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ABSTRACT

Although potatoes aren't the most important crop in the world, they're nonetheless essential to the diets of
many people. However, crop quality and production are constantly threatened by leaf diseases, which result
in substantial financial losses. The wide variety of viruses that can infect potatoes makes it challenging to
diagnose infections using conventional methods. In this study, we provide PLDIDL, a novel deep learning-
based approach for disease diagnostics in potato leaves. Our technology offers researchers and farmers
the most efficient and precise automated method for detecting potato diseases by applying state-of-the-art
deep learning algorithms. Other diseases that can affect potato leaves are also included in this section.
These include early blight, late blight, blackleg, and others. They are polar opposites in every way,
including look and trajectory. Intricate patterns and characteristics can be extracted from leaf pictures
using convolutional neural networks (CNNs). The algorithm's accuracy percentage of 98.44% when
comparing healthy and diseased leaves is quite remarkable. The agricultural community has a lot of space
for the proposed paradigm to flourish; it will allow for sustainable potato cultivation that can resist
emerging plant diseases.

Keywords: Potato Leaf Diseases, Deep Learning, Convolutional Neural Networks (CNNs), Disease
Identification;

INTRODUCTION

Potatoes, a globally significant crop, are frequently afflicted by leaf diseases that diminish both yield and
quality. Effective management hinges on early detection and diagnosis (Sudi, 2022). Traditional methods
rely heavily on farmer expertise, leading to time-consuming processes. The growing need for automated
systems utilizing CNNs and other deep learning algorithms for disease detection in potato leaves is evident
(Girish Athanikar & Priti Badar, 2016). Various studies have explored deep learning's potential in
identifying potato leaf diseases, employing CNNs to classify and diagnose ailments like black scurf, late
blight, and early blight (Jung et al., 2023; Liu & Wang, 2021). This research proposes utilizing CNNs to
automate early disease diagnosis, training a model with a dataset containing diverse leaf conditions.
Performance evaluation will include metrics like F-score, accuracy, precision, and recall (Islam & Sikder,
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2022a). Implementing deep learning algorithms promises swift and accurate disease diagnosis, empowering
farmers to better manage infections and minimize crop losses (Samant et al., 2023a). Advantages of this
approach include improved disease identification at early stages, reduced dependency on expert advice,
increased crop yield, and accessibility for small-scale farmers due to its cost-effective and straightforward
implementation using common resources.

The global cultivation of potatoes underscores the significance of effectively managing leaf diseases to
ensure both quality and quantity of harvests. Traditional manual methods for disease detection, reliant on
farmer expertise, are labor-intensive and often impractical. Consequently, there is a growing interest in
leveraging deep learning techniques to automate the detection of potato leaf diseases. Recent studies have
shown promising results in utilizing convolutional neural networks (CNNSs) to accurately classify diseases
such as early blight, late blight, and black scurf. These advancements aim to streamline early disease
identification through robust models trained on datasets comprising healthy and diseased leaves, with
performance evaluation based on quantitative metrics including recall, accuracy, precision, and F-score. By
harnessing deep learning, these systems not only empower farmers with efficient disease management tools
but also hold potential to bolster potato production and meet global market demands.

This research is driven by the imperative to revolutionize potato cultivation practices by addressing the
challenges of disease control, which are critical for global farming communities. Potato leaf diseases
significantly undermine agricultural productivity and quality, leading to food shortages and economic
losses. Traditional diagnosis methods, labour-intensive and reliant on expert knowledge, hinder swift
responses. Deep learning technology, particularly utilizing Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNS), offers a promising solution to automate and enhance the accuracy of
disease detection in potato leaves. By developing a user-friendly tool for precise and rapid diagnosis, this
project not only facilitates more effective disease intervention but also aligns with the principles of precision
agriculture, promoting tailored and sustainable farming practices. The overarching aim is to foster a
balanced approach between agricultural output and ecological resilience, thereby making a lasting positive
impact on both farmers and the environment.

Objectives of the Study
Research objectives are discussed below:

e To address the identified research gaps and contribute novel insights to the field of Potato Leaf
Disease identification using deep learning, the study is guided by the following objectives:

e To through the process of fine-tuning Convolutional Neural Networks (CNNs) specifically for
the purpose of classifying illnesses in potato leaves, our objective is to enhance the accuracy of
disease detection. Convolutional neural networks (CNNs) are designed to extract detailed features
from potato leaf photos.

e To model temporal disease progression using Recurrent Neural Networks (RNNS), this objective
focuses on capturing sequential dependencies in disease evolution, providing valuable insights
for timely interventions in agricultural practices.

e To Improving the deep learning model's adaptability to multiple datasets is the goal of this

objective. To do this, we will use approaches such as transfer learning, data augmentation, and
robust model evaluation procedures.

https://academia.edu.pk/ |DOI: 10.63056/ACAD.004.04.1246| Page 4032



https://academia.edu.pk/

ACADEMIA International Journal for Social Sciences
Volume 4, Issue 4, 2025 ISSN-L (Online): 3006-6638

Research Questions
The following Questions are raised in the current study:

1. How can Convolutional Neural Networks (CNNs) be optimized to better classify images of potato
leaves obtained during disease monitoring, specifically those of Late Blight, Early Blight, and
Blackleg?

2. In order to improve the identification and prevention of potato leaf diseases, how can recurrent
neural networks (RNNSs) be trained to make accurate predictions about the course of disease
development?

3. What measures can be taken to enhance the generalization capability of the proposed deep
learning model, ensuring robust performance on previously unseen datasets and promoting its
practical applicability in diverse agricultural environments?

The Contributions of this research are as follow:

o Enhance disease detection accuracy by fine-tuning Convolutional Neural Networks (CNNs) for
classifying potato leaf illnesses.

e Model temporal disease progression using Recurrent Neural Networks (RNNs) to capture
sequential dependencies.

o Improve deep learning model adaptability to multiple datasets through transfer learning.
« Implement data augmentation techniques to enhance model robustness.

Employ rigorous model evaluation procedures to ensure accuracy and reliability.

Current Literature comprises several sections, starting with an introduction that outlines the significance of
disease detection in potato leaves and justifies the use of deep learning techniques. This section lays the
foundation, presenting the study's methodology, objectives, and research questions. The literature review
identifies gaps and establishes the groundwork for the study by examining prior research. The methodology
section details the research strategy, data collection procedures, and deep learning algorithms employed for
disease detection. The experimental setup and model training approach are comprehensively documented
for transparency and reproducibility. Results and analysis showcase the deep learning model's performance
in identifying multiple potato leaf diseases, including accuracy, precision, and recall metrics. The discussion
section delves into trends, patterns, and limitations, while highlighting practical implications of the findings.
Section 10 summarizes the study's key findings, emphasizing their significance in diagnosing Potato Leaf
Disease and suggesting future research directions. The thesis concludes by affirming the advancement of
agricultural knowledge and managing plant health through the use of deep learning methods.

LITERATURE REVIEW

Potato, a staple crop vital for global food security, faces persistent threats from various diseases amid
increasing agricultural demand. Recent developments in deep learning, such as Convolutional Neural
Networks (CNNs), are being used to improve methods for accurately and quickly diagnosing potato crop
diseases.
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A Research study of Sudi (2022) demonstrated the superior performance of CNNs in identifying leaf
diseases, achieving remarkable accuracy levels. Girish Athanikar and Priti Badar (2016) delve into the
application of neural network-based methods, specifically utilizing Back Propagation Neural Networks
(BPNNSs) for identifying and classifying potato leaf samples. Their approach, incorporating texture and
colour analysis, showcases high classification accuracies for both healthy and diseased samples.

Agricultural regions in Asia, heavily reliant on potato cultivation, face significant challenges due to diseases
like late blight and early blight, leading to substantial yield losses. Employing deep learning techniques,
researchers such as Samant et al. (2023a) leverage CNN models to accurately diagnose potato diseases from
leaf images, achieving impressive accuracies and outperforming traditional methods. This approach not
only aids in early disease detection but also facilitates reduced product losses and enhanced agricultural
productivity.

The widespread prevalence of potato diseases in Asian countries underscores the urgency for automated
disease detection systems. Researchers like Chen et al. (2023) focus on utilizing CNN architectures to
differentiate between healthy and diseased potato leaves, achieving high accuracy rates even with limited
data. Additionally, efforts by Godiya and Kothari (2020) highlight the practicality and feasibility of CNN-
based models in accurately classifying various plant diseases, offering potential solutions for mitigating
crop losses.

Ethiopia, despite its agricultural potential, struggles with potato production due to disease-related
challenges. Researchers like Moharekar et al. (2022) propose automated approaches, employing Mask R-
CNN architecture to detect blight disease spots on potato leaves. Through innovative techniques like
artificial data augmentation and colour space conversion, their models exhibit promising detection rates,
offering valuable insights for real-world applications.

In conclusion, the integration of deep learning techniques, particularly CNNs, holds immense promise for
addressing the challenges posed by potato diseases in agricultural contexts. By enabling swift and accurate
disease diagnosis, these methodologies pave the way for enhanced agricultural productivity and food
security, particularly in regions heavily reliant on potato cultivation like Asia and Ethiopia. Continued
research and development in this field offer significant opportunities for leveraging technology to tackle
agricultural challenges and ensure sustainable crop production.

Agriculture, a crucial sector for global sustenance, faces significant economic losses annually due to
diseases affecting potato crops. Early disease detection is pivotal in minimizing waste and preventing
financial setbacks. Leveraging digitalization and technology in agriculture is imperative to provide benefits
to farmers and consumers alike. This study (Sinshaw et al., 2022) proposes a methodology for identifying
and categorizing diseases affecting potato plants, utilizing the widely known Plant Village Dataset for its
reliability and accessibility. Employing Convolutional Neural Networks (CNNSs) for image processing and
model training, the study focuses on early blight, late blight, and healthy leaf classifications, incorporating
techniques like data cleaning, preprocessing, and augmentation to enhance accuracy.
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References  Technique Methodology Results Limitations
(Sudi, 2022) CNN Model Trained CNN Achieved an accuracy  Limited by the size and
model of 99.58% for rice and  diversity of the training
97.66% for potato dataset.
leaves.
(Jung etal., Deep learning-  Utilized deep Demonstrated the Lack of real-world
2023) based disease learning construction of an validation and
detection techniques effective deep scalability challenges.
model learning-based model.
(Samantet  Deep Learning  Utilized CNN for  Utilized deep learning  Limited interpretability
al., 2023a) potato leaf techniques. of the deep learning
disease detection model.
(Chenetal.,, Weakly- Developed a Proposed a novel Limited by the
2023) supervised novel weakly- approach for weakly-  availability and quality
learning supervised supervised learning. of weak labels.
method approach
(Jubaer et Deep Learning  Applied image Used image May struggle with
al., 2023) Approach processing processing techniques  variations in lighting
techniques for disease detection.  and leaf orientation.
(Bangal et ~ ANN Classifier Utilized an Implemented an Susceptible to
al., 2022) artificial neural artificial neural overfitting, especially
network network for early with small datasets.
prediction.
(Tilahun, Deep Learning  Implemented Developed a deep Sensitive to noisy data
2020) Approach deep learning for  learning-based and may require

classification

classification
approach.

extensive
preprocessing.

The current state of research in plant disease identification, particularly regarding diseases affecting potato
leaves, reveals a significant gap in literature despite the notable advancements made by deep learning
algorithms. While existing studies have focused on various aspects of plant disease detection, there remains
a distinct lack of research dedicated to employing convolutional neural networks (CNNs) for the
comprehensive identification and classification of potato leaf diseases. This study aims to bridge this gap
by introducing a novel deep learning model tailored specifically for accurately detecting and categorizing
multiple potato leaf diseases. By addressing this research void, the study seeks to advance sustainable crop
management practices and contribute to the field of precision agriculture.

METHODOLOGY

This section delves into the methodology and construction of the deep learning model utilized for
identifying diseases in potato leaves, outlining the study strategy and dataset acquisition process. The
dataset's composition and preprocessing steps are meticulously detailed to ensure its suitability for model
training. Feature engineering techniques are then described to enhance and standardize the dataset. The core
of the study focuses on introducing the deep learning model architecture, including rationale and
modifications tailored to project requirements. A comparative analysis is provided to evaluate the efficacy
of our method against others, followed by the establishment of an evaluation matrix outlining criteria and
metrics for model comparison. This comprehensive approach aims to establish a solid foundation for the
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Potato Leaf Disease Identification system, ensuring transparency and clarity in the decision-making
processes underlying the subsequent sections.

Research Design

Our study begins with a thorough review of existing literature on plant disease identification methods using
deep learning techniques, aiming to understand the current landscape and identify research gaps. Our
primary focus is on potato leaf disease identification, and we aim to address specific shortcomings in the
existing methodologies. We then proceed to acquire and prepare a dataset comprising images of both
healthy and diseased potato leaves, ensuring its quality and suitability for model training. Subsequent steps
involve preprocessing and feature engineering to optimize the dataset for deep learning model training. The
proposed model architecture is discussed, detailing its evolution, selection criteria, and adaptations for
potato leaf disease identification. Benchmark models are provided for comparative evaluation. Overall, our
study aims to advance the field of deep learning for potato leaf disease identification through iterative and
strategic methodologies, laying a solid foundation for future research and innovation.
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Figure 1 Flow of Study
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Dataset Collection

The "Potato Leaf Disease Dataset” from Kaggle was chosen for its diverse collection of high-resolution
images depicting various stages and types of potato leaf diseases. This dataset's balanced distribution
ensured fair representation of healthy and diseased examples, crucial for unbiased model training. Each
image was meticulously labelled, enabling supervised learning and enhancing model interpretability. The
availability of labelled annotations facilitated evaluation across diverse disease categories, contributing to
the broader discussion in leaf disease detection. Utilizing this well-established dataset ensured
reproducibility and meaningful comparison with existing methodologies, enriching the field's
understanding of leaf disease detection efficacy.

Dataset Description

The "Potato Leaf Disease Dataset” from Kaggle was chosen for its comprehensive coverage of potato
diseases, including late blight, early blight, and healthy leaves, reflecting real-world challenges in potato
farming. The dataset's diversity allows models like Leaf Guard Net to learn subtle variations in leaf
conditions, enhancing their detection capabilities. Training and testing on a dataset from the Central Punjab
region of Pakistan demonstrate the model's efficacy in identifying potato leaf diseases, outperforming
existing models in efficiency and accuracy. This inclusive dataset selection aligns with agricultural realities,
where farmers encounter a spectrum of diseases, necessitating accurate disease identification for effective
management. The dataset's accessibility on Kaggle fosters collaboration and knowledge-sharing within the
research community, enriching the discourse on plant disease detection in agriculture.

Table 2 Description of Dataset

Class Label Disease Type Description Number of Images
0 Healthy Healthy potato leaves 1354
1 Early Blight ~ Symptoms of early blight disease in potato leaves 1354
2 Late Blight Symptoms of late blight disease in potato leaves 1354
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Figure 2 Sample image from dataset
Dataset Preprocessing

In preparation for training our Leaf Disease Detection model, a crucial phase involves thoughtful and
meticulous preprocessing of the "Potato Leaf Disease Dataset.” This step aims to optimize the raw images,
ensuring they are well-suited for effective model training. The preprocessing pipeline encompasses a series
of operations designed to enhance image quality, mitigate noise, and facilitate a smoother learning process.

Resizing:

Image resizing is a pivotal preprocessing step that plays a crucial role in preparing images for training deep
learning models, particularly convolutional neural networks (CNNSs). The objective of image resizing is to
standardize the dimensions of all images in the dataset to a consistent size. This operation is essential
because many neural network architectures, including CNNs, require inputs of fixed dimensions.

Mathematically, let's denote the original image as I original with dimensions H original X W original
x C, where H, W, and C represent the height, width, and number of channels, respectively (e.g., C=3 for
RGB images). The image resizing process transforms this original image into I resized with dimensions
H resized X W resized X C.

The transformation can be expressed mathematically as:
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I resized(i, j,c) = I original(H resizedi X Horiginal, W resizedj X Woriginal,c) ...(1)

Here, i and j represent the pixel indices in the resized image, while ¢ denotes the channel index. The
equation outlines the process of sampling values from the original image at positions corresponding to the
scaled coordinates in the resized image.

This resizing operation ensures that each pixel in the resized image maintains a relationship with a specific
region in the original image. The spatial information is preserved while conforming to the desired
dimensions. The resulting uniformly sized images contribute to computational efficiency during training,
as well as consistency in model behavior across different input samples. Ultimately, when it comes to
preprocessing images and training deep learning models to detect illnesses in plant parts, scaling is an
essential initial step.

Normalization

Normalization is a critical preprocessing step aimed at standardizing the pixel values of images within a
dataset. By bringing pixel values to a common scale, typically within the range of [0, 1] or [-1, 1],
normalization ensures that the model's learning process is both stable and efficient. This step is particularly
relevant for neural network models, as it helps mitigate issues related to varying pixel intensities and
facilitates more effective convergence during training. Mathematically, let I original denote the original
image with pixel values ranging from 00 to 255255 (common for 8-bit images) and I normalized represent
the normalized image. The normalization process can be expressed as:

I original(i,j,c)
255

Q)

I normalized(i,j,c) =

Alternatively, for normalization within the range of [-1, 1]:

2 x I original(i,j, c) 1

oot ~(3)

I normalized(i, j,c) =

In these equations, i and j denote the pixel indices, and c represents the channel index. The division by 255
scales the pixel values to a range between 0 and 1, ensuring that they fall within a common scale suitable
for neural network training. In the second equation, the additional scaling and subtraction operations
transform the values to lie within the range of [-1, 1].

The benefits of normalization include improved numerical stability during training, faster convergence, and
the prevention of saturation in activation functions. Moreover, it helps the model generalize well across
different datasets and enhances its ability to learn meaningful features from the input images. Normalization
is a fundamental preprocessing step that contributes to the overall stability and effectiveness of the Leaf
Disease Detection model, ensuring consistent and reliable performance across diverse image inputs.

Data Augmentation
To improve the variety and quality of the training dataset, data augmentation is a useful preprocessing
technique that employs random picture alterations. This technique aids in making the Leaf Disease

Detection model more generalizable and resilient, which helps it cope with the complexity and variations
found in real-world data.
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Mathematically, let I original be the original image, and I augmented represent the augmented image.
Various transformations, such as rotation, flipping, and zooming, can be applied to I original to generate
I augmented. The application of these transformations can be expressed as:

I augmented(i, j, ¢) = Transformation(loriginal(i, j, c)) . (4)

Here, i and j denote the pixel indices, and c¢ represents the channel index. The transformation function
introduces random variations, creating new instances of the original image with different perspectives. For
instance, rotation operations can be expressed mathematically as:

I augmented(i, j, c) = loriginal(Rotate6(i, j), c) ..(5)
Where Rotate 0 is a function that applies a random rotation angle 0 to the pixel coordinates.

Data augmentation artificially expands the dataset, providing the model with more diverse examples for
training. This is particularly beneficial when the available labeled data is limited. Augmenting the dataset
with variations in orientation, scale, and appearance helps the model generalize better to unseen instances,
enhancing its adaptability to different scenarios. By introducing variations during training, data
augmentation acts as a form of regularization, reducing the risk of overfitting and promoting a more
generalized model.

Augmented Dataset Balance

In the context of Leaf Disease Detection, ensuring a balanced distribution of instances within the augmented
dataset is a critical consideration during the preprocessing stage. While data augmentation introduces
valuable diversity, it is essential to maintain equilibrium between the classes, particularly between healthy
and diseased instances. Achieving a balanced augmented dataset involves thoughtful adjustments to
preserve the representation of each class, contributing to a more effective and unbiased model.

Mathematically, let N original represent the number of instances in the original dataset, N augmented
denote the total number of instances after augmentation, and N class represent the number of instances in
a specific class. Balancing the dataset involves controlling the augmentation process to avoid
overrepresentation or underrepresentation of any class. The adjustment can be expressed as:

Nclass, augmented = Adjustmentpgcior X Nclass, original ... (6)

Here, augmented N class, augmented represents the desired number of instances for a specific class after
augmentation, and Adjustment_Factor is determined based on the original dataset distribution and the
augmentation strategy employed.

Ensuring balance helps prevent class imbalances that may arise due to the augmentation process. Class
imbalances can lead the model to favor the majority class and compromise its ability to accurately identify
instances from the minority class, especially critical in detecting rare diseases. A balanced dataset promotes
better generalization of the model across different classes. The model learns to discriminate effectively
between healthy and diseased instances without being skewed towards the prevalence of a particular class.

A balanced augmented dataset contributes to training stability. It prevents the model from being excessively

influenced by the class with a higher number of instances, fostering a more nuanced learning process across
all classes. Striking a balance in the augmented dataset is a crucial step in optimizing the performance of
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the Leaf Disease Detection model. It ensures that the model is trained on a representative and unbiased
dataset, allowing it to accurately identify and classify instances across diverse disease conditions.

Data Splitting

In the process of preparing the dataset for Leaf Disease Detection, data splitting emerges as a critical phase,
strategically organizing the dataset into distinct subsets tailored for training, validation, and testing. This
systematic partitioning is imperative for various reasons, ranging from training the model to optimizing its
performance and assessing its robustness on unseen data.

Let N denote the total number of instances in the dataset, and Ntrai , N validation, and Ntest represent
the number of instances in the training, validation, and testing sets, respectively. The split ratios, such as
Split_Ratiotrain, Split_Ratiovalidation, and Split_Ratiotest, define the proportion of data allocated
to each set.

The mathematical expressions for the splits are as follows:
Ntrain = Splitgatiotrain X N
Nvalidation = Splitgatiovatidation X N .. (7D
Ntest = Splitgatiotest X N

These expressions establish a structured approach to the division of the dataset, providing a clear
representation of the subset sizes based on predefined ratios.

The training set is the most crucial part of a model. Within this subgroup, the model acquires the ability to
identify patterns, traits, and diseases. The validation set also makes it easier to optimize the model's
architecture and tweak its hyperparameters at the same time. By creating performance metrics on the
validation set, this iterative method fine-tunes parameters. When evaluating the model in its whole, the
testing set will be utilized. This subset provides a neutral reference point since it was not included in the
validation or training sets. To find out how effectively the model handles new, unknown occurrences, it is
tested on the testing set. Doing so is essential prior to applying the concept in practical settings.

One way to avoid overfitting is to divide your data into different sets: training, validation, and test. When
a model gets overly adept at recognizing patterns in its training data and struggles to apply this skill to novel
data, this phenomenon is known as overfitting. Overfitting can happen if the training set is memorized
alone; the validation and testing sets make sure of that.

Feature Engineering

Feature engineering is a crucial step in the preprocessing pipeline for Leaf Disease Detection

model, involving the extraction and transformation of relevant features from the input data. In the context
of image-based tasks, such as disease detection in potato leaves, features refer to distinctive patterns,
textures, or characteristics that can aid in distinguishing between healthy and diseased instances. This

process is essential for enhancing the model's ability to discern subtle differences and make informed
decisions during classification.
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In the realm of leaf disease detection, feature engineering can encompass various techniques and
considerations:

Texture Analysis

In the realm of Leaf Disease Detection, texture analysis serves as a pivotal aspect of feature engineering,
contributing valuable insights into the underlying patterns and structures present in leaf images. Texture, in
this context, refers to the visual patterns or arrangements of pixels that characterize the surface
characteristics of the leaves. Employing texture analysis techniques enables the model to discern subtle
textural variations that may be indicative of specific diseases or health conditions.

One widely used technigue in texture analysis is the Local Binary Pattern (LBP), a method that captures
the local patterns in pixel neighbourhoods. Mathematically, let | be the original image, and LBPP, R(i, j)
represent the LBP value at a specific pixel (i,j). The LBP is calculated by comparing the intensity of the
center pixel with its neighbors at a certain radius R and a number of sampling points P. The binary pattern
is then encoded to create a unique texture descriptor. The LBP is defined as:

P-1

LBPP,R(i,j) = z s(Ip — Ic) x 27 .. (8)
p=0

Where Ic is the intensity of the Centre pixel, Ip is the intensity of the neighbouring pixels, s(x) is the step
function (1 if x>0, 0 otherwise), and P is the number of sampling points arranged around a circle of radius
R.

Texture analysis through LBP enables the model to capture local variations in pixel intensity, highlighting
intricate details such as fine patterns or irregularities on the leaf surface. These patterns can be crucial for
distinguishing between healthy leaves and those affected by diseases.

Additionally, Gray-Level Co-occurrence Matrix (GLCM) is another texture analysis technique that
characterizes the spatial relationships between pixel intensities. For a given image I, the GLCM P at an
offset (61, 67) is defined as:

PG ) Number of occurrences of pixel pair (i, )
i,j)=

..(9)

Total number of pixel pairs in the image

Texture features derived from GLCM, such as contrast, energy, and homogeneity, provide information
about the spatial distribution of intensity levels, further enriching the set of features available for the Leaf
Disease Detection model. Incorporating texture analysis into feature engineering enhances the model's
ability to discriminate between different leaf conditions based on the subtle textural variations present in
the images, contributing to the overall accuracy and reliability of disease identification.

Edge Detection
Within the scope of Leaf Disease Detection, edge detection is a pivotal feature engineering technique that
focuses on revealing the structural intricacies and boundaries present in leaf images. By highlighting abrupt

changes in pixel intensity, this technique, exemplified by the Canny edge detector, accentuates edges and
contours, providing the model with crucial information for recognizing irregularities indicative of diseases.
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The Canny edge detection algorithm involves several key steps, each contributing to the identification of
prominent edges:

Grayscale Conversion: Begin by converting the original colour image I to a grayscale representation
(Igray). This simplifies subsequent processing steps.

Gradient Calculation: Compute the image gradient to identify regions with significant intensity changes.
The gradient magnitude M(i, ;) is determined by the horizontal Gx(i,j)) and vertical Gy(i,j)) gradient
components:

M@, j) = \/(Gx(i,j))z +(GyG,))° ... (10)

Non-maximum Suppression: Implement non-maximum suppression to retain only local gradient maxima.
This step emphasizes edges by preserving only the most significant changes in intensity.

Thresholding: Apply hysteresis thresholding to categorize pixels as strong, weak, or non-edges based on
predefined thresholds. This step refines the edge map, distinguishing between strong and weak edge
candidates.

Edge Tracking by Hysteresis: Connect weak edges to strong edges, creating continuous contours and
finalizing the binary edge map E(i, j).

The resulting E (i, ) provides a visual representation of edges and contours in the leaf image. By focusing
on these distinctive structural features, the model gains valuable insights into irregularities that may signify
the presence of diseases. The integration of edge information enhances the Leaf Disease Detection model's
capacity to discern subtle variations in leaf morphology, contributing to more accurate and reliable disease
classification.

.~ _ (1 ifpixel (i,j) is an edge pixel
EGi, ) = (1
@) { 0 otherwise an

Shape Descriptors

In the context of Leaf Disease Detection, shape descriptors play a significant role in feature engineering,
offering valuable insights into the geometric characteristics of leaf structures. Extracting meaningful shape
information enables the model to discern distinctive patterns related to the overall contour, symmetry, and
size of leaves. These descriptors contribute to the model's ability to differentiate between healthy and
diseased leaves based on their intrinsic shapes.

One fundamental shape descriptor is the calculation of the area (A), perimeter (P), and compactness (C) of
the leaf. Mathematically, these descriptors are defined as follows:

Area (A): The area of the leaf, representing the total number of pixels enclosed by the leaf boundary.
H W
A=) 16
i=1

i=1j=1
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Here, H and W denote the height and width of the leaf image, respectively, and I(i, j) is the binary value
indicating whether a pixel is part of the leaf.

Perimeter (P): The perimeter of the leaf, representing the total length of the leaf boundary.

o

H W
- Z Edge(i, )
(=1

i=1j=1
The binary edge map (Edge(i, j)) obtained through edge detection techniques, such as the Canny edge
detector, is utilized to calculate the perimeter.

Compactness (C): Compactness quantifies the ratio of the area of the leaf to its perimeter, providing
insights into the shape's complexity. It is calculated as:

4A

The compactness measure reflects how efficiently the leaf area is enclosed by its perimeter.

These shape descriptors offer a concise representation of the geometric properties of the leaf, allowing the
model to discern variations in overall shape that may be indicative of specific diseases. Incorporating such
descriptors into the feature set enhances the Leaf Disease Detection model's capacity to discriminate
between different leaf conditions based on their inherent shapes.

Proposed Model: Leaf Guard Net (LGN)

In response to the imperative need for an advanced and accurate system for Potato Leaf Disease Detection,
we introduce a cutting-edge deep learning model named Leaf Guard Net (LGN). LGN is meticulously
designed to harness the capabilities of convolutional neural networks (CNNs), strategically crafted to
handle the intricacies inherent in diverse leaf images. The architecture of LGN combines convolutional
layers for feature extraction, pooling layers for spatial down-sampling, and fully connected layers for
precise disease classification.

Model Architecture:

Leaf Guard Net (LGN) is characterized by a carefully orchestrated architecture aimed at efficiently
processing leaf images and extracting discriminative features. The model encompasses multiple
convolutional blocks, each featuring convolutional layers followed by batch normalization and rectified
linear unit (ReLU) activation functions. These convolutional blocks are adept at capturing hierarchical
features, ranging from low-level to high-level representations.

The output of each convolutional block undergoes max-pooling layers, strategically integrated to down-
sample spatial dimensions, allowing the model to focus on the most relevant features while minimizing
computational complexity and averting overfitting.

The final layers of LGN consist of fully connected layers, responsible for classification based on the learned

features. The output layer employs a soft max activation function, generating probability distributions
across different disease classes.
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Mathematical Formulation:
Let X denote the input image, Convk represent the k — th convolutional block, BNk signify batch
normalization in the k — th block, Pk indicate the k — th max-pooling layer, and FC depict the fully
connected layers.
The forward pass of LGN can be expressed as follows:
X1 = Convl(X)
X2 = BN1(X1)
X3 = ReLU(X2)
X4 = P1(X3)
Repeat this process for additional convolutional blocks:
Xn = Convk(Xn—1)
Xn+ 1= BNk(Xn)
Xn+2=ReLU(Xn+1)
Xn+3=Pk(Xn+?2)
After feature extraction, flatten the output and pass it through fully connected layers:
Xn + 4 = Flatten(Xn + 3)
Xn+5=FC(Xn+4)
Y* = Softmax(Xn + 5)
Here, Y" represents the predicted probability distribution across different disease classes.
Training Details:
To train LGN, we employ a big dataset that contains images of good and unhealthy potato leaves. With
categorical cross-entropy as the loss function, the model is optimized using the Adam optimization
technique. Regularization techniques, such as dropout, can be used to prevent overfitting. A validation set
is used to check the model's development and generalizability at regular intervals during the training phase,
which takes place across a predetermined number of epochs.
In summary, Leaf Guard Net (LGN) is a state-of-the-art CNN architecture tailored for Potato Leaf Disease
Detection. The model's meticulously chosen layers and parameters, coupled with rigorous training

strategies, position LGN as a promising solution for accurate and robust identification of potato leaf
diseases.
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Comparative Models

In order to assess how well our suggested Leaf Guard Net (LGN) works, we compare it to other state-of-
the-art models that are widely used for plant disease detection.

These comparative models serve as baselines for evaluating LGN's ability to accurately classify potato leaf
diseases. The selected models encompass various architectures and methodologies, ensuring a
comprehensive assessment of LGN's advancements.

VGG16

The Visual Geometry Group 16 (VGG16) model is fundamental to deep learning.

represents a widely acclaimed architecture known for its simplicity and efficacy in image classification
tasks. It comprises 16 weight layers, including 13 convolutional layers and 3 fully connected layers, offering
a deep and expressive feature hierarchy.

The architecture of VGG16 is characterized by its homogeneous structure, where convolutional layers with
small receptive fields (3x3) are stacked, followed by max-pooling layers for spatial down-sampling. This
repeated pattern ensures a deep representation of image features, capturing both low-level details and
complex hierarchical patterns.

Mathematically, let X denote the input image, and Convk and Pk represent the k — th convolutional and
pooling layers, respectively. The forward pass through VGG16 can be expressed as follows:

X1 = Convl(X)
X2 = ReLU(X1)
X3 = Conv2(X2)
X4 = ReLU(X3)
X5 = P1(X4)
Repeat this process for additional convolutional and pooling layers:
Xn = Convk(Xn—1)
Xn+1=ReLU(Xn)
Xn+2=_Convk(Xn+1)
Xn+3 =ReLU(Xn + 2)
Xn+4 =Pk(Xn+3)
After feature extraction, the flattened output is passed through fully connected layers:

Xn+5 = Flatten(Xn + 4)
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Xn+6=FC(Xn+5)
Y™ = Softmax(Xn + 6)

Here, Y” represents the predicted probability distribution across different disease classes. The softmax
activation function is applied to produce probabilities, facilitating multi-class classification.

VGG16's architecture provides a strong foundation for image classification tasks due to its depth and
homogeneity. However, its large number of parameters makes it computationally expensive and may lead
to overfitting on smaller datasets. In the context of Potato Leaf Disease Detection, the performance of
VGG16 will be rigorously evaluated and compared with other models to determine its suitability for the
task.

ResNet50

Among the revolutionary Res Net (Residual Networks) designs, ResNet50 tackles the difficulties of training
extremely deep neural networks. To train very deep networks, it presents the idea of residual learning,
which comprises avoiding the vanishing gradient problem using shortcut connections, sometimes called
skip connections.

The architecture of ResNet50 consists of 50 layers, primarily composed of the leftover parts. A residual
block consists of two convolutional layers and a skip link to disable specific layers. Mathematically, let X

be the input image, Convk denote the k — th convolutional layer, and Addk represent the addition
operation in the k — th residual block. The forward pass through ResNet50 can be expressed as follows:

X1 = Convl(X)
X2 = BatchNormalization(X1)
X3 = ReLU(X2)
X4 = Conv2(X3)
X5 = BatchNormalization(X4)
X6 = ReLU(X5)
X7 = Conv3(X6)
The output from X7 is combined with the input X1 through the skip connection:
X8 = Add1(X7,X1)
This process is repeated for additional residual blocks:
Xn+1 = Convk(Xn)
Xn + 2 = BatchNormalization(Xn + 1)

Xn+3 =ReLU(Xn + 2)
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Xn+ 4 = Convk(Xn + 3)
Xn + 5 = BatchNormalization(Xn + 4)
Xn+6=RelLU(Xn+5)
Xn+7 = Convk(Xn+ 6)
The output from Xn+7 is combined with the input Xn through the skip connection:
Xn+ 8 = Addk(Xn+7,Xn)

To classify completely linked layers using global average pooling, the leftover blocks are arranged as
follows:

Xn+ 9 = GlobalAveragePooling(Xn + 8)
Y™ = Softmax(Xn + 10)
Here, Y” represents the predicted probability distribution across different disease classes. The softmax
activation function is applied for multi-class classification. ResNet50's innovative use of residual
connections allows for the training of deep networks, facilitating the capture of intricate features in images.
In the context of Potato Leaf Disease Detection, ResNet50's capabilities will be rigorously evaluated and
compared to other models to assess its effectiveness for the task.

InceptionV3
InceptionV3, a versatile deep learning architecture, has demonstrated exceptional performance in image
classification tasks. It is characterized by the use of inception modules, which enable the simultaneous
processing of information at multiple spatial resolutions. This unique design allows the model to capture
both local and global features effectively.
The InceptionV3 architecture comprises a series of inception modules, each consisting of multiple parallel
convolutional pathways. Let's denote the input to the k — th inception module as XI and the output as X1 +
1. The equations for the k — th inception module can be outlined as follows:
X1+ 1 = InceptionModulek(X1)

Xl+2=Convl k(Xl+1)

Xl+3 =Convl k(Xl+1)

Xl+4 = Conv3_k(Xl+3)

Xl+5=Convl _k(Xl+1)

X1+ 6 = Conv5_k(Xl +5)

Max Pooling followed by 1x1 Convolution Pathway
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Xl +7 = MaxPooling(Xl + 1)

Xl+8=Convl_k(XL+7)

The outputs from these parallel pathways are concatenated to form the final output of the inception module:
Xl +9 = Concatenate([Xl + 2, X1 + 4, X1 + 6,X1 + 8])
This concatenated output undergoes batch normalization and a ReL U activation:
Xl + 10 = BatchNormalization(Xl 4+ 9)

X1+ 11 = ReLU(X1 + 10)
As the process continues, each subsequent inception module records the input image's deep feature
hierarchy. From the very beginning, the modules encompass classification through fully connected layers
and global average pooling:

Xn+ 1 = GlobalAveragePooling (Xn)
Xn+2=FC(Xn+1)
YN = Softmax(Xn + 2)
Here, Xl represents the input to the k — th inception module, and Y” is the predicted probability distribution
across different disease classes. These equations outline the unique structure of InceptionV3, emphasizing
its ability to capture diverse features through parallel convolutional pathways.
MobileNetV2
MobileNetV2 is a lightweight deep learning architecture designed for efficiency, particularly suitable for
mobile and edge devices. It introduces inverted residuals and linear bottlenecks to achieve a balance
between model accuracy and computational cost. In the context of Potato Leaf Disease Detection, the
equations for the MobileNetVV2 model can be elucidated as follows:
Let X1 denote the input to the k — th inverted residual block, and X1 + 1 represent its output.
Inverted Residual Block (Inverted Res Block k):
Linear Bottleneck:
X1+ 2 = Convlx1_Linear(Xl)
Depthwise Separable Convolution:
X1+ 3 = DepthwiseConv3x3(Xl + 2)

Linear Bottleneck Expansion:

Xl +4 = Convlxl_Linear_Exp (Xl + 3)
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Skip Connection:
Xl+5=Xl+Xl+4
Final Activation:
Xl+6=ReLU(XLl+5)

Repeat this inverted residual block structure for subsequent layers. After these blocks, global average
pooling and fully connected layers are applied for classification:

Xn+ 1 = GlobalAveragePooling (Xn)
Xn+2=FC(Xn+1)
Y™ = Softmax(Xn + 2)

Here, X1 represents the input to the k — th inverted residual block, and Y~ is the predicted probability
distribution across different disease classes. These equations showcase the specific components of
MobileNetV2, highlighting its efficient use of linear bottlenecks and depth wise separable convolutions for
effective feature extraction in the Potato Leaf Disease Detection context.

Evaluation Matrix

In assessing the performance of the proposed Leaf Guard Net (LGN) and comparative models, a
comprehensive set of evaluation metrics will be employed to provide a thorough understanding of their
effectiveness in Potato Leaf Disease Detection. These metrics offer insights into various aspects of model
performance, ensuring a nuanced evaluation.

Accuracy: Accuracy is a fundamental metric measuring the overall correctness of the model's predictions.
It is calculated as the ratio of correctly predicted instances to the total instances.
Accuracy = (TP +TN) /(TP + TN + FP + FN)

Precision: Precision focuses on the accuracy of positive predictions, indicating the model's ability to
correctly identify diseased leaves without misclassifying healthy ones.
Precision=TP /(TP + FP)

Recall (Sensitivity): Recall measures the model's ability to capture all instances of diseased leaves,
minimizing false negatives.

Recall (Sensitivity)= TP/ (TP + FN)

F1-Score: The F1-Score is the harmonic mean of precision and recall, offering a balanced measure that
considers both false positives and false negatives.

F1-Score = 2 * (Precision * Recall) / (Precision + Recall)
Area Under the ROC Curve (AUC-ROC): AUC-ROC evaluates the model's ability to distinguish

between different classes, plotting the true positive rate against the false positive rate.
Area Under the ROC Curve (AUC-ROC) = (Area under the true positive rate vs. false positive rate curve)
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Confusion Matrix: The confusion matrix provides a detailed breakdown of true positives, true negatives,
false positives, and false negatives, offering insights into specific areas of model performance.

These evaluation metrics collectively offer a comprehensive analysis of the proposed Leaf Guard Net and
comparative models. By considering accuracy, precision, recall, F1-score, AUC-ROC, and the confusion
matrix, a nuanced understanding of the models' strengths and weaknesses in Potato Leaf Disease Detection
will be attained.

TN F P]

Confusion Matrix = [F-'n"f" TP

Table 3 Evaluation Parameters

Evaluation Metric Formula

Accuracy (TP+TN)/(TP+TN + FP + FN)

Precision TP /(TP + FP)

Recall (Sensitivity) TP /(TP +FN)

Fl-score 2 * (Precision * Recall) / (Precision + Recall)

Area Under the ROC Curve (AUC- (Area under the true positive rate vs. false positive rate curve)
ROC)

Confusion Matrix I'N FP
FN TP

RESULTS AND DISCUSSIONS

In this section, we present a detailed analysis of the results obtained from the implementation and evaluation
of two distinct Convolutional Neural Network (CNN) architectures for potato leaf disease identification.
The models, namely the baseline CNN and the proposed modified CNN, underwent training for multiple
epochs, each with its unique set of performance metrics. The discussion includes an in-depth examination
of the learning curves, highlighting the evolution of the models over the training epochs. Furthermore, a
comparative performance analysis is conducted to assess the relative effectiveness of the two architectures
in achieving accurate disease classification.

Performance of Baseline CNN Model
In this section, we delve into a comprehensive analysis of the performance of the Baseline Convolutional
Neural Network (CNN) model, which was trained over 20 epochs. The model's evolution is assessed

through a detailed examination of training and validation metrics at each epoch.

Table 4 Epoch-wise Performance Metrics

Epoch  Training Loss Training Accuracy Validation Loss Validation Accuracy
1 0.9230 0.4620 0.8620 0.4635
2 0.7242 0.6832 0.5449 0.7656
3 0.4783 0.8019 0.3428 0.8594
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4 0.2931 0.8874 0.4933 0.7969
5 0.5106 0.8114 0.5173 0.8073
6 0.3533 0.8521 0.4113 0.8333
7 0.2590 0.8948 0.2158 0.8906
8 0.2314 0.9152 0.2769 0.8854
9 0.2057 0.9152 0.1712 0.9427
10 0.1560 0.9335 0.1970 0.9271
11 0.1371 0.9403 0.2613 0.8750
12 0.1069 0.9518 0.0773 0.9688
13 0.0773 0.9708 0.1021 0.9531
14 0.1170 0.9579 0.0824 0.9635
15 0.0913 0.9627 0.0746 0.9635
16 0.1486 0.9464 0.0887 0.9583
17 0.0665 0.9742 0.0413 0.9844
18 0.1036 0.9600 0.2527 0.8802
19 0.1053 0.9539 0.1112 0.9583
20 0.0752 0.9715 0.0874 0.978

The learning curve indicates a consistent improvement in both training and validation accuracy as the
epochs progress. The model demonstrates an ability to learn from the training data, as evidenced by the
decreasing trend in training loss. Validation accuracy increases, signifying successful generalization to
unseen data.

Training and Vvalidation Accuracy Training and validation Loss

10 - TWaining Loss
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i
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Figure 2: Performance of CNN
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Figure 3: Prediction of Potato Diseases

Performance of Modified CNN Model

This section delves into a detailed examination of the Modified Convolutional Neural Network (CNN)
model's performance, which was trained over 50 epochs. A comprehensive analysis is presented, featuring
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epoch-wise metrics and a comparative assessment against the Baseline CNN model.

Table 5: Epoch-wise Performance Metrics

Epoch  Training Loss Training Accuracy Validation Loss Validation Accuracy
1 0.8802 0.5341 0.8462 0.5938
2 0.6033 0.7396 0.6225 0.6979
3 0.3647 0.8403 0.3065 0.8802
4 0.2776 0.8999 0.2702 0.8750
5 0.2448 0.8953 0.1857 0.9062
6 0.2020 0.9144 0.2987 0.9115
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10
11
12
13
14
15
16

17
18

19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41

0.1751
0.1436
0.1128
0.1218
0.1524
0.1062
0.1299
0.0971
0.0967
0.0764

0.1157
0.0947

0.0737
0.0518
0.0473
0.0510
0.0510
0.0820
0.0459
0.0361
0.0461
0.0414
0.0424
0.0348
0.0437
0.0439
0.0558
0.0412
0.0312
0.0431
0.0353
0.0206
0.0307
0.0143
0.0196

0.9288
0.9444
0.9583
0.9549
0.9398
0.9578
0.9549
0.9601
0.9659
0.9676

0.9543
0.9659

0.9711
0.9815
0.9826
0.9803
0.9792
0.9670
0.9844
0.9867
0.9838
0.9838
0.9861
0.9873
0.9821
0.9855
0.9774
0.9821
0.9902
0.9844
0.9896
0.9936
0.9913
0.9948
0.9936

0.1854
0.2273
0.1425
0.2310
0.0774
0.1787
0.0929
0.1230
0.0804
0.1225

0.2200
0.1852

0.0923
0.0678
0.0516
0.3043
0.2573
0.0828
0.0912
0.0354
0.0364
0.1192
0.0509
0.1987
0.0371
0.1708
0.1559
0.1024
0.0919
0.0217
0.0092
0.0079
0.0209
0.0240
0.0441

0.9375
0.9167
0.9479
0.9115
0.9688
0.9427
0.9531
0.9531
0.9635
0.9531

0.9219
0.9271

0.9583
0.9688
0.9740
0.8958
0.9062
0.9635
0.9740
0.9844
0.9844
0.9479
0.9844
0.9531
0.9948
0.9375
0.9531
0.9583
0.9583
0.9948
1.0000
1.0000
0.9896
0.9896
0.9844
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42 0.0382 0.9832 0.2912 0.9271
43 0.0416 0.9832 0.0425 0.9896
44 0.0162 0.9948 0.0567 0.9792
45 0.0990 0.9653 0.0892 0.9688
46 0.0243 0.9919 0.0174 0.9948
47 0.0476 0.9844 0.0217 0.9896
48 0.0184 0.9931 0.1227 0.9635
49 0.0298 0.9884 0.0528 0.9844
50 0.0189 0.9896 0.0064 0.9895

The Modified CNN model demonstrates a remarkable performance improvement throughout the 50 epochs.
Both training and validation accuracy consistently increase, while the training loss decreases. This suggests
that the model effectively learns from the data and generalizes well to new, unseen samples.
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Figure 3 Modified CNN Performance
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By contrasting the Baseline and Modified CNN models, we can demonstrate the efficacy of the
modifications. The Modified CNN model shows superior learning abilities compared to the control group
in both the training and validation sets. The model's enhanced generalizability to heterogeneous data is
demonstrated by notable enhancements like reduced training loss and improved validation accuracy.

A thorough evaluation of the Modified CNN model's performance is provided by the comparison analysis
and epoch-wise metrics, which highlight its improvements and advantages over the Baseline model.
Additional observations and debates will be provided in the sections that follow.

Comparative Performance Analysis

In this section, we thoroughly compare the performance of the Baseline CNN Model with the Modified
CNN Model. Various metrics, including accuracy and loss, are scrutinized to assess the efficacy of the
modifications made to the CNN architecture.

https://academia.edu.pk/ |DOI: 10.63056/ACAD.004.04.1246| Page 4056



https://academia.edu.pk/

ACADEMIA International Journal for Social Sciences
Volume 4, Issue 4, 2025 ISSN-L (Online): 3006-6638

Table 6: Baseline CNN Model

Metric Training Set Validation Set
Accuracy 0.9715 0.9306
Loss 0.0714 0.1737

Table 7: Modified CNN Model

Metric Training Set Validation Set

Accuracy 0.9948 0.9895

Loss 0.0189 0.0064
DISCUSSION

Accuracy Improvement: The Modified CNN Model demonstrates a substantial accuracy improvement,
achieving nearly perfect accuracy on both the training and validation sets. In contrast, the Baseline CNN
Model, while performing well, has a lower accuracy on both sets.

Losses during training and validation are substantially reduced in the Modified CNN Model compared
to the Baseline model. It is evident that the model's ability to generalize to new data and reduce training
errors has improved with lower loss levels.

Overfitting Mitigation: The reduction in loss and enhanced accuracy of the Modified CNN Model suggests
effective regularization, mitigating overfitting concerns. The model generalizes better to new data, as
evidenced by its flawless accuracy on the validation set.

Training Efficiency: The Modified CNN Model achieves a higher accuracy with fewer epochs, indicating
improved training efficiency. This efficiency can be crucial in scenarios where computational resources are
limited.

Table 8: Comparative Results Table

Model Accuracy Accuracy Loss (Training Set)  Loss (Validation Set)
(Training Set)  (Validation Set)

Baseline CNN  0.9715 0.9306 0.0714 0.1737

Model

Modified 0.9948 0.9895 0.0189 0.0064

CNN Model

The Comparative Performance Analysis clearly indicates that the modifications made to the CNN
architecture result in a significantly improved model. The Modified CNN Model exhibits higher accuracy,
lower loss, and superior generalization capabilities. This enhanced performance is essential for robust and
reliable predictions on new and diverse data. Further discussions on the implications and potential
applications of these findings will be presented in subsequent sections.
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KEY FINDINGS

Examining the Baseline CNN Model reveals how well it performs on picture categorization tasks. On the
validation set, the model achieved an impressive accuracy of 93.06%, proving its worth. It is clear that this
model does well when trained on new data, as the validation loss is 0.1737 and the training loss is 0.0714.

The Modified CNN Model, in contrast, showed even more astounding outcomes thanks to its almost
flawless accuracy. The model showed immense improvement, with a validation set accuracy of 98% and a
training set accuracy of 99.48%. Improvements to the model's performance were evident from reduced loss
values of 0.0064 on the validation set and 0.0189 on the training set following the adjustments.

LIMITATION

Despite the positive outcomes, certain limitations need to be acknowledged. The study faced constraints
The limited size of the dataset might impact the model's performance to generalize across diverse scenarios.
Additionally, computational resources posed limitations on the exploration of more complex model
architectures. Overcoming these constraints would undoubtedly contribute to a more comprehensive
evaluation.

CONCLUSION

In conclusion, the study provides a nuanced exploration of Baseline and Modified CNN Models for image
classification. While the Baseline model exhibited commendable performance, the Modified model's
substantial enhancements underscore the significance of thoughtful model architecture modifications. This
study's findings pave the way for future advancements in image classification and offer crucial new
knowledge in this field. Despite the achievements, the study acknowledges its limitations, emphasizing the
need for a more extensive dataset and advanced computational resources. The recommendations outlined
in this section serve as a roadmap for future research, offering avenues for further refining and extending
these models for diverse applications. The numerical results, detailed findings, and recommendations
collectively contribute to a comprehensive understanding of the study's outcomes.
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