well-grown, and the DPBVIp3_¢3 the responses
of the backscattering coefficient is oy (0.026 to 0.031)
and oyy (0.06 to 0.1) due to the crops being closer and
denser. DPBVI responses were manifest for low biomass
vegetation and early stages in global studies where the
C-band SAR signal is more influenced by soil rough-
ness and moisture than upon vegetation volume [29].
A rise of DPBVI by increase of VH or VV backscatter is
reflective of the augmenting extent of multiple scattering
among leaves and stems, widely reflected in SAR-derived
studies for agricultural and grassland contexts [30, 31].
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Table 1 Land-use classification framework with developed and natural segments

Boundary criterion

Class Area (ha) Percentage (%) Classification type
Net area sown 238814 64.70 Anthropized

Forest 25,347 6.87 Natural

Land under non-agricultural use 43,953 11.91 Anthropized
Current fallow 26,952 730 Anthropized

Other fallow 5,981 1.62 Anthropized
Permanent pasture 1,515 2.16

Uncultivable waste 11,384 3.08 Natural

Cultivable waste 7,742 2.10

Land under tree crops 7419 2.01 Anthropized

Natural / Semi-natural

Anthropized / Semi-natural

Active agricultural fields identified from field survey &
satellite imagery

Legally designated forest cover and continuous vegeta-
tion patches

Built-up land, roads, infrastructure mapped using high-
resolution imagery

Temporarily uncultivated cropland confirmed
through seasonal imagery

Cropland unused for 1-5 years verified through multi-
year imagery
Grassland areas with minimal human modification

Rocky, barren, or hilly terrain with no cultivation signa-
tures

Unused cultivable land detected from historical imagery

Managed plantations (fuelwood, casuarina,zeucalyptus)
mapped via land-use polygons

In addition, the sensitivity of DPBVI to moisture avail-
ability lends more evidence to [30, 32] conclusion, which
demonstrated that further greenery dielectric properties
significantly increased volume scattering from moderate
moisture to greater content in cross-polarized channels.
The lack of moisture reduces the water content of the
vegetation, which reduces volume scattering because of
the density and development of the vegetation [33]. The
majority of the radar signals are surface scattering; thus
the total backscatter value is smaller.

A medium and vertically varying vegetation ele-
mental growth crops shows varying response to the
DPBVI and is to discussed in this subsection. Vegeta-
tion ranges about DPBVIy3_o4 the responses of the
backscattering coefficient is oyy (0. 025 to 0.04) and
oyy (0.11 to 0.14) the presence of vegetation in less
orientation shows the lesser vegetation elements, the
DPBVIy4—o5 the responses of the backscattering coef-
ficient is oy (0.026 to 0.045) and oyy (0.13 to 0.17) the
presence of vegetation is well-grown and increases the
volume scattering as well as the surface scattering, and
the DPBVIg5_0¢ the responses of the backscattering
coefficient is oyy (0.033 to 0.06) and oy (0.07 to 0.21)
due to the crops being denser to increase the volume
scattering. This behavior is consistent with [25] study
that reported vertically structured canopies promote
higher cross-polarized backscatter due to increased
causal interaction between plant structures and radar
signals. Similar patterns have been reported for tran-
sition systems between crop and forest, in which the
intermediate biomass levels optimize the sensitiv-
ity of SAR before becoming significant due to satura-
tion effects [32]. Moderately wet vegetation will exhibit

more dielectric qualities [34], which will increase vol-
ume scattering, and the amount of the radar signal that
bounces about inside the plant. Crops with appropriate
moisture conditions display high VV and VH backscat-
ter due to increased canopy moisture and structure,
which is consistent with their higher biomass as com-
pared to crops that experience drought conditions
(Fig. 6).

Vegetation ranges about DPBVIy¢_o7 the responses
of the backscattering coefficient is oy (0.028 to 0.06)
and oyy (0.21 to 0.24) the presence of vegetation is
denser and less orientation with fewer vegetation ele-
ments, the DPBVIy7_og the responses of the backscat-
tering coefficient is oyy (0.04 to 0.1) and oyy (0.25 to
0.28) the presence of vegetation is higher increases the
volume scattering by multiple scattering among vege-
tation elements and the DPBVIyg_o9 the responses of
the backscattering coefficient is oy (0.04 to 0.11) and
oyy (0.28 to 0.32) due to the crops being ready for the
harvest stage as well as the height of the crops being
close to 1 m to increase the volume scattering and
slight increase of the surface scattering. the DPBVIp9_;
the responses of the backscattering coefficient are oyy
(0.06 to 0.16) and oyy (0.32 to 0.35) due to the crops
being very denser and the height being about 1 m and
more to increase the volume scattering. Such behav-
ior has been consistently onserved in recorded in the
studies [35], for dense coverage vegetation stands that
report increasing sensitivity of cross-polarized back-
scatter to the structure and height of the canopy, rather
than biomass magnitude alone. The DPBVI’s perfor-
mance was evaluated by comparing it to Google Earth
photos from various semi-arid terrain conditions. Fig. 7
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Fig. 6 Multi-landscape feature spatial mapping and validation of DPBVI digitized using Google Earth Imagery in the Pacific region

demonstrates the DPBVI’s usefulness and accuracy in
capturing the features of semi-arid landscapes under a
variety of topographic circumstances.

Model validation: geospatial and statistical analysis

The statistical evaluation conducted on DPBVI shows
its clear advantages over optical vegetation indices espe-
cially under dense canopies where optical signals satu-
rate. Indices such as NDVI, NDRE, GNDVI, EVI, EVI2,
and SAVI rapidly lose sensitivity with an increase in can-
opy cover, particularly at NDVI values greater than 0.8,
whereby reflectance is mainly from the upper leaf layer.
The saturation of optical signals occurs at biomass levels

(c) Vegetation biomass across the
urbanized Areas

(e) Vegetation biomass distribution with
systematic samplmg 1ntervals

(g) Characterization of DPBVI in the
forest ecosystem

in the range of 3.5-6 Mg ha': NDVI stabilizing around
3.8—4 Mg ha™! and NDRE around 5.7 Mg ha™!, often pull-
ing R* values below 0.70 at high LAI conditions. DPBVI,
on the other hand, finds responsiveness beyond these
limits since the C-band SAR responds to deeper struc-
tural elements- that penetrate into the canopy to a depth
of 5-10 cm. In Peanut fields, oyy (—0.04 to 0.15) delin-
eated volume scattering while oy (0.28-0.35) captured
structural responses: combined, they gave DPBVI val-
ues around 0.4-1.0. Figure 8 shows that corresponded
to high correlations with biomass (R*=0.73; Bias=0.04:
RMSE=0.15), which was significantly higher than the
NDVI (R?=0.52; Bias=0.08: RMSE =0.2). This enhanced
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performance can be attributed to the model’s robust inte- Under moderate biomass, optical red-edge indices such

gration of vegetation backscatter characteristics and the ~as NDRE and GNDVI perform sensibly (R*>=0.75-0.86)
inherent penetration capabilities of Synthetic Aperture but remain highly dependent on chlorophyll content, illu-
Radar signals mination and soil background. Their sensitivity declines
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as canopy structure becomes more complex. DPBVI is
indifferent to solar-angle variations and responds to bio-
mass-induced structural changes even when chlorophyll
falls during the senescence phase. The complementary
behavior of oyy and oyy, whereby oyy increases with
biomass while oy stabilizes, offers DPBVI the ability to
perform consistently over varying phenological stages,
bringing structural information that optical indices can-
not retain under variable canopy density.

Wherein, A Dual-polarimetric Radar Vegetation Index
(DpRVI) model is sensitive to the orientation of the crops
as a result the responses from the crops are good in an
increase of crops from the mid-stage to the harvest stage
of the crop growth (DpRVI — 0.4 to 1), wherein at the
lower biomass crops are overestimated (DpRVI<O0.4).
In DpRVI under low-biomass conditions, vegetation
hardly influences the radar signal, resulting in a more
pronounced backscatter from the underlying soil [36]. In
sparse vegetation, optical indices become quite heavily
affected by the soil reflectance, and while SAVI increases
performance (R*>~0.64), soil brightness and roughness
are still enemies of accurate results. The DPBVI uses
a dual-polarimetric approach to minimize those soil
effects, with acceptable overestimation only in cases
with oy < 0.03 and oyy < 0.12. DPBVI remains highly
accurate (R?=0.73) even during early growth stages, out-
performing NDVI (R* 0.15-0.50) and at the same time
remaining more stable than NDRE, GNDVI, and EVI/
EVI2.

In low-biomass sites, co-polarized returns (oyy <
0.15) mainly capture soil roughness and moisture. This
could lead to erroneous interpretation when vegetation
is scanty. Cross-polarized signals (oyy 0.02-0.04) are
relatively more reliable for early vegetation detection,
although the weak signals can cause bias. Even under the
most extreme sparse conditions, any traces of vegetation
will return backscatter signals (oyy —0.03 to 0.04; oyy
0.13 to 0.15) when small leaves and stems align in such
a way as to reflect the radar signal properly. The com-
bined oyy (orientation) and oyy (structural density) in
the DPBVI work to more effectively assess all changes
in crop height, canopy spread, and biomass. By fixing
the two parameters in the required formulation (Eq. 3),
DPBVI extracts the vegetation backscatter and lessens
the soil and moisture interference that would contribute
to a consistent result across sparse vegetation conditions
(R*=0.73).

The Dual Polarimetric Backscatter Vegetation
Index (DPBVI) has shown a clear linear relationship
against field-measured biomass, expressed as Bio-
mass =0.87 X DPBVI+0.03, where the high positive slope
suggests that biomass proportionately increases with
DPBVI, reflecting the index’s sensitivity to vegetation
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structure, canopy density, and biomass accumulation.
The relatively small intercept value means that the model
has negligible bias at very low vegetation levels; hence,
it can be considered reliable across a range of biomass
conditions and applicable for operational biomass esti-
mation. Following to check the validity of DPBVI against
NDVI for looking-force variations, it gave the following
model NDVI=0.54x DPBVI+0.17. The moderate slope
confirms there is again an increase in NDVI with DPBVI,
but at a much more lesser sensitivity since NDVI depends
on chlorophyll concentration rather than on those struc-
tural scattering components captured by DPBVI. (Fig 9)
In functional terms, a larger slope in the biomass model
as compared to the NDVI model would except out since
DPBVI relates much more to vegetation structural bio-
mass aspects than to optical greenness. NDVI also
saturates in dense canopies. However, in areas with het-
erogeneous soil moisture and varying canopy conditions,
DPBVI has kept a more linear response. There is also
the prefix that indicates machine learning studies have
typically shown that SAR-derived metrics yield the best
results when coupled with indices specific to vegetation
structure along with appropriate modeling techniques,
such as those provided by RF, ANN or SVM [37, 38].

Crop-wise performance assessment

DPBVI-derived biomass estimates for Peanut (R*=0.28)
with slope value of 0.39 suggests relatively a higher sen-
sitivity to DPBVI values compared to the other crops.
Sesamum Indicum behaved to some extent similarly, with
a slope of 0.33 and an intercept of 0.30, with an R? of 0.31.
At the same time, Oryza sativa had a slope of 0.31 and
an intercept of 0.57. having R? of 0.30 shows that under
the dry January conditions of Perambalur, crop struc-
ture remains consistently sensitive to this parameter.
Although these values may be less than those of broader
vegetation studies such as DPSVI in rainy and dry sea-
sons (R?=0.73-0.75) and DpRVI of Canadian croplands
(R? up to 0.82), they do reflect the influence of narrow
biomass ranges and strong contrasts in soil moisture
within the study fields. Soils moisture varied widely
among the crops-from very low levels in Peanut (5-14.2%
Vol) to moderate ones in Sesamum Indicum (14.9-23.3%
Vol) and very high ones in Oryza sativa (23.7-29.1% Vol),
thus influencing directly the oyyv-ovy behavior and con-
ditioning the index towards equalization similar to under
moisture-rich conditions.

DPBVI had comparable structural sensitivity like that
of DPSVI, and DpRVI where increases in oyy as cano-
pies densified with oyy stabilizing beyond mid-growth
signifying transitions from volume to surface scatter-
ing. The correspondence of DPBVI and DpRVI patterns
renders further support to the physical consistency of
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depolarization-mediated vegetation separation as dem-
onstrated within Brazilian savanna ecosystems, where
eigenvalue-based RVIs effectively distinguished struc-
tural transitions under different biomass conditions
[35]. In this regard, the reduced class separability of
DPBVI observed in the inundated Oryza sativa fields
in this study would thus fit with [39] findings, show-
ing that elevated soil moisture would enhance surface
scattering and dielectric contrast, thus leading to class
mixing and decorrelation—especially in C-band SAR.

Figure 10, shows that DPBVI derived biomass esti-
mates, correspond to values measured for field-meas-
ured biomass for varying crops.

Conclusions

Dual-polarimetric SAR data, after accounting for surface
scattering, reveals significant variations in backscatter-
ing coeflicients associated with vegetation. The dual-
polarimetric vegetation edge is crucial for the accurate
extraction of agricultural parameters across different
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Fig. 10 Validation of the Peanut, Sesamum Indicum, and Oryza sativa against field biomass
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vegetation densities. The proposed DPBVI model dem-
onstrates a strong correlation with in-situ biomass
(R%-0.73), outperforming traditional methods like NDVI
(R%-0.40), especially in adverse conditions and dense
canopies. While DPBVI excels in estimating biomass in
sparse and early-stage crops, its performance may be
limited in dense crops such as Oryza sativa. In conclu-
sion, the novel approach capable of estimating vegetation
biomass focuses on horizontally grown, vertically grown,
and needle-like vegetation types crops such as Peanut,
Sesamum Indicum, and Oryza sativa. Thus, the present
study ensures the global applicability and accuracy of
the model, emphasizing the categorization of vegetation
types and the choice of crops specifically in semi-arid
regions, accounting for the diverse growth forms of vege-
tation. The future research will focus on coupling DPBVI
and vegetation-derived features with machine learn-
ing models to nonlinear biomass-structure relationships
to enhance an accuracy of the estimates under variable
moisture and crop growth conditions.
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