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ABSTRACT

Malaria parasites are one of the most common infectious diseases, causing widespread suffering and
deaths in various parts of the world. To ease the process of detecting whether a person is infected or
not, various studies have been conducted for a long time. However, most of the proposed techniques
that have been used by different researchers for automating the detection process have limited
detection accuracy. Besides, those proposed techniques are only focused on specific types of features
rather than finding better feature types for automating the detection process. Thus, leading to models
not generalizing very well. Furthermore, it is an active area of research demanding the development
of automatic, efficient, reliable, and accurate detection systems. Due to this reason, this thesis aims
to assess various features and classification techniques and selects the best possible method that yields
the highest detection performance.

The approaches followed in this study to determine whether a patient's blood sample is infected with
malaria or not are dataset collection, image preprocessing, feature extraction and classification. To
conduct the experiments a total of 27,558 segmented cell images extracted from thin blood smear slide
images were used from the US National Institute of Health (NIH) recorded data. These images are
enhanced using various preprocessing techniques. Once the preprocessing phase is done, three types
of features namely color histogram features, haralick texture features and the combination of the two
features are extracted. Finally, different supervised machine learning techniques with different model
parameters such as support vector machine, decision tree, K nearest neighbor, multi-layer perceptron,
random forest, and naive Bayes were used for the classification purpose.

The proposed techniques were evaluated using a confusion matrix, and classification performance
report to assess which has a higher classification potential. The random forest algorithm has achieved
an average accuracy of 95%, average precision of 95.0%, 95.0% of average recall and an average
F1 value of 95.0% over a test dataset of previously unseen 8266 images. From the analysis of the
experimental results, the random forest algorithm gives better results than the other supervising
machine learning classifiers. Thus, due to the fact that random forest aggregates more than two
decision trees to avoid overfitting as well as error due to bias making it more accurate from the
analyzed algorithms, and thereby showing the feasibility of its usage in real-time applications for
determining whether a cell is infected with the malaria parasite.

Keywords: Malaria, Blood smear, Image processing, Supervising Machine learning, Feature

extraction.
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CHAPTER ONE

INTRODUCTION

1.1. Background

Malaria is a serious blood ailment produced as a result of parasites spread to humans through the
mouthful of the anopheles mosquito, called malaria vectors. When infected mosquito bites a human
and spreads the parasites, those parasites reproduce in the host's liver before infecting and rescinding
red blood cells. It is a global health problem causing over a million human infections annually,
according to the World Health Organization (WHO) Statistics. For instance, as in [1] stated, there
were around 219 million cases of malaria in 87 countries affected by epidemic parasite. According
the WHO report, in Africa most top ten of the death cases were caused by malaria. This is because of
the favorable environmental conditions of some African regions which were helpful in nurturing
mosquitoes. Moreover, the social and poor economic conditions of African people making it more
difficult to receive suitable treatment and equipment in countering malaria producing a high rate of
death from malaria disease[2].

According to [3] Ethiopia as one of the sub-Saharan countries in Africa is the victim of the malaria
epidemic with far-reaching negative impacts. Malaria disease is a serious public health concern in
Ethiopia, as 75% of the land and 60% of the population are exposed to the disease. The malaria disease
has been consistently reported as one of the topmost leading causes of outpatient visits, admissions,
and deaths among all age groups in Ethiopia. Hence, knowing the trends of malaria prevalence is
essential to design appropriate interventions against the disease[3]. It becomes an individual’s health
problem affecting the economic development of the country as it prevents the infected people from
participating in their day to day activities. The coverage of malaria varies markedly by location and
season as its occurrence in most parts of the country is unstable mainly due to the country's
topographical and climatic features several peoples are at risk through years being susceptible to
malaria[4].

In most parts of Ethiopia, malaria is seasonal with a periodic transmission that lends to the outbreak
of an epidemic. The transmission strength varies greatly due to the large diversity in altitude, rainfall,
and population migration. Hence, the environment plays a great vital role for the spread of malaria

disease as the vector requires favorable habitats in reproduction that includes the availability of ample



surface water and temperature. There are different methods to diagnose malaria, of which manual
microscopy is considered to be the gold standard [5].This manual method of diagnosis is time-
consuming and may lead to inconsistency. The proposed approach of an automated method for parasite
detection based on a machine learning approach once digitized will reduce the time taken for screening
the disease, and also improves consistency in diagnosis when compared with the manual [6].

Malaria parasite detection in this work is performed based on color histogram features, haralick texture
features and the combination of haralick texture features with the color histogram features. A malaria
detection system must be equipped with functions to perform are image Acquired, preprocessing,
features extraction and classification tasks. In order to perform analysis on the blood smear, the system
must be capable of differentiating between malarial infected artifacts and non-infected blood smear
components. Different supervised machine learning techniques with different model parameters such
as support vector machine, decision tree, K- nearest neighbor, multi-layer perceptron, random forest

and naive Bayes were used for classification purposes.
1.2. Motivations for the study

Malaria is a mortal disease for humans, through the years. The major method used for detecting
malaria parasites in the blood is to prepare a blood smear, stain it and look for the parasite under the
conventional microscope. Different rapid diagnostic test kits have been developed but they still have
their limitations[7].Manual assessment of blood smear films is time-consuming, error-prone.
Furthermore, the correctness of the final analysis ultimately depends on the time spent studying each
slide and the skills and experience of the technician.

A supervised machine learning technique creates a new uprising technique for medical image analysis.
Machine learning methods in malaria detection systems gives better automate in medical image
analysis. The implementation of automated malaria detection using images extracted from blood
smear films would result in accurate measurement in malaria diagnosis and improves the delay in
treating patients and also reduces the time the physicians spent on the diagnosis. Therefore, the
motivation behind this thesis work is to implement an automatic malaria detection system that enables

accurate diagnosis in detecting the malaria parasite using supervising machine learning approaches.
1.3. Problem Statement

Medical diagnosis of malaria is the procedure of detecting parasite disease by critical analysis of its
symptoms and is often supported by a series of laboratory tests of varying complexity. Accurate
medical diagnosis is important to afford the most effective treatment option for patient.

A Number of studies have aimed to assess the accuracy of the manual microscopic diagnosis of

malaria. It was shown that the manual method itself may not be a reliable screening method when it



is performed by clinical examiners who have limited training especially in the rural areas where
Malaria is prevalent. This means that the result of the manual malaria screening technique is subjective
among different experts. Consequently, in this thesis, a system is developed that can automatically
detect malaria parasites whereby the decision is made by a computer using image processing
algorithms applied to digital images acquired from a digital microscope. There have been many
advances since the development of computer-based malaria detection. However, there is still a
growing demand for developing more efficient and accurate techniques. Therefore, this study aims to
assess various feature extraction and classification techniques and select the best one that will improve

the entire detection procedure.
1.3.1. Research Questions

To this end, this thesis was attempts to answer the following research questions:
% Which supervised machine learning model provides the highest performance?
%+ Which feature extraction technique provides the highest performance?
%+ Can the combination of feature sets of different feature extraction techniques outperform an

individual feature set of single feature extraction techniques?
1.4. Objectives of the Study
1.4.1. General Objectives

The general objective of this research is to build a machine learning model that can automatically

classify whether a cell is healthy or infected and assess the performance of the developed model.
1.4.2. Specific Objectives

In light of this general theme, the specific objectives of the thesis are the followings:
% To select and apply the proper preprocessing method

% To extract the features that feed as an input to the model

L)

% To test the effect of feature extraction on detection system performance

L)

>

*,

% To develop a feature set combiner algorithm
+«+ To compare the results and performances of the machine learning techniques used.

1.5. Significance of the Study

The majority of malaria finding techniques usually require human mediation to support in the
interpretation of their results. An attempt conventional microscopy which is the gold standard method

of malaria diagnosis has yielded little success as the degree of accuracy for parasite detection reported



remains low. In this research work, the development of malaria disease detection using machine
learning techniques is carried out.
The importance of this research are:

% It provides a research output for malaria detection researchers in the development of
malaria detection systems from microscopic images.

%+ The research plays a great role in understanding the steps and challenges of malaria detection
from microscopic images through color histogram features, haralick texture features with
supervising machine learning approaches.

%+ The study helps to initiates researchers to do malaria detections with different approaches

such as SVM, KNN, Naive Bayes, MLP, Decision trees and Random forest algorithms.
1.6. Thesis Contribution

Automating malaria disease detection has been an issue for a long time. Different researchers have
attempted to automate it using various techniques. However, the aim was to develop a model using a
particular supervising machine learning and a particular feature extraction technique that determines
whether a person is affected by malaria or not. Besides, there are other features and models that could
yield the highest performance. hence, after different literature reviews were conducted and to the best
of my knowledge, this study select best features using different features extraction techniques to
determine the best descriptor that can provide the highest accuracy for malaria detection using the
state of the art supervised machine learning techniques. This is a really great contribution to the
process of malaria disease detection as miss-detection will have a severe impact on the patient. The
other contribution of this study is determining the best possible supervised machine learning classifier
following the best malaria detection descriptor identification. All in all, the contribution of this study

is the performance improvement in comparison with the other research work.
1.7. Scope and Limitation of the study

While conducting the study, it has been observed that some aspect of the study was not attempted.

These parts of the study are not part of the scope of this thesis. The limitations include the following.

s The scope of the study is only limited to the determination of whether a blood smear
is infected or not infected by malaria.

s The study focused only on the color histogram features, haralick texture features and
combination of color histogram features with haralick texture features.

¢ This study didn’t include the determination of infecting malaria species and the stage of the

parasite.



% The scope of the study conventional ML approaches are used not deep learning approaches.
% The other limitation of the study is the unavailability of a local dataset. Since it was difficult

to obtain a dataset locally a public dataset is used for testing purposes.
1.8. Research Methodology

The research methodology mentioned below would be used to select and implement appropriate
methods and techniques: literature review, image processing, features extraction and disease
classification techniques.

Literature Review: Before starting the actual work, a detailed study was conducted in the literature
written on this area to have a clear picture of the work at hand. Research written on the malaria
detection system will be reviewed to get an understanding of the various techniques and methods of
an automatic malaria detection system using machine learning approaches. A literature survey was
conducted on the area of image processing and machine learning for every stage of the system design.
Available books, journals, case studies, previous research works & guidelines were surveyed in order
to have a clear understanding of the subject matter.

Data collection and Preparation: Images are downloaded from the US National Institute of Health
(NIH) website. Labeled blood smear image needed for experiments are prepared and collected.
Design and Implementation: this phase deals with designing and conducting experiments for
classification. This phase encompasses the following steps. The first step is preprocessing of an image.
The second step is the extraction of features of image that are used as an input to the supervising
machine learning algorithm classifier. Final phase of the research work was targeted at classifying the
disease into infected and non-infected. The architecture of the system determining the training
approach of each component of the system, determining system parameters and their value. The
implementation part is just how to implement the system from different perspectives like development
language, development resource anaconda 2019 software has been used for implementing the
proposed system.

Experimentations and Discussion: Discussed on the Results, give conclusions and the future Points.

Generally, Methodology Followed to conduct the Research is as figure 1.1.
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Figure 1. 1 Methodology Followed to conduct the Research
1.9. Organizations of the Thesis

This thesis is organized into five different chapters. The first chapter presents a preliminary
introduction to this study. It offers the general structure included in this study. It provides enough
background information to help the reader understand the reason behind the study and what the
researcher plans to accomplish by carrying out the research. The second chapter studies an explanation
of malaria which will be selected for demonstrating the proposed methodology, machine learning
techniques that are used in this research, and present reviews of previous work related to the study
topic with specific reference to the research objectives. It presents summaries from books, journals,
and collected works that are helpful in accomplishing this work. Chapter three gives a detailed
explanation about the proposed methodology that are used in this research, the hyper-parameters
range for the machine learning algorithms, the features that are extracted and used in this thesis.
Chapter four presents the research results and a detailed analysis obtained through the methodology
presented in chapter three. The last chapter draws conclusions from the study, gives recommendations

for users of the research, and provides the future work for this study.



CHAPTER TWO
THEORETICAL BACKGROUND AND LITERATURE REVIEW

2.1. Introduction

In this chapter, the theoretical related background of the system is discussed and a detailed literature
the review is performed on different malaria detection approaches using machine learning
techniques. A review of existing articles written by other scholars or authors which are relevant for
this study would also be summarized focusing on automatically detecting malaria disease.
Automatically detecting malaria using the machine learning approach problem undergoes the
following sequence of steps. Image acquired, Image pre-processing, Feature extraction and Image
classification. Image acquisition involves the capturing of a patient's blood smear image using an
image-capturing device. Image preprocessing makes the image more suitable for subsequent
processing stages. The next step is the extraction of suitable features from an image by the use of
appropriate image processing and feature extraction techniques. Based on the extracted features, the
classification of individual objects present in an image is undertaken using a classifier. The last step
in the malaria detection system using the machine learning approaches process is image understanding

or making sense of a blood smear infected or not infected by the parasite.

2.2.Malaria Diagnosis

Malaria diagnosis is in general the process of testing the existence of malaria parasites inside a patient's
blood. There are two ways of diagnosing malaria in the form of automatic and manual approaches.
The manual approach includes signs and symptoms[8] used in the microscopic examination.
Microscopic examination is a method of diagnosing malaria by examining a drop of the patient's blood
smear under the microscope, spread out as a blood smear on a microscope slide. Prior to the
examination, the specimen is stained to give the parasites a distinctive appearance. The second
approach is an automated version of diagnosing malaria. This on the other hand is a computerized
approach that enables to detect malaria parasites. In contrast to manual-based malaria diagnosis

approaches, the automated diagnosis is usually fast and accurate.

2.3.Computer Aided Diagnosis system

A computer-aided diagnosis system is a clinical decision support system, which assists doctors in the
interpretation of medical images. Computer-based diagnosis used as a tool to provide additional
information to clinicians, who will make the decision as to the diagnosis of a patient[9]. Computer-

based diagnosis is becoming one of the major research areas in medical imaging and has been the



inspiration for significant advances in many areas including image processing, machine learning and
clinical systems integration with the blood smear. Computer-aided diagnosis systems are getting more
frequent in malaria detection systems using machine learning approaches. Based on the computerized
diagnosis of malaria is a microscopy diagnosis technique used as an aid or a complete automated
diagnosis technique, which replaces the manual microscopy examination. Its ability to replace an

expert depends on the accuracy of its diagnosis performance[6].

A computerized diagnosis system can be used in various areas such as research in clinical diagnosis,
evaluation of the treatments, blood screening or in any place where Plasmodium should be observed,
counted, or linked to other clinical data. The requirements for computerized microscopy diagnosis
would be similar to those for manual diagnosis. It could reduce the training needs for an examiner
significantly, however, it would require a computer and imaging equipment, which can make it less
accessible in rural areas. The advantage of this is making it accessible than an expert is one of the
advantages of the system. The imaging and analysis of a specimen can be performed in constant time
with computers. More importantly, the computerized diagnosis can provide more consistent and
objective results compared to manual microscopy. However, the study in this thesis is only concerned
with the problem from the computer vision point of view, which is seen as the most essential part. A
basic computer vision system to perform automated diagnosis malaria using machine learning

approach has to provide solutions for the sub-problems listed follow.
2.3.1. Blood Smear Image Acquisition

Acquisitions of data from the various imaging modalities for input to any system are an essential task.
Image acquisition is the initial step in any image processing work, in which an original input image
data is acquired from the initial source (where an image can be found). Image acquisition can be
applied in different methods. Most of the time, this step is only considered as capturing an image from
an actual environmental scene but it can also be browsing an already existing image file from any
electronic source with any method of acquisition. The image that is acquired is unprocessed when
seen from the corner of the intended image processing application. Unprocessed image is acquired
from different sources according to the application or type of process, for instance, the image can be
acquired using a digital camera, microscopic camera, cell phone camera or webcam for an application
mostly related with capturing an environmental scene, like malaria disease detection and so many
others. Possibly images can be found from medical imaging equipment like microscopic images.

2.3.2. Image Preprocessing

Image preprocessing is an important step used mainly to reduce the noise artifacts in the image and

misrepresentations of the image [10]. Image processing is the way of manipulating images in



numerous methods in order to get easily visualized and detected images[10][12][13].The aim of image
processing in this proposed system architecture is to improve the quality of images taken from Blood
smear image files that helps in finding suspicious objects. It also reduces false positives from the
input data. Besides, it makes the input data suitable for machine learning algorithms to train over the
data. Generally, image preprocessing is to reduce or eliminate noise from the acquired image, resize
the image and to enhance the image contrast for visual evaluation. Image enhancement is a vital
procedure to improve the visual appearance of the image. The HSV color represents every color in
three components namely Hue (H), Saturation (S), Value (V). It strongly represents colors in a way
that is very similar to how the human eye senses color. The HSV is a very popular color space because
it separates the pure color aspects from the brightness[14].

Histogram equalization is a way in image processing for contrast adjustment using the image’s
histogram .This method increases the contrast of the images, especially when the usable data of the
image is represented by close contrast values [16]. Through this adjustment, the image intensities can
be better distributed on the histogram. Since the input data is highly affected by intensity variability
and uneven illumination, histogram equalization for better views and better detail in microscopic
images. It is used for intensity transformations, that changes the given image distribution to a uniform
distribution component. The key advantage of using this technique is that it is a fairly straightforward
technique.

Median filtering is a nonlinear technique used to remove noise from images pixel, over the entire
image. The median filter calculated by using sorting all the pixel values from the window into
numerical order, and then replacing the pixel being considered with the middle (median) pixel value.
The Median Filter is a non-linear filtering method, frequently used to remove noise from an image.
Noise reduction is a typical pre-processing part to increase the results of later processing. Median filter
is used for removing noise while preserving useful features in an image. Median filtering run through
the signal entry by entry, replacing each entry with the median of the neighboring entries[15].Before
replacing the values with the median value the pixel values are sorted in ascending order. The
advantage of using a median filter is to remove the noise without disturbing the edges. Median filtering
for this research is proved to be important in removing the noise that happens from the images.

The median calculation [16] considers each pixel in the image in turn and looks at its nearby neighbors
to decide whether or not it is representative of its surroundings. Instead of simply replacing the pixel
value with the mean of neighboring pixel values, it replaces it with the median of those values. The
median is calculated by first sorting all the pixel values from the surrounding neighborhood into
numerical order and then replacing the pixel being considered with the middle pixel value. If the

neighborhood under consideration contains an even number of pixels, the average of the two middle



pixel values is used. The median filter preserves brightness differences resulting in minimal
blurring of regional Boundaries. Preserves the positions of boundaries in an image, making this
method useful for visual examination and measurement.

2.3.3. Feature Extraction

Feature extraction is the process of extracting certain characteristic features and generating a set of
meaningful descriptors from an image. Feature extraction is a form of dimensionality reduction and
efficiently represents the major attributes that are useful for the effective classification of each
class. Transforming the input data blood smear image into a set of features is called feature extraction.
The purpose of the feature extraction stage is to extract various features from a given blood smear
image which best characterizes a given blood smear cell. Features are the information or list of
numbers that are extracted from an image. These are real-valued numbers (integers, float or binary).
There are a wider range of feature extraction algorithms in Computer Vision. When deciding about
the features that could quantify malaria diseases, could possibly think of Color, Texture and Shape as
the primary ones. This is an obvious choice to quantify and represent the blood smear image. The

feature extraction is an important part of classifier because it affects working of classifier.

The aim of the feature extraction process is to identify and extract relevant information from the image.
Feature extraction means method of capturing visual content of image for indexing and retrieval.
Texture based features such as standard deviation, momentum and kurtosis of RBC are calculated.
Gray Level Co-Occurrence Matrix (GLCM)[17] has proved to be a popular statistical method of
extracting textural features from images. According to co-occurrence matrix, Haralick textures
features defines fourteen textural features measured from the probability matrix to extract the
characteristics of texture statistics of blood smear images. The Haralick texture features are functions
of the normalized GLCM, where different aspects of the gray level distribution. Each texture feature is
a function of the elements of the GLCM, and represents a specific relation between neighboring pixels.
Haralick Texture features is used represent the healthy blood smear and infected blood smear have
different textures. The Haralick texture feature to distinguish between the textures of healthy blood
smear and infected blood smear. It is based on the adjacency matrix which stores the position of (x,
y). Texture features are calculated based on the frequency of the pixel x occupying the position next
to pixel y.

Color histograms are computed for each image so as to identify relative proportions of pixels
within certain values[40]. Color histogram features emphasis on the proportion of the number of
different types of colors, regardless of the spatial location of the colors. Color Histogram is one of the

widely method for the color feature extraction. Color Histogram is a technique the color content of



the image, built by counting the numeral of pixel of each color. Color histogram features which is
efficient, quick and enough robust. In the interest of this used some features of color histograms, and
classified the images using these features. The advantage of this approach is the comparison of
histogram features is much faster and more efficient than of other color features commonly used
methods. A color histogram features represents the distribution of colors in an image, through a set of

bins, where each color histogram bin corresponds to a color in the quantized color space.

In this work, the task is to distinguish whether or not a blood smear is infected by malaria or not. Thus,
the features must offer information which will be used to carry out such a classification task. When
extracting features, it is advantageous to apply expertise, a priori knowledge to a classification
problem.

2.3.4. Classification

The classification phase of the diagnostic system is the one in charge of creating the inferences about
the extracted information in the previous phases in order to be able to yield a diagnostic result of the
input image. The data used to build the final model usually comes from datasets. In particular, three
datasets are commonly used in different stages of the creation of the model. The training step consists
of developing a classification model to be used based on the samples of the training set. Each sample
of features extracted from a given image and its corresponding class value, which are applied as input
data to the classifier for the learning process. The fitted model is used to predict the responses for the
observations in a second dataset called the validation dataset. The validation dataset provides an
unbiased evaluation of a model fit on the training dataset while tuning the model's hyper parameters.
Finally, the test dataset is a dataset used to provide an unbiased evaluation of a final model fit on the
training dataset. According to[18] The testing step consists of measuring the accuracy of the model

learned by the training step over the test set.

Generally, the classification has two phases, a learning phase, and the evaluation phase. Through the
learning phase, the classifier trains its model on a given dataset, and in the evaluation phase, it tests
the classifier performance. Performance is evaluated based on various measures such as accuracy, f-

score, precision, and recall.
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Figure 2. 1 Performance evolution model
2.4.Machine Learning Techniques

Machine learning deals with developing algorithms and techniques that allow machines to
automatically learn and make accurate predictions based on past observations. Machine learning is to
extract information from data automatically, by using computational and statistical ways. According
to[19] machine learning is a subfield of computer science that explores the study and construction of
algorithms that can learn from and make predictions based on data. Machine learning allows
computers to find unseen insights without being explicitly programmed where and what to look for.

Machine learning algorithms can be classified into three groups. Supervised machine learning,
unsupervised machine learning and semi-supervised machine learning. Supervised machine learning
algorithms are trained using a set inputs along with corresponding accurate outputs, and the task of
the algorithm is then to generate a general rule that maps inputs to outputs. Supervised machine
learning algorithms include decision tree, Support Vector Machines, naive Bayes, random forest

algorithm, and multi-layer perceptron and K-Nearest Neighbors algorithms etc.

In unsupervised machine learning, the algorithm is only given input data without any corresponding
output data and its task is then to explore the data and find structure within. Examples of unsupervised
learning algorithms include K-means - clustering, Self-Organizing Maps (SOMs) and Principal

Component Analysis (PCA). Semi-supervised machine learning is combination of supervised and



unsupervised machine learning methods. In semi-supervised machine learning, an algorithm learns
from a dataset that includes both labeled and unlabeled data. Semi-supervised machine learning
algorithm falls between unsupervised learning algorithm (without any labeled training data) and
supervised learning algorithm (with completely labeled training data. Some of the Examples semi-
supervised machine learning self-training, co-training and graph based methods.

The following Block diagram in figure 2.2 explains the working principle of Machine Learning

algorithm
Training Machine learning Building logical
luput past data ————— algorithim i models I Output
Learn from dat
earn from data New data

Figure 2. 2 working machine learning algorithm

This study will concentrate on supervised learning, since it will predict the probability of a certain

class, and the fact that a labeled dataset is available.
2.4.1. Support Vector Machines

Support vector machine is a supervised learning approach. SVM plots the training data into another
space higher than the original space and divides the instances belonging to different categories by
separating these instances non-linearly and linearly. Support vector machine tries to keep the
separation boundary between two different categories (classes) as wide as possible. The perpendicular
bisector of the shortest line connecting the two classes is called a hyperplane. The training instances
closest to the hyperplane are called support vector machines. The support vectors are very important
because they determine the hyperplane. After drawing the hyperplane, the test instances are mapped
into the same training space. A class value is determined for each test instance by SVM model[9].The
SVM estimates a function for classifying data into two classes. SVM classification finds the hyper-
plane where the margin between the support vectors is maximized. If all classifications contain two-
class dependent variables with two predictors, then the points of each class could be easily divided by
a straight line. Support vector machines are used as an algorithm for the classifications of both linear
and nonlinear data. The SVM algorithm creates a line or a hyperplane which separates the data into

classes.
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Figure 2. 3 SVM for linearly separable[20]

In the figure, the green triangle and Red Cross are data points belonging to two different classes. In
this study, there are two classes which are infected blood smear and Non-infected blood smear. For
each data point (X, y), x is the condition of the patient, y is either 1or-1 denoting the class to which
point x belongs. The classes can be fully separated by the optimal hyperplane. The separation
boundary hyperplane that leaves the maximum margin from the classes (infected and Non
infected). The margin is the distance between the hyperplane and the closest data point (called support
vectors) to the hyperplane. Margin of the classifier is the maximum width of the band that can be
drawn separating the support vectors of the two classes and maximum-margin hyperplane decision
surface that separates the two classes. To avoid misclassification between the two classes, SVM tries
to maximize the margin. The support vector machine classification is done based on the hyperplane
function. Those hyperplane functions are Support vectors, Hyperplane and Margin.

SVM Kernels: SVM kernels is function of the SVM algorithm is implemented in practice using a
kernel. according[20] kernel transforms an input data space into the required form using kernel
function. SVM uses a technique called the kernel trick. Here, the kernel takes a low-dimensional input
space and transforms it into a higher dimensional space. In other words, you can say that it converts
non-separable problems to separable problems by adding more dimension to it. It is most useful in
non-linear separation problems. Kernel trick helps to build a more accurate classifier. There are
different kernel tricks, some of them are Linear Kernel, Polynomial Kernel and RBF were used in this
study.
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2.4.2. K-Nearest Neighbors

K-nearest neighbors (KNN) algorithm is a kind of supervised machine learning algorithm. KNN is a
non-parametric learning algorithm where the classification is achieved by identifying the nearest
neighbors to a query examples and then make use of those neighbors for determination of the
class of the query. In K- nearest neighbors the classification to which class the given point is belongs
is based on the calculation of the minimum distance between the given point and other point. It is
frequently used as the prior picks for a classification study. The nearest neighbor algorithm is based
on the principle that the instances within a dataset will generally exist in close proximity to other
instances with similar properties[21] .This method only determines the category of the sample is
subdivided according to the category of the nearest one or several samples. Prediction in the KNN
algorithm is in the way that for any new sample it looks for K most similar samples based on some
distant metrics[22] after that, it assigns a class label to the new sample by a majority voting as it is
shown in figure 2.4. The triangle class label as shown in the figure 2.4 has been assigned to the new
data sample according to the majority nearest neighbors. There are different mechanisms to compare
the similarity between the data samples some of them are the following:

2.4.2.1.Euclidean distance

Euclidean distance is can be calculated using the square root of the sum of the squared differences

between two points x, y and it is calculated as follows:

D(x, y) =/ (x1 — y1)2 + (x2 — ¥2)2 ... .... + (xn — yn)? (2.1)

:Jz;(}ﬁ — Yi)?

2.4.2.2. Hamming Distance

Hamming Distance is the number of bits where two binary vectors differ and it is calculated as follows:
D(x,y) =Xit, |(Xi =YD (2.2)

2.4.2.3. Manhattan Distance

Manhattan Distance is the sum of the absolute difference between two points and it is calculated as

follows:

D(x,y) =X |(Xi—Yi)| (2.3)
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Figure 2. 4 k-nearest neighbor method[22]

KNN models help in predicting the goal class of the incoming test object. The major premise behind
KNN is that similar things appear close to each other. Consequently, the class of an object by a
majority vote of its neighbors and is assigned to the class most common among its k-nearest neighbors.
K is a positive integer parameter passed to the KNN algorithm and can be tuned to achieve better
prediction accuracy.

2.4.3. Decision Tree classifier

The decision tree is another supervised machine learning tool used in classification problems to predict
the class of an instance. Decision tree is a tree-like structure where internal nodes of the decision tree
test an attribute of the instance and each subtree indicates the outcome of the attribute split [23]. Leaf
nodes represent the class of the instance based on the model of the decision tree. The uppermost node
in a decision tree is known as the root node. It learns to partition based on the feature value. It partitions
the tree with a recursive method called recursive partitioning. Decision trees offer an effective method
of decision making by visibly laying out the problem so that all options can be challenge. In decision
tree the main challenge is to identify of the features for the root node in each level. This procedure is
known as attribute selection. In decision tree two popular attribute selection measures are information

gain and gini index.
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Figure 2. 5 visualization of the decision tree classifier algorithm[23]

How does the Decision Tree algorithm work?

The basic working principle behind any decision tree algorithm is shown in figure 2.6.
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Figure 2. 6 Performance evolution model for decision tree
2.4.4. Naive Bayes classifier

The Naive Bayes algorithm represents a supervised machine learning method for classification .The
Naive Bayesian classifier is developed on Bayes conditional probability rule used for performing
classification tasks, assuming features as statistically independent. It makes use of all the features
contained in the data, and analyses them individually as though they are equally important and

independent of each other .The Naive Bayes classifier assumes that the presence or absence of a
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particular feature of class is unrelated to the presence or absence of any other feature, meaning that it
assumes the independency of variables given the class. In spite of its naive design and apparently over-
simplified assumptions, Naive Bayes can often outperform more sophisticated classification methods
applied in many complex real world situations [24]. Naive Bayes provides a way that we can calculate
the probability of data belonging to a given class, given our prior knowledge. It predicts membership
probabilities for each class such as the probability that given record data point belongs to a particular
class. The class with the highest probability is considered as the most likely class[25]. Naive Bayes
offer a way that we can calculate the probability of data belonging to a given class, given our prior
knowledge. Bayes theorem is stated as.
P (class| data) = (P (data| class) * P (class)) / P (data) (2.4)

Where P (class| data) is the probability of class given the provided data.it is a supervised machine-
learning algorithm that uses the Bayes' Theorem, which assumes that features are statistically
independent Regardless of this assumption, it has proven itself to be a classifier. There are different
models parameters in naive Bayes theorem that are used for classification. Some of them are listed
follow. Bernoulli Naive Bayes, Multinomial Naive Bayes and, Gaussian Naive Bayes. Naive Bayes is
a classification algorithm for binary (two-class) the calculations of the probabilities for each class are
simplified to make their calculations tractable[25]. It uses a Bayesian algorithm for the total
probability procedure, the principle is according to the probability belongs to a category of prior

probability, and the category of posterior probability.
2.4.5. Random Forest

Random forest is another supervised learning algorithm and consists of many individual decision trees.
Each decision tree votes for the classification of a given data. The random forest algorithm then
accepts the classification which got a maximum number of votes from an individual tree[26]. Random
forest algorithms are a type of ensemble learning algorithm, which creates a number of decision trees
from the training dataset to predict the outcomes of test data. When the training data (consisting of
target and feature values) is given as input to the decision tree, it produces a set of rules. These rules
are then used to predict the class of the new instances in test data. Random forests create a forest of
decision tree models, where each tree is created over a random sample of data chosen from the training
set. In contrast to decision trees that consider all features while building a model, these algorithms
choose a random sample of features from the feature space to create each decision tree. Each tree votes
for a specific target class and the test instance is then assigned to the class with a majority vote. Trees
with high error values are weighted low and finally, a mode of the prediction class from trees with



higher weights is predicted as the final target class. After construction of such trees the same test data
through each of these trees can be run and gather votes from them[27].it works in the following steps:
% Select random samples from a given dataset.
%+ Construct a decision tree for each sample and get a prediction result from each decision tree.

+«»+ Perform a vote for each predicted result.

+* Select the prediction result with the most votes as the final prediction

Dataset
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Figure 2. 7 the visualization of the random forest algorithm.
2.4.6. Multi-layer Perceptron (MLP)

Multilayer perceptron (MLP) are feed-forward neural networks that include multilayer nodes with at
least one hidden layer. Each node is a neuron that has a non-linear activation function which describes
its output given a set of inputs. A back-propagation learning approach is used by MLP to train the
network to find the weight that plots an input to an output. A multilayer perceptron neural network
can solve classification problems based on the activation function[9]. Multi-layer Perceptron (MLP) is
a supervised learning algorithm that learns function by training on a dataset, where is the number of
dimensions for input and is the number of dimensions for output. Given a set of features x=x1, x2,
X3 Xn and a target, it can learn a nonlinear function approximate classification. Figure 2.8 shows

a one hidden layer MLP with output.
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Figure 2. 8 One hidden layer MLP[28]

The left most layer, known as the input layer, consists of a set of neurons {Xi/X1,
X2...Xm} representing the input features. Each neuron in the hidden layer transforms the values from
the previous layer with a weighted linear summation,W1X1 + W2X2 .. WmXm followed by a non-
linear activation function . The output layer receives the values from the last hidden layer and
transforms them into output values. According [28] very briefly, the workings of the backpropagation
network (the algorithmic discussion) consists in learning from a set of input-output pairs by
means of the following process

1. First, an input pattern is applied as a stimulus for the first layer of neurons of the network

R/

¢+ It continues propagating through all the adjacent layers until generating an output
¢ the results obtained in the output neurons are compared with the desired output
% An error value is calculated for each output neuron.

2. Next, these errors are transmitted backwards,

R

% starting from the exit layer, toward all the neurons of the intermediate layer that
contribute directly to the output

% Receiving the percentage of error that corresponds to the participation of the intermediate
neuron in the original output.

¢ This process continues, layer by layer, until all the neurons of the network have received an
error that describes their relative contribution to the total error.

3. Based on the value of the error received the weights of the connections between the neurons are

readjusted.



4. Thus, the next time the same pattern occurs the output will be closer to the desired value and in this
way the error decreases.

2.5. Literature Review on Related Works

Malaria detection system in computer networks has been the active research field for a long period of
time. There are so many researches by different researchers which have been done for a long period
of time until now. Depending on the applications, many systems have been proposed to solve or at
least to reduce the problems, by making use of image processing and some automatic classification
tools for detection the malaria. Most of the proposed approaches used for malaria detection follow the

steps shown in figure 2.9.
Image * Image Feature classification
acquisition preprocessing extraction technique

Figure 2. 9 Visualization of previously used approach

The main processes of the malaria diagnosis system image acquisition entails capturing of blood smear
images using microscope fitted with a digital microscopic camera. After images are captured they are
loaded to a computer where they are processed. Processing involves the following stages. Image
resizing, noise reduction and feature extraction step comes features such as color and texture are
extracted from the image. Finally, the classification step is performed. Different classification
algorithms are used in the literature such as KNN and neural networks[29] ,support vector machines
[8] and so on. Some systems in the area will be explained as follows.

A Work in[2] presented an approach that uses the artificial neural network (ANN) to detect the malaria
parasite. In this study feature extraction and classification of malaria parasites are used to detect the
parasite. Enhancement of image was developed before the feature extraction. Feature extraction based
on histogram-based texture is used to extract feature parasite cells and a Multilayer perceptron
algorithm is used to classify the features. The proposed method achieves an accuracy of 87.8%,
sensitivity of 81.7% and specificity of 90.8%for detecting infected blood smear cells. As the
development and improvement of this study, further studies are necessary to increase the classification
with more feature extraction methods for detection of the malaria parasite. Another work in[30]
proposed an automatic approach to detect the malaria parasite. Color and statistical features were
extracted from blood smear image and SVM binary classifier was used for classification of normal
and parasite-infected cells. The approach in this work achieves a sensitivity of 93.12%, and
specificity of 93.17%. The aim of[31] is to develop a system for detect malaria parasite in blood

samples stained with giemsa. The method consists of preprocessing, feature extraction based on the



histogram features of different color channels and malaria infected classification using support vector
machines (SVM), nearest mean (NM), K nearest neighbors (KNN), 1-NN, and Fisher. The
experimental analysis of all the classifiers with the features have been carried out on a clinical
database. Based on the experimental results it concluded that K nearest neighbors provides the higher
classification rate in comparison to other classifiers which provides an overall accuracy of 91%. The
work in[32] used Giemsa-stained blood cell images. The infected red blood cells can be distinguished
from non-infected ones since color distributions of these two kinds of cells are different; so, to
differentiate non-infected and infected blood smear cells they used the color feature. The highest
detecting accuracy belongs to k-NN, with 92% accuracy, and the lowest one belongs to the LDA
classifier with 84% accuracy. They concluded by stating that their approach is better in detecting and

classifying malaria disease based on their experimentation.

Another work on[33] is a comparison of different classification techniques using knowledge discovery
to detect malaria infected red blood cells. The objective of this research paper is to present an analysis
on the main machine-learning algorithms for the classification techniques used for malaria-infected
red blood cells (RBCs) and determine the best techniques by comparing classification accuracy. The
experimental results show that ANN is more accurate than SVM, having 94% accuracy compared with
SVM’s 92.3%. [34] Proposed malaria parasite detection using different machine learning classifiers.
The speed up robust features (surf) to represent the image categories, then the number of features are
reduced technique to acquire plasmodium infected and non-infected erythrocytes and relevant features
were extracted. Six different machine learning techniques for classification are used in the
experiments. The algorithms with their classification accuracy are linear SVM 85.1%, quadratic SVM
85.7%, fine Gaussian SVM 82.0%, cosine KNN 85.1%, and Boosted tree 82.6% and subspace KNN
86.3%. Among the six classifiers implemented in the classification tasks, subspace KNN has the best

overall performance.

In [35] conventional image processing techniques are compared in order to detect and classify
microscopic blood smear images of Malaria parasites. The Scale Invariant Features Transform (SIFT)
were used for feature extraction and SVM was used for classification technique. SVM is used to
classify the features which are extracted using SIFT. The overall performance measures of the
experimentation are accuracy (78.89%), sensitivity (80%),and specificity (76.67%.[36] Presented a
paper that uses Malaria Disease Detection Using Different Classifiers. This addresses how to detect
malaria diseases using image processing by effectively analyzing various parameters of blood cell
image by using GLCM as Energy and others like Skewness, Kurtosis, and Standard Deviation. From

the experimental results indicate that the proposed approach is significantly supporting



the accurate detection of malaria diseases in with a little computational effort. Experimental results
showed that the proposed approach has obtained a classification accuracy of 87.85 % using the SVM

and the accuracy using NN is 75%.

The aim of the research in[37] is to propose a comparative study on classifying the imbalanced malaria
disease data using Naive Bayesian classifiers in different environments. This presents, clinical
descriptive study on 165 patients of different age group people collected at medical wards of
Narasaraopet(Indian city) from 2014-17. Synthetic Minority Oversampling Technique (SMOTE)
technique is used to balance the class distribution and then they performed a comparative study on the
dataset using Naive Bayesian algorithm in various platforms. Out of balance class distribution data,
70% of data was given to train the Naive Bayesian algorithm and the rest of the data was used for
testing the model. Experimental results have indicated that classification of malaria disease data found
the highest accuracy of 88.5% using naive Bayes classifier.

The aim of the paper in[38] is to address the development of computer- assisted malaria parasite
classification using a machine learning approach based on microscopic images of peripheral blood
smears. In doing this, microscopic image acquisition from stained slides, illumination correction, and
noise reduction, erythrocyte feature extraction and finally classification of infected and non-infected
is performed. Features describing shape-size and texture of blood smear are extracted in respect to the
parasite infected versus uninfected cells. Texture features such as mean, standard deviation, entropy,
variance, smoothness, skewness, kurtosis, contrast, correlation, energy, and homogeneity from the
diseased regions. Those features are then fed into the SVM and Bayesian approaches, which performs
the final categorization. This proposed approach has obtained a classification accuracy of 83.5%, using

SVM and 84% using Bayesian approaches.

From the detailed literature review, it was noticed that there is a room for improvement in automatic
malaria detection systems by extracting a new set of features, combining them together and using
additional unused machine learning approaches. Furthermore, this research tends to address the
shortcoming of previous studies in detecting the parasite in the infected cells by applying the new
approach. The proposed framework would be implemented on the microscopic image of malaria-

infected blood smear samples parasite and with non-infected blood smear samples.



CHAPTER THREE

PROPOSED METHOD FOR MALARIA DETECTION

3.1. Introduction

In chapter 2 theoretical concepts on different types of supervised machine learning techniques,
literature reviews on malaria infection detection, and classification have been discussed. In this
chapter, the proposed method for the automatic malaria detection system using a machine learning
approach along with from the proposed system architecture will be discussed. The methods and
techniques being used while the proposed models and an overview of the image processing applied
on the dataset prior to model training will be discussed in detail. The goal of this work is to develop a
system for automatic malaria detection using supervising machine learning approaches from blood
smear samples.

3.2. Proposed System Architecture

The proposed system block diagram as shown in figure 3.1 is starts by selecting dataset for training
and testing from the US National Institute of Health (NIH) recorded dataset collection. Generally, the
procedure followed in solving such a problem is as follows. First, an image is collect and pre-processed
then the appropriate features are extracted. Next, an appropriate classifier is used to categorize the
features into their classes. This proposed architecture tells the overall process followed to classify a
particular input image in either of two classes (infected and non-infected). The design figure has two
separate phases in the system. The training phase and the testing phase with a slight difference in
approach. The training phase starts by importing a batch of input images, which means several images
are started to be processed at a given time. In the testing phase, a single image is imported for the
process. After the image is imported both phases pass through the same processes that are providing
the same purpose. The preprocessing and feature extraction functionalities are the same for both
phases. After feature extraction, both phases follow different paths. The training phase provides a
feature vector with a label input for the model to train and the build trained model. The testing phase
provides a feature vector to the model and expects a label return classifier that returns a label from the

trained model previously. The processes are briefly described in the next sections.
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Figure 3. 1 Block diagram summarizing the proposed approach for malaria detection

3.3. Preprocessing

This is the initial phase of the proposed approach. The aim of preprocessing the datasets is to prepare
it in a compatible format for machine learning and to improve the quality of the image by removing
noises. Noise refers to variation in intensity or brightness in an image [36]. It might get added during
the acquisition of the images, which is introduced by camera flash, change in illumination, noise
background of the image. The purpose of image pre-processing is to remove noise from the image for
enhancing the quality of the input image, getting a maximum accurate result, and good efficiency. A
median filter is applied to reduce the different noises. Hence, the size of blood smear images in the
database is resized to reduce image processing time. All images are in PNG format and the original
size of the images was in different resolutions (100 x 100, 224 x 224, 227 x 227 and 299 x 299) is
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reduced to 100 x 100 pixels. The image size was carefully chosen by testing different sizes not to
compromise the performance of malaria disease classification of the automatic system.

Image resizing is also important to have uniform image sizes. For simplified computation, images can
be resized to a light weight version of the original image by minimizing the number of pixels call this
image resizing task. But this is only recommended when the resizing action does not affect the
resultant image meaning or appearance of the original image. Image resizing is applied for ease of
computation in some cases image files with large size can slow down the overall performance of a
model. This resizing task is applied in way which cannot abuse the information that is found in the
original image

Image conversion is one part of preprocessing and can include the process of converting an image
between different types of formats or color spaces for the ease of computation. For example, colorful
images are converted into gray scale images or black and white images because images with
less color ranges are easier to process than those with many color possibilities like RGB or other types.
Histogram equalization is another sub-task under the pre-processing task, that is applied for contrast
enhancement which enables to get detailed information from input image. Inputimage has RGB
color space originally, but for additional purposes this color image can be converted to different color
spaces. Color is a very important perceptual phenomenon related to human response to different
wavelengths in the visible electromagnetic spectrum. The image is usually described by the
distribution of three-color components R (red), G (green), B (blue). Color image is often also
represented by three psychological qualities (H) hue, (S) saturation and (I) intensity or (V) value.
These color features and many others can be calculated from R, G and B by either a linear or a non-
linear transformation. Hue is an attribute of light that distinguishes one color from the other, for
example a red color from green or yellow color. Saturation describes the amount of whiteness of a
light source in a given image while Intensity or VValue is a measure of the brightness of a given image.
To grayscale conversion helps to work fine with many image processing algorithms grayscale images
are easy to process than RGB images. Because of the number of possible pixel values in different
color spaces varies, most algorithms treat input images differently. Additionally, HSV images are
easy for the machine to identify the dominant color in a given Image than the RGB one. The median
filter for each of the RGB components separately, this is not a good choice, because the components
are correlated, and false colors may appear. Convert to HSV from RGB and then do the median filter
on the hue, saturation and value, then convert back to RGB, this method is usually better (for most

applications).



The Preprocessing pseudocode

Input: RGB image

Output: Noise removed and enhanced image

Start
Read the RGB image
Convert the RGB image to image in the HSV color model
Median filter the components (HSV) of the converted image
Combine the hue and saturation component with the filtered value
Convert the image to RGB image
Save the result

End

.\

Figure 3. 2 infected blood smear Figure 3.3 non-infected blood smear

In figure 3.2 of parasitized cells, one or more purple blobs can be seen. This is the malaria parasite
stained with a contrasting agent. In contrast, figure 3.3 of uninfected cell images do not show staining.

3.3.1. Grayscale Conversion

All the input images are presented in an RGB format. These have to be first converted from RGB
format to a grayscale format. A grayscale (or gray level) image is simply one in which the only colors
are shades of gray. Grayscale conversion is the process of converting the true color image (RGB) to
the grayscale image which is usually performed by matching the luminance of the color image.
Converting the RGB image into a gray scale images are preferred over colored ones to simplify
mathematics. It is relatively easier to deal with (in terms of mathematics) a single color channel
(shades of white/black) than multiple color channels. The grayscale conversion was performed using
OpenCV cvtColor module. An example image is shown in Figure 3.4 and 3.5 created using the

OpenCV cvtColor module.
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Figure 3. 4 grayscale infected Figure 3. 5 grayscale non-infected

3.4. Feature Extraction

In feature extraction, the original vector space is transformed to form a new minimalistic feature vector
space to distinguish between infected and non-infected red blood cells. After preprocessing the input
images has been completed, the feature extraction step is carried out. It extracts information from the
input image to serve as an input into the conventional supervising machine learning method. For an
image, a feature can be defined as measures describing dataset properties and characteristics. This
feature extraction plays a great fundamental role in classification. Features are necessary for
differentiating one category from another. Features may have various categories necessary to extract
(feature extraction) that can differentiate one class of objects from another. In this thesis haralick
texture features and color histogram feature are selected as they have been extensively used in image

processing and recognition by different researchers to extract features.

These haralick texture features are 13 in number which includes, angular second moment, contrast,
and correlation, the sum of squares (variance), inverse difference moment, sum average, sum variance,
sum entropy, entropy, and difference entropy, information measures of correlation, difference variance
and maximal correlation coefficient. These features create a feature vector that would be served as an
input for the training of a classification model with training labels. Other features used in this study
also include color histogram features. The color histogram features are extracted features from the
blood smear necessary for differentiating one category from infected and non-infected using the
classifier model. These features create a feature vector that will be served as an input for the training
of a classification model with training labels.

3.4.1. Haralick Textural Features

Haralick texture features are calculated from a Gray Level Co-occurrence Matrix, (GLCM) a matrix
that counts the co-occurrence of neighboring gray levels in the image. To extract Haralick Texture
features from the image were used from the Mahotas library. The function would be used by
MahotasFeaturesHaralick (). Before doing that, the color image converts into a grayscale image as the

haralick feature descriptor expects images to be grayscale.



Texture features using Haralick’s from the co-occurrence matrix have been extracted for the images.
These haralick texture features are 13 in number which includes, angular second moment, contrast,
correlation, the sum of squares (variance), inverse difference moment, sum average, sum variance,
sum entropy, entropy, difference variance, difference entropy, information measures of correlation
and maximal correlation coefficient.
A co-occurrence matrix or co-occurrence distribution is a matrix that is defined over an image to be
the distribution of co-occurring pixel values (grayscale values, or colors) at a given offset:
% The offset,(Ax, Ay), is a position operator that can be applied to any pixel in the image (ignoring
edge effects): for instance, (1, 2) could indicate "one down, two right".
+«+ Animage with p different pixel values will produce a p x p co-occurrence matrix, for the given
offset.
% The (i, j)*" value of the co-occurrence matrix gives the number of times in the image that the
it"and jt* pixel values occur in the relation given by the offset.

n m
- LifI(x,y)=iand I(x + Ax,y + Ay) =j
Conny @)=Y Y AY (x,7) ( y +4y) y
x=1 y=1

0, otherwise

Where: i and j are the pixel values; x and y are the spatial positions in the image I; the offsets (Ax, Ay)
define the spatial relation for which this matrix is calculated; and 1(Ax, Ay) indicates the pixel value
at pixel(x, y).
Notations:

p(i, ) (i, HTh entry in the normalized gray level co-occurrence matrix

P (D) iTh entry in the marginal probability matrix

N, Number of distinct gray levels in the quantized image.
According to [40] the following list of haralick texture features are identified:

1) Angular Second Moment:

=% X ®0EN* (31)
Angular Second Moment measures the smoothness of the image. There are two cases,
If all pixels have same gray level 1=k,
p(k, k) =11f (i =j) and p(i,j) = 0 if otherwise.
ASM =1
If all pixels have different gray level,
pp=1p & asm=1/
2) Contrast:



fo= Yoo n {5 2 pGn) (32)

n=0
Contrast measures the image contrast (locally gray level variations). The term n? is used to take off
the largest contrast value.

3) Correlation:

i XjNpEi)—pxu
fa= / z (33)

Ox0y

Correlation measures how the pixels are correlated with each other. Where u,, ,, is the means and
oy, 0y, are standard deviation of p,, p,
4) Sum of squares Variance: This feature puts relatively high weights on the elements that differ from
the average value of P (i, j).
fa=Li X - w?pG.)) (34)
5) Inverse Difference Moment (Homogeneity): Homogeneity measures the distances of GLCM

elements from the GLCM diagonal. Homogeneity ranges from 0 to 1. If adjacent pixels always

have very similar Values of grayscale intensity, the homogeneity will be close to 1
1 ..
fs = Lidj i, PG)) (3.5)

Inverse Difference Moment takes care of low contrast images. It takes care of low contrast images
because of the inverse(i — j)2.

6) Sum Average
2N

fo = Zi—3 Pxy(D (3.6)
7) Sum Variance
fr = B8 (i = fo)?Pray (D) (37)
8) Sum Entropy
fo = = T8 Paay (D10g{Priy (D)} (38)

9) Entropy: Entropy is a measure of the randomness of grayscale intensity values of pixels. Entropy
is based on the grayscale of the image. The grayscale image can be created from the GLCM By
summing across the rows to find the total number of pixels p (i) for each grayscale intensity Value
i.

fo==%i Xjp()Dlogip(i )} (3.9)
Entropy takes low values for smooth images. It measures randomness.

10) Difference Variance



fi0 = variance of py_, (3.10)

11) Difference Entropy

Ng—1 . .
fi1 = _Zi:go px—y(l) log{px—y(l)} (3.11)
12) Information Measure of Correction
HXY—-HXY1
fz = max{HX,HY} (3.12)

fiz = (1 — exp[—2.0(HXY2 — HXY)]) /2
HXY =-%; Xjp(Dlog{p(D)}

Since some of the probabilities becomes zero and log(0) is very high so arbitrary small positive
constant is added to avoid the infinite number.

Where, HX and HY are entropies of p, and p, and

HXY1 = —Z Z p(i, Nlog{px(Dpy (N}
7

L

HXY2 = —Z Z px(Dpy (Nlog{p(Dpy (N}
i 7

13) Maximal Correction Coefficient(Energy)

fi3 = (second largest eigenvalue of Q)1/2 (3.13)
Where,
L k)p(j, k
06i,)) = p(i, p(, k)

s p(Dp, ()
3.4.2. Features Based on Color Histogram

Color Histogram is one of the widely method for the color feature extraction. Convert the image to
HSV color-space. Color Histogram based approach is based on the intensity value concentrations on
all or part image represented as a histogram. A color histogram features for a given image is
symbolized by a vector:

H={H[O0],H[1].H[2].H[3],............. H[i],.......... H[n]} Where i is the color bin in the color
histogram and H[i] represents the number of pixels of color i in the image, and n is the total number
of bins used in color histogram[40]. Histogram offers the explanation about the number of pixels
available in the given color ranges. The larger the data set, the more likely want a large number of
bins for improvement the performance. To extract Color Histogram features from the image,

cv2.calcHist () function provided by OpenCV is used. The arguments it expects are the image,


https://docs.opencv.org/3.2.0/d1/db7/tutorial_py_histogram_begins.html

channels, mask, histSize (bins) and ranges for each channel .Normalize the color histogram
using normalize() function of OpenCV.

3.5. Training model

The training process is the main part of this study. As explained, two separate folders named infected
and non-infected are created for training. These two folders hold blood smear image data (input data)
that are classified by the guidance of systematic sampling. The training process uses different machine
learning algorithms to build a model. The input for this process is a training containing images with
their feature vector. After the training data is fed, the model building process starts to form a model.
Features are represented in the form of vector numbers, therefore different supervising machine
learning methods have been developed that can be applied to almost any data problem. Accuracy,
number of parameters, and features are some of the points that have to be considered when choosing
the best classifier for each specific use case. As explained in chapter two of the machine learning
section six of the most commonly used algorithms are chosen. A brief overview of the selected

machine learning methods would provide as follow in figure 3.6.

[ ML algorithm J

Ll

Supervised learning
algorithm

U

Naive Bayes KNN Random forest MLP SVM' | | Decision tree

1

‘ Classified data
L

~

[ Performance evaluation

Figure 3. 6 ML Classification tasks
3.5.1. Hyper-parameter Ranges

The distribution of all hyper-parameters that were used in this experiment is described in Table 3.1

Table 3. 1 Hyper-parameters Ranges of the applied machine learning algorithms.



Machine learning Method Parameters Range
K-NN K [167]
Support vector machine C [10]
Gamma scale
Kernel rbf
Degree 3
Random Forest Estimators [100]
max_features [auto]
min_samples_leaf [1]
max_depth [None]
min_samples_split [2]
criterion [ "gini index"]
Decision Tree max_features [None]
min_samples_leaf [1]
max_depth [None]
min_samples_split [2]
criterion ["entropy"]
MLP Activation Relu
Alpha 0.0001
hidden_layer_sizes (100)
learning rate constant
learning_rate_init 0.001
max_iter 200
momentum 0.9
Naive Bayes class_prior None
alpha 1.0
fit_prior True

3.5.2. Decision Tree Classifier

The classifier is fitted with the Train Data and Train test dataset. The confusion matrix is generated to
test the accuracy of the model as it will be mentioned in the result section. The learning algorithm
recursively learns the tree for implementing the decision tree is given below. The decision tree

algorithm pseudocode[41] is:



Stepl: Create the root node of the tree S.

Step2: if all instances belong to the same class C then

Step3: S= leaf note labeled with class C

Step4: if attribute list (A ) is empty then.

Step5: S= leaf node labeled with the majority class.

Step6: Otherwise:

Step7: Select test attribute (A t) from Al with the greatest information gain.
Step8: Label node Sas At

Step9: For each possible value viof At

Step10: grow a branch from S where the test attribute At =v i.
Stepll: Let S v be the subset of S for each value of Attribute At=vi.
Stepl12: if S v is empty then

Step13: label the node S v as a leaf with the most common class

Stepl14: Else below this branch add the subtree node

3.5.3. K-NN Classifier

The K-NN classifier algorithm is implemented in python sklearn library. The sklearn neighbors’
library is used to import the K nearest Neighbors Classifier class. The object of the class is created
and passed the arguments specified in the table 3.1.

The K-NN classifier is fitted with the Train Data and Train test dataset. The confusion matrix is
generated to test the accuracy of the model as it will be explained in the result and discussion section.

The K nearest Neighbors algorithm pseudocode[42] is:

Stepl: Load the training and test data
step2:Choose the value of K
step3 For each point in test data:
a, find the distance using Euclidean to all training data points
b, store the Euclidean distances in a list and sort it
¢, choose the first k points
d, assign a class to the test point based on the majority of classes present in the chosen points
End




3.5.4. Multi-layer perceptron

The MLP classifier algorithm is implemented in python sklearn library. The object of the class is
created and passed the arguments specified in the table 3.1. The MLP classifier is fitted with the Train
Data and Train test dataset. The confusion matrix is generated to test the accuracy of the model as it
will be explained in the result and discussion section. The Multi-layer perceptron algorithm

pseudocode[43] is:

Stepl: Initialize network weights

Step2: Present first input vector, from training data, to the network.

Step3: Propagate the input vector through the network to obtain an output

Step4: Calculate an error signal by comparing actual output to the desired (target) output.
Step5: Propagate error signal back through the network.

Step6: Adjust weights to minimize overall error

Step7: Repeat steps 2—7 with next input vector, until overall error is satisfactorily small

3.5.5. Random Forest Classifier

The random forest algorithm is combines decision trees, resulting in a forest of trees, hence the name
Random Forest. The sklearn Ensemble library is used to import the Random Forest Classifier class.
For the classification with random forest, an object of the class is created and passed the arguments
mentioned in Table 3.1

The random forest classifier is fitted with the Train data and Train test dataset. The confusion matrix
is generated to test the accuracy of the model as it will be explained in the result and discussion section.

The random forest algorithm pseudocode [44]is:

Stepl:Randomly select M features from total n features where M<<n

Step2:Among the M Features, calculate the node d using the best split point

Step3:Split the node into daughter nodes using the best split

Step4:Repeat the 1 to 3 steps until one number of nodes has been reached

Step5:Build forest by repeating steps 1 to 4 for K number times to create K number of trees

3.5.6. Naive Bayes Classifier

Naive Bayes is one of the supervised algorithms applied in this thesis. The naive Bayes Classifier
model is implemented in python sklearn library. The sklearn Tree library is used to import the naive

Bayes classifier class. The object of the class is created and passed the arguments specified in Table



3.1.The classifier is fitted with the Train data and Train test dataset. The confusion matrix is generated
to test the accuracy of the model as it will be mentioned in the result section. The Naive

Bayes algorithm pseudocode[45] is:

Input:
Training dataset T,
F=(f1,f2,f3........... fn) //value of the predictor variable in testing dataset
Stepl: Read the training data set T;
Step2: Calculate the mean and standard deviation of the predictor variable in each class;
Step3: Calculate the probability of fi using the Gaussian density equation in each class;
Until the probability of all predictors variables (f1, f2......fn)
Step4: Calculate the likelihood for each class;
Step5: Get the greatest likelihood

end

3.5.7. Support vector machine

Support vector machine classifier algorithm is implemented in python sklearn library. The sklearn
SVM library is used to import the SVM class. For the classification with SVM, an object of the class
is created and passed the arguments mentioned in Table 3.1.

The SVM classifier is fitted with the Train data and Train test dataset. The confusion matrix is
generated to test the accuracy of the model as it will be explained in the result and discussion section.

The Support vector machine pseudocode is:



# Load data
filename =’path to training data’
Data=read Data (filename)

# Partition the data into training and testing splits

Print ([INFO] constructing the training/testing split...)

(Train Data, test Data, train Labels, test Labels) = train_test_split (data, labels, test size=0.3, random
_state=42)

Model= SVM (kernel="RBF", C=10,degree=3, gamma=scale),

# make predictions on our data and show a classification report

Print ([INFO] evaluating...)

Predictions = model. Predict (test data)

Print (classification_ report (test labels, predictions, target_names=le.classes_))

3.6. Testing Phase

As specified in the proposed architecture of the system in figure 3.1, the testing phase followed the
same function calls as the training phase does. An input image passes through the same
techniques and algorithms like preprocessing and feature extraction tasks. The only difference here
is, the feature vectors in the testing phase are input for the model without any label. The classifier is
expected to return the predicted label (infected or non- infected) based on the provided feature vector.
For testing and comparing the different Machinelearning classifiers with their different parameters
and feature extraction techniques a total of 4133 images of healthy and 4133 images of

unhealthy blood smear were used.




CHAPTER FOUR

EXPERIMENTAL RESULT AND DISCUSSION
4.1. Dataset Collection

A public dataset of 27,558 images of unhealthy and healthy blood smear were downloaded from the
US National Institutes of Health website. In this study the malaria dataset is a collected of a total of
27,558 segmented cell images extracted from blood smear images were used from US National
Institutes of Health recorded data (website). The cell images are categorized into two folders,
unhealthy and healthy, with 13,779 cell images in each, making this a balanced dataset. The recorded
dataset is divided into training (50%), validation (20%) and testing (30%). The dataset contains a
variety of different images including the image with various resolutions.

(@) Training dataset

Training data set is the general term for the samples used to create the model.

Class Data size
Infefeted 9646
Non- infected 9646
(b) Test dataset
Test data set is used to qualify performance.
Class Data size
Infefeted 4133
Non- infected 4133

4.2. Data Preparation

Data preparation is the most significant phase of the data analysis activity which involves the
construct of the final data set (data that will be fed into the modeling tool) from the initial raw data.
From the total datasets (27,558 images) mentioned above in the datasets section, 19292 (70%) of those
were used for training but from 70% the 20% of the data were used for validation and the remaining
8266 (30%) were used for testing. The datasets in the testing set are different from the dataset that is
used for the training set. To prepare those amounts a systematic random sampling techniques was
used. In a systematic random sampling technique probability sampling technique which sample
members from the population are selected based on a random starting point but with a fixed, periodic

interval. Sampling interval, is calculated by dividing the population size by the desired sample,



elements of a sample are chosen at a regular interval of the population except for the first element.
Steps in selecting a systematic random samples are:
¢+ Firstly calculate the sampling interval the number of population size divided by the number of
sub groups needed for the sample.
¢+ Then select a random start between one and sampling interval

% Repeatedly add sampling interval to select subsequent subgroup
4.3. Dataset Split

In the training phase, before each image is fed into the training models the training dataset is divided
into training and validation depending on the split ratio using train_test_split of the sklearn package.
Validation is the part of training. Using the sklearn’s train_test split method training dataset was
partitioned into training and validation set. The training datais used to make sure
the machine classifies patterns in the data, and the testing data is used to see how well the machine
learning can predict new answers based on its training model. The test set is not used for training
models so that when testing occurs, that data is unseen by the model. The metrics achieved for each
iteration are aggregated to form the final result.

4.4. Software tools and libraries

As a programming language Python 3.7 is used which an open-source, with variety is of free libraries,
rich documentation, including contributor support. The supportive libraries and Software tools are
listed next.

% Numpy : library for mathematical functionalities

%+ Matplotlib : plotting library

%+ OpenCV : image processing library and computer vision library

% Scikit-learn : machine learning library

% Mahotas : additional computer vision and image processing library
Jupiter notebook development IDE is used and the program is done with Python 3.7 language with
OpenCV and Keras. OpenCV is an open-source library of image processing functions, whose goal is
real-time computer vision. Keras is the system modular library written in Python capable of running
on top of Tensor Flow. The TF (Tensor Flow) was selected as a backend that both TF and Keras were
optimized to perform tasks. Both systems are implemented in Python which allows the user to work

with them in a compact way without having to use multiple files as a programming language.



4.5. Setting up Development Environment

The implementation of this research work is done under a machine that has the following
Specification details. Experiments and related analysis processes are done:

< Computer with Intel (R) Core (TM) i5- 4210U CPU

< Speed 2.4GHz

<+ 8.00 GB RAM

< 750 GB hard disk space

< Windows 10 (Pro) installed

4.6. Evaluation Metrics

A confusion matrix is an evaluation metrics that are mostly used to define the performance of a
classification model on a set of test data for which the correct values are known. Confusion Matrix
also is known as the contingency table provides a comprehensive overview by summarizing the
classification results. It shows the individual results for each of the categories by tabulating the
predicted and actual categories.

True Positive (TP):- is the amount of the specified class detected when it is actually that class
Predicted values correctly predicted as actual positive or result where the model correctly predicts
the positive class

True Negative (TN):- it is the sum of all true positives except the specified class true positive value
or Predicted values correctly predicted as an actual negative . True negative the result where the model
correctly predicts the negative class.

False Positive (FP):- It is the sum of the predicted class row except for the TP value of that class. It
is the amount of data predicted as that class but actually, they are not a members of the predicted class
or Predicted values incorrectly predicted as an actual positive. Negative values predicted as positive.
False Negative (FN):- It is the sum of the actual class column except the TP value of that class. It is
the amount of actual class members but predicted as member of other class or Positive values predicted
as negative.

In this research case, these representations can be interpreted as:

TP: number of infected blood smear classified as infected blood smear.

TN: number of healthy blood smear classified non- infected blood or no malaria in the blood.

FP: number of healthy blood smear classified as infected blood smear or have a parasite in the blood.
FN: number of infected blood smear classified as non-infected blood smear.

Total: total number of samples (blood smear image)
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Figure 4. 1 Confusion Matrix for the Binary Classification

Figure 4.1 shows a confusion matrix for a two-class classification problem. The numbers along the
diagonal from lower-right to upper-left symbolize the accurate decisions made, and the numbers
outside this diagonal represent the mistakes. The equations of the most commonly used metrics can
be calculated from the matrix. The total accuracy of a classifier is estimated by dividing the total
correctly classified positives and negatives by the overall number of samples. Other performance
measures, such as recall (sensitivity), precision, and F-measure are also used for calculating other
accumulated performance measures. Different metrics are used to measure the performance of each
method.

Accuracy is the proportion of samples that are classified properly among the whole samples of the

dataset. It is calculated using the formula as follow:

TN+TP
TN+TP+FP+FN

Accuracy = (4.1)

Where true positive refers to TP, True negative refers to TN, false- positive refers to FP, and false
negative refers to FN.

Precision:

Precision is a measure for the positive predictive value and is given calculated by the formula as

follows:

Precision =

TP+FP (4'2)



Recall:

Recall is a measure for the true positive rate and the formula how to calculate is as follows:

Recall =

High precision means a low false-positive rate and a high recall means a low false-negative rate. High
precision and high recall mean that you have accurate results but if you have a high recall and low
precision, then it means that most of the predicted values are false. If you have a low recall and high
precision at the equal time, then it means that most of the predicted values are accurate. The best case
for a model is when it has a high precision and a high recall. One way to summarize both metrics

precision and recall is the F-score.

F-score

TP

TP+FN

(4.3)

F-score is a harmonic mean for both recall and precision is calculating as in the following:

E-score :Z*Pre?c.ision*Recall (4.4)
Precision + Recall
4.7. Result of the Study
4.7.1. Experiment 1: KNN Classification
Table 4. 1 Results from KNN and descriptor (scale 100%)
Classifier + descriptor Class Precision Recall F1-score
Knn +color histogram Non- infected .82 .84 .83
infected .84 .81 .82
Weighted Avg .83 .83 .83
Knn+color + haralick textures Non- infected .69 .78 73
Infected .75 .65 .70
Weighted Avg 72 72 72
Knn + haralick textures Non- infected .67 .76 71
Infected 72 .63 .67
Weighted Avg .70 .70 .69

As indicated in table 4.1 the classification performance metrics on average 83% precision, 83% recall,
and 83% f1 score is obtained for the color histogram feature. A 72% precision, 72% recall, and 72%
f1 score is obtained by combining the two features and 70% precision, 70% recall, and 69% f1 score

is obtained for the haralick texture feature respectively. Looking at the F1-score, non-infected has 83%




and then infected with 82%, have the highest F-measure value based on the color histogram features
than other attributes.
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Figure 4. 2 Accuracy comparison of KNN model

The histogram chart above compares the accuracy of KNN models using color histogram, haralick
texture and a combination of color histogram and haralick texture features. Color histogram
outperforms by combining color histogram with haralick textures and haralick textures by 12% and
14% respectively. It is apparent from figure 4.2 that the accuracy of KNN models using color
histograms are better than the others. Taken together, these results suggest that the color histogram
feature for malaria disease detection using KNN is the best descriptor than the haralick texture and the

combination of haralick with color histogram features for classification.
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4.7.2. Experiment 2: Naive Bayes Classification

Table 4. 2 Results from NB and descriptor (scale 100%)

Classifier + descriptor Class Precision Recall F1-
score
NB +color histogram Non- infected .85 91 .88
Infected .90 .84 .87
Weighted Avg .88 .88 .88
NB+ color + haralick textures Non- infected 71 .78 74
Infected .76 .68 72
Weighted Avg 74 73 73
NB+ haralick textures Non- infected .70 71 .70
Infected 71 .70 .70
Weighted Avg 71 71 .70

As shown in Table 4.2 based on their precision value the classes descending order on non- infected
and infected based on the color histogram, by combining haralick with color histogram features and
haralick textures .Infected class is the most precise than the other because of the color histogram. But
the non-infected class is less precise than the other due to the haralick texture features. From the two
class domains their recall value order is non-infected and infected. It means that in non-infected and
infected class the model was able to predict truly 91% and 84% to their respective class out of the
given true class data based on the color histogram. In the case of non-infected, infected class it is
around 78% and 68% respectively based on the combined features and non-infected, infected class it
is around 71% and 70% respectively based on the haralick feature. Looking at the F1-score, non-
infected has 88% and then infected with 87%, have the highest F-measure value based on the color

histogram features than other attributes.
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Figure 4. 3 Accuracy comparison of naive Bayes

As can be seen from figure 4.3 the naive Bayes algorithm has generated relatively comparable model

accuracies with varied parameters. The chart histogram presents the accuracy summary statistics for

naive Bayes classifiers using color histogram, haralick texture and combination (haralick with color)

of them with Bernoulli parameters. From this data it can be observed that naive Bayes classifiers

using haralick texture features with Bernoulli parameters resulted in the lowest accuracy value than

other mechanisms. An experimental analysis shows that naive Bayes classifier using color histogram

features with Bernoulli is the better model in detecting and classifying malaria disease.

4.7.3. Experiment 3: Support vector machine Classification

Table 4. 3 Results from SVM and descriptor (scale 100%)

Classifier + descriptor Class Precision Recall F1-score

SVM + color histogram Non- infected .89 91 .90
Infected 91 .89 .90
Weighted Avg .90 .90 .90

SVM-+ color + haralick Non- infected 77 ,79 .78
Infected .78 .76 77
Weighted Avg .78 .78 .78

SVM + haralick textures Non- infected 74 73 73
Infected 74 .75 74




Weighted Avg 74 74 74

As indicated in the classification performance metrics from Table 4.3, on average 90% precision, 90%

recall, and 90% f1 score is obtained from the color histogram features. The precision of this model at

infected cases is 91% which indicates that the model is good at detecting infected cases. SVM

classifiers using Haralick texture features were used for classification is not good performance when

compared with others in the table 4.3. The experimental result showed on average 74% precision, 74%

recall, and 74% f1 score using haralick textures. Overall, the SVM model for the haralick texture

feature did not outperform.

W Accuracy
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Figure 4. 4 Accuracy comparison of support vector machine

As can be seen from Figure 4.4 the SVM algorithm has generated relatively comparable model

accuracies with varied parameters. The chart histogram provides the accuracy obtained from the SVM

classifier using color histogram features, haralick texture and a combination of color and texture with




linear, polynomial and RBF parameters. From the chart, it can be seen that by far the greatest accuracy
is achieved based on the color histogram with RBF parameters than other mechanisms. Experimental
analysis indicates that the SVM classifier using color histogram features with RBF is the better model
classifying malaria disease.

4.7.4. Experiment 4: MLP Classification

Table 4. 4 Results from MLP and descriptor (scale 100%)

Classifier + descriptor Class Precision Recall F1-score

MLP +color histogram Non- infected .84 .94 .89
Infected .93 .82 .87
Weighted Avg .89 .88 .88

MLP+ color + haralick Non- infected 77 .84 .80
Infected .83 .82 .82
Weighted Avg .80 .83 .81

MLP+ haralick textures Non- infected .73 .79 .76
Infected 77 .70 .73
Weighted Avg .75 .75 .75

As indicated in the classification performance metrics of Table 4.4, on average 89% precision, 88%
recall, and 88% f1 score is obtained from the color histogram features. MLP classifiers using Haralick
texture features achieved on average 75% precision, 75% recall, and 75% f1 score. MLP classifiers
using a color histogram with Haralick texture features achieved on average 80% precision, 83% recall,
and 81% f1 score. Overall, the MLP model for the haralick texture feature did not outperform when

compared with color histogram and by combining the two features.
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The chart histogram provides the accuracy obtained from the MLP classifier using color histogram

features, haralick texture, and combination of color and texture. From the above chat experimental

result, observed that the combination feature sets(haralick with color histogram), haralick texture,

color histogram feature the color histogram feature relatively better results in MLP for malaria

detection than other feature sets within an accuracy of 88%.

4.7.5. Experiment 5: decision tree classification

Table 4. 5 Results from DT and descriptor (scale 100%)

Classifier + descriptor Class Precision Recall F1-score

DT+ color histogram Non- infected .92 91 91
Infected 91 .92 91
Weighted Avg 91 91 91

DT+ color + haralick textures Non- infected .79 .81 .80
Infected .81 .79 .80
Weighted Avg .80 .80 .80

DT + haralick textures Non- infected .75 .76 .75
Infected .76 .75 .75
Weighted Avg .76 .76 .75




As shown in Table 4.5, the classification average precision of each class is 91% for infected and non-
infected using color histogram features. The precision is descending order based on color histogram
features when compared combining the two features and haralick textures. When compared this result
color histogram is more precise than other features. From the two class domains their recall value
order is non-infected and infected. It means that in non-infected and infected class the model was able
to predict truly above 91% and 92% to their respective class out of the given true class data based on
the color histogram. In the case of non-infected, infected class it is around 81% and 79% respectively
based on the combined features and non-infected, infected class it is around 76% and 75% respectively

based on the haralick feature.
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Figure 4. 6 accuracy comparison of decision tree

The above chart histogram presents the accuracy summary statistics for the decision tree classifier
using color histogram feature, haralick texture, and combining the two features. From this data, it can
be observed that the decision tree classifier using the haralick texture feature resulted in the lowest
accuracy value than other mechanisms. An experiment shows that the decision tree classifier using
color histogram features is the best possible in detecting and classifying malaria disease. Color
histogram features are the better descriptor of malaria disease for decision tree classifier. Color
histogram feature relatively better results in decision tree classifier for malaria detection than other

feature sets within an accuracy of 91%.



4.7.6. Experiment 6: Random forest Classification

Table 4. 6 Results from RF and descriptor (scale 100%)

Classifier + descriptor Class Precision | Recall F1-score
RF+ color histogram Non- infected .96 .94 .95
Infected .94 .96 .95
Weighted Avg .95 .95 .95
RF +color + haralick Non- infected .80 .88 .84
Infected .87 .78 .82
Weighted Avg .83 .83 .83
RF + haralick textures Non- infected .76 .83 .79
Infected .82 74 .78
Weighted Avg .79 .79 .79

As shown in table 4.6 based on their precision value the classes descending order is non- infected and

infected based on the features of color histogram, by combining color with haralick and haralick

textures. Non infected class is the most precise than the other based on the color histogram. But non-

infected class is less precise than the other because as based on the haralick texture features. From the

two class domains their recall value order is non -infected and infected. It means that in non-infected

and infected class the model was able to predict truly 94% and 96% to their respective class out of the

given true class data based on the color histogram. In the case of non -infected, infected class it is

around 88% and 78% respectively based on the combined features and non- infected, infected class it

is around 83% and 74% respectively based on the haralick feature. Non-infected has 95% and then

infected with 95%, have the highest F-measure value due the color histogram than other attributes.
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Figure 4. 7 accuracy comparison of random forest

The chart histogram presents the accuracy summary statistics for the Random Forest classifier using
color histogram, haralick texture, and combining the two features. From this data, it can be observed
Random forest classifiers using the haralick texture feature resulted in the lowest accuracy value than
other mechanisms. The experiments show that the Random forest classifier using color histogram
features is the best possible in detecting and classifying malaria disease. Color histogram features are
the better descriptor of malaria disease detection using the Random forest. Generally, the accuracy
comparison among the three features implemented by Random forest classifier using color histogram
feature descriptor performs better in the classification.
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Figure 4. 8 accuracy comparison of the supervised models

Referring to the results obtained, six of the classifiers have shown high performance with average
accuracy of 95%, 91%, 90%, 88%, 87%, and 83% for RF, DT, SVM, MLP, NB and KNN respectively.
RF outperforms DT, SVM, MLP, NB and KNN by 4%, 5%, 7%, and 8% and 12% respectively.
Compared to results the random forest algorithm gives better results than the other machine learning
classifier. Thus, due to the fact that random forest aggregates more than two decision trees to avoid
overfitting as well as error due to bias making it more accurate, and thereby showing the feasibility of
its usage in real-time applications for determining whether a cell is infected with the malaria parasite.



4.8. Answers to the Research Questions

RQ #1: Which supervised machine learning model provides the highest performance?

From the analyzed and compared models, the random forest algorithm gave a better result. For
instance, the random forest algorithm achieved an average accuracy of 95%, average precision of
95.0%, average recall of 95.0%, and an average F1 value of 95.0% over a test dataset of previously
unseen 8266.

RQ #2: Which feature extraction technique provides the highest performance? Color histogram
features

RQ #3: Can the combination of feature sets of different feature extraction techniques outperform an

individual feature set of single feature extraction techniques? No



CHAPTER FIVE

CONCLUSIONS AND RECOMMENDATIONS

5.1. Conclusions

In this thesis, developing and implementing automatic malaria detection using machine learning
approaches is proposed. To conduct the experiments a total of 27,558 segmented cell images extracted
from thin blood smear slide images were used from the National Institute of Health (NIH) recorded
data. Through the literature review, several researchers proposed different machine learning
mechanisms to automate and evaluate a malaria disease. However, in most of the works, their system
does not use enough dataset or they have not achieved sufficient or expected results. The main
objective of this study was to build machine learning models that can automatically classify whether
a cell is healthy or infected and assess the performance of the developed model. The acquired data are
noisy, different image processing techniques such as median filter, histogram equalization and
normalization were applied to enhance the quality of the image. After enhanced the quality of the
acquired images, the original vector space of the acquired image is transformed to form a new
minimalistic feature vector space to distinguish between infected and non-infected red blood cells
using a color histogram, haralick texture, and combination of a color histogram and haralick texture
(i.e. color histogram-haralick texture features) feature extraction techniques. Then, suitable
supervised machine learning classifier techniques with different model parameters such as support
vector machine, decision tree, K nearest neighbor, multi-layer perceptron, random forest, and naive
Bayes were used to categorize the features into their different classes. By applying dataset for every
classification technique, their performance was measured based on precision, recall, f1 score, and
accuracy; and showed the evaluation result by tabulating the predicted and actual categories using a
confusion matrix. From the analyzed and compared models, the random forest algorithm gave a better
result. For instance, the random forest algorithm achieved an average accuracy of 95%, average
precision of 95.0%, average recall of 95.0%, and an average F1 value of 95.0% over a test dataset of
previously unseen 8266 images. Furthermore, this classification proposed an experimental analysis
using conventional supervising machine learning methods. This automated newly developed system
would alleviate the problems faced before in the over-dependence of expert’s skills and experience
and delay in diagnosis. Finally, the results from this thesis are compared with previous related works
that are based on the dataset. The proposed system was able to achieve better performance especially

in the case of feature extraction and classification.



5.2. Recommendation and Future Works

This platform for the automatic detection of Malaria provides many useful and interesting directions
in this area. There may still be a gap to be improved on the malaria detection system using machine
learning approaches, since the problem is a fatal Public health issue as stated on the problem statement.
The main goal of public health issue problem solving is to work for performance improvement to be
done continuously until the highest accuracy level is reached. Therefore, the following are some

notable future work recommendations observed while implementing this research work.

X/
L X4

Adding more features to represent the image will undoubtedly increase the performance of

the classification.

¢ If more labeled data sets are found it will lead to better result

¢+ Our proposed research focused to classify healthy and unhealthy further researches could
consider to perform to build a model that can classify species of malaria.

¢+ Our proposed research the time consumption of the algorithm proposed for training is
approximately 10 to 15 min, this time can be improved by applying parallel Computing
methods to the implementation.

%+ Our proposed research focused on only feature extraction further researches could consider

feature selection on malaria detection system using machine learning approaches.
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APPENDIX

Appendix A: Sample images of the dataset

The malaria dataset is composed of a total of 27,558 segmented cell images extracted from thin blood
smear slide images. The cell images are organized into two folders, parasitized and uninfected, with
13,779 cell images in each, making this a balanced dataset. National Institute of Health (NIH) the
malaria dataset is available for download from https://ceb.nlm.nih.gov/repositories/malaria-datasets.

Parasitized are Implying that the region contains malaria and Uninfected there is no evidence of
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Figure Sample images of the dataset for non-infected blood smear

malaria in the region.
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The table shows haralick features. Used which are then input to the feature Vector for some of the

training images are shown below.

Features

Imagel

Image2

Image3

Angular Second Moment

9.16002974e-02

6.87187916e-02

9.72369214e-02

Contrast

4.33527578e+02

4.29523602e+02

4.66080470e+02

Correlation

9.63831501e-01

9.63060081e-01

9.59486714e-01

Sum of Squares Variance

6.00016176e+03

5.82366459e+03

5.75889084e+03

Inverse Difference Moment

6.44959931e-01

6.19570778e-01

6.58152088e-01

(Homogeneity)
Sum Average 2.29277734e+02 | 2.57784576e+02 | 2.21200813e+02
Sum Variance 2.35671194e+04 | 2.28651347e+04 | 2.25694829e+04
Sum Entropy 4.94431764e+01 | 4.84975800e+01 | 4.85721387e+01
Entropy 6.15810596e+02 | 6.16313948e+02 | 6.01500849e+02

Difference Variance

1.60517632e-03

1.46383440e-03

1.71029526e-03

Difference Entropy

2.28778557e+02

2.34389061e+02

2.36944906e+02

information Measure of Correction

-5.14769732e-01

-4.68124837e-01

-5.21360862e-01

Maximal Correction

Coefficient(Energy)

9.92669893e-01

9.87745343e-01

9.92476403e-01




Shows the Confusion Matrix, and Classification Performance metrics value of random forest
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