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Background: The fusarium wilt disease of chickpea leaves is a common illness that leads to economic problems for farmers due
decreased crop yield. Early disease detection and the implementation of suitable precautions can help to increase the yield of
chickpeas. This study offers an improved method for Fusarium wilt disease prediction based on severity level using a convolutional

neural learning algorithm.

Methods: The Convolutional Neural Network (CNN) model is utilized in this work to identify leaf disease due to wilting. The dataset
contains 4,339 images of chickpea leaves that were obtained from Kaggle. After preprocessing, the data is sent into the network
model for training. The model shows acceptable classification and accuracy metrics.

Result: Deep learning methods are very useful tools for tracking leaf diseases at their early stages and can help farmers with the use
of controlling methods. The proposed work looks for changes in the shape and color of chickpea leaves in order to predict severe
fusarium disease. Training and validation accuracies show a balanced trade-off by giving satisfactory outcomes. The model shows
an overall accuracy of 74.79%. The confusion matrix and classification parameters increase the model’s performance.

Key words: Augmentation, Classification matrices, Fusarium wilting, Predicting score, Segmentation.

INTRODUCTION

The agriculture industry represents a major and novel context
for researchers and experts in the field of computer vision.
Producing a large variety of valuable and significant crops
and plants is the main objective of agriculture. Plant diseases
must be managed at their early stage in farming since they
reduce the quality and quantity of production (Maddikunta
et al., 2021). Studies on diseases of different fruits and crops
have been the attention of agricultural experts lately. Many
strategies for identifying and categorizing fruit and
agricultural diseases were developed by the researchers
(Hang et al., 2019; Basha et al., 2020). The most common
method for diagnosing diseases is by human inspections;
nevertheless, there are many drawbacks to this approach,
such as costs, time, availability and labor-intensiveness. The
surfaces of leaves and fruits are where many bacterial and
fungal infections first show symptoms. Among the most
important food crops produced in the cold season in the
world, chickpeas (Cicer arietinum) are mostly cultivated in
drylands (Tadesse, 2017). The poor productivity can be
attributed to many biotic and abiotic stressors. The two biotic
stressors that have the most impact on chickpea output are
soil-borne and foliar diseases. Mycoplasmas, nematodes,
bacteria, viruses and fungus are among the pathogens that
harm chickpeas and cause significant economic losses
worldwide. Fungi impact chickpea roots, stems, leaves and
pods, making them the most significant of these (Tadesse,
2017).

Traditionally, farmers or other specialists would
manually check plants to detect plant diseases. The process
of diagnosing plant diseases by visual inspection of the
symptoms on plant leaves involves a very high level of
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complexity (Ferentinos, 2018). Mass sample work and
specialized laboratory equipment are needed for laboratory-
based techniques including fluorescence in-situ
hybridization (FISH), immunofluorescence (IF) and
polymerase chain reaction (PCR) (Fang and Ramasamy,
2015). The complicated nature of plant diseases, along with
the vast array of domesticated plants and their extant Phyto
pathological issues, renders manual disease detection
methods costly and time-consuming (Sharma et al., 2020).
On the other hand, the photos that are being analyzed were
captured with cameras that operate in the visible range of
the electromagnetic spectrum, which is in wavelength range
from 400 and 700 nm. In this approach, acquiring the input
data may be done without the need for expensive machinery
or skilled labor (Taheri-Garavand et al., 2021). Thus, data
may be obtained quickly, cheaply and conveniently (i.e., in
situ) by future users of the created
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protocol. In the meanwhile, deep learning (DL) methods
describe a family of machine learning (ML) algorithms that
are effective for data analysis and image processing. Since
they can automatically extract characteristics from the input
photos in order to diagnose diseases in plants. There are
several uses for deep learning in agriculture (Patil and
Pawar, 2017). Therefore, early iliness identification is crucial
for farmers as it aids in the prevention or control of disease
transmission. Using a range of image processing, deep
learning and machine learning approaches, several
researchers have developed models for the classification
and detection of diseases in plants. LeCun and Bengio
(1995) used Convolutional Neural Networks (CNNs) for
image classification with the advancement of computer
systems having Graphical Processing Unit (GPU)
embedded processors. The community of stacking
feedforward neural networks includes CNNs (LeCun and
Bengio, 1995).

In this work, an image detector for the classification of
chickpea leaf diseases based on a lightweight and precise
CNN is implemented on a low-cost, low-power core while
maintaining high performance in terms of inference time
and accuracy. The dataset is taken from the Kaggle
database. The model gained good accuracy after training
for 150 epochs. The model performance is evaluated by a
confusion matrix and classification report.

Review of literature

Many machine learning (ML) algorithms like deep learning
(DL) and image processing methods have been widely
utilized in the detection of disease in plants. The sequential
CNN model was used by (Militante et al., 2019) to identify
the healthy sugarcane leaf class and six types of
sugarcane leaf illness. To train their model, the researcher
utilized a dataset consisting of 13,842 photos of sugarcane.
The illness manifests itself in other sections of the plant,
hence the authors’ consideration of the sugarcane and
potato leaves alone was insufficient. A DL technique was
developed (Amara et al., 2017) to automate the classification
of two common banana diseases: banana speckles and
Sigatoka bananas. They made use of an actual dataset of
banana disease cases that was gathered via the Plant
Village initiative. They employed a pre-processing phase
whereby every image in the collection was grayscale and
downsized to a pixel size of 60x60. The authors employed
CNN’s LeNet architecture for feature extraction and the
fully linked layer of CNN handled the classification phase
thereafter. Apart from the healthy leaves, the model can
distinguish between two forms of leaf illnesses. However,
overfitting was a problem with the LeNet architecture. One
issue that DNNs frequently face because of their huge
number of parameters is that they have a propensity to
overfit the training set, which makes them incapable of
generalization (Alom et al., 2018). Other issues associated
with CNNs include the selection of an architecture tailored
to a particular task and the interpretability of the training
results (black box effect). LeCun et al. (2015) and

Goodfellow et al. (2016) are two references that provide
further information regarding CNNs. In their review work,
(Golhani et al., 2018) outlined the advantages and
disadvantages of using hyperspectral data for the
diagnosis of plant leaf diseases. Within a brief period, they
also introduced NN techniques for SDI development. They
found that tests of SDIs on a variety of hyperspectral sensors
at the plant leaf size are necessary as long as they are
relevant for appropriate crop protection. With an emphasis
on potato leaf disease, (Bangari et al., 2022) provided a
review of disease detection with CNN. After looking over
several studies, they concluded that convolutional neural
networks are more effective in identifying the illness. They
also found that CNN significantly improved the highest
degree of disease identification accuracy. Mukti and Biswas
(2019) presented a transfer learning model with ResNet50
as a basis for plant disease diagnosis. The dataset has
87.867 pictures. Twenty percent of the dataset was utilized
for validation and the remaining eighty percent was used
for training. Their best accuracy percentage was 99.80%.
Arya and Singh (2019) suggested that CNN is a capable
model that can accurately identify a wide range of plant
diseases. To diagnose illnesses in potato and mango
leaves, they presented an approach based on a pre-trained
model to evaluate several CNN architectures (e.g., AlexNet,
shallow CNN). With AlexNet, the method was deemed more
successful (up to 98.33%) than with a shallow CNN, which
achieved an accuracy of just 90.85%). Deep learning is
another term for the multi-layer CNN-based image
classification technique (Le, Bengio, Hinton, 2015; Li et al.,
2021; Li et al., 2021; Kim and AlZubi, 2024; Min et al., 2024;
Porwal et al., 2024; Wasik and Pattinson, 2024, Maltare,
2023). Because CNNs are effective at characterizing and
learning, they are mostly utilized for feature extraction and
the features that are extracted exhibit translation invariance.
The initial CNNs were LeNet-5 and the time delay network,
which were studied in the 1980s and 1990s. (LeCun and
Bengio, 1995).

MATERIALS AND METHODS
Dataset information

The study uses a Kaggle dataset that was carefully
selected to enable testing with images showing healthy
and sick chickpea plants. According to a study by Hayit
et al. (2023), the dataset categorizes the images into
different classes based on the severity levels: 1(HR)
indicates Highly Resistant (0%-10% plant wilt), 3(R)
indicates Resistant (11%-20% plant wilt), 5(MR) indicates
Tolerant/Moderately Resistant (21%-30% plant wilt), 7(S)
indicates Susceptible (31%-50% plant wilt) and 9(HS)
indicates Highly Susceptible (Over 51% plant wilt).

The variety of chickpea plant conditions in the dataset
is an invaluable tool for investigating and creating efficient
classification algorithms. This dataset, which is a
substantial collection of 4,339 leaf images, carefully
classifies each image based on the different degrees of
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fusarium wilt disease severity in chickpea plants. Of these,
959 images show strong resistance, while 1,177 images
show resistant conditions. Furthermore, 1,133 images
depict situations that are either somewhat resistant or
tolerant, 558 images depict susceptible conditions and
512 images depict extremely susceptible events. Models
intended to identify Fusarium Wilt Disease in chickpea
plants can be trained and evaluated using this rich and
varied dataset, which carefully captures a range of severity
levels. Fig 1 represents the severity of the diseases in
chickpea plants.

Convolution neural network (CNN) model process

In this work, a sequential CNN model is utilized for detecting
the fusarium wilt disease in chickpea leaves. Before the
training process, image preprocessing (resizing,
normalization and augmentation) of leaf images is needed
to increase the accuracy of the CNN algorithms.

Image preprocessing (Resizing, normalization and
augmentation)

Due to the many sources and conditions related to obtaining
images of infected chickpeas from various places, noise is
inherent in the dataset, which may affect the resolution of
the images and the identification outputs of the model. This
decreased by preprocessing each image before sending it
into the model's convolution and max pooling layers.
These procedures, which together try to reduce the
disruptive effect of noise, include image scaling,
normalization and noise filtering. Improving the model’s
prediction power is the main goal of these preprocessing
phases. All of the images in the collection were resized
to 256x256x32 pixels. Normalization is essential for effective
machine learning (ML) training because pixel values span
from 0 to 255. It is imperative to normalize pixel values to
be between 0 and 1 to avoid learning process slowdowns

brought on by big integer values included in the input image.
Noise filtering is a crucial process that deals with image
corruption caused by decoding errors or positive and
negative signals carried by noise channels. The selected
filtering method successfully reduces image noise.
Expanding the dataset through augmentation is essential
because it introduces small visual distortions that prevent
overfitting during training (Fig 2). This adjustment improves
testing performance and becomes essential during testing,
particularly when assessing the model’s performance on
rotated images.

In addition, the dataset is carefully separated into train
and test using an 80 and 20 ratio. Twenty percent of the
dataset is set to evaluate the model’s performance and the
remaining eighty per cent is used to train the proposed
algorithm. The validation dataset is used in the model’s
continuous evaluation during training, which is crucial for
optimizing performance by fine-tuning hyperparameters.

Feature learning and classification

Feature extraction was utilized to automatically extract
important features from the collected images using the
sequential CNN model. This allowed for the easy
classification of images into Fusarium wilt-related classes
(1(HR), 3(R), 5(MR), 7(S) and 9(HS)). Within the model’s
step-by-step structure, there are discrete feature extraction
layers. With 64 filters in its 3x3 filter, the first convolution
layer, conv2d, produces an output shape of (32, 256, 256,
64). An output shape of (32, 128, 128, 64) is obtained by
repeatedly 2x2 pool size of max pooling. The process of
extracting features and reducing spatial dimensions involves
the application of filters and max pooling operations over
successive convolutional layers. Lastly, completely
connected layers for categorization are reached
using Flatten, fully connected layers and softmax.

- =

Fig 1: Severity of fusarium wilt disease in chickpea plants.
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A representation of the CNN model’'s convolution and
max pooling layers is shown in Fig 3. Table 1 represents
hyperparameters used for model execution. The input for
the fully connected layers is the flattened output (32, 2048)
from earlier layers. There are 64 neurons in the dense
layer and there are 5 neurons in the dense (1) layer that
correspond to the classes. Rectified linear unit known as
ReLU is used to introduce nonlinear features, which is
selected for deep Convolutional neural network (CNN)
training because of its computational efficiency. The ReLU
activation function maintains the current value for non-
negative inputs and outputs zero for negative input values
to effectively train the model. The CNN model is trained on
categorized training images as part of the model training
procedure. The extracted features are then used in a
classification process.

In the suggested model, the SoftMax classifying layer
is introduced to identify the probability related to the
expected label of chickpea diseases, following the CNN
layers. When the total probability equals one, it generates
output values between 0 and 1, that represents the
estimated probability that the input image belongs to a

particular class. SoftMax has the following benefits: it is
suitable for accepting the output from the final fully
connected layer; it is rapid to train and predict; and it is
simple to define the output probability range. There is no
standard approach for determining appropriate
hyperparameters, therefore it takes a lot of trial and error to
find the best values for the model. The hyperparameter
values, which include learning rate, loss function, epochs,
batch size and algorithm optimization, are set before
training.

Filters sometimes referred to as kernels, are used in
convolution processes to systematically extract information
from overlapping regions of an input image or feature map.
Multiplying the filter elements by the matching input image
elements and then adding up the results are the
mathematical operations involved in this complex
procedure. The following formulation effectively conveys
the dynamics of a two-dimensional convolution operation
via the interaction of an input image (I) and a kernel (K):

m-1

Sin= Z

x=

n-1
(

i+Xj+y) K(va)

y=0
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Fig 2: Resized (256x256) and augmented image of chickpea plant.
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Fig 3: Feature learning and classification using sequential CNN model.
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In this case, the coordinates of the image (l) are
represented by i and j, whereas the coordinates of the kernel
(K) are indicated by x and y. To reduce the probability of
overfitting and improve computational efficiency, a max
pooling layer is a strategic addition to the model. A Fully
Connected layer is added to the model thereafter, which is
in responsible for classifying images according to patterns
identified in earlier layers. A Softmax function is used in this
layer to help classify the incoming data reliably and
understandably. The softmax function converts the numerical
values, x1, x2, x3...xn, of the neurons in the preceding layer
into probabilities, Q1, Q2, Q3...Qn.

x= Numerical.
j"= Neuron.
Q,= Denotes the probability of class k.

The Adam optimization approach is used to train a deep
learning model, reducing error rates and minimizing loss
function. It uses an adjustable learning rate, squared
gradient scaling and a moving average of the gradient for
parameter optimization. A learning rate of 0.0001 is used to
balance training efficacy and model performance, while the
loss function evaluates the model's effectiveness in
achieving its objectives.

Parameters of the evaluation matrix

Accuracy, precision and recall are three widely used
parameters that were used to evaluate the performance of
the proposed approach. For evaluating the accuracy, the
ratio of correctly identified data to the total number of inputs
determines accuracy and the error rate is expressed as the
percentage of incorrectly detected values. Accuracy is a
dependable variable that ensures accurate results in every
class, allowing a thorough evaluation. Another important
statistic is precision, which can be computed as the ratio of
true positives to the total of false positives and true positives.
Recall represents the ability of the model to locate relevant
events within a dataset. The F1-Score, ranging from 0 to 1,
serves as an equilibrium point between precision and recall

in performance evaluation. The simple mathematical
expressions for the Accuracy, precision, recall and F1 Score
are given as:

TN+ TP
TP+TN+FN +FP

_TP
TP + FP

Accuracy % =

Precision % =

TP

Recall % = ————
ecall % = 25 FN

2 x Recall x Precision

F1-score = Precision + Recall
The confusion matrix is represented by TP (True
Positive), FP (False Positive), FN (False Negative) and TN
(True Negative) values.

RESULTS AND DISCUSSION

By controlling the diseases that lead to losses of crop
yield, deep learning algorithms greatly enhance crop
productivity and quality through the detection of leaf
diseases in plants. To classify the diseases of chickpea
leaves, a fast and easy sequential CNN learning model
was presented in this study. After completing 150 epochs,
the model achieves a training loss of 0.5141 with an
accuracy of 78.57% (Fig 4). On the validation set, the loss
is 0.5856 and the accuracy is 76.44%. The relatively close
performance on both the training and validation sets

Table 1: Model summary of used hyperparameters.

Hyperparameter Description
Frequency of convolutional layers 6
Frequency of pooling layers 6
Batch size 32
Flatten layer 32, 2048
Method of activation ReLU
Number of epoch 150
Rate of learning 0.0001
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Fig 4: Loss and Accuracy with respect to epoch for training and validation data.
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suggests that the model is learning well from the training
data and generalizing reasonably to unseen data,
demonstrating a balanced trade-off between fitting the
training data and avoiding overfitting.

Furthermore, a precise evaluation was carried out for
each class to determine the efficacy and confidence level
of the trained model. Fig 5 provides an example of a set of
images where the disease was correctly detected by the
model and the corresponding labels for the disease match.
A confidence score that the model predicted is displayed
in the output (Fig 5).

A concise summary of the model’'s classification
performance for each class is given by the confusion
matrix, which also gives information on the distribution of
real and predicted instances. The matrix for the 1(HR)
class shows that 97 cases were correctly identified as 1
(HR), while 11 cases were incorrectly classified as 3 (R).
For this class, no cases were mistakenly categorized as
5 (MR), 7 (S), or 9 (HS). Regarding the 3(R) class, the
matrix indicates that 43 cases were correctly identified as
3 (R), but 71 cases were correctly classified but belonged
to the next class, 1 (HR).

In addition, one incident was incorrectly classed as 7
(S), while 16 other instances were incorrectly classified as
5 (MR). The model accurately predicted 111 cases for the
5 (MR) class; four instances were misclassified as 3 (R)
and four instances as 7(S). 38 cases in the 7(S) class
show accurate predictions; the remaining 13 cases are
misclassified as 5 (MR) and two cases are incorrectly
classified as 3 (R). Lastly, the 9(HS) class shows accurate
predictions for every instance, with no misclassifications.
In summary, the confusion matrix clarifies the model’s
advantages and disadvantages in categorizing examples
into various classes, offering insightful information for
analysis and future improvement.

Table 2 provides a comprehensive analysis of the
performance of the model utilizing the important metrics
such as accuracy, recall and F1-score across several class
labels (1 (HR), 3 (R), 5 (MR), 7 (S) and 9 (HS)). The model
has an accuracy of 0.6736 for Label 1(HR), which means
that roughly 67.36% of the cases that were correctly
predicted to be 1(HR) were detected. With a noteworthy
recall of 0.8981, approximately 89.81% of real instances of
1 (HR) were successfully detected.

The matching F1-score for this class is 0.7698, which
displays a recall and precision balance that is in balance.
For Label 3 (R), the model demonstrates a precision of
0.6636 together with a recall of 0.5420, yielding an F1-
score of 0.5966. The F1-score for Label 5 (MR) is 0.7872,
which is based on an acceptable precision of 0.7929 and
recall of 0.7817. Label 7 (S) contributes to an F1-score of
0.7600 with precision of 0.8444 and recall of 0.6909. Lastly,
Label 9 (HS) has an outstanding F1-score of 0.9545
because of its exceptional precision (0.9545) and recall
(0.9545). The model’s overall accuracy is 74.79%. Further
information about the model’s overall performance may
be obtained from the macro and weighted averages of
precision, recall and F1-score. The macro averages for

Table 2: Classification results for five classes of fusarium wilt
disease of chickpeas.

Label Precision Recall F1-score support
1 (HR) 0.6736 0.8981 0.7698 108
3 (R) 0.6636 0.5420 0.5966 131
5 (MR) 0.7929 0.7817 0.7872 142
7(S) 0.8444 0.6909 0.7600 55
9 (HS) 0.9545 0.9545 0.9545 44
Accuracy 0.7479 480
Macro avg 0.7858 0.7735 0.7737 480
Weighted avg 0.7515 0.7479 0.7435 480

Actual: 1 (HR

Predicted: 1(HR). Pred

Confidence: 94.01%

Actual: 7S},

Predicted: 7(S).
Confidence: 49.9%

Actual: 3(R),
icted: 3(R).
Confidence: 59 83%

Actual: 5(MR),
Predicted: S{MR).
Confidence: 72.53%
- T

Actual: 9(HS),
Predicted: 9(HS).
Confidence: 97 97%

Actual: 9(HS),
Predicted: 9(HS).
Confidence: 100.0%

Fig 5: Actual and predicted diseased level for all classes of fusarium wilt disease.
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Fig 6: Confusion matrix of fusarium wilt disease categorized into
five classes.

precision, recall and F1-score are 0.7858, 0.7735 and
0.7737, respectively. The weighted averages for all classes
are 0.7515 for precision, 0.7479 for recall and 0.7435 for
F1-score. Athorough summary of the model’s classification
accuracy for examples within each category is given by
each of these metrics. It is possible to enhance fusarium
wilt disease control strategies even more by integrating
slow-wilting cultivars into an integrated management plan.

LIMITATIONS AND FUTURE ASPECTS

This work could be expanded in the future to enable a
precise understanding of plant health by identifying and
isolating various diseases that are present on a single
leaf. The focus could be on improving the dataset of
images and improving methods for estimating the severity
of disease. To enable ongoing plant condition monitoring,
it may also be investigated to integrate an Internet of Things
(loT)-based real-time monitoring system. To increase
visibility and engagement, there is also the possibility of
creating a mobile application and a specialized website
for the sharing of data and insights. With a focus on plant
pathology and agricultural management, this
comprehensive approach aims to utilize technological
advances for deeper and more complex solutions.

CONCLUSION

The application of integrated disease management
techniques is necessary for the best control of Fusarium
wilt in chickpeas. A key component of this strategy is the
timely and accurate detection of the pathogen and its
different pathogenic races. In summary, the use of deep
learning algorithms significantly enhances the control of
Fusarium wilt in chickpeas by solving the complex issues
caused by biotic factors. The study presents an advanced
multi-level deep learning model for fast and accurate
detection of different diseases damaging chickpea leaves.
The model achieves a balanced trade-off between training

and validation accuracy, showing satisfactory results.
With basic metrics, a thorough examination of the
model’s ability to classify diseases using a confusion
matrix is included in the study. Precision, recall and F1-
score measures across several disease classes provide
more information about the model’s advantages and
limitations.
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