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Abstract

Background: Two of the major diseases that are affecting apple farms are apple
rust and apple scab. For every time, consulting an expert for the identification of
diseases from distant locations is costly and time-consuming. Therefore, the early
detection of diseases using machine learning techniques is proposed to tackle the
problem more efficiently and effectively.
Objectives: The purpose of the study is to identify the two diseases in apple plant
trees using image processing, feature extraction, and machine learning by comparing
the best feature models with the deep features of pre-trained models for the classifi-
cation of plant diseases.
Methods: To achieve the goal of the study two research methods are used in this
study. The first one is a systematic literature review; whose main goal is to re-
veal the best features found in the literature that are useful to build a model for
plant disease classification. The second, an experimental methodology is deployed,
whose main goal is reaching the most accurate classification of diseases with the help
of machine learning algorithms like Random Forest(RF) and Support Vector Ma-
chine(SVM).Two different color spaces are explored in conjunction with the feature
extraction phase, namely the HSV(Hue, Saturation, and Value) and the Lab (also
known as CIELAB) color spaces which are endorsed by the international commission
on illumination.
Results: In the classification of diseases, the performance of the RF is found to
be higher than the SVM classifier. In the case of HSV images, the accuracy of the
RF and SVM is 90.1% and 86.5% respectively. The precision and recall for SVM is
87.3% and 86.1% respectively. The precision and recall for RF is 90.8% and 89.7%
respectively. In the case of Lab images, the accuracy of the RF and SVM is 89.2%
and 84.9% respectively. The precision and recall for SVM is 85.4% and 85.1% re-
spectively. The precision and recall for RF is 91.1% and 89.9% respectively. The
performance of the classification model with the color space HSV is improved when
compared with the RGB images and Lab images.
Conclusions: In this study, the classification of diseases of apple plants was per-
formed with the help of the RF and SVM classifiers. In the comparison of the
performance, the RF classifier obtained higher accuracy compared to the SVM clas-
sifier. The color space (HSV and Lab ) helped in improving the performance of the
model.

Keywords: Classification of diseases,Feature extraction, Color transformation, SVM
and RF classifiers, segmentation.
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Chapter 1

Introduction

1.1 Introduction

Agriculture is the leading economy in many countries. Many varieties of fruits are
imported and exported to other countries and among them, apple fruit which has
high demand in many countries[22]. However, fields of the apple plants are affected
by many diseases, as the diseases are unavoidable in the field of agriculture. There
are two major diseases in the fields of apple plants that can severely affect the apple
plant yield namely Rust(caused by Pucciniaceae glue rust) and Apple scab (caused
by the ascomycete fungus Venturia inaequalis). Due to these diseases, the apples’
productivity is decreased, affecting the life cycle of the plants. To handle these
diseases, an early and correct classification of the diseases has to be made to increase
the production rate and prevent them from diseases before the situation worsens [48].

Generally, in some countries, a large team of experts will classify the diseases
with their naked eye by continuous monitoring of plant leaves. In some countries,
farmers do not know about diseases and lack of facilities to contact the experts.
In those conditions, they face many problems including time-consumption and high
cost operations. Automatic detection of symptoms of the diseases will be more
comfortable and also cheaper than consulting the experts [48].

Hence, it is essential to have a mechanism that can automatically detect leaves
disease symptoms as early as possible. Recent advances in the field of Machine
Learning have made it possible to increase the effectiveness and efficiency of leaf
disease detection. A successful machine learning-based system could recognize apple
diseases at an early stage, saving the cultivators from high loss or damage [28].

The colour transformation of the images are conducted based on Red, Green,
Blue (RGB) colour space for the diagnosis of diseased leaves. The visual symptoms
of plant diseases are analyzed with coloured images which conventionally consist of
RGB values. However, the diseases can not be identified using the RGB values solely
since the colour of the plant’s leaves vary based on the stage of the disease and also
due to the climatic conditions. Rusting usually involves the leaf becoming "yellow"
in colour. However, during the autumn season, most leaves turn yellow or brown
and fall. Hence colour transformations are required to identify the patterns based on
the RGB values. The processing algorithm converts the RGB images of the diseased
plant leaf into different colour space (HSV and LAB), more information about these
spaces are furnished in [29] [17].

In order to diagnose diseases of apple plant leaves, features, from the input images,
such as colour, texture, shape, edges, etc. are extracted through image processing.
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6 Chapter 1. Introduction

These features are used for the classification of diseases through machine learning
algorithms. Among the features extracted, the best features are identified through
feature selection. The performance of the best features identified when compared
with the performance of deep features of a pre-trained model like ResNet, GoogleNet,
VGG, etc. The classification is done with machine learning algorithms.

In apple farms, leaves are generally affected by single or multiple diseases. In this
paper, we propose a method to detect the plant diseases using classification methods
to reduce the farmers’ time and effort of which they spend in checking with the
naked eye. In this study, two diseases of an apple plant leaf, namely, rust and scab,
will be targeted, examples are shown in Fig 4.2 and 4.3. Besides, this study also
detects multiple diseases on the same leaf. It compares the performance with the
pre-trained deep feature model. The dataset consists of more than a thousand sample
images of diseased, multi diseased, and healthy apple leaves. The classification of
diseases is done using a Support Vector Machine (SVM) or Random Forest (RF).
While the former is one of the classical machine learning techniques that can help
solve classification problems [51], RF is known to handle large data sets[10] easily.

1.2 Problem Statement

As many farmers are suffering from the low productivity of apples due to the effects
of two major diseases such as apple rust and apple scab. The diseases can not be
identified using the RGB values solely since the colour of the plant’s leaves vary based
on the stage of the disease and also due to the climatic conditions. In this case, the
variability in the appearance, illumination and color tone of the leaves which hinders
robust features extraction and thereafter lowering classifiers’ accuracy. The solution
comes from experimenting on different color transformation for the classification of
the diseases in the plant leaves.

1.3 Aim and Objectives

1.3.1 Aim

The overall aim of this study is to identify multiple diseases in apple leaves by
identifying the best approach. This involves image processing, feature extraction,
and machine learning. Departing from this, we can further highlight the following
objectives.

1.3.2 Objectives

Obj1: To determine salient and commonly used features in the literature which are
used to diagnose diseases in apple plants.

Obj2: To compare the best features which are extracted from the existing literature
(Obj1) with deep features which are extracted with pre-trained deep methods
for classification of the diseases.
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Obj3: To test the merits of using colour transformation for the above objectives (Obj1
& 2).

1.4 Research Questions
RQ1: What type of features are commonly used in the literature in relation to iden-

tification of diseases in apple plant leaves?
Motivation: The motivation for the research question is, to identify these
features from the existing literature.

RQ2: How do the best features compare in performance to deep features for classifi-
cation of these diseases?
Motivation: The motivation for the research question is, to compare the clas-
sification performance against deep features extracted with pretrained models
like ResNet, GoogleNet, VGG, etc. The final classification is done by using
different machine learning classifiers (i.e., RF, SVM).

RQ3: Will colour transformation (i.e. HSV, LAB) help improving the best model
performance from RQ2?
Motivation: The motivation for the research question is, to improve the model
performance by converting the RGB images into different colour space men-
tioned in the RQ-3.

1.5 Outline of the Thesis
This thesis work is described in seven chapters(chp) which are as follows:

Chp1: In this chapter, we discuss about the introduction of the thesis, problem state-
ment, aim and objectives, and research questions.

Chp2: This chapter discusses about the background of the thesis.

Chp3: This chapter discusses the related work that describes the previous work of the
research.

Chp4: This chapter discusses about the research methods used in the study.

Chp5: In this chapter, Results and analysis of the experiments are presented.

Chp6: This chapter tells about the discussion which describes about the contribution
of the research work.

Chp7: This chapter contains conclusion and future work of the thesis.





Chapter 2
Background

2.1 Machine Learning
Machine learning(ML) can be defined as a method of data analysis that automates
analytical model building using experience to improve performance and accurate
prediction. The data could be gathered via interaction with the environment in the
form of digitized human-labeled training sets in other forms. Machine Learning con-
tains algorithms that are designing for efficient and accurate prediction. ML have
a broad set of practical applications like text classification, natural language pro-
cessing(NLP) computer vision application, speech processing application and many
other. ML algorithms are trained and tested for these types of applications to get
better predictions of the class, regression, ranking, clustering, dimensionality reduc-
tion, or manifold learning[30]. Machine learning is divided into four types namely:

• Supervised Learning

• Unsupervised Learning

• Semi-Supervised Learning

• Reinforcement Learning

2.1.1 Supervised Learning

The learning from the received training data which is a set of labeled and make pre-
dictions for all unseen points. It will map the input data with the output data based
on example pairs. In supervised learning, the goal of the problem is predicted before
training the data. The most commonly seen problem in supervised learning is classi-
fication, Regression, and Ranking problems[30]. Some of the supervised algorithms
namely Neural Networks, Decision Tree, Random Forest, K-Nearest Neighbour, Lin-
ear Regression, Logistic Regression, Support Vector Machine.

2.1.2 Unsupervised Learning

In unsupervised learning, it receives training data without labels and makes a pre-
diction on its own. It tries to learn and predict from the surrounding data. Unsu-
pervised learning data can predict the environment without the help or intervention
of humans. Clustering and dimensionality reduction problems have come into unsu-
pervised learning problems[30].

9



10 Chapter 2. Background

2.1.3 Semi-Supervised Learning

In semi-supervised learning, receives training data with labeling and without labeling
to make a prediction for all unseen points. Semi-supervised learning can help to
achieve better accuracy than supervised learning. It can be both supervised and
unsupervised learning to the learner[30].

2.1.4 Reinforcement Learning

In reinforcement learning, the phases of training and testing are mix together. It
collects the information by learning from the environment and in some cases af-
fects the environment with the learning and collect the reward from each action[30].
This learner will face the exploration to learn the things from the environment or
surrounding and exploitation by performing with the information collected before.

2.2 Feature Extraction and Feature Selection

In high dimensionality data, the classification algorithms can consume high compu-
tational costs and memory usage. So dimensionality reduction techniques are used to
obtain the features from the images[26]. Two different approaches are used, namely
feature selection and feature extraction.

2.2.1 Feature Extraction

Feature extraction is used to transform a set of features into another set of features
that are more useful to the classification purpose. In this paper[26], the author de-
fines feature extraction as "Features extraction can be used in this context to reduce
complexity and give a simple representation of data representing each variable in
feature space as a linear combination of original input variable". In feature extrac-
tion, the size of the original feature space is reduced without having a high loss of
information, which is important for the classification algorithms[26].

2.2.2 Feature selection

Features in the high dimensionality consist of a large number of irrelevant, misleading,
or redundant, which find it difficult to compute for the learning process[26]. In the
process of feature extraction, the best features among all the features that are useful
to separate classes. The methods of feature selection are divided into three categories:
filters, wrappers, and embedded/hybrid method[26]. These categories are used for
the feature selection based on feature computational power, reliability, etc.

2.3 Color models

Color space is a method of creating and visualizing color from a different perspective.
Humans define color based on its attributes of hue, brightness, and colorfulness. The
author defines the color model as a system for measuring the color that recognizes the
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humans and collects the set of primary colors that are the combination of different
values[23]. The color models have three color components that are Red, Blue, Green
components, and used for different applications. These color components are divided
into three categories as follows.

• Device-oriented color models

• User-oriented color models

• Device-independent color models

2.3.1 Device-oriented color models

This model is also known as a device-dependent model which is mainly related to
the signal of the device. The resultant color depends on the device, equipment, and
set up which is used to produce it. This type of model is mainly used in hardware
applications[23].

2.3.2 User-oriented color models

It emphasizes the intuitive color notions of brightness, hue, and saturation. The
path between the observer and the device which handles the color information is
considered in a user-oriented color model[23]. This model can be described by the
user, to which extent the color information will be sufficient.

2.3.3 Device-independent color models

It is opposite to device-dependent and the variations of the colors do not depend on
the equipment and setup[23]. In the device-independent color space, the coordinates
are used to specify the color that provides the same color whenever they are applied.

2.4 Stratified K-Folds cross-validation

Figure 2.1: Data partition in cross validation
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Cross-validation is one of the statistical technique which is commonly used to
estimate the performance of the model [8]. In cross-validation, the data set used
in this study is partition into K number of folds. By using the cross-validation
technique, overfitting is avoided and reduces the bias. All the folds that are divided
are used for testing and training the model as shown in fig 2.1. This process has k
independent sets that are used to test the model, where each set process is known
as a split [43]. Finally, the performance matrix for the model is average among hey
the test folds.In classification tasks, the Stratified K-fold CrossValidation technique
handles the imbalanced data distribution and helps in testing and training purposes.



Chapter 3

Related Work

This chapter presents the articles and papers that are related to the study. This work
helps in understanding the several previous techniques, past related theories, existing
algorithms, an overview of the problem that is involved in the study. The outcome
of the related work gains the amount of knowledge by authors who are contributing
to this study across the world.

The following related work presents the previous work related to classification of
diseases in plant leaves using image processing,color conversion, image segmentation,
classification etc.

3.1 Related Work

Padol et al. [33] proposed an approach to the detection and classifying of grape plant
leaf diseases namely, Downy Mildew and Powdery Mildew using an SVM classifier.
The system proposes the transformation of color space from RGB to HSV model
was performed, and segmentation of the images performed using the K-means algo-
rithm. Color and texture features are extracted from segmented images and final
classification with SVM classifier.

Rani et al.[38] proposed a model for the detecting and classification of diseases
from the images of plant leaves with the help of image processing techniques. This
study proposes color conversion from RGB to Lab model for segmentation of the
plant leaf images with the help of K-mean clustering and median filter. From the
segmented images Color, texture features are extracted and fed to the SVM for better
classification.

Early detection of the diseases increases the productivity of the crops so [31]
proposed a model for classification of the diseases using color and shape feature
extraction. Lab color space conversion is used for the color values and segmentation
of images are done using k means clustering and final classification of the diseases
was performed using Decision trees, SVM, KNN classiifers

Ramesh et al.[37] proposed a model for quick classification of leaf diseases using
feature extraction and image processing techniques. This study proposes color space
conversion from RGB to HSV model and feature extraction with the help of HOG
features from the preprocessed images of papaya leaves. These features are reduced
and fed for training and classification of diseases using a Random forest classifier.

Gavhale et al.[18] proposed an approach for the detection of an unhealthy region
of a citrus leaf using image processing techniques. The feature are extracted from
texture with Gray-Level Co-Occurrence Matrix (GLCM) and color with means of

13



14 Chapter 3. Related Work

mean values. The extracted features are used for the analysis and classification of
the diseases with the help of an SVM classifier.

Bhavini et al.[42] proposed an approach for detecting and classifying the apple
fruit diseases using a random forest classifier. In the proposed approach some color
features from Global Color Histogram, Color Coherence Vector, and some texture
features from the local binary pattern, complete local binary pattern, and local
ternary pattern are extracted. The combined features of color and texture were
used for the classification and the final classification of the apple fruit diseases using
a Random forest classifier.

Hlaing et al.[21] proposed a method for the classification of tomato plant diseases
using a multi-class SVM classifier. This introduced a new approach Scale Invariant
Feature Transform (SIFT) which extracts texture features from the images, and color
features of images from RGB color channel. The combination of these features used
to the classification of tomato plant diseases with the help of multi-class SVM.

Shrivastava et al.[46] proposed a method for the classification of rice plant diseases
using color features. This study proposes 14 different types of color conversions are
conducted and 172 features are taken from all the channels. The dataset consists of
four different categories of rice plant images which are bacterial leaf blight, rice blast,
sheath blight, and healthy leaves. The classification of these diseases was conducted
with seven different types of classifiers and among them, the SVM classifier gained
the highest accuracy.

Jiang et al.[24] proposed a model for real-time detection of apple plant diseases
based on an improved convolutional neural network. This deep learning approach
helps for automatic extraction of the features from the apple images and detects
the five commonly seen diseases namely Alternaria leaf spot, Brown spot, Mosaic,
Grey spot, and Rust on the GPU platform. The proposed model detects the dis-
ease with the INAR-SSD model by GoogLeNet Inception structure and Rainbow
concatenation.

A novel global pooling dilated convolutional neural network(GPDCNN) was pro-
posed by Zhang et al.[64] for the identification of six common cucumber leaf diseases
namely downy mildew, anthracnose, gray mold, angular leaf spot, black spot, and
powdery mildew. K-means clustering is used for the segmentation of diseased leaves.
The GPDCNN was used for the recognition of the cucumber diseases where GPD-
CNN is with dilated convolution and global pooling layers.

Chao et al.[11] proposed a method for identifying apple tree diseases with the
help of deep learning models. This proposed model recognizes the five common
diseases in the apple plant leaves namely Mosaic, Rust, Grey spot, Brown spot, and
Alternaria leaf spot and these diseases are diagnosed with the ATLDs model based on
the deep convolutional neural network. ATLDs model is based on the combination of
DenseNet and Xception models. This ATLDs model is compared with other models
in terms of accuracy.

Turkoglu et al.[56] proposed a Multi-model LSTM-based Pre-trained Convolu-
tional Neural Networks (MLP-CNNs) for the detection and classification of ap-
ple plant diseases and pests. This proposed study used AlexNet, GoogleNet, and
DenseNet201 models for the feature extraction and SVM and LSTM classifiers for
feature classification. Classification of the diseases was performed with the MPL-
CNN which obtained a better accuracy.
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Yan et al.[59] proposed a model for the recognition of diseases from the images
of apple plant leaves. In this Proposed system, Scab, frog-eye spot, and cedar rust
are three common diseases that were diagnosed and identified. Identification of the
diseases was done with the help of an improved Convolutional neural network based
on the VGG16 network.

Automatic detection of plant leaf disease symptoms was proposed by Zhang et
al.[65] based on plant leaf images. In the proposed study, the transformation of RGB
images to HSV color space was done. Color, shape, and texture features are extracted
from the segmented images. These extracted features are used for recognizing the
diseases using the KNN classifier.

ES-soady et al.[16] Proposed an approach for automatic recognition of plant leaves
diseases and the proposed system is based on serial combination technique of two
SVM classifiers. This study provides perprocessing methods like resizing, filtering etc
for the segmentation. From those images texture and shape features are extracted.
These reduced features are taken for training and the classification of diseases using
two SVM classifiers.

Pinto et al.[34] proposed a model for classifying the diseases in sunflower leaves us-
ing image processing techniques and feature extraction. Leaf spot, rust, and powering
mildew are three common diseases taken into consideration. These images are trans-
formed from RGB to CIELAB color space before segmentation. From the segmented
images, color and texture features are extracted using Gray Level Co-occurrence Ma-
trix (GLCM). Diseases are classified using four different types of classifiers namely
KNN, Logistic regression, SVM, Naive Bayes. Logistic regression got better accuracy
among the four different classifiers.

Classification of Tomato Plant Diseases on mobile phone images of tomato plant
leaves is performed based on Scale Invariant Feature Transform (SIFT) features by
Hlaing et al.[20]. proposed method consists of three stages image processing, fea-
ture extraction, and classification. Image processing gone through two steps namely
healthy region detection, diseased region detection. They extract SIFT texture fea-
tures from the segmented images using the SIFT algorithm. These features are used
with the SVM classifier for the classification of diseases.

Sharma et al.[45] proposed a model for the classification of plant leaf diseases using
machine learning and image processing techniques. In this study, images are gone
through the Gaussian filter and transform color space from RGB to HSV model.
Images are segmented using k means clustering, and diseases are classified using
different classifiers namely- logistic regression, KNN, SVM.

Detection of Unhealthy Leaves using Image Processing Techniques was proposed
by sahithya et al.[41] with the help of an SVM and ANN classifier. Mosaic vein,
leaf spot, Powdery mildew, etc are the various diseases that are affecting the ladies’
finger plant leaves. The statistical, shape, and texture features are extracted using
GLCM and the features are used by SVM and ANN classifiers for the training and
classification of the diseases.

Bhagat et al[9] proposed an approach for classifying the diseases in the apple
plant leaves. In this study, the data set consists of apple plant leaves with healthy
ones, apple rust, and apple scab. This proposed system has image processing, seg-
mentation, feature selection, and classification steps for detecting the disease. For
classification purposes, the author used a different technique of SVM classifier which
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is a Grid search Based SVM classifier.
The above works of literature in this section are on the domain of classification

of plant diseases with the help of machine learning. Many studies used classification
models to solve the problem. In that literature, as they do not specify the proper
image processing techniques to get better performance. There is a chance of taking
the dataset images in different conditions like sunlight, climate changes, and they can
affect the outcome performance of the model. Thus color transformation techniques
and classification models can be adapted for addressing the problem to get better
solution.



Chapter 4

Method

In the classification of the diseases, we have mainly used two methods for identifica-
tion in plant leaves, namely, literature review and experiment to answer the research
questions. A literature review helps to identify and gather knowledge on the previous
approaches. In this literature review, we mainly focus on features that are extracted
for the classification. These features will helpful for experimentation purposes which
is the next method and explained in the next section 4.2.

4.1 Literature Review

Literature review analysis is intended to classify relevant data, a source of knowledge
that is vital for the research. It is chosen for the RQ1 as a research method to identify
the goal [58]. From knowledge of obtained literature, we obtain the features that are
used for classification purposes. These features are given as input in the experiment
which is discussed in the next method.

The search of databases holds a collection of key journals and articles to support
the research subject area. In this scenario, the search string process is used along
with the snowballing to find relevant new papers, that used a list of references and
citations.

4.1.1 Search String Formulation

While conducting the literature review, the formation of the search string is very
crucial for the research. Before finalizing the literature review, we have to collect
the keywords that are important to the research and relevant to the research topic’s
domain. Databases such as IEEEXplore, Scopus, ScienceDirect were used as the
data sources for the works of literature.

Search string

("plant") AND ("leaf*") AND ("disease*") AND (classification OR recognition OR
identification)

From the search string results, the papers were filtered extensively with the help
of inclusion and exclusion criteria. The search for additional papers that are not
obtained in the search string is found with the help of the snowballing technique
and again filtered with the inclusion and exclusion criteria. After the inclusion and

17
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exclusion criteria, the papers are read thoroughly, and those papers that are not
related were exempted.

4.1.2 Inclusion and Exclusion criteria

The inclusion and exclusion criteria for the literature review as follows:

Inclusion criteria

1. Only literature published within the past 10 years (from 2010 to 2020) will be
included in the study.

2. Only literature’s that are published in English.

3. Only literature’s which are matching with the problem.

Exclusion criteria

1. The papers in the literature that are not in the English language will be ex-
cluded from the study.

2. PowerPoint presentations have been excluded from the study.

3. Audios are not considered.

4. Only abstracts, and papers that are not having full text are excluded.

Based on inclusion and exclusion criteria, papers were narrow down for conduct-
ing the literature review and the following is a summary of the extracted papers:
Swetha v al. [52] experimented with recognizing diseases in plants like corn, grape,
peach, potato, strawberry, tomato, cherry, bell peppers, and apple. They used a
machine learning system to recognize the types which involve various phases in the
process like data acquisition, feature extraction, training, and classification. In this,
feature extraction can be done based on the colour, texture, and shape features where
a Histogram of oriented gradient(HOG) is extracted. these features are trained for
classification under random forest, decision trees, support vector machine,k neigh-
bour, navies Bayes, linear regression.
Adeelet al.[3] experimented on the grape plant leaves to recognize the diseases. In
the process of disease classification, feature extraction is done on color, geometric,
and local binary pattern (LBP) features. These features helped for the training and
classifying of grape diseases with the help of SVM technique. Pooja al[35] proposed
on the approach on identification of plant diseases which can help in maximising
the yield production.The Machine learning mechanism and image processing tools
help in identification by extracting the texture, color, and shape features like color
co-occurrence, skewness, contrast, correlation, etc.For training and classification, the
SVM algorithm is used.

Vijayalakshmi al.[57] Proposes an approach for the classification of leaf type de-
tection. In the process of identification of plant leaf types, features are extracted
from texture, shape, and color. Sabrol and Satish experimented on tomato plant
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leaves for the classification of diseases in the digital images[40]. In the process of
classification, they go through various phases like image, Acquisition, segmentation,
feature extraction, and classification. For feature extraction, from the color, shape,
and textural features the angles, pixels, mean, standard deviation, contrast energy,
homogeneity, correlation are extracted.

With the help of computer vision in the field of machine learning Rani al.[7]
Proposes a method for early detection of diseases in the plants and controlling
the crop yield. The selected features are contrast, homogeneity, correlation, cluster
shade, cluster prominence, entropy dissimilarity, energy, and maximum probability
extracted as color and texture features in the training and classifying the diseases[5].
Dhaware et al.[15] Discussed a disease detection method to classify diseased leaves.
In this method, the author used co-relation, homogeneity, energy etc as colour and
texture features for training and classification. A self-adaptive classification method
by chen et al.[12] Using GMDH logistic model for plant disease detection. In this
paper, the author uses image processing techniques to extract texture, color, disease
area, disease pixel features for the classification of diseases with the SVM, CNN, and
(group method of data handling)GMDH logistic.

Jie et al.[54] propose a model for the recognition of plant leaf diseases with an im-
proved Kernel principal component analysis (KPCA)/ genetic algorithm-SVM clas-
sification. KPCA based feature selection is performed to identify the texture and
color features from the apple leaf images.

the automatic disease symptoms segmentation in digital images of tomato plant
leaves is proposed by Usman et al.[2] to identify and classify the diseases. In this
process, the Region of Interest (ROI) segmentation of leaves performed by separating
purely color variant symptom lesions from surrounding green tissue. The discrimi-
nant features are extracted from texture and color features, and these features are
used in the analysis process to identify tomato diseases[62].

The experiment was performed on rose, beans, lemon, and banana leaves to
identify the bacterial and fungal diseases that are affecting the yields[48]. In their
process of identifying, they use image processing and soft computing techniques to
get results with less time and more accurate. The color and texture features are
extracted by the color co-occurrence matrix method.

Bacterial Blight, Cercospora Leaf Spot, Powdery Mildew, and Rust leaf disease
affects plant leaves like chili, rose, soya beans, wheat, rice, grape, etc. For the
classification of diseases, Yin Min Oo et al.[32] proposed an approach using 560
digital images. The feature values are extracted from the color and texture using the
GLCM method. The final classification of the diseases is done with the help of the
SVM algorithm.

Chaowalit Khitthuk et al.[27] discussed a method for plant leaf disease diagnosis
from color imagery using an unsupervised neural network and Co-Occurrence Matrix.
The process was mainly under two processes namely, feature extraction and classifi-
cation. The color and texture features are extracted using statistic-based gray-level
co-occurrence matrix and texture feature equations. For the classification, they used
grape images containing rust, scab, downy mildew diseases.

Vijai Singh[47] proposed an approach for sunflower leaf diseases based on particle
swarm optimization. The proposed system is also involved in image segmentation,
feature extraction from texture features, and classification of six different types of
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diseases.
An approach for the Detection and Classification of Plant Leaf Disease proposed

by Hossain et al.[22] based on color and texture features. In the proposed system,
applied a color space conversion to Lab, and image segmentation is conducted and
feature extraction was based on color and texture. The features are used for the
analysis and classification purpose using the KNN classifier.

An improved moth flame optimization algorithm-based detection and classifica-
tion of tomato plant leaves were proposed by Hassanien et al.[19] and the algo-
rithm depends on the rough sets dependency degree. The classification accuracy was
evaluated by an SVM classifier, and for classification purposes, texture features are
extracted s based on Particle Swarm Optimization (PSO) and Genetic Algorithms
(GA) with rough sets.

Prakash et al.[36] proposed an approach for the detection and Classification of
Leaf Diseases that contains image processing, segmentation using K-means cluster-
ing, feature extraction, and classification. The proposed system used texture features
based on statistical Gray-Level Co-Occurrence Matrix (GLCM) features for analysis
and classification with the help of an SVM classifier.

Pradeep et al.[50] proposed a Hybrid System for Detection and Classification of
Plant Disease with the help of image processing techniques. segmentation of infected
part of the leaf is performed along with the feature extraction. texture features are
extracted and used for the classification by SVM and KNN classifiers[55].

Classification of Tomato Plant Diseases on mobile phone images of tomato plant
leaves is performed based on Scale Invariant Feature Transform (SIFT) features[20].
proposed method consists of three stages image processing, feature extraction, and
classification. They extract SIFT texture features from the segmented images us-
ing the SIFT algorithm. These features are used with the SVM classifier for the
classification of diseases.Aditya et al.[49] proposed a method for the identification
and classification of Olive Spot disease. texture features are extracted from the k-
means segmented leaf images of an olive tree and the texture feature such as energy,
homogeneity, entropy is identified and used for the classification of disease.

Vinod et al.[39] work on the classification of plant leaf disease detection using
image processing techniques. The pre-processing consist of image enhancement, color
conversion from RGB to HSI, feature are extracted using GLCM algorithm and give
input to KNN and SVM classifier for training and classification propose.

Dey et al.[14] deal with the leaf rot disease in Betel vine leaf(piper betlel) based
on an image processing algorithm. The approach consists of pre-processing, seg-
mentation, feature extraction, and classification color features are extracted from
the segmented images and three-channel color conversions are characterized to RGB,
HVS, and YCrCb.

Diseased leaf image classification using SVM, KNN, and decision trees classifier
is proposed by Nandhini and Bhavani[31]. The process contains lab color conversion
segmentation feature extraction and classification. Colour and shape features are
extracted and these are input for analysis and classification of diseases.

Automated image detection of diseased cucumber leaves using sparse represen-
tation classification is proposed by zhang et al[63]. color and shape features are
extracted with the help of Fast Fourier Transformation(FFT) and sparse represen-
tation based classification is performed.
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A new hybrid intelligent GAACO algorithm which includes Genetic Algorithm
(GA), Ant Colony Optimization Algorithm (ACO) for automatic image segmenta-
tion, and Plant Leaf or Fruit Diseases Identification was proposed by Ahmed et al.[4]
using transductive support vector machine (TSVM) classifier. The features such as
Contrast, Energy, Correlation, Homogeneity, and Entropy are extracted from the
images of a plant leaf or fruit using a co-occurrence matrix. Red rust, Anthrac-
nose, Anthracnose, Bacterial leaf spot, Early blight, outbreak citrus canker, etc are
classified using TSVM classifier.

Devi et al.[13] proposed a model for the detection of diseases in the rice plant
leaves using image processing procedures. In this proposed system, brown spot, leaf
blast, and false smut diseased leaves are segmented for extracting texture features.
these features are used for classification with the help of ANN, KNN, Bayesian,
Probability estimation.

Yuan et al[60] introduce an approach for the detection of anthracnose in tea
plants on hyperspectral imaging technology. This study proposes a spectral feature
extraction for the classification of anthracnose infected tea leaves.Peper fusarium
diseases are detected by the development model using ANN, KNN, Naive Bayes
classifiers. In this study[25], wavelet features are extracted for the classification of
diseases.

Zhang et al.[61] proposed a method for the detection of winter wheat diseases
that are yellow rust, powdery mildew, and aphid using continuous wavelet features.
The wavelet features are extracted from foliar Spectral Measurements.Tangtisanon
et al.[53] introduced a method for the classification of holy Basil curl leaf diseases.
This study proposes feature extraction via edge detection techniques. Both Neural
Network and Logistic Regression are performing as the classification models in this
study.

Aziz et al.[6] proposed a model for plant disease identification with the help
of feature extraction and classification. The feature extraction consists of Local
Tri-directional patterns (LTriDP) that are used for the classification with an SVM
classifier.

The above-mentioned literature is based on the extraction of features for the clas-
sification of the diseases in the plant leaf. Authors are extracted many features like
Texture, color, shape, geometric, edges, wavelet, etc that are useful for the classi-
fication of diseases in plant leaves. Each feature set has its importance among the
features that are used in the study. Texture and color features are widely applied in
the studies by many authors and have better classification values for the classification
of the diseases, so the texture and color features are used for the study. The texture
and color are one of the most important and applied characteristics by both pixel
and pixel values, that are used for classifying the region of interest in the images of
plant leaves. Standard deviation, Energy, Contrast, Homegenesity, correlation, etc
are the texture features that can extract from the region of interest in the images of
plant leaves after segmentation.
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4.2 Experiment

In this section, we conduct an experiment to identify the symptoms of apple leaf
diseases. RQ2 and RQ3 are answered with the results of the experiment. Firstly, we
gathered the required knowledge regarding experiment and experiment setup from all
the gathered literature. Dataset gathering is an essential part as experiment results
are based on the input data. It is selected from the publically available datasets.
Feature extraction is performed in the experiment, which is based on the literature
review, and feature selection was performed in the literature review.

4.2.1 Experiment setup

In this study, python is used as the programming language, which is an open-source
and has an extensive source of support libraries. It is also easy and efficient to
implement the code for the classification models. Google cloud has been used in
this work to enhance the training time of the images of plant leaves and meet the
requirements (memory and processor) of the study.
The system specifications used in the study were mentioned below:

• CPU: Intel(R) core(TM)

• i7-8650U CPU @ 1.90GHz 2.11 GHz

• RAM: 8GB

• OS: Windows 10 Home (64 bit)

The python libraries used in this study are mentioned below:

• Sci-kit Learn: It is a python library for machine learning. It contains various
tools for machine learning and statistical modelling, including classification,
regression, clustering algorithms, and also algorithms like SVM, RF, K means,
etc.

• Pandas: It is the python library that is used for data manipulation and anal-
ysis.

• Numpy: It is the library for the python programming language. It supports
the large multi-dimensional arrays, matrics, and mathematical functions.

• Matplotlib: It is the plotting library for the Python programming language
that has a collection of plotting functions.

• OpenCV: It is the python library that was designed to solve computer vision
problems. It is used for image processing techniques.
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Figure 4.1: Flow diagram of proposed method

4.3 Data collection

In this proposed work, we went through some stages of image processing techniques
for the classification of plant leaf diseases. The flow of work in the experiment process
is shown in fig4.1. The stages in the experiment are image actuation, image pre-
processing, color conversion, image segmentation, feature extraction, classification,
and results. The final results are extracted with the help of Random Forest and SVM
Classifiers.

4.3.1 Dataset

In the present study, the leaf dataset consists of two types of healthy and diseased
apple leaf images; these are apple scab and apple rust. This dataset is collected from
an online source such as public collection Kaggle [1]. This dataset contains a total
of 3651 images of apple plant leaves with the disease symptoms, which consists of,
1399 images of apple rust, 1200 images of apple scab, 187 images of multi diseases,
and 865 images of healthy leaf images. These images are all in JPEG format. This
leaf dataset contains a combination of healthy, apple scab and apple rust diseases.
The sample images of rust, scab and healthy are shown in figure4.2 and 4.3.

4.3.2 Pre processing

This stage of experiments needs to be effective and an important step for the clas-
sification of the diseases. This will enhance the quality images necessary for feature
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Figure 4.2: (a) Apple scab disease, (b) Apple rust disease

Figure 4.3: (c) Both scab and rust disease (d)healthy leaf

processing and analysis. The images are flipped, scaled according to necessity, and
resized to get slandered size for further steps.

Due to external factors like temperature and other atmospheric conditions, the
images may contain some noise. This may be dust and some tiny particles in the air
etc can also be causes for adding noise to the images. Hence, the proposed study
considered Gaussian filter(5*5) for removing the noises in the plant leaf images4.4.
Another Prepossessing step used in the work is adjusting the brightness to get stan-
dard results.

Figure 4.4: (a) original image, (b) with Gaussian filter

4.4 Color Space Conversion
Color space conversion is one of the important roles to identify the color information
and cluster separation. The apple plant leaves are transformed from RGB images to
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other color space models. The main goal of the color space conversion is to classify
the colors that are visible to a human vision system.

Availability of different color spaces such as Lab, HSV, YCbCr, etc that can be
useful for the study. In the proposed system, we performed HSV and Lab color
transformation for the RGB images of apple plant leaves. The following sections
represent the work of transforming the color space from RGB images to other models.

4.4.1 HSV color conversion

HSV color space is based on cylindrical coordinates representation of points in an
RGB color model. HSV color space represented Hue, Saturation, Luminance values
in an image. The conversion of RGB (Red, Green, and Blue) values in each part of
the original images of the apple plant leaf to HSV (Hue, Saturation, and Luminance
value) color space is implemented in the study.
In HSV there are three ingredients namely[44].

Hue is the dominant color by an observer and it ranges from 0-360 degrees.
Saturation is the amount of light mixed in the color and the range is from 0 to

100 percent.
Value is the brightness of a color and it ranges from 0 to 100 percent. HSV

conversion image is shown in the figure 4.5.

Figure 4.5: (a) original image, (b) HSV conversion

4.4.2 Lab color conversion

Lab color space can be described mathematically in three dimensions where L rep-
resents lightness, a* represents the color components of a green-red axis, and b*
represent the color components of blue-yellow axis[29]. Device independence is the
important attribute of Lab color space which means colors are defined independently
according to the nature of creation. In this study, the conversion of RGB values of
an image to the Lab color space model was implemented. Lab conversion fig4.6 and
grayscale fig4.7 images are shown below:

4.5 Image segmentation
Image segmentation is the identification of uniform (homogeneous) regions in an im-
age and is used to simplify its representation by converting into a meaningful form
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Figure 4.6: (a) original image, (b) Lab conversion

Figure 4.7: (a) original image, (b) gray scale image

such as highlight a region of interest from the background [18]. The segmentation of
an image is divided into different groups of the same features. For dividing the dif-
ferent regions, there are different algorithms in segmentation, such as region growing
segmentation, edge detection, K-means clustering, etc. One of the most popular and
basic unsupervised algorithms for segmenting images is the K-means clustering algo-
rithm. This algorithm divides the set of data into the group based on the clustering
process.

In this study, the K-means clustering algorithm is used to partition the data
points into k number of clusters or regions based on a set of features by minimizing
the sum of squares of distances of the objects. In the proposed study, the image data
set contains images of an apple plant leaf that has one or more diseases in a leaf.
In the segmentation process, the k means clustering process is used to separate the
leaf images into different regions as if there is any leaf that contains more than one
disease. The color changes in the segmented leaf image are helpful to identify the
symptoms of the diseased leaf.

4.6 Feature extraction

After the segmentation stage of the experiment, features are extracted from the
region of interest, i.e. diseased part of a leaf. This phase’s main goal is to extract
the information from the sample images, which is useful for classification. These
features were played a significant role in classifying the diseases of plant leaves.
Image processing is vast and consists of endless features that can be extracted for the
classification of the images according to the need. Extracting the correct feature set
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and understanding which features are to be extracted is of utmost importance to get
better results. Many types of features are available to extract, such as texture, color,
edges, shape, geometric, etc. In the first stage of the study, we have gone through the
literature review for feature selection based on past work and experiments. Texture
and color features are the most important and used features for the classification of
diseases. In this study, texture and color features are extracted for the classification
of diseases.

In this, color and texture features are extracted with the help of the co-occurrence
matrix. Texture features are extracted from the images by computing the spatial re-
lationship among the pixels. It extracts various properties like contract, homogeneity,
energy, correlation. A total of six features are extracted from the segmented disease
part of the leaf, including texture and color features. The following are the features
of their formulas.

1. Mean : It represents the mean value of all the pixels in the relationship and it
is calculated as

1
n

∑n
i=i xi

2. Standard deviation : It represents the square root of the variance of all reference
pixels. It is calculated as

s =
√

1
N−1

∑N
i=1(xi − x̄)2

3. Energy : It represents the measure of intensity pixels between pixels and its
neighbor pixels over the image. Constant image contrast is equal to zero. It is
calculated as

∑n
i,j=1 (Pij)

2

4. Contrast : It represents the measure of the sum of squared elements. Summa-
tion. It ranges from 0 to 1 and the constant image has energy 1. It is calculated
as

∑n
i,j=1 Pij(i− j)2

5. Homogeneity: It represents the measure of closeness of the elements towards
the diagonal. It ranges between 0 and 1. It is calculated as:

∑n
i,j=1

Pÿ

1+(i−j)2

6. Correlation: It represents the measure correlates between a pixel and its neigh-
bor pixel over the image. It ranges between -1 and 1. It is calculated as:

∑n
i,j=1 Pij

(i−μ)(j−μ)
σ2

Where as,
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Pij : The i,j elements in the leaf image.

N : The number of levels used.

μ : The mean value of all the pixels which are in the relationship. It is calculated
as

μ =
∑n

i,j=1 i (Pij)

σ : It is the variance to the intensities of all the pixels. It is calculated as

σ =
∑n

i,j=1 Pij(i− μ)2

Features that are used for training are too large to be processed. Dimensional-
ity reduction is the solution for the problem as feature extraction comes under it.
Features are transferred into the reduced set, which is known as a feature vector. Re-
ducing features by removing the irrelevant features that result in better performance,
easier to understand, and runs faster.

4.7 Classification
In the previous step of the experiment, the texture and color features are extracted
from the images of a plant leaf. These collected features are used for the classification
of the diseases using classifiers, and the classification of the diseases was performed
by dividing the input feature database for training and testing. In this study, we have
chosen two classifiers for clean and accurate classification, namely SVM and Random
forest. SVM and random forest played an essential role in the domain of machine
learning. Choosing the right algorithm and functioning the algorithm according to
the model at its best are the two things that can make the experiment successful by
gaining better accuracy. The following are the details of the classifiers.

4.7.1 Training and Testing the data

The dataset used in the study is larger, so the stratified k fold cross-validation was
used for training and testing purposes. The details of the stratified k fold cross-
validation are discussed in section 2.4. While taking the k value as 5, the model
has obtained an accurate estimate of the average performance. It will be reducing
the computational power of refitting and evaluating the data that is differentiated
in different folds. However, larger values of k increase the runtime of the cross-
validation algorithm with high variance, so the training folds become smaller. This
was the reason to take k value 5 for the larger dataset.

4.7.2 Classifiers

Support Vector Machine(SVM)

SVM is one of the classical machine learning algorithms which can be used for clas-
sification problems. It is a supervised learning approach that is used to analyze the
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data set and build a model and separate the data into no of classes. It is one of the
most popular algorithms and used for both classification and regression challenges,
i.e. mostly used for classification problems [51].

To differentiate the symptoms of plant diseases into different classes by construct-
ing a separate line (also known as hyperplane) used for the classification in a high
dimensional space. The parameters used in the study are C = 1.0, gamma = 0.001,
max_iter = -1 as no limit on iterations within solver. The future vector form feature
extraction was given as input to the classifier, the method differentiates and identifies
apple scab, apple rust diseases. The gap that formed should be as wide as possible,
and it depends on the data points, which are known as support vectors.

Random Forest

It is one of the finest classification and regression of machine learning algorithms. It
can easily handle large datasets with high accuracy. Because of its simplicity and
diversity, it is one of the most used algorithms, and it can also solve both classification
and regression problems. It is a supervised learning algorithm[10].

The input future vector is given at the top of the tree and down the tree. In
the process of classification, it builds multiple decision trees and combines them to
get a more accurate prediction. The forest it builds was trained with the bagging
method (which is also known as a bootstrap aggregation) and split the features on
the subset. During the process, the decision tree was constructed and used for the
prediction in classes. The overall tree was predicted by considering the most votes of
classes as output. The parameters used are n_estimators=100, min_samples_split
= 2.

4.8 Data Analysis

4.8.1 Performance Metrics

These are the terms that are related to the confusion matrix:

True Positive (TP)

The actual classes of true data points and true prediction are considered as True
positive.

True Negative (TN)

The actual classes of false data points and false prediction are considered as True
Negative.

False Positive (FP)

The actual classes of false data points and true prediction are considered False posi-
tive.
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False Negative (FN)

The actual classes of true data points and false prediction are considered as False
Negative.

Motivation for Selecting Performance metrics: Performance metrics for the
classification models are necessary to calculate the outcome of the experiment. While
reviewing the past works of literature on that classification domain, we come across
some performance metrics that are considered to calculate the performance of an
algorithm. Several performance metrics can be there to represent the outcome of the
classification. From the in-depth review, an accuracy metric is selected, which is the
primary metric for the classification problem to measure the classification percentage
for the test instances. Precision and recall are also chosen as performance metrics,
which are widely applied for information retrieval. These three metrics are used in
this study for the classification of plant diseases.

For the analysis of the accuracy, precision, and recall, the correct detection of
diseases in a plant image is a true positive, the correct rejection of diseases in a plant
image is a true negative, the incorrect detection of diseases in a plant image is false
positive, the incorrect rejection of diseases in a plant image is a false negative.

Accuracy

The ratio of correct prediction of the symptoms of the disease to the total number
of input images.

Accuracy =
TP + TN

TP + TN + FP + FN

Precision

It is the ratio of correctly predicted images to the total no of images to categorize.

Precision =
TP

TP + FP

Recall

The ratio of all the positives to the total images of the leaf category is present. It is
also known as sensitivity or true positive rate.

Sensitivity =
TP

TP + FN
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F1_score

F1_score is the harmonic mean of the model’s precision and recall. It is the metric
used as a statistical measure to rate the model performance.

F1_Score =
2 ∗ Precision ∗Recall

Precision+Recall

4.8.2 Dependent and Independent variables

Dependent Variables: Dependent variables are the performance metrics that are
used in this experiment to compare the performance of the implemented models.
The performance metrics are accuracy, precision, recall, and f1_score.

Independent Variables: Independent variables are the models that are chosen
for this experiment for evaluation. Support Vector Machine and Random Forest are
the models used in this experiment.





Chapter 5

Results and Analysis

In the previous chapter, we discuss two methods of the study that are literature
review and experiment. This chapter illustrates the results of the experiment and
analysis of the study, and the performance metrics are discussed for the algorithms
that are presented in the study.

5.1 Experiment Results

The experiment results are obtained by training and testing the images of plant leaves
containing symptoms of apple rust and apple scab with the classification models.
The performance of the model is calculated according to the performance metric
that is described in Section 4.8. The most commonly used metric for performance
calculation is Accuracy, Precision, Recall and F1_Score.

Two algorithms were implemented to classifying the diseases in apple leaves. The
data used in the process was divided into training and testing, where the training
data was fed to the classification model and the trained data information was used to
implement on the test data. In this work, the dataset consists of 3651 RGB images
of apple plant leaves with the disease symptoms, which consists of, 1399 images of
apple rust, 1200 images of apple scab, 187 images of multi diseases, and 865 images of
healthy leaf images. These images were used in the classification model for training
and testing with the help of Stratified K Fold Cross Validation (k = 5).

5.1.1 Support Vector Machine (SVM) results

The SVM classification model is trained and tested for the four categories of the
leaves presented in the dataset (which are mention above) using Stratified K Fold
Cross Validation where k is taken as 5. The data are given to the classification
model With the help of Stratified k fold cross-validation, where the data is divided
into training and testing. The overall experiment is performed separately with RGB
images, Lab color space, and HSV color space. The results of the experiment are
calculated with the help of four performance metrics. The performance metrics
accuracy, precision, recall, and f1_score are shown in the table 5.1. The overall
classification accuracy obtained after the implementation of testing the data for HSV
is higher when compared to Lab and RGB images. From the table 5.1, Lab and HSV
color transformation help in increasing the classification accuracy and f1_score when
compared with RGB images.
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Accuracy Precision Recall F1_Score
RGB values 80% 82.1% 80.6% 81.3%

Lab 84.9% 85.4% 85.1% 85.3%
HSV 86.5% 87.3% 86.1% 86.7%

Table 5.1: Performance of SVM Classification model

The five-folds after performing Stratified cross-validation for training and testing
using HSV color space is shown in the table 5.2. The performance metrics using HSV
color space for the SVM model for Accuracy, Precision, Recall, F1_Score.

Accuracy Precision Recall
Split 1 90.2% 90.6% 91.5%
Split 2 92.3% 93% 91.5%
Split 3 88.3% 88.8% 90.4%
Split 4 91.2% 91.4% 88.6%
Split 5 88.5% 90.2% 87.1%
Average 90.1% 90.8% 89.7%

Table 5.2: Five fold cross validation using HSV color space.

5.1.2 Random Forest (RF) Results

An RF classification model was implemented for the classification of plant diseases.
The dataset that was given to the classification model for training and testing data
using stratified 5 fold cross-validation. The overall experiment is performed sepa-
rately with RGB images, Lab color space, and HSV color space. The results of the
experiment are calculated with the help of four performance metrics. The perfor-
mance metrics accuracy, precision, recall, and f1_score are shown in the table 5.3.
The overall classification accuracy obtained after the implementation of testing the
data for HSV is higher when compared to Lab and RGB images. From the table 5.3,
Lab and HSV color transformation help in increasing the classification accuracy and
f1_score when compared with RGB images. Random forest performs better than
SVM classifier in accuracy, precision, recall, and f1_score for the classification of the
diseases is shown in the table 5.5. Each testing results are illustrated in the Table
5.3.

Accuracy Precision Recall F1_Score
RGB values 85.5% 86.7% 85.6% 86.2%

Lab 89.2% 91.1% 89.9% 90.5%
HSV 90.1% 90.8% 89.7% 90.3%

Table 5.3: Performance of Random Forest

The five-folds after performing Stratified cross-validation for training and testing
using HSV color space is shown in the table 5.4. The performance metrics using HSV
color space for the RF model for Accuracy, Precision, Recall, F1_Score.
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Accuracy Precision Recall
Split 1 83.4% 83.2% 83.8%
Split 2 87.2% 88.3% 87.6%
Split 3 88.6% 90% 87.7%
Split 4 87.7% 88.8% 85.4%
Split 5 86.1% 86.2% 86%
Average 86.5% 87.3% 86.1%

Table 5.4: Performance of SVM Classification model

5.1.3 Comparison of performance without color spaces

In this study, the classification of diseases is conducted using color transformation
techniques and machine learning models. We use HSV and Lab conversion that helps
for feature extraction from the different visible spectrum. The overall experiment is
performed separately with RGB images, Lab color space, and HSV color space to
know the importance of the color space and compare them on the basis of perfor-
mance. The overall performance of the HSV obtained after the implementation of
testing the data is higher when compared to Lab and RGB images. Hence, while
using the HSV color transformation there is a improvement in accuracy for disease
classification compared with the lab color transformation. The accuracy, precision,
recall, and F1_score for RGB, Lab, and HSV images is shown in Table 5.5 and the
graph 5.1.

Figure 5.1: Comparison of performance with RGB, Lab, AND HSV images
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Accuracy Precision Recall F1_Score
Algorithm SVM RF SVM RF SVM RF SVM RF

RGB values 80% 85.5% 82.1% 86.7% 80.6% 85.6% 81.3% 86.2%
Lab 84.9% 89.2% 85.4% 91.1% 85.1% 89.9% 85.3% 90.5%
HSV 86.5% 90.1% 87.3% 90.8% 86.1% 89.7% 86.7% 90.3%

Table 5.5: Comparison of performance with RGB, Lab, HSV images

5.1.4 Comparison of classification models with pre-trained
deep models

There are some pre-trained deep learning models on the classification of plant dis-
eases. In those models, Chao et al.[11] achieved 98% accuracy with a combination of
denseNetmodel and Xception model. Jiang et al.[24] gained the performance of 78.8
mAp with the inception structure GoogleNet model and Yan et al.[59] achieve 97%
using the AlexNet model.

In this study on the plant disease classification, the SVM classification model
achieved an accuracy of 86.5%, and Random forest achieved an accuracy of 90.1%
by using HSV color transformation. While comparing the accuracy with the pre-
training deep learning methods, they are still a little higher when compared with the
classification models. But the classification algorithm feature set is well performed
with an accuracy of 90.1%.



Chapter 6

Discussion

In Chapter 5, we discussed the results and analysis of the experiment. The main
aim of the current chapter is to discuss the achievements that are achieved in this
research by evaluating the performance of SVM and RF algorithms.

6.1 Answering for Research Questions

6.1.1 Answering RQ1

In the in-depth analysis of literature review, first and foremost ; several examples
and previous related studies are considered to gain knowledge on the research work.
Secondly, we have gone through the existing literature on feature extraction. These
previous researches that are considered in the literature review are well documented
in the method Section 4.1. In this literature, authors introduce many features that
are used for the classification of plant leaf diseases. Texture, Color, Shape, Edges,
Wavelets, and Geometric features, etc from the plant leaf images for classification
purposes. Texture and color features are the most famous and widely used features
for the classification of plant leaf diseases. The texture is one of the most important
and commonly used features for classifying the region of interest in the images of
plant leaves. From the literature review, which is discussed in Section 4.1, texture
and color features are obtained as a result. These features are extracted and given
as input for the classifiers in the experiment.

6.1.2 Answering RQ2

The experiment was performed by classifying the apple plant diseases using image
pre-processing, color transformation, image segmentation, Image segmentation, fea-
ture extraction, and classification. The features that are obtained from the literature
review are used in the experiment for feature extraction. The six features from the
texture and color such as mean, standard deviation, Energy, correlation, contrast,
homogeneity, are extracted and fed to the classification models for training and test-
ing. Two classification models are used for the experiment which is SVM and RF.
The two classifiers are compared by their respective performances in Accuracy, Pre-
cision, and Recall metric. Among the two classification models, RF achieved better
performance when compared to the SVM classifier.

When comparing the performance with the pre-trained deep learning model, SVM
and RF classification model performance show a little lesser performance than that
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of the deep learning models. The deep learning model [11] achieved 98% accuracy
with the combination of DenseNet and Xception for classification of leaf diseases.
Inception structure GoogleNet model was proposed by [24] gained the performance
of 78.8 mAp. [59] proposed an AlexNet model with the accuracy of 97 % using
inception structure.

These deep learning models have accuracy higher than SVM and RF classifiers.
The classification model feature set is well performed with an accuracy of 90.1% but
the pre-trained models are a little better than the two classification models.

6.1.3 Answering RQ3

In this study, we examine the efficiency of the color transformation which changes
the visibility of the images. In the classification of the diseases, We connected the
experiment on RGB images with the help of SVM and Random forest classifiers.
The achieved accuracy for SVM is 80%, and the random forest is 85.5%. We also
used color transformations like HSV and Lab color spaces in image processing and
evaluated them separately using SVM and Random forest classifier. While the SVM
model achieved an accuracy using Lab and HSV color spaces are 84.9% and 86.5%,
and Random forest model achieved an accuracy using Lab and HSV color space
are 89.2% and 90.1%. Both the experiment results using Lab and HSV color space
improve the classification model accuracy. Among those two color spaces, HSV color
space helps the model to get better accuracy. So, the color space conversion is useful
to improve the performance of the classification model.

6.2 Validity Threats

In the process of research, we came across some threats that were able to avoid and
overcome carefully.

6.2.1 Internal Validity Threats

Internal validity is the measure of changes in the variable that caused differences in
the experiment or study population. In this proposed work, we have come across the
comparison of two classification models on the dataset, and the features are extracted
from the images that are necessary to the experiment. As per the research, the data
is filtered thoroughly according to the need. So, there are fewer chances of picking
unsuitable algorithms and features to extract.

6.2.2 External Validity Threats

External validity is an extent to which the observed and proved results of the study
can be inferred to exist in the different population conditions. In our research work,
we used a plant leaf image dataset for pre-processing, color conversion, segmentation
as per the need of the experiment. The different dataset has a different way of pre-
processing approaches and steps for the experiment. So, this had less chance to be
a threat to the study.
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6.2.3 Conclusion Validity Threats

A threat to conclusion validity is the factor that can be lead to the inappropriate
metric used in an experiment. This may lead to the misleading of information to the
other studies. The thread can be avoided by preferring proper methods and suitable
metrics to the models. In this research, we have gone through the proper approaches
to select the methods and suitable metrics for the evaluation of classification models.
So, there is very less chance to be a treat.





Chapter 7
Conclusions and Future Work

In this proposed work, we describe two classification models for the classification
of the diseases on apple plant leaves. We classify the symptoms of diseases based
on image processing, color transformation, segmentation, feature extraction, and
classification. The dataset used in the work consists of 3651 high-quality RGB images
of four categories that contain two symptoms of the disease such as apple rust and
apple scab. In this, 1200 images of apple scab and 1399 images of apple rust and
187 images of apple rust and 865 images of healthy leaves were used in the work for
extracting features and classification of the diseases.

In this research, two methods are used such as literature review and experiment
to obtaining results. In the literature review, feature selection is done by reviewing
the previous work on disease classification. Texture and color features are selected
as features that are extracted from the leaf images.

The experiment conducted separately for the classification of the plant diseases
on RGB images, Lab and HSV transformed images. The classification models used in
the experiment are SVM and RF. For the training and testing of the feature vector,
stratified 5 fold cross-validation is used in that study. Among the two classification
models, RF performs better than SVM in three types of experiments as results shown
in the table 5.5.

Among the three experiments conducted, experiments using Lab and HSV color
spaces improves the classification performance when compared to the RGB images.
The leaves in the image dataset may be in different color tones due to some climatic
conditions and other factors. So, some of the features may not be extracted from
the RGB images. This study helps in the classification of the diseases in apple plant
leaves by improving the performance using Lab and HSV color transformation.

Future studies could focus on to extend the proposed work by experimenting on
the data that contain more number of diseased leaves and also with the multiple
diseases in a single leaf(diseases with more than one). The severity of the symptoms
of the diseases can be estimated with different learning methods and classification
models.
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