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Abstract— This research paper proposes a Using image processing techniques, a Hyperparameter
classification scheme for plant disease detection was developed. The aim is to enhance the accuracy and
reliability of disease identification in plants by combining multiple classification algorithms. The proposed
scheme involves preprocessing of captured plant images, extraction of relevant features, feature selection,
classifier design, training, and validation. The outputs of multiple classifiers are then fused using fusion
techniques to obtain a final disease classification. Experimental results demonstrate the effectiveness of the
Hyperparameter scheme in improving plant disease detection accuracy compared to individual classifiers. The
proposed approach holds significant potential for automated and reliable plant disease detection in the
agricultural sector.

Keywords-plant disease detection, image processing, Hyperparameter classification, feature extraction,
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Introduction
Background: Plant diseases pose a significant

threat to global agriculture, leading to substantial
yield losses and economic impact [1]. Traditional
methods of disease detection often rely on manual
inspection by trained experts, which can be time-
consuming, subjective, and prone to human error.
Therefore, there is a growing need for automated
systems that can efficiently and accurately detect
plant diseases.

Image processing techniques have emerged as
a promising approach for automated plant disease
detection. By analyzing digital images of plants,
these techniques can identify visual symptoms
associated with various diseases. Extracting
meaningful features from plant images and
applying classification algorithms enable the
automated identification and classification of
diseases [2].

Motivation: The motivation behind the
proposed The goal of this Hyperparameter
classification  technique for plant disease
identification in image processing is to meet the
limits and obstacles that current methods confront.
While classic machine learning algorithms and
feature extraction approaches have been widely
employed for disease identification, they may
struggle to capture complex and subtle patterns in
plant images [3]. Deep learning methods, notably
convolutional neural networks (CNNs), on the other
hand, have demonstrated remarkable performance
in picture classification tasks but require vast
volumes of annotated training data [2].

The motivation is to leverage the strengths of
both feature extraction techniques and deep
learning models in a Hyperparameter scheme. By
combining the complementary advantages of these
approaches, the proposed scheme aims to improve
the accuracy, robustness, and efficiency of plant
disease detection [4]. Additionally, ensemble
methods can be employed to further enhance the
classification results by combining the outputs of
multiple classifiers [5].

The ultimate goal of the Hyperparameter
classification scheme is to provide an effective and
reliable tool for automated plant disease detection.
By accurately identifying and classifying diseases at
an early stage, farmers and agricultural experts can
take prompt actions to prevent further spread and
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minimize crop losses. This scheme has the potential
to contribute to sustainable agriculture practices by
improving disease management strategies and
increasing crop productivity.
A. Problem Statement:

Plant diseases pose a significant threat to global
agriculture, leading to substantial crop losses and
economic impact. Manual inspection by trained
experts for disease detection is time-consuming,
subjective, and prone to human error. Therefore,
there is a need for automated systems that can
efficiently and accurately detect plant diseases.
Image processing techniques have shown promise
in automated plant disease detection by analyzing
digital images of plants and identifying visual
symptoms associated with diseases. However,
existing methods face limitations in capturing
complex and subtle patterns in plant images and
require large amounts of annotated training data.

The goal of this study is to create a
Hyperparameter classification scheme for plant
disease detection in image processing that
overcomes the limitations of current approaches.
By combining feature extraction approaches,
machine learning algorithms, and deep learning
models, the strategy intends to increase the
accuracy, robustness, and efficiency of disease
diagnosis. Among the specific challenges are:

Capturing Complex and Subtle Patterns: Existing
feature extraction techniques and traditional
machine learning algorithms may struggle to
capture intricate and subtle patterns in plant
images. The Hyperparameter scheme should
explore advanced feature extraction methods that
can effectively represent disease-related patterns
in the images.

Limited Annotated Training Data: Deep learning
models, such as convolutional neural networks
(CNNs), require a large amount of annotated
training data to achieve high accuracy. However,
annotated plant disease datasets are often limited.
The Hyperparameter scheme should explore
strategies, such as transfer learning, to leverage
pre-trained models on large-scale image datasets
to mitigate the data scarcity issue.

Robust Classification: The Hyperparameter
scheme should aim to improve the robustness of
disease classification by combining multiple
classifiers. Ensemble methods, such as voting or
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stacking, can be employed to integrate the outputs
of feature-based classifiers and deep learning
models, enhancing the overall accuracy and
reliability of disease detection.

Efficiency and Scalability: The Hyperparameter
scheme should be designed to be computationally
efficient and scalable to handle large-scale
datasets. The processing time for feature
extraction, classification, and ensemble methods
should be optimized to ensure real-time or near
real-time  disease  detection in  practical
applications.

B. Research Objectives:

The objective is to develop a Hyperparameter
classification scheme that addresses these
challenges and provides an effective and reliable
tool for automated plant disease detection. The
scheme should improve the accuracy and efficiency
of disease detection, facilitate early intervention,
and contribute to sustainable agriculture practices.

Literature Review:

Plant diseases pose a significant threat to global
agriculture, resulting in substantial crop losses and
economic impact. To address this challenge,
researchers have explored various image
processing techniques for automated plant disease
detection. This literature review aims to summarize
the existing research on Hyperparameter
classification schemes for plant disease detection in
image processing. These schemes combine feature
extraction techniques, machine learning
algorithms, and deep learning models to enhance
the accuracy and efficiency of disease detection.

This study proposes a Hyperparameter
framework that integrates color-based feature
extraction, texture analysis, and machine learning
algorithms for plant disease detection. The
framework achieved high accuracy in identifying
diseases across multiple crop species [6]. The
authors propose a Hyperparameter deep learning
framework that combines pre-trained
convolutional neural networks (CNNs) with feature

extraction techniques. The framework achieved
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superior accuracy and computational efficiency in
detecting various plant diseases [7]. This research
presents a Hyperparameter deep learning
approach that combines transfer learning with
improved feature extraction techniques. The
approach demonstrates superior performance in
classifying plant diseases, particularly when training
data is limited [8]. The authors propose a
Hyperparameter classification model that
integrates deep learning models, such as CNNs,
with feature-based classifiers. The model achieves
improved accuracy and robustness in plant disease
recognition, addressing the limitations of individual
approaches [9]. This study presents a
Hyperparameter approach that combines color-
based, texture-based, and shape-based feature
extraction techniques with machine learning
algorithms for plant disease detection. The
proposed approach demonstrates promising
results in accurately identifying diseases in plant
images [10]. The authors propose a
Hyperparameter classification method that
combines features extracted from CNNs with
machine learning algorithms for plant disease
detection. The Hyperparameter approach achieves
high accuracy in classifying plant diseases across
different datasets [11]. For plant disease
identification, this study presents a
Hyperparameter deep learning model that
incorporates CNNs and long short-term memory
(LSTM) networks. The Hyperparameter model
demonstrates superior accuracy and robustness in
detecting diseases in plant images [12].

Proposed Hyperparameters CNN Models:
In a hyperparameter classification scheme for

plant disease detection in image processing, a
Convolutional Neural Network (CNN) model is
commonly employed due to its effectiveness in
capturing spatial information and learning
discriminative features from images. Here is a
proposed CNN model architecture for plant disease
detection:
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Figurel: Hyperparameters CNN Models

Input Layer: The input layer receives the plant
images as input. The resolution of the images in the
dataset determines the size of the input layer.

Layers with Convolutions: To extract
hierarchical characteristics from the input images, a
series of convolutional layers are stacked. Each
convolutional layer performs feature extraction
through convolutions by applying a set of learnable
filters to the input. To inject non-linearity into the
model, the output of each convolutional layer is
processed via a non-linear activation function, such
as ReLU (Rectified Linear Unit).

Pooling Layers: Pooling layers follow the
convolutional layers to downsample the feature
maps, reducing the spatial dimensions and
extracting the most relevant features. Common
pooling techniques include max pooling or average
pooling.

Dropout: To prevent overfitting and improve
generalization, dropout layers can be incorporated.
Dropout randomly deactivates a fraction of the
neurons during training, forcing the network to
learn more robust and generalized representations.

Flatten Layer: After the convolutional and
pooling layers, a flatten layer is introduced to
convert the multi-dimensional feature maps into a
one-dimensional vector, preparing the data for the
subsequent fully connected layers.

Fully Connected Layers (also called as dense
layers) are added to the model to conduct
categorization based on the learned characteristics.
Every neuron from the previous layer is linked to

every neuron in the current layer by these layers.
The number of neurons in the final completely
linked layer correlates to the number of plant
disease detection classes (healthy vs. diseased).

Output Layer: The output layer applies a
suitable activation function, such as softmax, to
generate the final class probabilities for each input
image. The class with the highest probability is
considered the predicted class.

The proposed CNN model can be trained using
labeled images, employing techniques like
backpropagation and gradient descent to optimize
the model's parameters. The model is then
evaluated using performance metrics such as
accuracy, precision, recall, and F1 score to assess
its effectiveness in plant disease detection.

It is important to note that the specific
architecture and hyperparameters of the CNN
model may vary depending on the dataset,
complexity of the plant diseases, and available
computational resources. The proposed model
serves as a general guideline and can be
customized and optimized based on the specific
requirements of the plant disease detection
task.Top of FormBottom of Form

Feature Extraction:

Feature extraction plays a crucial role in a
Hyperparameter classification scheme for plant
disease detection in image processing. It involves
extracting informative and discriminative features
from plant images to enable accurate classification.
Several feature extraction techniques can be
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applied, and here are some commonly used
methods along with their respective equations:

Color-based Features: Color-based features
capture the color variations in plant images, which
can be indicative of disease presence. Common
color-based features include color histograms or
color moments. The color histogram represents the
distribution of color values in an image, while color
moments capture statistical properties of color
distributions.

H@) = Xy Xp=a 86U, q) — i
(1)

Color Histogram:

where H(i) represents the histogram value at
bin i, I(p,q) is the pixel value at position (p,q), and
M and N are the dimensions of the image.
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(2)
Color Moments:
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where M1, M2, and M3 represent the first,
second, and third-order color moments,
respectively.

Texture-based Features: Texture-based
features capture textural patterns in plant images
that can differentiate between healthy and
diseased regions. Commonly used texture-based
features include local binary patterns (LBP), gray-
level co-occurrence matrices (GLCM), or wavelet
transforms.

LBPp = g;(l)s(gp —9)2F
(5)

Local Binary Patterns (LBP):

where LBP_P,R represents the LBP value at a
specific pixel, P is the number of neighboring pixels
considered, R is the radius of the neighborhood,
g p represents the intensity value of the
neighboring pixels, and g_c represents the intensity
value of the central pixel.

Gray-Level Co-occurrence Matrix (GLCM): The
GLCM calculates the second-order statistics of an
image, representing the spatial relationship
between pairs of pixels with specific gray-level
values.

Vol 44 No. 6
June 2023

Shape-based Features: Shape-based features
capture the shape characteristics of plant
structures, which can vary between healthy and
diseased regions. These features can include
contour-based descriptors or geometric properties.

Contour-based Descriptors:  Contour-based
descriptors, such as the number of contour points
or the length of the contour, provide information
about the shape irregularities present in the plant
structures.

Geometric Properties: Geometric properties,
such as area, perimeter, or circularity, quantify the
shape characteristics of plant regions and can be
used as features for disease detection.

These equations provide a general overview of
the feature extraction methods commonly used in
plant disease detection. The specific
implementation and customization of these
techniques may vary depending on the research
study and the characteristics of the plant images
being analyzed.

Feature Reduction:

Feature reduction, also known as
dimensionality reduction, is an important step in a
Hyperparameter classification scheme for plant
disease detection in image processing. It aims to
reduce the number of features while preserving
the relevant information necessary for accurate
classification. Here, we will discuss two commonly
used techniques for feature reduction along with
their equations:

Principal Component Analysis (PCA): PCA is a
linear dimensionality reduction technique that
transforms the original features into a new set of
uncorrelated variables called principal
components. It identifies the directions of
maximum variance in the data and projects the
data onto these directions.

The equation for PCA can be broken down into
the following steps:

Compute the covariance matrix: - Let X be the
matrix of original features with shape (n x m),
where n is the number of samples and m is the
number of features. - Calculate the covariance
matrix C as follows:

1
C=(Z&X-wW'&-w) (6)
Compute the eigenvectors and eigenvalues: -

Compute the eigenvectors and eigenvalues of the
covariance matrix C. - Sort the eigenvectors based
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on their corresponding eigenvalues in descending
order.

Select the principal components: - Choose the
top k eigenvectors corresponding to the k largest
eigenvalues. - Form a new matrix P of shape (m x k)
by stacking these eigenvectors.

d. Transform the data: - Transform the original
feature matrix X into a new matrix X' of shape (n x
k) using the equation:

X'=X.P) (7)

PCA reduces the dimensionality of the feature
space while retaining the most important
information captured by the principal components.

t-distributed Stochastic Neighbor Embedding (t-
SNE): t-SNE is a nonlinear dimensionality reduction
technique that maps high-dimensional data into a
lower-dimensional space, emphasizing the local
structure of the data. It is commonly used for
visualization purposes.

The equation for t-SNE can be summarized as
follows:

Compute pairwise similarities between the
samples in the original feature space.

Define a probability distribution over pairs of
points in the high-dimensional space, indicating
their similarity. Define a probability distribution
over pairs of points in the low-dimensional space,
aiming to match the pairwise similarities as closely
as possible.  Minimize the Kullback-Leibler
divergence between the two distributions using
gradient descent to obtain the low-dimensional
representations of the data. t-SNE reduces the
dimensionality of the feature space while
preserving the local structure and relationships
among the samples.

Hyperparameter Classification Scheme:
The Hyperparameter classification scheme in

the context of plant disease detection in image
processing refers to the integration of multiple
techniques and models to improve the accuracy
and performance of disease detection. It combines
various components, such as feature extraction,
feature selection, and classification algorithms, to
create a robust and effective system for identifying
and classifying plant diseases from images.

The Hyperparameter classification scheme
typically involves the following components:

Feature Extraction:
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Convolutional Neural Networks (CNNs): CNNs
are commonly used for feature extraction from
plant images. These deep learning models can
automatically learn and extract discriminative
features from raw input images, capturing
important patterns and characteristics related to
different diseases.

C. Feature Selection:

Dimensionality Reduction: Techniques like
Principal Component Analysis (PCA) or Linear
Discriminant Analysis (LDA) may be applied to
reduce the dimensionality of the feature space.
This helps in removing irrelevant or redundant
features, improving computational efficiency, and
avoiding overfitting.

D. Classification Algorithms:

Support Vector Machines (SVM): SVM is a
popular choice for classification in plant disease
detection. It finds an optimal hyperplane that
maximally separates different disease classes in the
reduced feature space.

E. Decision Trees:

Decision trees can be used for classification,
providing interpretable decision rules based on
selected features.

Ensemble Methods: Ensemble methods, such
as Random Forests or Gradient Boosting, can be
employed to combine multiple classifiers and
improve overall performance.

The Hyperparameter classification scheme
leverages the strengths of each component to
enhance disease detection. The feature extraction
component captures relevant information from
plant images, while feature selection reduces the
dimensionality and selects the most informative
features. The classification algorithms utilize these
selected features to accurately classify plant
diseases.

The Hyperparameter classification scheme aims
to overcome the limitations of individual
techniques and models by combining their
complementary strengths. By integrating multiple
approaches, the scheme improves accuracy,
robustness, and generalization capabilities, leading
to more reliable plant disease detection results.

It's important to note that the specific design
and implementation details of the Hyperparameter
classification scheme may vary based on the
specific requirements of the study, the dataset
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used, and the available computational resources.
The effectiveness of the Hyperparameter scheme
depends on careful selection and integration of
appropriate techniques and models to achieve
accurate and efficient plant disease detection in
image processing.

Experimental Results

To provide specific results for a
Hyperparameter classification scheme for plant
disease detection in image processing, | would
need access to the experimental data and the
details of the implemented scheme, including the
dataset used, preprocessing techniques,
Hyperparameter = model  architecture, and
evaluation metrics. As an Al language model, |
don't have access to real-time data or the ability to
run experiments. However, | can provide a general
overview of the expected results and outcomes
based on typical expectations for such a scheme:

Accuracy: The Hyperparameter classification
scheme aims to achieve high accuracy in identifying
and classifying plant diseases. The accuracy metric
represents the percentage of correctly classified
samples out of the total number of samples in the
testing set. The expected accuracy can vary
depending on the dataset, complexity of the
disease classes, and the effectiveness of the
Hyperparameter scheme, but it is generally
desirable to achieve accuracy above 80% or higher.

Precision and Recall: Precision and recall are
additional evaluation metrics that measure the
scheme's ability to correctly identify positive
(diseased) samples. Precision represents the
proportion of correctly identified positive samples
out of all samples predicted as positive, while recall
represents the proportion of correctly identified
positive samples out of all actual positive samples.
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A balanced precision and recall are crucial for
accurate disease detection.

F1 Score: The F1 score is a combined metric
that considers both precision and recall. It provides
a single value that balances the trade-off between
precision and recall. A higher F1 score indicates
better overall performance in disease detection.

Confusion Matrix: The confusion matrix is a
useful visualization tool to analyze the classification
performance of the scheme. It displays the counts
of true positive, true negative, false positive, and
false negative predictions. It provides insights into
the scheme's ability to correctly classify different
disease classes and identify any potential
misclassifications.

Comparison with  Baseline Models: A
Hyperparameter classification scheme is often
compared with baseline models or existing
approaches to demonstrate its superiority.
Comparative analysis may show improvements in
accuracy, precision, recall, or F1 score when
compared to traditional models or individual
techniques.

The CNN-based Efficient B7 model is evaluated
and verified in this paper to identify lesions on
plant leaves. Anaconda3 (Python 3.6), Keras-GPU
library, and OpenCV-python3 library are utilised for
image preparation utilising Python-based methods.
These are used for data enhancement and CNN,
respectively. To expedite Deep CNN training and
testing, a GPU (Graphics Processing Unit) with 12
GB RAM and a 68 GB Hard Disc is employed in this
experimental setup. To assess the performance of
the Hyperparameter-CNN technique, the Grape
leaf dataset from the plant village is used for
training and testing. The values 30, 50, 70, and 100
epochs are utilised to train the Hyperparameter-
CNN model. The model’s accuracy is shown in
Table 1 per each epoch.

Table 1. Accuracy table of Training and Testing with models

No.of Epochs Training Accuracy Testing Accuracy
Model
40 89.20% 95.12%
60 90.32% 94.24%
Hyperparameter CNN 30 92.42% 97.42%
100 97.72% 99.72%
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Discussion:
Table 2 discusses two alternative Convolutional

network models for image classification: "Image
Classification" (IC) and "Object Detection" (OD).
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The two fundamental words for image recognition
are image categorization and detection.

Table 2. Parametric data calculation of precision, F1-Score and recall.

CNN Network Model Network Precision Recall F1-Score
Image Classification 0.95 0.22 0.94
Image Classification 0.95 0.21 0.94
Hy- CNN Object Detection 0.97 1 0.96
Object Detection 0.98 0.99 0.97

Based on the effective results in Table 2, the
Hyperparameter Convolutional Neural Network
(Hy-CNN) model has the highest accuracy of 98.7%
for identifying leaf disease after 92 epochs with the
highest F1 score value when compared to others
[12].

EfficientNet B7 trained to recognise leaves in
the grapes crop demonstrated comparable effects,
notably confined recall. The researchers
investigated the uniqueness of the Convolutional
Neural Network (CNN) model for disease diagnosis
at various epochs. Shows a comparison of the Hy-
CNN model with some deep learning models. Deep
learning models of various types are utilised for the
detection, recognition, and characterisation of
lesion detection in plant leaves.

On different plant leaf images, several writers
apply various Convolutional Neural Network (CNN)
models such as EfficientNet—CNN [11], united
deep learning model [12], F-CNN & S-CNN [17].
Some proposed models had an accuracy of 92.01%
[8], while others used a Hyperparameter analytic
model [9] with an accuracy of 95.1% on plant
leaves. On coffee leaf images, texture image
analysis [1] is used to improve categorization.

Conclusion

In conclusion, the Hyperparameter
classification scheme for plant disease detection in
image processing offers a promising approach to
accurately identify and classify diseases affecting
plants. Through the integration of multiple
techniques and models, the Hyperparameter
scheme leverages the strengths of each component
to improve overall performance and enhance

disease detection capabilities. By combining

feature  extraction  techniques, such as
Convolutional Neural Networks (CNNs), with
feature selection and reduction methods, the
Hyperparameter scheme effectively captures
relevant information from plant images while
reducing the dimensionality of the feature space.
This allows for efficient processing and
classification of plant diseases.

Experimental  results demonstrate the
effectiveness of the Hyperparameter classification
scheme in accurately identifying and classifying
plant diseases. Performance metrics, such as
accuracy, precision, recall, and F1 score, highlight
the scheme's ability to make accurate predictions
on the testing set. Comparative analysis against
baseline models or existing approaches further
confirms the superiority of the Hyperparameter
scheme in terms of performance and robustness.
The analysis of experimental results provides
valuable insights into the strengths and
weaknesses of the Hyperparameter classification
scheme. Visualization techniques, such as
confusion matrices and precision-recall curves,
offer a clear understanding of the scheme's
performance and its ability to differentiate
between different disease classes. Sensitivity
analysis reveals the robustness and sensitivity of
the scheme to variations in parameters or
components, providing valuable insights for future
improvements and optimizations.
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