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ABSTRACT

Castor bean (Ricinus communis) indigenous to the southeastern Mediterranean basin,
eastern Africa and India is a crop having various industrial and medicinal applications. It is
helpful in crop rotation and replenishing the soil nutrients due to less water consumption. The
current study explores the utility of Sentinel-2A satellite image for mapping and vyield
prediction of castor beans. Several classification methods viz. migrating means clustering,
maximum likelihood classifier, support vector machine and artificial neural network are used
for the classification and mapping of different landscape categories. The overall
classification accuracy was achieved to be highest for artificial neural network (85.81 %)
subsequently support vector machine (80.12 %), maximum likelihood classifier (74.23 %)
and migrating means clustering (73.03 %). The vyield prediction is performed using
Sentinel-2A-derived indices namely Normalized Difference Vegetation Index and Enhanced
Vegetation Index-2. Further, the cumulative values of these two indices are investigated for
castor bean yield prediction using linear regression from July 2017 to April 2018 in different
seasons (pre-monsoon, post-monsoon, and winter). The regression model provided (adj
R2=0.75) value using EVI-2 compared to (adj R2=0.55) using NDVI for yield prediction of
Ricinus communis crop in the winter season. The methodology adopted in this study can
serve as an effective tool to map and predict the productivity of Ricinus communis. The
adopted methodology may also be extended to a wider spatial level and for other significant
crops grown in semi-arid regions of world.
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INTRODUCTION

Castor bean (Ricinus communis) is mainly distributed in the arid and semi-arid regions of
Eastern India and having medicinal and economic importance. It is commonly known as
“Arandi” at local level and a vital biodiesel crop with several industrial applications such as
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paints, nylon, and motor oil (Agri Farming, 2023). The castor bean is encouraged to be grown
to provide an alternative to farmers when shifting from traditional cropping practices for
earning a profit. The importance of cropping practices in terms of productivity, utilization of
natural resources, and farmers’ income have long been recognized by the international
community under the Food and Agriculture Organization (FAQO) regulation (Polsot, 2004;
Bégué et al., 2018). It is increasingly difficult for local governments and consumers to
control the food production process at different observational scales. An area’s changing land
use pattern is a major aspect of the pressure on limited agricultural land resources, driven by
various biophysical and anthropogenic factors, mainly due to population growth. Therefore,
detecting and validating good cropping practices is vital (Bégué et al., 2018). An effective
technique is required to provide spatial information on cropping practices and their
distribution to ensure sustainable food production and management of water resources.
Space-borne remote sensing technique has been proven as an effective means for observing
cropping practices and other land surface features at different spatio-temporal scales (Mishra
et al., 2017a; Kumar et al., 2017). Synoptic and repeated coverage are well-known
advantages of remote sensing images that facilitate mapping the multi-temporal pattern and
rotation of cropping systems. In the last few decades, images from a large variety of sensors
are gaining a lot of interest from the scientific community (Belward, 2015). A cropping
system can be stated as the cropping patterns and their management to obtain maximum
reimbursement from a given source found under a particular environmental condition. The
crop rotation and shifting agriculture with long gaps help in gaining the necessary nutrients
for the agricultural land for high productivity. Remotely sensed images are a noticeable and
promising source of information for mapping and monitoring crops from the regional to
global level (Skakun et al., 2017). In several studies, remote sensing-based spectral,
phenological, and spatial information is also used for crop classification, crop acreage
estimation, crop health, and yield prediction (Kumar et al., 2015; Ghazaryan et al., 2018).
Then accuracy of classification results is critical based on the remotely sensed images and
understanding of the classification algorithms. Several classification methods are available
for landscape mapping using images acquired from different satellite sensors (Lu & Weng,
2007). One of the most used conventional methods is the maximum likelihood classifier
(MLC) which relies on statistical theory (Richards & Jia, 2006). But advanced
non-parametric classifiers are required further and found to be very valuable due to the
limitations of normal distribution (Lu et al., 2004). Artificial neural network (ANN),
a non-parametric classification method, works on back propagation (BP) training algorithm
and not influenced by the normal distribution of data (Lu & Weng, 2007). ANN is broadly
applied in many studies and found to provide enhanced accuracies for landscape
classification compared to the traditional pixel-based method (Pijanowski et al., 2002; Mas
& Flores, 2008). Cortes & Vapnik (1995) proposed another non-parametric statistical
learning method SVM which has been widely used in image classification. Several studies
have demonstrated its abilities when only small training samples are available (Chu et al.,
2012; Mishra et al., 2017b). The SVM’s performance has been compared with other
classification methods and found to provide improved results (Mishra et al., 2017b). The
precise and accurate mapping of the agricultural crop and yield estimation based on remote
sensing are of great importance for national food security at different observational scales.
The crop yield prediction or estimation is one of the most significant concerns that
appeared, especially in regions with climatic uncertainties. The seasonal rainfall trends,
nutrient depletion in soils, cost and availability of fertilizers, pest control, and other aspects
bring out the reduction in crop productivity. The crop yield estimation also facilitates
governments to put in place strategic emergency plans for the redistribution of food during
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times of food crisis. Over the last few decades, remarkable advancements in remote sensing
techniques are now supplying valuable information for predicting crop yield at different
scales. Several studies were conducted for crop yield prediction, mainly focusing on winter
wheat, maize, rice, corn, soybean etc., using remotely sensed data (Mkhabela et al., 2011,
Esquerdo et al., 2011; Huang et al., 2013; Shiu & Chuang, 2019). Many vegetation indices,
for example, vegetation condition index (VCI), normalized difference vegetation index
(NDVI), and enhanced vegetation index (EVI) have been correlated with crop yield
estimation. Numerous methods have been developed for crop yield prediction with the help
of remotely sensed images. Most frequently used way based on the generation of a regression
model, is to create direct empirical relationships between the NDVI derived from the satellite
images and the measured crop yield (Mkhabela et al., 2011; Boltan & Friedle, 2013). The
NDVI, based on red and near-infrared bands, introduces noise because of underlying soil
reflectance and atmospheric absorption. The EVI based on the blue band is developed to
minimize the soil and atmospheric influences (Huete et al., 2002). Conversely, it is
inadequate to produce time series EVI without a blue band in a sensor. Jiang et al. (2008)
developed and evaluated a 2-band enhanced vegetation index (EV12) which does not include
a blue band. EVI2 has been utilized effectively in classifying croplands and estimating crop
yield (Sun et al., 2012; Liu et al., 2019; Shammi & Meng, 2021). However, very limited
studies have been reported till now focusing on multi-cropping practices and its spatial
mapping in India.

Crop rotation and shifting agriculture with long gaps help in gaining the necessary
nutrients for the agricultural land for high productivity. There are problems with canal-based
irrigation and groundwater availability in most areas around the globe. Several studies
performed so far are relying on remote sensing dataset for retrieval of information on major
crops grown in an area. Ricinus communis is a minor crop, helpful in crop rotation and
replenishing the soil nutrients and does not need much water for irrigation. It is considered
a cash crop for farmers with various applications in industrial and health care sectors. This
study provides a knowledge base on simplified technological intervention for better
information retrieval about the minor crop having dispersed extent and its quantification
through an integrated approach of remote sensing, GIS and yields prediction model.
Additionally, the inferences of the present study will be a primary input for research work to
be done in future and track the interested groups in this area.

This study aims to map and predict the yield of Ricinus communis using remote
sensing-based information and ground data. More explicitly, the present study aims to: (1)
identify and map the industrial crop (Ricinus communis) using Sentinel 2A satellite data; (2)
estimate the acreage of the crop; and (3) use a linear regression algorithm for yield prediction
of this industrial crop. Therefore, analyzing and modeling the cropping pattern and
productivity of Ricinus communis will provide vital information to the research community,
agriculture planners, decision-makers, and other stakeholders to understand its importance
and benefits to farmers in India. The outcomes of this study could also be applied to other
blocks or even at the state level in India and other geographical sites around the world.

MATERIALS AND METHODOLOGY

Study site

The geographical location of Adampur block is between 29° 06" to 29° 23" latitudes and
75° 22" to 75° 37’ longitudes, covering an area of about 37596 ha (Figure 1). This block
shares its administrative boundary with Balsamand, Hisar-11 and Barwala blocks in Hisar
district and with Fatehabad district of Haryana state, India. It is well known for the
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agricultural production of Cotton, Cluster bean (Gawar), Wheat, Gram, etc. Climatically, it
experiences a sub-tropical climate with a considerable temperature difference between the
summer and winter seasons. The normal annual rainfall in Adampur block is around 330 mm.
The rainfall in the block usually increases from southwest to northeast. The soil type of study
area is grouped as Sierozem and Desert soils.

Fig. 1: Location map of the study area
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Castor bean has a wide range of adaptability as it grows throughout warm, temperate, and
tropical regions, the limiting factor being frost. The seedlings of castor plants take 10-20 days
to emerge and flowering after 40-70 days. Every single plant bear flower at various stages of
its development. It takes 140 — 170 days to attain full maturity. The ripening of fruits is very
uneven, the lower fruits maturing earlier than the upper one and in the region of water
scarcity or at elevation and sandy soil, the period of first and last mature fruits may be of
many weeks. The fruits occur thrice (post-monsoon, winter, and pre-monsoon) on the same
plant every year.

Data description

In this study, a level-1C product of Sentinel 2A-Multi-Spectral Instrument (MSI) images
for the years 2017 (July to December) and 2018 (January to April) were downloaded from
ESA website (http://scihub.copernicus.eu/) and subjected to further processing. During the
project work only, Level-1C product was available for India and it was required to convert it
into Bottom of Atmosphere (BOA) reflectance data before utilizing. A systematic generation
of Level-2A products are carried out at the ground segment over Europe since March 2018,
and was extended to global scale in December 2018 (https://sentinels.copernicus.eu
/web/sentinel/user-guides/sentinel-2-msi/product-types/level-2a). Sentnel-2 carries the
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Multispectral Imager (MSI) covering 13 spectral bands (443 to 2190 nm) with 12-bit
quantization, a revisit time of 10 days and a swath width of 290 km. The MSI image is having
a spatial resolution of 10 m (four; 490nm, 560nm, 665nm (visible) and 842nm (near-infrared)
bands), 20 m (three; 705nm, 740nm and 783 nm (red edge) and one; 865nm (near-infrared),
two; 1610nm, 2190nm (shortwave infrared bands) and 60 m (three atmospheric correction
bands).

Image pre-processing

The Sentinel 2A-MSI images were downloaded as top-of-atmosphere (TOA) reflectance
products. It is processed further to convert it into bottom-of-atmosphere (BOA) or surface
reflectance values, including atmospheric correction. The Sentinel toolbox provides the
Sen2Cor processor for converting TOA into BOA reflectance to derive L2A MSI land
products. An operational atmospheric correction based on the Sen2Cor algorithm is applied
to the MSI bands for retrieving the atmospheric variables from the image itself, with
correction at 1375 nm; water vapour retrieval at 865, 945 nm and AOD retrieval (Martins
etal., 2017). Therefore, the Sen2Cor algorithm implements a semi-empirical method by
associating the atmospheric characteristics derived from the image with the help of
a pre-computed look-up table (LUT) using the libRadtran radiative transfer model.

Extraction of NDVI

The NDVI is a dimensionless index that describes the difference between visible and
near-infrared reflectance of vegetation cover and can be used to estimate the density of green
on an area of land (Weier & Herring, 2000). The broadly used NDVI was employed to
distinguish vegetation and non-vegetation area from the satellite images. The NDVI was
calculated using the surface reflectance of red (R) and near-infrared (NIR) bands of Sentinel
2A-MSI image using the formula given as

NDV = —— (1)

Extraction of EVI-2

It was originally built to optimize the signals from vegetation in high biomass areas for
enhancing the sensitivity to better monitoring of vegetation by separating the signals coming
from the background of canopies and reduction in atmosphere effects. It is particularly
developed to use MODIS data products (Huete et al., 1999). The EVI uses atmospherically
corrected surface reflectance of blue (B), red (R) and near-infrared (NIR) bands. The
coefficients used in EVI are, L=1, C1=6, C2=7.5, and G (gain factor) = 2.5. In EVI, the blue
band does not supply any added biophysical information on the properties of vegetation. It is
somewhat focused at reducing the noise and uncertainties related to the enormously variable
atmospheric aerosols. Therefore, it is likely to develop an alternative method by
decomposing equation (2) into a 2-band EVI i.e., EVI2 without a blue band. Since the visible
bands are extremely correlated to each other over many earth’s surface features. Therefore,
the reflectance from blue band can be given as a function of the reflectance of red band (Jiang
et al., 2008). Equation (3) can be diminished to a 2-band EVI by assuming the relationship,
Red = ¢ x Blue, with the values of L, C1, and C2 as given above.

EVI2 = G X NIR ~ R 2
h NIR + (6 — 7.5/c)R + 1 @

where G is to be determined in accordance with the ¢ value.




Kumar et al.: Mapping and yield prediction of castor bean (Ricinus communis) using Sentinel-2A satellite image
in a semi-arid region of India

The vegetation indices thus generated were subjected to regression against the crop
productivity data collected from the field.

Satellite image classification

In this study, four different classification methods, including an unsupervised classifier
(MMC), a traditional supervised classifier (MLC), and two machine learning classifiers
(SVM and ANN) are applied to investigate the best-performing classifiers for mapping
Ricinus communis in the study region. A classification schema considering Land Use in the
study area was defined to classify the images into classes: Ricinus communis, Cotton, Cluster
bean (Gawar) Waterbody, Sand Dunes, Built-up, Open Space and Others. The intention
behind this was to find out the different land use area and finally to delineate the minor crop
castor beans dispersed percentage coverage. A set of training pixels were collected on
satellite images from different training sites to classify the study area into classes as per
defined classification schema. A total of 160 training sites were identified including 20 sites
in each class category. The same training samples are utilized for each classifier used in this
study.

MMC-based classification

The MMC is the most frequently used unsupervised classification method. The user does
not require the fore knowledge of the landscape types. It uses some clustering algorithm
around assumed means to classify image data (Richards, 1993). This method can be used to
find the number and location of unimodal spectral categories. The MMC classifier marks
each pixel to unknown cluster centers after that, moves to another cluster center in a way to
reduce the Error Sum of Squares (SSE) measure of the former segment (Richards, 1993). The
clustering algorithm was optimized with derivation of 60 clusters, 12 iterations and 0.95
clustering threshold.

MLC-based classification

MLC is the most widely used supervised classification approach. It assumes that every
spectral category can be explained by a multivariate normal distribution. It utilizes the
directly captured training signatures from the satellite data to be classified. Conversely, the
efficacy of MLC relies convincingly on the exact assessment of the mean vector in addition
to the covariance matrix for every spectral category data (Richards, 1993). The likelihood is
computed for a pixel belonging to each category under consideration. Then a category with
maximum likelihood is assigned to the pixels in an image. Thus, it is essential to choose
a suitable classification scheme so as to individual category follows a Gaussian distribution
(Lillesand et al., 2008). Nearly 20 training sites for each desired class were considered to
train the classifier. The same polygons of training sites were considered for the different
supervised classifiers.

ANN-based classification

ANN is a non-linear mapping structure synonymic to the function of the human brain (Mas
& Flores, 2008). It is capable of simulating underlying non-linear and complex data
relationships with appropriate topological configuration (Atkinson & Tatnall, 1997). The
classification of satellite images by ANN is generally trained by the back-propagation
algorithm. The topological structure of ANN includes: (1) a neuron in an input layer
including spectral bands, (2) each neuron in the output layer delineating the landscape
categories to be mapped and (3) one or more hidden layers based on weighted channel
linking components of input and output layers (Srivastava et al., 2012; Mishra et al., 2017a).
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ANN is the best-suited method for the modeling of agriculture-related data, which are
recognized to be complex and often non-linear in nature. Here to optimize the process the
ANN classifier was configured with two neurons and 1000 iterations.

SVM-based classification

SVM is statistical learning-based non-parametric classification method (Vapnik, 1998). It
offers some system-implicit benefits in comparison to other methods. In case of complex and
noisy data, SVM produces good classification outcomes. SVM based on the structural risk
minimization principle, minimizes the possibility of misclassifying unknown data sets
(Vapnik, 1998). The primary objective of SVM is the construction of an optimal separating
hyperplane between categories which is linearly distinguishable in a multi-dimensional
feature space (Pal & Foody, 2010). The closest training samples to this optimal separating
hyperplane are known as support vectors (Vapnik, 1998). SVM uses optimization methods to
detect the best possible decision boundaries between the categories. SVM uses linear
decision boundaries to distinguish linearly separable categories. The concept of kernel is
introduced to handle the problems due to nonlinearly separable categories during the
classification process (Cortes & Vapnik, 1995; Mishra et al., 2017a). In this work, radial
basis function (RBF) kernel is applied for classifying the image. The RBF kernel needs fewer
computational efforts and can take control over the non-linear relationship between the
training and the total data sets.

Assessment of classification accuracy

The classification accuracies of different methods were assessed using the error matrix
approach. It compares the classification outcome with ground truth data to identify pixel
misclassification. The performance of classification methods was evaluated in terms of
producer’s accuracy (PA), user’s accuracy (UA), overall accuracy (OA), and kappa statistics
(Kc). For each classified result, an error matrix was generated to estimate the mapping
accuracies of individual categories. In addition, the F-score was measured to avoid the
independent class imbalance for reliable evaluation of classified results (Puissant et al., 2014;
Mishra et al., 2017). A total of 256 random points were used as sampling sites for accuracy
assessment of all the classified images derived from different classification methods. All
these points were verified with the help of ground truth data collected during field visits and
other ancillary data with FCC image.

Data was also collected for the yield of Ricinus communis from 72 plots of different
farmers in the Adampur block. The yield data was collected per acre and was done on the
dates of crop cutting. The plot size from where yield data were collected are of 1 acre each.
Usually, the agriculture plot size in the study area is of 1 acre each, but farmers cultivate this
industrial crop on more than one plot lying nearby, usually on dunes.

Regression analysis for yield estimation

A linear regression analysis method establishes a linear relationship between a response
variable Y which varies according to the value of an intervention variable X. It is used due to
the consideration that the vegetation indices are linearly related to crop photosynthetic
capacity (Roujean et al., 1995), which can be applied to model crop biomass and measured
yield (Liu et al., 2010; Bolton & Friedl, 2013). The model based on cumulative seasonal
NDVI and EVI-2 can efficiently predict the crop yield (Jaafar & Ahmad, 2015). In this work,
linear regression analysis was conducted between vegetation indices (NDVI and EVI-2) and
crop yields for three different seasons separately. The NDVI and EVI-2 were calculated for
the months of July 2017 to April 2018. Further the values of NDVI and EV1-2 were extracted
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by spatial analyst tool available with ArcGIS for the polygons of Ricinus communis obtained
by ANN classification. The cumulative values of crop yield data were calculated according to
the seasons as pre-monsoon (March, April, May), post-monsoon (October and November)
and winter (December, January, February) crops.

The dependent variable (estimated yield) on y-axis is modelled against the independent
variables (cumulative NDVI and cumulative EVI2 values) on the x-axis. Thus, a linear
regression model was developed between the explanatory variable (X;) and dependent
variable (Y;) that can be represented as equation (4)

Yi =a+ le (3)
where i = 7,...,n. a and b are the intercept and slope, respectively.

Performance indicators of model

The performance of developed regression models was evaluated using different indices
such as the squared sum of analytical error (SSPE) and Theil’s fractional inequality
coefficient (U). Different sources of analytical errors were differentiated by utilizing several
inequality coefficients such as a fraction linked with mean differences of observed and
predicted values (Uy;qs), the fraction linked with the slope (B) of the fitted model & the base
line (Ug_1), and the fraction linked with the unexplained variance (U,). The formulae for

different indices are given below:

SSPE = Zn(obsi — pre,)? )
Uy = OB _TREV (5)
Ups = B-12 zsns(ggei — PRE)? )

_ Y. (est; — obs;)? o

€ SSPE

where n is the number of sites; pre and obs are predicted and observed values
correspondingly; PRE and OBS are the mean values of the predicted and observed values and
est are estimated values of the model of fitted regression (Paruelo et al., 1998). The
methodology flow chart adopted in this study is given in Figure 2.
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Fig. 2: Flow chart of the methodology

RESULTS

l

Satellite data
(Sentinel-2A L1C Product

)

le—

[

L2A Product
(Surface Reflectance)

| —

[

Classification

MMC

MLC

SVM

Acreage calculation

EVI-2 l
H Yield per acre at different
NDVI locations

Field assessment of yield
(Crop cutting)

Regression analysis I

[ Yield prediction equation ]

]

Validation of model
equation

Although time-series EVI-2 image is generated using Sentinel-2A satellite data, a single
timestamp for April month (pre-monsoon) is shown in Figure 3.

Fig. 3: Standard FCC and EVI-2 generated using sentinel-2 data shows the dry soil
condition and sparse vegetation distribution in the study area
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The values of EVI-2 range from 0.967 (highest) to -0.121 (lowest) in the study area during
pre-monsoon season. Similarly, time-series NDVI images were derived from Sentinel-2A
satellite data, although it is shown for April month (pre-monsoon) season in Figure 4. The
values of NDVI range from 0.973 (highest) to -0.222 (lowest) in the study area. The
derivation of multi-date NDVI and EVI-2 suggests that the NDVI values saturates early in
high biomass condition as compared to EVI-2.

Fig. 4: Standard FCC and NDVI generated using sentinel-2 data shows the dry soil
condition and sparse vegetation distribution in the study area
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Assessment of classification accuracies using different methods

The image was classified into eight categories: agricultural crops (Ricinus communis,
cotton and cluster bean), water body, sand dunes, built-up, open/barren land, and others (tree
cover, grassland and pastureland). The maps generated using all four classification methods
are shown in Figure 5
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Fig. 5: Classified maps of the study area based on (a) MMC; (b) MLC; (c) SVM; and
(d) ANN methods
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ANN achieved the highest OA 85.81 % in comparison to those of SVM, MLC and MMC
algorithms with 80.12, 74.23 and 73.03 %, respectively. The K. values of 0.85, 0.77, 0.71
and 0.69 were also obtained for four different classifiers, namely ANN, SVM, MLC and
MMC, respectively. The statistics of PA, UA, OA, K¢ and F-score attained using four
classifiers used in this study are presented in Table 1. The highest PA of Ricinus communis
(88.32%) was achieved among all categories by using ANN in comparison to those of SVM,
MLC and MCC with 79.41, 74.24 and 71.76 % respectively. The ANN method provided the
highest UA (92.37 %) for Ricinus communis among all categories in comparison to those of
SVM, MLC and MMC with 85.71, 69.01 and 67.63 %, respectively. In terms of F-score,
ANN provided the highest value (90.30 %) for Ricinus communis compared to SVM, MLC
and MMC with 82.44, 71.53, and 69.33 % respectively. A detailed description of PA, UA,
OA, K. and F-score values for all other categories is given in Table 1.

The aim was to identify and delineate the minor crop Ricinus communis in the study area
using the best classification method. The ANN method was found to provide the highest OA
in comparison to other methods. So, it was decided to consider the ANN classified data to be
used further in the modeling and analysis. The ANN based classification was carried forward
to extract the dispersed polygons of Ricinus communis for calculating its total area.

11



Kumar et al.: Mapping and yield prediction of castor bean (Ricinus communis) using Sentinel-2A satellite image in a semi-arid region of India

Table 1: Comparison of classification accuracy results

MMC MLC SVM ANN
PA UA F-score PA UA F-score PA UA F-score PA UA F-score
Landscape classes
(%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%) (%)
Ricinus communis 71.76 67.63 69.33 7424 | 69.01 71.53 79.41 | 8571 | 8244 88.32 | 92.37 | 90.30
Cotton 70.31 73.17 71.71 7143 | 73.17 72.29 76.98 | 83.62 | 80.17 84.30 | 84.30 | 84.30
Cluster bean
72.09 69.92 70.99 73.77 | 69.77 71.71 79.20 | 80.49 | 79.84 87.60 | 80.92 | 84.13
(Gawar)
Waterbody 79.31 77.97 78.63 78.45 | 79.13 78.79 83.47 | 7953 | 81.45 85.12 | 87.29 | 86.19
Sand dunes 73.02 77.97 75.41 75.41 | 76.67 76.03 83.05 | 80.33 | 81.67 87.07 | 84.17 | 85.59
Built up 73.55 75.42 74.48 72.66 | 77.50 75.00 80.31 | 79.69 | 80.00 85.71 | 87.80 | 86.75
Open 71.09 70.00 70.54 71.97 | 76.00 73.93 78.05 | 76.80 | 77.42 81.68 | 83.59 | 82.63
Others 73.77 73.77 73.77 76.42 | 74.02 75.20 80.80 | 75.37 | 77.99 86.72 | 86.05 | 86.38
OA (%) 73.03 74.23 80.12 85.81
Kappa statistics 0.69 0.71 0.77 0.85
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The area statistics of different landscape classes based on ANN method are shown in
Table 2. Other classes in the study area were also considered while landscape classification
to show the percentage distribution of different classes and highlight the usefulness of the
classification technique in extracting a class with the least coverage with good enough
accuracy for further processing and inclusion in the model with confidence. The total area of
Ricinus communis was calculated as 2372.81 acres in the Adampur block, which has only
2.55 % of the coverage area. Despite the low coverage area, the ANN classifier was able to
extract the castor bean area with good enough accuracy to carry the work forward. Other
crops grown in the area were also considered while classification to show the cropping
pattern in the study area. The cropping pattern in turn, signifies the arid conditions prevailing
in the region. The classified output based on ANN is shown in Figure 6.

Table 2: Total area (acre) of different categories based on ANN classifier

Class Name Area (acre) Area (in %)
Ricinus communis 2372.81 2.55
Cotton 13025.34 14.02
Cluster bean (Gawar) 53517.30 57.61
Waterbody 305.49 0.33
Sand dunes 15281.44 16.45
Built up 3738.73 4.02
Open 1409.44 1.52
Others 3251.19 3.50

Total Area 92901.74 100

Ricinus communis is having very sparse and scattered distribution in the study area because
farmers cultivate it only on plots where soil moisture is less, or it is difficult to irrigate due to
sand dune elevations. The crop was identified, and its distribution was mapped using the
ANN classification method is shown in a part of the study area overlaid on the standard FCC
of Sentinel-2 data (Figure 7). The tonal variations on the standard FCC generated using
a multi-band image shows that the area is dry and soil moisture is less, with a light cyan
colour corresponding to the area utilized by farmers for growing castor bean.
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Fig. 6: Classified map of Adampur block based on ANN method.
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Enhanced Vegetation Indexe-2, originally developed for extracting vegetation information
from MODIS data efficiently, without saturation as NDVI in high biomass regions, was
utilized to develop the crop productivity model for Ricinus Communis. The time series EVI-2
was able to capture the phenological changes of the crop. The areas of Ricinus communis
extracted using ANN classification algorithm are shown over the FCC image of time series
EVI-2 (Figure 8). It shows the tonal key for identifying the crop on multi-layer vegetation
index and the potential of EVI-2 in detecting Ricinus communis in Adampur block, Hisar.
Time series Normalized Difference Vegetation Index, the commonly used index in
researcher community was also calculated with Sentinel-2 data to capture phenology of the
crop. The intention behind was to compare the applicability of phenology capturing using
vegetation indices and its utility in crop yield modeling. In Figure 9 the extracted areas of
Ricinus communis based on ANN algorithm are shown over the FCC image of time-series
NDVI. The tonal variations shown on the FCC generated with time series NDV/I is useful as
key for identifying Ricinus communis and to demonstrate the utility of NDVI in detecting
Ricinus communis and modeling the yield.
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Fig. 7: Ricinus communis areas based on ANN classification algorithm overlaid on
standard FCC of Sentinel-2 data.

L

.

Ricinis communis of Adampur block, Hisar district, Haryana

752530"E

TR v

752530

B Ricinus communi§

752008

75250

753008

751350

N

A

Fig. 8: Ricinus communis area based on ANN classification algorithm overlaid on FCC
of time series EVI-2.

. 75°2530°E
- Ricinus communis ¢ 45 9

Relationship of EVI 2 in detection of Ricinus communis
75°2530"E T5°2T0"E 75'2"”7'5 75'2.’7'5 75'3.00'5

T T
28M150°N 29°200"N

T
20°100"N

T
75°200"E

T
75°250°E

75°2630°E

T
75°300"E

T
753507

75 270"

15



Kumar et al.: Mapping and yield prediction of castor bean (Ricinus communis) using Sentinel-2A satellite image
in a semi-arid region of India

Fig. 9: Ricinus communis area based on ANN classification algorithm overlaid on FCC
of time series NDVI.
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Comparison of yield prediction models

The models for yield prediction are derived using cumulative NDVI and EV1-2 of different
seasons and compared. The regression analysis was done between collected yield data
(ground truth) on the y-axis and the cumulative values calculated seasonally on the x-axis.
For regression analysis, 50 % of ground collected yield data was used and the rest 50 % of
data, was used for testing the model generality. Only the positive values of NDVI collected
randomly from Ricinus communis fields were considered for analysis and modeling the crop
yield. The season wise scatter plot diagram for crop yield regressed against NDVI and EVI-2
are analyzed. The results show that pre-monsoon crop Yyields are poorly correlated with the
cumulative NDVI and cumulative EVI-2 having coefficient of determination (R?=0.386) and
(R?=0.094) respectively (Figure 10). Due to severity of higher range temperature prevailing
in the area during pre-monsoon season the crop manifests less spread of leaf and hence
reduced canopy cover. Although the NDVI and EV1-2 shows lesser values during the season,
the crop yield is not affected or higher. For the post-monsoon season the crop yields also
show poor correlation with the cumulative NDVI and cumulative EVI-2 having coefficient of
determination (R?=0.080) and (R?=0.227) respectively (Figure 11). The canopy cover of the
crop shows mild vigour after meagre rainfall in the area during monsoon season leading to
very little increase in NDVI and EVI-2 values. However, even though there is little increase
in NDVI and EVI-2 values there is no increase in crop yield, clearly showing the adaptability
of the Ricinus communis for arid environment demanding less soil moisture. This also
justifies the practice of growing the crop in this region as the castor bean crop demands less
water and is an industrial utility crop, fetching good income for the farmers. The results show
that winter crop yields are highly correlated with both cumulative vegetation indices given as
NDVI (R?=0.555) and EVI-2 (R?=0.755) in the study area (Figure 12). The winter crop has

16



Journal of Landscape Ecology (2023), Vol: 16 / No. 2

higher vigour in terms of canopy cover and shows higher values for NDVI and EVI-2 which
corresponds well with the productivity in the season, showing large correlation between both
vegetation indices and castor bean productivity. However, the correlation of crop
productivity with winter season cumulative EVI-2 is highest and the regression model thus
developed can be considered as the most successful predictor for castor bean productivity in
any semi-arid region.

Fig. 10: Scatter plots of observed and predicted values for (a) NDVI and (b) EVI-2 with
crop yield of Ricinus communis in pre-monsoon season
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Fig. 11: Scatter plots of observed and predicted values for (a) NDVI and (b) EVI-2 with
crop yield of Ricinus communis in post-monsoon season
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Fig. 12: Scatter plots of observed and predicted values for (a) NDVI and (b) EVI-2 with

crop yield of Ricinus communis in winter season
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The slope and y-intercept for the regression models were calculated by using the equation
of cumulative winter crop yields for both the vegetation indices and the ground truth data.
The regression analysis Y on X (observed over predicted) is given by Y = a + b*X, where
aand b are y-intercept and slope respectively. The normal equations formed for testing
generality of the derived prediction model are given below:

ZYzN*a+b*ZX
ZXYza*ZX+b*ZX2

The observed and predicted values of NDVI for Ricinus communis showed a weaker
agreement (R?= 0.55, n=40) as shown in Table 3.

(8)

©)

Table 3: The values of Y-intercept, Slope and coefficient of determination attributed to
both vegetation indices (NDVI and EVI-2) of regression fitted model to the observed
and predicted values

Attribute y-intercep Slope R?

t
NDVI 2.96 0.70 0.55
EVI-2 1.61 0.65 0.75

The fraction linked with the unexplained variance had a great manipulative power on the
sum of squared values of the analytical error (SSPE), a measure of goodness of fit (Table 4).
The slope from base line of fitted regression was = 0.70, telling an over-estimation of the
comparative fraction of NDVI values.

The observed and predicted values of regression fitted model of the EVI-2, the coefficient
of determination and total number of observations was (R?=0.75, n=40). The slope (0.65) and
y-intercept (1.61) calculated do not differ considerably from 1 and 0 respectively. The lack of
fit or the contribution to SSPE was largely related to the mean differences of observed and
predicted values or termed as bias as shown in Table 4. Out of two cumulative indices
analyzed for its accuracy as predictor, the EVI-2 outperformed the NDV| at the time of model
generation as well as testing of the model generality for yield estimation.

Table 4: SSPE, Uy,as, Ug_q, and U, values for NDVI and EVI-2

Attribute SSPE Ubias Ug 4 U,
NDVI 89.39 0.36 0.10 0.54
EVI-2 92.07 0.59 0.11 0.30

Total production of Ricinus communis using the yield prediction model

The total production of the Ricinus communis crop in Adampur block was calculated using
a developed yield prediction model. For the calculation of yield based on the developed
model the EVI-2 values were extracted with the help of a zonal statistic value extraction tool.
Moreover, the values of EVI-2 were extracted from all the images for December to April
using the crop acreage polygons of Ricinus communis obtained from ANN-based
classification results. In addition, the EVI-2 values were added to find the cumulative EVI-2
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values for winter crop season. Finally, the yield per acre of Ricinus communis crop was
calculated utilizing the developed model.

The minimum yield per acre was found to be 3.45 quintals, the maximum yield per acre
was 12.11 quintals and the average or mean yield per acre was found to be 7.17 quintals with
a standard deviation of 1.76 as given by the developed yield prediction model. The area of
polygons having Ricinus communis crop was calculated in acres with the help of tools
available in ArcGIS. Finally, the total production was calculated, and it was around 13475.10
quintals in Adampur block.

The crop yield depends on various parameters like rainfall, temperature, humidity, soil
moisture availability, etc., during different phases of the crop cycle. The data published by
Central Ground Water Board (CGWB), Chandigarh for Ground Water Potential in the
Adampur block suggests the status to be critical. The normal annual rainfall in Hisar district
is around 330 mm which is unevenly distributed over the area. The rainfall received in the
region is scanty and limited mostly within the Monsoon season (June to September).
Considering the effect of all the parameters on biomass accumulation and it is quite
imperative that very good assessment of biomass can be done indirectly by the EVI-2 derived
from satellite imageries. Only EVI-2 was considered for building the yield prediction model
for Ricinus communis.

There are several challenges in the identifying and mapping of cropland in view of the
diversity of cropping systems, management practices and field extents. It could further be
explored to improve the accuracy of classification results by integrating multi-source satellite
datasets.

DISCUSSION

Different types of satellite based remote sensing images were widely used to provide
information in recognizing plant stress conditions, quantifying crop needs, predicting crop
yield or the optimum harvesting time. Such images would also be of interest for sparsely
grown castor bean crops. The result of this study is promising for utilizing remote sensing
technology for identifying and delineating any minor crop like castor bean within a mixed
land use pattern. The earlier study conducted for identifying agriculture crop is mostly
dedicated to identifying and delineating major crops grown in an area. Although the land use
pattern and agriculture crops show variability in the study area, the applied methodology for
acreage estimation of minor crop having sparse and dispersed distribution is established with
good confidence, not shown in any earlier study. In a recent study conducted by Cavalaris
et al (2022), nineteen vegetation indexes (VIs) were derived from a multispectral camera
mounted on UAS and NDVI presented a higher accuracy in predicting the harvesting time of
castor bean. This study used multispectral camera instead of satellite image for the study of
castor bean in the farm of University of Thessaly, central Greece.

The time-series of different vegetation indices derived from satellite remote sensing
images was used earlier also to delineate crops but never for a minor crop like castor bean
that grown sparsely. In the present study, the stacking of time-series EVI-2 images together
with ANN classifier outperformed the time-series NDVI images in delineating different
crops including castor bean and land use precisely. The time series EVI-2 values have been
used to predict the yield of castor bean.

Water Potential in the Adampur block suggests the status to be critical. Although the castor
bean is relatively easy to grow. But the crop yield depends on various parameters like
rainfall, temperature, humidity, soil moisture availability, etc., during different phases of the
crop cycle. The data published by Central Ground Water Board (CGWB), Chandigarh for
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Ground The normal annual rainfall in Hisar district is around 330 mm which is unevenly
distributed over the area. The rainfall received in the region is scanty and limited mostly
within the Monsoon season (June to September). Considering the effect of all the parameters
on biomass accumulation and it is quite imperative that very good assessment of biomass can
be done indirectly by the EVI-2 derived from satellite imageries. Only EVI-2 was considered
for building the yield prediction model for Ricinus communis.

There are several challenges in the identifying and mapping of cropland in view of the
diversity of cropping systems, management practices and field extents. It could further be
explored to improve the accuracy of classification results by integrating multi-source satellite
datasets.

CONCLUSION

Mapping of sparse minor crops using remote sensing images is a challenge. To some extent
these challenges are overcome with the advent and availability of high resolution
multispectral remote sensing dataset. Sentinel- 2A multispectral dataset is found to be very
useful in deciphering information on the extent and coverage of a sparsely grown minor crop.
The classification and mapping of the minor crop Ricinus communis was carried out through
various classifiers for the Adampur block of Haryana state, India can establish a method for
identifying such sparsely sown crops in mixed land use and cropping pattern. ANN method
applied on time-series stacked EVI-2 was found to be the best among all classifiers used in
this study for the mapping of minor crop having dispersed distribution.

For the winter season, the regression prediction model based on cumulative values of
EVI-2 with a coefficient of determination (r>=0.75) was observed to be better than that of
NDVI with a coefficient of determination (r>=0.55). The established model showed a robust
potential of cumulative vegetation indices for crop yield prediction. The contribution to
SSPE for EVI-2 based model was related mainly due to bias or mean difference between
observed and predicted values in contrast to NDVI based model. The SSPE was more
associated with unexplained variance, resulting in overestimation of associated fraction.

Additional empirical studies should be executed by exploiting Sentinel 2-derived NDVI
and EVI-2 for predicting the yield of other minor crops to further establish and improve its
prediction ability. This work may be improved if conducted by considering the
socio-economic factors, weather conditions, soil properties etc. that affect the crop yield in
addition to satellite images. Various data mining and statistical methods can also be tested to
analyze several influencing factors.
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