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ABSTRACT

Mangoes are grown in different countries for economic value, but tree’s leaves are prone to getting
certain diseases that may be destructive on the economical crops. This paper therefore presents in
this research the use of machine learning to provide a novel approach towards the identification
and categorization of diseases on mango leaves. Primarily, the use of image analysis and feature
extraction enables us to perceive the pictorial characteristics associated with all the diseases using
the Histogram of Oriented Gradients (HOG) features. Combating challenges such as the inequity
of the mango leaf images’ feature representation, distribution imbalance between classes, and
model optimization, the proposed study employs a dataset with 4,000 images collected from
multiple plantations. The results obtained by the experiment show the works of Logistic
Regression, SVM, Random Forest, and XGBoost algorithms in distinguishing the healthy and the
malignant mango leaves more accurately. Also, the implications of this research on supporting the
sustainability of agriculture are discussed, especially regarding the effectiveness of the proposed
classification models for early diagnosis and mitigation of diseases in mango production.
Altogether, this research study is significant to the development of the methodologies within the
field of precision agriculture, as well as stress the necessity of using the machine learning approach
to the problem of crop disease detection.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

This sector controls world economy and is a source of food and income for many. In
this context crop health is paramount since disease affects the yield and quality of the
crop plants. It is scientifically known as Mangifera indica. The fruit is known
domestically and internationally and is among the many fruits with the highest
recognition. Bangladesh follows India, Pakistan, Mexico, Brazil, and Philippines to
occupy the eighth rank in mango production [1]. To ensure that productivity is
optimised and that such costs are eschewed, these diseases must be named and tackled.
Sniffing for illness in particular is time-consuming, qualitative, and somewhat
inaccurate. The use of technology in the diagnosis of agricultural diseases got enhanced
with the use of tools such as machine learning. The use of artificial intelligence in the
form of machine learning helps in the fast and precise identification of plant diseases.
This study focuses on applying machine learning techniques to diagnose the mango leaf
diseases. Thus, the research is nuanced and addresses subtle differences in symptoms
that affect a person’s ability to be visually identified and discriminated. This work
focuses on the complete ML process right from data collection to model creation,
training and integration into efficient mango leaf disease identification frameworks. To
classify healthy and diseased Mango leaves three prominent classification algorithms
of Supervised learning that was used: Support Vector Machine, Random Forest and
Gradient Boosting. In a study, a sample of 4000 photos comprising of healthy and
diseased mango leaves is employed in training and testing software with the ability to
diagnose mango leaf health. The paper also looks at techniques of preprocessing the
data used in machine learning models. Starting from the Histogram of Oriented
Gradients (HOG) feature extraction to the parallel processing of feature extraction for
faster implementation, all the techniques are introduced to test their impacts on the
enhancement of the model accuracy. It contributes to the identification of agricultural
diseases and demonstrates how machine learning can solve agricultral issues. This will
facilitate the enhancement of farmers’ and other stakeholders’ knowledge on measures

that would enhance the health and productivity of Mango crops.
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1.2 Problem Statement

Mango is one of the most vital fruits consumed and grown widely across the globe,
however this is at risk from diseases that affect its leaves. Farmers have to diagnose
them timely and effectively in a bid to prevent and manage these diseases for the sake
of high production and quality crops. In traditional systems, the starting point is the
identification of an illness through visual inspection, which is tedious, imprecise, and
time-consuming. The symptoms of different diseases affect the mango leaves and are
slightly different from each other and this makes it difficult to diagnose the diseases or
differentiate between them. To overcome such challenges there is need for automated
and precise mango leaf disease detection technologies. Machineries like machine
learning and computer vision can enhance the traditional methods of detection.
Diseased mango leaf identification can be fast and accurate by using machine learning
techniques to automate the process. The objective of this study is to develop and
evaluate Mango leaf disease detection using artificial neural networks. In the study,
Support Vector Machine (SVM), Random Forest, and Gradient Boosting and logistic
regression are used on machine learning classification algorithms to determine which
can accurately distinguish between good and diseased mango leaves using images.
Thus, the work also explores the impact of feature extraction and improvement on
machine learning model performance. This project seeks to enhance diagnostic
techniques in crops, particularly the diseases affecting mango tree leaves. The ultimate
aim of this is to equip the farmers and stakeholders with efficient and strong tools for
early disease diagnosis that will help to avoid crop failures.

1.3 Motivation

This research is therefore being conducted because Mango production plays a very vital
role in global agriculture and there is need to offer solutions to the diseases affecting
Mango leaves. The global fruit crop, especially the mango, known well for economic
and cultural importance, is an essential fruit crop in different places of the world. Many
countries depend on it for income and DoA especially for people in agricultural regions.
Nonetheless, the sustainable growth of Mango faces setbacks because of the numerous
diseases prevalent in the plants’ leaves. These diseases decrease the health and vitality
of Mango trees and also cause substantial loss in the production of fruits and income
impact on the farmer and others. The traditional diagnosis of diseases which primarily

involves visual examination is not efficient in diagnostic accuracy and effectiveness
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with diseases that affect Mango leaves. Nonetheless, due to its subjective nature and
inability to assess products in large batches, visual examination is not suitable for mass
production and can offer information that is not sufficient for the effective management
of diseases promptly. Hence, there is a very high need to look at other approaches that
attempt to harness technological advancement to reverse the current situation in
identification of Mango leaf diseases. Mango leaf diseases can be automated and
diagnosed with high efficiency with the help of machine learning and computer vision.
The potential of this project is to somehow close up the existing gap in available disease
detection technology and the demands of growing mango farming. The goal of this
project is to use the farmer’s knowledge to develop a machine learning algorithm for
mango leaf disease diagnosis and categorization. Planting, cultivating and protecting
crops in the modern world requires equipment and knowledgeable personnel. Our
personal goal and aspiration for the present research is to contribute knowledge for the
enhancement of agricultural science and technology. Our goal is to enhance the
production of mango and guarantee supply for the following generations.

1.4 Research Objective

The purpose of this study is therefore to develop and compare a machine learning model
for disease diagnosis on mango leaves in an effort to increase its efficiency than
otherwise current models. The main aim is to develop a forecasting model to enable
differentiation between healthy and infected mango leaves so that they can be treated
immediately without losing any crops.

1. Develop a Predictive Model: The main objective is to create a powerful
machine learning model that will predict the wellness status of mango leaves
based on the data retrieved from images.

2. Evaluate Model Performance: Compare the created model to current
Mango leaf disease detection models. To ensure the model successfully
classifies Mango leaves, precision, recall, and F1-score will be assessed.

3. Enhance Accuracy: Use feature extraction and algorithm tuning to improve
the model's ability to discriminate healthy and diseased mango leaves. This
includes testing preprocessing methods to improve feature representation and

categorization.
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Hence, this study seeks to provide a more unique, accurate, and a more developed
machine learning solution to mango leaf disease diagnosis for farmers and stakeholders

in order to enhance their disease diagnosis.

1.5 Expected Outcome

The anticipated result for this research is to have high precision and reliability of the
proposed machine learning for detecting and classifying Mango leaf illnesses. The
created model is expected to be more reliable in differentiating healthy and unhealthy
Mango leaves than the current methods hence creating a more effective tool for farmers
and stakeholders to diagnose the disease at its early stage. For the referred problem, it
is expected that the machine learning model that is in the process of being built will
achieve enhanced accuracy, precision, recall, and F1-score when compared to previous
models for Mango leaf disease detection. The new model’s usefulness and
dependability in real-life circumstances will be thoroughly examined and validated by
implementing the generated base that comprise healthy as well as the diseased Mango

leaves.

In addition, integrating preprocessing methods including feature selection, will likely
enhance the general performance of the model by a huge percentage. The purpose of
the research is to apply state-of-art machine learning algorithms and approaches to
create effective and robust solution for diseases recognition and categorization on
Mango leaves.

Therefore, the final apprehensible outcome of this research is to contribute positively
to the field of agricultural disease detection with regards to Mango production. The
purpose is to provide farmers with effective products and labour-tro bulbs and
knowledge to safeguard their crops as well as to increase the yield rates of agricultural

products.
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CHAPTER 2
LITERATURE REVIEW

2.1 Literature Review

Regarding the classification of diseases that affect the mango leaves, Deeba et al. [2]
introduced a deep neural network model based on ResNet. Classification accuracy
attained by the experimental analysis was 98 percent. Here, as in previous cases, an
increase in accuracy went hand in hand with an increase in the computational cost when
the execution time was decreased. Rizvee et al , propose LeafNet, which is a method
used by the researchers for the detection of mango tree diseases using CNN [3]. This
proposed model is capable to identify and categorise seven common diseases of mango
in Bangladesh, such as the Anthracnose, Die Back, Gall Midge, Bacterial Canker,
Cutting Weevil, Powdery Mildew and Sooty Mould with the help of new dataset of
images from region of interest. Comparing the results of 5-fold cross-validation, it can
be noted that the mean values of the models LeafNet are higher than AlexNet and
VGG16; 508%, 99. 45%, 99. 47%, and 99. Is revealed the high elevator of the
effectiveness is 878% for accuracy, precision, recall, F-score, and specificity. Naik et
al. [4] describe the classification and the assessment of mangoes using pre-trained
convolutional neural network (CNN) models. For the classification purpose, four linear
classifiers SVM, LR, NB, RF are compared. Moreover, nonintrusive mango sorting
procedures, that involve the CNN and deep learning algorithms, are also included in
the study. Five CNN models were under discussion: Such as Inception v3, Xception,
ResNet, DenseNet, and MobileNet. The Rank-1 accuracy of these models hit a high of
91. 43%, and soared to 22 for the highest ladder step. 86% across multiple evaluations.
In regard to the linear classifiers, CNN models including Xception and MobileNet
achieved good performance, whereas SVMs and LR had low performances. To detect
diseases in their earliest stages, the Mango Al was developed by Pham et al. [5], is an
Avrtificial Neural Network. In the work, an artificial neural network (ANN) is used to
detect initial diseases of plants, namely Anthracnose, Gall Midge, Healthy,
and Powdery Mildew. The ANN out-performs the CNN models (ResNet-50, VGG16,
and AlexNet) to some extent, this is due to its simpler network architecture suitable for
low-end devices like smart phones , and would benefit farmers during fieldwork.

Realizing that there was not much data, they incorporated Transfer Learning to do this
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to the CNN model. But the model size as well as the inference time was not mentioned
in this regard. Another study by Kusrini et al for proper training of the model used a
ML approach, with a pre-trained VGG-16 deep learning model. Deep learning is carried
out on a VGG-16 model, and a 2 layers fully connected network is trained. Besides, it
explores the practical issues associated with the Indonesia mango’s producers in the
acquisition and processing of visual data. The accuracy of the training solution on
validation an testing datasets stands at 73 percent. In their research work, Mia et al tried
to analyze the capability of SMV and NN in manufacturing diseases on mango leaves;
the former was able to attain a rate of 80% accuracy. [7]. The recognition rates were
limited because color and texture signals were omitted even though market needs were
satisfied due to the geometric alterations. In regarding to this, our study extends
previous works by applying deep learning approaches to improve the model’s
performance and overcome these challenges to achieve a real-world disease diagnosis
in practical time. In one of the most extensive reviews, Saleem et al. [8] discerned recent
Developments of Deep  Learning methods for identifying  and
categorizing plant diseases.

2.2 Scope of the Problem

This paper aims at using machine learning techniques to diagnose mango leaf diseases.
undefined

Dataset Overview: Using the dataset of mango Photos containing healthy and diseased
mango leaves with attributes like leaf size, its texture among others.

Preprocessing and Exploration: This step involves data pre-processing whereby general
image pre-processing methods like scaling and normalization are applied. For obtaining
salient features from the captured photos of mango leaves, morphological features like
Histogram of Oriented Gradients (HOG) and Convolutional Neural Networks (CNNs)
are applied.

Model Preparation and Evaluation: Thus, the training set and the testing set are derived
from the given dataset to overcome the problem of class imbalance and outliers.
Support Vector Machines (SVM), Random Forest, and Gradient Boosting are trained
and evaluated on the data set to detect the reliability of the model in diagnosing diseases

affecting mango leaves.
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On-Device Deployment: These models are optimized for Personal computers and
mobile devices with the intent to enhance on-device performance. Efficient inference
on resource limited devices is then considered by exploring model conversion to

TensorFlow Lite.

Therefore, high performing ML models which can accurately distinguish healthy and

sick mango leaves for early detection and control of the diseases are essential.
2.3 Challenges

Here are a few critical factors that need to be resolved for the successful running of the
project while executing the machine learning solution for mango leaf disease.
Dataset Quality and Diversity: That is why to train powerful machine learning
models for recognizing mango diseases one needs a high quality and diverse dataset of
mango leaf photos. Seasonal changes and conditions of the mite also reduce the ability
to obtain systematic samples of Mango leaf disease at different levels of development
and disease intensity.

Extraction and Representation: To ensure that classification is precise and
achieves the intended objective of analyzing disease-prone mango leaves, the features
to be derived from the images of mango leaves must be informative. Nevertheless,
deciding discriminative features, particularly in the conditions of noise and variation,
demands much investigation and trial.

Model Generalization and Robustness: In real-world scenarios, one must ensure
that quality pictures of Mango leaves are properly classified through generalization of
the learned algorithm on unseen Mango leaf pictures and across different conditions
and environment settings. Protection against spectral washout by sunlight, visual
background interference, and variation of leaves’ plane orientation is challenging.
Performance and Resource Constraints: It has to be noted that improving models
for on-device operation, particularly on resource-scarce devices such as mobile phones
and edge devices, requires careful balancing of the model’s performance and resource
requirements. In theory, it is indeed challenging to strike a balance of the model’s
complexity, speed of inference and memory consumption, and performance in

classification.
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To solve these problems, it is required to apply the knowledge of the certain subjects,
come up with the certain ideas and thoroughly check everything. The objective of this
research is to contribute to a significant and practical approach towards the
classification of mango leaf diseases so that it shall be beneficial to the agricultural

decision-making and several disease control activities.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 Proposed Methodology Work Flow Diagram

However, there is no straightforward Mango leaf picture classification therefore
this research seeks to create a procedure. The use of folders in the loading of
picture data initiates the workflow. After that, the Histogram of Oriented
Gradients (HOG) features with details of shape and texture are extracted from
the images for classification. Subsequently, From the extracted features,
machine learning classifiers learn the pattern and relations of data. Classifiers
are evaluated after training with performance measures to evaluate how well
they perform in distinguishing Mango leaf photos. Plots depict parameters such
as accuracy, precision, recall rates as well as Fl-score of the employed
classifier. To present classification results and to especially emphasize errors of
classification, confusion matrices are generated. Subsequently the classifiers are
applied and that marks the conclusion of the process for training. With this
systematic approach it becomes easier to sort through pictures of mango leaves;
assisting in the identification of agricultural diseases and management.

Workflow Diagram

Start

-

Load Images

i

Extract Features

-

Train Classifiers

-
Evaluate
Classifiers
-

-~
-
Plot Classifier Plot Confusion

Performance atrices
-

Deployment
|

End

Figure 3.1: Workflow Diagram of Proposed Model
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3.2 Introduction to Dataset

A dataset of 4,000 mango leaf pictures in JPG format was collected through the Kaggle
data sharing site. Photographs used in each research have a dimension of 240 pixels by
320 pixels. Among these photographs, One thousand eight hundred of the photographs
depict different varieties of mango leaves that were obtained from various sources.
Another 2,200 images were synthesized using the augmentation techniques to increase
the parameter space because in its raw form the dataset was deemed to be too much
uniform. The data collection process included four Mango plantations in Bangladesh
namely the Mango plantation of Sher-e-Bangla Agricultural University, the Mango
plantation of Jahangir Nagar University, the Udaypur Village Mango plantation and the
Itakhola Mango plantation. Hence, the given dataset is highly appropriate with binary
classification problems, especially the discrimination of healthy and diseased mango
leaves because the traits are rather distinguishable and easily interpretable. Besides, it
is appropriate for the multi-class categorization problem, which helps to distinguish one

type of diseases from another that affects mango leaves.

(a)

Figure 3.2: Sample images for each class (a) healthy, (b)unhealthy
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3.3 Data Preprocessing

The pre-processing phase in image classification is crucial for preparing raw picture
data for feature extraction and subsequent model training. This section describes the
pre-processing stages used in the pipeline for picture classification using Histogram of
Oriented Gradients (HOG) features.

1. Library Import: The pre-processing pipeline starts by importing essential
libraries, such as os, cv2, numpy, and hog from skimage.feature, as well as Parallel and
delayed from joblib. These libraries offer resources and methods for modifying images,
extracting features, and doing parallel processing.

2. HOG Features Extraction: HOG features, which capture both shape and texture
information from pictures, are obtained using OpenCV (cv2) and scikit-image's hog
module. During this step, the RGB images are transformed into grayscale and HOG
features are calculated for each image.

3. Parallel Processing: In order to speed up the process of extracting features,
parallel processing is implemented using the Parallel and delayed functions from the
joblib library. This allows for the concurrent extraction of HOG features from many
images by utilizing all the CPU cores available, resulting in a substantial reduction in
processing time.

4. Import images and extract their features: The function is designed to
randomly choose images from specified directories and utilize parallel processing to
efficiently extract HOG features and their accompanying labels. This function
guarantees the efficient processing of the full dataset, irrespective of its magnitude.

5. Transformation to NumPy Arrays: After extracting the features, they are turned
into NumPy arrays to facilitate additional processing. NumPy arrays offer a practical
and effective way to store and manipulate extracted features, making it easier to do

tasks like model training and evaluation.

The pre-processing pipeline establishes the foundation for later stages in the image
classification workflow, simplifying the feature extraction process and ensuring that the

raw image data is properly prepared for model training and classification.
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HOG Feature Extraction Workflow Diagram

End
’I'
!
/
)
!
Extract HOG Features Start
A
\ {
\ /
\ I
\ /
\ o
Convert to Grayscale Load RGB Image
. -
N e

Resize Image

Figure 3.3: Data Preprocessing Steps

3.4 Classification

As for the classification phase of the Mango leaf image classification pipeline, for the
classification of Mango leaf images from the derived HOG features, SVM, Random
Forest, Gradient Boosting, and Logistic Regression techniques were used. The training
step involved feeding the extracted features into the classifiers for them to learn about
the relationship that exists between features and their classes. The decision on the
number of features to be used also formed part of the hyperparameters and therefore
hyperparameter optimization was performed to reduce overfitting with the aim of
improving the performance of the classifier. Given below are some of the evaluation
parameters by which the performance of the classifier was established: accuracy,
precision, recall, and F1-score. These metrics gave somewhat of a feel of how good the
classifier was in differentiating between Mango and other leaves. While analyzing the
classifier studies, it was observed that Random Forest excelled in providing the highest
accuracy of 84%. Thus, confusion matrices were employed to analyze the classification
outcomes and identify eventual misclassifications. In presenting the findings, focusing
on improvement, challenges, and possibilities of the study proved useful in revealing
the effectiveness of various classification algorithms for Mango leaf image
classification.
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3.5 Feature Extraction

Feature extraction is one of the major steps in image classification. Its aim is to extract
significant features and features from raw picture information with the help of which it
can be further sorted effectively. Thus, our approach will rely on extracting Histogram
of Oriented Gradients (HOG) features which have been proven to be highly efficient
for VOIs considering tasks such as object recognition and classification. The hog
function is chosen from the scikit-image package to compute HOG features and
subsequently, analyse Mango leaf images. These features capture local shape and
texture by looking at the gradients and their magnitudes within small spatial
neighborhoods. The procedures of scaling, conversion into grayscale, and
normalization are applied to the initial stage of feature extraction since they make the
recognition process more efficient and enable to recognize images regardless of their
size and changes in lighting conditions. That is, the parameter configuration would
have been opted in a way that would undergo experiment and validation to give the best
feature representation. The HOG features that have been extracted are combined into
what is referred to as feature vectors, which consists of shape and texture information
which are useful when using machine learning techniques. Further, there is always a
way of selecting features or reducing dimensionally by applying of ‘Principal
Component Analysis’-PCA. The steps of feature extraction unmistakable provide a
good ground of accurate classification of Mango leaf photos and distinguishing
between the healthy and diseased leaves as per the features associated with them and
the photography.Figure- 3.4 shows the sample images of healthy and diseased mango
leaves after extracting the features.

(a)

Figure 3.4: Sample images for each class (a) healthy, (b)unhealthy after feature

extracting
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3.6 Model Training

As for the image classification portion of our described process, the model training is
used to train the classifiers on the machines, which points to specific features within
data to look for particular patterns and relations. Mango leaf image classification
popular classifiers include Support Vector Machine (SVM), Random Forest, Gradient
Boosting and Logistic Regression. These classifiers are also useful when it is difficult
to manage the features of the message and the interactions that occur between the
various data processing models and methods, especially when the feature space is high-
dimensional. The training process starts by splitting the data set into training and a
validation set by means such as cross validation or hold out validation. Training set is
the data which classifier constructs its model on, validation set is used to adjust the
model so that they do not over fit. Feature selection is done for each classifier using
methods like grid search or random search that help in finding the best set of
hyperparameters for that classifier. These hyperparameters include the amount of
regularization to apply, the choice of kernel in the case of SVM, the number of trees to
construct in the case of RF and GBTSs, and the learning rate of the latter. The training is
followed by the evaluation of classifiers on another test set in order to estimate
generalization capability. As for the evaluation of the classifier’s performance,
accuracy, precision, recall and F1-score are measured. In addition, to show the results
of the classification visually and identify cases of misclassification, confusion matrices
are constructed. An analysis of the results from training the model offers valuable
insights on the performance of the classifier, the impact of hyperparameter
optimization, and the effectiveness of various classifiers for classifying

Mango leaf images.
3.7 Model Evaluation

The model evaluation section is therefore quite important so that one can be able to
determine to what extent trained classifiers are accurate in the classification of images
of mango leaves. For evaluation of classifiers with regard to their ability in
distinguishing between healthy leaves and malignant leaves, performance indicators
including F1-score, accuracy, and precision together with the recall measurements are
used. To facilitate the analysis of classifiers’ performance and identification of
misclassified instances, confusion matrices are created in the form of a table. Regarding

the general performance of classifiers in the differentiation of graphical representations
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of mango leaves, comparative analysis of the generated attributes and confusion tables
can be used. Information on classifiers’ proficiency can be derived through an analysis
of the evaluation results emphasizing classifier intricacy and feature preciseness.
Subsequently, to promote the precision and thereby the robustness of mango leaf image
classification, the following are suggested improvement areas and prospective research
directions based on the evaluation outcomes.

3.8 Prediction/ Testing

The prediction and testing phase requires the use of classifiers that have been taught to
predict on new unseen pictures of mango leaves and the effectiveness of such classifiers
in real world conditions. Thus in the dataset preparation phase an exclusive dataset
containing unseen mango leaf images is collected and carefully selected to evaluate the
robustness and generalization capability of the classifiers. Subsequently, predictions
which are on the basis of learned features and patterns about each image using the
trained classifier such as Random Forest, Gradient Boosting, SVM, and Logistic
Regression are generated for healthy or diseased mango leaves. The evaluation of the
performance on the unobserved dataset is done with the help of parameters like
accuracy, precision, recall, and F1 score. Based on these metrics, it is possible to gain
additional understanding of the classifiers’ ability to generalize the results and apply
the results obtained to new data and images of mango leaves in real-world situations.
The assessment of the prediction and the test outcomes determine the effectiveness of
each classifier, highlight the challenges that may have faced and stress future
possibilities of improvement. In this stage, an assessment of the newly developed
classifiers capability, to correctly classify unseen Mango Leaf samples, is made. The
findings of this evaluation can be of great benefit as prescriptions for the subsequent

research investigations and real-life interventions.
3.9 Result/ Output

The prediction and testing phase involves the training of classifiers and testing them on
new unseen pictures of mango leaves and general efficiency of such classifiers in real
life. Therefore in the data gathering stage of the work, a separate unknown dataset of
mango leaves images is developed and chosen in order to check on the performance
and reliability of the classifiers. Then, predictions concerning the features and pattern
about each image that has been learned using the trained classifier like Random Forest,
Gradient Boosting, SVM, and Logistic Regression are generated as either healthy or
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diseased mango leaves. The performance on the unobserved dataset is measured with
the help of parameters like, accuracy, precision, recall and F1 score. From these criteria,
it is possible to obtain further insights of the classifiers’ capacity in generating
generalization and prying the results achieved into the future data and images of mango
leaves in real-life situations. Lesser accuracy of the assessment of the prediction and
the test outcomes helps to depict how efficient the classifier was, the challenges which
might have been met head and imagine the future prospects for enhancement was
calculated. In this stage, an evaluation of the newly developed classifiers ability, in
correctly classification of other unseen Mango Leaf samples, is done. The research
finding of this evaluation can be used greatly as prescriptions for the successive

research investigations or actual community interventions.

Image Classifier

HOG Feature Preview

Figure 3.5: User Interface of the Mango Disease Identification App.
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3.10 Essential Tools and Equipment

Computing systems consist of two main components.

Hardware and Software:

Computing platform: The computing platform used was Google Colab, which is a web-
based integrated development environment (IDE) that facilitated smooth coding and
execution of machine learning algorithms.

Computing Resources: Availability of enough computing resources, such as a
dependable hard disk for storing data and a fast internet connection for effective data
transfer and model training.

Cutting Edge Libraries:

matplotlib. pyplot: matplotlib. pyplot is another library concerning visuals and charts
to analyze data and the performance of the model.

Numpy : Numpy is a commonly used packages which provide tools for computing with
large, multidimensional, dense arrays and matrices, and these emulate the properties of
numerical operations in Programming Languages and basic data types in computers’
memory. It provides an opportunity to achieve maximal control over the information
manipulation and calculations.

Pandas: Pandas is a tool employed in data manipulation and analysis making the
handling of structured data easy.

Seaborn: Seaborn is the library which is used to enhance the graphics related to
statistical data and consists of advanced features of data visualization.

SHAP: Sought the SHAP values, which are measures used in computing the importance
contributors and explainability of the model.

Warnings: They are used to address concerns of warning messages that may be
encountered in the execution of code hence enhancing proper running.
RandomForestClassifier and XGBClassifier : That is RandomForestClassifier and
XGBClassifier are two classifiers that are commonly used in machine learning
particularly for classification tasks. They are used for making accurate and robust
prediction models because of their ability in this function.

Accuracy score, classification report, cross val score, and train test split functions: The
accuracy_score and classification_report functions are important for measuring the
effect of the models, while cross_val_score is important for cross validation processes

and train_test_split function is used for splitting the dataset into training and testing
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data sets by splitting the data. They also permit to measure the accuracy, generate a
classification report, perform a cross-validation, and split datasets into training and
testing sets.

Standard Scaler: The StandardScaler is used to make the features have zero mean and
unit variance and will work in this way. This guarantees that different scales of the-
feature give a similar result leaving out undesirable feature variability.

Essential Equipment:

Operating machine: The project was created on a Windows 11 machine, which offered
a reliable and familiar environment for coding and development.

Dataset: The dataset for the project was obtained via the KAGGLE platform, offering
a varied and extensive dataset for both training and evaluation purposes.

Models: The key methods chosen for classification are Support Vector Machine
(SVM), Random Forest, and XGBoost.

3.11 Random Forest classifier

Random Forest's robustness to overfitting and capacity to handle noisy data make it
rather appropriate for the classification project utilising mango leaf photos. Using
Random Forest and a varied set of features derived from photos of mango leaves, an
ensemble of decision trees built can remarkably accurately represent the complex
correlations between characteristics and class labels. Our aim is to build a robust
predictive model differentiating between healthy and diseased mango leaves by means
of Random Tree utilising This approach would let producers decide how best to handle

early disease detection and crop management.
3.12 Support Vector Machine (SVM)

The applicability of Support Vector Machine’s implementation in a real-life project like
ours, that classifies images of mango leaves, can be deemed highly effective because
of the algorithm’s ability to handle high dimensions and non-linear decision planes.
This fact can be proved in the case when image of mango leaves having complex
textures and patterns are taken, SVM is able to find the right hyperplane for the
classification. The goal of this work is to propose a means to categorize mango leaves
as healthy or diseased employing SVM, contributing to work in agricultural
management and disease identification. All through out our experiments, SVM

was 73% accurate.
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3.13 XGBoost Classifier

The use of XGBoost in the execution of our project which entails detecting the mango
leaf diseases by classifying images of the leaves is relevant most especially due to the
model’s ability to handle large datasets containing features of high dimensions. In this
study, we use a dataset of Mango leaf images that contains various features
encompassing practically all characteristics one could derive from a Mango leaf;
feeding this data to gradient boosting framework of XGBoost allows the machine to
learn from the data and incrementally improve model performance. As a result, in this
paper, our goal will be to develop a complex classification model based on the XGBoost
algorithm that can effectively sort mango leaves as healthy or diseased. This will foster
timely interferences and consequently improve agricultural yield in the nation. In all

the experiments XGBoost kept a high accuracy of 83% throughout the experiment.

3.14 Logistic Regression

While using Logistic Regression may seem to be a somewhat more simple approach
than SVM, Random Forest, and XGBoost, it does not decrease its importance because
the goal of such an analysis is to create a baseline for the evaluation and interpretation
of the results. Logistic Regression is employed in mango leaf image classification
project as a basic model that can effectively solve direct classification problems. Hence,
our goal is to identify the level of performance at which additional complex models
increase and assess the performance enhancement attained by means of Logistic
Regression. Also, through graphical representation of classes and features, Logistic
Regression enhances the interpretability of our classification result. The percentage

accuracy of Logistic Regression was 72% in the above said experimental trials.

3.15 Financial Analysis

The table below provides an overview of the projected expenses related to different
aspects of our project. The cost of each component is stated in Bangladeshi Taka
(BDT), offering a thorough breakdown to ensure a clear comprehension of the project's

financial needs.
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Table 3.1. Estimated cost of our project

SN | Components Estimated Cost (BDT)
01. | Data Collection and Processing 40,000-50,000

02. | Development 150,000-200,000

03. | Maintenance 100,000-120,000

04. | Domain and Hosting 25,000-50,000

05. | Documentation and Report Writing 1000-1200

06. | Miscellaneous 10,000-12,000

07. | Contingency 10,000-15,000

Total Estimated Cost

336,000-448,200
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CHAPTER 4
EXPERIMENTAL DETAILS

4.1 Performance Evaluation Metrics

During evaluating the performance of our mango leaf image classification project, a set
of extensive collection of metrics was used. The metrics are of paramount significance
when it comes to determining the overall effectiveness of the models, that is the ability
to distinguish between diseased and healthy mango leaves based on the extracted
characteristics. Specifically for each of the models included in the analysis, namely
SVM, Random Forest, XGBoost and Logistic Regression, accuracy triple of metrics
composed of precision, recall and F1-score was calculated. The measure of the number
of positive predictions that are actually positive is known as precision, while recall
depicts the model’s capacity to identify all the positives possible. To avoid creating a
bias the F1-score integrates the two metrics as shown below; In addition, confusion
matrices were used to depict the models’ predictions about the instances encouraging a
deeper investigation of instances that are deemed as true-positive, true-negative, false-
positive, and false-negative cases. Moreover, in order to test the applicability of the
models on unseen data we use cross-validation. It was due to learning curves that
information about their training and validation performance was obtained. Through this
elaborated evaluation process, it is illustrated that the machine learning models are
capable to accomplish the accurate classification of leaves in mango plants which
makes a significant contribution to the advancement of agricultural administration

techniques and efforts in disease identification.
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Table 4.1: Accuracy Metrics

Name Equation
Accuracy TP+TN
TP+TN+ FP+FN

Precision TP

TP+ FP
Recall TP

TP+ FN
F1-Score 2 * Precission * Recall

Precission + Recall

4.2 Models Performance

To ensure that the extent of accuracy concerning the various machine learning models,
used in our project, for differentiating between healthy and diseased mango leaves
based on their images, is ascertained, a broad range of evaluation measures were
incorporated. Among the compared models, Accuracy was the highest corresponding
to a 84% of the Random Forest model. The set of decision trees was proven to be
effective in portraying complex relationships between the features obtained from the
images of mango leaves and providing fairly accurate classification outcomes. In the
close proximity, XGBoost attained an accuracy of 83% with the help of its gradient
boosting scheme which helps in boosting the result of the model. Conversely, Logistic
Regression was used as the basic model with an accuracy of 72%; meanwhile, the
SVM’s performance was nearly matching with an accuracy of 73%. Despite its
simplicity, Logistic Regression provided a number of valuable insights by providing
ideas on the nature of relationship between features and class labels and thus helping to
understanding the results of classification. After carefully comparing each model’s
global performance, it was identified that Random Forest was the most promising
model for classifying images of mango leaves; this advancement could transform how
agriculturists implement management strategies and approach disease identification

efforts in the future.
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4.3 Models Accuracy

An important measure applied in our Mango leaf image classification project to
compare the effectiveness of the machine learning models in the ability to distinguish
between healthy and diseased Mango leaves was their accuracy. Among all the models
that were tested, Random Forest emerged as the best with an accuracy of 84%, which
reveales the ability of the Random Forest model to predict the categories of mango
leaves based on the features that were extracted. After that, XGBoost has a fairly high
accuracy level of 83%, proving its effectiveness in using ensemble learning to increase
the efficiency of classification. Support Vector Machine (SVM) and Logistic
Regression gave slightly lower accuracy rates of 0.73 and 0.72 respectively; however,
these contributed a lot to the classification of mango leaves. The accuracy metrics
introduced above demonstrate the ability of the created models to accurately define the
state of mango leaves and can be considered the amenable contribution to the
development of modern approaches to improving the efficiency of agricultural practices
and disease diagnostic systems. To evaluate our model’s performance, we generated
the classification report, which displays key measures like precision, recall, F1 score,
and support for every class. The summary for the classification report is depicted in the
Table 4. 2

Table 4.2. Classification Report Summary for Model Performance

Metric Random | SVC Gradient Boosting Tree | Logistic
Forest Regression

Accuracy | 82% 79% 83% 72%

Precision | 0.84 0.81 0.85 0.75

Recall 0.82 0.78 0.83 0.70

F1-Score | 0.83 0.80 0.84 0.72

4.4 Confusion Matrix

A detailed evaluation of the effectiveness of the machine learning algorithms for the
classification of the images of mango leaves is given by the confusion matrix of our
project. The (Figure-4. 3) shows the difference between the outputs predicted by the

model’s classification function and the actual class labeling, which is highly effective
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in reviewing classification mistakes and a great way of assessing the model’s
performance. All the cells in the confusion matrix are different, being the different
combinations of the predicted and actual class labels. These labels consist of True
Positive (TP), True Negative (TN), False Positive (FP) and False Negative (FN). The
confusion matrix can be used to assess the models’ capacity for classifying the
difference between healthy and diseased mango leaves and identify the cases of
misclassification. In a similar manner, basic passing rate, called accuracy rate, and the
corresponding four essential statistics, including precision, recall, and F1-score, that
can be derived from the confusion matrix all give further interesting information about
the performance of the different models under every classification. In general, the usage
of the confusion matrix serves as a useful tool in the process of evaluating the
effectiveness of the machine learning algorithms in the context of the mango leaf
images’ classification and offering guidance for improvements and

further advancements.
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Figure 4.2: Confusion Matrix

4.6 Discussion

It could therefore be seen that applying the principles of machine learning in agriculture
is not a farfetched idea, as the outcomes from the mango leaf image classification
indeed illustrate. The proposed study reveal how ensemble learning and gradient
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boosting techniques can accurately classify mango leaves with the use of Random
Forest as the most effective model with an accuracy of 84%. Next in line were
XGBoost, Support Vector Machine (SVM) and, Logistic Regression. Ciritical
information about the models in terms of the classification capabilities and ways for
further improvement are obtained with the help of the F1-score, recall, precision, and
the analysis of confusion matrix. In the future, these tested machine learning models
could work well on the practical level in the enhancement of agricultural productivity
in terms of quality and quantity of the fruits produced by preventing the mango trees

from diseases with the aid of early detection of the mango leaves’ diseases.
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CHAPTER 5
PROPOSED MODEL AND ARCHITECTURE

5.1 The proposed Model and Architecture

For capturing the local gradient informations which is very much essential to
differentiate between the image classes, the Histogram of Oriented Gradients (HOG)
features extraction method is integrated into our proposed model and architecture for
image classification. Several fundamental elements comprise the architecture.
Feature Extraction: But since we are starting from raw image, we need features
from that unprocessed data and for this we use HOG algorithm which is available in
libraries such as OpenCV and scikit-image. In the manner where the image is divided
into tiny, overlapping cells, histograms of gradient orientations within each cell are
computed. The HOG descriptors that are used extract information of the local shape
and texture which can be used to discern features for classification.

Data Pre-processing: To outset the extraction of features, data preprocessing of the
images are first done, conversion of the images to grayscale and sizes normalized to a
standard. Thus, we can ensure standardization and at the same time reduce the amount
of work to be done for feature extraction. Besides, to enhance computational efficiency
and avoid the issue of dimensionality curse, we apply the Principal Component
Analysis (PCA) to get the low-dimensional data samples.

Classification Models: Suppose the two main classifiers that are used in the
architecture proposed in this paper: Support Vector Machine (SVM) and Random
Forest. SVMs are chosen because of non-susceptibility to overtraining problem and
effectiveness in the handling of high dimensional feature space. However, in contrast,
the Random Forest uses integrated learning, which improves the classification process
and the structure’s resistance to unpredictable data by integrating several decision trees.
Training and Evaluation: Another aspect which concerns training and the process
of evaluation is the division of the dataset in to preparation, verification, and tests. To
fine-tune the classifiers’ parameters, a number of cross-validations are applied to the
hyperparameters of the models. While using validation and test sets to perform a broad

analysis of classifiers, formal characteristics, accuracy score, quantitative measure,
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called precision, quality measure called recall, and F1-score, as well as ROC curves are
employed.

Discussion and Future Work: A further comprehensive analysis of the outcomes
is conducted whereupon potential pathways for enhancement are identified in contrast
to the classifier’s efficiency. Exploring better feature extraction methodologies and
integration of various deep learning structures could perhaps be future undertakings
which could enhance the efficiency and reliability of picture classification assignments.
The proposed model and architecture for exact and improved picture categorization is
expected to support the development of several fields such as Computer Vision,

Medical Imaging, and Autonomous Driving etc.
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CHAPTER 6
RESULTS AND COMPARATIVE STUDY

6.1 Comparative Study

In our experiment of image classification on mango leaves we wanted to find which
machine learning model would best distinguish between healthy and unhealthy mango
leaves. From each of the 4,000 Kaggle photos, HOG characteristics were derived on
the basis of the characteristics of Histogram of Oriented Gradients. Regarding it to
shape and texture information, preprocessing was important for feature gathering and
feature representation. Next, Random Forest, XGBoost, SVM, and Logistic Regression
were employed to create classification models. These models’ accuracy, precision,
recall, and F1-score were determined comprehensively. It was found out that the best
algorithm was Random Forest giving maximum accuracy of 84 percent. The first best
algorithm was XGBoost with 83% accuracy, the second best was SVM 73% and third
was Logistic Regression 72% accuracy. Therefore, our comparative study sheds the
light on the advantages and limitations of the machine learning approaches for the
mango leaf image classification to facilitate the further agricultural management and
disease detection.
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Figure 6.1: Comparative Study
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Table 6.1: Classifier Performance Comparison

Model Name Validation Accuracy Test Accuracy
Random Forest 82% 84%
SvC 79% 79.50%
Gradient Boosting 83% 81.50%
Logistic Regression 72% 73.50%

6.2 Advantages

In the present work, an elaborate research procedure has been adopted in our study of
mango leaf disease classification with the view to enhance our knowledge base on
disease diagnosis and management in mango trees. It is crucial to point out that the
method that has been used here comes with many advantages that boost the
effectiveness and reliability of the outcomes. First of all, every possible measure was
ensured to make the data as reliable as possible. This was done by being cautious of
lost values while exploring and preprocessing the data to avoid any distortion of the
data set. Moreover, it was established that, when using HOG features that provided a
high representation of the data, useful shape and texture information had been obtained
that complimented the machine learning algorithm and improved the suitability of the
data set. In addition, the incorporation of parallel processing to enable the extraction of
features made the process easier since it was possible to extract features of several
images at once. Moreover, a comparative assessment of the results of working through
the given set of machine learning models (Random Forest, Gradient Boosting, Support
Vector Machine, Logistic Regression) has been carried out. Thus, this analysis provided
useful information on appropriate actions regarding the management of the diseases.
Moreover, the optimization of the models for on-device usage on personal computers
ensured realism of the models for practical purposes. Therefore, upon using the listed
model evaluation metrics, the outcome of the research provided a deep insight on the
effectiveness of the proposed approach towards the classification of mango leaf
diseases. This way, the proposed methodology raises the accuracy of feature extraction,
data preparation, and model evaluation in order to improve the applicability of disease

detection and control measures towards mango cultivation.
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CHAPTER 7
Impact on Society
7.1 INTRODUCTION

The subsequent knowledge produced by our research on the classification of mango
leaf maladies is not only valuable simply as contemporary scientific knowledge, but
can indeed contribute in a great way to the society’s welfare, primarily within the sphere
of agriculture and plant growing. Mango farming is one of the significant economic
activities or sources of income and food to millions of growers and people all over the
globe. This research has a noble aim of reducing these negative impacts through
accurate and timely diagnosis of the leaf diseases and support the food security and
income of those depending on mango business. This chapter examines the diverse ways
through which our research has an impact on society; ultimately influencing producers’
economic profitability, encouraging environmental responsibility, and educating and
mobilising communities through outreach activities based on our research findings.
This study aims at advancing our creative pursuits to reflect on and participate in the
worldwide effort towards sustainable economic growth, protection of the environment,
and the mango-producing regions’ resilience.

7.2 IMPACT ON SOCIETY

The findings of this study in relation to the classification of Mango leaf diseases holds
the potential to impact society in general and the society involved in the agricultural
business in particular. The culture of mango is significant to the sustainable
development of agricultural economies and livelihood requirement for millions of
people globally. Due to an ability to make accurate and timely diagnosis of the diseases
affecting the leaves, this work has the capability of eradicating the losses occasioned
by these pests in agriculture hence enhancing the food security and ultimate guarding
of the farmer’s income. Some benefits that can be obtained from successful varieties
and or breeds include Higher yields and improved quality of fruits that may are
produced by farmers who engage in the cultivation of mangoes Thus, mango leaf
diseases that poses a serious threat to such an exercise can be detected early and treated
in an efficient manner in order to improve the economic value of mango in the market
for farmers. More so, many of our classification models help in efforts aimed at
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preserving the environment and improving the well being of ecosystems through the
promotion of sustainable agriculture and demotion of reliance on chemical pesticides.
Additionally, by proposing educational measures and getting involved in outreach
activities, the findings of our research can be gladly disseminated, and, therefore,
producers shall be provided with the necessary knowledge and tools to diagnose and
prevent mango leaf diseases. Therefore, the implications of our study are significant in
terms of the broader society beyond the field of agriculture and contributing to the
economic development, environmental protection and improvement of the resilience of

friendly communities in mango-producing regions of the world.
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CHAPTER 8
FUTURE SCOPE, LIMITATIONS AND CONCLUSION

8.1 Future Scope

Even though the study on mango leaf disease classification has presented many insights
in disease detection and its management, there are several other areas that remain
uncovered which guarantee more future scholarly study and research. Some of the
potential ways of further development include integrating the CNN’s into the system to
enhance the level of accuracy and efficiency in categorizing diseases. CNN has rated
better in the field of image classification; thus, it may be possible to adapt it in the area
of mango leaf disease detection by improving feature extraction and pattern
recognition. In addition, by incorporating such methodologies of spectral imaging, it
would be useful to gain additional information regarding the status of the leaves and
diseases noticed on them. Moreover, its significance and generalizability to the
agricultural population would further be increased by assessing the effectiveness of the
extract on more species of plants and types of diseases. Focusing on our results in the
discussed classification models, it can be suggested that the further creation of specific
disease management programs may be continued with the help of cooperation with
agriculturists and other related specialists. Moreover, the search for new
implementation strategies and the use of applications on the s mobile networks or
through the Internet of Things may contribute to the constant monitoring of the mango
plantations and immediate response to diseases. Thus, our research has the potential to
provide significant input to the evolution of disease diagnosis and control strategies in
mango growing and fortifying the process of agricultural growth through these

potential perspectives.

8.2 Limitations

Other difficulties that may impact our study’s results’ validity and applicability,
however, should not go unrecognized even if there are remarkable innovations and
novel contributions to mango leaf disease classification. One major limitation is found

in the reliance on the image-based classification system which may be affected by
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variations in light conditions, the image capturing setting among other issues. Some of
these elements could distort variability and noise and thus undermine the stability of
the classification models and their efficiency. Besides, it may be unfortunate that the
dataset analyzed in our study did not capture all the diseases and variations in their real-
life application that may be averse to mango leaves hence restricting the representation
of mango diseases. The chosen features, preprocessing and the actual configurations of
the hyperparameters that have been chosen based on the empirical comparison and
validation might also influence the classification models’ performance. Such variations
may also be a threat to the generality of the results and their applicability in other
settings and to other datasets. In summary, the work on the improvements of the models
for deployment on devices to reduce their size and latency can be slightly compromised
in practice due to computational resource impacts on the devices and questions on the
scalability of the proposed models. Despite such limitations, the present work presents
unique research findings and novel contributions to the classification of mango leaf
diseases and sets the stage for the subsequent studies that plan to address these
challenges and add up to the existing knowledge resources in this field.

8.3 Conclusion

Therefore, the findings of this study on the classification method of mango leaf diseases
are significant contribution to plant pathology and agricultural research fields. In this
article, by developing machine learning methods, and by analyzing the images, it is
possible to create robust classification models of mango diseases that occur in the leaves
correspondingly, and we achieve high levels of accuracy and correctness. Through the
present study, it is evident that HOG features are effective notably due to the
investigations on parallel processing in feature extraction. This laid the framework on
which scalable and efficient disease classification pipelines can be developed, for the
solution of future problems. Overall, this process of a stepwise approach of going
through the data set, handling class imbalance problems effectively, and improving on
the performance of the model has enabled to achieve high levels of accuracy with
almost all classifiers. Thus, from among these algorithms Random Forest is found to be
the most efficient one. Separately, our studies are focused on stressing the importance
of accurate feature selection, data pre-processing, and model assessment techniques to
ensure the reliability and relevance of classification results. As with any research work,

this paper has come with numerous achievements and pertinent benefits to our line of
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study, but there are certain limitations and directions for future research that must be
acknowledged, including limited range of datasets, heterogeneously represented
features, and hence, scalable and realizable models. But these implications have a
massive impact on the agricultural segment and offers the stakeholders as well as
producers with a powerful tool to detect and address diseases in the mango farming in
the earliest possible chance. The series of classification for mango leaf diseases should
go on with the same intensive and cooperative researches and efforts established all

over the world aimed to promoting sustainable agriculture.
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