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India is a country that has major dependence on agriculture. In spite of all the careful measures,
there is a loss of agricultural land due to improper use of land. One way to tackle the issue is
hand, is by monitoring and quantifying the crop. Also, Crop discrimination and Acreage
estimation are essential for planning and policymaking at various administrative levels. In
earlier days, a field-based survey was executed with meddlesome factors like time consumption,
and labor-intensive. But with remote sensing and GIS technology in the picture, the survey
became a cakewalk. It can provide timely and accurate crop inventory information. Also, with a
focus on Machine Learning in recent years, crop classification became more precise. The main
objective of this study is to evaluate the performance of Maximum Likelihood Classification
(MLC), Minimum Distance to Mean classification (MDMC), Support Vector Machine (SVM)
classification, and Neural Net (NN) classification for crop discrimination and acreage
estimation in Veppanthattai Block of Perambalur District in Tamil Nadu using Sentinel 2B.
Ground truth data were collected randomly over the study area, in that 60% of data used for
training and 40% data was used for testing the classification. It was inferred that MLC was the
best with a kappa coefficient of 0.89, compared with MDMC, SVM, and NN which exhibited
poor classification results with a kappa coefficient of 0.47, 0.85, and 0.83 respectively.

Introduction

purpose, Remote sensing techniques have
demonstrated their potentiality in providing

Agriculture stands as the backbone of the Indian
economy as almost two-thirds of the population is
involved. It imparts major influence as it also
delivers raw materials for many manufacturing
units. Hence hawk-eyed management of the sector is
a necessity. Crop production estimation involves the
determination of the total area under crop and
prediction of the yield per unit area. To aid the

information on the characteristics and spatial
distribution of agricultural resources because of their
unique advantages of providing multi-spectral,
multi-temporal and multi-spatial resolutions (Zhang
et al., 2011). Use of satellite remote sensing data has
also proved to be more cost-effective, reliable,
timely, and faster than the conventional ground-
based surveys of agricultural resources (Navalgund
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et al., 1991; Patel et al., 2008; Panigrahy et al.,
2009). A crop information system is one way that
remote sensing can provide valuable information to
decision-makers. Create a database of the crops, is
required to perform crop classification and acreage
estimation (Dhumal et al., 2013; Howard et al.,
2012; Chen et al., 2012; Tu and Shang, 2018; Wang
et al., 2019). Satellite images coupled with several
machine learning-based classifiers were used for the
application (Tateishi et al., 1991; Friedl and
Brodley, 1997; Hastings, 1997; Friedl| et al., 1999).
To be able to increase the accuracies of crop
identification and area estimation, we need to have a
better understanding of the crop and the underlying
soil characteristics that influence the radar
backscatter throughout the growing season and
identify a suitable methodology to extract crop
information from optical satellite imagery (Dadhwal
et al., 1991; Panigrahy et al., 1991, Mosleh et al.,
2015; Maurya, 2011; Aboelghar, 2013; Mulianga et
al., 2013; Prasad, et al., 2006). With the above-
mentioned objectives in mind, the study was
executed to evaluate classifiers for crop
discrimination and acreage estimation. Though there
is no one universally acceptable classifier, several
kinds of research were performed to identify the best
classifier that fit the purpose (Linda and
Selvakumar, 2022). A study was undertaken for the
same area using SAR data (Sakthivel et al., 2021).
But this paper discusses performance classifiers with
multispectral data.

Study Area

Veppanthattai block of Perambalur District is a
centrally located inland area of Tamil Nadu. This
area is located between 11°16' N to 11°31' N and
78°38' E to 79°0' E covering an area of 580 sq.km
(Figurel). It has an agricultural area of 432 sq.km.
This Veppanthattai block has 39 revenue villages.
The mean annual rainfall of the area is 908 mm,
which that 475 mm received by North East
Monsoon and 314 mm received by South West
Monsoon. The climate is hot sub-humid to semi-
arid. The mean annual maximum and minimum
temperature are 32.60°C and 22.20°C respectively.

Black cotton soil, clay loam, and red sandy soil are
the predominant soil types. In this area, major crops
are grown such as Cotton, Maize, Paddy, Tapioca,
Sorghum, Onion, Groundnut, and Sesamum in
which cotton and maize are the dominant crops. In
this study, four major crops namely Cotton Maize
Paddy, and Tapioca were emphasized for crop
classification.

Materials and Methods

The process flow to achieve the goals of the study is
given in figure2.The sentinel 2B from the peak
vegetation period was used for crop classification
since it provides promisingly better resolution than
the Landsat dataset (Orynbaikyzy et al., 2022;
Tuvdendori et al., 2022; Khuong et al., 2022; Seydi
et al., 2022). The machine learning classifiers
namely Maximum Likelihood Classification,
Minimum Distance to Mean Classification, Support
Vector Machine Classification, and Neural Net
Classification were analyzed for its performance in
discriminating the crops under study. Finally, the
classifier is identified that is the best fit for the
application (Meshram et al., 2022; Ghayour et al.,
2021; Aicha and Abderrahman, 2021; Erdaney et
al., 2022; Parida et al., 2021).

Ground Truth Data Collection

To train and test the classifiers, ground truth data
were collected throughout the Veppanthattai block,
when it was at its peak vegetative stage. For this
purpose, a mobile application namely Field Area
Measure was used. Among the data collected, 60%
was used for training and 40% for testing the
classifiers to measure their performance.

Pre-processing

Any multispectral data will suffer errors due to
atmospheric interaction. Hence the procured data
was done with atmospheric correction using SNAP
software. The corrected data were then resampled to
the same cell size to avoid conflicts in further
processing. Then the layers were stacked and
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clipped to the extract region of interest under study.
Finally, by applying masks through manual
digitization, agricultural land within the study area
extent was extracted.

Maximum Likelihood Classification

Maximum likelihood classification assumes that the
statistics for each class in each band are normally
distributed and calculates the probability that a given
pixel belongs to a specific class. Unless you select a
probability threshold, all pixels are classified. Each
pixel is assigned to the class that has the highest
probability (that is, the maximum likelihood). If the
highest probability is smaller than the threshold you
specify, the pixel remains unclassified.

Minimum Distance to Mean Classification

The minimum distance technique uses the mean
vectors of each end member and calculates the
Euclidean distance from each unknown pixel to the
mean vector for each class. All pixels are classified
to the nearest class unless a standard deviation or
distance threshold is specified, in which case some
pixels may be unclassified if they do not meet the
selected criteria. Minimum distance classifiers are
direct in concept and implementation but are not
widely used in remote sensing work. In its simplest
form, minimum distance Classification is not always
accurate; there is no provision for accommodating
differences in variability of classes, and some
classes may overlap at their edges.

Support Vector Machine Classification

Support Vector Machine (SVM) is a supervised
classification method derived from statistical
learning theory that often yields good classification
results from complex and noisy data. It separates the
classes with a decision surface that maximizes the
margin between the classes. The surface is often
called the optimal hyperplane, and the data points
closest to the hyperplane are called support vectors.
The support vectors are the critical elements of the
training set. 21 You can adapt SVM to become a
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nonlinear classifier through the use of nonlinear
kernels. While SVM is a binary classifier in its
simplest form, it can function as a multiclass
classifier by combining several binary SVM
classifiers (creating a binary classifier for each
possible pair of classes).

Neural Net Classification

The feed forward neural network technique uses the
back propagation algorithm for supervised learning.
The number of hidden layers is user-defined. There
is a provision in choosing between a logistic or
hyperbolic activation function. Learning occurs by
adjusting the weights in the node to minimize the
difference between the output node activation and
the output. The error is back propagated through the
network and weight adjustment is made using a
recursive method. You can use Neural Net
classification to perform non-linear classification.

Accuracy Assessment

The performance of all the classifiers was tested
using ground truth data. The error matrix denoting
the agreement and disagreement (Lillesand et al.,
2007) was developed and numerically evaluated by
calculating overall accuracy (Congalton, 1991). The
overall accuracy determines the percentage of
correctly classified pixels as a whole. And estimated
using the following equations (Equation 1)

Tlcorrectly classified classes along the diggonal)
Overall accuracy = T(correctly classifisd classes along the diagonal)

TiRow total or Column Total) Eqn 1
Also, the Kappa coefficient which is a measure of
proportional improvement by the classifier over a
purely random assignment to classes was estimated
using the formula as given in equation 2.

NA-E

N®-8 ..Eqn 2

Where, k denotes kappa coefficient, N denotes a
total number of testing sites, A is the sum of
elements along the diagonal and B denotes the
product of row total and column total. All the above-
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mentioned performance measures were computed
for all the classifiers in the discussion.

Results and Discussion
Classification

After the pre-processing of Sentinel 2B data in
SNAP software. The satellite data was clipped to the
Veppanthattai block. As the initial step mask is
applied to extract the agricultural extent. This
extracted region of interest is then used to classify
into Cotton, Maize, Paddy, Tapioca, and other crops.
After carefully studying the crops, the ground truth
data were collected for the major crops under study.

These were used for training and testing the
classifiers. The classification was performed using
MLC, MDMC, NN, and SVM algorithms, and the
output was mapped as shown in Figures3, 4, 5, and
6. The classified data is then converted to vector

format to compute the areal extent of each crop in
hectares (Tablel).

Evaluation of Classifiers

The classified results are then tested using ground
truth data. The performance measures of the
classifiers used for the study undertaken were
overall accuracy and kappa coefficient. They are
computers for all the four classifiers to be analyzed
and the consolidated results are shown in table 2.
MLC has the best overall accuracy of 92.69 with a
kappa coefficient of 0.89. Comparatively, MDMC
shows the poor result with the lowest kappa
coefficient of 0.47, as the algorithm is simple and
failed to comply with the complexity of the spectral
reflectance data of each crop. In conclusion, though
NN and SVM are fairly acceptable with their
performance, it was inferred that MLC, is the fittest
classifier for the region of interest and application
under study.

Fig.1 Location map of Veppanthattai block in Perambular district
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Table.1 Acreage estimation of each crop in hectares

Classification Algorithm

Acreage Estimation (Hectares)

Maximum Likelihood 7876 18990 8314 120 7900
Classification

Neural Net 17317 17367 5369 148 2999
Classification

e —

Fig.2 Methodology flowchart
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Table.2 Performance measures of the classifiers

Classification Algorithm Overall Accuracy Kappa coefficient
Maximum Likelihood 92.69 0.89
Classification
Minimum Distance 60.03 0.47
Classification
Neural Net 88.52 0.83
Classification
Support Vector Machine 89.96 0.85
Classification

Fig.3 The Classified Image using Maximum Likelihood Classification
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Fig.4 The Classified Image using Minimum Distance Classification
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Fig.6 The Classified Image using Support Vector Machine Classification
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In crop management, it is crucial to have means to
aid in acreage estimation. The geographical
information system with its ability to handle spatial
entities and its geometry, along with computing
technology with machine learning algorithms, the
application under study has become an easy task. It
is known that In the Classification of crops optical
data perform better than the SAR data because it has
a higher spectral and spatial resolution. This study
aimed to compare four classifiers with Sentinel 2B
data and inferred that the Maximum Likelihood
Classification algorithm performs better than other
classifiers such as Support Vector Machine, Neural
Net, and Minimum Distance Classification.
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