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Abstract

An innovative approach for automated plant disease identification has
been proposed in this study. The main contribution of this study is the
introduction of a bipartite graph-based clustering technique that has
been used for image segmentation, a feature extraction methodology
using Self Organizing Map (SOM), and a ray tracing method. Numerous
research works have already been done in this area with their respective
merits and demerits. But this bipartite graph-based clustering for image
segmentation, feature extraction using SOM and ray tracing technique
has not been used in any of these studies as far as we are aware. The
core idea behind this clustering technique is to represent similar spatial
data points using a bipartite graph and then Singular Value Decom-
position has been used on that graph for clustering. It is common to
use SOM for clustering. However, in this study, SOM has been used
for feature extraction. First, a spatial dependency matrix based on the
pixel value of the gray image has been constructed using SOM. Then
some statistical features have been computed from this matrix. Using
the ray tracing method, the length of the most extended cluster i.e.
the length of the most extended disease-affected patch, and the distri-
bution of the clusters in the image have been computed. The accuracy
of our model has been greatly enhanced using these features only. It
has been experimented on disease-affected Grape leaf images taken from
the Plant Village Dataset. This model outperforms state-of-the-art mod-
els which is shown in the result section. Not only that, the proposed
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features produce better accuracy rather than using some existing fea-
tures. This comparison has also been shown in the result section. The
result has been validated using K-fold cross-validation. Last, but not the
least, these features produce good accuracy using different classifiers also.

Keywords: Singular Value Decomposition; Self Organizing Map; Bipartite
Graph; Image Segmentation; Ray Tracing.

1 Introduction

Normal growth, development, and productivity of a plant can be impeded due
to various diseases. Certain conditions that are responsible for these diseases
to occur are host plants, pathogens, and some supportive environmental con-
ditions. Pathogens [1] are the microorganisms that can cause diseases. Plant
pathogens can be Viruses, Bacteria, Fungi, Nematodes, etc. In this study,
the species grape and its diseases Esca, Isariopsis, and Black Rot have been
considered for classification.

Esca [2], a type of Grapevine Trunk Disease (GTD) is brought about by
the fungi Phaeoacremonium aleophilum and Phaeomoniella chlamydospora.
Interveinal striping is the main symptom of this disease. The lesions look like
tiger strip patterns. The affected regions become dark red in color. Affected
leaves become completely dry and drop in premature condition.

Isariopsis [3], a type of leaf spot, is brought about by the fungi Pseudo-
cercospora vitis. Initially, these spots are tiny and appear on both surfaces of
the leaf as irregular to angular chlorotic patches. Later on, these spots become
purplish brown to black. The leaves which appear near the ground are affected
severely by this disease.

During the hot and humid weather, a fungal disease called Black Rot [4]
attacks grape vines severely. This disease is brought about by an ascomycetous
fungus, Guignardia bidwellii. The lesions appear on the upper leaf surface
with reddish-brown circular spots. Later on, these lesions become dark brown
enclosed by a black margin. All these diseases and healthy leaves have been
shown in Fig.1.

Before these diseases become severe, it is of utmost importance to iden-
tify them properly to prevent their spread into new regions. Generally, some
laboratory-based techniques are used for this. Enzyme-Linked Immunosorbent
Assay (ELISA), Immunofluorescent Staining, and Lateral Flow Immunoas-
says (LFIA) are the most common among them. However, these methods are
too expensive because of the generation of monoclonal antibodies. Another
drawback of these methods is low specificity. There are some DNA-based meth-
ods such as Polymerase Chain Reaction (PCR), nested PCR, etc. to identify
pathogens. These methods are faster as well as cost-effective but need domain
experts and specific equipment. Due to these limitations of using laboratory-
based methods, the automated image processing-based method is the best



Can Bipartite Graph Be Effective Tool for Clustering: A Self Organizing Map-based Automate

(a) Healthy leaf (b) Black Measles (c) Isariopsis (d) Black Rot

Fig. 1: (a) Healthy grape leaf. (b) Black Measles containing tiger strip pattern.
(c) Red to brown spot in Leaf Blight. (d) Black Rot containing dark brown
spots.

choice. It is cost effective but its accuracy is not very authentic as com-
pared to the laboratory-based methods. Several research works are going on to
improve accuracy. The Present research work proposes an image processing-
based automated model for doing the same. The main focus of this study is
the introduction of an innovative bipartite graph-based image segmentation
technique and a feature extraction methodology using Self Organizing Map
(SOM) and ray tracing method. Using these approaches, the accuracy of the
model has been improved significantly.

2 Related Works

Jaisakthi et al. [5] worked on identifying grape diseases. They identified the
same diseases that we have taken for classification. Different statistical features
obtained from the Gray Level Co-occurrence Matrix (GLCM) were used as fea-
tures. Discrete Wavelet Transform (DWT) was also used for feature extraction.
They used different classifiers to measure the model’s accuracy. The best result
they obtained was from the Support Vector Machine (SVM) classifier with
93% test accuracy. In the research work of Hassan et al. [6], the same types of
diseases were identified with 91.37% efficiency. Convolutional Neural Network
(CNN) was used for the training and testing. Identification of the same dis-
eases of grapes with the same dataset was done by Lin et al. [7]. Different CNN
models were applied to the dataset. The best result they obtained was 86.29%.
Ghosh et al. [8] proposed an automated model for the same using two species
of potato and grape on the same dataset. A CNN architecture was built for dis-
ease classification. For potatoes, the model’s efficiency was 87.47% and it was
91.96% for the grape. Ghosh et al. [9] also proposed an automated model for
identifying apple leaf diseases. GLCM, Gabor Filter, and Local Binary Pattern
(LBP) were used as features. Using ANN, they achieved 94.79% accuracy. Yu
et al. [10] introduced an automated model for apple leaf diseases. Most rele-
vant features from the disease-affected regions were extracted after performing
image segmentation. Their model’s efficiency was 89.4%. An automated model
to recognize apple leaf diseases was also developed by Zhong et al. [11]. They
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used multi-label classification, regression, and focus loss function and achieved
93.31%, 93.51%, and 93.71% efficiency respectively.

From the above discussion of the related works, it has been seen that each
study has its respective merits and demerits. Some study uses high dimensional
feature vector whereas in some research work the model’s accuracy is not
good. In Table 1, the details of the research works done by Jaisakthi et al.
[5], Hassan et al. [6], Lin et al. [7], and Ghosh et al. [8] have been given with
their drawbacks. So there is still a scope for improvements in this domain.
This research work proposes such an automated model which uses less number
of features while maintaining good accuracy. The main contributions of our
study have been given in Table 2.

The remaining sections of this paper have been organized as follows. The
details of the proposed methodology have been discussed in section 3. Section
4 describes the experimental setup and the experimental findings have been
analyzed in section 5. The conclusion has been drawn in section 6.

3 Proposed Methodology

The proposed approach consists of the following steps. Each step has been
discussed below in details.

• Data Augmentation

• Background Elimination

• Image Enhancement

• Data Augmentation

• Proposed Bipartite graph based clustering

• Proposed Ray Tracing based method for feature extraction

• Proposed SOM based feature extraction

• Classification

3.1 Data Augmentation

The dataset on which we are working contains only 423 healthy grape leaf
images whereas the number of disease-affected leaves in each category is above
1000. Hence data augmentation has been done for better performance. It is a
process of generating artificial images through various operations performed
on the original images. In this study, some geometric transformations like flip,
crop, rotate, and scaling have been applied to the existing images of the healthy
leaves. After data augmentation, the total number of healthy leaves became
1692. The outcome of this step has been given in Fig. 2.

3.2 Background Elimination

Images that have been taken from the Plant Village Dataset [12], contain color
background. For further processing, we need to eliminate this background to
convert the images into scan-like images. Grab cut [13] algorithm has been
applied to the images for background elimination. It was proposed by Rother
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Table 1: Details of some existing research studies including the name of the
dataset, disease types, features and classifiers. It also includes the accuracy
and the drawbacks of those models.

Author Dataset

Used

Disease

Types

Features

Used

Classifier

&

Accu-

racy

Drawbacks

Jaisakthi
et al.
[5]

Plant
Village
Dataset.

Esca,
Isariop-
sis &
Black
Rot of
Grape.

GLCM
texture
features
and
DWT
fea-
tures.

SVM,
93%

1. Total 72 fea-
tures were used.
So the dimen-
sion of the fea-
ture vector is too
high which leads
to longer execu-
tion time.
2. The model’s
accuracy was not
high.

Hassan
et al.
[6]

Plant
Village
Dataset.

Esca,
Isariop-
sis &
Black
Rot of
Grape.

Does
not
require
any fea-
tures.

CNN,
91.37%

1. In spite of
using CNN, the
model’s accu-
racy was not
adequate.
2. Resource
requirement for
CNN architec-
ture is also a
constraint.

Lin et
al. [7]

Plant
Village
Dataset.

Esca,
Isariop-
sis &
Black
Rot of
Grape.

Does
not
require
any fea-
tures.

CNN,
86.29%

1. CNN requires
more resources
which is a barrier
for implement-
ing the model in
mobile devices.
2. In-spite of
using CNN
architecture, the
model’s accuracy
was poor.

Ghosh
et al.
[8]

Plant
Village
Dataset.

Esca,
Isariop-
sis &
Black
Rot of
Grape.

Does
not
require
any fea-
tures.

CNN,
91.96%

1. Resource con-
straint for CNN
is the main issue.
2. Model’s effi-
ciency was not
satisfactory.
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Table 2: Details of the key contributions of the present study. One is for image
segmentation and the other two are for feature extraction.

1. Introduction of a new bipartite graph-based clustering. It has
been used to separate the disease-affected and unaffected regions
from the leaf image.
2. Introduction of a feature extraction methodology using SOM.
This method has been used to extract some important features
from the images.
3. Introduction of a feature extraction technique using a method
called Ray Tracing. Using this method, the longest length from the
disease-affected regions and their distribution has been computed
and the same is taken as a feature.

Fig. 2: Outcome of the Data Augmentation step. Original image and its aug-
mented images using scaling, flip, rotation etc.

et al. in 2004. This algorithm is based on Graph cuts. To get the regional terms,
the Gaussian Mixture Model (GMM) is developed from the color space of the
foreground and background rectangular region. Euclidean distance between
neighborhood pixels has been used to obtain the boundary term. These two
terms have been used to form the energy function.

Let, the input image consist of n pixels where P denotes the set of all
pixels on the image. Then, p, q(p ∈ P, q ∈ P ), the set of unordered pairs of
neighboring elements in P is represented as N. Let B be a binary vector and
B = B1, B2, B3, ....Bp, ...Bn, where Bp represents the assignment of pixel p
in set P and 0, 1 corresponds to the background and foreground respectively.
The energy function of the graph is defined in equation 1 [13].

α(B, c, φ, P ) = β(B, c, φ, P ) + γ(B,P ) (1)

where β and γ represent the regional and boundary term respectively. The
regional term β is defined in equation 2 [13].

β(B, c, φ, P ) =
∑

p∈P

δ(Bp, cp, φ, P ) (2)

where δ and φ is defined in equation 3 and 4 [13].

δ(Bp, cp, φ, P ) = − log π(Bp, cp) +
1

2
log det

∑

(Bp, cp)
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Fig. 3: Outcome of the Background Elimination step. The original images in
each class and the corresponding images after Background Elimination using
Grab Cut algorithm.

+
1

2
(Ip − µ(Bp, cp))

T
∑

(Bp, cp)
−1(Ip − µ(Bp, cp)) (3)

φ = {π(B, c), µ(B, c), σ(B, c)}, B = 0, 1; c = 1, 2, ..., C. (4)

where the weight, mean vector and covariance matrix of each Gaussian com-
ponent is represented by π, µ and σ respectively. Ip is the pixel of point p. cp
represents the Gaussian component of pixel p. The boundary term γ is defined
in equation 5 [13].

γ(B,P ) = ζ
∑

{p,q}∈N

[Bp ̸= Bq] exp(−η∥Ip − Iq∥
2) (5)

where η determines the contrast of the image and ζ is a constant which is
generally taken as 50. The outcome of this procedure has been shown in Fig. 3.

3.3 Image Enhancement

To increase the performance of image analysis, contrast enhancement is used
in image processing. The dataset that has been used in this study contains
RGB color images with some background. After removing it from these original
images it is required to enhance the contrast of these images for further pro-
cessing. There are various techniques for image contrast enhancement. Out of
these, the Contrast Limited Adaptive Histogram Equalization (CLAHE) [14]
and Look Up Table (LUT) methods have been applied to the images for con-
trast improvement. Then Peak Signal to Noise Ratio (PSNR) was computed
between the original and enhanced image for both methods. For every image,
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Fig. 4: Outcome of the image enhancement step. (a) Original image and
enhanced image using CLAHE. The PSNR between the two is 33.7694 (b)
Original image and enhanced image using LUT. The PSNR between the two
is 22.66055.

both the methods have been applied and whichever of the methods is produc-
ing better PSNR has been considered. A higher PSNR value has been achieved
for CLAHE rather than using LUT for a sample image shown in 4. Hence,
the CLAHE method has been chosen for this particular image to enhance the
image contrast. The outcome of applying CLAHE and LUT has been shown
in Fig. 4(a) and (b) respectively.

CLAHE is a local contrast enhancement technique that relies on histogram
modification. CLAHE is a form of Adaptive Histogram Equalization (AHE)
that works locally and overcomes the limitations of global approaches. Instead
of considering the whole image, a small portion of the image called tiles has
been used. To obtain better results, the color space has been changed to LAB.
Then the three components have been separated from each other and CLAHE
has been applied to the Luminance channel as it outperforms equalizing all the
three channels of an RGB image. Contrast-limited clipping has been applied on
the histogram to prevent over-amplification of noise. In our study, after apply-
ing CLAHE, the PSNR between the original and the enhanced image shown
in 4 is 33.7694 with a grid size of (8,8) and a clip limit of 0.1. PSNR between
the same using LUT is 22.66055. So, for this particular image, CLAHE-based
image enhancement has been taken. For other images whichever of the method
is giving better PSNR has been chosen for that image.

3.4 Proposed Bipartite Graph based clustering

It is important to separate the disease-affected and unaffected regions from the
leaves to obtain some of the proposed feature values. In this proposed approach
we are going to propose a bipartite graph-based clustering technique that gives
better results than K-Means. This clustering technique works on weighted un-
directed bipartite graphs using Singular Value Decomposition (SVD). It is
based on a cutting-edge matching methodology.

The first step of our algorithm is to create a bipartite graph from the
images. All the RGB pixel values have been extracted from the images. These
are the real RGB pixel values with 3 dimensions. Now some random RGB
pixel values of 3 dimensions have been generated between 0 to 255. These are
the randomly generated RGB pixel values. Now the distance from each RGB
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pixel value to each randomly generated RGB value has been computed using
Euclidean distance. This is the concept of the bipartite graph as there is no edge
connectivity inside these two sets. A pictorial representation of this concept
has been given in Fig. 5. The RGB values are denoted as a1, a2, a3,.....,an
whereas the randomly generated RGB values are denoted as b1, b2, b3,.....,bm.
Now a matrix A of dimension m× n has been created and the entries of this
matrix are the corresponding weights obtained from the computed distances
between two sets. Being a bipartite graph of (n+m) pixel values, the size of
the adjacency matrix of the graph is also (n+m). So the adjacency matrix M
can be defined by equation 6.

M =

(

Θn×n AT
m×n

An×m Θm×m

)

(6)

In equation 6, Θn×n and Θm×m are null matrix of order n× n and m×m
respectively. Further computation will be carried out on matrix A.

SVD [15] can be useful as it reduces the higher dimension of the data
by finding the most important patterns in it. Hence it is also useful in fea-
ture extraction as it keeps only the most important singular values and the
associated singular vectors. In this study, the SVD of matrix A has been com-
puted. SVD decomposes this matrix into 3 matrices given in equation 7. From
this U matrix k number of vectors have been taken. Then K-Means cluster-
ing [16] has been applied to these vectors. This approach is basically a kind of
transformation. Applying this methodology before doing K-Means clustering
gives better results. Fig. 6 depicts the outcome of Mean Shift segmentation,
K-Means segmentation, and the proposed bipartite graph-based segmentation
of two sample images. From this figure, it can be noted that the outcome of
the proposed methodology produces better segmentation. This procedure has
been described in algorithm 1.

A = U ×D × V T (7)

Algorithm 1 Bipartite graph based image segmentation algorithm

Input: Color image I of size n× n.
1: Take a set Pm number of RGB values of dimension 3.
2: Create a Bipartite Graph g consisting of m + n vertices and m× n edges.

3: The Adjacency matrix M =

(

Θn×n AT
n×m

Am×n Θm×m

)

4: Consider B from the adjacency matrix for SVD based computation.
5: k ← numberofclusters

6: Compute SVD of A = U ×D × V T

7: Take first k number of vectors from U and cluster them using k-means
clustering.
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Fig. 5: Formation of the bipartite graph from the image. The set a1, a2,
a3,.....,an corresponds to the real RGB values of the image whereas the set b1,
b2, b3,.....,bm corresponds to the randomly generated RGB values.

Fig. 6: Outcome of the image segmentation using Mean Shift, K-Means, and
the proposed bipartite graph based clustering. (a)-(b) Original image, Seg-
mented image and the disease affected regions of two sample images using
Mean Shift. (c)-(d) Original image, Segmented image and the disease affected
regions of two sample images using K-Means. (e)-(f) Original image, Seg-
mented image and the disease affected regions of two sample images using
proposed bipartite graph based clustering.
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Fig. 7: Outcome of each step for computing the length of the longest cluster.
Figure from (a)-(f), (g)-(l) and (m)-(r) represent original image, segmented
image, image contour, convex hull, image filling and line drawing on esca,
isariopsis and black rot respectively.

3.5 Proposed Ray Tracing based method for Feature

Extraction

We have also proposed an innovative technique to compute the length of the
longest disease-affected cluster and the distribution of the clusters has been
proposed. The accuracy of the model using these features has been discussed
in the result section. In addition to these features with some existing features,
accuracy has been increased significantly.

It has been seen from our observation that the shapes of the affected regions
of various types of diseases are different. In the disease type Esca, the shape
of the disease-affected regions is like a wheel spoke and they are centered on
the leaf. For the other types, the shape is not like that. Therefore, it can be a
unique feature if it is computed properly. In this study, the longest length of
the disease-affected region has been computed. In order to do this convex hull
of the segmented images has been computed. Then all the segmented regions
have been filled with white pixel values. From the original image centre of the
leaf has been found using PCA. From this coordinate position, a line has been
drawn using the Bresenham line drawing algorithm up to the leaf margin. All
the foreground pixels that fall on the line have been counted. This value gives
the length of that cluster. However, we are trying to find the length of the
longest cluster. So, the line has been drawn again from the center position with
a 50 interval and the foreground pixels on the line have been counted again.
This process has been repeated with 50 interval. In this way, the length of the
longest cluster has been computed easily.
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Now, it is important to know the distribution of the clusters as it also gives
some patterns. From this pattern, it can be understood how the clusters have
been distributed in the leaf. Whether they are scattered throughout the image
or grouped in some portion of the image can be known from this pattern. In
order to keep this information as a feature we have divided the entire image into
four zones. Then from the centre of the leaf that has already been computed
using PCA, the number of clusters that fall in each zone has been counted.
To do this we need to know the coordinate positions of these clusters. So
each cluster has been wrapped within a rectangular box and their coordinate
position has been obtained. These coordinate positions have been compared
with the center position of the leaf obtained from PCA. So each cluster belongs
to a zone and is counted as a feature. Using this approach total of five features
have been obtained. One feature is the length of the longest cluster and the
remaining four features are the number of clusters belonging to the four zones.
While implementing this approach, some outcomes have been generated in the
intermediate stage that has been given in Fig. 7.

3.6 Proposed SOM based method for feature extraction

A kind of ANN, called SOM, was developed by Kohonen [17]. The unsuper-
vised learning approach is generally followed in SOM. Generally, it is used for
clustering and dimensionality reduction. However, in this study, SOM is used
to take out the most representative features from images. In order to do this
first of all we need to create the input for SOM. It has been found that a
pairwise count of pixel values can produce important information about the
image.

Now, these values have been given as input to the SOM. SOM consists of
two layers. One is the input layer and the other is the output layer. To train
SOM, the size of the input should be (t,f), where t is the number of training
samples and f represents the number of features. The weights of size (f,c) have
been initialized. The number of clusters is represented by c. The winning vector
will be updated after iterating over all the input. The weight update rule for
SOM has been given in equation 8.

ψi,j = ψi,j(old) + φ(t)× (xni − ψi,j(old)) (8)

In this equation, φ represents the learning rate, i and j represent the training
examples of ith feature and the winning vector respectively and n represents
the nth training example from the input data.

In the dataset, all the images are of size 256 × 256. Therefore, to obtain
pairwise pixel values, the number of rows and columns will be 255 × 255 and
2 respectively. After receiving these inputs, SOM will classify these values
into their corresponding clusters. In our case, the number of clusters will
be 255 × 255. The same pixel pair values will fall in the same cluster while
different pixel pair values will fall into different clusters. From this clustering,
the number of pixel pairs that fall in each cluster has been counted. These
values have been stored inside a matrix S of size equal to the grid size of the
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SOM. The size of this matrix is D ×D where D is the number of gray levels.
The entries in this matrix are denoted by S(α, β) which means the number
of times the gray level α occurs with gray level β. From this matrix, various
statistical features that contain relevant information have been computed. All
of them have been discussed below.

Entropy Randomness among the pixel intensity distribution is known as
the entropy. Maximum entropy can be obtained when all the entries in the
S matrix are of the same magnitude. On the other hand, this value can be
minimal when all the entries in the S matrix are different. To compute this
value equation 9 has been used.

E =

SD−1
∑

α=0

SD−1
∑

β=0

−S(α, β)× logS(α, β) (9)

Homogeneity The local homogeneity of the image can be obtained from the
S matrix. The closeness of the elements of the S matrix to the diagonal entries
is the measure of homogeneity. It can be computed from the equation 10.

H =

SD
∑

α=1

SD
∑

β=1

1

1 + ∥α− β∥2
S(α, β) (10)

Contrast The local variations present in an image are known as the contrast
of the image. When the entries of the S matrix are concentrated away from
the leading diagonal, there is a large variation present in the image. In this
case, the contrast will be high. It can be computed from the equation 11.

C =

SD−1
∑

α=0

SD−1
∑

β=0

(α− β)2S(α, β) (11)

Uniformity Uniformity among the gray level distribution in an image is an
important feature. From equation 12 this value can be computed. If this value
is 1, it means that the image is a constant image.

U =

SD−1
∑

α=0

SD−1
∑

β=0

S2(α, β) (12)

Correlation The linear dependency in terms of the gray level between
neighboring pixels is termed a correlation.

To extract some more features from the matrix S, SVD has been performed
on this matrix. It decomposes the S matrix into three components as S =
U×D×V T . From this U matrix, the energy and entropy have been computed.
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3.7 Classification

Now the feature vector has been set up. The next step is to classify them
accordingly. At first, the ANN has been used for classification. We have taken
only 13 features which is the number of neurons in the input layer. Due to the
four categories, the number of neurons in the output layer is only 4. Using the
trial and error method, the number of hidden layers and the number of neurons
in each layer is 2 and 23 respectively. The learning rate of the ANN has been
set up as 0.01 and the use of the sigmoid activation function has produced the
highest accuracy using ANN. To prove the consistency of our feature vector
different classifiers like SVM, K Nearest Neighbor (KNN), Gaussian Naive
Bayes (GNB), Random Forest (RF), and Decision Tree (DT) [18] have been
used to measure the efficiency. All outcome has been analyzed in the result
section.

4 Experimental Setup

Before analyzing the findings of our study, it is of utmost importance to have a
look at the dataset, parameters for measuring accuracy, use of existing features,
and classification models. These details have been discussed in this section.

4.1 Dataset

Any automated model that is built using ML needs data to train and test the
model. Plant Village Dataset [12] contains varieties of plant species images
that are affected by different diseases. For example, it contains various disease-
affected images of tomatoes, potatoes, grapes, apples, corns etc. In this study,
grape diseases have been chosen for classification. All these images are RGB
color images of size 256 × 256. Presentation of the dataset has been given in
table 3. Total sample size and sample size for training and testing have been
given. The train test ratio is 80:20.

4.2 Accuracy Measurement Parameters

The result of classification has to be measured in terms of some accuracy
measurement metrics. It is a multi-class classification problem. A total of six
accuracy measurement parameters have been taken to judge the efficiency of
our model. These are precision, recall, f1-score, Cohen Kappa score, Matthew’s
correlation coefficient (MCC), and Jaccard score. Precision is the ratio between
True Selection and all the selected instances. Recall can be stated as the ability
of the model to find all the relevant cases in the dataset. The score ranges
from 0 to 1 and is computed from the harmonic mean of precision and recall.
These three have been defined in equation 13,14 and 15 [19].

Precision =
TS

(TS + FS)
(13)
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Table 3: Presentation of the data set. Total number of healthy and unhealthy
grape leaf was 5332.

Disease
name

Image samples for each class
Sample
size

Sample
size for
training

Sample
size for
testing

Isariopsis 1076 743 333

Black Rot 1180 970 210

Esca 1384 1149 235

Grape
Healthy

1692 1403 289

Recall =
TS

(TS + FR)
(14)

F1 Score =
2 ∗ (Precision ∗Recall)

(Precision+Recall)
(15)

where TS, FS and FR are the True Selection [19], False Selection [19] and
False Rejection [19] respectively.

Cohen Kappa [20], a statistical parameter is used to measure the inter-
rater as well as intra-rater reliability for qualitative data. It is denoted by κ
and is more robust compared to others. This is defined in equation 16.

κ =
p0 − pe
1− pe

(16)

where p0 represents the observed proportional agreement between actual
and predicted values. This can be generated from the confusion matrix by
taking the ratio between the sum of the diagonal and non-diagonal entries.
The expected agreement is represented by pe.

MCC [21] is one of the best performance measurement metrics that estab-
lishes the accuracy of a classifier. MCC for multi-class classification is defined
in equation 17 [22].

MCC =
p× n−

∑C

c bc × ac
√

(n2 −
∑C

c bc
2)× (n2 −

∑C

c ac
2)

(17)

where,
c represents the class from 1 to C.
n denotes the number of samples.
p denotes the number of correctly predicted samples.
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ac represents the number of times class c truly occurred.
bc represents the number of times class c was predicted.

Jaccard score [23] is also an important performance measurement metric.
In the case of multi-class classification, this score is computed for each class
using micro, macro, and weighted averages. The micro average computes this
score globally by taking into consideration the total TP, FN, and FP. In the
case of the macro average, the unweighted mean of the score has been used
after computing the Jaccard score separately for each class. For the weighted
average, it gives the weighted mean of the score. The weights are the number
of samples in each class.

4.3 Classification Models

To test the effectiveness of our model, we have taken some existing standard
classifiers. These are DT, GNB, KNN, SVM, RF, and ANN [18]. Existing stud-
ies [18] also used these classifiers. Accuracy obtained from all these classifiers
has been given in the result section. It can be seen that for all the classifiers
the accuracy is significant and close to each other. This happens because of
our accurate feature set.

4.4 K Fold Cross Validation

The result has been validated using K fold cross validation [24]. Here, the
value of K has been set as 5. The results obtained from different folds using
different classifiers have been given in table 5 and the mean score obtained
from different classifiers has been shown in Fig. 14.

5 Experimental Findings

In this section, the importance of our features has been justified using the
results obtained from the experimental study. The justification has been
explained from three perspectives. Firstly, the model has been compared
with the state-of-the-art models. Secondly, a comparison has also been made
between our feature set and other existing features. Thirdly, it has also been
shown that these features produce good results irrespective of the classifiers.
Before discussing all these points, we need to analyze the result that has been
obtained using our feature set. Using the features obtained from the ray trac-
ing method, the accuracy of the model reaches up to 72.78%. From the SOM
extracted features, the efficiency is 82.56%. Now, combining these two feature
sets the accuracy is increased and reaches up to 94.11%. Finally, the SVD
extracted features are added to this feature set which enhances the efficiency
up to 95.22%. A pictorial representation has been given in Fig 8.

Now, let us analyze the efficiency in terms of precision, recall, and f1-score
given in table 4. It has been seen from the table that all three values are 100%
in the case of Isariopsis. It signifies that all the affected leaves of this category
have been identified from others without any error. For Black Rot also, these
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Fig. 8: Efficiency obtained using different feature combinations from the pro-
posed features.

three values are greater than 96% approximately. For the other two categories,
these values are also good. This can also be verified from the confusion matrix
shown in Fig. 9. Both the FP and FN of Isariopsis are 0. FP and FN are also
low for Black Rot. It signifies that these two categories have been classified
properly compared to the others.

Table 4: Details of three performance measurement metrics Precision, Recall
and F1-Score in each category.

Disease name Image sample for each class Precision Recall
F1

score

Esca (Black Measles) 0.92 0.89 0.91

Black Rot 0.96 0.97 0.97

Isariopsis (Leaf Blight) 1.00 1.00 1.00

Healthy leaf 0.91 0.93 0.92
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Fig. 9: Confusion matrix of our model corresponds to the Black Measles, Black
Rot, Leaf Blight and Healthy leaf.

5.1 Comparison with other progressive models

Now we will establish the importance of the proposed feature set from the
first perspective i.e. comparison with state-of-the-art models. In Fig. 10, our
model has been compared with four progressive models. From the pictorial
representation of Fig.10, it has been seen that there are three models developed
by Lin et al., Hassan et al., and Ghosh et al. using CNN with efficiency 86.29%,
91.37%, and 91.96% respectively and one model developed by Jaisakthi et al.
got the efficiency 93%. The efficiency of our proposed model is 95.22% and it
outperforms among these four models.

5.2 Comparison with other feature set

To show the relevance of our feature set from the second perspective, let us
compare it with other features using different classifiers. The features that
have been taken for comparison are SURF, HOG, and LBP [25]. All these
three are feature descriptors with high dimensions. Using only SURF, the
accuracy is just 60.77% obtained from SVM. Similarly, using HOG and LBP
[25], the accuracy obtained from SVM are 75.67% and 86.16% respectively. A
line diagram of it has been shown in Fig. 11(a).

The proposed features have been compared with SURF, HOG, and LBP
using ANN. The accuracy obtained from these features is 61.65%, 70.86%, and
85.78% respectively while the accuracy of the proposed features is 94.65%.

Using KNN, the accuracy produced from these three features is 55.04%,
72.54%, and 83.11% respectively. But for the proposed features, the efficiency
becomes 92.03%.
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Fig. 10: A comparative study of our model with CNN-1 [7], CNN-2 [6], CNN-
3 [8], and GLCM+DWT+SVM [5]. All these studies used the same kind of
grape diseases from the Plant Village Dataset.

From RF, the efficiency achieved from the three feature descriptors is
53.82%, 70.59%, and 81.67% respectively. But using the proposed features, the
efficiency becomes 92.59%.

Using GNB and DT, the accuracy has been measured for these three fea-
tures and proposed features. For GNB, these three feature descriptors produce
52.87%, 69.74%, and 79.88% accuracy whereas for proposed features, it is
87.44%. Finally, from DT, the accuracy becomes 51.66%, 68.98%, and 78.09%
for the three feature descriptors. The proposed features produce 88.65% accu-
racy using DT. All these comparisons have been shown using a line diagram in
Fig. 11 (b), (c), (d), (e), and (f). It has been seen from these figures that the
proposed feature set outperforms all three feature descriptors for all the clas-
sifiers used. Not only that, the dimension of the proposed feature set is very
low compared to the others.

5.3 Comparison of different accuracy measurement

metrics using different classifiers

The third perspective to show the efficiency of the proposed feature set is the
usage of different classifiers. A graphical representation to show the overall
accuracy obtained from the different classifiers has been given in Fig. 13. It
has been seen that the highest accuracy has been achieved from SVM. In
this case, the overall accuracy is 95.22%. More than 92% overall accuracy has
been achieved using ANN, KNN, and RF. More than 87% accuracy has been
achieved using GNB and DT.

The graphical representation of other accuracy measurement metrics using
different classifiers has also been given in Fig. 12 (a), (b), (c), (d), (e), and (f).
Let us analyze the Cohen-Kappa value obtained from the different classifiers.
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(a) (b)

(c) (d)

(e) (f)

Fig. 11: A comparative study of the proposed features with SURF, HOG and
LBP using (a) SVM, (b) ANN, (c) KNN, (d) RF, (e) GNB, and (f) DT.

Generally, a Cohen Kappa value greater than 81% is considered to be an almost
perfect agreement between two raters. In our study, the Kappa value for ANN,
SVM, KNN, RF, GNB and DT are 92.8%, 93.55%, 89.22%, 90.06%, 83.09%
and 84.65% respectively which is given in Fig.12 (a), (b), (c), (d), (e), and (f).
So, the Cohen-Kappa value of our model is also good for different classifiers.

The Jaccard score is also good for our model. The three Jaccard scores
weighted, micro, and macro for the SVM classifier are 91.11%, 90.87%, and
90.56% respectively. For all the classifiers, these three values have been shown
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(a) (b)

(c) (d)

(e) (f)

Fig. 12: Values of different performance measurement metric i.e. MCC, Jac-
card Score(Macro), Jaccard Score (Micro), Jaccard Score (Weighted), Cohen
Kappa, and Overall accuracy using (a) SVM, (b) ANN, (c) KNN, (d) RF, (e)
GNB, and (f) DT.

in Fig.12 (a), (b), (c), (d), (e), and (f). MCC using ANN and SVM are 92.82%
and 93.56% respectively. For all other classifiers also, it gives good results.
All the values have been shown in Fig.12 (a), (b), (c), (d), (e), and (f). So,
for all classifiers, all the performance measurement metrics produce significant
accuracy, which shows the importance of the proposed feature set. This thing
establishes that our computed features are classifier-independent. That means
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Fig. 13: A comparative analysis of accuracy using the proposed feature
set obtained from ANN, SVM, KNN, RF, GNB, and DT. Highest accuracy
obtained is 95.22% using SVM.

the accuracy we have achieved that is not for the classifier but for our computed
features.

We have established the relevance of our feature set from all three perspec-
tives i.e. in comparison with other models, comparison with other stand-alone
features, and irrespective of the classifier. Not only that, good performance
using different parameters has also been achieved using a very small number
of features. It also eliminates the drawback of using feature descriptors i.e. the
curse of dimensionality.

Fig. 14: The mean score of 5 folds obtained from K fold cross validation for
different classifiers.
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Table 5: Values of cross validation scores obtained from different folds of K
fold cross validation for different classifiers. Here the value of K has been set
as 5.

Classifiers Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

SVM 95.23% 96.68% 94.71% 95.38% 97.59%
ANN 94.33% 95.47% 96.82% 95.56% 94.18%
KNN 92.16% 93.25% 91.08% 92.51% 93.27%
RF 93.71% 92.61% 92.19% 93.43% 92.64%
GNB 88.98% 87.47% 89.72% 90.33% 86.26%
DT 89.81% 87.91% 88.78% 86.69% 90.67%

5.4 K fold cross validation

To test the effectiveness of any MLmodel, it is of utmost importance to perform
data validation. K fold cross validation [24] technique has been used here
to prove the robustness of the proposed model. The outcome obtained from
different folds of the K fold cross-validation for different classifiers has been
given in table 5. The mean score obtained from 5 different folds for different
classifiers has been shown in Fig. 14.

5.5 Analysis of the proposed feature set using pair plot,

train-test accuracy curve, and train-test loss curve

Now, let us analyze the proposed feature set by drawing a pair plot of the
data. A pair plot has been generated on our feature set shown in Fig. 15. We
can visualize the clusters from this pair plot. At least two separate clusters
have been visualized from each pair. The formation of three clusters has also
been visualized in some pairs. As LBP is a good texture feature, we have also
generated a pair plot to visualize the relationship among these data. It is given
in Fig. 16. We can see that in each pair, the formation of at least two clusters
is not visible always. If we compare these two pair plots, it can be stated that
the formation of clusters is obviously better in our feature set rather than LBP.
Therefore we are getting better results using our features than LBP.

Fig. 17 depicts the curve of train-test accuracy with the number of epochs.
It has been seen that there is no problem of overfitting. A curve of train-test
loss with the number of epochs has also been shown in Fig. 18.

6 Conclusion

This study deals with an approach for building a classification model to rec-
ognize plant leaf diseases. Firstly, a bipartite graph-based clustering approach
to separate disease-affected and unaffected parts has been proposed. In the
feature extraction step, this study proposes two approaches to computing rel-
evant features. These are using SOM and the ray tracing method. The results
obtained using these approaches give better results compared to the state-of-
the-art models. In comparison with some stand-alone features, the proposed
feature set produces better results. Not only that, using different classifiers
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Fig. 15: Pair plot of the proposed features computed from the Plant Village
dataset on grape disease. Formation of the clusters from the computed data
points are visible better than LBP.
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Fig. 16: Pair plot of LBP features computed from the Plant Village dataset
on grape disease. But the formation of different clusters from the data points
are not visible properly.



26 Can Bipartite Graph Be Effective Tool for Clustering: A Self Organizing Map-based A

Fig. 17: The curve represents the train test accuracy. The train test accuracy
is increased simultaneously with number of epochs. There is no problem of
over fitting.

Fig. 18: The curve represents the train test loss. The train test loss is decreased
simultaneously with number of epochs.

also the suggested approach produces a consistent accuracy. All these results
have been analyzed in the result section. One of the biggest advantages of the
model is that by using a very small number of features, significant accuracy has
been achieved. All these things together establish the relevance of our model.
The future scope of improvement of our study is to increase the accuracy more
with some other set of features.
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