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Tomato cultivation is increasingly widespread, yet it faces significant challenges, particularly from plant diseases caused by fungi,
bacteria, and insects. Addressing these diseases is crucial for ensuring the quality and yield of tomato crops. To support specialists
in accurately identifying and managing these diseases, we propose an advanced automatic system for detecting and identifying
tomato leaf diseases using sophisticated image processing techniques. Therefore, we proposed an approach that employs robust
feature extraction methods, including the gray level co-occurrence matrix (GLCM) and scale-invariant feature transform (SIFT),
coupled with a support vector machine (SVM) for adequate classification. We curated an extensive dataset of 2700 tomato leaf
images, with a minimum of 300 images for each of the nine distinct disease classes. This comprehensive dataset facilitated the
training and testing of various machine learning and deep learning models. The experimental results highlight our proposed
approach’s exceptional accuracy and reliability, significantly improving the detection and classification of tomato leaf diseases. A
thorough comparative analysis with contemporary state-of-the-art techniques further validates the superiority of our system. Our
findings suggest that this framework can significantly benefit tomato cultivation by enabling timely and precise disease man-
agement. Future research can explore integrating advanced deep learning algorithms to enhance the system’s accuracy in this
multiclass classification challenge.

obvious variations were observed in the rapidly growing
period. The market benefits increased by +8% in 2008 as
compared to last year’s level. In 2014, the worldwide tomato
market achieved an extreme benefit of 200,014 million USD

1. Introduction

Agriculture plays a vital role in the lives of people all around
the globe. It is central to human life, impacting our food,

medicine, clothing, and employment opportunities. The
agricultural sector plays a crucial role in the economy of
every country as it serves as the primary source of food
production. Tomatoes hold a significant position among the
various crops, accounting for approximately 16% of the
market share [1]. Generally, the apparent increase in de-
mand and production of tomatoes is indicated by the
continuous flourishing of the international tomato market.
In the era of 2005-2007, the market value increased at the
+3.2% annual rate [2]. Over the examined period, some

throughout the examined duration [2]. In 2015, the income
of the international tomato market was up to 189,229 million
USD, diminishing by —5.4% against the income of the last
year [2]. The revenue of the total tomato market has become
unsuccessful in recuperating its initial peak from 2015 to the
end of the session under study. It happens because every
year, tomato crops suffer many diseases, which results in
a noticeable loss of yield [3]. The quality, yield, and quantity
of tomatoes decrease because of improper care and diseases.
Diseases affect crop yield and other crops in the vicinity [3].
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Loss of thousands of billion dollars is estimated yearly be-
cause of disease attacks on crops [4]. It is hard to detect and
control plant diseases at the right time to lessen crop loss and
increase production. In this context, tomato stems, leaves,
and fruit show disease symptoms, making them identifiable
externally instead of the DNA study. In response to these
challenges, our research introduces an innovative frame-
work for automatically identifying tomato leaf diseases using
visual symptoms appearing on leaves. Our approach le-
verages the power of image processing, with a focus on
extracting valuable features from plant leaf images. These
features, including gray-level co-occurrence matrix (GLCM)
and scale-invariant feature transform (SIFT) features, are
subsequently employed by a support vector machine (SVM)
for accurate disease classification. The proposed framework
promises to revolutionize how we manage tomato crops by
enabling swift and precise disease detection, ultimately
leading to enhanced crop productivity and quality. The
significance of our research is underscored by its potential to
address a pressing issue in agriculture while contributing to
the field of intelligent systems and image processing. The rest
of this paper is organized as follows. Section 2 briefly reviews
the literature on the subject. Section 3 presents the proposed
plant disease identification/classification framework. Section
4 reports the experimental results, and Section 5 concludes
the paper.

2. Related Work

The main characteristic of our projected technique is that it
is automatic, robust, and highly efficient for analyzing and
detection purposes. A few years back, several automatic
algorithms, such as simple and hybrid systems, had been
developed for this purpose. Optical coherence microscopy
(OCM) is a powerful method for analyzing constant and
site-specific diseases using robust pattern-matching tech-
niques [5]. The authors also validate its effectiveness for
nonrigid plant object searching. Furthermore, we introduce
a single-feature 2D xy-color histogram approach. This
feature is input for disease classification and quantification
in a support vector machine (SVM) classifier. The results
demonstrate that the proposed method can be implemented
in sugar beet fields for improved examination and quanti-
fication of foliar disease growth. In 2015, Santos et al. [6]
proposed a machine vision system for diagnosing empathy
in plants. The system focuses on analyzing visual signs of
plant diseases through colored images. The crops’ digital
images were first segmented and enhanced to emphasize the
unhealthy parts. Furthermore, a set of features was obtained
from each image. The extracted features were subsequently
used as input for the support vector machine (SVM) clas-
sifier. The evaluations were performed to determine the
optimal classification model. It was hypothesized that
a subset of more valuable features would exist within the
realm of images based on their known characteristics. To test
this assumption, multiple classification models were assessed
using cross-validation. The study suggests that texture-
related features could be useful in distinguishing targeted
images that do not conform to distinct color or pattern
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shapes. In addition, machine vision systems could suc-
cessfully discriminate objectives by providing suitable in-
formation. The classification [7] and automatic disease
detection of plant leaves using an algorithm for the image
segmentation technique were discussed in [8]. The survey on
various techniques of disease classification that can be
a source of disease detection of plant leaves is also covered.
Image segmentation is an important characteristic for
detecting diseases in plant leaves, completed with the use of
the genetic algorithm. In 2014, Roberto et al. [9] discussed
the multispectral imaging method that was applied to
grapevine leaves containing 25 leaves for validation samples
and 10 for calibration purposes. The images are captured
with five view angles changing from 0° up to 75° at the
camera’s perpendicular position to the leafs surface. The
sensitivity of detection was assessed by relating to images for
validation, and the algorithm was established on the
grouping of 2 spectral indexes. The algorithm was in-
dividually proficient based on the images for the calibration.
The complete results show that detection sensitivity usually
increases with the increase in the view angle, with the highest
value achieved for images attained at 60°. The algorithm’s
sensitivity offers dramatic improvement as follows: changes
from 9% and 0% up to 73% and 60% for tissues with early-
middle symptoms.

The various platforms for capturing hyperspectral im-
ages are discussed in [10]. The study also verifies that uti-
lizing SVM and classification algorithms yields improved
performance compared to other methods, such as linear and
quadratic discriminant analysis and linear SVM. In 2016,
Patil et al. [11] presented a content-based image retrieval
(CBIR) system for analyzing soybean disease leaves. This
system utilizes various features such as texture, color, and
leaf shape. To extract color features, the system employs the
HSV color histogram [12]. Shape features are typically
represented by matching key points using the scale-invariant
feature transform (SIFT) [13]. The Gabor filter and the local
binary pattern (LBP) are commonly used texture charac-
teristics. A novel texture characteristic named local gray
Gabor pattern (LGGP) is proposed to enhance the texture
analysis by combining LBP with Gabor. Three soybean leaf
diseases are used to assess the retrieval precision of each
feature. Additional elements such as color, shape, and
texture are integrated to enhance performance. The findings
show that combining LGGP, color histogram, and SIFT
improves retrieval precision. When dealing with soybean
leaves affected by a mosaic virus, Septoria brown spot, and
pod mottle disease, they achieve retrieval efficiencies of
approximately 96%, 68%, and 76%, respectively. Integrating
characteristics yields average retrieval efficiencies of 80% for
the top 5 retrievals and 72% for the top 5 retrievals. This
retrieval precision is reliant on the database and changes
depending on the size of the database and the image quality.

3. Proposed Framework

3.1. System Overview. The proposed framework for identi-
fying plant diseases utilizes plant leaf images as input. The
framework comprises three main processing phases:
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FIGURE 1: Proposed framework of the plant disease identification system.

classification, feature excision, and foreground segmenta-
tion. In the first stage, the input image is improved and
segmented using a multithreshold technique, and then
GLCM and local binary patterns histogram characteristics
are extracted. These characteristics represent specific leaf
images during the classification stage. The classification of
plant diseases is performed using the support vector ma-
chine (SVM) classifier. Figure 1 depicts the complete
framework of the proposed network for identifying plant
diseases.

3.2. Image Segmentation. Partitioning an image into similar
regions based on a connected group of pixels with similar
properties with a set of selected measures comprising
thresholding and region-growing known similarity-based
segmentation [10, 14]. In similarity-based segmentation,
thresholding is the most widely used powerful and simplest
technique. It is used for background extraction by

converting the original image into binary and masking it. In
automatic thresholding, the threshold value can be pixel
intensities, object size, and probability of occurrence. There
are various schemes of automatic thresholding, such as P-
tile, iterative, and adaptive thresholding [15]. Here, we are
using a technique based on P-tile thresholding that works by
setting minimum and maximum ranges of brightness values
to select the pixels as foreground within the range and rejects
all other pixels as background [16-18]. It is a global
thresholding technique based on a specific threshold value,
and output depends on a specific threshold value T. It works
on single and multiple threshold values denoted by
threshold T and threshold values Tjand T, respectively.
Segmentation through a single threshold value T is as
follows:

0, I,(xy)<T,
Lw(Lo 1) ={ (1)
1’ Iin(X,Y)ZT,
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where T stands for the color threshold value, I, (x, y) stands
for the original pixel value, and I, (I,,1,) stands for the
resultant pixel value. The input image is encoded into an
actual binary image by equation (1). If multiple threshold
values exist simultaneously, equation (1) can be transformed
into the following equation:

0, I,(x,y)<T,
Iout(IX’I}’) = 1’ Tl SIin('x’y)STZ’ (2)
0, I,(x,9)>T,,

where T is the lower threshold value, while T, represents
the upper threshold value because characterizing each pixel
in a color image necessitates using multiple variables, one for
each red, green, and blue channel. Multispectral thresh-
olding is a viable option for this. However, setting selection
criteria for such images is difficult. In this case, a logical
extension of the thresholding is to apply a brightness
threshold to each image individually, as described in [16, 19].
After converting each image to binary images individually,
combine as many of these binary images as possible using
the logical AND operator. Color thresholding is considered
the most basic and effective segmentation method. The result
of image segmentation is depicted in Figure 2

3.3. Feature Extraction

3.3.1. Gray Level Co-Occurrence Matrix (GLCM). The
GLCM calculates the special dependencies of gray levels in
an image [20, 21]. The number of gray levels in an image
directly correlates with the number of columns and rows in
the GLCM. The GLCM matrices can be generated in four
different orientations (0°,45°,90°, and 135°). Another matrix
is created by averaging the previous matrices. Assuming the
co-occurrence matrix is L(i,j) and the matrix size is
(N x N). Each element (i, j) denotes the pixel frequency at
a gray level where i is spatially related to the pixel with gray
level j. The GLCM signifies the correlation between the
reference pixel i and the neighboring pixel j in different
orientations [22, 23]. The pixel relationship is calculated
horizontally at a degree of (6"). Initially, all elements (i, j) in
the GLCM have a zero value. These element values are then
updated based on the occurrence of pixels appearing to-
gether. Using the GLCM, various texture features such as
energy, contrast, correlation, homogeneity, dissimilarity,
ASM, mean, and standard deviation are calculated as
follows:

Journal of Engineering

G-1 G G
CONTRAST = » n*4 3 > P, j) t.li—jl =n,
n=0 i=1 j=1

G G
ASM =Y 3 P(i, ),

i=1 j=1

Y Y 63 G 9P, j)

0,,0

Correlation (COR) =
y

(3)

where  x=3Y7iYPGj)y =37 Y PGjoe=37
(i-%)’Y7P(, j), and 0,0 = Y5 (i = y)* Y7 P (i, j).
G-1
Diss= Y P, li-jl,
i=0,7=0
G-1

Energy = Z Pzi,j,
i,j=0

G-1 P.. (4)

Homg= y —
,-,]-ZZO 1+(- ])2

Stdo; = \laiz,aj = ﬂoi,
G

Meany; = Z i(Pi,j)>Mj =

ij=1 ij=1

3.3.2. Local Binary Pattern. The local binary pattern was
proposed by the authors in [24] for texture classification.
Face recognition, object tracking, and image classification all
use LBP descriptor features [24, 25]. LBP is mathematically
represented as follows:

p-1
LBP,, = Y 2'x8,(I,-1.)
- (5)

1, x>0,
0, else,

S (x) :{

where I; and I, are neighborhood and center pixel values,
respectively, for p neighborhood and r radius.
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FIGURE 2: During our experiments, we used different samples of images. The sequence of images in each column represents the nine classes
of the tomato dataset. The first row shows the original images, the second row displays the preprocess samples, the third row provides
information about the segmented images, and the last row demonstrates the final results.

3.3.3. Local Binary Pattern Histogram. The local binary
pattern histogram (LBPH), proposed in 2006 [26], is the
extension of the local binary pattern (LBP) and is a well-
known, widely used algorithm for image recognition due to
its computational power and simplicity. As the functionality
of LBPH, the image is split into similar-sized regions, and the
LBP operator is applied to the region. The LBP operator
compares eight closest neighbor pixels from a single point.
The comparison replaces lower neighboring numbers from
the center to 0 and higher to 1, resulting in an 8-bit binary
number. That binary number translated into a single decimal
value ranging from 0 to 255, known as a pixel LBP value, is
shown in Figure 3.

The histogram is then produced by counting the in-
stances of each LBP value in a certain area. This procedure
results in a histogram with 256 bins for each region. The
equation below outlines the representation of this method:

H;= Y I{LBP(J (x,y)) =i}, i=0,...,255, 6)
Xy

where the conditional operator I returns 1 if the statement is
true or 0 if it is false, and H; is the bin of value 4, ] (x, y) and
(x, y) is the pixel of the image. After calculating the his-
tograms for each region, the histograms for each part are
combined to form a single histogram. The feature vector of
the image is considered as the final histogram, which has
(256 x m x m) bins.

3.3.4. Classification: Support Vector Machine (SVM). The
support vector machine (SVM) is a highly efficient, widely
used machine learning (ML) algorithm for classification and
regression problems. SVM resolves the classification prob-
lem by finding the best separating hyperplane among dif-
ferent classes. SVM seeks to maximize the boundary around
a hyperplane that splits a negative class from a positive one.

Given a training dataset with n samples (ay,b,),
(ay,b,),....., (a,b,), where ag; is a feature vector with m-
dimensional feature space. And the labels b; € 1, 1 belong to
any of the two classes C; and C,, which are separable.
Equations (7) and (8) demonstrate how the SVM process
employs an ideal hyperplane with the maximum boundary
to distinguish between two classes and solve the optimiza-
tion issue.

maximize i o — % i a; o< ;bb; - K(a,a]-), (7)
i ij=1

Subject — to: Z oc;b, 0<ox;<C, (8)
i=1

where «; is the assigned weight to the training sample a;. If
a; >0, a; is called a support vector. A regulation parameter C
is used to trade off the training accuracy and model com-
plexity to achieve superior generalization capability. Using
kernel function K, the similarity between two samples is
measured. Although many kernel functions are available, the
most popular ones are the liner, Gaussian, radial basis
function (RBF), and polynomials of a certain degree. Re-
gardless of the challenge, these kernels are typically applied
to continuous and discrete data.

3.3.5. Performance Evaluation Measures. Different evalua-
tion measures are used in our analysis, which include
precision (P,), recall (R,), accuracy (Acc), F-measure (F,,),
and confusion matrix (Cmat). These measures are defined
using specific terms such as false positive (FP), true positive
(TP), true negative (TN), and false negative (FN). P, de-
creases when false positives (FPs) increase. The R, measures
the correct prediction of positive cases by calculating the
proportion of true positives (TPs) to the total sample
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FIGURE 4: The scatter plot displays features from nine classes. It
shows the correlations between the different classes and their re- F (precision) x (recall) (11)
spective features. m= (precision) + (recall)
TaBLE 2: Classification results. TP+ TN (12)

Validation scheme SVM kernel Accuracy (%)
Linear 87.5
. Quadratic 92.3
10-Fold cross-validation Gaussian 383
Cubic 91.7
Linear 86.9
N Quadratic 91.6

— 0,

70 — 20% validation Gaussian 375
Cubic 90.1

The bold values represent the highest performance metrics.

«~ TP+ TN+ FP + FN

4. Analysis of Results

The experimental results in this study were obtained using
a computer system equipped with an Intel Corei7 @ 2.2 GHz
CPU and 16 GB of memory. In addition, we utilized Python
OpenCV software on the Windows XP 10 operating system.
The dataset used for this research was collected from online
resources (https://plantvillage.org/). This dataset comprises
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FiGgure 6: Confusion matrix of MobileNetV2.

2,700 images of tomato plant leaves, categorized into 9
classes, and the comprehensive information is given in Table
1. The classes are healthy, bacterial spots images, early blight
images, Spidermite, leaf mold, late blight, Septoria leaf spot,
target spot, and yellow leaf color virus. The proposed
framework used a variety of SVM kernels, including linear,
quadratic, Gaussian, and cubic kernels for feature classifi-
cation. We used 10-fold cross-validation and 80 —20%
training testing techniques to validate the classification
findings. Energy, contrast, dissimilarity, correlation, mean,
homogeneity, Minpix, standard deviation, Maxpix, co-
efficient of variance, and scale-invariant feature transform
(SIFT) comprise the combined feature vector of GLCM
texture features. Figure 4 shows scatter plots of the dataset,
while Table 2 presents the outcomes obtained by utilizing
various SVM kernels. The confusion matrix in Figure 5
provides a comprehensive overview of the accuracy of in-
dividual classes in the case of the SVM classifier with a cubic
kernel. This matrix allows us to assess the classifier’s per-
formance by displaying the number of correctly classified
instances for each class and any misclassifications. In our
specific tomato plant disease classification case, we
employed various machine learning and deep learning
models. Out of all the models, the SVM classifier achieved an
impressive accuracy of 92.3% as presented in Table 3. This
means that the model correctly identified the disease status
of tomato plants, showcasing its effectiveness in dis-
tinguishing between different disease classes. This high ac-
curacy rate indicates the potential of the SVM classifier with
a cubic kernel as a reliable tool for automated tomato plant
disease identification and management.

4.1. Confusion Metric. To evaluate the performance of the
proposed method, a confusion matrix was used to analyze
the results of the testing phase, as shown in Figure 5. The x-
axis represents the predicted label, while the y-axis repre-
sents the actual label. In this study, the author compared the
true label of the tomato leaf dataset with the predicted label.
The yellow curl leaf and healthy classes achieved an accuracy
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of 93%. The target leaf, Septoria leaf, and early blight classes
also performed well, with an accuracy of 95%. Notably, the
Spidermit leaf class stood out among all classes with an
outstanding accuracy of 96% during the testing phase.
However, the late blight and bacterial spot classes had
a slightly lower accuracy of 86%, indicating that the pro-
posed method had some difficulty in correctly classifying
these classes, while leaf mold obtained an accuracy of 88%.
These results demonstrate the overall effectiveness of the
proposed method in accurately classifying the different
classes of the tomato leaf dataset during the testing phase.
Similarly, we also trained and tested the same dataset on
several deep learning models, including ViT, ResNet, VGG,
and DenseNet121. However, MobileNetV2 emerged as the
top performer, surpassing the other models in terms of
accuracy and prediction performance. The confusion matrix
of MobileNetV2, displayed in Figure 6, provides a visual
representation of the model’s predictions. It showcases the
distribution of true-positive, true-negative, false-positive,
and false-negative values, allowing us to analyze the model’s
effectiveness in classifying the dataset. During the testing
phase, both the yellow curl leaf and healthy classes achieved
an accuracy of 91%. The target leaf class had the highest
accuracy at 95%, indicating that the model is exceptionally
proficient at identifying this class. The Spidermit leaf class
achieved an accuracy of 90%, while the leaf mold class had an
accuracy of 88%. The late blight class achieved 85% accuracy,
which is still quite good considering the complexity of this
class. The early blight and bacterial spot classes achieved
accuracies of 93% and 86%, respectively, showcasing the
model’s ability to accurately classify these classes as well.
Overall, the confusion matrix and the individual class ac-
curacies demonstrate that the proposed approach performs
exceptionally well in classifying the tomato leaf dataset.

5. Conclusions

The detection and classification of tomato crop diseases are
crucial for farmers to effectively manage and control the
health of their plants. This task can be made more accurate
and time-efficient by employing efficient techniques, such as
image processing. Image processing involves analyzing
digital images of tomato plants to identify disease symptoms
or patterns, such as leaf discoloration, spots, or deformities.
This technology enables farmers to detect and classify dis-
eases quickly, allowing for timely intervention and targeted
treatment. By leveraging image processing techniques,
farmers can enhance the effectiveness of their disease
management strategies, minimize crop losses, and ensure
the overall health and productivity of their tomato crops. In
this study, we utilized images of plant leaves exhibiting visual
symptoms of specific diseases. To classify the various defects
in the image dataset, we employed an SVM-based approach
with GLCM and SIFT features. By incorporating both GLCM
and SIFT features, we can leverage their complementary
strengths to enhance the accuracy and robustness of the
classification model. Our proposed framework extracts
valuable features from the image and effectively classifies
different disease types. In our experiments, we achieved an
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impressive accuracy of 92.3%. Currently, our system focuses
on texture features, but in future work, we plan to expand it
by incorporating shape- and color-based features in addition
to texture features. This will further enhance the perfor-
mance of our classification model.

Data Availability

In all of the experiments, the NVIDIA GPU GTX-1070 was
employed. This model was created on a GPU with 64 GB of
memory and an Intel i9 9900k processor. The development
process was completed using PyTorch. The dataset used for
this research was collected from online open resources
(https://plantvillage.org/). Code availability: The custom
codes used to produce the results presented in this paper are
available from the corresponding authors upon reasonable
request.
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