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ABSTRACT

Cardiovascular disease is the leading cause of death, and specialists estimate that roughly half 

of all heart attacks and strokes happen in individuals who have not been flagged as 'at risk. ' 

Hence, there's an urgent need to progress the exactness of heart infection diagnosis. To this 

end, we explore the potential of utilizing information examination, and in specific the plan 

and utilize of convolutional neural networks (CNN) for classify heart disease based on 

ultrasound heart images. Our fundamental commitment is the plan, assessment, and 

optimization of CNN models of expanding profundity for heart disease classification. 

Moreover, a system with high precision and accuracy is required to analyse heart disease 

classification. This study utilized ultrasound scanned heart images which are collected from 

local hospital. A total of 50 images which includes 20 normal and 30 abnormal heart images. 

The model has been run successfully without any errors and produce a high accuracy of 96% 

after running for 46 epochs. Furthermore, a comparative study has been done between SVM 

and CNN using the similar dataset to analyse performance based on the accuracy.
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ABSTRAK

Penyakit kardiovaskular merupakan punca utama kematian, dan pakar-pakar menganggarkan 

bahawa kira-kira separuh daripada semua serangan jantung berlaku pada individu yang telah 

flagged sebagai 'pada risiko. ' Justeru, terdapat keperluan segera untuk kemajuan diagnosis 

jangkitan jantung. Untuk tujuan ini, kami meneroka potensi dan kepentingan maklumat 

peperiksaan, dan khusus rancangan dan menggunakan rangkaian neural convolutional (CNN) 

bagi penyakit jantung diklasifikasikan berdasarkan imej ultrasound jantung. Komitmen asas 

adalah pelan, penilaian, dan pengoptimuman model CNN untuk memperluaskan kedalaman 

untuk pengelasan penyakit jantung. Selain itu, sistem yang berketepatan tinggi dan ketepatan 

yang diperlukan untuk menganalisis pengelasan penyakit jantung. Ultrasound kajian yang 

digunakan ini satu imej yang dikumpul dari hospital tempatan yang diimbas. Sejumlah 50 

imej yang merangkumi 20 biasa dan 30 gambarjantung yang tidak normal. Model yang telah 

dijalankan berjaya tanpa sebarang ralat dan menghasilkan ketepatan yang tinggi sebanyak 

96% selepas berjalan untuk 46 epochs. Selain itu, satu kajian perbandingan telah dilakukan 

antara SVM dan CNN menggunakan dataset serupa untuk menganalisa prestasi berdasarkan 

ketepatan.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

In 2016, there were 162,201 individuals that died due to heart diseases in Malaysia 

(World Health Organization, 2016). In addition, heart diseases are consistently ranked the 

leading causes of death globally. Due to the aging population and expanding predominance of 

hazard components such as diabetes and weight, the number of heart diseases related deaths 

are anticipated to extend by 30% which is 23.3 million a year in 2030 (Murray, 2012). 

Pointing at earlier diagnosis and disease administration, a few non-invasive imaging choices 

have been designed for the evaluation of heart diseases.

Cardiovascular Magnetic Resonance (CMR) imaging has demonstrated to be of 

specific incredible value in heart disease diagnosis and administration. A combination of 

variables such as need of ionizing radiation, excellent delicate tissue differentiation and high 

reproducibility have made it the favored imaging modality within the measurement of 

ventricular volumes, myocardial work and scarring (Salemo, 2017). Increasing clinical 

utilisation has resulted in an expanded application of CMR in large cohort studies 

(Medrano, 2015). This expansion of restorative imaging datasets will increase the 

requirements for automated tools, making machine learning for enormous imaging 

information a really promising field.

A few propels in deep learning have empowered machines to beat people in image 

classification if given with a database of millions of images as within the ImageNet challenge 

(Russakovsky, 2015). Within the restorative field, exceedingly assignment particular 

databases of restorative photos have shown capable of exact determination (Esteva, 2017). For 

instance, utilized dermatology images to train a show that recognizes skin cancer, and utilized
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retinal fundus images for detection of diabetic retinopathy (Gulshan, 2016) Both scored on 

standard with certified clinical specialists in their respective field. Whereas the basic 

information is exceptionally diverse from cardiac volumetric information, the wide range of 

application appears that deep learning can indeed be utilized for conclusion within the 

medical field.

Current machine learning based strategies for automated cardiac determination 

focuses on detection and segmentation of the heart, followed by the extraction of highlights 

that are at that point utilized for diagnosis. This approach is reflected within the 2017 

Automated Cardiac Diagnosis Challenge (ACDC) where the point is to consequently perform 

fragmentation and diagnosis on a 4D cineCMR scan. According to Bernard (2008) all but one 

member within the segmentation portion of the challenge utilized profound learning and 

scoring on standard with clinical experts, whereas none of the members within the 

classification part did. Instead they performed classification utilizing support vector machines 

(SVM) and random forests (RF) on handcrafted highlights extricated from gotten 

segmentation maps (Bernard, 2018).

As the handcrafted features characterize clinical diagnosis of the pathology, extraction 

of those features could be a sensible approach. Subsequent diagnosis utilizing machine 

learning based methods shows the request for adaptability within the current demonstrative 

prepare that cannot easily be captured in rule-based strategies. Deep learning can give the 

desired adaptability and perform accurate segmentation and classification as appeared in 

state-of-the-art strategies (He, 2018). However, no attempts have been made at end-to-end 

learning for demonstrative purposes in cardiology. One explanation for usually inadequately 

information, a repeating articulation for deep learning in medical image analysis 

(Zreik, 2018).
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In this study a Convolutional Neural Network (CNN) model is developed to classify 

heart disease from ultrasound scanned heart images. These cardiac ultrasound images are 

specifically obtained from hospital in Malaysia to represent the Malaysian's cardiac data. 

This CNN model classifies heart disease with high accuracy by scanning a group of data in 

one go. It is able to classify the images into normal and abnormal heart images. Moreover, 

the system can classify heart disease according to the abnormalities.

1.2 Background of Study

Disease prediction utilizing patient treatment history and health information by 

applying data mining and machine learning procedures are continuous battle for the past 

decades. Many works have been applied information mining methods on pathological 

information or medical profiles to forecast specific diseases. These approaches attempted to 

foresee the reoccurrence of illness. Moreover, a few approaches try to do forecast on control 

and movement of the disease.

The recent achievement of deep learning in disparate regions of machine learning has 

driven a move towards machine learning models that can learn rich, progressive 

representations of raw information with small pre-processing and deliver more accurate 

results (Long, 2015). Numbers of papers have been published on a few data mining strategies 

for diagnosis of heart disease such as Choice Tree, Credulous Bayes, neural arrange, part 

density, automatically characterized bunches, stowing calculation and back vector machine 

appearing different levels of exactness's in illnesses forecast.

There has not been much research work done on utilizing Convolutional Neural 

Networks (CNNs) (A. Krizhevsky, 2017) to analyse Magnetic Resonance Image (MRI) scans 

of the heart. Probably, this challenge represents one of the outranging attempts at this.
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However, there is a significant amount of writing on applying machine learning models on 

radiology issues. According to Chen (2017) almost all machine learning algorithms are useful 

for the medical image division, brain function or action examination, and content-based 

image retrieval systems for Computer Topography (CT) or MRI images are additionally a 

less recent, but valuable perusing for this reason.

1.3 Problem Statement

According to Datuk Dr Ahmad Khairuddin, the National Heart Institute (IJN) 

consultant cardiologist, Malaysians are developing heart disease at a younger age compared 

with their peers in other countries such as Thailand and Indonesia. Cardiovascular diseases 

are the number one cause of death globally (WHO, 2016). For those affected, early defection 

is basic for both management and treatment. One of the leading symptomatic tools in this 

range is cardiac imaging-including attractive reverberation (MR), ultrasound, and 

computed tomography (CT) (Wetstone, 2018).

Cardiac imaging can evaluate both heart life systems and work and help within the 

discovery of different heart-related pathologies, such as coronary artery infection, cardiac 

masses, and inherent heart disease (Medical Informed Consent, 2013). Computerized 

approaches to processing these images are in high request to lighten the burden on 

radiologists, trusting to move forward both diagnostic precision and efficiency.

Radiologists today confront an ever-increasing sum of medical images to review. In a 

sense, the medical imaging community is a victim of it own success; this blast in images are 

fundamentally due to advancements in medical imaging technologies, which have implied 

both more images per person check and a more prominent request for scans as a diagnostic 

tool (Litjens, 2017). Many researched in this field on deep learning approach for heart
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disease classification. For instance, Emad (2015), who conducted a research on automatic

localisation of left ventricle on MRI images.

However, only fewer studies found utilizing local (Malaysia) data. This study is fully 

focused on local data that is gathered from local hospitals. In addition, a system with high 

accuracy and fast processing is needed to analyse a huge sum of data in a short period.

1.4 Research Questions 

1. How to pre-process the data of scanned heart images? 

2. How to apply deep learning for heart disease classification system? 

3. How effective is the algorithm and its performance accuracy?

1.5 Research Objectives 

1. To pre-process the data of scanned heart images. 

2. To apply deep learning for heart disease classification system. 

3. To evaluate the effectiveness of algorithm based on the performance accuracy.

1.6 Significance of Study

This study is focused on classifying heart diseases or heart abnormalities by using 

Convolutional Neural n\Network (CNN). Numerous studies have been published worldwide 

in this similar area in the past years and applying deep learning techniques in this field has 

been increasing annually (Emad, 2015). However, these study that I mentioned earlier uses 

dataset from foreign continentals like America, Australia and Europe. Only a number of 

studies had been done using Asian people's CMR.
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This study is fully based on data that have been collected from local hospitals on heart 

abnormalities. A series of ultrasound scanned images of the heart have been gathered to pre- 

process the data accordingly. Referring to all the previous studies in this field, I used the 

Convolutional Neural Network (CNN) technique to classify heart images into normal and 

abnormal classes. The gathered dataset consist of normal and abnormal heart scanned images 

of patients. The abnormal class contain three major types of heart disease which are 

pericardial effusion, dilated cardiomyopathy and left ventricle hypertrophy.

1.7 Definition of Terms

Table 1.1

Definition of Terms

Term 

Heart disease

Prediction

Conceptual definition Operational definition 

Heart disease generally refers The major causes for heart 
to conditions that involve failures and heart attacks. For 

narrowed or blocked blood example, abnormal size of 
vessels that can lead to a heart heart chambers. 
attack, chest pain (angina) or 
stroke. Other heart conditions, 
such as those that affect your 
heart's muscle, valves or 
rhythm, also are considered 
forms of heart disease. (Mayo 
Foundation for Medical 

Education and Research 
(MFMER)

Say or estimate that (a What will happen next and 
specified thing) will happen the possible outcome of 
in the future or will be a scanning the heart images. 

consequence of 
something. (Oxford 
Dictionary)
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Table 1.1 

Definition of Terms (Continued)

Term 
Cardiac Magnetic 
Resonance 
(CMR)

Conceptual definition 
Known as cardiac MRI, is a 
medical imaging technology 
for non-invasive evaluation of 
the work and structure of the 

cardiovascular framework. 
(Lee, 2018)

Operational definition
The system that usually used 
in foreign country to produce 
a 3D images of heart.

Convolutional Neural 
Network (CNN)

Deep Learning

Pre-process

Accuracy

It is a feed-forward artificial 
neural networks that use a 
variety of multilayer 
perceptrons planned to require 
minimal preprocessing. ( Le 
Cun, 2013)

Deep learning is part of a 
broader family of machine 
learning strategies based on 
learning data representations, 
as restricted to task-specific 
calculations. (Bengio, 2015)

The technique that used in 
this study to learn through 
scanning and image 
processing.

The theory that has derived 
this study to include some 
machine learning methods.

Subject (data) to preliminary It refers to methods like data 
processing (Oxford preparations and segmenting 
Dictionary) heart images.

The degree to which the result 
of a measurement, 
calculation, or specification 
conforms to the correct value 
or a standard. (Oxford 
Dictionary)

The result or outcome 
obtained in the end of this 
research regarding its 
exactness and preciseness.
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1.8 Scope of the study

The population used for this study is people from states of Selangor and Kuala 

Lumpur to represent the whole Malaysia's heart disease data. The hospital of Kuala Lumpur 

has provided dataset of ultrasound scanned images of heart. However, this dataset may vary a 

bit for each state due to the environmental factors.

In addition, as this study is only using ultrasound scanned images, it may only able to 

classify 2D images. As the facility of producing CMR images is not available in the local 

hospital, we are forced to use this 2D image for this study. Thus, this system is only designed 

for 2D images of the heart.

1.9 Summary

This chapter generally explains about the objective of this study which is to apply 

deep learning for heart disease classification system. This chapter also briefly describs the 

importance of having a system with high accuracy and precision. This study utilized local 

(Malaysia) data which is collected from the local hospitals.
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CHAPTER 2

LITERATURE REVIEW

2.1 Overview

This chapter discusses about the previous studies that have been done on cardiac field 

and deep learning. These previous researches are important to study and understand how the 

system or algorithms works to produce an efficient system. Moreover, this literature reviews 

concludes the previous approaches that have been done on this field.

2.2 Heart Disease

The heart is a strong organ in most creatures, which pumps blood through the blood 

vessels of the circulatory system. Cardiac structures, see Figure 1, is part in a left and right 

half, both containing an atrium and ventricle. Left ventricle (LV), left atrium (LA), right 

ventricle (RV), and right atrium (RA). The right half pumps blood through the lungs for 

oxygenation, taken after by dispersion through the body by the left half of the heart. The 

ventricles are dependable for the pumping work of the heart whereas the atria anticipate stasis 

of venous blood flow amid systole (i. e. withdrawal of the ventricles). A valve is found at each 

conclusion of the ventricles to anticipate backflow of blood (Gerald, 2018). Two surfaces are 

characterized within the heart. The epicardial surface depicts the external surface of the heart 

while the endocardial surface refers to the lining on the interior of a chamber. In imaging, the 

epicardial form usually refers to the external form of the LV myocardial (e. g. muscle) tissue 

(Myo), though mostly anatomically off base. Three coronary supply routes start 

straightforwardly after the aortic valve (i. e. the valve between LV and aorta). that navigate 

the epicardial surface of the heart to supply the myocardium with oxygen and other

9



supplements. The axis of the heart is defined as the line between the apex and base). Long- 

axis planes are parallel to this pivot whereas short-axis planes are characterized perpendicular 

to the axis (Gerald, 2018).

SUPERIOR VENACAVA

Figure 2.1. Anatomy of heart

Heart illness portrays a range of conditions that influence our heart. Illnesses beneath

the heart illness umbrella incorporate blood vessel diseases, such as coronary course disease;

10



heart beat issues (arrhythmias); and heart absconds you're born with (innate heart absconds), 

among others. The term "heart disease" is regularly utilized interchangeably with the term 

"cardiovascular disease. " Cardiovascular illness by and large alludes to conditions that 

include contracted or blocked blood vessels that can lead to a heart attack, chest torment 

(angina) or stroke. Other heart conditions, such as those that influence your heart's muscle, 

valves or cadence, too are considered shapes of heart disease.

Administration of cardiac pathologies typically relies on various cardiac imaging 

modalities, which incorporate echocardiogram, computerized tomography, and magnetic 

reverberation imaging (MRI). The current gold standard is to use non-invasive cine MRI to 

quantitatively analyse worldwide and regional cardiac work through the induction of clinical 

parameters such as ventricular volume, stroke volume, ejection fraction, and myocardial 

mass. Calculation of these parameters depends upon precise manual outline of endocardial 

and epicardial forms of the clear out ventricle (LV) and right ventricle (RV) in short-axis 

stacks (Gerald, 2018).

2.2.1 Dilated Cardiomyopathy

Dilated cardiomyopathy (DCM) is the foremost common type, happening for the most 

part in grown-ups 20 to 60. It influences the heart's ventricles and atria, the lower and upper 

chambers of the heart, respectively. Frequently the disease begins within the left ventricle, the 

heart's fundamental pumping chamber. The heart muscle starts to expand, meaning it extends 

and gets to be thinner. Subsequently, the interior of the chamber broadens. The problem often 

spreads to the correct ventricle and then to the atria (American heart association, 2018).

As the heart chambers widen, the heart muscle doesn't contract ordinarily and cannot 

pump blood very well. As the heart gets to be weaker heart failure can happen. Common 

11



indications of heart failure incorporate shortness of breath, weakness and swelling of the 

lower legs, feet, legs, guts and veins within the neck. Dilated cardiomyopathy also can lead to 

heart valve issues, arrhythmias (sporadic heartbeats) and blood clots in the heart.

Symptoms of dilated cardiomyopathy (American heart association, 2018).

a. Fatigue 

b. Shortness of breath (dyspnea) 

c. Reduced ability to exercise 

d. Swelling (edema) in your legs, ankles and feet 

e. Swelling of your abdomen due to fluid buildup (ascites) 

f. Chest pain 

g. Extra or unusual sounds heard when your heart beats (heart murmurs)

2.2.2 Pericardial Effusion

A pericardial effusion is abundance liquid between the heart and the sac surrounding 

the heart, known as the pericardium. Most are not harmful, but they in some cases can make 

the heart work poorly. The pericardium is a extreme and layered sac. When your heart beats, 

it slides easily inside it. Regularly, 2 to 3 tablespoons of clear, yellow pericardial liquid are 

between the sac's two layers. That liquid makes a difference your heart moves easier inside 

the sac (American heart association, 2018).

Symptoms of Pericardial Effusions (American heart association, 2018).

a. Shortness of breath (dyspnea) 

b. Discomfort when breathing while lying down (orthopnea) 

c. Chest pain, usually behind the breastbone or on the left side of the chest
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2.2.3 Left Ventricular Hypertrophy

Left Ventricular Hypertrophy (LVH) is a term for a heart's left pumping chamber that 

has thickened and may not be pumping proficiently. In some case issues like aortic stenosis 

or high blood pressure overwork the heart muscle. In response to this pressure over-burden 

interior the heart, heart muscle cells may react by getting thicker along the internal walls of 

the heart. This thickened wall can cause the left chamber to weaken, harden and lose 

versatility, which may avoid healthy blood flow (American heart association, 2018).

Symptoms of LVH (American heart association, 2018).

a. Shortness of breath 

b. Fatigue 

c. Chest pain (especially with exercise) 

d. Heart palpitations 

e. Dizziness or fainting

2.3 Imaging Modalities

Cardiac magnetic resonance (CMR) is a non-invasive imaging technology, which 

permits for evaluation of both work and the structure of cardiovascular systems. The 

procedure utilized in CMR is based on the regular magnetic resonance imaging with an 

expansion of electrocardiogram gating system and quick imaging. CMR imaging gives tall 

spatial and sensible transient determination of the pictures and has various applications which 

are continually created (A. K Attili,. 2014) counting exact three and four-dimensional pictures 

of the heart chambers and blood vessels. When combined with elevated levels of cardiac bio- 

marker, CMR imaging is utilized in myocardial localized necrosis diagnosis.

One of the foremost commonly utilized bio-marker for tissue characterization is

gadolinium differentiate in late gadolinium improvement (LGE) strategy. LGE is broadly
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utilized for finding ischemic regions. On image acquisition, areas of solid heart muscle tissue 

appear dark, while infarcted tissue is brighter (light gray/white) since of more prominent sum 

of the gadolinium, stored in ischemic regions due to decreased clearance (A. Doltra ,. 2013), 

as shown in Figure 2.2.
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Figure 2.2. CMR images of heart (A. Doltra,. 2013)

Every image of the series taken with CMR represents a lean slice of the human body. 

The slices are utilized by clinicians to detect or analyze potential cardiac disease and to 

survey the heart's structure and function. The image stack is additionally utilized in advanced 

digital picture investigation, to supply superior insights and offer assistance the specialists in 

appropriate assessment of the illness state. What is more, the series can be utilized to 

construct three-dimensional (3D) numerical models, in arrange to way better visualize the 

anatomical structure of the heart and conduct more exact analysis.

2.3.2 Applications in cardiac imaging

While neural networks have been around for many decades, required computational 

control and other practical issues anticipated them from having significant commitments to 

(medical) image analysis until as of late. To begin with LV division utilizing deep learning
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was performed by (Carneiro, 2013) employing a deep believe network (DBN) in ultrasound 

pictures, a strategy they improved to incorporate following (Carneiro, 2013) and adjusted for 

controlling the learning of a multi-atlas segmentation process (Santiago, 2015). DBNs were 

too utilized in CMR by to initialize a level-set framework for LV segmentation.

CT is preferred over CMR for appraisal of the coronary courses where a few 

strategies have been created for calcium scoring, centerline extraction, or (landmark) 

localization and LV division (Moradi, M., 2016). All CT based strategies utilized a CNN 

architecture.

In CMR, the most application has been segmentation of the LV, using a fully convolutional 

network (FCN) (Tran, P. V. 2016), patch-based CNNs combined with dynamic forms a 

combination of stacked auto-encoders (SAE) and CNN for initialization and optimization of a 

deformable model, numerous U-net kind of structures, an repetitive neural network (RNN) to 

prepare a whole stack, multi-organ segmentation utilizing SAE (Shin, H. -C., 2013) and CNN 

(Zhou, X., 2016), and numerous more. This large sum of work in segmentation can in portion 

be contributed to two challenges that centered on segmentation and cardiac volume 

expectation - the 2015 Kaggle Data Science Bowl l and the 2017 ACDC challenge.

Other applications of CNNs comprise of LV diagnose in a slice (Emad, 2015), 

detection of base/apex for quality control of a scan (Zhang, L., 2016), and super-resolution to 

counter issues due to relative thick slices in CMR. Other than preparing an image stack for 

division, RNNs have moreover been used for cardiac smortage forecast (Kong, 2016).

(Xue, 2018) have performed full left ventricle evaluation through deep multi task 

relationship learning. They utilized a combination of CNNs and RNNs to measure six 

measures of territorial wall thickness, three depression measurements, end-systole and end- 

diastole depression area, and the double cardiac stage from short-axis cine filters by learning
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the relationship between the measures. This dataset is as of now utilized within the 2018 Left

Ventricle Full Quantification Challenge and has the same purpose.

(Bello, 2018) are, as distant as we know, the as it were ones that utilized deep learning 

for computer aided diagnosis in cardiac imaging. They anticipated mortality due to aspiratory 

hypertension from 3D shape models of RV movement patters employing a profound survival 

arrange (Katzman, 2016) that comprises of fair 3 layers. Other groups that charge to utilize 

deep learning for cardiac infection expectation as it were do so for division, taken after by 

other machine learning strategies on the art features.

Having the capacity to memorize it possess highlights for a highly non-linear 

classification process provides deep learning models with numerous benefits over 

handcrafted features. Since the demonstration AlexNet's (Krizhevsky, 2013) prevalent 

execution on the ImageNet challenge, deep learning models are reliably best positioned at all 

(restorative) image classification and segmentation challenges. Whereas clearly 

outperforming other approaches on a extend of assignments, as it were one diagnostic 

demonstrate right now exist in cardiology. Deep learning has made more advance in the zone 

of conclusion in oncology and brain imaging. In oncology it is as often as possible utilized to 

detect and classify injuries as kind or harmful, and in brain imaging it has been utilized for 

disorder classification. The sum of accessible information plays a significant part deep 

learning. It is the consistently given as primary issue in deep learning, or as reason to lean 

toward other classification methods over end-to-end learning (Zreik, 2016).

2.4 Image Segmentation

Image segmentation alludes to the method of partitioning a computerized image into 

numerous fragments i. e. set of pixels, pixels in a locale are comparable agreeing to a few 

homogeneity criteria such as color, escalated or surface, so as to locate and recognize objects
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and boundaries in an image. In a more formal way, if X speaks to the whole spatial region 

possessed by an picture, at that point image segmentation is a handle of apportioning X into n 

sub locales, X1, X2, " " " , Xn, such that: (a) Sn i=1 Xi = X; (b) Xi is a connected set, i = 1, 2, 

" " " , n; (c) Xi (1 Xj= (p for all i and j, i 6= j; (d)P(Xi) = T mourn for i = 1, 2, " " " , n; (e) P(Xi 

U Xj ) = F alse for any districts Xi and Xj ; cp denotes the purge set, and P(Xi) could be a 

consistent predicate that assesses to genuine for each distinct region based on the 

homogeneity assessment of the region. Condition (e) states that if two distinctive districts 

were blended at that point the homogeneity of the coming about region would seize to exist, 

meaning within the fragmented image regions must be both homogeneous and maximal.

There's plenty of segmentation procedures proposed in the writing all through the 

years by different researchers all over the world. But, ironically, there's not a single method 

which outperforms the others beneath distinctive images, in truth, all strategies are not 

equally great for different images (K. K. Singh, 2013). In this segment, we recap the foremost 

basic segmentation strategies in a generic way.

2.4.2 Cardiac MR image segmentation

Cardiac MR (CMR) imaging is of imperative significance in clinical cardiology due 

to its non-ionising and tall tissue differentiate representation of heart chambers and vessels. 

More vitally, clinical indices inferred from CMR pictures offer assistance within the 

evaluation of cardiac work and anatomy, through which clinicians can analyze cardiovascular 

infections (CVDs). Stroke volume (SV), ejection fraction (EF), and divider thickness 

estimations are gotten in standard practice for functional evaluation of the left ventricle, and 

they are valuable pointers of non-ischaemic cardiomyopathies such as expanded LV and 

hypertrophy (C. Rickers, 2013).
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Figure 2.3. Examples of automatic cardiac MR image segmentation results obtained with a 
convolutional neural network. (Cardiac short-axis (second 

, 
from lc ft) and long-axis 

(rightmost) MR images are partitioned into semantic parts: L V myocardium, L V blood pool, 
and background. )

In clinical practice, computation of these estimations or biomarkers requires manual 

or programmed depiction of ventricle boundaries (e. g. endo- and epi-cardium). Manual 

contouring is a dull, operator-dependent, and time-consuming assignment. Thus, analysts 

have examined semi and programmed ventricle segmentation approaches to get steady and 

precise delineations from SAX and LAX images as shown in Figure 2.1. As displayed within 

the later study (P. Peng, 2015), CMR segmentation approaches can be categorised into two 

bunches as image-driven and model-driven methods. The approaches within the latter 

category make utilize of appearance, setting and anatomical information learnt from master 

explanations to classify image pixels. In this way, the segmentation becomes less sensitive to 

low-contrast, escalated commotion, and acquisition antiques. Image-driven methods, on the 

other hand, are driven by limiting a pre-defined vitality work that's composed of image 

escalated, form interaction, and label smoothness vitality terms.

2.4.3 Left ventricle segmentation

The task of depicting the left ventricle endocardium and epicardium from eine MRI 

throughout the cardiac cycle has gotten much investigate center and attention over the past 

decade. Two fantastic challenges, Medical Image Computing and Computer Assisted
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Intervention (MICCAI) 2009 LV Segmentation Challenge and Statistical Chart books and 

Computational Modeling of the Heart (STACOM) 2011 LV Division Challenge 

(Suinesiaputra, 2016), have developed with the objective of progressing the state of the 

craftsmanship in mechanized LV division.

To facilitate research and advancement in this field, the challenges give benchmark 

datasets that come with master ground truth forms and standard evaluation measures to 

evaluate automated segmentation performance. Petitjean and Dacher (2011) provide a 

comprehensive overview of past strategies for LV division that include multi-level Otsu 

thresholding, deformable models and level sets, chart cuts, knowledge-based approaches such 

as dynamic and appearance shape models, and atlasbased methods. Although these strategies 

have accomplished constrained victory on small benchmark LV datasets, they endure from 

low robustness, low accuracy, and limited capacity to generalize over subjects with heart 

conditions exterior of the preparing set.

Recently, Ngo and Carneiro (2013) couple Restricted Boltzmann Machines and a 

level set strategy to deliver competitive comes about on a small benchmark LV dataset. 

However, their strategy is semi-automated that requires user input. Queirös (2015) propose a 

novel computerized 3D+time LV segmentation system that combines automated 2D and 3D 

segmentation with contour propagation to yield exact endocardial and epicardial forms on the 

same LV dataset.

Avendi (2016) integrate recent progresses in machine learning such as stacked 

autoencoders and convolutional neural networks with a deformable model to set up a unused 

state of the art on LV endocardium segmentation. The main restriction of the later strategies 

is that they are multi-stage approaches that require manual offline preparing and broad hyper- 

parameter tuning, which can be lumbering. Moreover, the evaluation of the strategies by Ngo
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and Carneiro (2013) and Avendi (2016) is restricted to as it were LV endocardial forms. 

None of these strategies is assessed for the errand of mechanized right ventricle 

segmentation.

2.4.4 Right ventricular segmentation

The task of portraying the proper ventricle endocardium and epicardium from 

shortaxis cine MRI at different stages of the cardiac cycle offers comparable objectives, 

clinical motivations, and inherent specialized challenges as its LV partner. Be that as it may, 

it does not get as much investigate consideration, partly since RV segmentation algorithms 

have never had get to to a common database with master ground truth contours. In an 

exertion to progress the inquire about and improvement of RV segmentation towards clinical 

applications, the MICCAI 2012 Right Ventricle Division Challenge proposes a benchmark 

MRI dataset that comes with master ground truth segmentation contours and standard 

assessment measures, taking after the groups of earlier LV segmentation competitions.

Petitjean (2015) overview the automated and semiautomated approaches displayed by 

the seven challenger groups that include three atlas-based strategies, two prior-based 

strategies, and two prior-free, image-driven methods that make utilize of the worldly 

measurement of the information. This competition highlights the current interest in strategies 

based on the multi-atlas segmentation framework which is getting to be one of the foremost 

broadly utilized and effective image segmentation techniques in restorative imaging 

applications (Iglesias and Sabuncu, 2015).

Although the strategies displayed within the MICCAI 2012 challenge achieve 

reasonable segmentation accuracy, there is still much room left for enhancement, especially if 

the strategies are to be utilized within the clinical setting. The most limitation of past 

strategies based on factual shape modeling, include designing, and multi-atlas enlistment is
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that they tend to overfit on one specific dataset and may not generalize well to other datasets

nor are agreeable to exchange learning.

2.4.5 Left atrium segmentation

The simplest approach based on cardiac MRA center on segmentation of the left 

atrium by to begin with extricating the whole blood pool by concentrated thresholding and 

after that isolating it into diverse heart chambers by making cuts at narrowing. But this 

strategy has the drawback that it requires several limits to be set physically to be appropriate 

for varying concentrated conveyances over patients. Moreover, bear in intellect that, on the 

off chance that the narrowing between the chambers are not particular, the approach is bound 

to fail.

In addition, the researchers have appeared this strategy works well when coupled with 

user interaction to supply a seed point inside the LA and then utilizing region developing to 

section the chamber. (Depa, 2010) section the left chamber utilizing strong atlas base 

segmentation. In their work, the creators utilize 15 manually portioned and enlisted layouts as 

an Atlas. The real division is at that point carried out through a label fusion calculation based 

on most extreme a back estimate for each voxel of the test images. The comes about reported 

outperform other Chart book base variations.

Figure 2.4. Illustration of left atrium segmentation
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(Zhu, 2012) handle this issue in two steps. First, they center on automatically 

identifying the thoracic aorta since it can be effortlessly identified utilizing Hough Transform 

technique much obliged to its reliable circular shape (in axial view). Given the area of the 

thoracic aorta, the second step initializes a seed locale within the left chamber utilizing region 

and slope data and continues with a dynamic contour initialized in this locale and driven by 

slope base information. Subjective comes about are appeared in Figure 2.4.

2.4.6 Right atrium segmentation

The works within the literature for segmenting the right atrium fundamentally depend 

on segmenting the blood pool in cardiac MRA comparative to the left chamber segmentation 

discussed above. An eminent exemption is the works of (Chen, 2012), whom utilize 

progressed level set based image segmentation to extricate the proper atrium. In their 

approach, or maybe than driving the level set emphasis by means of picture concentrated and 

gradient exclusively, they join a shape model constructed a-priori to direct the segmentation.

2.4.7 Deep learning for medical image segmentation

Within the last years there has been a large increment in papers on deep learning for 

medical imaging. Litjens presents an overview paper investigating over later 300 papers, of 

which 240 were distributed in 2016 and 2017. The study paper presents distinctive sorts of 

deep learning, such as deep belief networks (DBN), stacked auto encoders (SAE) and 

convolutional neural systems (CNN). The papers are at that point categorized based on 

diverse types of errands. These assignments include classification, where a organize takes one 

or more images as input and yields a little sum of factors utilized for diagnostics.

A variable can as an example be as basic as yielding outputting an illness is show or 

not. Another task is detection, where a organize takes images as input and the yield is utilized 

to localize organs and landmarks. The result can be positions, bounding boxes and other
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factors portraying the location and introduction of anatomical structures within the images. 

For the assignment of performing registration of different images, neural systems had been 

utilized both to yield a similarity metric between the two images, as well yielding the 

coordinate change that require to be performed on the pictures. Another task is segmentation, 

where a arrange takes images as input and classifies each pixel/voxel as yield.

The strategies proposed for segmentation are further categorized based on their 

approaches. One of the approaches is to utilize a little fix of the picture as input to the 

arrange. To segment the entirety image, patches are extricated in a sliding-window way and 

evaluated by the organize. this does in any case lead to a large sum of additional 

computations where the picture patches overlap due to substantial convolutions.

(Long, 2015) proposes a fully convolutional neural network (ICNN) by speaking to 

completely connected layers as convolutions. This makes it conceivable to utilize bigger 

images as input than the arrange was trained on. The yield is in any case littler than the input 

image due to downsampling within the frame of max-pool layers. To settle this (Long, 2015) 

proposes a strategy of moving the image one pixel in each dimension and performing 

segmentation. Usually repeated the same number of times as the scaling figure and the yields 

are at that point joining together to obtain the full determination result.

(Ronneberger, 2017) presents a organize named U-net, which understands the issue of 

determination by utilizing an rise to sum of upsampling layers as downsampling layers. The 

design comprises of a contractive portion and an expansive part. The arrange employments 

skip-connections between before and after the downsampling and upsampling to the same 

level. The design is expanded to 3D by (Cicek , 2016) by replacing the 2D convolutional 

layers with 3D convolutional layers. (Milletari, 2016) proposes a comparable 3D engineering 

based on U-net and presents a Dice-loss layer. The downsampling and upsampling permits
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these designs to work on the complete image. This means that huge halfway featuremaps 

must be put away at each layer. For 3D images the memory requirements increments 

definitely and the strategies proposed by (Cicek, 2016) and (Milletari, 2016) depicts utilizing 1 

and 2 volumes separately each training batch a large energy is utilized whereas preparing. For 

both methods, the preparing information is expanded on-the-fly by performing flexible 

distortion on both the input and the ground truth.

2.5 Image Classification

This Image classification has been one of the foremost important topics within 

the field of computer vision and machine learning. Image classification could be 

a broad investigate region within the field of deep learning, Pattern recognition, Human 

Computer Interaction and got considerable fascination in numerous research scientist. Based 

on classification of images done by extracting the features from the image, (Qian, 2013), 

usually most midlevel highlight learning strategies center on the method of coding or pooling 

but here they emphasize that the component behind the picture composition 

also strongly influences the extraction of highlights from the image.

There has been a lot of advancement within the range of include finders and 

descriptors and numerous Algorithms and methods have been created for object and scene 

classification. Generally, allurement the similitude between the object detectors, 

texture filters and filter banks. There is an abundance of work within the literature of object 

discovery and scene classification (Li, 2012). Analysts for the most part utilize the current up- 

to -date descriptors of Felzenszwalb and setting classifiers of Hoeim (Srinivas, 2016). The 

idea of creating different object finders for essential interpretation of images is comparable to
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the work done in multi-media community in which they utilize a large number of "semantic

concepts" for picture and video explanations and semantic indexing (Khan. 2012).
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Figure 2.5. Process of image classification in previous studies (Lee, 2015).

2.6 Deep Learning

Diagnosis of heart disease using deep learning techniques has been an ongoing effort 

for the past two decades. Deep learning is a class of machine learning approaches where 

discriminative features are not pre-specified but rather learned directly from raw data (LeCun 

Y, 2015). Deep learning could be a subfield of machine learning that's based on learning 

different levels of representation and reflection. Deep learning contains computational
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models that are composed of different handling layers to memorize representations of

information with different levels of deliberation.

Applied deep neural networks to learn structural and functional brain imaging data 

and showed that deep learning methods are able to learn physiologically important 

representations and detect latent relations in neuroimaging data (S. M. P1is, 2013). In a CNN, 

there are numerous artificial neurons or nodes organized in a various leve arrange of 

progressive convolutional, max-pooling, and fully-connected layers. The various level 

structure permits the show to surmised complex capacities and learn non-linear include 

combinations that maximally separate among the classes. Once a CNN demonstrate is 

prepared on a adequately huge information set, it ought to be able to generalize to 

inconspicuous illustrations from the populace. For a more detailed description of neural 

networks and their structure, we refer readers to read article of (Bengio, 2013) and 

(Schmidhuber, 2015).

In 2015 Payan used 3D convolutional neural network to predict Alzheimer's disease 

based on brain MRI images (Payan, 2015). They first initialized the filters for CNN by 

inadequate auto-encoder and after that built a CNN whose first layer using the filters learned 

with auto-encoder. Their model demonstrated to be a victory in separating between healthy 

and unhealthy brains. In any case, their neural network model was as well basic and they 

didn't go on to undertake more advanced neural arrange models. (F. Liu, 2014) also applied 

deep CNN models on raw MRI images. They found the districts of intrigued (ROI) which 

will be connected with Alzheimer's illness, which saves the exertion of manual ROI 

explanation handle.

Deep learning has also been successfully applied to detect cancer in biopsies (Wang

D, 2016, Wang H. 2014) diabetic retinopathy (Gulshan, 2016), and dermatologic lesions
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(Esteva 
, 2017). There are numerous other potential applications to advanced pathology since 

profound learning exceeds expectations at assignments with expansive and complex 

preparing information sets, such as entire slide pictures (WSI).

In cardiac study region, (N Kannathal, 2013) have implemented neural networks for 

classification of cardiac patient states using electrocardiogram (ECG) signal. After that many 

papers have implemented this technique to diagnose heart relevant diseases whether chronic 

or mild abnormalities in cardiac. In 2015, Yaniv Bar used a CNN trained by ImageNet and 

obtained area under curve (AUC) of 0.93 for Right Pleural Effusion detection, 0.89 for 

Enlarged heart detection, 0.79 for classification between healthy and abnormal chest x-ray, 

which shows that deep learning with large scale non-medical image database may be 

sufficient for general medical image recognition tasks (Yaniv Bar, 2015).

2.7 Convolutional Neural Network

According to IJARSET, this layer, a dot product (or a convolution) of each sub region 

of the input information with a part is computed, and the result values frame the yield of this 

layer. The layer is parameterized by the estimate and the number of parts, steps of the 

convolution within the width and stature measurements, and the activation function h 

connected to present a nonlinearity to this layer.

Convolutional neural network (CNN) architectures in particular have led to several 

successful pattern classification and detection in natural images (C. Szegedy, 2015). In this 

way it is common to consider applying deep learning strategies moreover to biomedical 

pictures. For illustration, a deep learning architecture was connected to each pixel to address 

issues of layer segmentation in electron microscopy pictures (D. Ciresan, 2012). Other than 

that, a deep CNN was used as the second tier in a two-tiered, coarse-to-fine cascade
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framework, to refine the candidate lesions from the first tier for sclerotic spine metastases 

detection in CT images (H. R. Roth, 2015). Besides, a multiscale CNN was created for lung 

knob location in CT pictures and a GoogLeNet-based strategy was embraced for 

computerized discovery and conclusion of metastatic breast cancer in entire slide pictures of 

sentinel lymph node biopsies (W. Shen, 2015).

Within the setting of therapeutic imaging and neural systems, anatomical priors have 

not been considered in much depth, especially within the current state-of-the-art segmentation 

procedures. Later work has appeared straightforward utilize cases of priors through 

contiguousness and boundary conditions (H. Chen , 2017). Incorporation of priors in 

restorative imaging might possibly have much more affect compared to utilize in 

characteristic picture investigation since anatomical objects in restorative pictures are 

normally more obliged in terms of their shape and area.

Moreover, Convolutional neural systems (CNNs) proceed to attain record-breaking 

accuracy performances on numerous visual acknowledgment benchmarks over investigate 

domains. CNNs are supervised models prepared end-to-end to memorize progressions of 

features automatically-without turning to sometimes complicated input preprocessing, output 

postprocessing, and include building schemes-yielding vigorous classification and relapse 

exhibitions. Later victories of profound CNN designs like AlexNet (Krizhevsky, 2012), 

VGGNet (Simonyan and Zisserman, 2015), GoogLeNet (Ioffe and Szegedy, 2015), and 

ResNet (He, 2015) have made CNNs the de facto standard for whole-image classification. In 

expansion, high-performance deep CNNs have been adjusted to development the state of the 

craftsmanship on other visual recognition tasks such as bounding box object discovery 

(Girshick, 2014) and semantic division ( Zheng, 2015).
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A standard deep CNN design for whole-image classification regularly consists of 

convolution layer, nonlinear activation work, pooling layer, and fully connected layer as 

essential building blocks. Long (2015) adjust and amplify deep classification designs by 

expelling the completely associated layers and introducing fractional convolution layers to 

memorize per-pixel names end-to-end from whole-image inputs and comparing whole-image 

ground truths. Long (2015) describe their fractional convolution layer as valuable for learning 

(nonlinear) upsampling filters in arrange to outline or interface coarse yields to the thick pixel 

space. Their key to success is to use large-scale picture classification (Deng, 2009) as 

supervised pre-training, and fine-tune completely convolutionally by means of exchange 

learning. Others expand upon the FCN thought by including worldwide setting (Liu, 2015) 

and coupling Conditional Random Field learning (Zheng, 2015) to thrust the performance 

boundaries in semantic segmentation.

An ordinary CNN is made up of several sequential layers connected by weights acting 

as convolutional filter kernels. Each layer 1 E [1, L] contains Cl feature maps (FMs) (21). In 

2D CNNs each FM is a 2D lattice of neurons that's utilized to identify features within the FM 

of the past layer. Let k m, n 1 , called a kernel, be a matrix of learned weights W m, n 1 from 

the the n-th FM in the past layer to the m-th FM in layer 1. The activations of the m-th FM 

within the 1-th layer can at that point be represented by condition 2.1 (21), where the 

convolution operator.

m m. n 

y1 = a (ýbr 
n=1 (2.1)

This could be seen as convolving each FM of the past layer by a 2D kernel filter and

summing the result. Equation 2.1 shows this operation. To get all the enactments the kernels
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are slided over the FMs, meaning that all neurons within the m-th FM of the 1-th layer will 

share the same weights Wm, n 1 , n E [1, Cl-I]. All FMs in a layer has the same dimensions 

and all parts k m, n I m E [1, Cl ], n E [1, Cl-l] have break even with size. Let KI be the 

number of weights of a bit within the 1-th layer. A 2D 3x3 part will require K = 32 = 9 

weights. The full sum of weights between two layers is at that point given by Cl-1CIK.
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Figure 2.6. 2D Convolutional layer with a 3x3 kernel size and 5 FMs in 

each layer. Each line represents 9 weights but has been simplified for the 
illustration.

This appears the concept of 2D convolutional layers, but this could be effectively 

expanded to 3D. The 2D parts are changed to 3D kernels and the 2D FMs are supplanted by 

3D FMs. This is outlined by figure 2.3.

Figure 2.7. 3D Convolutional layer with 3D kernels. Each line speaks to a K 
weights. The dots represent different 3D FMs.
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2.8 Summary

In a nutshell, this chapter explained about the previous researches that have been done 

on this field in detail. It clearly shows the researches that have implied the Convolutional 

Neural Network algorithm to classify images. Therefore, this study will set it as an example 

to achieve the aim of this study.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

This chapter describes about the process and methods of handling the dataset and 

applying algorithms to the system. Sufficient information regarding how the study is 

conducted to achieve the goal of the study. Implementation of specific well-established 

methods to accomplish the study objective is demonstrated for the readers to determine the 

methods and stages of the research.

3.2 Research Framework

This study is conducted based on the flowchart below.

Clinical 
datasets

Medical expert 
consultation

Data Labelling 
[ normal, 

abnormal ]

ý;;

Keras 
Tensorflow CNN algorithm

I

Trained and 
tested 

datasets

Performance 
Analysis

Figure 3.1. Planning of processes.

Pre-processed 
the data
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As shown in the flowchart above, a clinical dataset is collected from local hospital of 

Kuala Lumpur to represent Malaysian data. Then, the data is categorised and labelled 

accordingly into normal and abnormal heart images with the guidance of a medical expert. 

Then it is divided into training data set and testing data set. For the training and testing data 

set, it undergone pre-processing stage. Then it proceeded to feature selections and 

classification by applying Convolutional neural network algorithms. Finally, the performance 

of the system is analysed by its precision and accuracy.

3.3 Data Preparation

To detect heart abnormalities, the process of gathering, and purifying data is 

important method of data preparation. The data of local heart patients is not available in any 

websites. Therefore, much time is needed to pre-process the data once it has been collected. 

The pre-processing stage includes digitalizing the ultrasound images. The dataset is collected 

in 2D image form which are raw images.

Data collection Data Preprocessing = Data Preparation

Figure 3.2. Data preparation method
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3.3.1 Data collection

This study includes ultrasound scanned heart images of 50 patients between the age 

range of 15 years old to 70 years old respectively. This data is acquired from local hospital of 

Kuala Lumpur from November 2018 to January 2019. An apical 4 chamber view is used for 

data collecting method using echocardiogram procedure. Moreover, the images used for the 

study is 2D images. 20 normal heart images and 30 abnormal heart images have been 

collected. The abnormal heart images include pericardial effusion, dilated cardiomyopathy 

and left ventricular hypertrophy disease images. Figure below shows an example of apical 4 

chamber view to be used.
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Figure 3.3. Apical 4 chamber view

3.3.2 Data pre-processing

Once the data collection is completed, the data is divided into two classes; normal and

abnormal accordingly with the help a medical expert. Then the images are labelled according
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