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Abstract

India's extensive agrarian and aerospace research systems offer numerous potential technologies suited
for the crop insurance sector. This study investigates the application of technology in domains such as
yield prediction, loss assessment, and product design. The research was conducted in the Vijayapura,
Karnataka by integrating an intrinsic bio-physical model with remote sensing. As the agricultural
statistics play major role in shaping the strategies and plans under food security, an area of 51,482.3 ha
was estimated using SAR data, achieving an accuracy of 87.2% and a kappa index of 0.74. Indigenously
developed InfoCrop and SORGHUM- CERES were employed to estimate yield for selected monitoring
locations, with simulated LAl and yield ranging from 2.6 to 4.65 and 749 to 1097 kg ha™ 7, respectively.
When compared with observed data, results showed an agreement above 90% and RMSE less than 10%
and R? above 70%. Using regression (R? > 0.75) equations [CSM’s LAl and backscattering (Db)] and
[spatial LAl and CSM yield], LAl and yield maps were developed.

1. INTRODUCTION

Among cereal crops grown widely across India Jowar (Sorghum bicolor) (Sandeep et al.,, 2017) holds
significant value due to its adaptability to a wide range of agroclimatic environments. (Srivastava et al.,
2010) with a few exemptions in Northern India, sorghum is mostly grown as a dryland breakfast cereal
crop in the Deccan Plateau, Central, and Western regions of India. It is more nutritious than other small
grains like wheat and rice because of its substantial mineral content, delayed digestion, and high level of
fibre. Due to its usual cultivation on nutrient-poor soils in often drought-prone areas, sorghum reduces
risk and hence promotes food and feed security (Boomiraj et al., 2012; Murty et al.,, 2007). As well as its
economic worth is matched by its nutritional importance, making it one of the most crucial components
of our nation's agricultural landscape. (Naresh Kumar et al,, 2014) India being the world's fifth-largest
producer of sorghum, has a vital stance for meeting domestic consumption demands (Sandeep et al.,,
2017). Since 1991, the mean yield data of sorghum is in a non-significant increasing trend with the
highest production observed in the years 2021, 2008, and 2020. This cereal is seen in the decreasing
trend of harvested area from 13.041 m ha to 4.093 m ha with a trend value of R? = 0.97 globally
(FAOSTAT, 2023). Thus, well-established techniques for estimating the area and production of crops
must be created both nationally and internationally.

Despite India's extensive agrarian and aerospace research system, which has many potential
technologies suited for the insurance sector, there have been only a few fragmentary studies on the
application of technology in domains like yield prediction, loss assessment, and product design.
Agriculture statistics are essential for establishing agricultural plans and strategies, as well as for
coordinating and allocating resources to support the growth of the agricultural industry (Aggarwal et al.,
2016). A timely and non-destructive assessment is required for the crop yield forecast of the remote
sensing which is acquired by the which is possible by unmanned aerial vehicles through the spatial-
temporal approach on the imagery scale (Zhou et al.,, 2017). Accurate crop forecasting may become a
strategy for guaranteeing food security in the current scenario of changing climate, growing
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susceptibility, and food insecurity. For several user groups, such as agricultural planners and policy
makers, crop insurance firms, and the research community, early yield assessment at regional and
national sizes is becoming more crucial (Dubey et al,, 2018). Several methods have been developed by
the different sectors in agriculture for yield estimation such as statistical approach, (Lobell and Burke,
2010) Satellite-based approach (Burke and Lobell, 2017) and as data assimilation of crop models into
the remote sensing (Jin et al., 2018) as because the biophysical crop models cannot represent the
outputs at geospatial or large levels (Wagner et al., 2020).

At granular level in Indian condition many models like InfoCrop (Aggarwal et al,, 2006a; Boomiraj et al.,
2012; Byjesh et al.,, 2010; A. Kumar et al., 2015) DSSAT (Anusha et al., 2023, 2023; Parmar et al., 2013;
Subash and Mohan, 2012), APSIM (Mohanty et al.,, 2012), CERES (Singh et al., 2017), AquaCrop (Singh et
al, 2013; Umesh et al., 2022), ORYZA (Li et al., 2011) and have proven to be successfully simulated for
growth parameters, yield and climate change yield prediction other than these satellite data driven
methods are also famous for the crop monitoring and the yield prediction (Dadhwal et al., 2003;
Thirumeninathan et al., 2023). The effective benefits under this remote can be given as (i) spatial yield
estimation in different seasons which can be current and past (ii) an efficient analysis can be done with
low-price remote sensing products such sentinel- 1A data which is freely available (iii) an all-time
available data available for delineating the crops (Mosleh et al,, 2015). Researchers have developed the
mono-temporal or multi-temporal inputs for the estimation of crops through satellite imagery but it’s
quite difficult to get the cloud free images that too in the important stages of crop which have to
accurately match with the LAI. (Batchelor et al., 2002; Karydas et al., 2015; Quarmby et al., 1993).

Hence, in the contemporary scenario, a proper coupling of the empirical models, statistical models, and
crop simulation models to remote sensing is to be done for the proper estimation of the crop yield even
though, remote sensing is formally accepted for the estimation of area and estimation biomass by LAl
which is yet to be developed by researchers, so here comes crop simulation models which can stand an
outstanding support system for yield predictions by providing the numerous growth parameters such as
LAI (Brogi et al.,, 2020; Gumma et al., 2022; Pandya et al., 2006; Pazhanivelan et al., 2022; Su et al., 2015;
Thirumeninathan et al,, 2023) and yield (Bhatia et al., 2005; Yadav et al., 2012). Lack of adequately
accurate input data, such as parameter values for soil, management, cultivar, and climatic inputs,
frequently renders it difficult to simulate cropping systems efficiently. However, merging these two
methods may allow cropping system model simulations to be updated and more certain results might be
obtained (Lobell et al., 2015; Nearing et al., 2012; Potgieter et al., 2021). In this study, we have developed
crop parametric data with the intrinsic biophysical simulation model like the Decision Support system for
Transfer of Agro-technology (DSSAT) (Jones et al., 2003) and InfoCrop (Aggarwal et al., 2006) and
assimilated these in remote sensing data to create Leaf Area Index (LAI) and yield map spatially.

2. SELECTION OF SITE DESCRIPTION OF STUDY AREA

India is the fifth largest producer of sorghum; the rabi sorghum has shown the highest area and
production under this crop in Maharashtra followed by Karnataka, Tamil Nadu, Andhra Pradesh and
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Telangana (Saxena et al,, 2019) as statistical data depicts the productivity per hectare of Andhra
Pradesh and Telangana have the highest this could be anticipated for better irrigation facilities while
compared to Maharashtra and Karnataka are lowest in their productivity even though area is higher.
Among the aforementioned states the district is Vijayapura, Karnataka as the state statistics have shown
the decrease in the area i.e., as low as 50% of winter sorghum in this particular area from the year 2019-
20 to 2020-21. (Anonymous(a),2021). Vijayapura is located in the northern part of Karnataka as well as
India's northern Deccan plateau region Fig. 1. of almost arid to semi-arid climate which mostly
experiences hot summers and majority of rainfall from the summer monsoon with moderate winters that
has feasible rainfall makes the farmers go for drought-resistant crops for the production which makes
sorghum a unique cereal and other millets; whereas region is mostly deep black soils which have little
water infiltrations so it makes sorghum farmer favourite crop in these regions. Karnataka's lowest rainfall
was seen in Vijayapura region of 579mm and other thirteen talukas namely Bijapur, Indi, Sindagi,
Basavana bagewadi, Muddebihal, Nidagundi, Babaleshwara, Chadchana, Talikote, tikota, Kolhara, Devara
Hipparagi, Alamela have received rainfall ranging from 565 to 635 mm in that almost 60% from normal
monsoon (Jun-Sept); 23% is from post monsoon (Oct-Nov) and lastly 14% from pre-monsoon (Apr-may)
as per the (Anonymous(b),KVK report 2021).

3. Materials and methods

3.1. Using remote sensing in conjunction with CSM models
to estimate crop production:

Many literatures have shown the high correlation of LAl with yield and other attributes such as yield in
cotton (Hashimoto et al., 2023; Li et al., 2022) and rice (Aboelghar et al., 2011) evapo-transpiration in the
apple orchards (Jia and Wang, 2021), disease infestation- sun flower (Leite et al., 2006) and even the
nitrogen accumulation (LIU et al., 2018) of the plants in the plant growth and simulation. So, satellite
products can't give the direct values of the LAI so simulation models are used for the LAI prediction and
later the relationship between the LAl and backscatter was found so a detailed methodology of the
assessment is given in the Fig. 2 and for the collection of ground truthing the prediction of LAl and yield
is given in detailed.

3.2 Ground truth data collection for training and validating data and monitoring sites data such LAl, Soil,
Management practices and yield:

Strenuous efforts have been made in the collection of the ground truthing during December 2022 for the
crop sown locations which were taken up for every 2—5 km with a protocol of homogenous cropland of 1
ha which is 50 m away from the road, built infrastructures (Raviz et al,, 2015) and in February 2023
collection of yield data from the farmers. An overall proportionate journey covering overall 600 km
almost 150 rabi sorghum points and 100 non- sorghum points were collected. Ground truthing involved
selecting five plants randomly at each monitoring site to assess the Leaf Area Index (LAI) and for crop
simulation models. LAl calculations were based on phenological and physiological mechanisms,

Page 5/38



measured by the length and width of the fully expanded third tetra-foliate leaf from 30 Days After Sowing
(DAS) to harvest.

L .
AL — x W x 0.70x number of leaves

Spacing (cm)

L = Length of the top third leaf of the plant, W = Width of the top third leaf of the plant & K-Constant factor
(0.70). Average LAl was calculated from measurements taken from six to ten leaves in each field. Yield
data were collected at the end of the growing season. Ground truth data also include the LAl and yield
from the 25 monitoring sites Fig. 3 & Table 1. The management practices from the monitoring sites such
as water management, crop cultivars, and soil properties were taken for observational purposes.
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Table 1
Observed Leaf Area Index and Yield for monitoring sites

ID
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Village

Benakanahalli
Honnalli
Shivanagi
Nagatana
Dhanargi
Thajapura H
Babaleshwara
Honaganahalli
Managoli

Donara

Basavana Bagewadi

Mutthagi
Devura
Basarakoda
Madike Shirura
Sindhageri
Fathepura .P.T
Kalakeri
Thalikote
Ukkali
Sindhagi
Chandakawati
Devara Hipparagi
Yalavara

Sarawada

District

Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura
Vijayapura

Lat

17.00
16.96
16.79
16.95
16.86
16.78
16.68
16.68
16.67
16.72
16.63
16.57
16.25
16.39
16.5

16.64
16.56
16.66
16.5

16.7

16.9

16.95
16.78
16.69
16.74

Long

75.95
75.91
75.98
75.87
75.6

75.53
75.63
75.7

75.75
75.96
75.91
75.89
76.12
76.1

76.18
76.18
76.32
76.3

76.34
75.91
76.28
76.16
76.03
76.09
75.66

LAI

3.95
3.48
3.10
3.80
412
3.84
3.75
3.85
3.71
3.47
3.85
3.80
3.75
3.65
4.00
3.50
3.80
3.60
3.65
4.30
3.65
3.30
3.10
3.20
4.00

Yield
(kgha™")
1080
1049
749
936
1097
942
945
1037
875
928
907
931
978
962
1002
877
945
995
1007
1036
877
860
953
889
1006
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Table 2

Sentinel 1A data acquisition dates - rabi
season, 2022-23

S.No. Satellite Pass Acquisition Date
1 D, 29.08.2022
2 D, 10.09.2022
3 D3 22.09.2022
4 D4 04.10.2022
S) Dg 16.10.2022
6 D¢ 28.10.2022
7 D, 09.11.2022
8 Dg 21.11.2022
9 Dg 03.12.2022
10 D1o 15.12.2022
11 D11 27.12.2022
12 D1 08.01.2023
13 D43 01.02.2023
14 Di4 13.02.2023
15 Dis 25.02.2023

3.3. Collection of the Sentinel-1A data sets:

Sentinel-1A -SAR have got great momentum in last decade for its ability to monitor crop biomass under
which the C-band has high impact in the for estimation of the crop biomass monitoring (Parag et al.,
2023), which has many advantages like twin satellite so for every 6-day revisit and freely availability
(Harfenmeister et al,, 2021) so for the monitoring of remote sensing almost 12-day interval Table. 2,
which works on different wavelengths that has ability to go through clouds and facilitating in day and
night opportunities for collection which is European radar mission co-jointly ventured by European
commission and European space Agency (Liu et al., 2019) and this satellite imagery data for which has
the fluent and charge free accessibility through https://scihub.copernicus.eu/dhus/ the images’ have

Page 8/38



downloaded from the time period as scheduled in crop calendar which was created for the rabi sorghum
in 2022-23 Fig. 4. It has ground range coverage of almost 251.8 kms and selected a VH polarization
Interferometric Wide (IW) swath, and wave modes, each with different resolutions and coverage areas.

3.3.1. Spatio-temporal image process:

Streamlining processes and compressing the timeline of vast datasets is a time-consuming process
which has been tackled by the automated chain process a string module which is present in MAPscape-
RICE a software, which was developed by SAR-map, Switzerland. A time-series SAR data have streamed
through different process such as strip mosaicking, co-registration, time- series speckle filtering, terrain
geocoding, ANLD filtering, removal of atmospheric attenuation and sub-setting a detailed flowchart in
Fig. 5 So, when it's in estimating area over multi-layer temporal image process a rule- based classifier
has been made for quick persistent experimentation for the selected monitoring sites to keep engaging
in temporal signatures to match with crop stages for this degree of expertise is required in setting up the
other sources and information and to further guide parametric values.

3.4. Crop categorization and Accuracy:
3.4.1. Maximum likelihood classification:

In the earlier stage of the study, a detailed explanation was provided regarding the methodology series
employed for preprocessing Sentinel-1A images with a focus on handling multi-temporal values. The
procedure involved using an algorithm based on Maximum Likelihood Classification. During this process,
a training dataset was utilized, and statistical parameters, specifically the mean vector and covariance
matrix, were estimated assuming a Gaussian distribution. In more detail, the mean vector represents the
average values of the dataset in a vector format, capturing the central tendency of the data. The
covariance matrix, on the other hand, encapsulates the variability and relationships between different
components of the dataset. These statistical parameters were calculated to effectively model the
underlying distribution of the data. This approach assumes that the data follows a Gaussian distribution,
and by utilizing the mean vector and covariance matrix, it is presumed that these statistical descriptors
can adequately represent the entire dataset. To identify Rabi sorghum in the image, an initial
classification was performed using Maximum Likelihood Classification (MLC), incorporating multi-
temporal Synthetic Aperture Radar (SAR) images superimposed on each other. Training pixels were
obtained from diverse locations, and these were used to establish the spectral signature specific to Rabi
sorghum. Subsequently, the classification process was specifically carried out for the Vertical-Horizontal
(VH) polarization, aiming to differentiate Rabi sorghum fields from other land cover categories.

3.4.2. Accuracy Validation:

In the land assessment techniques researchers (Bolstad and Lillesand, 1992; Murthy et al., 2003)
frequently employ the Kappa statistic and associated statistical methods to evaluate the reliability of
classifications derived from remote sensing data. This involves constructing an error matrix that
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systematically documents pixels indicating agreement and disagreement between classified and
reference datasets.

To validate the following survey which conducted during the early vegetative stages to ensure the post-
harvest rabi crop presence in the field. Overall accuracy was calculated as the sum of correctly classified
classes along the diagonal divided by the sum of row or column totals. Ground truthing accuracy for
each class was determined by dividing the total correctly categorized samples by the total reference
samples. User accuracy (errors of omission) for each class is the percentage of correct classifications
out of the total samples checked in that class.

Number of correctly classified class in a row

User's accuracy = Total Number of items verified in that row

The Kappa coefficient, an alternative metric for classification accuracy, was calculated using the where A
is the sum of diagonal elements (numerator for overall accuracy calculation), B is the sum of products of
row and column totals, and N is the total number of pixels in the error matrix.

NA - B
K=" -
N?_B

3.5. Inputs for CSM:
3.5.1. Locations based-weather Data:

Any biophysical-based model to anticipate the growth of the heat units is required to define different
growing stages along with the effects of different weather parameters on yield hence, daily weather data
such as maximum temperature (°C), minimum temperature (°C), solar radiation (MJ m™~2 day™ ') and
rainfall (mm) for Rabi 2022-2023 of the particular locations of Vijayapura has been taken archives of the
(NASA POWER project, 2023).

3.5.2. Soil Data for Crop Simulation:

It is difficult to obtain at such a granular level of global soil data when using limited soil-gridded data for
crop simulation. Hence, ISRIC-AfSIS have created a DSSAT-compatible soil profile on a 5 arc-minute grid
that incorporates important soil attributes (bulk density, organic carbon, percentage of clay and silt, soil
pH and cation exchange capacity) using soil-grids with spatial resolution (Hengl et al,, 2014) of Tkm.

The soil data in InfoCrop program was made previously from the soil database for India and was taken
from NBSSLUP at a 1:250,000 scale providing soil series information for 60 agroecological subregions of
India. The characteristic data of major soil types in a grid (1° x 1°) were extracted using GIS tools and
entered into the model (Naresh Kumar et al,, 2014). Based upon the soil field observation and availability
were selected for the model running.

3.5.3. Field Crop Management practices:
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A database was created during the survey of the district for collection of the crop management details
mainly including sowing window, crop cultivars, water management (techniques on/off options), fertilizer
management (water and nitrogen balances), depending upon the survey condition and continuous
contact with farmers the crop yield data was taken up. DSSAT provides an X-Build tool that helps in the
management and calibration of the file as well; InfoCrop is a simple tool that helps to stimulate growth
with inputs sowing dates, soil file, water and fertilizer management techniques.

3.5.4. Opting for specific crop strains and deriving genetic
coefficients:

The crop cultivars is to perform in simulating crop growth and yield so the selection of the crop variety
was based upon the literature (A. A. Kumar et al., 2015; Nagaleekara et al., 2023) Anonymous(b),KVK
report 2021) and farmers advise; as well as KVK scientist recommendation four varieties were selected
to match the crop grown in Rabi season for growth and production and simulation in namely M35-1 a
farmer favourite variety and famously known as Maldandi; BJV-44, CSV-29R and CSH-16 the description
of genetic co-efficient are further explained in results and genetic co-efficient given in the Annexure table.

3.6. Statistical evaluation and validation of products

The yield of sorghum crops was estimated using remote sensing products integrated with the DSSAT
model and compared to the actual yield observed in the field. To assess the agreement between
estimated and observed values, R, Root Mean Square Error (RMSE), Normalized Root Mean Square Error
(NRMSE), and agreement percent were calculated. R? indicated the percentage of variation in estimated
yield explained by observed yield. RMSE and NRMSE measured the magnitude of differences between
estimated and observed yields, with NRMSE providing a scale-adjusted comparison. Agreement percent
showed the similarity between the two sets of values, demonstrating the precision of the integrated
estimation method.

RMSE = \/1/NZ (0i — Pi)?
NRMSE = 100 x (RMSE / Oi)

Agreement (%) =100 x (1- (RMSE / 0i))
4. Results and Discussion
4.1. Rabi sorghum area assessment and its accuracy:

4.1.1. Temporal Analysis of VH Polarization Backscattering
for Rabi Sorghum Crop Identification:
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The VH polarization signature curve of Rabi sorghum exhibited a noteworthy increase of -23.65 dB from
the seedling to the vegetative stage, succeeded by a gradual incline to -16.81 dB during panicle
development. Subsequently, at maturity, there was a decline to -22.97 dB, as visually depicted in Fig. 6.
Based upon these, a similar pattern of multitemporal data within the pixel a thematic map was
developed and presented for the crop maximum likelihood classification information which was
extracted from SAR data for rabi sorghum for the Vijayapura District talukas, while administrative
boundary shapefiles were used from Karnataka State Remote Sensing Applications Centre, Bengaluru in
a clear and easily understandable way. The classified Rabi sorghum area in the Vijayapura district was
assessed to be 51,482.3 ha. Figure 7. Among thirteen talukas in Vijayapura district, the highest Rabi
sorghum area was recorded in Basavana Bagevadi with an area of 12655 ha block followed by
Babaleshwara and Devara Hipparagi with an area of 7043.5 ha and 6042.32 ha, respectively. While
lowest was seen under Chadchana and Alamela talukas with an area of 484.8 and 84.072 ha of Rabi
sorghum area, respectively Table 3. Based on the presented data and subsequent crop area assessment,
it has been confirmed that a substantial portion of the region has undergone a reduction in the area
allocated to rabi sorghum cultivation. (Anonymous(b), KVK report 2021), sourced from which Basavana
Bagewadi, Vijayapura, Mudebihal, and Sindagi, reveals this trend.
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Table 3
Statistics block wise Rabi sorghum area for Vijayapura

S.no Taluka Area(ha) Percentage
1 Bijapur 4468.9 8.68

2 Indi 2837.9 5.51

3 Sindagi 1728.7 3.36

4 Basavan Bagewadi  12655.0 24.58
5 Muddebihal 5619.8 10.92
6 Nidagundi 1069.6 2.08

7 Babaleshwara 7043.5 13.68
8 Chadachana 484.8 0.94

9 Talikote 3926.2 7.63
10 Tikota 4582.9 8.90
11 Kolhara 938.1 1.82
12 Devara Hipparagi 6042.3 11.74
13 Alamela 84.0 0.16
Total 51482.3 100.00

4.2. Level of precision in Area assessment

For the Rabi sorghum area map, a comprehensive evaluation was undertaken, leveraging ground truth
points obtained from both the Rabi sorghum and non-sorghum regions. This validation process
encompassed the collection of 135 points representing Rabi sorghum and 15 points from non-sorghum
areas within the designated study region. The outcomes of this evaluation unveiled that the Rabi
sorghum area map exhibited an overall accuracy of 87.2%; Furthermore, the calculation of the kappa
index, classification accuracy, yielded a value of 0.74. This value indicates an estimation accuracy for the
Vijayapura district during the Rabi season of 2023, Table 4. and after the assessment of the accuracy of
the crop classification an crop mask area is generated Fig. 7.
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Table 4

Confusion matrix for accuracy assessment for sorghum crop classification during rabi 2022-
23

Actual class from accuracy Predicted class from map
Class Sorghum  Non-Sorghum  Accuracy (%)
Sorghum 135 15 88.7%
Non-Sorghum 15 85 85%
Reliability 89.9% 83.3% 87.2%
Overall accuracy 87.2%
Kappa index 0.74

4.3. Generation of genetic co-efficient for Rabi Sorghum
under Vijayapura region:

The development of genetic coefficients for the Vijayapura region, specifically in the context of spatial
calibration, represents a crucial advancement in genetic research. Genetic coefficients play a pivotal role
in understanding the heritability and genetic variability of traits within a given crop variety. Under this
article establishing relations between the LAl and backscatter the derivation of genetic coefficients is
crucial which change spatially and needs calibration to different environment, we aim to refine and
customize these coefficients based on the geographical characteristics of the Vijayapura region. This
involves accounting for the spatial heterogeneity of environmental factors that influence genetic
expression the genetic co-efficient are presented in annexure Table for both the Decision Support System
for Agrotechnology Transfer (DSSAT) and InfoCrop. The results of the simulated and observed LAl and
yield show a good R-value > 0.70.

4.4. Obtaining Leaf Area Index (LAI) from relation between
SAR-Db and CSM LAI

After validating the simulated and observed LAl and Yield from the CSM with R? > 0.7 then they were
subjected to further process. From the obtained multi-temporal dataset, a peak dB (backscattering)
values were obtained for the monitored fields and peak LAI from CSM were taken and subjected to for
the creation of a linear regression (Egs. (1 and 2)) and Figs. 8 & 9. The spatial LAl -map was generated
for the study region with equations Figs. 10 & 11.

LAI= -0.36*db-2.31 (DSSAT) — (1)

LAl=-0.53*dB-5.97 (InfoCrop) —(2)
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4.4.1. Sorghum yield estimation based on remote sensing

After validation of the yield from the model to observed value. The CSM’s simulated yield was integrated
with the spatial LAl values i.e., values extracted from the above process a linear regression was run Figs.
12 & 13 which was developed and for running spatially to obtain sorghum yield for the research area.
Finally obtained equation are Egs. (3 and 4) were subjected to map- algebra module of ArcGIS for Spatial
Yield maps

Yield = 200.06*LAI + 133.63 (DSSAT) —(3)

Yield = 195.13*LAl + 162.83 (InfoCrop) —(4)
4.5. Generation of LAl and Yield maps and area statistics
Table at the taluka level:

After the generation of a good correlation of above 70% with SAR-Db and model LAI the regression
equation was placed in ArcGis software map algebra tool to generate the individual Spatial LAl maps for
the DSSAT and InfoCrop were generated Figs. 10 & 11 and area statistics was ran over the assessed
area for getting LAl Table 5. Later, the same monitoring site-specific Spatial LAI- Model yield was under
gone a regression Figs. 12 & 13 then the regression equation was placed in ArcGis software map algebra
tool to generate the individual yield-maps for the DSSAT and InfoCrop Figs. 14 & 15. Area statistics was
run over the assessed area for getting spatial yield statistics Table 6.
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Table 5
Depiction of the LAI of crop after regression relation between Db-CSM LAI

S.no Taluka DSSAT-LAI RS-LAI
MIN MAX MEAN MIN MAX MEAN

1 Bijapur 1.6 6.1 4.4 2.9 5.0 3.7
2 Indi 1.3 6.0 4.4 2.9 5.2 3.7
3 Sindagi 2.5 6.1 4.5 2.9 4.6 3.6
4 Basavan Bagewadi 1.3 6.2 4.4 2.8 54 3.7
5 Muddebihal 2.6 6.6 4.5 2.6 4.5 3.6
6 Nidagundi 2.6 6.3 4.7 2.8 4.5 3.5
7 Babaleshwara 2.0 6.3 4.4 2.8 4.8 3.7
8 Chadachana 2.5 6.0 4.5 2.9 4.6 3.6
9 Talikote 1.8 6.1 4.4 2.9 49 3.7
10 Tikota 1.6 7.1 4.6 24 5.0 3.6
11 Kolhara 2.5 59 4.2 3.0 4.6 3.8
12 Devara Hipparagi 2.5 6.3 4.3 2.8 4.6 3.7
13 Alamela 3.0 5.8 4.4 3.0 4.4 3.7

Table.6 Depiction of the yield crop after regression relation between Db-LAI & CSM yield
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S.no Taluka DSSAT-YIELD (Kg/ha) RS-YIELD (Kg/ha)
MIN MAX MEAN MIN MAX MEAN

1 Bijapur 543 1190 950 624 1043 779
2 Indi 502 1171 952 636 1069 778
3 Sindagi 684 1192 958 623 952 774
4 Basavan Bagewadi 439 1205 949 614 1110 780
5 Muddebihal 695 1267 966 574 945 769
6 Nidagundi 692 1216 992 607 946 752
7 Babaleshwara 601 1219 953 605 1005 777
8 Chadachana 673 1181 968 630 959 768
9 Talikote 570 1193 945 622 1025 782
10 Tikota 545 1335 969 530 1041 767
11 Kolhara 676 1159 919 643 957 799
12 Devara Hipparagi 673 1223 940 602 959 786
13 Alamela 745 1141 951 655 912 779

5. Discussion

The majority crop which grows in the particular study area is rabi season’s sorghum through the ground
truthing as it is important crop in the dry region major farmers rely on this crop due to arid conditions of
the area. MAP-scape advanced techniques for improving the resolution of the images at 20m was
possible and the availability of the Gramin GPS etrex10 as it gives the 10 active satellite accurate Global
Positioning for the ground truthing as pixel size is very high leaf area index measurement was done by
traditional method as the unavailability of canopy analyser still the accuracy of afore mentioned is
remarkable as the location of the LAl was known it was easier for the validation of the CSM models for
the 25 monitoring a similar approach was followed in rice and peanut crops (Pazhanivelan et al., 2022;
Thirumeninathan et al., 2023). The area generated with accuracy of overall 87.24% similar approaches
was done measure accurate rice area (Kannan et al,, 2021a, 2021b; Ragunath Kaliaperumal et al.,, 2021;
Satheesh et al., 2022; Setiyono et al., 2019); sugar-cane (Selvaraju et al.,, 2019) and peanut
(Thirumeninathan et al., 2023). However, it is noteworthy that pockets within the Indi block still exhibit
the cultivation of rabi sorghum. The Vijayapura region, as indicated in the report in KVK, has witnessed a
diminishing trend in sorghum cultivation, with farmers increasingly favouring major rabi crops like
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chickpea and wheat over the preceding five years. This transition is primarily linked to enhanced
profitability associated with these crops, which command higher market prices and ensure a more
sustainable income for farmers. The decline in sorghum cultivation is further elucidated by challenges
such as the absence of mechanized equipment for harvest processing, contributing to diminished yields
and unfavourable market prices Boomnalli (2023)

The temporal datasets of the given ground truthing points, an analysis showed a substantial rise of 1.69
dB from - 18.85 at the season's commencement to -16.81 during the seedling stage. Considering the
entire growth cycle of Rabi sorghum, the VH polarization backscattering exhibited maximum and
minimum dB values of -23.65 and - 16.81 dB, respectively. Analysing changes in dB values under VH
polarization, a noteworthy increase of 0.72 dB was observed from - 23.65 at the season's onset to -22.93
during the seedling stage. Further, a prominent rise of 1.49 dB from D4 to D6 during the vegetative stage
was noted, followed by an incremental change of approximately 2.12 dB between D6 and D7. The
backscattering gradually increased until the mature stage at D10, with incremental dB rises of 0.19 and
0.69 from D7 to D8 and D8 to D9, respectively a similar approach was followed in rice and peanut crops
(Pazhanivelan et al., 2022; Thirumeninathan et al., 2023) to take similar crop pixels from the given multi-
temporal dataset of different crops. In this study VH polarization was taken up as it has high sensitivity
to the terrain slope and crop characteristics could be useful for the validation of the LAl of the crop a
similar approach study was seen in the soyabean and maize (Hosseini et al., 2015) in C and L band.

Decision Support System for Agrotechnology Transfer (DSSAT) and InfoCrop are traditionally to estimate
different bio-physical parameters for the crop in which the Genetic co-efficient play a major role for
simulating different phenotypic characters for the crop and climate change studies (Boomiraj et al,,
2011; Khobragade et al., 2023; Murty et al., 2007; Nagaleekara et al., 2023; Sandeep et al.,, 2018;
Thirumeninathan et al., 2023) which are designated for the geographical areas, recognizing the essential
need to accommodate variations in unique environmental factors at each specific location. Here, instead
of relying on constant values for genetic factors, this study has taken up a range of genetic coefficients
to precisely capture the nuanced environmental influences at distinct spatial points these helped a range
of yield outputs that could validate with different observed yield

The research identified a distinctive impact on productivity within the Vijayapura region, and the exact
numerical value of the productivity reduction is pending. The models employed in this study simulated
LAl using remote sensing products, with rainfall and moisture availability identified as pivotal factors
influencing LAI. Model performance, as indicated by the coefficient of determination (R?) and normalized
Root Mean Square Error (nRMSE), demonstrated satisfactory results, with R? at 0.75 and nRMSE below
20%. Both CSMs illustrated a robust correlation, exceeding 80%, between LAI and remote sensing
products. These findings underscore the significance of integrating CSMs and remote sensing
methodologies to comprehend and predict crop yield variations, especially in regions affected by factors
such as changing agricultural practices and environmental conditions similar relation between [CSM-
based LAl -backscatter values] and [Spatial LAl — CSM Yield] were found in (Pazhanivelan, S.et al., 2008;
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Thirumeninathan et al,, 2023). A lookup Table was made to make it convenient for the validating the LAl
and then yield from the particular location and regression with backscatter value.

The current study was undertaken to underscore the interrelation between Crop Simulation Models
(CSMs) and remote sensing methodologies, aiming to obtain a spectrum of crop yields across diverse
locations simultaneously. Leaf Area Index (LAI) emerged as a crucial factor in both the spatial
distribution of yields and the creation of crop masks for the study area. Numerous investigations
revealed a consistent correlation between LAl and yield. Noteworthy observations indicated that
achieving a range of yields in a given region necessitates a diverse set of genetic coefficients.

6. Conclusion

This study has showcased the efficacy of integrating remote sensing products with crop models, with a
focus on Leaf Area Index (LAI) as the key determinant for yield estimation at the taluka level. The
optimization of ground data points encompassed all sorghum-growing areas in the district. The crop
mapping achieved an accuracy of 87%, aligning closely with government statistics. Data inputs for the
DSSAT and InfoCrop models were gathered during field visits, revealing a substantial overall correlation
of 0.80, indicating the model's reliable reflection of field data. The backscattering (dB) from Synthetic
Aperture Radar (SAR), a remote sensing product, exhibited a strong correlation with LAI (R2 > 80%).
Consequently, a spatial LAl map was generated, facilitating the creation of a spatial yield map. In
conclusion, the integration of remote sensing satellite data with crop models emerges as an effective
approach for predicting crop yields, offering valuable insights for policymakers and decision-makers in
the implementation of insurance schemes. To conclude the article current study was undertaken to
underscore the interrelation between Crop Simulation Models (CSMs) and remote sensing
methodologies, aiming to obtain a spectrum of crop yields across diverse locations simultaneously. Leaf
Area Index (LAI) emerged as a crucial factor in both the spatial distribution of yields and the creation of
crop masks for the study area. Numerous investigations revealed a consistent correlation between LAl
and yield. Noteworthy observations indicated that achieving a range of LAl and yields in a given region
necessitates a diverse set of genetic coefficients for then establishing a relation between the
backscatter values.

7. Future line of work

Models should be taken care of properly and run and calibrated to a big level for incorporating the data
sets and bringing the different models that can work in different conditions and a different set of
packages in the programming language to be created to run the multi-space and temporal model with
the change in the Genetic co-efficient; along with the LAI different variables to be considered for the
application for the accuracy of the model outputs. A different set of practices a different LAl and yield
and a set of Genetic coefficients with a lookup Table to be considered for precise use of CSMs would
develop in the present conditions and can be a game changer for this can reduce the critical time period
for yield estimates to harvest dates at different locations. With this, we can conclude it can also be used
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for future climate change scenario work. So, a different approach like FAPAR, semi-physical methods,
machine learning and deep learning to integrate with the CSM and then coupling with the RS products to
be taken.

The remote sensing data is purely focussed on the pixel level estimates of the crop or the yield which
might not catch the full spectral signature for the area or yield a parcel level (field-size) approach or
application should be developed which should be updated yearly due to land fragmented issue and micro
level decision of farmer for diversified farming which eventually makes a variation in RS-product and LAI.

Even though the availability of the current dataset with good correlation, many socio-economic attributes
might occur which were knowingly or unknowingly not considered and taken as outlier values of yield
occurred at the Gram panchayat level so the study was only able to downscale to the sub-level of
district(tehsil/taluka). Even though, it was done by recommended a high-resolution (GPS-based)
approach for real-time statistical crop yield at the GP level should be maintained or with no bias so it can
add value to the commodity markets and planning commission. Globally crop insurance companies and
government agencies are focusing on the different or precise methods of early yield prediction of the
crop. Still, the crop in the months of the Kharif or Kharif-rabi is not able asses properly due to cloudy data
in those seasons and very much price fluctuation was seen in pulses during monsoon of India.
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Map depicting the study area along with GT points.
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Figure 2

Flow chart of the methodology for the area and yield using SAR and CSM models.
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Karnataka

Duration

AUG 2022 SEP 2022 OCT 2022 NOV 2022 DEC 2022 JAN 2023 FEB 2023

Sowing to Seedling Vegetative stage Reproductive Stage Maturity Stage

¢

Growth Stages

Sorghum Crop

+

._J\

Figure 4

Page 28/38



Crop calendar of Rabi Sorghum in Vijayapura
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Flow chart depicting the sorghum area mapping methodology
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VH polarization dB curve for monitoring Rabi sorghum sites.

Page 30/38



L L B
1

N
W E
f :
1 B
-\. Kaolhars | -,_.’zm _HIH-"-‘E_ pims 5 ; |
!/- . 'r‘f \; /’ _"-.-f._\_ f i . ‘ﬁlh..-l:-é\ ; 52 _]L
oy S S il
5 i, .- \ J"'\l
A - -
R I, iModddied)s®,c G
g FTRI0R e ."’,--—- s
. 3
,_/
i fl’ﬂ-_
LEGENDS
| | Vijayapura taluka
¢| | sorghum :
- D 10 20 40 Ex) —5
' — T TS
".'I!I.I"l

Figure 7

Map depicting the rabi sorghum in the study area
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Scatterplots of dB value and DSSAT simulated LAl
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Figure 9

Scatterplots of dB value and InfoCrop simulated LAI
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Figure 10

Depiction of LAl map (Db-DSSAT LAI)
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Depiction of LAl map (Db-InfoCrop LAI)
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Scatterplots of Spatial LAl and DSSAT yield
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Scatterplots of Spatial LAl and InfoCrop yield
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Figure 14

Depiction of yield- map (RS: DSSAT LAI — DSSAT simulated yield)
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Depiction of yield- map (RS: Info Crop LAl - Info Crop simulated yield)
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