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Abstract

Coronary artery disease (CAD) is among the most prevalent and life-threatening car-

diovascular conditions worldwide. Early detection is essential for improving patient out-

comes and improving the e�ciency of healthcare systems. Electrocardiography (ECG)

is widely used for assessing cardiac function, yet manual interpretation of ECG sig-

nals can be inconsistent and prone to error. Developing reliable automated methods

is therefore of great importance for enabling earlier and more consistent CAD detec-

tion. Although recent advances in deep learning have achieved strong performance in

ECG analysis, many existing methods remain limited in practice. Current state-of-the-

art models are often computationally complex and thus unsuitable for deployment on

resource-constrained platforms.

To address the limited attention given to CAD in current ECG research, various deep

learning models were developed in this thesis. First, a one-dimensional convolutional

neural network (1D-CNN) was proposed to detect CAD directly from raw ECG signals

without manual feature extraction. The model achieved 97.3% accuracy and demon-

strated strong generalisability when using 250-point ECG segments. Then, a feature

engineering approach was applied to select high-quality signal segments using sample

entropy and normalisation techniques, further improving both accuracy and robustness.

Next, a lightweight neural network architecture (CADNet) was developed, outperform-

ing existing lightweight models by o↵ering lower complexity and smaller size without

compromising accuracy. The fourth study focused on 12-lead ECG, introducing a depth-

wise, squeeze-and-excitation-based model that captured both lead-specific and inter-lead

patterns, and achieved e�cient deployment on an STM32 microcontroller. Finally, an

attention-driven model was proposed for the detection of multiple cardiovascular diseases

from a single ECG recording, demonstrating high diagnostic capability. Our qualitative

evaluations in this study demonstrate that lightweight deep learning models can provide

reliable ECG-based CAD diagnosis while remaining suitable for real-time deployment.

The proposed approaches are robust to ECG variability and show consistent perfor-

mance across di↵erent experimental and diagnostic scenarios, supporting their practical

use in resource-constrained environments. Overall, the results highlight the relevance

of lightweight deep learning architectures in enabling ECG-based diagnostic methods to

be used as potential pre-screening tools.
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Chapter 1

Introduction

A large number of people have been diagnosed with cardiovascular diseases (CVDs) in

the past decade. CVDs are the world’s majority cause of death, as reported by the

World Health Organization (WHO). Coronary artery disease (CAD) is one type of the

CVDs that caused a million deaths in the past few years. Therefore, it is essential to

keep track of the patients’ health and ensure that they will acquire medical treatment.

It will also help eventually lower the number of CAD and other CVDs patients. Around

17.9 million people died from CVDs in 2023; most died due to heart attack and stroke

[5]. Additionally, CVDs often present no symptoms in their early stages. As such, CAD

is one of the most prevalent heart conditions, with an increasing number of occurrences

each year. Therefore, early identification of CAD and its contributing factors is crucial

in preventing mortality.

Electrocardiogram (ECG) recording is one of the most widely used and non-invasive

method for diagnosing CAD and other CVDs. An ECG measures the heart’s electrical

activity over time, producing waveforms that can reveal irregularities in heart rhythm,

and blood supply. In clinical practice, cardiologists typically interpret ECG graphs

alongside other diagnostic tools, such as blood tests, requiring extensive expertise to

detect abnormalities accurately. However, human error may lead to overlooked abnor-

malities [6]. To address these challenges, an automated CAD diagnosis system have

been explored to assist clinicians by analysing ECG signals using computational meth-

ods. Such systems can automatically identify key features liked to heart disease and

highlight potential concerns for further review. By integrating the results with other

diagnostic factors such as blood test results, patient weight, and chest X-rays, the sys-

tem can support clinicians in reducing the likelihood of misdiagnosis and in improving

patient outcomes.

1
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Coronary artery disease (CAD), also referred to as myocardial ischaemia, remains a lead-

ing cause of sudden death worldwide, and its occurrence has increased in recent years.

This trend imposes a growing financial and operational burden on public healthcare sys-

tems due to the high cost of long-term patient management. Earlier detection of CAD

facilitates early intervention, reducing the mortality rate. In recent years, numerous

studies have investigated the use of ECG data for heart disease diagnosis. Researchers

have increasingly employed machine learning and deep learning techniques to identify

complex patterns in ECG signals that may not be readily apparent to the human eye [7–

9]. Some studies have developed automated CAD detection methods [10], while others

have explored deep learning architectures such as convolutional neural networks (CNN)

and long short-term memory (LSTM) network [11, 12]. These approaches have shown

potential for improving diagnostic speed and accuracy, making them increasingly rele-

vant to modern clinical practice. Building on this growing body of work, this thesis aims

to develop a novel deep learning approaches for the detection of CAD that prioritises

both computational e�ciency and clinical applicability. The main objective is to reduce

mortality rates and to enhance the reliability of diagnostic decision-making in clinical

practice.

Despite the promising results reported in recent studies, many existing CAD detection

models su↵er from limited generalisability, often due to small or imbalanced datasets,

inconsistent signal quality, or lack of model interpretability. Moreover, few systems

are optimised for deployment in real-time or resource-constrained environments, such

as wearable devices or mobile applications. The outcomes of this research have the

potential to support clinicians in improving diagnostic workflows, reduce misdiagnosis

rates, and enable cost-e↵ective, scalable screening for at-risk populations, particularly

in low-resource or remote settings.

This thesis investigates the development of a deep learning-based framework for the

automatic detection of CAD using ECG signals. The primary objectives are as fol-

lows: (1) to acquire and preprocess suitable ECG datasets from open-access repositories

such as PhysioNet; (2) to apply signal processing techniques to improve data quality;

(3) to design and implement deep learning models for the classification of CAD and

NON-CAD cases; (4) to explore the integration of deep learning with other algorithmic

approaches to enhance diagnostic performance; (5) to assess the generalisability of the

models across datasets; and (6) to benchmark the proposed methods against existing

techniques reported in the literature.

Through these potential contributions, the work aims to advance the state of the art

in CAD detection using ECG, with a particular focus on clinical applicability, model

robustness, and the potential for real-time or wearable deployment.
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1.1 Outline of Thesis

Chapter 1 provides a comprehensive introduction to CVDs, highlighting their

substantial e↵ect on the global population, describing heart anatomy, ECG, and

the di�culties encountered in diagnosing heart disease through ECG. Moreover,

the important role of machine learning and deep learning models in clinical practice

is explored. Additionally, the gaps and contributions in existing literature are

elaborated upon.

Chapter 2 provides further insights into ECG signal processing and its signifi-

cance in diagnosing CVDs. Furthermore, traditional machine learning, deep learn-

ing and data pre-processing methods used in ECG-based analysis are further elab-

orated.

Chapter 3 explores the use of one-dimensional convolutional neural networks for

the early detection of CAD using ECG signals to enhance detection accuracy while

minimising network complexity. The research investigates the e↵ects of varying

ECG sample lengths and layer reduction techniques, utilising data from the MIMIC

III and Fantasia databases.

Chapter 4 examines further pre-processing techniques, where feature engineering

is applied to ECG data within a one-dimensional convolutional neural network

(1D-CNN) model to enhance detection accuracy. A smart feature engineering

(FE) process is proposed to eliminate unwanted and noisy signals before the main

model training cycle. Furthermore, a novel 1D-CNN architecture integrated with

feature engineering is introduced for diagnosing CAD.

Chapter 5 focuses on the development of a lightweight deep learning-based model,

where a one-dimensional convolutional neural network is designed with consider-

ation for both model performance and resource-constrained environments. State-

of-the-art algorithms, including traditional machine learning, deep learning-based

approaches, and existing lightweight models, are compared to validate its e↵ec-

tiveness.

Chapter 6 focuses on 12-lead ECG-based CAD diagnosis using a lightweight

deep learning model, specifically designed for deployment in resource-constrained

environments. The proposed model emphasises a balance between classification

accuracy and computational e�ciency. Furthermore, the model is deployed on

the STM32F469I-DISCO development board, showcasing its feasibility on a cost-

e↵ective microcontroller unit. Detailed performance evaluation, including infer-

ence time, memory usage, and classification metrics, is presented to demonstrate

the model’s suitability for real-time healthcare applications.
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Chapter 7 introduces a novel attention-driven deep network model for detecting

multiple CVDs. Data augmentation is employed to improve dataset robustness,

generalisability, and real-world applicability. Additionally, the impact of noise

power on ECG signal classification is analysed to identify optimal augmentation

settings. The model’s e↵ectiveness in diagnosing various heart conditions is further

validated, demonstrating its reliability and e�ciency.

Chapter 8 provides a detailed discussion of key findings, significance, and contri-

butions of this research, evaluating the strengths and limitations of the proposed

approaches in improving CAD detection accuracy and e�ciency. Additionally,

future research is discussed.

1.2 Background Overview

The biology of the heart is explained in this section. The components of the ECG sig-

nal will be introduced as well as functional representations of each wave. In addition,

the changes in ECG signals caused by CVDs, including CAD, are briefly explained.

Furthermore, the challenges in ECG-based diagnosis are discussed, followed by an in-

troduction to traditional machine learning and deep learning models used in automated

ECG diagnosis. Finally, the role of AI in the detection of CVDs using ECG signals is

examined.

1.2.1 Heart

The human heart lies at the centre of the circulatory system, working continuously

to pump blood that delivers oxygen and nutrients throughout the body as shown in

1.1. It consists of four chambers: the right atrium and right ventricle, which receive

deoxygenated blood from the body and send it to the lungs for oxygenation, and the

left atrium and left ventricle, which receive oxygen-rich blood from the lungs and pump

it to the rest of the body. To ensure blood flows in the correct direction, the heart

contains four valves: tricuspid, pulmonary, mitral, and aortic. These valves open and

close with each heartbeat to prevent backflow during the cardiac cycle. The heartbeat

itself is controlled by the heart’s intrinsic electrical conduction system, which begins at

the sinoatrial node, often referred to as the natural pacemaker. The electrical signal then

passes through the atrioventricular node and a specialised network of fibres, coordinating

the contraction of the heart chambers in a regular and e�cient rhythm.



5

Figure 1.1: An anatomical diagram of the human heart showing the four chambers,
major valves, and principal blood vessels, with arrows indicating the direction of blood

flow [1]

CVDs are among the most common and serious non-communicable health conditions

worldwide, accounting for an estimated 18.6 million deaths each year [13]. This sub-

stantial rise underscores the critical need for enhanced preventive strategies and timely

therapeutic interventions in healthcare systems worldwide. In the United Kingdom,

more than 7.6 million people are currently living with heart and circulatory diseases,

which place a significant burden on the healthcare system and economy, with estimated

costs totalling £28.385 billion annually [14]. These include CAD, heart failure, car-

diomyopathies, and arrhythmias. Although many of these conditions are life-threatening

if not identified and treated promptly, they often progress gradually and may initially

cause only subtle or non-specific symptoms, such as persistent fatigue, chest discomfort,

palpitations, or brief episodes of fainting. Atrial fibrillation (AF) is the most com-

mon sustained cardiac arrhythmia and is associated with a significantly increased risk

of thromboembolic events. Arrhythmias can vary from benign to life-threatening, dis-

rupting normal heart rhythms and significantly impairing cardiac function. The early

detection of these conditions is crucial for preventing sudden cardiac death and often

necessitates specific treatments.

Early diagnosis and prompt treatment play a vital role in reducing deaths and long-term

health impacts linked to CVDs. However, many people delay seeking medical attention,

often because they are unaware of the warning signs or misinterpret mild symptoms such

as tiredness, chest discomfort, or shortness of breath. These subtle signs can easily be

overlooked, especially in the early stages of disease, allowing the condition to progress
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before it is recognised. Several factors influence a person’s risk of developing CVDs.

Some of these, such as smoking, lack of physical activity, unhealthy eating habits, and

excessive alcohol consumption, are modifiable. These behaviours are closely linked to

conditions such as high blood pressure, raised cholesterol, obesity, and type 2 diabetes,

which significantly increase the risk of heart disease. Other factors, including age, sex,

family history, and ethnicity, cannot be changed but still play an important role in

overall cardiovascular risk.

1.2.2 Coronary artery disease

Figure 1.2: Illustration of CAD showing coronary artery anatomy, normal arterial
blood flow, and arterial narrowing caused by plaque accumulation [2]

CAD is one of the most prevalent and life-threatening forms of CVDs, as highlighted by

the WHO [5]. The WHO report highlights that in 2023, CVDs were responsible for ap-

proximately 17.9 million deaths globally, representing 32% of all worldwide fatalities [5].

Of these deaths, 85% were attributed to heart attacks and strokes, with a primary oc-

currence in low- and middle-income countries, which accounted for over three-quarters

of such deaths. A study indicated that CVDs are anticipated to maintain its position

as the foremost cause of mortality worldwide by the year 2030, with notable prevalence

expected across both high and low-income nations [15]. This highlights the growing

burden of cardiovascular disease and the urgent need for e↵ective prevention [16]. CAD

develops as a result of a progressive process known as atherosclerosis, wherein fatty de-

posits build up within the walls of the coronary arteries, restricting blood flow to the
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heart as shown in Figure 1.2. This condition begins with endothelial damage, which may

be caused by risk factors such as hypertension, smoking, elevated low-density lipoprotein

cholesterol, diabetes, and chronic inflammation [17]. The build-up of plaques can cause

the arteries to narrow, reducing the flow of oxygen to the heart. Studies have shown that

advanced symptoms of CAD typically display during middle age, highlighting the corre-

lation between aging and the likelihood of CAD development [18],[19]. CAD, involving

the left anterior descending artery, is increasingly observed in young adults, driven by

factors such as elevated cholesterol levels, hypertension, and tobacco use [20]. This con-

dition typically presents as single-vessel disease rather than multi-vessel involvement.

CAD continues to be a leading cause of mortality among individuals aged 35 and older

across both developed and developing nations [21]. Typically, an individual coronary

artery has to deliver oxygenated blood to the myocardium. Each artery is a muscular

tube lined by smooth tissue and has three layers, namely intima, media and adventi-

tia as shown in Figure 1.3. The intima is the inner layer lined by endothelium. The

media is a middle layer of muscle that handles high pressure from the heart. Lastly,

the adventitia is the outer layer which is a connective tissue that anchor arteries to

other tissues. Myocardial repolarisation is a cause of CAD as the inner walls of coro-

nary arteries are blocked and then cause the changes in the ST segments and T wave

[22]. CAD is often asymptomatic in its early stages, which increases the risk of severe

complications as the disease progresses. Many patients remain unaware of their condi-

tion until it reaches an advanced stage, where blood flow to the heart is significantly

restricted. CAD may progress into severe and fatal conditions such as myocardial in-

farction (MI) if it is not identified and managed at an early stage. The most frequently

reported symptom is chest pain, often characterised by sensations of pressure, burning,

tightness or discomfort. CAD is associated with modifiable risk factors such as tobacco

use, elevated cholesterol levels, hypertension, diabetes and excessive alcohol consump-

tion. It is also influenced by non-modifiable factors such as age, sex and family history.

CAD often progresses without noticeable symptoms for many years. However, early

signs may include chest discomfort, shortness of breath, fatigue, and increased blood

pressure or cholesterol levels. Therefore, early detection of CAD is crucial, as it can

progress asymptomatically before leading to severe outcomes such as MI or congestive

heart failure (CHF). Early diagnosis plays a vital role in preventing such events and

mitigating behavioural risk factors associated with CVDs. A proactive diagnostic ap-

proach not only reduces mortality but also increases awareness among individuals who

may be unaware of their underlying conditions [23]. To support this, the development

and implementation of cost-e↵ective diagnostic methods are essential for enhancing early

detection and improving public health outcomes. However, despite advances in clinical

practice, no single electrocardiographic feature can definitively diagnose CAD, as the

condition may present with a variety of waveform and segment abnormalities [6, 9].
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Figure 1.3: llustration of coronary artery anatomy showing the arterial wall layers,
including the endothelium, smooth muscle layer, and outer connective tissue [3]

Maintaining good cardiovascular health through regular monitoring, such as routine

heart rate measurements and scheduled medical assessments, is important for identify-

ing risk factors at an early stage and preventing the progression of serious disease. As

such, it is essential to adopt preventive strategies and implement pre-screening tools for

those who are considered to be at increased risk. CAD is typically diagnosed through var-

ious diagnostic tests, including electrocardiography, treadmill ECG, echocardiography

(ECHO), and angiography ECG is most commonly used for all CVDs initial screening

in general practices due to being a cost-e↵ective and widely accessible tool, capable

of facilitating continuous monitoring, portability, and ability to provide real-time data.

However, the current diagnosis using ECG is conducted manually, is time-consuming,

and is subject to human error, posing significant challenges in clinical practices. Hence,

to address these issues, we propose intelligent learning-based approaches to improve

diagnostic e�ciency. The proposed models serve as a cost-e↵ective and user-friendly

pre-screening tool for patients, requiring minimal specialised medical expertise.

1.2.3 Electrocardiogram

ECG is routinely used as a primary tool for initial screening of CVDs in general practice.

It provides a non-invasive means of monitoring heart function and detecting abnormali-

ties in cardiac activity. Recorded tracings are a key component of the diagnostic process,

as general practitioners rely on them to support clinical decision-making and facilitate

early identification of cardiac conditions. However, manual interpretation of ECG can be

time-consuming, and variations in clinical expertise may result in occasional misdiagno-

sis of CAD. In addition, the absence of a clearly identifiable biomarker for CAD through
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Figure 1.4: Representation of ECG waveform components]Representation of ECG
waveform components, illustrating the P wave, QRS complex, and T wave associated

with cardiac electrical activity [4]

non-invasive methods requires clinicians to consider multiple factors during assessment,

which increases the complexity of diagnosis [9].

ECG represents the electrical activity of the heart and is composed of characteristic

waveform patterns, including the P wave, QRS complex and T wave, as shown in Figure

1.4. These components reflect the processes of depolarisation and repolarisation in the

atria and ventricles. Electrocardiography, the method of recording ECG signals, plays

a fundamental role in the diagnosis of various heart conditions. Each segment and

wave within the ECG trace corresponds to specific cardiac events, providing valuable

information for identifying di↵erent types of heart disease.

The morphology of an ECG signal within a single cardiac cycle comprises distinct wave-

forms, namely the P, Q, R, S and T waves, as shown in Figure 1.4. The P wave reflects

the spread of electrical impulses through the left and right atria and typically lasts be-

tween 80 and 100 milliseconds (ms). The PR interval, measured from the onset of the

P wave to the beginning of the QRS complex, generally ranges from 120 to 200 ms.

The QRS complex represents ventricular depolarisation and has a typical duration of
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approximately 60 to 100 ms. The ST segment is the distance from the end of the QRS

complex to the beginning of the T wave. It is used to study ischemic heart disease as

ST depression and elevation need to be observed for CAD diagnosis [24]. ST segment

deviation is a vital marker employed in the diagnosis of ischaemic conditions, such as

CAD, MI, and others. ST depression suggests the presence of significant coronary lesions

and highlights the need for early invasive intervention in unstable CAD. Conversely, ST

elevation typically indicates complete coronary artery occlusion and is a hallmark of

myocardial infarction. The T wave indicates the repolarisation of ventricles. The U

wave sometimes appears after the T wave as it represents the last part of the ventricular

repolarisation. QT interval starts from the onset of the QRS complex to the end of the

T wave, around 200 to 400 milliseconds depending on heart rate. Abnormalities in the P

wave, QRS complex, T wave, and ST segment are commonly used as diagnostic markers

of various cardiac pathologies. variations in the QRS complex, particularly the R peak,

are widely studied and frequently used in the diagnosis of cardiac abnormalities such as

arrhythmia and AF [25–27].

ECG signals are acquired using surface electrodes placed at specific anatomical locations

on the patient’s body [28]. A standard clinical ECG is typically recorded using a 12-lead

configuration, which includes the limb leads I, II, III, aVR, aVL and aVF, along with

the chest leads V1 to V6. These leads record the heart’s electrical activity from di↵erent

angles, allowing detailed analysis in both the frontal and horizontal planes. Figure 1.5

illustrates the standard anatomical placement of electrodes used in 12-lead ECG acquisi-

tion. The electrodes measure voltage di↵erences generated by myocardial depolarisation

and repolarisation, which are then amplified and digitised for clinical interpretation

and computational analysis. The signal acquisition process depends on factors such as

electrode placement, skin preparation, and patient movement. Inadequate contact or

motion during recording can introduce noise, such as baseline drift or muscle artefacts,

which may compromise diagnostic reliability. Clinical ECG systems typically sample

signals at rates ranging from 250 Hz to 1000 Hz to ensure adequate temporal resolution

for capturing rapidly changing waveforms such as the QRS complex. The acquired sig-

nals are often preprocessed using filters to remove powerline interference, high-frequency

noise, and baseline wander prior to feature extraction or classification. Accurate and

reliable acquisition is essential, as errors at this stage may lead to incorrect diagnoses or

misinterpretation by automated systems.

With advancements in state-of-the-art technology, ECG has become widely employed for

the classification of CVDs. Numerous studies have demonstrated its e↵ectiveness in di-

agnosing conditions such as arrhythmia [29, 30], CAD [6, 31], and AF [32–34]. Given the

increasing prevalence of these conditions, improving ECG classification methods is vital
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Figure 1.5: 12-lead ECG vector diagram showing lead angles and chest electrode
positions around the heart

for enhancing patient outcomes and optimising healthcare resources. ECG signals con-

tain detailed information in both the time and amplitude domains, which is critical for

accurate classification. However, developing deep learning models capable of e↵ectively

capturing and interpreting these features across a range of cardiac conditions presents

significant challenges. Furthermore, achieving generalisability across multiple diseases

using a single model remains di�cult due to considerable variation in ECG character-

istics among patients. Although a range of diagnostic tools is used in cardiovascular

assessment, including imaging and biochemical tests, ECG is often preferred due to its

accessibility, non-invasive nature, and diagnostic value. In contrast, angiography, while

also widely used for screening CVDs, has limited application in patient follow-up and

treatment because of its invasive nature, high cost, and the requirement for specialised

technical expertise. With the development of artificial intelligence (AI) technologies,
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machine learning and deep learning techniques are being increasingly employed to anal-

yse medical data, including physiological signals, X-rays, magnetic resonance imaging

(MRI), and other modalities. In clinical practice, ECG continues to serve as a primary

tool for the preliminary screening of various CVDs. Although a recorded ECG can

support the initial diagnosis of conditions such as CHF and angina, further investiga-

tions such as echocardiography and exercise testing are typically required to confirm the

diagnosis [35].

1.2.4 Challenges in ECG-based Diagnosis

ECG serves as a primary non-invasive technique for the detection of CVDs, including

CAD. However, despite its clinical value, several challenges persist that limit both its

diagnostic reliability and the development of automated detection systems. One key

limitation is the need for human interpretation of ECG signals. Recognising features

such as ST-segment changes or T-wave abnormalities often depends on clinical expertise,

and even experienced practitioners may disagree when the findings are unclear. This

variation in clinical judgement can lead to inconsistent diagnoses, particularly in busy or

under-resourced healthcare settings [36]. Interpretation becomes challenging when ab-

normalities are not easily distinguishable. Moreover, similar ECG patterns may reflect

di↵erent cardiac conditions, making accurate diagnosis di�cult without additional clin-

ical information. These challenges can result in delayed, missed diagnoses, unnecessary

investigations, or inappropriate treatment, all of which may negatively a↵ect patient

outcomes. In high-demand clinical environments, manual ECG interpretation also adds

to clinical workload and increases the risk of inconsistency.

In addition, ECG signals are frequently a↵ected by various forms of noise and artefacts,

such as baseline drift, movement-related noise, incorrect electrode placement, and power-

line interference [37]. These disturbances can interfere with important components of

the signal, within the P wave, QRS complex, and ST segment regions essential for iden-

tifying conditions such as arrhythmias or myocardial ischaemia. Poor signal quality is

often caused by patient movement, inadequate skin preparation, or poor electrode con-

tact. Therefore, ECG signals typically require preprocessing to ensure they are suitable

for accurate interpretation or automated analysis. Common preprocessing techniques

include filtering, baseline correction, and artefact removal. These steps help preserve

diagnostically relevant features while reducing interference. Preprocessing is essential

not only for improving clinical interpretation but also for enhancing the performance of

automated systems that extract features and classify cardiac conditions.
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Many cardiac conditions produce similar ECG patterns, which can make accurate di-

agnosis more di�cult. These overlapping features often a↵ect the same regions of the

ECG waveform, making it challenging to distinguish between conditions using ECG

data alone [38]. This similarity increases the risk of diagnostic error, particularly when

interpretation relies solely on ECG signals. In clinical practice, additional information

such as blood test results, symptom history and imaging is often used to support diag-

nosis. However, most automated systems are trained exclusively on ECG data, which

limits their ability to di↵erentiate between physiologically similar but clinically distinct

conditions.

Data availability remains a key limitation in developing accurate CAD detection models.

Many open-access ECG datasets lack specific annotations for CAD or contain only a

small number of CAD cases. The limited size and diversity of these datasets also restrict

model generalisability, as ECG morphology can vary with factors such as age, sex, and

other health conditions [39]. Furthermore, ECG recordings used for CAD detection

may also di↵er in important ways, including the type of acquisition equipment, lead

configuration, sampling frequency, and labelling approaches. These variations can result

in distribution shifts that reduce model performance when applied to external datasets.

Addressing these challenges is essential to improve the reliability, fairness, and clinical

utility of automated CAD detection.

1.2.5 Machine Learning Models

Machine learning approaches, such as support vector machines (SVM), decision trees,

k-nearest neighbours (KNN), and random forests (RF), have been widely applied to

ECG classification tasks. These methods typically rely on handcrafted features ex-

tracted from the ECG signal, including heart rate variability (HRV), QRS duration,

and other signal characteristics. y identifying patterns and relationships within these

features, the models can associate them with diagnostic categories. Their performance,

however, is strongly influenced by the quality, relevance, and completeness of the ex-

tracted features. Moreover, the feature extraction process can be time-consuming and

often requires domain-specific expertise, which limits scalability across varied clinical

settings.
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Figure 1.6: A comparison of ML and DL methods in ECG analysis

As illustrated in Figure 1.6, machine learning workflows for ECG analysis generally

involve a series of preprocessing, feature extraction, and classification steps. Studies have

shown that, when supported by well-selected features, algorithms such as SVM and RF

can achieve competitive performance in detecting arrhythmias, myocardial infarction,

and other cardiac abnormalities [40]. Ongoing research aims to optimise feature selection

methods and strengthen model robustness to enable e↵ective adaptation across diverse

patient populations and recording conditions. In contrast to deep learning, which is

capable of learning directly from raw ECG signals within a single integrated model,

machine learning requires explicit feature engineering and separate processing stages.

This key di↵erence will be discussed further in Chapter 2

1.2.6 Role of AI in CVDs detection using ECG

With advancements in state-of-the-art technologies, low-cost diagnostic tools are increas-

ingly being developed by leveraging AI. ECG remains the primary method for initial

screening of CVDs in general medical practice. General practitioners rely on recorded

ECGs as essential diagnostic tools during patient evaluation. Accurate diagnosis of

CVDs requires a comprehensive understanding of risk factors alongside clinical exper-

tise. Additionally, ECG is frequently employed as a preliminary screening tool due to

its capacity for continuous, non-invasive monitoring and real-time data provision [41].

Although ECG is an e↵ective diagnostic tool for recording the heart’s electrical activity,

current diagnostic procedures involving ECG are predominantly performed manually by

practitioners and clinicians, which can be time-consuming and prone to error. Advances

in state-of-the-art technologies have facilitated the development of various automated
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systems for diagnosing CVDs, aiming to address these challenges [9, 42, 43]. However,

such e↵orts have been underrepresented in the diagnosis of CAD. Therefore, develop-

ing automated ECG-based diagnostic methods is becoming increasingly important in

modern healthcare, primarily due to the limitations of manual diagnosis. Automated

diagnosis can be achieved by applying AI algorithms that learn from large datasets to

provide accurate results without requiring specialist expertise. Furthermore, automated

systems could o↵er greater convenience to both patients and healthcare professionals.

AI is increasingly being utilised in the diagnosis of CVDs through the analysis of ECG

data. Deep learning is a branch of AI that has gained increasing attention for its abil-

ity to learn patterns directly from raw data. Its e↵ectiveness has been demonstrated

in a range of domains, including natural language processing (NLP), image analysis,

and speech recognition, and this success has encouraged its application to ECG-based

CVD detection [11, 44, 45]. Although these models typically require large datasets,

extended training times, and powerful computing resources such as graphics process-

ing units (GPUs), they o↵er advantages in scalability and accuracy. Deep learning

algorithms have demonstrated considerable potential in detecting subtle and complex

patterns within ECG waveforms that may be di�cult for human observers to iden-

tify. This capability facilitates earlier and more accurate detection of conditions such

as arrhythmia, AF, and CAD. Recent studies have shown that AI-based ECG analysis

enhances diagnostic accuracy [46–48]. Furthermore, AI models can learn directly from

raw or processed ECG signals, recognising key diagnostic features such as ST-segment

deviations, T-wave abnormalities, and variations in QRS morphology. Consequently, AI

presents an opportunity to reduce diagnostic errors and improve e�ciency in both acute

care and preventative settings.

Despite its potential, the use of AI in the diagnosis of CVDs still faces several challenges.

One important limitation is the lack of large and diverse ECG datasets. Many publicly

available datasets contain complexities such as inconsistent labelling, signal noise, or

class imbalance, which can be di�cult for AI models to handle e↵ectively. In addition,

di↵erences in how data are collected, including variations in lead placement, device type,

or sampling frequency, can alter the underlying characteristics of the data and reduce

model performance when applied in real clinical settings. The interpretability of AI

models is also a significant concern. Deep learning systems often o↵er limited insight

into how decisions are made, which may lead to reduced trust among clinicians and

create di�culties with regulatory approval. To address this, statistical methods such

as SHapley Additive exPlanations (SHAP) value visualisations have been introduced to

explain the predictions made by these models [49, 50]. However, their clinical usefulness

remains limited, particularly when the features they highlight do not align with estab-

lished physiological markers or the interpretive approaches commonly used in cardiology.
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For AI to be successfully integrated into clinical practice, it must not only achieve high

levels of predictive accuracy but also provide explanations that are clear, meaningful,

and grounded in clinical understanding. AI holds considerable potential to improve the

diagnosis of CVDs using ECG signals. It can support earlier detection, improve diag-

nostic accuracy, and increase access to timely care. However, these benefits can only be

fully realised if the technical, clinical, and ethical challenges are addressed thoughtfully

and responsibly within real-world healthcare settings.

1.3 Summary

This chapter has provided an overview of the foundational concepts relevant to this

thesis. The anatomy and physiological function of the heart were outlined, followed by

a discussion of CAD as a major cause of CVDs mortality. The ECG was introduced as

a key diagnostic tool, and the principal challenges associated with ECG-based diagno-

sis were examined, including variability in signal quality and the potential for human

error in interpretation. The review of machine learning approaches highlighted their

dependence on handcrafted features. Although these features o↵er interpretability for

clinical application, they may also restrict scalability across diverse healthcare settings.

Finally, the emerging role of AI in the detection of CVDs from ECG data was considered,

demonstrating its potential to support earlier and more accurate automated diagnosis.



Chapter 2

ECG Signal Processing and Its

Role in Cardiovascular Disease

Detection

2.1 Overview

CVDs remain one of the leading causes of death worldwide, and timely diagnosis plays a

crucial role in improving patient outcomes. In light of this, the application of signal pro-

cessing techniques is essential, as it enables the mitigation of artefacts and enhancement

of diagnostically relevant features in ECG recordings. With recent advancements in sig-

nal processing techniques, automated ECG-based diagnosis has achieved considerably

higher levels of accuracy in the detection of cardiac abnormalities, including CAD.

This chapter introduces an overview of ECG signal processing approaches and their role

in the diagnosis of CVDs. It begins by examining how ECG analysis is applied in clinical

settings, outlining its clinical utility as well as its limitations. The discussion then moves

on to traditional machine learning methods and more recent deep learning-based tech-

niques used for ECG diagnosis, with focus on models developed for CAD detection.

The review also distinguishes between single-lead and multi-lead ECG classification

strategies, highlighting model architectures such as CNN, attention mechanisms, and

lightweight neural networks suitable for deployment in real-time or resource-constrained

environments. The chapter concludes by highlighting the ongoing challenges and the

increasing need for ECG analysis systems that are accurate, e�cient, and suitable for

clinical deployment.

17
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2.2 An Examination of ECG Signal Analysis in Clinical

Practice

Electrocardiography is a method used to capture an ECG from a patient’s body. ECG

data is fundamental in diagnosing CAD within clinical settings. ECG assists in measur-

ing the heart’s electrical activity through surface electrodes placed on the skin, providing

essential insights into cardiac rhythm, conduction disorders, ischaemic conditions, and

structural heart diseases. The analysis of ECG signals is crucial for detecting arrhyth-

mias, such as AF, ventricular tachycardia, and heart blocks, by identifying abnormali-

ties in P wave morphology, PR interval, QRS complex, and QT interval. The standard

12-lead ECG records electrical activity from di↵erent regions of the heart, providing a

comprehensive view that aids physicians in diagnosing various cardiac conditions. These

include CAD, Acute Myocardial Infarction (AMI), Inferior Myocardial Infarction (IMI),

Lateral Myocardial Infarction (LMI), and other abnormalities, where AMI refers to the

acute necrosis of myocardial tissue caused by a sudden reduction in coronary blood

flow, and IMI and LMI represent regional variants that occur when the blockage a↵ects

specific branches of the coronary arteries.

In everyday clinical settings, the ECG is often one of the first investigations carried out

when a patient presents with symptoms such as chest pain, palpitations, or episodes of

fainting. It o↵ers a fast, cost-e↵ective, and reliable method for assessing cardiac func-

tion and helps guide further diagnostic and therapeutic decisions. ECG is used not

only in emergency departments but also widely across outpatient and primary care en-

vironments, where it remains an essential part of routine cardiovascular assessment [51].

Interpretation is generally performed by cardiologists or other trained healthcare pro-

fessionals who rely on their clinical judgement and experience. However, inter-observer

variability is a well-recognised limitation, particularly in cases where abnormalities are

subtle or borderline. Diagnostic accuracy can also di↵er depending on the clinician’s level

of training, with junior doctors and generalists often demonstrating lower performance

than experienced cardiologists. This inconsistency has been linked to both delayed di-

agnoses and incorrect clinical decisions in the management of cardiac diseases.

The interpretation of ECG is further complicated by patient-specific factors such as

age, sex, comorbidities, genetic variation, and medication use, all of which can influence

waveform morphology. Numerous studies have highlighted the challenges and potential

inaccuracies associated with manual ECG interpretation [52]. Misclassification may lead

to missed diagnoses of serious conditions or unnecessary investigations that contribute

to patient anxiety. To address these limitations, automated diagnostic systems are
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being developed with the aim of improving reliability, reducing clinician workload, and

enhancing e�ciency.

A further challenge in ECG analysis arises from the presence of noise and signal arte-

facts, which can result from muscle activity, respiration, or incorrect electrode placement.

Such artefacts may alter critical waveform features and a↵ect clinical interpretation.

While conventional filtering techniques such as high-pass and low-pass filters can help

suppress noise, they may also eliminate subtle signal components that are clinically

significant. Moreover, manual ECG analysis is time-consuming and not well suited to

high-throughput clinical environments, large-scale screening programmes, or continuous

real-time monitoring. These limitations have led to growing interest in automated ECG

classification methods based on machine learning and deep learning, which show con-

siderable promise in improving diagnostic accuracy, reducing observer variability, and

enabling real-time analysis across both clinical settings and wearable devices.

2.3 Advanced signal processing for ECG-based cardiac ab-

normality detection

Accurate detection of CVDs from ECG signals depends not only on the use of advanced

classification methods but also on the quality of the input signal. Data preprocessing is

a critical step that involves noise reduction, signal standardisation, and enhancement of

morphological features such as the QRS complex [53]. These processes are essential to

ensure that clinically relevant information is preserved and made suitable for automated

ECG classification [25, 37]. Clinical ECG recordings are often a↵ected by various types of

noise and artefacts, which can make it harder to interpret important waveform features

accurately. One of the most common issues is baseline wander, a slow drift in the

signal typically caused by breathing or slight movements by the patient. This can

interfere with the detection of smaller waveform components, such as the P and T

waves. Muscle artefacts are another frequent problem, introducing high-frequency noise

when a patient moves or tenses their muscles, for example during exercise or stress

testing. Electrical interference from nearby equipment can also cause power-line noise,

usually centred around 50 or 60 Hz depending on the local mains frequency. In addition,

motion artefacts from loose electrodes or sudden body movements can introduce sharp,

irregular disturbances into the signal. Together, these artefacts can alter the shape and

timing of key parts of the ECG, such as the QRS complex, making it more challenging

for automated systems to detect cardiac abnormalities [54].

E↵ective denoising plays an important role in ECG signal processing, as it helps ensure

that meaningful features can be accurately extracted. Without proper noise removal,
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the performance of classification models can be significantly a↵ected [37]. The aim of

denoising is to reduce unwanted artefacts while preserving the key components of the

ECG signal, such as the P wave, QRS complex and T wave, which are essential for ECG

classification and clinical interpretation. Over the years, various techniques have been

developed to address this challenge, each o↵ering distinct advantages and limitations

depending on the quality of the ECG signal and its intended application. Traditional

filtering methods, such as band-pass filters operating within the 0.5 to 40 Hz range, are

widely used to suppress baseline wander, power-line interference, and high-frequency

noise in ECG signals [55]. These filtering methods are relatively straightforward to

implement and are e↵ective in controlled clinical settings. However, their performance

may decline in more variable conditions, such as when patients are moving or undergoing

long-term monitoring outside hospital environments. In such cases, unpredictable noise

can interfere with the ECG signal, and traditional filters may unintentionally remove

or alter clinically important features, such as the P wave, T wave, or ST segment,

particularly during periods of instability or when noise overlaps with low-amplitude

components [56].

To address the limitations of traditional filtering techniques, the wavelet transform has

emerged as a widely used method for ECG denoising [27, 53]. Its principal advantage lies

in its ability to analyse signal characteristics in both the time and frequency domains.

Discrete Wavelet Transform (DWT) decomposes the ECG signal into multiple levels of

detail, enabling more precise separation of frequency components. This layered approach

allows for the selective reduction of noise, while maintaining important morphological

features. Among the various wavelet functions, the Daubechies 6 (db6) wavelet is often

used for ECG analysis because its shape closely matches that of the QRS complex [57].

Many studies have shown that wavelet-based denoising not only improves the clarity of

the signal but also increases the accuracy of later classification steps, often performing

better than traditional filtering methods [58]. Following signal denoising, Sample En-

tropy (SampEn) has been applied in ECG preprocessing as a nonlinear measure to assess

the complexity and regularity of HRV. It provides a means to capture the unpredictabil-

ity within ECG components. Clinically, SampEn has been demonstrated to aid in the

identification of cardiac conditions such as AF and CHF, which are often characterised

by reduced signal complexity. Incorporating SampEn into the preprocessing stage also

enhances the reliability of subsequent analyses, by providing a quantitative measure of

signal regularity and the e↵ectiveness of filtering techniques [59].

Although ECG signal processing and the detection of heart conditions have improved

a great deal, several important challenges are still present. One key di�culty is the

natural variation between patients. Factors such as age, sex, medical history, and med-

ication can all influence the ECG signal, making it challenging to develop algorithms
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that perform reliably across diverse patient populations. ECG recordings obtained in

real-world settings frequently contain multiple types of noise that can overlap, making it

di�cult to remove interference without compromising important ECG features. Achiev-

ing e↵ective noise reduction while preserving subtle yet clinically significant features

remains a challenge in ECG signal processing. As ECG monitoring becomes increas-

ingly common in everyday life through wearable and portable devices, there is a growing

demand for methods that are both fast and energy-e�cient and capable of operating in

real time on devices with limited power and processing capabilities. Looking forward,

integrating advanced signal processing with explainable AI could help develop systems

that clinicians find more transparent and trustworthy. Additionally, incorporating data

from other biosignals alongside models tailored to individual patient characteristics may

enhance diagnostic accuracy and enable more personalised care. Ongoing research in

these areas will be essential to translate current advanced techniques into practical tools

that improve patient outcomes.

2.3.1 Pre-Processing

Pre-processing represents a fundamental stage in ECG analysis, as it aims to minimise

artefacts and preserve physiologically meaningful characteristics prior to subsequent fea-

ture extraction and classification. Various techniques are applied to reduce noise in the

signal, including baseline wander, power-line interference and motion artefacts.

Baseline wander is a low-frequency drift in the ECG signal that is commonly caused

by respiration and electrode motion. Wavelet-based techniques have been widely in-

vestigated for ECG denoising and baseline wander removal. In [60], Daubechies-3 and

Symlets-3 wavelets were shown to be e↵ective in reducing baseline wander, while the

stationary wavelet transform demonstrated superior performance in preserving impor-

tant ECG components in [61]. The study in [62] combined the wavelet transform with

particle swarm optimisation, an evolutionary search algorithm inspired by swarming

behaviour, and obtained improved suppression of power-line interference. Adaptive fil-

tering methods have also been investigated, and signal-piloted and adaptive-rate FIR

filtering techniques demonstrated notable computational e�ciency while maintaining

signal quality [63]. A hybrid method using iterative filtering and lifting wavelet trans-

form was proposed in [64], and this approach was able to remove noise whilst preserving

clinically relevant waveform features.

Power-line interference refers to periodic noise introduced by mains electricity at 50 Hz,

which can interfere with important ECG waveform components and thereby compro-

mise diagnostic accuracy. Recent studies have therefore focused on developing e↵ective
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pre-processing techniques to reduce power-line interference in ECG recordings. Vari-

ous techniques have been proposed to mitigate power-line interference in ECG record-

ings, including adaptive notch filters [65], signal-piloted filtering [66], local characteris-

tic decomposition [67], and combined adaptive algorithms [68]. Adaptive notch filters

with sharp spectral resolution have shown promise in suppressing power-line interference

whilst preserving the morphology of the QRS complex [65]. In addition, several studies

have explored hybrid approaches, such as iterative filtering combined with the lifting

wavelet transform [64] and cascaded multistage adaptive noise cancellers [69], which

achieve improved attenuation of power-line interference without compromising relevant

ECG components.

Motion artefacts are high-frequency disturbances in ECG recordings that are caused by

patient movement or muscle contraction and can distort the morphology of the ECG

waveform. Motion artefacts represent a significant challenge in ECG and other cardiac

monitoring signals, particularly in wearable and and in real-world monitoring condi-

tions. Numerous methods have been proposed to detect and remove such artefacts,

including machine learning-based techniques [70], wavelet transforms [71], Monte Carlo

filtering [72] and adaptive filtering [73]. Independent component analysis (ICA) has also

shown promise in separating noise from cardiac signals [74, 75]. While capacitive ECG

systems o↵er certain benefits over conventional wet electrodes, they remain highly sensi-

tive to motion artefacts [76]. E↵ective removal of motion artefacts is therefore essential

for accurate diagnosis and monitoring, especially in intensive care settings where false

alarms can a↵ect clinical practice [77].

2.3.2 Classification

Traditional machine learning methods have been extensively used for automatic ECG

interpretation. These methods generally involve multiple steps, including signal prepro-

cessing, feature extraction, and classification using algorithms such as SVM and RF [40].

A variety of ML algorithms, including SVM, Gaussian näıve Bayes, k-means clustering,

logistic regression and KNN have been applied to ECG data to detect patterns indicative

of CAD [40, 78]. Commonly, these approaches utilise techniques such as R-peak detec-

tion and heart rate variability analysis to extract time-domain features from the ECG

signals. However, manual feature engineering can struggle to capture the complex and

subtle relationships present in ECG data [79]. To overcome these limitations, deep learn-

ing techniques have been introduced. Deep learning methods automatically learn intri-

cate features directly from raw ECG signals, reducing reliance on handcrafted features.

Nevertheless, feature extraction remains a fundamental step in ML-based ECG CAD de-

tection as it significantly influences model performance, interpretability and diagnostic
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reliability [80]. Typical feature extraction techniques include time-domain metrics such

as RR intervals and QRS duration, as well as wavelet transform methods, which con-

vert raw ECG data into more meaningful representations. Despite these advancements,

several challenges persist in ECG-based CAD diagnosis. Variability in ECG signal ac-

quisition caused by di↵erences in devices, lead placement and environmental noise can

adversely a↵ect model performance. Hence, ML models require suitable preprocessing

to remove noise and artefacts, ensuring data quality and consistency. Addressing these

challenges demands e↵ective data processing, sophisticated feature engineering and ro-

bust validation strategies to improve the reliability and generalisability of diagnostic

models.

2.3.3 Traditional Machine Learning Approaches

Traditional machine learning methods usually require the extraction of meaningful fea-

tures from ECG signals in order to classify CVDs e↵ectively. These features are often

based on prior knowledge and may include the shape of ECG waveforms, statistical

values, and information from both the time and frequency domains. Once these fea-

tures are prepared, a range of commonly used algorithms can be applied. These include

SVM [81, 82], KNN [83, 84], k-means [85], logistic regression [26], and naive bayes clas-

sifiers [86]. These models depend heavily on hand-crafted features, which means that

a strong understanding of ECG characteristics is needed, along with careful signal pre-

processing.

Table 2.1 presents various studies that have applied traditional machine learning algo-

rithms to the classification of heart conditions. A range of classifiers has been explored,

including SVM, KNN, decision trees, RF, logistic regression, and k-means. These meth-

ods were often combined with feature extraction techniques such as wavelet transform,

Principal Component Analysis (PCA), and time-frequency decomposition. These pre-

processing steps were essential for reducing noise, enhancing relevant signal components,

and improving classifier performance. SVM was among the most widely used classi-

fiers [81, 86, 89]. It was frequently applied to both binary and multi-class classification

tasks, including the detection of CAD, di↵erentiation between normal and abnormal

rhythms, and identification of various arrhythmia types. RF and other ensemble models

were also widely adopted due to their ability to handle high-dimensional data and to

combine the outputs of multiple weak learners for improved accuracy [87, 88]. KNN was

commonly selected in studies focusing on wavelet-based or statistical features, partic-

ularly where simplicity and fast inference were prioritised [83]. Logistic regression was

integrated with a hidden semi-Markov model (HSMM) to segment heart sounds into

their physiological components, such as S1, S2, systole, and diastole [26]. K-means was
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Table 2.1: Traditional Machine Learning Methods in Heart Disease Classification

Study Architecture(s) Diagnosis Dataset

[26] Logistic Regression
HSMM

Heart sound segmentation
(S1, S2, systole, diastole)

CinC Challenge 2011

[87] SVM
KNN
RF
Ensemble

Normal
LBBB
RBBB
PAC
PVC

MIT-BIH

[81] PCA
Optimized SVM

CAD
NON-CAD

Long-Term ST
24-hour Holter

[83] Wavelet Transform
KNN

RBBB
LBBB
PR
PAC
VT
VFL
VB
VF
HGEA
ASY

MIT-BIH:
• Arrhythmia
• Malignant ventricular

[85] K-means QRS detection 5 PhysioNet ECG

[86] SVM
Decision Trees
Random Forest
KNN

Normal
Abnormal

UCI Machine Learning

[88] Logistic Regression
RF
SVM

LVH PTB-XL
Georgia

[89] SVM
RF
Ensemble

Normal
Abnormal

Cleveland Clinic (UCI)

[40] SVM
RF

Normal
SVEB
VEB
FB
Q

MIT-BIH Arrhythmia

also employed for QRS complex detection [85]. These studies demonstrate that tradi-

tional machine learning algorithms continue to o↵er reliable performance, especially for

ECG-based heart disease detection when applied alongside appropriate feature extrac-

tion techniques [40].
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2.3.3.1 Feature Extraction

Accurate ECG classification in traditional machine learning depends heavily on e↵ective

feature extraction, which is essential for identifying critical signal characteristics asso-

ciated with cardiac disorders. Given the complex and dynamic nature of ECG signals,

various methods have been employed to derive meaningful diagnostic features. However,

handcrafted features may not fully capture this complexity, potentially compromising

model performance and diagnostic accuracy. Furthermore, feature extraction can be a

time-intensive process, in contrast to deep learning techniques that automatically learn

relevant features directly from raw data.

A commonly employed method for feature extraction in ECG signal analysis is the

DWT [27]. When integrated with machine learning classifiers such as SVM, KNN, and

RF, DWT-based approaches have achieved high classification accuracy in detecting var-

ious cardiovascular conditions. By decomposing the ECG signal into multiple resolution

levels, DWT enables simultaneous analysis in both the time and frequency domains.

This multi-scale representation is e↵ective in capturing transient features such as the

QRS complex, P-wave, and T-wave across various frequency bands. Its ability to localise

signal features under changing heart rates and noisy conditions enhances its diagnostic

utility [27, 83]. As a preprocessing step, DWT improves classification performance by iso-

lating relevant features and suppressing noise and artefacts [90]. When integrated with

advanced models, such as non-linear vector decomposed neural networks, DWT-based

systems have achieved notable performance, with sensitivity, specificity, and accuracy

reaching 92.0%, 89.33%, and 90.67%, respectively [90].

Another widely used technique is PCA, a statistical method that reduces the dimension-

ality of data while preserving the most significant variance. By transforming the original

ECG signal into a set of orthogonal components, PCA simplifies the feature space, re-

moves redundancy, and enhances classification performance. Studies have demonstrated

that PCA can achieve high accuracy across a variety of segment lengths, highlighting

its robustness and adaptability in ECG analysis [91]. PCA has been applied extensively

in ECG classification tasks, particularly for the detection of arrhythmias. It is consid-

ered an e↵ective approach for feature extraction, dimensionality reduction, and noise

suppression in ECG signals. The PCA has been successfully implemented in a range

of studies, including those focusing on sleep apnea [92], arrhythmia[93], sudden cardiac

arrest diagnosis [94], and the detection of CHF [95]. In addition, the integration of PCA

with other methods, such as those that analyse signals in both the time domain and

the frequency domain, has demonstrated improved performance in the identification of

cardiac abnormalities. Overall, PCA plays a significant role in ECG classification and
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contributes to the development of accurate, interpretable, and computationally e�cient

diagnostic tools.

2.3.3.2 Support Vector Machines

SVM have demonstrated promising results in classifying ECG signals for arrhythmia

detection. Numerous studies have combined SVM with feature extraction techniques

to achieve high accuracy. SVM has been applied in ECG analysis not only for diag-

nosing CAD [81] but also for detecting other cardiac conditions such as AF [96–98],

arrhythmia [99–101], and MI [102]. SVM has proven highly e↵ective for ECG classifica-

tion due to its ability to handle complex, high-dimensional data. Multiple studies have

demonstrated the superior performance of SVM in detecting various arrhythmias, with

accuracies reaching up to 99% [99–101]. The e↵ectiveness of SVM is further enhanced

when combined with advanced feature extraction methods, such as CNN or autoen-

coder [103]. These hybrid approaches tackle deep learning to perform automatic feature

extraction while employing the robust classification capabilities of SVM.

Figure 2.1: SVM classification showing the optimal hyperplane

In ECG binary classification, SVM is commonly applied due to their ability to create an

optimal hyperplane that maximally separates two classes in a multidimensional feature

space. Features such as RR intervals, QRS duration, and morphological characteristics of

the ECG waveform are utilised as inputs. The support vectors closest to the maximised

margin determine the decision boundary and play a crucial role in classification accuracy.

Figure 2.1 illustrates how the SVM constructs the optimal hyperplane between the two

classes by maximising the margin, thereby enhancing robustness and generalisability.
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This method has proven e↵ective in detecting cardiac abnormalities, providing reliable

and interpretable outcomes for clinical diagnostics.

Although SVM has been widely employed for ECG classification, several limitations

remain. The performance of SVM heavily depends on the quality of feature extraction,

which often requires expert knowledge and extensive preprocessing. Furthermore, SVM

can struggle with very large datasets due to computational complexity and may be

less adaptable to the variability and noise inherent in ECG signals compared to deep

learning models [97]. These challenges indicate that, while SVM remains a valuable

tool, complementary approaches or hybrid models may be necessary to achieve optimal

performance in real-world clinical applications.

2.3.3.3 K-Nearest Neighbours

KNN algorithm has attracted considerable attention from researchers for its e�cacy in

classifying ECG data, particularly in diagnosing arrhythmia, AF, and CAD [84, 104–

106]. KNN assigns class labels based on the majority vote of the k nearest data points

within the feature space, making it a straightforward yet e↵ective method for ECG

classification. Figure 2.2 highlights the importance of selecting an appropriate k value

to optimise classification accuracy in ECG signal analysis. A new ECG segment (yellow

square) is assigned to a class based on the majority label of its nearest neighbours in

the feature space.

Figure 2.2: KNN classification example showing how the value of k a↵ects the class
assigned to a new data point based on its nearest neighbours.
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Recent research has explored combining KNN with advanced techniques, such as deep

learning-based feature extraction, to enhance its performance. Comparative studies have

shown that KNN can outperform other classifiers in certain tasks. Nevertheless, chal-

lenges remain, including managing missing data within ECG recordings and improving

the detection of minority classes [87]. In [107], the KNN algorithm with Euclidean

distance and k = 3 reported QRS complex detection rates of 99.89% on the Common

Standards for Electrocardiography (CSE) database and 99.81% on the MIT-BIH Ar-

rhythmia database, demonstrating the model’s robustness and reliability for accurate

QRS detection. Furthermore, the integration of multirate ECG processing with KNN

classification (k = 5) achieved an average classification accuracy of 91.87% across three

cardiac classes, with the highest accuracy of 93.2% observed for Wol↵-Parkinson-White

(WPW) syndrome, thereby highlighting the potential of KNN-based methods for e�-

cient and precise arrhythmia diagnosis [108].

2.3.3.4 K-means

K-means clustering is a widely used unsupervised learning technique for ECG analysis.

Its ability to partition unlabeled data into distinct groups based on feature similarity

makes it well suited for identifying patterns in complex ECG datasets. As shown in

Figure 2.3, k-means iteratively assigns data points to clusters, refining these groupings

until convergence is achieved. The algorithm has been e↵ectively applied to CVDs

disease classification [85].

(a) Before K-means (b) After K-means

Figure 2.3: Visualisation of k-means cluster assignments

In [85], a robust algorithm was developed that combines an envelopment filter with K-

means clustering for accurate QRS complex detection, achieving over 99.7% accuracy

without the need for manual threshold tuning. This work underscores the e↵ectiveness
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of K-means in rapidly and reliably isolating key cardiac features. Similarly, in [109],

K-means clustering was employed to segment ECG signals into regions with similar

characteristics, allowing each segment to be processed according to its specific signal

features. This facilitated more targeted analysis, supported downstream processing,

and preserved clinically relevant information within the signal. Building upon these

established strengths, recent research has extended the use of K-means clustering beyond

classification tasks to support model interpretability. For instance, the ClusteredSHAP

framework applies K-means clustering to group similar ECG samples, thereby reducing

redundancy in explanation computations and substantially accelerating the generation

of SHAP values for 12-lead ECG classification models [110].

2.3.4 Deep Learning Techniques

While traditional machine learning approaches rely on explicit feature extraction, deep

learning techniques have emerged in recent years, including CNN [9, 31, 43, 111], LSTM [6,

112], hybrid CNN-LSTM models [9, 113], recurrent neural networks (RNN) [10, 114],

Residual Neural Networks (ResNet) [115–117], and Autoencoders [118]. These meth-

ods have gained increasing attention in cardiovascular disease diagnostics, particularly

for detecting MI and CAD. A key advantage of deep learning is its ability to perform

feature extraction automatically within the learning process, thereby eliminating the

need for manual and explicit feature engineering required by classical machine learn-

ing techniques. This automatic feature extraction capability arises from deep learning’s

robust pattern recognition and adaptable processing architectures. While these models

have demonstrated exceptional performance in automatically extracting important ECG

features, they require larger datasets and substantial computational resources, making

deployment in real-time CAD diagnosis more challenging. Therefore, lightweight deep

learning architectures have been introduced for the diagnosis of various heart diseases

using ECG. In [119], a lightweight one-dimensional CNN model was proposed for car-

diac arrhythmia diagnosis from ECG signals. Additionally, other DL-based models,

such as SqueezeNet [120], E�cientNet [121], MobileNet [122], and Shu✏eNet [123], have

been explored to reduce computational complexity while maintaining high diagnostic

accuracy, making them suitable for real-time and resource-constrained applications.

Researchers in [124] proposed a deep belief network (DBN) for the classification of CAD

and NON-CAD cases. Features were extracted from short-term ECG signals using the

Hilbert transform, with data sourced from the PhysioNet database. The model was

evaluated using ten-fold cross-validation and achieved an accuracy of 98.1%. The DBN

outperformed other approaches based on HRV, highlighting its potential for ECG-based
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diagnosis. Although ECG signals are commonly used in deep learning-based classifica-

tion of CVDs, they are not the only modality employed. Beyond the use of ECG, deep

learning has been increasingly applied to medical imaging for CAD detection [125, 126].

These approaches aim to improve diagnostic performance through advanced image in-

terpretation and feature extraction. In [125], a CNN was developed to classify myocar-

dial perfusion imaging (MPI) data from single-photon emission computed tomography

(SPECT), achieving high accuracy in identifying ischaemia. However, the study empha-

sised the need for larger imaging datasets to improve model generalisability. Similarly,

in [126], a CNN was implemented for real-time detection of coronary artery lesions. Ar-

chitectural enhancements included Rectified Linear Unit (ReLU) activation to reduce

computational cost, residual learning to address training di�culties, and inception mod-

ules with skip connections for robust feature extraction. The model accurately detected

stenotic lesions, although its applicability was limited by the restricted diversity of le-

sion types in the dataset. These studies collectively demonstrate the adaptability of

deep learning approaches across di↵erent data modalities for CAD detection, while also

highlighting common limitations related to dataset size, lesion diversity, and model gen-

eralisability. Recent studies have shown that CNN architecture is e↵ective in various

medical diagnostic tasks, such as detecting COVID-19 lesions in CT scans, diagnosing

Alzheimer’s disease from hippocampal MRI, classifying skin lesions in dermoscopy im-

ages, and identifying breast abnormalities in mammograms [127–130]. These examples

demonstrate that CNN can successfully learn important medical features from complex

data, supporting disease detection, localisation, and analysis across di↵erent types of

medical images. CNN has also been applied to nonimaging biomedical signals, espe-

cially the ECG, which is widely used in the diagnosis of CVDs disease [131].
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Table 2.2: Deep Learning Architectures in Heart Diseases Classification

Study Architecture Dataset(s) Diagnosis

[9] Hybrid CNN-LSTM MIMIC II

In-house

CAD

[6] 8-layer stacked CNN-LSTM St Petersburg

Fantasia

CAD

[132] 16-layer CNN-LSTM St Petersburg

Fantasia

PTB Diagnostic

BIDMC CHF

MI, CHF, CAD

[133] DINN Hospital CAD

[134] 11-layer CNN St Petersburg

Fantasia

CAD

[124] Deep Belief Network St Petersburg

Fantasia

CAD

[125] CNN-RGB In-house MI

[126] CALD-Net In-house CAD

[9] Hybrid CNN-LSTM MIMIC II

In-house

CAD

[135] 1D-CNN MIT-BIH Arrhythmia

[131] lightweight CNN PTB-XL CVDs

[34] Gated CNN-Transformer CSPC Challenge 2018 CVDs

[30] patient-specific CNN MIT-BIH Arrhythmia

[7] Hybrid CNN-LSTM MIT-BIH Arrhythmia

[136] 24-layer DCNN-BiLSTM CINC challenge 2017 AF

[97] Segment-based CNN with SVM CINC challenge 2017 AF

[137] DNN with residual blocks MIT-BIH Arrhythmia

[138] 1D-CNN MIT-BIH Arrhythmia

[139] Hybrid CNN-LSTM MIT-BIH AF

[45] CNN with CWT scalogram MIT-BIH Arrhythmia

[112] LSTM UCR Time Series CVDs

[33] Attention-based BiLSTM In-house AF

[140] Residual Attention-CNN MIT-BIH Arrhythmia
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Table 2.2 presents various deep learning models used for the classification of heart dis-

eases. The table includes CNN, hybrid CNN-LSTMs, attention-based architectures,

residual networks, and lightweight deep learning frameworks. These models have been

evaluated using both public and private datasets, including MIT-BIH, Physikalisch-

Technische Bundesanstalt (PTB) XL, the CinC Challenges, and in-house clinical data.

The diagnostic targets include CAD, arrhythmia, AF, MI, and other cardiovascular con-

ditions. The variety of approaches reflects the adaptability of deep learning methods

to di↵erent ECG signal types and clinical objectives. This reflects a wider trend in

recent research in which deep learning methods are often preferred over traditional ma-

chine learning techniques due to their ability to automatically extract relevant features,

thereby reducing he need for manual feature engineering. Despite these advancements,

many existing approaches rely on complex architectures or high computational resources,

limiting their suitability for deployment in real-time or embedded clinical settings. To

address this challenge, lightweight deep learning models are introduced later in the the-

sis. This model maintains high diagnostic accuracy while being optimised for e�cient

operation on resource-constrained device.

2.3.4.1 Convolutional Neural Network

CNN is a class of deep learning models well-suited to the analysis of data with spatial or

temporal structure, including medical images and time-series signals such as ECGs. CNN

architectures typically comprise convolutional layers for feature extraction, followed by

fully connected layers for classification. In ECG classification tasks, the convolutional

layers are designed to identify local patterns within the signal, such as QRS complexes

or ST-segment deviations. The convolution operation may be expressed as:

yi = �

0

@
k�1X

j=0

wj · xi+j + b

1

A (2.1)

where yi denotes the output at position i, x is the input signal, wj are the weights

of the convolutional kernel of size k, b is the bias term, and � represents a non-linear

activation function, such as the ReLU. These layers enable the network to automatically

learn clinically relevant temporal features from the ECG signal.

Following the convolutional layers, pooling layers are typically employed to reduce the

spatial dimensionality of the feature maps while preserving the most relevant infor-

mation. This downsampling operation reduces the computational complexity of the

network and enhances generalisation by making the model less sensitive to minor shifts

in the location of relevant features within the input signal. Pooling layers are widely
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Figure 2.4: An example of max pooling operations

employed in studies on ECG classification. Among these, max pooling has consistently

outperformed average pooling, o↵ering improved feature extraction and contributing to

higher classification accuracy [141]. Max pooling operates by extracting the maximum

value from each local region of the feature map defined by the pooling kernel. In ECG

classification, this enables the network to maintain the most important features of the

signal while reducing spatial dimensionality as shown in Figure 2.4. Max pooling can

mathematically be expressed as:

yi = max{xi, xi+1, . . . , xi+k�1} (2.2)

where yi denotes the max pooling output at index i, x represents the input signal, and

k denotes the size of the pooling window.

Figure 2.5 illustrates the global average pooling technique, which is employed in CNN

to summarise each feature map by computing the mean of all its activations. This
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Figure 2.5: An example of global average pooling operations

operation reduces the spatial dimensions to a single scalar value per feature map and

is commonly used as an alternative to fully connected layers in the final stages of the

network. Furthermore, the integration of global average pooling has also been shown

to enhance feature extraction in ECG classification [142]. Global average pooling can

mathematically be expressed as:

y =
1

N

NX

i=1

xi (2.3)

where y denotes the global average pooling output, xi represents the input signal, and

N is the number of activations in the feature map.
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Fully connected layers, also known as dense layers, are then employed at the final stages

of CNN to map high-level features to the network’s output. These layers establish

connections between every neuron in the preceding layer and each neuron in the current

layer, enabling the model to learn complex, non-linear relationships. In classification

tasks, fully connected layers are often followed by activation functions (eg., sigmoid or

softmax) to generate class probabilities.

The CNN has gained substantial attention in biomedical signal processing due to their

ability to learn spatial hierarchies and extract features directly from raw data. Their

e↵ectiveness in identifying local patterns makes them well-suited for analysing ECG

signals and detecting CVDs [30, 31]. Several studies have demonstrated the strong di-

agnostic capabilities of CNN-based models in classifying CAD and other cardiac condi-

tions, often outperforming traditional machine learning approaches [6, 31, 134, 143–145].

CNN architectures have been employed for tasks such as detecting MI, arrhythmia, and

left ventricular hypertrophy, achieving high accuracy, sensitivity, and specificity. For

instance, Acharya et al. proposed a one-dimensional CNN for automated CAD detec-

tion, using ECG segments of two and five seconds to classify CAD and NON-CAD

cases. Their approach integrated feature extraction and classification within a single

framework, demonstrating promising results [134]. In [146], CNN-based models have

significantly advanced ECG signal processing by enabling automatic and hierarchical

feature extraction. These findings underscore CNNs’ potential to improve diagnostic

reliability in clinical applications. Although CNN is traditionally applied to image data,

1D-CNN has been successfully adapted for sequential ECG signals. These models are

capable of learning relevant temporal patterns directly from raw input, reducing the

need for manual feature engineering

While 1D-CNN is e↵ective at capturing local spatial features in ECG signals, they

may be limited in their ability to model long-term temporal dependencies. In addition,

recent studies frequently employed CNN-LSTM architectures to capture both spatial and

temporal characteristics of ECG signals. These hybrid models enable the joint learning

of morphological features and temporal variations, such as HRV, thereby enhancing

classification performance in the detection of CAD. Evidence suggests that combining

spatial and sequential information improves the discriminative capacity of these models.

Nevertheless, the need to incorporate additional clinical indicators, such as demographic

data and patient history, to improve clinical relevance and generalisability remains [6, 9].

In addition, stacked CNN-LSTM models have enabled end-to-end classification of CVDs,

significantly reducing the need for manual feature extraction. Although these models

typically require large datasets and significant training time, they o↵er enhanced gen-

eralisability by capturing complex, non-linear relationships within the data [132]. This
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is relevant in multi-class diagnostic settings, where deep learning models are employed

to identify not only CAD but also related conditions, including MI and CHF. These

models have demonstrated high classification accuracy, even in the presence of noisy sig-

nals, indicating a level of robustness. However, high computational demands and limited

access to large, labelled datasets remain major challenges in applying these models to

automated CVDs classification.

In addition to the traditional CNN, ResNets have been introduced for the classifica-

tion of various CVDs. ResNet, a specific type of CNN, addresses several limitations

associated with traditional CNN architectures. By incorporating shortcut connections,

ResNets facilitate the construction of deeper network architectures, e↵ectively mitigat-

ing the vanishing gradient problem often encountered in very deep networks [30, 32, 147].

Furtheremore, capsule networks have also been explored, with 1D-CADCapsNet achiev-

ing 99.44% accuracy on 2-second ECG segments [148]. Moreover, LSTM networks, a

variant of RNN, have also been applied to cardiac diagnostics due to their ability to

capture long-term dependencies in sequential data [149]. Given their complementary

strengths, several studies have combined CNN with LSTM, where CNN extracts spatial

features and LSTM model temporal dynamics over time [6, 136].

Beyond ResNet, attention mechanisms have recently been integrated into deep learning

models to enhance their ability to focus on diagnostically important features in ECG

data [33, 140, 150]. In addition, recent studies have explored CNN-LSTM-Attention

frameworks that integrate the spatial feature extraction capabilities of convolutional

neural networks with the temporal modelling strengths of long short-term memory net-

works. These architectures are further enhanced by self-attention mechanisms, which en-

able the model to focus more e↵ectively on diagnostically significant segments of the ECG

signal [151]. Furthermore, research has explored various input modalities for ECG clas-

sification, including raw time-series signals, spectrograms, and two-dimensional image

representations of ECG waveforms [47, 152, 153]. In addition, multi-modality deep learn-

ing models that integrate both ECG waveforms and clinical features have demonstrated

superior performance compared to traditional pre-test probability estimates [154]. These

automated approaches have the potential to support clinicians in the early and accu-

rate diagnosis of CAD, addressing some of the limitations associated with manual ECG

interpretation [132, 155, 156]. Furthermore, this emphasis on automated feature extrac-

tion aligns with advancements in other biomedical domains. For example, a variational

gated autoencoder (VGAE) has been applied to extract latent features from multiview

biomedical data [157]. Such approaches illustrate the potential of deep learning archi-

tectures to handle complex, high-dimensional datasets, o↵ering insights that may be

extended to ECG analysis.
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CNN has demonstrated significant promise in ECG classification, o↵ering clear advan-

tages over traditional machine learning methods. Their ability to automatically learn

and extract relevant features directly from raw ECG signals eliminates the need for

manual feature engineering, which is often time-consuming and prone to human er-

ror [158]. This automated feature extraction has contributed to high diagnostic accu-

racy across a range of cardiac conditions, including arrhythmias [159, 160], AF [98, 139],

and CAD [6, 31]. In some applications, ECG signals are converted into two-dimensional

representations, enabling CNN to more e↵ectively capture both spatial and temporal

features [161]. Furthermore, techniques such as data augmentation, transfer learning,

and skip connections have been employed to enhance model robustness and training

e�ciency [162]. Recent studies have also applied CNN-based models in real-time ECG

monitoring systems, demonstrating their potential for early detection of cardiac abnor-

malities in practical clinical settings [163, 164]. Overall, CNN provides a reliable and

scalable solution for automated ECG analysis, improving both the accuracy and consis-

tency of cardiac diagnosis. As research advances, their integration into clinical workflows

may contribute to earlier intervention and better patient outcomes, particularly in en-

vironments where expert interpretation is limited.

Despite their demonstrated e↵ectiveness in extracting spatial features from ECG sig-

nals, CNN exhibits several limitations in CVDs classification. A significant limitation

of CNN is their reduced capacity to model long-range temporal dependencies, which are

often necessary for identifying conditions that develop over extended time intervals. To

overcome this, hybrid approaches integrating CNN with transformer-based architectures

have been introduced, allowing for the extraction of both local and global features from

ECG signals [165]. Additionally, class imbalance is a common issue in ECG datasets

and may lead to biased model performance. Furthermore, although CNN models often

achieve high classification accuracy, they are prone to overfitting when trained on small

datasets. This issue can limit their ability to generalise to unseen data. Another im-

portant concern is the lack of interpretability in CNN models, which presents a barrier

to clinical validation, where transparent and explainable decision-making is essential.

Addressing these limitations requires improvements in model architecture, as well as the

integration of interpretability tools and computational optimisation techniques. These

developments are necessary to support reliable and real-time application of CNN models

in environments with limited computational resources.
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2.3.4.2 Attention Mechanism

Attention mechanisms are neural network components that allow models to dynami-

cally focus on the most informative parts of an input sequence, rather than treating

all elements as equally important. This is particularly advantageous in ECG analysis,

where diagnostically relevant features such as abnormal QRS complexes, ST segment

deviations, or other abnormality beats may appear infrequently within long and noisy

recordings. The core operation involves computing a weighted sum of value vectors V

based on the similarity between query vectors Q and key vectors K, as given by the

scaled dot-product attention:

Attention(Q,K, V ) = softmax

✓
QK

T

p
dk

◆
V, (2.4)

where Q = WQx, K = WKx, and V = WV x are the query, key, and value matrices

derived from the ECG input x through linear projections, and WQ, WK , and WV are

learnable weight matrices. The term
p
dk scales the dot product to maintain gradient

stability. The softmax function converts the similarity scores into attention weights,

which are used to compute a weighted sum of the value vectors.

In ECG analysis, attention mechanisms are well-suited due to the characteristics of the

signal. Pathological events such as AF, premature contractions, and ST-segment devia-

tions tend to be localised, infrequent over time, and exhibit only slight or subtle changes

in waveform shape. Traditional CNN and RNN architectures process signals either

through fixed-length windows, which may lead to important features being overlooked

or weakened during analysis. By contrast, attention mechanisms enable models to dy-

namically prioritise diagnostically important segments of the ECG waveform, allowing

for more targeted feature selection during both training and inference. For example, in

lengthy ECG recordings, an attention-based model can concentrate on arrhythmic beats

or ischaemic episodes while disregarding normal segments. This not only improves clas-

sification performance but also enhances model interpretability, as attention weights can

be visualised to highlight the regions of the signal that contributed most significantly

to the prediction. In addition, when applied to multi-lead ECGs, attention mechanisms

can operate across channels to capture inter-lead spatial relationships, which are essen-

tial for identifying conditions such as MI and CAD. Attention-based models have also

shown strong performance in multilabel classification tasks [166], where the concurrent

presence of multiple cardiac abnormalities must be taken into account. Recent research

on ECG-based disease classification has explored the use of di↵erent attention mecha-

nisms, including self-attention [34, 167, 168], channel attention [169, 170], and hybrid

approaches [171, 172] that combine channel and spatial attention.
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Self-Attention

Self-attention mechanisms have gained attention in ECG analysis due to their capacity to

model global dependencies within the signal. A self-attention-based autoencoder archi-

tecture that integrates LSTM and 1D-CNN has achieved 99.71% accuracy and 99.86%

sensitivity for arrhythmia detection on the MIT-BIH dataset, demonstrating the po-

tential of temporal attention to enhance feature localisation and improve classification

performance [167]. A dual-branch gated CNN-transformer architecture has been in-

troduced to perform multi-disease ECG classification. This model integrates multi-head

self-attention to extract both channel-wise and temporal features, thereby capturing spa-

tial and sequential dependencies more e↵ectively. Evaluation on the CPSC-2018 dataset

obtained an accuracy of 92.2%, demonstrating the e�cacy of self-attention mechanisms

in handling complex ECG patterns [34]. In addition, a patient-adaptive beat-wise trans-

former has been proposed, which encodes symbolic ECG tokens to personalise classifica-

tion for AF [168]. This approach has shown strong generalisation across long-term ECG

recordings, supporting the potential of transformer-based models in real-world clinical

applications.

Channel attention

Channel attention mechanisms enable neural networks to adaptively recalibrate the im-

portance of individual feature channels, which is particularly useful in ECG classification

involving multi-lead inputs. Each lead provides a distinct spatial perspective of cardiac

electrical activity, yet not all leads are equally informative for the detection of specific

conditions. Channel attention addresses this variability by allowing the model to focus

on the most diagnostically relevant channels, thereby improving its discriminative capac-

ity and overall classification performance. In [169], a channel attention mechanism based

on the squeeze-and-excitation (SE) block was integrated into a convolutional neural net-

work to enhance feature weighting at the lead level. The SE mechanism consists of two

stages. The squeeze operation reduces global spatial information into a compact channel

descriptor via global average pooling. This is followed by the excitation operation, which

applies a learnable gating function to adaptively reweight each channel. When applied

to the MIT-BIH arrhythmia dataset, the model achieved an accuracy of 99.2% for PVC

classification and 97.4% for Supraventricular ectopic beats (SVEBs). Furthermore, a

channel attention module was integrated with a spiking neural network and deployed

on a field-programmable gate array (FPGA). The resulting system achieved real-time

inference with an energy cost of 346.33 µJ per beat and a processing time of 1.37 ms

per beat. These results demonstrate the feasibility of attention-based ECG classifica-

tion in resource-constrained environments, such as wearable or ambulatory monitoring

systems [170].
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Hybrid approaches

Hybrid attention mechanisms combine channel and spatial attention to enable models

to learn which leads are most informative and which regions of the signal require focus.

ECG signals often exhibit spatial correlations across leads and temporal or morpho-

logical variability within waveforms. By incorporating both forms of attention, hybrid

models can extract more meaningful and discriminative features than those using a sin-

gle mechanism.A multiscale residual network incorporating both channel and spatial

attention has been proposed for multilabel ECG classification. This model achieved F1

scores of 88.2% on the China Cardiovascular Disease Database (CCDD) dataset and

85.8% on the HF-challenge dataset, outperforming baseline architectures that did not

incorporate attention mechanisms [171]. A further development introduced a guided spa-

tial attention mechanism enhanced through the use of class activation maps (CAMs).

Unlike approaches that rely solely on data-driven learning, this method incorporates

clinical domain knowledge to guide the model’s attention towards physiologically and

pathologically significant regions. The use of CAMs during training enables the model

to associate specific waveform segments, such as ST elevation or T-wave abnormalities,

with the corresponding diagnostic labels. This hybrid attention strategy was evaluated

across several ECG abnormality categories, including ST changes, atrial fibrillation, and

WPW syndrome, and showed improved classification performance [172].

The integration of attention mechanisms into ECG classification o↵ers several practi-

cal and methodological advantages. Firstly, attention-based models have demonstrated

improved performance, achieving higher accuracy, sensitivity, and F1 scores across a

range of CVDs classification [34, 167–172]. In addition to performance gains, attention

mechanisms enhance model interpretability by enabling the visualisation of attention

weights, which provides insight into the waveform segments that contributed to the

decision-making process. This supports clinical validation and strengthens confidence

in the model’s outcomes. Attention mechanisms also enable the model to assign greater

weight to ECG leads that contribute more significantly to the detection of specific car-

diac conditions, while reducing the influence of less informative leads. This selective

focus facilitates the learning of more discriminative representations, thereby improving

classification performance and diagnostic reliability. Channel attention mechanisms fur-

ther support the integration of information across multiple leads, which is beneficial

in the interpretation of 12-lead ECG recordings [169]. Moreover, self-attention mecha-

nisms can facilitate personalised modelling by adapting to patient-specific morphological

variations through symbolic representations of ECG inputs [168]. Finally, several stud-

ies have demonstrated the suitability of deploying attention modules on energy-e�cient

hardware platforms, such as FPGAs, enabling real-time ECG monitoring in wearable or

embedded systems [170, 172].



41

Despite their e↵ectiveness, attention mechanisms present several technical limitations.

Architectures that employ multi-head self-attention demand substantial computational

resources, due to their memory complexity. This characteristic makes them less suitable

for deployment in resource-constrained environments, such as wearable devices. More-

over, there is limited standardisation in the design and implementation of attention mod-

ules across existing studies. Furthermore, clinical validation of attention-based models

also remains limited. Additionally, hybrid attention models that incorporate multiple

attention mechanisms often introduce increased model’s complexity. This can result in

a larger number of parameters, increased training time, and reduced interpretability,

which may further limiting their practicality for real-world clinical use.

2.4 Lightweight Neural Network Architecture

Lightweight neural networks achieve high predictive accuracy while substantially reduc-

ing computational complexity, memory requirements, and energy consumption. Com-

pared to conventional deep networks, lightweight neural networks employ fewer param-

eters and streamlined architectures, thereby facilitating e�cient inference on resource-

constrained devices such as wearable devices.

Given the computational demands of traditional deep learning models that incorporate

attention mechanisms or complex CNN architectures, there has been growing interest in

lightweight neural network designs for ECG classification, particularly targeting deploy-

ment on resource-constrained devices. Techniques such as pruning, quantisation, and

depthwise separable convolutions are commonly employed to reduce model complexity.

These approaches enable real-time ECG signal processing and continuous patient mon-

itoring by minimising computational and energy requirements. Lightweight CNN has

gained significant attention due to their ability to o↵er faster inference and lower energy

consumption, which are essential to facilitate rapid and reliable analysis in compact,

low-power medical devices.

A study by Mewada [173], proposed a 2D-wavelet encoded deep CNN for ECG classifica-

tion, transforming one-dimensional ECG signals into two-dimensional representations to

incorporate spatial feature extraction capabilities. The author demonstrated that their

approach improved arrhythmia detection accuracy without the need for extensive pre-

processing. Similarly, another work examined lightweight CNN models applied to ECG

datasets, emphasising the reduction of computational complexity while maintaining high

classification performance for arrhythmias [174]. These approaches focus primarily on

detecting abnormal heart rhythms, which are largely associated with electrical malfunc-

tions in cardiac activity. Further, a study investigating lightweight CNN architectures
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specifically for ECG signal classification showcased the e↵ectiveness of optimised deep

learning models in diagnosing arrhythmic events [175]. Additionally, researchers ex-

plored e�cient CNN architectures to enhance real-time arrhythmia classification, opti-

mising neural network layers to improve model interpretability and deployment in clinical

environments [176]. In [177], a lightweight CNN for MI diagnosis was introduced, aiming

to minimise computational and storage demands to facilitate deployment on portable de-

vices. Utilising the PTB diagnostic database, various baseline CNN configurations were

evaluated and compared to their proposed lightweight model. Results indicated that

the proposed model maintained high accuracy while reducing model complexity. Several

lightweight networks have been utilised for ECG analysis, including SqueezeNet [178],

E�cientNet [179], MobileNet [180], and Shu✏eNet [123]. These widely well-established

models are specifically designed for deployment on resource-constrained devices, enabling

e�cient applications in such environments. In a notable advancement in novel technol-

ogy, an ultra-lightweight end-to-end electrocardiogram classification neural network has

been developed. The research employed advanced techniques aimed at reducing compu-

tational complexity while maintaining high-performance standards, making it suitable

for integration into portable and wearable medical devices [181].

Designing deep learning models or ECG classification requires balancing model com-

plexity with computational e�ciency. While deeper architectures incorporating atten-

tion mechanisms often improve accuracy by capturing complex signal patterns, they

increase parameter counts, memory usage, and inference time, thus limiting deployment

on resource-constrained devices. Lightweight models address these challenges by employ-

ing techniques such as depthwise separable convolutions to reduce computational load,

although this may sometimes compromise the model’s ability to capture discriminative

features critical for accurate diagnosis. Recent studies have examined these trade-o↵s,

demonstrating that increased model complexity does not necessarily guarantee supe-

rior performance [182]. Nevertheless, lightweight architectures such as Shu✏eNet and

SqueezeNet achieve strong accuracy with fewer parameters [123, 175, 178], while novel

models including CADNet and ArrhythmiNet maintain high accuracy alongside low com-

putational demands [164, 183]. These advancements enable real-time, on-device ECG

classification for arrhythmia, AF, CAD, and other cardiac abnormalities.
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2.5 Implementation of Lightweight Models on Resource-

Constrained Hardwares

Recent developments in lightweight neural network architectures have enabled e�cient

ECG classification on resource-constrained hardware where memory bandwidth, power

consumption and computational throughput are critically limited. These models are

engineered to optimise the trade-o↵ between diagnostic accuracy and hardware resource

utilisation, making them suitable for embedded systems and wearable platforms.

Table 2.3 summarises lightweight ECG models, their deployment platforms and tar-

geted cardiac diagnostics. Quantised 1D-CNN, such as LMUEBCNet and SEmbed-

Net, have been implemented on STM32H7 microcontrollers, delivering high accuracy

for ectopic beat classification [184]. Similarly, ULECGNet deployed on MSP432 mi-

crocontrollers achieves reliable arrhythmia detection, demonstrating feasibility on ultra-

low-power processors [181]. Attention-based transformer architectures adapted for low-

resource microcontrollers, such as the Tiny Transformer implemented on GAP9, utilise

sparse self-attention mechanisms to sustain performance while lowering computational

complexity [185]. FPGA implementations, including 1D-CNN deployed on the Xilinx

Zynq ZC706 and spiking neural networks with channel-wise attention on Artix-7 devices,

demonstrate hardware-accelerated inference with microsecond-scale latency and signif-

icantly reduced energy consumption [170, 186]. A combination of LSTM and RNN ar-

chitectures with wavelet preprocessing has been e↵ectively utilised for continuous ECG

monitoring on consumer wearable devices such as the Moto360 Android Wear [187],

reflecting the growing adoption of on-device processing for real-time cardiac monitor-

ing. Furthermore, quantised 1D-CNN with residual connections deployed on Raspberry

Pi platforms highlight the trade-o↵ between reducing computational complexity and

maintaining diagnostic performance in arrhythmia classification [188]. Additionally,

lightweight ConvLSTM2D architectures implemented on STM32F746G microcontroller

enhance ECG abnormality detection capabilities within resource-constrained environ-

ments [189], highlighting the adaptability of hybrid CNN-RNN models for time-series

ECG data. These implementations illustrate consistent advancements in optimising

advanced ECG classification models for deployment in resource-limited environments.
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Table 2.3: Lightweight ECG Classification Models on Resource-Constrained Hard-
ware

Study Model Architecture Hardware Diagnosis

[184] LMUEBCNet

SEmbedNet

STM32H7 Ectopic beat

[181] ULECGNet MSP432 Arrhythmia

[185] Tiny transformer GAP9 Arrhythmia

[186] 1D-CNN Xilinx Zynq ZC706 Arrhythmia

[170] spiking neural network

with channel-wise attention

Artix-7 Arrhythmia

[189] ConvLSTM2D STM32F746G ECG abnormality

[187] LTSM

RNN

Wavelet

Moto360 AndroidWear ECG monitoring

[188] Quantised 1D-CNN

with residual connections

Raspberry Pi Arrhythmia

Despite significant advances in lightweight ECG classification models for resource-constrained

devices, research targeting CAD detection remains limited. Most existing studies fo-

cus on arrhythmia classification, creating a gap in the development and deployment of

lightweight models for CAD diagnosis. This gap will be addressed in this thesis by

developing lightweight deep learning models optimised for accurate and e�cient CAD

detection on resource-constrained hardware platforms.

Most lightweight architectures focus on detecting rhythm abnormalities, such as ar-

rhythmia, which typically exhibit clear temporal irregularities. In contrast, CAD-related

ECG waveforms are often morphology-based, making them more di�cult to capture us-

ing models designed for arrhythmia detection. However, several reported architectures

demonstrate the potential of lightweight 1D-CNN for ECG-based diagnosis, which could

be adapted for CAD detection. While these approaches benefit from low computational

complexity, the use of a single ECG lead may limit the ability to learn clinically relevant

CAD-related features. To address this limitation, this study introduces a 12-lead ECG-

based diagnosis model suitable for deployment in resource-constrained environments. In

summary, although existing lightweight models can be adapted for CAD diagnosis, such

adaptations often involve trade-o↵s between diagnostic performance, computational ef-

ficiency, and deployability, highlighting the need for CAD lightweight architectures.
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2.6 Single lead and multi-lead ECG classification

ECG signals may be recorded using either a single lead or a multi lead configuration. A

single lead ECG records electrical activity along one electrical axis and is commonly used

in wearable or portable monitoring devices due to its simplicity and reduced data require-

ments. In contrast, a multi lead ECG, such as the standard 12-lead system, captures

signals from multiple anatomical orientations and provides a more comprehensive repre-

sentation of heart function. Single lead ECG data are well suited to lightweight models

that extract key features from limited input. These models align with the resource-

constrained devices and real-time applications. In contrast, multi-lead data o↵ers more

comprehensive data support for more complex architectures that capture inter-lead de-

pendencies. While these models can improve diagnostic accuracy, they require greater

computational resources and larger training datasets. The choice of lead configuration

therefore, influences model design, performance, and suitability for deployment in both

clinical and practical settings

Studies have investigated the application of CNN for CAD detection using ECG sig-

nals, with both single-lead and multi-lead approaches demonstrating encouraging re-

sults. Single-lead CNN has shown comparable performance to 12-lead systems, with

only an average reduction of 8.7% in AUC [131]. Both single-lead and multi-lead CNN

have exhibited strong performance in detecting CAD, with single-lead ECGs achieving

accuracy close to that of multi-lead models [134, 190]. Advanced techniques such as mul-

tiscale analysis and lead-asymmetric pooling have further enhanced the performance of

multi-lead CNN [191, 192]. Although multi-lead CNN generally o↵ers higher accuracy,

the performance gap between multi-lead and single-lead models is narrowing. Therefore,

single-lead approaches are becoming increasingly practical for CAD screening, partic-

ularly in wearable device applications [31, 131]. The choice between single-lead and

multi-lead ECG classification is largely determined by the intended application and the

constraints of available resources. Multi-lead ECG remains the clinical standard due to

its broad diagnostic capability [93, 169]. In contrast, single-lead ECG is increasingly

employed in wearable and mobile health technologies due to its simplicity, ease of use,

and lower hardware requirements [187].
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2.7 Performance metrics

Performance metrics commonly used include accuracy, sensitivity, specificity, preci-

sion, F1-score, and the area under the receiver operating characteristic curve (AUC-

ROC) [193, 194]. These measures are widely applied in the evaluation of machine learn-

ing and deep learning models for ECG-based classification of CVDs, including CAD.

Each metric reflects a di↵erent aspect of model performance and is selected based on

the clinical objective and the characteristics of the dataset.

Binary classification

To evaluate the performance of the proposed model, various performance metrics were

introduced. Accuracy (Acc), Precision, Recall, F1 score, and Area Under the Curve

(AUC) are used to assess performance.

To evaluate how the model performs on both CAD and Normal classes, Acc is measured

as follows:

Acc =
TP + TN

TP + TN + FP + FN
(2.5)

where True Positives (TP ) refer to CAD cases correctly classified as CAD. True Nega-

tives (TN) represent Normal cases that the model accurately identifies as Normal cases.

False Positives (FP ) occur when Normal cases are incorrectly classified as CAD, whereas

False Negatives (FN) arise when CAD cases are mistakenly identified as Normal cases.

Recall (Sen) defines the proportion of all CAD cases that were classified correctly as

CAD cases.

Recall =
TP

TP + FN
(2.6)

Precision (Ppr) refers to the proportion of predicted CAD cases that are correctly iden-

tified as true CAD cases, assessing the reliability of positive classifications made by the

proposed model.

Precision =
TP

TP + FP
(2.7)

Specificity (Spr) refers to the proportion of NON-CAD cases correctly identified by the

model, indicating its ability to reduce false positive predictions.

Specificity =
TN

TN+ FP
(2.8)

F1 score denotes a balance measure between precision and recall.

F1 score = 2⇥ Precision⇥Recall

Precision+Recall
(2.9)



47

Misclassification Rate quantifies the proportion of incorrect predictions made by the

model.

Misclassification Rate = 1� Accuracy (2.10)

Furthermore, AUC is utilised to quantify the model’s ability to di↵erentiate between

CAD and NON-CAD cases as shown in (2.11).

AUC =
n�1X

i=1

1

2
· (FPRi+1 � FPRi) · (TPRi + TPRi+1) (2.11)

where:

FPR =
FP

FP+ TN
(2.12)

and FPRi signifies the percentage of cases without CAD that are inaccurately classified

as having CAD at the i
th threshold. Here, the threshold is defined as the probability

cut-o↵ used to determine whether a case is classified as CAD or NON-CAD. TPRi (Sen)

represents the proportion of cases with CAD that are correctly identified as having CAD

at the ith threshold. n is the total number of thresholds. FPRi+1�FPRi is the di↵erence

in the proportion of cases without CAD that are incorrectly identified as having CAD

between two consecutive thresholds. TPRi+1�TPRi demonstrates the total proportion

of individuals with CAD correctly identified as having CAD at the two consecutive

thresholds.

Additionally, t-distributed Stochastic Neighbour Embedding (t-SNE) analysis is carried

out to visualise high-dimensional feature representations in a two-dimensional space,

o↵ering insights into the ability of each key module within the models to di↵erentiate

between classes. The t-SNE equation is defined as follows:

KL(P k Q) =
X

i

X

j 6=i

pij log
pij

qij
(2.13)

where pij and qij denote the joint probabilities of a pair of ECG data points, i and

j, in the high-dimensional feature space and the corresponding low-dimensional space,

respectively.

Multi-class classification

In the case of multi-class classification, precision, recall, and F1 score are computed

independently for each class. A macro-average is then calculated to provide an overall

performance score, giving equal weight to each class regardless of class frequency.
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2.8 Conclusion

In this chapter, an overview of ECG signal processing and its role in the diagnosis of

heart diseases has been presented. Section 2.2 discussed the challenges and limitations

of manual ECG interpretation in clinical practice, including the potential for diagnostic

errors and the reliance on expert knowledge, which underscore the need for automated

and reliable computational approaches. In Section 2.3, both traditional machine learn-

ing and modern deep learning techniques applied to CVDs diagnosis were explored.

This included a detailed examination of feature extraction methods, SVM, KNN, and

k-means clustering within traditional machine learning frameworks, alongside CNN and

attention mechanisms within deep learning approaches. The discussion highlighted the

strengths and limitations of these methods with regard to their diagnostic accuracy,

interpretability, and computational demands. Furthermore, lightweight neural network

architectures designed for e�cient ECG classification were explored, with an emphasis

on balancing model complexity and computational e�ciency to enable real-time pro-

cessing on resource-constrained devices. The implementation of such lightweight models

on embedded hardware platforms was also examined, addressing practical challenges

including memory limitations, power consumption, and inference latency, as discussed

in Section 2.4 and 2.5. Section 2.6 reviewed the literature on both single-lead and multi-

lead ECG classification methods, discussing their relative strengths and limitations in

detecting various cardiac abnormalities. Section 2.7 then summarised the key perfor-

mance metrics utilised in this thesis. In the next chapter, CAD diagnosis using 1D-CNN

is presented. The aim is to used deep learning techniques rather than traditional ma-

chine learning methods, thereby removing the requirement for manual feature extraction

and improving diagnostic accuracy.



Chapter 3

Coronary Artery Disease

Classification Using

One-Dimensional Convolutional

Neural Network

3.1 Overview

To address early CAD detection, we propose utilising 1D-CNN to enhance detection

accuracy and reduce network complexity. This study goes beyond traditional diagnos-

tic methodologies, leveraging the remarkable ability of 1D-CNN to interpret complex

patterns within ECG signals without depending on feature extraction techniques.

We investigate the impact of varying sample lengths on model performance and conduct

experiments involving layers reduction. The ECG data employed were obtained from

the PhysioNet databases, namely the MIMIC III and Fantasia datasets, with respective

sampling frequencies of 125 Hz and 250 Hz. The highest accuracy for unseen data is

obtained with a sample length of 250. These initial findings demonstrate the potential

of 1D-CNNs in CAD diagnosis using ECG signals and highlight the sample size’s role

in achieving high accuracy. These preliminary findings demonstrate the potential of

1D-CNN for reliable CAD detection from ECG signals and support further exploration

of lightweight architectures for clinical and real-time applications.

49
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3.2 Related works

In light of recent technological advancements, a multitude of investigators has de-

vised cutting-edge computational diagnosis systems to facilitate the diagnosis of diverse

CVDs [25, 134, 195]. The analysis of ECG signals for diagnosing CVDs has gained

significant attention and has been the focus of an increasing number of investigations.

Numerous deep learning techniques have been employed to classify heart diseases using

ECG signals; CNN, LSTM, RNN, and autoencoder [114, 118]. In recent years, there

has been a significant surge in interest among researchers towards using deep learn-

ing techniques to diagnose CAD. The majority of researchers have primarily focused

on employing CNN techniques for the diagnosis of AF [195], MI [196], and arrhyth-

mia [7]. However, the current research in CAD diagnosis is not yet conclusive due to the

limited availability of data and the complex nature of ECG signals in CAD diagnosis.

Therefore, a relatively small group of researchers have conducted their work on CAD

diagnosis using similar techniques [6, 9, 134]. In [6], the 1D-CNN was combined with

LSTM for CAD diagnosis. It was implemented to extract relevant features from CAD

ECG signals. Then, LSTM and a fully connected layer were utilised to conduct the

classification. The model is fully automated and needs less feature engineering. How-

ever, the limitation of CAD data caused a lower diagnostic performance. Several studies

have implemented 1D-CNN for the automated detection of CAD, aiming to enhance

diagnostic accuracy and improve patient outcomes. For instance, Acharya et al. [134]

proposed an automated CAD diagnosis system based on 1D-CNN, which demonstrated

promising results in terms of both accuracy and computational e�ciency. Feature ex-

traction techniques were combined into a model structure, which later obtained reliable

accuracy. However, the model training was time-consuming and needed a large amount

of data. Feature extraction still plays an important role in the data pre-processing stage

by identifying and selecting informative features in numerous ECG signal processing

works [133, 134, 197, 198].

In this study, the primary focus is to investigate the potential applications of a novel

and compact 1D-CNN architecture with reduced complexity, with a specific aim of early

onset detection. Early detection of CAD is crucial, as it enables timely and suitable

treatment, resulting in better health outcomes for patients. To achieve this goal, the

proposed 1D-CNN architecture will be developed in order to maintain high performance

and minimise computational resource usage. This enhances the model’s applicability

when performing real-time processing with limited resources. Additionally, the proposed

model will be applied to CAD ECG signals obtained from the MIMIC database. The

model’s purpose is to capture patterns and distinctive waveform characteristics that

serve as markers for the early stages of CAD. To ensure consistent input for our model, a
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data normalisation technique is implemented to standardise and adjust the ECG signal

data, mitigating the impact of noise, variations and artefacts in medical data. By

elaborating on these novel aspects of our 1D-CNN architecture, this study presents a

comprehensive and impactful contribution to the field of CAD detection. The model’s

innovation lies in its e�cient architecture, optimising filter counts and kernel size while

using dropout layers strategically to enhance early-onset CAD detection precision while

conserving computational resources. Through its advancements, the proposed model has

the potential to revolutionise early onset CAD detection, ultimately leading to improved

patient care and outcomes.

3.3 Methodology

The proposed method consists of three main steps: data collection, pre-processing, and

deep learning model. The model will be designed and implemented for CAD classification

using the ECG signals through our extensive experiments. Each step will be explained

in detail in the following sections.

The main portion of ECG data used for training and testing is obtained from the MIMIC

III and Fantasia database from the PhysioNet website [199, 200]. A total of approxi-

mately 2,840 patients, constituting approximately 7.1% of all hospital admissions, are

identified as having coronary atherosclerosis of the native coronary artery in the MIMIC

database. The Fantasia database contains ECGs of 40 healthy patients, including 20

young and 20 adult patients. Three distinct subsets of data are generated for the ex-

periments; D1, D2 and D3. The first subset (D1) is created by selecting a cohort of 5

individuals diagnosed with CAD from the MIMIC database, and 5 healthy individuals

are chosen from the Fantasia database for the purpose of training and testing the model.

The second subset (D2) is specifically composed to examine the predictive capabilities of

our model further. It comprises 20 CAD subjects from the MIMIC database, alongside

20 NON-CAD individuals from the Fantasia database. A third subset (D3) was com-

piled by selecting patients diagnosed with CAD from the St. Petersburg database [201].

The St. Petersburg database comprises a total of 7 CAD subjects, with each subject’s

record spanning a duration of 30 minutes. Each record in the St. Petersburg database

consists of 12 standard leads, sampled at a frequency of 257 Hz. The subset D2 and D3

are then utilised for prediction.
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Table 3.1: Summary of ECG datasets used in the experiments.

Dataset Source(s) CAD subjects NON-CAD subjects

D1 MIMIC III and Fantasia 5 5
D2 MIMIC III and Fantasia 20 20
D3 St. Petersburg INCART 7 –

3.3.1 Data pre-processing

In this thesis, all experimental evaluations employ subject-independent data partition-

ing, ensuring that ECG recordings from the same individual are not included in both

the training and testing sets. The ECG signals were obtained from patient records, each

exhibiting di↵erent lengths of signal recordings spanning several minutes. To conduct

our experiments e↵ectively, specific segments of these ECG signals were chosen. Ini-

tially, the ECG signal data was retrieved from the records of each patient, as shown in

Figure 3.1. Subsequently, each ECG signal was selected, ranging from 0 to 1000 samples.

This segment corresponds to approximately 8 seconds of signal data. The selected data

contains a complete cycle of the cardiac waveforms and is then stored in a dataframe.

Prior to inputting into the classifier, the pre-processed data is subjected to labeling. A

binary label was assigned to each ECG segment within subsets. Specifically, a label of 0

indicated NON-CAD subjects, while a label of 1 indicated CAD subjects. This crucial

step is essential for building the basis of supervised learning. The classifier can then

acquire valuable features and make informed predictions based on the provided labels.

During experiments, the sample lengths were potentially segmented to accommodate

the study of the impact of varying lengths on model performance.

Data normalisation was then employed to transform numerical data into a standardised

range, typically between -1 and 1. This process is achieved by scaling the data based

on its mean and standard deviation or by applying a linear transformation to shift and

re-scale the data. The standard deviation formula was used for re-scaling, as shown in

3.1.

s =

vuut 1

N � 1

NX

i=1

(xi � x)2 (3.1)

where s is the normalised signal, N is the number of samples, x is the average of a

given signal, and xi is the signal value at the i
th position in ECG data. The standard

deviation measures the spread or dispersion of the signals in the dataset. A smaller

standard deviation indicates that the signals are clustered closely around the average,

while a larger standard deviation indicates that the signals are more spread out. By
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re-scaling the data using standard deviation, we obtained normalised data, which was

then utilised in classification.

3.3.2 CNN model

The proposed CNN model was designed as shown in Figure 3.2 and comprises four one-

dimensional convolutional layers, a max-pooling layer, four dropout layers, a flattened

layer, and a fully connected dense layer. The architecture was selected to enable ef-

fective temporal feature extraction from ECG signals while maintaining a compact and

computationally e�cient design. The first layer of the network comprises 512 filters with

a kernel size of 32, and the subsequent layers contain 256 filters with the same kernel

size. By utilising 512 filters with a kernel size of 32 in the initial layer and subsequently

reducing the number of filters to 256 while keeping the kernel size consistent, the re-

duction in parameters contributes to enhancing the model’s compactness. The ReLU

activation function was used in the convolutional layers to introduce non-linearity into

the model. Three dropout layers with a rate of 0.2 were added after the convolutional

layers to prevent overfitting. The max pooling layer with a pool size of 128 was then

applied to reduce the spatial size of the feature maps and improve generalisation. The

flattened output of the max pooling layer was then fed into a fully connected (dense)

layer with 128 neurons and ReLU activation, which enabled the model to learn complex

representations of the input data. To further prevent overfitting, another dropout layer

with a rate of 0.5 was introduced prior to the final output layer. The final output layer

consists of two neurons and softmax activation, which enables the model to classify the

input data into one of two possible categories. Additionally, to optimise the model’s

performance, the Adam optimizer with a learning rate of 0.0001 was chosen for parame-

ter optimization. Adam’s adaptiveness in adjusting the learning rate for each parameter

based on past gradients and magnitudes is particularly beneficial for training CNNs, es-

pecially in ECG, where the model must e↵ectively navigate complex, high-dimensional

parameter spaces to accurately classify ECG data. The model was compiled using the

binary cross-entropy loss function, which is particularly e↵ective for binary classification

tasks, such as distinguishing between CAD and NON-CAD. The hyperparameters used

during model training, including learning rate, batch size, and number of epochs, are

summarised in Table 3.2.

Figure 3.1 illustrates the process of classifying ECG signals using the proposed 1D-

CNN model. The process starts with raw ECG signals, which are normalised to reduce

the impact of variations in amplitude and baseline. The normalised signals are then

inputted into the 1D-CNN model, which processes the data and extracts relevant fea-

tures. The model subsequently uses these features to classify the signals as either CAD
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Figure 3.2: Overview of the proposed one-dimensional convolutional neural network
model architecture for ECG-based CAD classification.
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Table 3.2: Hyperparameters used for model training

Hyperparameter Value

Learning Rate 0.0001

Batch Size 32

Number of Epochs 50

Optimiser Adam

Loss Function Binary Cross-Entropy

Hidden Layer Activation ReLU

Output Layer Activation Softmax

or NON-CAD. In our study, we proposed a modified 1D-CNN model that included some

modifications, such as changes in filter size and the incorporation of dropout layers [202].

This model was employed throughout the CAD analysis process.

To evaluate the model, performance metrics including Accuracy, Misclassification Rate,

Precision (Ppr), Sensitivity (Sen), and Specificity (Spr) were used to measure the per-

formance of the classification model as shown in Equations (2.5), (2.10), (2.7), (2.6),

and (2.8).

3.4 Experimental Results

In our experiments, we utilised the three subsets prepared during the data preparation

stage. The subset D1 was split into 70% for training and 30% for testing. This split is

commonly used in machine learning because it allows for a su�cient amount of data to be

used for training, while also providing enough data for testing the model’s generalisation

ability. Furthermore, the subset D2 and D3 were used for prediction where the trained

model was put to test with these entirely new and unseen subsets.

3.4.1 Results and Discussion

Table 3.3 presents the overall performance of the 1D-CNN model in classifying ECG

data into CAD and NON-CAD categories using di↵erent sample lengths, as we aim to

determine the optimal sample length for accurate CAD diagnosis using the proposed

1D-CNN model. In the experiment, sample lengths of 1000, 500, 300, 250, 200, and

150 data points were manually selected from the lead II of each ECG subject. Varying

the sample length of the input signal can reveal the impact of signal length on the

classification model’s accuracy. A longer sample length may provide more information

about the ECG signal but may also require more sophisticated techniques and longer
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processing times. On the other hand, a shorter sample length may not be as complex

but may lead to lower accuracy due to the loss of critical information in the ECG signal.

Hence, identifying the optimal length is essential.

Furthermore, the table shows the results of the experiment conducted on varied lengths

of sample size on three di↵erent subsets. The model’s accuracy in the subset D1 was

highest when the sample length was 300 data points, with training accuracy of 100%

and testing accuracy of 96%, respectively. However, the model’s accuracy remained

relatively high across all sample lengths for all types of data. Moreover, it indicates

that smaller sample lengths generally lead to slightly lower accuracy for train and test

data in some sample lengths. The accuracy is significantly increased for unseen data in

subset D2 and D3 when smaller sample sizes are employed. The results indicate that

the model achieved the highest accuracy for unseen data when the sample length was

250, with an accuracy of 82.5% in D2 and 85.7% in D3.

Figure 3.3 illustrates the performance metrics for CAD detection in D2 and provides

valuable insights into the model’s e↵ectiveness. With an overall accuracy of 82.5%, the

model demonstrates a solid capability in distinguishing between CAD and NON-CAD

instances, although some misclassifications remain for both classes. The misclassifica-

tion rate of 17.5% indicates room for improvement in accurately categorising cases. A

precision of 85% represents that when the model identifies a positive case as CAD, it

is correct approximately 85% of the time, showcasing its ability to minimise false pos-

itives. A recall of 80% reflects the model’s success in capturing about 80% of actual

CAD cases, which is crucial for avoiding missed diagnoses. Additionally, a specificity of

84% highlights the model’s proficiency in accurately identifying negative cases, implying

a satisfactory ability to distinguish NON-CAD instances.

Overall, the results suggest that a sample length of 250 data points might be optimal

for achieving the highest accuracy in subsets D2 and D3 while still maintaining high

accuracy for the train and test data in subset D1. This finding could be due to the

presence of key features in the ECG signals that indicate CAD, such as ST segments

and other important ECG features that may be better represented in a sample length

of 250. However, further research is needed to confirm this finding and to explore other

factors that might impact the model’s performance.

Table 3.4 provides a comparative overview of the performance of three distinct ap-

proaches for CAD detection using the MIMIC III dataset. The baseline 1D-CNN ap-

proach described in [9], when evaluated on our dataset, demonstrates a reasonable level

of performance, achieving an accuracy of 83% on the training set. This result indicates

its capacity to learn from the training data and identify patterns associated with CAD.
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Table 3.3: An overall performance of 1D-CNN on CAD classification using di↵erent
sample lengths on three subsets.

Sample length

Accuracy (%)

Subset 1 (D1) Subset 2 (D2) Subset 3 (D3)

Train Test Unseen Unseen

150 95.5 85 75.5 81.3

200 94.6 90 73.8 85.6

250 97.3 89 82.5 85.7

300 100 96 71.9 82.4

500 98 82 66.7 63

1000 95.6 89 63.6 65

Figure 3.3: Confusion matrices on dataset D2 with 250-sample length

However, a noteworthy observation is the decrease in accuracy to 74% on the test set.

The complexity of the model could lead to the capturing of irrelevant features during

training, resulting in a noticeable decrease in testing accuracy. The Hybrid CNN-LSTM

approach enhances the ability to identify relevant CAD features by introducing LSTM

layers [9]. This model achieved an accuracy of 94% in both the training and test sets,

indicating e↵ective generalisation and feature extraction capabilities. Lastly, our pro-

posed model demonstrated remarkable accuracy, achieving 97.3% on the training set and
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Table 3.4: Comparison of existing approaches performance on CAD applications using
the MIMIC III dataset.

Architecture
Accuracy (%)

Train set Test set

Baseline 1D-CNN [9] 83 74

Hybrid CNN-LSTM [9] 94 94

Proposed model 97.3 89

Table 3.5: Comparison of dropout layer configurations and probabilities in the pro-
posed model

Architecture
Accuracy(%)

Unseen (D2) Unseen (D3)

no dropout layers 62 60

one dropout (0.2) 68 71

two dropout (0.2) 65 57

three dropout (0.2) 65 62

three dropout (0.2) and a dropout of (0.5) 79 86

89% on the test set. However, the noticeable drop in accuracy on the test set warrants

further exploration and investigation.

In addition, an ablation experiment encompassing diverse configurations of dropout lay-

ers was conducted to evaluate the e�cacy of the integration of these layers on the optimal

sample length, as shown in Table 3.5. The results of these experiments reveal a signifi-

cant improvement in the performance of subset D2, achieved through the incorporation

of four dropout layers, each configured with dropout rates of 0.2 and 0.5. Notably,

this configuration achieves the highest accuracy of 79% in D2 and 86% in D3. This

improvement strongly suggests that adding dropout layers helps enhance the model’s

ability to generalise and e↵ectively addresses concerns about overfitting. However, it is

important to exercise caution when considering the inclusion of more dropout layers or

higher dropout rates, as these adjustments may not necessarily lead to further perfor-

mance gains. In fact, excessive dropout can potentially hinder the network’s learning

capacity. The experimental results demonstrate the e↵ectiveness of the 1D-CNN model

in accurately classifying ECG data into CAD and NON-CAD categories, regardless of

the sample length. The model achieved balanced performance for both train and test

data across all sample lengths, with the highest accuracy observed when the sample
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length was set to 250 data points. This indicates that the model was able to learn and

generalise well from various ECG samples, regardless of their length. Interestingly, the

experimental findings suggest that reducing the sample length leads to a slight decrease

in the accuracy of both train and test data. However, this is compensated by a signifi-

cant improvement in the accuracy of unseen data, highlighting the potential for better

generalisation of the 1D-CNN model with smaller sample sizes.

Additionally, we conducted an extensive examination of the model’s complexity, as il-

lustrated in Table 3.6. The Baseline 1D-CNN and the Hybrid CNN-LSTM models, each

comprising 14 layers, exhibit significant di↵erences in parameter usage [9]. The Baseline

1D-CNN employs 0.4 million parameters, while the Hybrid CNN-LSTM utilises 4 million

parameters and achieves 83% and 94% accuracy, respectively. However, the proposed

model features a relatively complex architecture with 12 layers and 8 million parame-

ters. Remarkably, despite its relatively lower complexity and the smaller dataset size,

it attains an impressive accuracy rate of 89%. Although the proposed model improves

over the Baseline 1D-CNN, it is outperformed by the hybrid CNN–LSTM in accuracy.

Furthermore, the proposed model requires significantly more computational require-

ments due to the increased number of convolutional layers and parameters. However,

significant temporal downsampling reduces the computational cost in terms of FLOPs

compared with the Hybrid CNN-LSTM and Baseline 1D-CNN approaches. With only

65,792 FLOPs, our proposed model achieves outstanding performance, surpassing the

accuracy of the Baseline 1D-CNN and Hybrid CNN-LSTM. This e�ciency translates

into a more cost-e↵ective and energy-e�cient deployment, making it an attractive op-

tion for real-world applications. However, it is important to note that a direct correlation

between a number of parameters and FLOPs is not definitively established. Increasing

these factors does not consistently lead to better performance.

To summarise, the proposed model emerges as a suitable choice, distinguished by its

exceptional computational e�ciency, high accuracy, and resource-e�cient design in con-

trast to the remaining models in the table. It successfully balances complexity and

performance, o↵ering a practical and cost-e↵ective solution for real-world applications.

3.5 Conclusion

Given the absence of precise CAD biomarkers, identifying robust classification features

becomes crucial. Our study in this chapter highlighted the importance of extracting

discriminative CAD features from ECG signals, while also emphasising the challenge

of ECG-based CAD detection, as definitive ECG features are not consistently present
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and some patients with CAD may present with normal ECG recordings. Exploring

alternative ECG channels for CAD detection is also deemed essential. Extracting CAD-

specific data from diverse patient records in the MIMIC III database proved challenging

due to the varied ECG storage methods across channels. This study highlights the

importance of feature extraction techniques and their influence on model performance,

and also indicates that other factors, such as the number of ECG leads, sample size

and underlying medical conditions, may have a significant impact and therefore require

further investigation. One of the most pivotal aspects to further address is reducing

network complexity, as it is directly correlated with model accuracy. This aspect will be

addressed from Chapter 5 onwards, where the development of lightweight models and

the minimisation of network complexity are explored in depth.



Chapter 4

Enhanced Coronary Artery

Disease Classification through

Feature Engineering and

One-Dimensional Convolutional

Neural Network

4.1 Overview

Based on the findings in Chapter 3, which highlighted limitations in both diagnostic

accuracy and model’s complexity, this chapter propose a novel learning-based model for

CAD diagnosis using only ECG signals. The proposed method works based on a 1D-

CNN, o↵ering a cost-e↵ective alternative for sophisticated cardiac health monitoring.

This study is motivated by the urgent need for more accessible and cost-e↵ective methods

for diagnosing CAD, which remains a leading cause of mortality worldwide. Existing

CAD diagnostic tools rely on costly and complex biomarkers and scanners.

Furthermore, we introduce the concept of feature engineering to improve the quality

of the model training process and mitigate the challenge of ill-conditioned ECG data.

Unlike existing approaches, which often overlook signal quality, our model applies a

smart feature engineering, ensuring that only diagnostically reliable signals are used.

This design improves robustness, generalisability, and suitability for real-world clinical

settings.

63
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Utilising one of the most complex publicly available datasets, i.e., MIMIC III, sourced

from PhysioNet, the performance of the proposed model, along with existing ones in

classifying potential cases of CAD and NON-CAD is investigated. Our findings confirm

that the proposed model exhibits outstanding performance, highlighting the e↵ectiveness

of our integrated FE approach with the CNN model. Moreover, our investigation extends

to a thorough comparative analysis between the proposed model and existing models,

aiming to discern their respective strengths, weaknesses, and overall performance on

CAD applications.

4.2 Related works

A hybrid CNN-LSTM architecture is introduced for the detection of CAD, utilising

anomalous ECGmorphology and irregular HRV to discern CAD and NON-CAD cases [9].

Additionally, the CNN-LSTM architecture is applied for CAD identification [6]. How-

ever, the diagnostic accuracy of CAD is impeded by constraints in the available data,

as public resources provide only limited datasets and lack certain definitive biomarkers.

Several studies have implemented 1D-CNN for the automated detection of CAD, aiming

to enhance diagnostic accuracy and improve patient outcomes. In [134], an automated

CAD diagnosis system utilising 1D-CNN is presented, showcasing notable outcomes in

accuracy and computational e�ciency. The 1D-CNN approach e↵ectively distinguished

between CAD and NON-CAD subjects. The integration of feature extraction techniques

into their proposed model yielded promising accuracy levels. Nevertheless, the training

process of the model proved to be time-intensive and demanded a substantial volume of

data.

A deep neural network, with its layered structure and various activation functions, learns

to recognise patterns at di↵erent levels of complexity within the ECG signals. Specif-

ically, the CNN stands out for its ability to extract and identify features within ECG

signals, making it highly e↵ective for tasks such as diagnosing cardiac conditions and pre-

dicting patient outcomes based on ECG data. The CNN architecture has been devised

to diagnose various CVDs applications, including arrhythmia conditions [160, 203–205],

AF [139], and CAD [6, 9, 134, 206]. The performance evaluation of the CNN model relies

on its capacity to accurately process input signals and produce the intended prediction.

This evaluation focuses on how e↵ectively the CNN interprets and manages the pro-

vided ECG signals to classify potential classes. An 11-layer CNN model, combined with

DWT, achieved an accuracy of 94.95% in 2-second segments and 95.11% in 5-second

segments. The DWT with the Daubechies 6 (db6) mother wavelet was employed on
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the ECG signals to mitigate noise and baseline wander [134]. The CNN model pos-

sesses the capability to extract features from ECG signals, but its e�cacy depends on

the quality of the ECG data. When data is corrupted by noise and artefacts, it com-

promises the model’s learning capacity. Thus, preprocessing methodologies, including

DWT [133, 134], various entropy computations [207], and the Fourier transform [53],

are applied to enhance the quality of the signal before its incorporation into the CNN

model.

Due to a significant shortage of available CAD data, a relatively small group of re-

searchers have conducted their work on CAD diagnosis [6, 134, 208]. Even among these

works, many studies have focused on detecting arrhythmia [160, 205], congestive heart

failure [209], AF [139] and MI [42].

A recent study proposed a CNN–LSTM–SE architecture for classifying heart failure

severity using lead II ECG signals from the MIMIC III database [48]. While the focus

was on heart failure, it demonstrates the e↵ectiveness of applying deep learning meth-

ods to ECG data from MIMIC III. Other recent studies have also explored classification

tasks using MIMIC III, including a multimodal contrastive learning approach that com-

bines ECG signals with clinical text for arrhythmia detection [210], and a traditional

k-NN method using handcrafted ECG features for atrial fibrillation identification [211].

These studies highlight the potential of MIMIC III for ECG-based classification. Yet,

despite its widespread prevalence, very limited attention has been given to CAD [31].

The main focus of many existing studies relies on these heart diseases, primarily due to

the availability of datasets as previously mentioned. Furthermore, these diseases are eas-

ily distinguishable into potential classes due to their specific and distinctive biomarkers.

On the contrary, CAD, which lacks certain biomarkers, presents more formidable chal-

lenges. Recent deep learning approaches to CAD detection have primarily focused on

deeper CNN architectures, often overlooking critical factors such as signal quality issues

and real-time applicability [212]. This study addresses these limitations by proposing a

streamlined 1D-CNN architecture, designed for CAD detection. By targeting this un-

derexplored area, the study contributes to closing a notable gap in the current literature.

In this study, we aim to design a specific deep learning-based model for accurate coronary

artery disease classification. The summary of the contributions is as follows:

• A smart FE is proposed to remove unwanted and noisy ECG segments prior to

model training, improving data quality and overall model reliability.

• A novel and streamlined 1D-CNN architecture is developed, integrated with the FE

module for CAD diagnosis. This integration enhances noise tolerance, improves
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generalisability to unseen data, and supports e�cient deployment in real-time

settings.

• The MIMIC III dataset is prioritised for CAD diagnosis, with extensive prepro-

cessing conducted to address the complexity and noise inherent in its ECG signals.

• To verify the e↵ectiveness of our proposed model, we conduct a comparative anal-

ysis of classical machine learning models alongside existing CNN-based models on

well-established datasets.

• A one-class evaluation is conducted to assess the model’s ability to distinguish CAD

from NON-CAD cases, reflecting realistic screening scenarios in clinical practice.

• A cost-e↵ective and time-e�cient diagnostic pipeline is designed to support scal-

able CAD screening, particularly in clinical and resource-constrained settings.

Moreover, while much of the existing literature focuses on arrhythmia classification

using ECG signals, the proposed model is specifically developed for CAD detection,

which is a clinically significant yet relatively underexplored application. Our primary

aim is to develop a cost-e↵ective and time-e�cient diagnostic tool suitable for use in

real-world healthcare environments. To facilitate clinical use, the proposed model is

designed for fully automated operation, enabling rapid and accurate CAD diagnosis to

support improved the standard of patient care. Additionally, the model’s robustness

is evaluated under varying conditions by comparing its performance on data with and

without FE techniques.

4.3 Materials and Methods

The proposed method comprises three key phases: data preparation, feature engineer-

ing, and developing a deep learning model. We aim to design and implement a model

to classify CAD using ECG signals, based on a comprehensive series of experiments.

Subsequent sections will provide detailed explanations of each step.

4.3.1 Data preparation

The primary source for training and testing ECG data is derived from the MIMIC III

and Fantasia databases, accessible on the PhysioNet website [199, 200]. Around 2,840

patients, comprising roughly 7.1% of the total hospital admissions, have been identified

within the MIMIC database as individuals diagnosed with coronary atherosclerosis in

the native coronary artery. On the other hand, the Fantasia database is characterised
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by a cohort consisting of 40 individuals, with an equal distribution of 20 young and 20

adult patients. The acquisition of ECG signals is facilitated by employing ECG sensors.

The ECG electrodes are strategically positioned on the patient’s body, enabling the

sensors to accurately capture the activity of the heart. The ECG signal consists of the

P wave, representing atrial depolarisation; the QRS complex, indicating ventricular de-

polarisation and contraction; and the T wave, demonstrating ventricular repolarisation

and relaxation. ST depression indicates significant coronary artery lesions, highlight-

ing a critical need for an early invasive treatment. Moreover, ST elevation displays

a complete blockage of the artery, indicating CAD, MI, or a heart attack. To create

a balanced dataset for each class, forty patients were meticulously selected from each

respective database and partitioned into 1-second segments of ECG data, resulting in ap-

proximately 500,000 seconds. Maintaining class balance is crucial for minimising model

bias and ensuring reliable detection of minority class instances. In the presence of class

imbalance, the model may exhibit reduced sensitivity to CAD cases, potentially compro-

mising diagnostic performance. The segmentation process facilitates a thorough analysis

of the dynamic changes and patterns within ECG signals over short time frames. This

approach has been widely employed in most of the previous works to ensure consistency

in the ECG signal [6, 148, 213]. Hence, in our study, the ECG data was segmented

into small segments to maintain consistency. The aim is to guarantee that each seg-

ment contains a complete ECG cycle, without relying on QRS detection [148]. These

segments will be employed to apply FE techniques, which include Sample Entropy and

Standard Normalisation, to systematically eliminate irrelevant and noisy ECG data that

may potentially a↵ect the predictive accuracy of the model (see next section).

4.3.2 Feature Engineering

ECG signals are fundamental clinical tools for diagnosing cardiac diseases. However, the

integrity of these signals is frequently compromised by prevailing challenges, including

baseline drift, muscular interferences, powerline artifacts, and electrode motion disrup-

tions. These challenges have a significant negative impact on the quality of ECG signals,

rendering specific segments of the data inadequate for precise diagnosis [134, 214]. As a

result, poor ECG signal quality may hinder reliable assessment of an individual’s cardiac

health status and delay the identification of underlying cardiac conditions. FE plays a

significant role as it assists in removing missing or inconsistent ECG data resulting from

human and equipment errors. It aids in transforming raw ECG data into informative

features, which enable the model to better capture underlying patterns and improve its

predictive accuracy. Sample entropy serves as a metric utilised to assess the quality of

time series data. Its e�cacy in mitigating noisy ECG channels has been demonstrated



68

in previous research [59]. Furthermore, standard normalisation is employed to eliminate

flat time series data and to mitigate any potential data that could impact accuracy. The

computation of sample entropy is presented as follows in Equation 4.1.

SampEn = � ln

 PN�m
i=1 Q

m
i (r)

PN�m+1
i=1 P

m+1
i (r)

!
(4.1)

where SampEn indicates the quality of the ECG signals. N represents the number of

samples within each 1-second ECG segment. m refers to the embedded dimension, which

represents the length of consecutive samples or data points analysed together. Q
m
i (r)

quantifies the instances of vector pairs of dimension m whose mutual distance falls below

a predefined threshold r, suggesting a degree of similarity or regularity within the signal.

P
m+1
i (r) quantifies the number of vector pairs of dimensionm+1 that are similar within a

predefined threshold level r, thereby extending the comparison to sequences of increased

length. A value of r =0.1 was employed in this chapter, consistent with prior literature

suggesting that values within the range of 0.1 to 0.25 are e↵ective for preserving the

quality of ECG signals [215].

Standardisation is then applied to minimise flat regions and noisy artifacts in the ECG

signals, thereby improving the representation of key morphological features. The com-

putation of standard normalisation is detailed in Equation 4.2.

� =

vuut 1

N � 1

NX

i=1

(xi � x)2 (4.2)

where � also indicates the quality of the ECG signals, N is the number of signals, x is

the average of a given signal, and xi is the signal value at the i
th position.

To summarise, FE using SampEn and standard normalisation was employed to remove

ECG segments that exhibited flat lines or an absence of clear clinical features. These

artefacts were caused by baseline wander, motion noise or poor electrode contact during

signal acquisition. Although DL-based models perform automatic feature extraction,

FE was applied to improve signal quality by removing low-information ECG segments.

This step ensures that the input retains clinically meaningful waveform components,

thereby enhancing model robustness and generalisability.

Importantly, FE is applied during both training and prediction to ensure that only

clinically relevant and high-quality ECG segments are used. This consistency improves

the model’s robustness and generalisability in real-world clinical applications. In clinical
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(a) Exemplary ECG Signal Demonstrating High Quality

(b) Exemplary ECG Signal Demonstrating Poor Quality

Figure 4.1: Signal Quality Evaluation: ECG signals with sample entropy below the
threshold (r = 0.1) were retained for further processing.

use, it also enables the system to focus on meaningful ECG input and reduces the risk

of misclassification caused by noise or incomplete signals.

From a physiological perspective, ECG changes associated with CAD are often subtle

and may appear as small variations in waveform shape or temporal behaviour. Retaining

ECG segments with su�cient signal complexity therefore helps to preserve diagnosti-

cally relevant information that might otherwise be obscured by noise or low-information

signals. In this study, SampEn is used as a signal-quality metric to assess temporal

complexity, while � is applied to identify and remove flat or low-variance ECG segments

that do not contain meaningful cardiac information.

Figure 4.1 presents a comparison of exemplary ECG signals, showcasing examples of

both high-quality and poor-quality signals. FE is applied to the 1-second ECG segments

generated in the previous step. The threshold r is set at 0.1, which is used to determine

the quality of the signal. Signals with a value less than r are classified as high-quality
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(a) Poor-Quality ECG Signal with flat line

(b) Good-Quality ECG Signal without flat line

Figure 4.2: Signal Quality Evaluation: ECG signals with standard normalisation
above threshold (r = 0.1) were retained for further processing.

signals. The segments in which ECG signals fail to meet the specified threshold r are

excluded. In Figure 4.1(a), an exemplary ECG signal demonstrating high quality is de-

picted. This signal displays distinct ECG features, such as well-defined cycles containing

QRS complexes and other waveforms. Conversely, Figure 4.1(b) illustrates an exemplary

ECG signal demonstrating poor quality. This signal is characterised by the absence of

clear ECG features, and it contains noise patterns indicative of potential recording or

signal acquisition issues. Therefore, it is crucial to ensure the reliability of ECG signals

in subsequent processes, as it helps mitigate the risk of generating inaccurate predictive

outcomes.

Figure 4.2 illustrates a comparison of the quality of ECG signals after applying standard
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normalisation to remove remaining noise and flatness. A signal is retained as high quality

if its standard deviation exceeds the threshold r. Conversely, signals with the standard

deviation below the threshold r are excluded. This FE technique is employed to eliminate

any flatness present in the signal, thereby reducing the risk of low predictive accuracy.

It serves as an optional approach to ensure signal cleanliness, aimed at preserving signal

integrity and thereby enhancing the model’s capacity for pattern recognition. After

applying the FE techniques, the retained ECG signal is then inputted into the proposed

model for the classification of CAD and NON-CAD cases.

4.3.3 CNN model

The CNN architecture employed in this chapter follows the same design as the model

proposed in Chapter 3 and is evaluated here under di↵erent experimental conditions. A

CNN model consisting of four convolutional layers, a max-pooling layer, four dropout

layers, a flattened layer, and a fully connected dense layer was designed. ECG signals

are taken as input to the first layer of the convolutional layer. The convolutional layer

was used to learn and extract patterns of two possible classes (CAD and NON-CAD).

The output of the convolutional layer is calculated as:

y(n) =

8
<

:

Pk
i=0 x(n+ i)h(i), if n = 0

Pk
i=0 x(n+ i+ (s� 1))h(i), otherwise

(4.3)

where y(n) represents the output signal at position n within the convolutional layer, x(n)

denotes the ECG input signal, and h(i) signifies the convolutional kernel—a collection

of learnable weights that the CNN acquires during training for feature extraction from

the input signal x(n). The parameter k corresponds to the size of the convolutional

kernel, determining the receptive field, which defines the spatial area over which the

filter operates on the input signal. s represents the stride length, indicating how the

convolutional kernel moves through the ECG signal. s is set to 1 by default, indicating

that the kernel progresses through the input signal with each step equivalent to the size

of one ECG sample.

Figure 4.3 illustrates that the initial convolutional layer consists of 512 filters with a

kernel size of 32, while the subsequent layers consist of 256 filters, each with the same

kernel size. The ReLU activation function was used in the convolutional layers to in-

troduce non-linearity into the model, thereby aiding in the comprehension of intricate

patterns within the ECG signal. Three dropout layers with a rate of 0.2 were added

after the convolutional layers to prevent overfitting. The max pooling layer with a pool
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size of 128 was then applied to reduce the spatial size of the feature maps and improve

generalisation by selecting the maximum value within a window size. The flattened out-

put was then passed to a fully connected layer, consisting of 128 neurons and employing

the ReLU activation function. To further prevent overfitting, an additional dropout

layer with a rate of 0.5 was incorporated before the final output layer. The final layer

comprises two neurons and utilises softmax activation, enabling the model to classify

input data into one of two potential classes, thereby representing the probabilities of the

input belonging to each class.

A binary cross-entropy loss function is used for CAD and NON-CAD classification due

to its ability to handle binary classification tasks as shown in (4.4).

BinaryCrossEn = � 1

N

NX

i=1

(li log(pi) + (1� li) log(1� pi)) (4.4)

where N is the number of samples in the corresponding ECG segment. li is the true

label for ECG signals i, where li 2 {0, 1}. li = 0 represents a NON-CAD case, indicating

the absence of CAD features in the ECG signal i. Conversely, li = 1 exhibits a CAD

case, representing the existence of relevant CAD features in the ECG signal i. pi is

a predicted probability that ECG signal i belong to class 1. It facilitates the model

in determining its predictive certainty, thereby refining its prediction to achieve better

alignment with the true labels.

4.4 Experimental results

In this section, the performance of the proposed model is evaluated, including classifi-

cation accuracy and comparative analysis with other models.

4.4.1 Experiments

As outlined in Section 4.3.1, forty patients were deliberately sampled from both the

MIMIC and Fantasia databases in identical proportions. Subsequently, the data was

partitioned into 1-second segments (each with N = 250 samples) to enhance accuracy

and focus on temporal aspects. After segmenting the ECG data into 1-second segments

and implementing FE techniques, two distinct subsets of data are generated for the

experiments: D1 and D2. The first subset (D1) comprises 100 CAD samples and 100

NON-CAD samples, with each sample having a length of 1 second. To assess the model’s

performance robustly, we employed k-fold cross-validation on D1 by partitioning it into
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10 folds. In each iteration, 70% of the folds were used for training, and the remaining 30%

for validation. The partitioning method is extensively utilised due to its dual capacity

to provide substantial training data and allocate su�cient resources for assessing the

model’s ability to generalise. Moreover, subset D2, containing an equivalent number of

samples asD1, was employed for predictive purposes to evaluate the model’s performance

against this unique and previously unencountered data subset. This additional dataset

serves as an unseen dataset used to measure the model’s performance. It has not been

encountered during training or validation, making it crucial for evaluating the model’s

ability to generalise to unseen data.

The hyperparameters used during model training, including learning rate, batch size,

and number of epochs, are summarised in Table 3.2. To evaluate the model, performance

metrics including Accuracy, Error Rate, Precision (Ppr), Sensitivity (Sen), Specificity

(Spr), and F1 Score (F1 ) were used to measure the performance of the classification

model as shown in Equations (2.5) , (2.10) , (2.7), (2.6), (2.8), and (2.9).

4.4.2 Results and discussion

To assess the impact of FE, we conducted ablation experiments. Models trained without

FE exhibited lower accuracy and generalisation, particularly on unseen data (D2), con-

firming the role of FE in reducing irrelevant and noisy components. Table 4.1 demon-

strates the investigation of the model’s performance with and without FE, aimed at

studying its impact on the proposed model. The e↵ectiveness of the proposed model is

notably high, achieving an accuracy of 99.3% on the training set and 98.5% on the test-

ing (D1). Moreover, it showcased robust performance on unseen data from D2, achieving

a noteworthy accuracy of 99.0%. In contrast, the proposed model yielded lower accuracy

when FE was not applied to both datasets, with D2 exhibiting an accuracy of 87.0%.

To summarise this investigation, it proves that applying FE significantly improves the

model’s ability to accurately classify instances of CAD and NON-CAD cases. Particu-

larly, FE facilitates the model in eliminating irrelevant data, thereby mitigating model

potential issues, leading to higher accuracy rates.

Table 4.2 presents a comparative analysis of classical machine learning and deep learning

algorithms and our proposed model on D1 and D2, with and without FE. In the absence

of FE implementation, the proposed model performed admirably on D1, achieving 85.1%

accuracy on the training set and 87.9% on the testing set. It also achieved the highest

accuracy on previously unseen data from D2, reaching 87.0%. Although kNN reported a

higher training accuracy of 96.3% on D1, it demonstrated poor generalisability, with its

accuracy dropping to 49.0% on D2. SVM and K-means also showed reduced accuracy
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Table 4.1: Accuracy Comparison with and without FE on Datasets D1 and D2.

Model
D1 D2

Train (%) Test (%) Unseen (%)

Trained on D1, Tested on D2 without FE 85.1 87.9 87.0
Trained on D1, Tested on D2 with FE 99.3 98.5 99.0
Trained on D1 with FE, Tested on D2 without FE 99.3 98.5 69.0

* FE is a Feature Engineering

without FE; SVM achieved 65.2% on the D1 test set and 63.0% on D2, while K-means

attained 59.1% and 60.0%, respectively. The application of FE notably improved the

performance of all classical models, underscoring their reliance on engineered features

for e↵ective classification.

In comparison to the classical machine learning methods, deep learning models exhib-

ited stronger generalisation across both datasets. Without FE, the LSTM [113] model

achieved a test accuracy of 78.3% on D1 and 77.5% on D2, while the CNN-LSTM [113]

model yielded a comparable accuracy of 79.0% on D2. With FE, these results improved

further, with the LSTM reaching 90.0% and CNN-LSTM achieving 89.0% onD2, demon-

strating the ability of temporal models to learn sequential dependencies directly from

raw ECG signals.

Among all classical machine learning and deep learning models, the proposed model

demonstrates exceptional performance in binary classification on both datasets when

FE is applied, achieving accuracy rates of 99.3% on the training set and 98.5% on the

testing set of D1. Additionally, the trained model demonstrated strong performance by

achieving a classification accuracy of 98.5% on unseen data from D2. SVM and kNN

demonstrated strong performance on D1, obtaining accuracy rates of 95.5% and 96.9%,

respectively. However, kNN struggled to generalise to unseen data from D2, while SVM

maintained its e↵ectiveness, achieving an accuracy of 96.4%. The performance of K-

means is noteworthy, as its performance appears relatively subpar when evaluated on

the training data D1. However, it displays a notable improvement in classifying unseen

data D2, surpassing the performance of the kNN. The investigation reveals that the

proposed model outperformed in the application of CAD, particularly in cases where no

certain biomarker represented its signal. This underscores a significant aspect of classical

machine learning models, as they heavily rely on the extraction of precise features for the

model to e↵ectively capture and learn patterns. Moreover, machine learning is adept at

handling small datasets e↵ectively. Nevertheless, as our dataset scales up considerably,

deep learning emerges as a more appropriate approach owing to its capability to manage

intricate and expansive data structures proficiently. As evidenced by the outcomes of
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(a) on Training Data D1 (b) on Test Data D1

(c) on Test Data D2

Figure 4.4: Confusion Matrix Analysis on D1 and D2

this investigation, it validates and clarifies our reasoning for selecting deep learning over

classical machine learning algorithms in our application.

Figure 4.4(a) illustrates the performance metrics for CAD detection in D1 and provides

valuable insights into the model’s e↵ectiveness. With an accuracy of 99.3%, the model

demonstrates its capability to correctly classify all CAD and NON-CAD instances, in-

dicating solid overall performance with an error rate of 0.7%. The Ppr is 98.5%, indi-

cating that nearly all positive predictions were correct. Similarly, Sen was observed to

be 98.5%, suggesting that the model accurately identified the majority of actual CAD

cases. Additionally, a Spr of 100% highlights the model’s proficiency in accurately iden-

tifying negative cases, implying a satisfactory ability to distinguish NON-CAD instances.
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Moreover, the F1 score, a metric that balances precision and recall, was calculated at

99.01%, indicating a strong overall performance of the model in accurately classifying

both CAD and NON-CAD cases on the training data.

Figure 4.4(b) shows an overall accuracy of about 98.5% on testing data. The model

correctly predicted 34 instances of Class 1. This indicates a strong ability of the model

to identify CAD cases. Similarly, the model correctly predicted 31 instances of class 0,

which demonstrates the model’s e↵ectiveness in identifying NON-CAD cases. There was

1 instance where the model incorrectly predicted class 1 as class 0. This error indicates

a slight issue with the model’s sensitivity to identifying CAD cases.

Figure 4.4(c) illustrates that the model has a high degree of proficiency, achieving an ex-

ceptional accuracy rate of 99.0%. The model accurately predicted CAD for 98 instances

and NON-CAD for 100 instances. Additionally, there were 2 instances where the model

incorrectly predicted NON-CAD as CAD cases, but there were no instances where CAD

was incorrectly predicted as NON-CAD. Notably, the Ppr for class 1 demonstrates a

commendable figure of 98%, indicating the model’s accuracy in identifying CAD cases.

Additionally, the Sen for class 1 is outstanding, signifying that the model successfully

captures all instances of class 1 present in the dataset D2. Furthermore, the F1 score,

which combines precision and recall into a single metric, is approximately 98.99% for

class 1, suggesting a well-balanced performance in this binary classification.

Figure 4.5 demonstrates the confusion matrices used to evaluate the accuracy of our

proposed model in a one-class classification case. The model was trained on a balanced

dataset comprising both CAD and NON-CAD samples. For evaluation purposes, we

tested the classifier on two distinct datasets: one containing only CAD samples, with no

NON-CAD samples, and the other containing only NON-CAD samples. This approach

allows for a clear assessment of the model’s capability to accurately identify each class in

isolation. Figure 4.5(a) demonstrates that the classifier accurately is 99%, with only one

sample misclassified as NON-CAD. Similarly, Figure 4.5(b) illustrates that the classifier

correctly identified 98% of NON-CAD samples correctly. With a true positive rate of

99% for CAD samples and a true negative rate of 98% for NON-CAD samples, the

model exhibits robust performance metrics. The notably low false negative rate in

CAD detection is especially crucial, as it ensures that nearly all patients with CAD are

accurately identified. Similarly, the low false positive rate in NON-CAD detection helps

prevent misdiagnoses.

Figure 4.6 exhibits the performance comparison of classical machine learning algorithms

and our proposed model, evaluated on CAD classification. The k-means model, depicted

in blue, has an Area Under the Curve (AUC) of 0.10, showing weak performance due to

its proximity to the random guess line, suggesting that the model’s performance is not
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(a) on 100 CAD ECG samples

(b) on 100 NON-CAD ECG samples

Figure 4.5: Confusion Matrix: One-Class Testing Performance
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Figure 4.6: Analysis of Classifier E�cacy Through ROC Curve Metrics

much better than random chance. The SVM, depicted in orange, and the kNN, shown

in green, both exhibit a high level of discriminative ability with an AUC of 0.98. The

Proposed model is represented by the red line and has the highest AUC of 0.99, which

suggests that it has the best performance among the models presented. The SVM and

kNN models exhibit strong performance, as evidenced by their high AUC values, indi-

cating their proficiency in e↵ectively discriminating between CAD and NON-CAD cases.

On the contrary, the proposed model exhibits slight enhancements when compared to

SVM and kNN. This improvement stems from the CNN’s ability to automatically ex-

tract relevant features from the dataset, identifying complex patterns and relationships

that SVM and kNN may overlook. Consequently, the proposed model achieves a slightly

higher level of discrimination, resulting in its slightly improved performance. This out-

come is anticipated, as k-means clustering operates by grouping data points according

to their similarity, rather than assigning them to predetermined categories, which is

essential in classification tasks. As a result, among the other models, k-means exhibits

the lowest performance in classifying CAD and NON-CAD cases.

Figure 4.7 illustrates the comparative performance of existing CNN models trained on

the same dataset under identical experimental conditions as the proposed model. Fol-

lowing the findings presented by [216], which demonstrated a 93.33% accuracy rate for
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Figure 4.7: Leveraging Existing CNN Models with FE Applied

AF diagnosis using a 12-layer 1D-CNN architecture, our study aimed to expand upon

this research. Employing the 12-layer CNN model on our datasets resulted in an accu-

racy of 89.4%. Furthermore, a baseline 1D-CNN model as described in [9] is employed

for diagnosing cases of CAD, achieving an accuracy of 87%. In our study, our datasets,

we achieved an accuracy of 86.4%. The proposed model exhibits strong predictive capa-

bilities, achieving the highest accuracy of 99.3% compared to the other models. It also

boasts a precision of 98.5%, sensitivity of 98.5%, specificity of 98.4%, and an F1 score

of 98.5%. Impressively, it maintains a notably low error rate of 0.7%. Comparatively,

the 12-layer 1D-CNN model also demonstrates strong performance, although with a sig-

nificantly higher error rate of 10.6% compared to the proposed model. Furthermore,

the 12-layer 1D-CNN appears to perform better compared to the baseline model. The

baseline 1D-CNN model, on the other hand, falls short with a higher error rate of 13.6%,

suggesting its inferior performance in comparison to the other two models. Therefore,

the observed results indicate that the FE module contributes positively to the perfor-

mance of both the existing CNN models and the proposed model by improving their

ability to discriminate between CAD and NON-CAD cases, leading to enhanced overall

diagnostic performance.

Alongside classification accuracy, computational e�ciency is an important factor in en-

suring a model is suitable for real-world use, particularly in clinical environments where

time and resources may be limited. As shown in Table 4.3, we compared the average

inference time per subject across a range of traditional and deep learning models. All
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Table 4.3: Model inference time comparison for CAD classification

Model Avg. Inference Time per Subject (ms)

SVM 0.051
K-Means 0.132
KNN 1.142
LSTM [113] 28.746
CNN-LSTM [113] 22.194
Proposed model 18.731

experiments were conducted on a machine equipped with an Apple M2 Max proces-

sor and 32 GB of unified memory. While traditional methods o↵er very fast inference

times, they typically underperform in classification accuracy compared to deep learning

approaches, as highlighted in Table 4.2. The proposed model completes inference in

18.731 ms, which is faster than more complex models such as LSTM at 28.746 ms and

CNN-LSTM at 22.194 ms. These results suggest that the model is not only accurate

but also e�cient enough for real-time use, including applications in bedside monitoring

or portable ECG devices where quick and reliable decisions are essential.

Several recent studies have applied machine learning and deep learning techniques to

the detection of CAD [31, 133, 134]. For instance, hybrid CNN-LSTM models have been

used to classify ECG signals, while traditional approaches based on handcrafted features

have also shown promise in early diagnosis [9]. These benchmarking studies reflect the

growing interest in automated CAD detection. In contrast to existing methods, the

proposed model combines FE with a compact CNN architecture, achieving strong clas-

sification performance alongside improved computational e�ciency. This design enables

practical deployment in both clinical and portable settings. By filtering low-quality

ECG segments prior to classification, the method enhances signal relevance while pre-

serving key diagnostic features. Furthermore, the reduced model complexity supports

real-time application, representing a meaningful advancement over previous CNN-based

CAD approaches.

4.5 Discussion

Table 4.4 presents a comparison of recent ECG-based classification models evaluated on

the MIMIC III dataset. While previous studies have addressed various cardiovascular

conditions such as arrhythmia [210], heart failure [48], and atrial fibrillation [211], there is

a notable absence of research focusing specifically on the detection of CAD using MIMIC

III ECG signals. This gap highlights the limited exploration of CAD in large publicly

available clinical ECG datasets, despite its high prevalence and clinical importance. To
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address this, the proposed 1D-CNNmodel is developed and evaluated for CAD detection,

achieving a competitive accuracy of 99.0%. The inclusion of FE contributes to improved

model generalisability by enhancing discrimination between CAD and NON-CAD cases,

thereby demonstrating the potential for automated CAD classification using MIMIC-III

ECG data in this study.

Future studies should consider evaluating model performance across diverse patient

subgroups, including those defined by age, sex, and ethnicity, to enhance both rep-

resentativeness and clinical applicability of the proposed approach. Thus, Chapter 5

will consider the e↵ect of age and sex on model performance to investigate the model’s

representativeness and clinical applicability. Although this study focuses on binary clas-

sification of CAD, examining the model’s performance across di↵erent CAD subtypes

could provide deeper insight into its ability to distinguish between them. Extending

the model to support multi-class classification of these CAD subtypes would be a valu-

able step towards enhancing its clinical usefulness. Therefore, multiple CAD subtypes

will be included in Chapter 6 for further investigation. While this study focuses on

CAD, the approach could also be adapted to detect other forms of heart disease, such

as arrhythmias or heart failure. This potential will be explored further in Chapter 7.

Further studies could investigate alternative segmentation techniques that o↵er signif-

icant insights into ECG CAD signals. Furthermore, focusing on reducing complexity

while maintaining accuracy could enhance real-time health monitoring capabilities for

practical settings, and this will be addressed from Chapter 5 onwards. Following the re-

duction of network complexity, the model will be optimised and deployed the model on a

practical sensing-and-processing device such as STM32F469I-DISCO. With its compact

structure and ability to handle noisy signals, the proposed model is well-suited for use

as a pre-screening tool in clinical settings, where it can assist with the review of ECG

signals before cardiologist assessment. The deployability of models on STM32-based

hardware platforms will be explored in Chapter 6.

4.6 Conclusion

Our study developed a CNN model to classify potential cases of CAD using ECG signals.

By utilising data sourced from PhysioNet, it was revealed that the CNN model could

independently classify binary classes. However, we observed a significant improvement

in its performance when it was preceded by FE and pre-processing of the ECG data. The

performance of the proposed model exceeded that of other CNN models investigated in

our study, highlighting the importance of FEin increasing the model’s ability to learn

and make accurate predictions. Furthermore, our examination of three distinct classical
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machine learning algorithms revealed that the CNN model surpassed these methods

in predicting CAD. These findings indicate the significance of FE in enhancing the

CNN model’s performance, highlighting the CNN model’s superiority over conventional

methods in CAD diagnosis.



Chapter 5

CADNet: A lightweight Neural

Network for Coronary Artery

Disease Classification Using

Electrocardiogram Signals

5.1 Overview

In Chapters 3 and 4, novel 1D-CNN models were introduced with a focus on reducing

model complexity and incorporating FE technique to improve generalisability. How-

ever, further reductions in model complexity are still required, without compromising

diagnostic accuracy. To address these limitations, this chapter introduces a lightweight

one-dimensional convolutional neural network for CAD classification using non-invasive

ECG signals. The proposed model, CADNet, consists of two key components: Feature

Encoding and Compact Pooling. The feature encoding block extracts key temporal

characteristics from ECG data using a convolutional layer, while the compact pooling

block reduces temporal resolution, preserving essential ECG features for CAD diagnosis.

CADNet comes with a novel feature engineering (FE) process to optimise computational

e�ciency and maintain high diagnostic accuracy. This approach aids convergence, sig-

nificantly reduces the model parameters, and improves the model’s ability to detect

CAD patterns. Our extensive experiments with four diverse datasets show that CAD-

Net achieves an average 99.3% accuracy, with 2,586 trainable parameters, surpassing

state-of-the-art models’ performance. This work highlights the potential of CADNet for

real-time CAD detection in low-resource and clinical settings.

86
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5.2 Introduction

Lightweight CNN models have gained attention for ECG classification due to their suit-

ability for resource-constrained devices, o↵ering fast inference and low energy consump-

tion, which are important for real-time diagnosis. While many studies focus on ar-

rhythmia detection using e�cient architectures [173–176], Cao et al. [177] introduced a

lightweight CNN for myocardial infarction detection with reduced complexity and high

accuracy. Models such as SqueezeNet, E�cientNet, MobileNet, and Shu✏eNet have also

demonstrated strong potential for portable ECG applications [123, 178–181].

While these studies contribute valuable insights into the detection of arrhythmias, they

do not directly address the challenges associated with coronary artery disease diagnosis.

Unlike arrhythmias, which often present distinct electrical anomalies, CAD is charac-

terised by subtle ischemic patterns and morphological changes in ECG signals. The de-

tection of CAD requires domain-specific adaptations that extend beyond the capabilities

of conventional arrhythmia-focused CNN models. In this study, we propose a lightweight

one-dimensional convolutional neural network (CADNet) for automated CAD diagno-

sis. Our research distinguishes itself by targeting CAD classification, which presents

unique challenges in early detection due to the absence of overt electrical abnormali-

ties. We propose an advanced lightweight CNN framework that integrates specialised

feature extraction techniques to identify ischemic patterns in ECG signals. By tailoring

the model architecture to CAD-specific markers, we aim to improve diagnostic accuracy

while ensuring computational e�ciency for real-time deployment.

Compared with other existing lightweight models, deep learning-based models and tra-

ditional machine learning algorithms, our model demonstrates advantages in terms of

reduced model size while maintaining high accuracy. This important capability facil-

itates the deployment of CADNet in clinical settings. This is particularly significant

because traditional deep learning models require substantial computational resources,

making them unsuitable and costly for real-time diagnosis and deployment on portable

devices.

CADNet introduces several key innovations specifically tailored for CAD detection, ad-

dressing challenges that conventional arrhythmia-focused CNN models often overlook.

1. Innovative Feature Engineering (FE) Module: We introduce a novel data refine-

ment process that combines sample entropy and standard normalisation, improving

signal quality and computational e�ciency before classification. This significantly

enhances the reliability of CAD diagnosis.
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2. Specialised for CAD Detection: Unlike arrhythmia classification, which often relies

on clear electrical anomalies, CAD detection requires identifying subtle ischemic

patterns in ECG signals. Our model incorporates domain-specific adaptations to

improve sensitivity to these patterns, which are often overlooked by traditional

CNN models.

3. Lightweight Yet High-Performing Architecture: CADNet achieves 99.3% accuracy

with only 2,586 trainable parameters, significantly reducing computational over-

head. This ensures its feasibility for real-time deployment in resource-constrained

environments, an area where many existing deep learning models struggle due to

high computational demands.

4. Novel Architectural Enhancements: Feature Encoding Block: Optimised convolu-

tional layers to capture temporal characteristics relevant to CAD.

5. Compact Pooling Block: A new pooling strategy designed to retain essential ECG

features while improving computational e�ciency.

6. Comprehensive Benchmarking and Generalisation: We rigorously evaluated CAD-

Net across four diverse datasets (PTB-XL, MIMIC-III, St. Petersburg, Fantasia),

demonstrating superior accuracy and robustness. Additionally, we assessed its

performance across di↵erent age groups to confirm its generalisability.

CADNet enables real-time CAD diagnosis, which is important given the often asymp-

tomatic nature of CAD. CAD can develop over extended periods without clear clinical

symptoms, resulting in many patients remaining undiagnosed until the occurrence of

a CAD-related event. Therefore, real-time diagnosis and long-term health monitoring,

when deployed on portable devices, are essential for supporting early detection and for

reducing the workload on healthcare professionals.

The remainder of this chapter is structured as follows. Section 5.3 details the proposed

methodology, including data preparation, purification, model architecture and optimisa-

tion. Section 5.4 describes the experimental setup, performance metrics, datasets, and

results and discussions. Section 5.5 is devoted to drawing limitations of this research.

Finally, Section 5.6 concludes the study.

5.3 Materials and Methods

This section outlines di↵erent steps for comprehensive CAD classification using our pro-

posed CADNet model. Figure 5.1 illustrates the process of classifying binary classes,
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i.e. CAD and NON-CAD, from ECG data. The process initiates with raw ECG sig-

nals, obtained from the MIMIC III, Fantasia, St Petersburg and PTB-XL databases.

For training, the ECG signals are meticulously chosen from MIMIC III and Fantasia

databases, partitioned into 1-second segments and categorised into subsets, as outlined

in Section 4.3.1. For testing, the same procedure is followed, but using St Peterburg

and PTB-XL databases. A novel feature engineering technique is then applied to the

subsets to eliminate noise and irrelevant data (Section 5.3.2). The proposed CADNet

model (described in Sections 5.3.4 and 5.3.3) is subsequently employed to classify the

ECG signals as either indicative of CAD or NON-CAD.

5.3.1 Data preparation

5.3.1.1 Data source

The ECG data used in this study are sourced from four publicly available databases

accessible through PhysioNet: MIMIC-III [199], St. Petersburg [217], PTB-XL [218]

and Fantasia [200]. The details of each dataset are outlined below:

MIMIC-III The MIMIC-III dataset includes a total of 2,840 patients diagnosed with

coronary atherosclerosis in the native coronary artery, accounting for approximately

7.1% of total hospital admissions. ECG recordings from these patients were extracted

and utilised for analysis.

St. Petersburg This dataset consists of 30-minute ECG recordings from 75 subjects,

among whom 7 patients have been diagnosed with CAD. The ECG signals from these

patients were selected for this study.

PTB-XL PTB-XL is a large-scale ECG dataset containing over 20,000 10-second

recordings from approximately 18,000 patients. This dataset includes a variety of cardiac

conditions, providing essential subclasses that support CAD diagnosis.

Fantasia The Fantasia dataset consists of ECG recordings from a cohort of 40 indi-

viduals, evenly distributed between 20 young and 20 adult subjects. This dataset was

used to represent NON-CAD patients in our study.
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5.3.1.2 Data preprocessing and segmentation

ECG recordings from CAD and NON-CAD patients were selected from each database

and segmented into one-second ECG data segments, each comprising N = 250 sam-

ples as shown in Figure 5.2. A similar data selection strategy was used in [6], where

ECG recordings from the Fantasia and St. Petersburg databases were used to represent

normal and CAD subjects, respectively. This segmentation method enables detailed

analysis of the dynamic variations and patterns in ECG signals within short temporal

windows. Such an approach has been widely used to maintain consistency in ECG sig-

nal analysis [6, 148, 213], as it captures the ECG cycle without relying on waveform

detection methods. Following segmentation, a feature engineering process (explained in

the next subsection) was applied to remove irrelevant noise within the ECG segments.

To facilitate classification, a binary label was assigned to each sample:

• Label 0: Non-CAD subjects from the Fantasia database.

• Label 1: CAD-diagnosed subjects from the MIMIC-III, St. Petersburg, and PTB-

XL datasets.

5.3.1.3 Dataset composition for training and evaluation

A primary subset comprising 200 ECG signals was created for training and testing. The

dataset maintains an equal distribution of CAD and NON-CAD subjects, with 100 ECG

signals sourced from the MIMIC-III and Fantasia databases. To ensure robust evalua-

tion, we employed ten-fold cross-validation, a widely used technique in both traditional

machine learning and deep learning. For each fold, the dataset was split 70% for train-

ing and 30% for testing. To mitigate overfitting, dropout and early stopping strategies

were implemented. Training was terminated if no improvement in validation loss was

observed over eight consecutive epochs.

5.3.2 Feature Engineering

Since biomedical data are normally recorded with many unwanted noises and artifacts,

proper feature engineering would play a pivotal role in ensuring the quality and consis-

tency of input data (ECG here). And, the signal quality notably influences the model’s

performance [134, 214]. Consequently, researchers consider implementing various pre-

processing techniques to ensure optimal accuracy.
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(a) ECG signal from MIMIC III.

(b) ECG signal from St Petersburg.

(c) ECG signal from PTB-XL.

(d) Healthy ECG from MIMIC III.

Figure 5.2: Examples of ECG signals from di↵erent datasets used in this study.
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Sample entropy emerges as a prominent method within temporal data applied in pre-

vious studies to enhance signal quality [59, 219]. Unlike standard entropy or approxi-

mate entropy, sample entropy provides a more consistent and robust estimate of signal

complexity, especially in shorter and noisier time-series signals, which are common in

real-world ECG recordings. Here, we propose a feature engineering technique, based on

sample entropy, to facilitate CAD classification, combining the sample entropy concept

and a standard normalisation step. In CADNet, this combination is applied to the raw

ECG data to mitigate artifacts present in the signal. Sample entropy functions as a

metric to evaluate the time series data quality as shown in Equation 4.1. Additionally,

standard normalisation is applied to eliminate flat time series data and mitigate any

potential influences that could a↵ect the model’s accuracy as shown in Equation 4.2.

Figure 5.3 illustrates examples of ECG signals evaluated during the feature engineering

process. Figure 5.3(a) shows a high-quality signal exhibiting appropriate morphological

complexity and variance, with a SampEn below 0.1 and a standard deviation � above

0.1. Figure 5.3(b) presents a signal with SampEn > 0.1, likely due to noise or random

fluctuations. Figure 5.3(c) shows a signal exhibiting flatness, with a � < 0.1. Only

signals that met both criteria were used for further analysis.

To further quantitatively evaluate the impact of feature engineering, the average Root

Mean Squared Error (RMSE) was calculated between the original ECG signals and the

processed ECG signals after the feature engineering process, for both CAD and NON-

CAD cases. RMSE represents the average di↵erence between the original and processed

ECG signals over time and provides a quantitative measure of how much the waveform

changes as a result of feature engineering. The RMSE was 3.66 for CAD and 4.26 for

NON-CAD signals. These relatively low values suggest that the feature engineering

step e↵ectively removed inappropriate ECG segments while preserving the overall ECG

waveform structure. The slightly higher RMSE in the NON-CAD cases may be due

to the more regular and stable patterns typically found in healthy ECG signals, which

can be more easily removed during the feature engineering. However, this does not

compromise the model’s ability to learn from the ECG signals. Importantly, the RMSE

values remain low, indicating that any changes introduced by feature engineering are

minor and unlikely to a↵ect diagnostically relevant ECG features in both CAD and

NON-CAD cases. Visual inspection confirmed that key clinical components, such as the

P-wave, QRS complex, and T-wave, remained clearly visible.
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(a) Signal with SampEn < 0.1 and � > 0.1

(b) Signal with SampEn > 0.1

(c) Signal with � < 0.1

Figure 5.3: Examples of ECG signals during the feature engineering process. Signals
with SampEn < 0.1 were considered to exhibit appropriate complexity, while a standard
normalisation threshold of � > 0.1 was used to exclude flat signals. Only ECG signals

satisfying both criteria were retained for further analysis.
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5.3.3 Lightweight deep learning architecture

Figure 5.4 illustrates the operational framework of our CADNet model. It is a lightweight

1D-CNN designed for e�cient and e↵ective CAD detection and optimises computational

resources while delivering robust performance in a CAD classification task. The pro-

posed CADNet model consists of two main blocks: Feature Encoding and Compact

Pooling layers. These components enhance the model’s robustness to noise and fluc-

tuations in ECG signals, thereby improving its ability to classify CAD with precision

and e�ciency. The fully connected layer comprises two neurons and utilises Softmax

activation, facilitating the classification of the input ECG signal into one of two poten-

tial classes, thereby representing the probabilities of the input belonging to each class.

Furthermore, a dropout layer is incorporated between the primary blocks to augment

the model’s capacity for generalisation.

Feature Encoding block plays a crucial role in transforming raw ECG input data into a

higher-dimensional feature space, e�ciently capturing critical temporal patterns while

minimising dimensionality. This layer preserves essential diagnostic characteristics, in-

cluding P waves, QRS complexes, and T waves, facilitating the e�cient extraction of

significant ECG features with minimal computational cost. This block is a convolutional

layer consisting of 16 filters. Each filter is responsible for identifying specific patterns

or features within ECG data. The kernel size for each filter is set to 28. Consequently,

during each convolution operation, the filter examines a window of 28 consecutive ECG

samples from the ECG signal. This approach enables the filter to capture local patterns

or features within the ECG signal that may indicate particular cardiac events or ab-

normalities of CAD. ReLU activation functions are employed within the block for their

simplicity and computational e�ciency. These functions introduce non-linearity to the

model, facilitating the learning of complex patterns in the data while managing com-

putational capacity e↵ectively. The output of the feature encoding layer is calculated

as:

yi =
KX

h=1

xi+h�1 · wh + b (5.1)

where yi represents the output signal at ith position within the feature encoding layer.

K denotes the number of weights within the filter, determining the size of the window

that slides the input ECG signal. The index h represents the position within the filter.

xi+h�1 represents each element of the ECG input aligned with a specific weight in the

filter, denoted by wh, during the computation of the output signal at i position. The

bias term, represented by b, is initialised to zero. This initialisation enables the model to

achieve greater flexibility in fitting the ECG data by adjusting the activation function.
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The compact pooling layer is employed to reduce the temporal resolution of the ECG

signals, refine the extracted features, and ensure that only the most relevant information

for classification is passed to subsequent layers. This layer comprises max pooling,

convolutional, and layer normalisation layers. The max pooling layer is introduced to

operate within sliding windows of size 3, e↵ectively reducing the temporal resolution

of the signal while preserving essential temporal ECG features. Subsequently, a one-

dimensional convolutional layer with a filter size and kernel size of 8 each is employed.

The ReLU activation function is then applied to facilitate the detection of complex

patterns indicative of CAD. Finally, layer normalisation is used to ensure promoting

convergence and enhancing the model’s ability to discern relevant CAD patterns in the

ECG data. The layer normalisation can be computed via:

yi = �

✓
xi � µp
�2 + ✏

◆
+ � (5.2)

where yi represents the output signal of the normalisation layer for the i
th position.

Learnable parameters are denoted by � and �, respectively. xi indicates the input signal

at ith position. µ represents the average of the input signal. �2 denotes the variability or

dispersion of ECG features, where ✏ would be a small constant added to the denominator

for numerical stability, ensuring that the denominator is never zero or too close to zero

during computations.

5.3.4 Optimisation

The model is trained using binary cross-entropy loss, the Adam optimiser, ReLU and

Softmax activation functions. The hyperparameters employed during model training,

including learning rate, batch size, and number of epochs, are provided in Table 5.1. A

binary cross-entropy (BCE) loss function is employed for CAD and NON-CAD classifi-

cation purposes due to its e↵ectiveness in handling binary classification tasks:

BCE = � 1

N

NX

i=1

(li log(pi) + (1� li) log(1� pi)) (5.3)

where N represents the total number of samples contained within the respective ECG

segment. li denotes the actual label assigned to ECG signals i, where li 2 {0, 1}. li = 0

corresponds to a NON-CAD case, indicating the absence of CAD features within ECG

signal i. Conversely, li = 1 indicates a CAD case, signifying the presence of relevant

CAD characteristics in ECG signal i. pi denotes the anticipated probability that ECG

signal i is associated with class 1. It assists the model in determining the accuracy of
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Table 5.1: Hyperparameters used for model training

Hyperparameter Value

Learning Rate 0.0001

Batch Size 32

Number of Epochs 50

Optimiser Adam

Loss Function Binary Cross-Entropy

Hidden Layer Activation ReLU

Output Layer Activation Softmax

its predictions, thereby facilitating adjustments to enhance its predictive capability to

align more closely with the actual labels.

Adam optimiser was utilised to enhance the e�cacy of training our CADNet, employing

a learning rate of 0.0001. Its capability to dynamically adjust learning rates for individ-

ual parameters ensures proficient optimisation, accommodating the nuanced gradients

inherent within ECG data.

ReLU activation function, a key component of convolutional layers due to its simplicity

and e↵ectiveness, is presented via:

ReLU(x) = max(0, x) (5.4)

where an ECG input signal represented by a vector x = [x1, x2, . . . , xn]. ReLU trans-

forms negative inputs to zero while preserving positive inputs, rendering it computa-

tionally e�cient and ensuring di↵erentiability across its domain, except at zero. This

capability facilitates the network in capturing intricate patterns and features inherent

in ECG data.

5.4 Experimental results

Extensive experiments were conducted to evaluate the performance of the proposed

model. A machine equipped with an Apple M2 Max processor and 32 GB of unified

memory was used to run all the experiments. The implementation was carried out using

Python 3.9.6. We also provide comparative analyses with classical machine learning

algorithms, existing DL-based models, and well-known lightweight models. Table 5.1

summarises the hyperparameters used in our experiments.
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In this study, standard classification metrics were employed, namely accuracy (Acc),

precision (Ppr), Sensitivity (Sen), Specificity (Spr), and F1 Score (F1 ) for evaluating

the classification performance as shown in Equations (2.5), (2.7) , (2.6), (2.8), and (2.9).

5.4.1 Ablation study

Table 5.2 provides an ablation study to systematically evaluate the e↵ectiveness of dif-

ferent developments we applied to the baseline 1D-CNN [31], leading to the proposed

CADNet model. As found from Table 5.2, the baseline 1D-CNN model achieved a high

accuracy of 99.3%, requiring approximately 8 million trainable parameters, a size of

32,190 KB, and a runtime of 854.8449 seconds. This highlights its substantial com-

plexity, runtime demands, and storage and computational requirements, making it com-

putationally intensive and unsuitable for resource-constrained environments, such as

wearable devices or real-time monitoring systems. To address this limitation, we de-

veloped a lightweight model through a feature encoding layer. This new architecture

reduces the trainable parameters to 8,552, with a size of 33.41 KB, while reducing the

accuracy to 97.8% (Table 5.2). This suggests that the feature encoding layer could

significantly lower parameters at a price of a slight reduction in accuracy compared to

the baseline 1D-CNN. To further improve the model performance, the feature encod-

ing layer and compact pooling were integrated to attempt a further reduction in the

number of trainable parameters while maintaining accuracy. The integration of these

two layers successfully reduced the number of trainable parameters and size (Table 5.2).

We have implemented several robust regularisation techniques in our proposed CADNet

architecture to avoid overfitting. Specifically, we have employed:

• Dropout tuning: We have incorporated dropout layers within our model archi-

tecture. By randomly deactivating neurons during training, these layers reduce

the model’s dependency on any single feature, thereby enhancing its ability to

generalise to unseen data.

• Early stopping: To further mitigate overfitting, we applied an early stopping mech-

anism. Training is terminated if no improvement in the validation loss is observed

over eight consecutive epochs. This prevents the model from training excessively

on the training data and helps in avoiding overfitting.

• Model e�ciency: As detailed in Table 5.2, CADNet features a minimal number of

trainable parameters and a compact storage size, which naturally limits the model’s

capacity to overfit. Despite these constraints, our model achieved an accuracy of

99.3% and maintained a runtime of 10.0856 seconds, making it highly suitable for

real-time CAD diagnosis in devices with limited computational resources.



100

T
a
b
le

5
.2
:
A
b
la
ti
on

an
al
ys
is

am
on

g
th
e
b
as
el
in
e
1D

-C
N
N

m
od

el
an

d
d
i↵
er
en
t
la
ye
rs

of
th
e
p
ro
p
os
ed

C
A
D
N
et
.

M
o
d
el

A
rc
h
it
ec

tu
re

T
ra

in
a
b
le

p
a
ra

m
s

S
iz
e

A
cc

(%
)

R
u
n

ti
m
e
(s
)

B
as
el
in
e
1D

-C
N
N

[3
1]

8,
43

9,
42

6
32

.1
9
M
B

99
.3

85
4.
84

49
F
ea
tu
re

E
n
co
d
in
g
la
ye
r

8,
55

2
33

.4
1
K
B

97
.8

5.
09

11
F
ea
tu
re

E
n
co
d
in
g
la
ye
r
+

C
om

p
ac
t
P
oo

li
n
g
la
ye
r

2,
58

6
10

.1
0
K
B

98
.5

8.
34

67
C
A
D
N
et
:
F
ea
tu
re

E
n
co
d
in
g
la
ye
r
+

C
om

p
ac
t
P
oo

li
n
g
la
ye
r
+

D
ro
p
ou

t
2,
58

6
10

.1
0
K
B

99
.3

10
.0
85

6



101

As a result, the model becomes less sensitive to noise in the training set, enabling it

to better generalise to unseen samples. The proposed CADNet (Table 5.2) ultimately

featured a minimal number of trainable parameters and compact storage size, while

maintaining a high level of accuracy at 99.3% with a shortest runtime of 10.0856 seconds,

making it suitable for real-time CAD diagnosis. This significant improvement ensures

its feasibility for devices with limited computational resources, bridging the gap between

high performance and practical applicability.

5.4.2 Computational analysis

Figure 5.5 indicates the impact of each proposed architecture in reducing the number

of trainable parameters. The baseline model was able to achieve an overall classifica-

tion accuracy of 99.3%. However, the number of trainable parameters remains notably

high, indicating significant computational demands. It can be observed that as the pro-

posed feature encoding, compact pooling, and dropout layers are successively added, the

number of trainable parameters decreases from approximately 8 million to 8,552, 2,586,

and 2,586, respectively. Remarkably, even as the model becomes more streamlined with

fewer parameters, its performance remains consistently high, maintaining high accuracy.

This observation underscores the e↵ectiveness of the proposed techniques in optimising

the model’s complexity without compromising its predictive capability.

5.4.3 Comparative study

Table 5.3 illustrates a comparison among di↵erent traditional ML-based, DL-based net-

work and lightweight network architectures. Additionally, it highlights di↵erences in

model size and runtime across various architectures, providing insights into their com-

putational e�ciency and potential suitability for resource-constrained environments.

The models are evaluated based on trainable parameters, file size, runtime and per-

formance metrics including Acc, AUC, and F1 score. The classical ML-based methods

applied to our subset include SVM, Gaussian Naive Bayes, K-Means, KNN, and Logis-

tic Regression. The various DL-based models we compared include LSTM [113], CNN-

LSTM [113], RNN [220], and a baseline 1D-CNN [31]. Moreover, well-known lightweight

networks, including SqueezeNet [178], MobileNetV1 [180], E�cientNetB0 [179] and Shuf-

fleNetV1 [123], are employed to evaluate performance on our subset, alongside our

CADNet model. MobileNetV1 was modified to process one-dimensional ECG signals

by replacing its two-dimensional convolutional layers with one-dimensional operations.

Among the classical ML-based models, Gaussian Naive Bayes and Logistic Regression

are highly e�cient, with small sizes of 8.41 KB and 2.68 KB, minimal or no trainable
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Figure 5.5: Comparison of parameter meter analysis between the established CNN
model and our proposed lightweight model. The chart illustrates the key metrics derived
from the analysis, showcasing the e�ciency and e↵ectiveness of our proposed model in

terms of parameter utilisation.

parameters, and very low runtimes of 0.0039 and 0.0085 seconds, making them suit-

able for resource-constrained environments. Although KNN is relatively large at 353.66

KB and has no trainable parameters, it achieves a quick runtime of 0.0030 seconds.

In contrast, K-Means, the smallest model at 5.24 KB, has a longer runtime of 1.1976

seconds, reflecting trade-o↵s between memory e�ciency and computational speed across

ML-based architectures. The KNN and LSTM models achieve the highest accuracy, at

93.9% and 95.5%, respectively. Gaussian Naive Bayes at 92.4% and Logistic Regression

at 84.8% provide a favourable balance of accuracy and e�ciency. Among the ML-based

models, K-Means, with the lowest accuracy at 75.0%, demonstrates limited predictive

capability. The baseline 1D-CNN exhibits the highest number of trainable parameters

and the longest runtime among DL-based models, totalling 8,439,426 parameters and

854.844 seconds, which signifies the complexity of this model. Conversely, our CADNet

stands out for its notably lighter parameter count, comprising only 2,586 parameters,

thereby hinting at a more streamlined DL-based architectural design. Furthermore,

LSTM, CNN-LSTM, and RNN also exhibit lower trainable parameter counts compared

to the baseline 1D-CNN model. The sizes of the models display significant variabil-

ity, with the baseline 1D-CNN being the largest, totalling 32,190 KB. In contrast, the

CADNet is considerably smaller, occupying only 10.10 KB, while LSTM, CNN-LSTM,

and RNN contain 199.62, 248.55, and 908.82 KB, respectively. The corresponding run-

times for these models are 85.7291 seconds for LSTM, 49.6258 seconds for CNN-LSTM,
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226.0266 seconds for RNN, and 10.0856 seconds for the CADNet model, making our

CADNet model particularly suitable for deployment in resource-constrained environ-

ments where memory limitations are a concern, as it is both significantly smaller in size

and faster than other DL-based models. LSTM achieves an accuracy of 95.5%, which,

while commendable, represents the lowest performance within the group. Conversely, the

CNN-LSTM model, integrating convolutional layers with LSTM layers, demonstrates a

notable enhancement in accuracy, achieving 97.0%. RNN showcases an accuracy closely

approximating that of the CNN-LSTM, at 96.9%. Both the baseline 1D-CNN and the

CADNet achieve the highest accuracy at 99.3%, significantly surpassing the other DL-

based models. This heightened level of accuracy suggests that both models excel in

feature detection and classification, likely attributed to the robust capability of CNN in

extracting crucial features indicative of CAD from ECG data. Additionally, this suggests

that despite its simplicity, the CADNet does not compromise on predictive performance.

To further demonstrate the suitability of the CADNet model for deployment in resource-

limited environments, comparisions are conducted with well-known lightweight models,

including SqueezeNet, E�cientNetB0, 1D-MobileNetV1, and Shu✏eNetV1. The CAD-

Net model exhibits only 2,586 trainable parameters and a runtime of 10.0856 seconds,

achieving the highest accuracy at 99.3%. In contrast, E�cientNetB0, with over 7 million

trainable parameters, achieves a high accuracy of 97% but requires a considerably longer

runtime of 2,081.4195 seconds, highlighting its substantial demand for computational re-

sources. SqueezeNet, 1D-MobileNetV1, and Shu✏eNetV1, with 354,370, 3,167,554, and

753,578 trainable parameters, respectively, exhibit lower accuracy and extended run-

times of 106.2833 seconds, 1,475.6756 seconds, and 106.2833 seconds. These results

highlight the CADNet model’s advantage in achieving high performance with minimal

computational resources.

To further evaluate computational e�ciency, inference time is assessed to evaluate the

suitability of each model for deployment in real-time and resource-constrained environ-

ments. The results indicate that traditional machine learning methods, including SVM,

Gaussian Naive Bayes, Logistic Regression, and KNN, achieve the lowest inference times.

Among ML-based methods, Gaussian Naive Bayes is the most e�cient, requiring only

0.0419 ms per ECG signal. KNN is comparatively slower, averaging 1.0548 ms per ECG

signal. Among DL-based models, the CNN-LSTM shows a good balance between predic-

tion accuracy and speed, with an average inference time of 3.7010 ms per ECG signal.

In comparison, the RNN takes longer, averaging 31.4683 ms per ECG signal, due to

the extra processing required for handling sequences and its larger number of trainable

parameters. Lightweight DL-based architectures, such as SqueezeNet and Shu✏eNetV1,

show relatively fast inference times. In comparison, more complex models, including E�-

cientNetB0 and 1D-MobileNetV1, require much longer, with inference times of 186.4941
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Figure 5.6: Performance comparison of ML-based, DL-based, lightweight models, and
our CADNet model using AUC and F1 metrics to assess class distinction and predictive

e↵ectiveness.

ms and 23.7306 ms per ECG signal, respectively. The proposed CADNet model achieves

an inference time of only 0.3250 ms per ECG signal, while using just 2,586 trainable pa-

rameters, and still maintains a high level of classification accuracy. These results suggest

that CADNet is well-suited for use in real-time or resource-constrained environments.

Figure 5.6 illustrates the comparative performance analysis between ML-based, DL-

based, lightweight algorithms and our proposed lightweight model on CAD classification

presented in Table 5.3, including the CADNet model. Gaussian Naive Bayes, KNN,

CNN-LSTM, RNN, and the CADNet model achieve high AUC and F1 values, demon-

strating strong class separation and balanced precision-recall performance. With an

AUC and F1 score of 99%, the CADNet model emerges as the top performer, making it

highly suitable for CAD diagnosis requiring exceptional reliability and accuracy. SVM,

K-Means, and Logistic Regression display moderate performance, with slightly lower

AUC and F1 values, suggesting fair but less consistent precision-recall balance. In con-

trast, SqueezeNet, E�cientNetB0, 1D-MobileNetV1, and Shu✏eNetV1 exhibit low AUC

and F1 scores, indicating limited e↵ectiveness in both class distinction and classification

balance.

5.4.4 Generalisation and interpretability

Table 5.4 illustrates the CADNet model trained using the PTB-XL database with a

subset of 400 ECG signals: 200 CAD and 200 NON-CAD. The model demonstrates

high classification performance within the training dataset and robust generalisability

across unseen subsets. Achieving a training accuracy of 95.90% and a test accuracy

of 92.05% on the PTB-XL dataset, the model exhibits reliable learning and validation
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performance, as indicated by a precision of 96.35%, recall of 95.65%, and an F1 score

of 96%. These results demonstrate the model’s e↵ectiveness in accurately identifying

CAD and NON-CAD cases. To further assess the model’s generalisability, we conducted

an initial validation on a subset of 200 ECG signals: 100 NON-CAD signals from the

Fantasia database and 100 CAD signals from the MIMIC III database. The model

achieved a test accuracy of 87%, with a perfect recall of 100%, though with a slight

reduction in precision to 74% on this validation set. The resulting F1 score of 85.06%

indicates stable performance. Subsequently, we conducted a second validation on a

subset of 200 ECG signals: 100 NON-CAD ECG signals from the Fantasia database and

100 CAD ECG signals from the St. Petersburg database. The model achieved a test

accuracy of 88%, recall of 100%, precision of 76%, and an F1 score of 86.36%. While the

model demonstrates robust sensitivity for CAD detection across diverse datasets, the

observed reduction in precision on validation subsets suggests a sensitivity-specificity

trade-o↵ that could benefit from further optimisation to enhance specificity and reduce

false positives. This performance underscores the potential of the CADNet model for

CAD diagnosis, with scope for refinement to improve adaptability across varied ECG

data sources.

Table 5.5 presents the CADNet model trained on ECG signals from the PTB-XL,

MIMIC-III, and Fantasia databases, using a subset comprising 100 ECG signals from

each database. The model achieved a training accuracy of 99.5% and a testing accuracy

of 95.96%, demonstrating reliable performance in classifying CAD and NON-CAD cases.

The high precision of 99.29%, together with a perfect recall of 100%, suggests that the

model accurately identifies CAD cases, with minimal risk of overlooking true positives,

as reflected in an F1 score of 99.64%. This level of performance indicates that the model

is highly proficient in distinguishing between CAD and NON-CAD ECG signals, ensur-

ing a balanced approach between sensitivity and specificity. The first validation subset

consisted of 100 NON-CAD ECG signals from the Fantasia database and 100 NON-CAD

ECG signals from the MIMIC-III database. The model’s robustness was demonstrated,

achieving a test accuracy of 99%. Precision slightly decreased to 98%, while recall re-

mained perfect at 100%, resulting in an F1 score of 98.99%. This slight reduction in

precision, alongside perfect recall, suggests occasional misclassification of NON-CAD

cases as CAD but consistent identification of all true CAD cases. Subsequently, the

second validation subset was formed with 100 NON-CAD ECG signals from the Fanta-

sia database and 100 CAD ECG signals from the St. Petersburg database. The model

continued to demonstrate high performance, achieving a test accuracy of 98.49%, with

precision reaching 100% and recall at 95.08%, resulting in an F1 score of 97.48%. This

level of precision indicates that all identified CAD cases are true positives.
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(a) T-SNE of original ECG signals

(b) T-SNE of Feature Encoding Layer

(c) T-SNE of Compact Pooling layer

Figure 5.7: T-SNE visualisation of the feature space, with class labels: 0 (Normal)
and 1 (CAD).
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Table 5.6: Test Accuracy Across Age Groups (Fantasia and PTB-XL Databases).

Age Group (Years) Accuracy (%)

10 – 20 97.87
20 – 30 98.35
30 – 40 98.49
40 – 50 98.83
50 – 60 98.27
Over 60 97.54

Average 98.23

To enhance interpretability, t-SNE analysis was performed to visualise high-dimensional

data and examine the role of two key modules: feature encoding and compact pooling

layers in distinguishing between the two classes as shown in Figure 5.7. ECG signals

exhibit significant overlap in Figure 5.7(a), indicating that the feature encoding layer

is beginning to learn distinguishing features between the two classes. Although some

overlap remains, a clearer boundary begins to emerge between NON-CAD and CAD

ECG signals, suggesting that the model is progressively capturing patterns that facilitate

class separation as shown in Figure 5.7(b). The compact pooling layer achieves near-

complete separation of the two classes in the feature space, as shown in Figure 5.7(c).

This indicates that the model has e↵ectively learned to di↵erentiate between NON-CAD

and CAD samples. The distinct separation in this layer underscores that the features

learned in this layer are highly e↵ective at distinguishing between classes.

To evaluate the classification accuracy of the proposed model across diverse populations

and assess its reliability for real-world clinical use, we validated the model trained in

Table 5.5 across di↵erent age groups. ECG signals from the Fantasia and PTB-XL

databases were used for this assessment, as presented in Table 5.6. As seen from this

table, CADNet achieves the highest accuracy in the 40–50 age group at 98.83% and

the lowest in the over 60 age group at 97.54%. Although the overall average accuracy

is high at 98.23%, minor variations are evident across di↵erent age groups. Notably,

performance declines slightly in both the 10–20 and over 60 age groups, suggesting that

the model may be slightly less e↵ective at generalising to these demographics. This

trend could reflect underlying physiological variations in ECG signals associated with

age.

5.5 Limitations

One of the main limitations in CAD diagnosis using ECG signals is the limited avail-

ability of datasets, primarily due to the absence of clear medical indicators of CAD,



111

such as single-vessel or multi-vessel disease. After a thorough exploration of publicly

available datasets, we identified MIMIC-III, St. Petersburg, and PTB-XL as suitable

and comprehensive sources for evaluation. In Chapter 6, we will expand our research by

classifying di↵erent types of CAD within the PTB-XL dataset.

Although the CADNet achieved high accuracy on multiple public datasets, these may not

fully reflect real-world clinical variability. Factors such as device di↵erences, recording

conditions, and patient diversity can a↵ect performance. While we considered this by

testing across di↵erent age groups, further validation in real clinical settings is needed

to confirm generalisability.

While we focused on the superclass-level diagnostic categories to be able to use all four

datasets simultaneously, analysing model performance at the subclass level could o↵er

deeper insights into the model’s discriminative ability across various CAD subtypes.

Hence, subclass-level evaluation is a promising extension for future work and will be

explored in Chapter 7 to refine the model’s clinical applicability further.

5.6 Conclusion

Our study introduced the CADNet model to di↵erentiate between cases of CAD and

NON-CAD, to reduce the complexity of the model and facilitate its deployment on

resource-constrained devices. Through the utilisation of data acquired from PhysioNet,

our findings demonstrated the model’s capability to independently classify these binary

classes while maintaining its simplicity. The performance of the CADNet which aver-

aged 99.3% accuracy with 2,586 trainable parameters, surpassed that of other classical

machine learning, DL-based and lightweight models, highlighting the reduction in com-

putational resources or complexity without compromising predictive performance. The

code used to implement the proposed method is available from the corresponding author

upon reasonable request.



Chapter 6

Real-time Coronary Artery

Disease Detection from 12-Lead

ECG Using A Lightweight Deep

Network

6.1 Overview

While the previous chapters focused on CAD diagnosis using Lead II ECG only, this

chapter expands the investigation to 12-lead ECG signals in order to capture inter-lead

relationships and improve diagnostic robustness. In addition, specific CAD subclasses

such as AMI, IMI and LMI are considered. Therefore, a lightweight deep learning-based

classifier is purposed for the early diagnosis of CAD using 12-lead ECG signals. The

model is designed to facilitate accessible clinical deployment by distinguishing between

normal sinus rhythm and CAD cases, thereby supporting early, non-invasive detection

aimed at reducing mortality. The proposed architecture comprises three key components:

i) convolutional layers, to extract localised ECG signal patterns, ii) residual connections,

to capture deeper and more informative ECG features, and iii) squeeze-and-excitation

blocks, to apply adaptive lead-wise attention. We have deployed this unique architec-

ture on STM32F469I-DISCO embedded board to examine its computational e�ciency,

inference time, energy consumption and memory usage. The results show that the pro-

posed model, while demonstrating promising classification accuracy achieving 95.45%

accuracy in classifying CAD and NON-CAD cases from 12-lead ECG, processes each

subject’s signals in an average of 0.1121 seconds and requires only 7.39 mJ, highlighting

its suitability for real-time ECG-based CAD diagnosis on resource-constrained devices.

112
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The study presents a novel ECG-based CAD classifier that achieves accurate discrimi-

nation between normal and CAD cases while maintaining low power consumption and

memory usage when deployed on STM32F469I-DISCO. This study establishes a unique

real-time, energy-e�cient CAD diagnostic tool on embedded systems, aimed at enabling

accessible clinical prescreening.

6.2 Related works

Several studies have investigated the deployment of lightweight ECG models on resource-

constrained hardware platforms, with the aim of facilitating real-time ECG diagnosis.

In [181], a lightweight deep learning model was implemented on an MSP432 microcon-

troller, achieving high classification accuracy while maintaining low power consumption.

A verification mechanism incorporated into a 1D-CNN improved R-peak detection per-

formance on low-quality Holter recordings [221], and an adaptive dual-algorithm frame-

work has been proposed to dynamically switch between a lightweight detector and a

more complex algorithm in order to optimise energy e�ciency during high-intensity ac-

tivity [222]. Hardware-accelerated implementations using FPGAs have also achieved

fast and accurate ECG analysis with low energy requirements [223–225]. In addition,

IoT-based platforms have been developed to enable continuous ECG monitoring and

remote data transmission [226], and real-time signal-quality assessment techniques have

been investigated for long-term wearable monitoring [227]. These studies highlight the

growing interest in the practical deployment of lightweight ECG models for real-time

and continuous monitoring.

In this chapter, we propose a novel lightweight model for automated CAD detection.

The proposed model uses convolutional blocks to e�ciently extract features from ECG

signals, incorporating depthwise separable convolutions to capture both spatial and

temporal patterns while reducing computational costs. Residual blocks help stabilise

the learning process and improve e�ciency by ensuring smooth feature propagation

across network layers. The inclusion of a squeeze-and-excitation attention block further

strengthens feature representation by adjusting the importance of di↵erent leads, leading

to improved diagnostic accuracy. To preserve important temporal features, the model

applies optimised pooling methods, such as max pooling and global average pooling,

to balance data reduction with information preservation. Additionally, data augmen-

tation using white Gaussian noise is introduced to ECG signals to improve generali-

sation, making the model more robust to variations in signal quality. The proposed

model is designed to minimise the number of parameters by incorporating lightweight

depthwise convolutions, residual connections, and attention mechanisms, resulting in a
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more e�cient structure. This model architecture ensures high diagnostic accuracy while

maintaining suitability for deployment on resource-limited devices. Furthermore, SHAP

analysis is applied to determine lead importance, o↵ering insights into feature relevance

for CAD diagnosis. The summary of the contributions is as follows:

• A novel lightweight DL-based model incorporating depthwise convolutions, resid-

ual connections, and squeeze-and-excitation blocks for CAD diagnosis using 12-

lead ECG

• A novel data augmentation strategy is introduced, incorporating the addition of

white noise to the ECG signals to enhance the model’s generalisation capabilities.

Standard normalisation is applied to ensure consistency and stability.

• SHAP analysis is applied to determine the importance of individual ECG leads,

providing valuable insights into the contribution of each lead to the model’s clas-

sification decisions.

• Bayesian optimisation is utilised for hyperparameter tuning, facilitating the selec-

tion of the optimal configuration of model parameters to enhance performance and

generalisation.

• t-Distributed Stochastic Neighbor Embedding (t-SNE) is employed to analyse the

model’s generalisation capability, o↵ering a means to investigate the separation

between normal and CAD cases in high-dimensional feature space.

• The proposed model is successfully deployed on the STM32F469I-DISCO MCU,

showcasing its computational e�ciency and demonstrating its potential for real-

time ECG classification.

The rest of this chapter is organised as follows. Section 6.3 presents the data preparation

and data pre-processing, SHAP-based lead importance analysis, the proposed model

architecture, hardware implementation, performance metrics, and the hyperparameter

tuning process. Section 6.4 showcases and discusses the results, including performance

evaluation, comparisons, and visualisations. Finally, Section 6.5 concludes the study

and outlines directions for future research.
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6.3 Materials and Methods

6.3.1 Data preparation

The primary ECG data used for model training and testing are derived from the PTB-XL

database, available on PhysioNet [218]. PTB-XL is a comprehensive, publicly accessi-

ble ECG dataset comprising over 21,000 12-lead ECG signals from more than 18,000

patients. It is one of the most extensive datasets available, encompassing a wide range

of clinical conditions related to cardiac diseases. In this chapter, we have utilised ECG

data corresponding to several specific cardiac conditions to facilitate the diagnosis of

CAD. These conditions include IMI, AMI, and LMI, each of which represents a distinct

manifestation of myocardial injury and falls under the broader category of CAD. Ad-

ditionally, Normal sinus rhythm (Norm) data are utilised to represent the baseline for

patients without cardiac abnormalities. Figure 1.5 illustrates the spatial configuration

of the standard 12-lead ECG signal, highlighting the orientation and angular projection

of each lead for the heart. The limb leads I, II, III, aVR, aVL and aVF record electrical

signals in the frontal plane, while the chest leads V1 to V6 provide a view across the

body.
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(a) An Example of 12-Lead ECG of CAD patients with AMI

(b) An Example of 12-Lead ECG of CAD patients with IMI
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(c) An Example of 12-Lead ECG of CAD patients with LMI

(d) An Example of 12-Lead ECG of patients with Normal sinus rhythm

Figure 6.1: Examples of 12-lead ECG recordings for CAD patients with di↵erent
types of myocardial infarction (AMI, IMI, LMI) and a healthy patient with normal

sinus rhythm.

To create a dataset (D), 12-lead ECG signals with the following Standardised Cardiac

Patient (SCP) codes: IMI, AMI, LMI, and Norm, were extracted from the PTB-XL

database. Samples of these codes are illustrated in Figure 6.1. With the PTB-XL

dataset sampled at 100 Hz, each ECG lead contains 10 seconds of data, corresponding

to 1000 timesteps. After extracting the corresponding 12-lead ECG data based on SCP

codes, the ECG data were labelled as 0 for normal (Norm) and 1 for CAD subclasses,
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including AMI, LMI, and IMI. AMI, IMI and LMI are grouped under the broader cate-

gory of CAD, reflecting their shared pathophysiological basis in acute ischaemia caused

by coronary artery obstruction. This grouping addresses class imbalance and enhances

model learning and generalisability. Although each subtype di↵ers in anatomical loca-

tion, all are critical manifestations of CAD that require timely recognition and inter-

vention. The class distribution in the PTB dataset is as follows: Norm includes 9,514

subjects, IMI 1,022 subjects, LMI 619 subjects, and AMI 116 subjects. Additionally, to

ensure balance among the di↵erent CAD subclasses, 100 subjects from each subclass and

300 Norm subjects were selected. The remaining ECG recordings were excluded from

evaluation in order to preserve strict class balance across the training, validation, and

test sets, thereby ensuring consistent and fair performance comparison between models.

This strategy was used to maintain class balance and reduce variation during the early

stages of model development and testing. It allows for focused analysis and consistent

interpretation at the lead level. Each subject includes 12 leads, and each lead contains

1,000 timesteps, giving a total of 3.6 million timesteps. The following equation illustrates

the structure of the data matrix created in this way:

D =

2

66666666666664

Sample Lead I Lead II Lead III · · · V6 Classes

0 [. . . , . . . , . . .] [. . . , . . . , . . .] [. . . , . . . , . . .] · · · [. . . , . . . , . . .] 0

1 [. . . , . . . , . . .] [. . . , . . . , . . .] [. . . , . . . , . . .] · · · [. . . , . . . , . . .] 0

2 [. . . , . . . , . . .] [. . . , . . . , . . .] [. . . , . . . , . . .] · · · [. . . , . . . , . . .] 0
...

...
...

... · · ·
...

...

599 [. . . , . . . , . . .] [. . . , . . . , . . .] [. . . , . . . , . . .] · · · [. . . , . . . , . . .] 1

600 [. . . , . . . , . . .] [. . . , . . . , . . .] [. . . , . . . , . . .] · · · [. . . , . . . , . . .] 1

3

77777777777775

(6.1)

where D, represents the data matrix containing 12-lead ECG samples with labels, which

will be used in the next steps. The D comprise a total of 600 samples, resulting in a

matrix of size 600×13. Each row in this matrix represents an individual patient, with the

ECG signal amplitudes from the 12 leads distributed across 12 columns, each containing

1000 time points. The last column contains the corresponding class labels, where 0

represents normal and 1 represents CAD.

6.3.2 Data pre-processing

As seen in Figure 6.2, data augmentation is first applied to D to enhance generalisation

performance, improve model robustness, and increase prediction reliability. In this work,
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we propose an augmentation method by introducing zero-mean white Gaussian noise

N (0,�2) to ECG signals. The augmented signal is defined as:

x̃l = xl + nl, nl ⇠ N (0,� · �2
xl
), � = 0.06, (6.2)

where x̃l represents the augmented ECG signal for lead l, which white Gaussian noise

nl is added to the original ECG signal xl . The noise nl is sampled from a normal

distribution with a mean of zero and a variance that is proportional to the variance of

the original signal, expressed as N (0,� · �2
xl
). �

2
xl

indicates the variance of the original

ECG lead xl, ensuring that the noise level is appropriately scaled to the variability

of the input ECG signal. The noise scaling factor � is set at 0.06, which means the

standard deviation of the noise is 6% of the standard deviation of the original ECG

signal. l 2 {0, ...12} refers to the standard 12-lead ECG. This choice keeps the added

noise within a controlled range, maintaining the accuracy of the original ECG signals

while improving the model’s ability to handle variations and small disturbances such as

di↵erences in electrode placement, patient movement and electrical interference.

Following this stage, the ECG signals undergo standard normalisation (Figure 6.2).

Standardisation is applied to rescale the ECG signals, ensuring a mean of zero and a

standard deviation of one. This transformation normalises the data distribution, making

it more suitable for the proposed model by eliminating scale-related variations. It can

be expressed mathematically as:

zl =
x̃l � µl

�l
(6.3)

where x̃l represents the ECG data after noise addition in the l
th lead, µl is the mean of

the ECG signal in that lead, and �l represents the standard deviation of x̃l and is used

for standardisation.

Standardising ECG signals preserves lead-specific diagnostic information, prevents bias

from amplitude di↵erences, and enhances model generalisation by improving robust-

ness to inter-patient variations. Furthermore, adding noise to ECG signals enhances

model robustness by simulating real-world signal variability, reducing overfitting, and

improving the model’s ability to generalise to unseen data.

6.3.3 SHapley Additive exPlanations analysis

SHAP analysis is widely used in quantifying the contribution of individual features to

a model’s predictions [49, 50]. In this chapter, SHAP was used to assess the relative
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importance of each of the 12 ECG leads in distinguishing between normal and CAD

cases. The SHAP Gradient Explainer was employed to compute feature importance

scores, enabling the identification of the most influential leads (Figure 6.2). Models were

retrained using di↵erent numbers of the highest-ranked leads, ranging from one lead to

all twelve leads, to evaluate the e↵ect of reduced-lead configurations on classification

performance. This analysis was performed to explore potential lead reduction strategies

for resource-constrained settings, while recognising that lead localisation is clinically

important in myocardial infarction detection and that reduced-lead configurations may

impact diagnostic performance. SHAP values can be mathematically computed as:

�l =
X

S✓L\{l}

|S|!(|L|� |S|� 1)!

|L|! [f(S [ {l})� f(S)] (6.4)

where L represents the total number of ECG leads, and l denotes a specific lead under

evaluation for its importance. S is a subset of ECG leads, while S ✓ L \ {l} denotes all

possible subsets that exclude lead l. The function f(S) quantifies the performance of the

model when using only the subset S, while f(S [ {l}) measures the performance when

the lead l is added to this subset. |S|!(|L|�|S|�1)!
|L|! acts as a weighting factor, ensuring a

fair distribution of the contribution of each lead in all possible S [228].

6.3.4 Lightweight deep learning architecture

We propose a novel, lightweight deep learning architecture for CAD classification that

integrates three key computational building blocks: Convolutional (CONV), Residual,

and SE blocks. The CONV block is a hierarchical feature extractor, capturing critical

morphological and temporal patterns in ECG waveforms. The residual block is intro-

duced to enhance gradient propagation and facilitate deeper feature abstraction while

mitigating vanishing gradient issues. The SE block incorporates an adaptive attention

mechanism that dynamically adjusts lead-wise feature significance, ensuring more e↵ec-

tive feature representation.

6.3.4.1 Convolutional (CONV) block

In Figure 6.3, let X 2 RT⇥12 denote the input ECG matrix, where T represents the

total number of time steps and 12 corresponds to the number of ECG leads. X is

first processed by a one-dimensional convolutional layer, which applies trainable filters

to extract localised ECG patterns over time. The convolutional operation preserves

the spatial arrangement of the leads, allowing the model to capture patterns within a
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Figure 6.3: Convolutional (CONV) block
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single ECG lead, learn how ECG signals change over time, and identify relationships

between di↵erent ECG leads. As the model progresses through deeper network layers,

it learns lead-to-lead correlations, enhancing its ability to recognise complex patterns.

The convolutional transformation at time step i, for output filter f 2 {1, . . . , Fout}, is
defined as:

y
(f)
i =

k�1X

j=0

FinX

l=1

xi+j,l · w
(f)
j,l + b

(f) (6.5)

where xi+j,l denotes the input value at time step i + j for lead l, w(f)
j,l is the learnable

weight at o↵set j and lead l for the f
th filter, and b

(f) 2 R is the associated bias term.

Batch normalisation is then applied to stabilise feature activations, addressing the issue

of fluctuating activation values during training and improving overall training e�ciency.

For each lead l and timesteps T , batch normalisation is applied as:

yi,l = �
xi,l � µBSq
�
2
BS + ✏

+ � (6.6)

where xi,l is the activation of lead l at the i
th time step. This activation represents a

learned feature extracted from the input matrix X after applying convolutional trans-

formations. These features capture both morphological characteristics (e.g., QRS am-

plitude, ST-segment variations) and temporal dependencies within the ECG signal. µBS

and �
2
BS are the mean and variance, respectively, computed over the batch. ✏ is a small

constant added to prevent numerical instability when dividing by the standard deviation.

The normalised activation is then scaled and shifted using the learnable parameters �

and �, where � adjusts the variance, and � shifts the mean. This process ensures that

activations remain within a consistent range, reducing internal covariate shift, includ-

ing slower learning, gradient instability, and di�cult optimisation, while improving the

model’s ability to learn robust features across di↵erent ECG leads.

Following batch normalisation, a max-pooling layer with a stride and pool size of 2 is

applied to downsample the temporal resolution by a factor of two. This operation re-

duces computational complexity while retaining the most important features, improving

the model’s capacity to detect key waveform characteristics such as QRS complexes and

ST-segment deviations. To further prevent overfitting and enhance the model’s gener-

alisation, a dropout layer is applied at the end of the block. The dropout probability is

optimised through Bayesian hyperparameter tuning, e↵ectively reducing overfitting and

promoting robust feature learning. The output of the CONV block has the dimensions
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Figure 6.4: Residual block

X 2 RT
2
⇥Fout , where the temporal resolution is reduced by half due to a max-pooling op-

eration. This downsampling preserves the most important local patterns whilst reducing

computational complexity.

6.3.4.2 Residual block

To extract deeper and more discriminative features, each residual block employs a 3⇥ 3

depthwise separable convolution, followed by batch normalisation and 1⇥ 1 a pointwise
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convolution. A skip connection is employed to directly add the input ECG feature map to

the output of the non-linear transformation, enabling the original signal characteristics

to bypass intermediate operations and be integrated with the newly extracted features.

The block further includes the SE block to adaptively reweight each lead, and concludes

with max-pooling and dropout layers for temporal downsampling and regularisation, as

shown in Figure 6.4.

Each residual block is formulated to learn a residual mapping, defined as:

F (x) = H(x)� x (6.7)

where x 2 RBS⇥T⇥Fin denotes the input ECG feature map, with BS representing the

batch size, T the number of time steps, and Fin the number of input feature representa-

tions. The function H(x) corresponds to the complete nonlinear transformation applied

to the input ECG feature map x, while F (x) denotes the residual function, learned

through a depthwise convolution, batch normalisation, and a pointwise convolution.

The output following the 1⇥ 1 pointwise convolution can be mathematically expressed

as:

y = F (x) + x (6.8)

By adding the input ECG feature map x to the output of the learned transformation

F (x), the skip connection allows the network to focus on learning the residual, instead

of having to learn the full transformation all at once. This helps preserve important

low-level features, such as QRS complexes and ST-segment variations, while enabling

the model to learn more precise patterns relevant to CAD. The skip connection also

improves training stability in deeper layers by facilitating more e�cient gradient flow

during training.

6.3.4.3 Squeeze-and-Excitation (SE) block

The SE block is introduced to enhance lead-wise attention by adjusting the importance

of each ECG lead, helping the model focus on the most informative signals and improve

representational e�ciency. The SE block consists of a global average pooling layer

followed by two fully connected or dense layers. A global average pooling is first applied

to each feature map of each ECG lead to compute a single average value. This operation

summarises the level of activation across the temporal dimension and provides input to
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Figure 6.5: Squeeze-and-Excitation Attention (SE) block

the subsequent attention mechanism. The global average pooling can be mathematically

expressed as:

GAPooling(x)l =
1

T

TX

i=1

xi,l (6.9)

where T is the number of time steps and xi,l is the activation at time step i for lead

l. Each lead is summarised by a single representative value that captures its mean

activation across the temporal dimension.

The GAPooling value obtained from each lead l through global average pooling is passed

through a two-layer fully connected network to capture inter-lead dependencies. The

first dense layer reduces the size by a factor of r and applies a ReLU activation function,

allowing for non-linear interactions between leads within a lower-dimensional space. The
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second dense layer restores the original size and uses a sigmoid activation to produce

a set of attention weights, one for each lead. These weights are then used to adjust

the original input by increasing the influence of more important leads and reducing the

impact of less relevant ones. A reduction ratio of r = 8 is used to compress the feature

representation, providing a balance between computational e�ciency and the capacity

to capture meaningful inter-lead relationships [229].

6.3.5 Hypermeter tuning

Hyperparameter tuning is a critical stage in optimising deep learning models, as it en-

sures the selection of an optimal combination of parameters that enhances model perfor-

mance. We employ Bayesian Optimisation to e�ciently explore the hyperparameter

space and identify the most e↵ective configuration for the proposed model. The search

space for key hyperparameters is defined in Table 6.1.

Table 6.1: Key hyperparameters search space configuration

Hyperparameter Search Space

Learning Rate range [0.0001, 0.01]
Dropout Rate range [0.2, 0.5]
Batch Size choice {16, 32, 64}

Bayesian Optimisation is employed due to its ability to e�ciently explore high-dimensional

search spaces by iteratively refining the search based on prior evaluations. This approach

contrasts with traditional grid search, which is computationally expensive and ine�cient

for large parameter spaces. As depicted in Figure 6.2, the tuning process comprised 50

trials, each executed twice, with distinct hyperparameter configurations explored to

ensure comprehensive coverage of the search space. This increases the possibility of

identifying an optimal configuration that enhances model performance. Furthermore,

each hyperparameter configuration is evaluated twice to mitigate variability introduced

by factors such as stochastic weight initialisation, batch sampling, and optimiser be-

haviour. By averaging performance across multiple runs, this strategy enhances the

stability and robustness of the optimisation process, reducing the impact of random

fluctuations on model selection.

6.3.6 Hardware Implementation

The proposed lightweight CNN is designed for deployment on low-cost microcontroller

units (MCUs) and is implemented in this work on the STM32F469I-DISCO development

board. This platform is chosen for its optimal balance of processing power, energy
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Figure 6.6: Implementation on STM32F469I-DISCO MCU

e�ciency, and memory resources, making it suitable for deploying our proposed model

for ECG CAD classification. This MCU features an ARM Cortex-M4 core, 2 MB of

flash memory, and 324 KB of RAM. Its built-in 32-bit floating point unit (FPU) enables

e�cient execution of multiply-accumulate (MAC) operations required by the model. The

STM32F4 platform is considered a suitable option for ECG classification, particularly

for evaluating inference performance in resource-constrained environments [230]. Key

deployment metrics include total flash usage, total RAM usage, average inference time

per subject and energy consumption per subject.

The pre-trained model is run on a PC equipped with an Apple M2 Max processor and

32 GB of unified memory. The implementation is developed using Python 3.9.6. The

STM32CubeMX and STM32CubeIDE tools are then used to convert the model and

deploy it to the target development board. Figure 6.6 illustrates the experimental setup

used to evaluate the total flash usage, RAM usage, average inference time per subject,

and energy consumption of the MCU during deployment of the proposed model. The

ECG signals are preloaded and transmitted to the MCU via a UART interface for

validation. The MCU then executes the classification model and performs real-time

inference.
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To evaluate the performance of the proposed model, various performance metrics were

introduced. Acc , Precision, Recall, F1 score, and AUC are used to assess performance

as shown in Equations (2.5), (2.7), (2.6),(2.9), and 2.11.

6.4 Experimental results

We have conducted a thorough experimental study on the proposed approach with the

real ECG data, described in Section 6.3.1. Once all the ECG signals were pre-processed,

70% of the data portion is allocated for training and the remaining for testing. Hy-

perparameter tuning is performed to determine the optimal model configuration using

Bayesian optimisation with details provided in Section 6.3.5. The model is trained us-

ing the AdamW optimiser with an initial learning rate of 0.001 and a weight decay of

1 ⇥ 10�4. Weight decay acts as a regularisation technique that helps prevent overfit-

ting [231], thereby improving the model’s ability to generalise to unseen ECG signals.

Each trial is trained for up to 50 epochs with early stopping based on validation loss,

and the search is conducted across up to 50 trials. The best model is then saved and

used for prediction on the test set.

6.4.1 Statistical Analysis

Figure 6.7 illustrates a comparison of the distribution of ECG signal values between nor-

mal and CAD cases across all 12 standard ECG leads using kernel density estimation

(KDE). As shown in Figure 6.7, the density curves for normal and CAD cases overlap

significantly, suggesting that their signal distributions are quite similar. This indicates

that distinguishing between normal and CAD cases based solely on raw ECG signal

distributions may be challenging, as there is no clear separation between the two classes

in most leads. From the KDE analysis, V2 and V3 stand out as the most informative

leads. These leads exhibit broader distributions for CAD cases compared to normal

cases, indicating greater variability in ECG signals a↵ected by CAD. This variability

could be due to ischemic changes that impact ventricular depolarisation, making these

leads particularly valuable for detecting CAD. V5 also shows noticeable distributional

di↵erences, suggesting that it may capture additional diagnostic patterns. Similarly,

aVR demonstrates a degree of separation between normal and CAD distributions, mak-

ing it another potential lead for model training. In contrast, leads such as Lead I, Lead

II, Lead III, aVL, aVF, and V6 exhibit highly overlapping distributions between normal

and CAD cases. This suggests that these leads may contribute less discriminatory infor-

mation to the model when used individually. However, this does not mean these leads

should be discarded entirely, as the proposed model can extract hidden patterns when
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multiple leads are analysed together. The model is designed to benefit from combining

high-variance leads with other leads to enhance overall robustness. These variations may

be attributed to underlying pathological changes in cardiac electrical activity associated

with CAD. To study the importance of features in di↵erent leads, we applied SHAP-

based analysis to determine the contribution of each lead to the model’s predictions.

Table 6.2: ANOVA Analysis of Feature Importance

Lead ANOVA p-value

Lead I 0.010202
Lead II 0.331867
Lead III 0.055798
aVR 0.043652
aVL 0.008012
aVF 0.610952
V1 0.212404
V2 0.106015
V3 0.000027
V4 0.024050
V5 0.000820
V6 0.011649

Table 6.2 presents a statistical analysis of ECG lead importance using ANOVA (Analy-

sis of Variance) p-values, o↵ering insights into lead relevance for distinguishing between

normal and CAD cases. ANOVA measures the extent to which the variance in ECG sig-

nal values between the two classes is significant, with lower p-values indicating stronger

statistical di↵erences. Conversely, higher p-values indicate that the lead does not exhibit

significant variance between the two classes and may contribute less to the classification

task.

Based on the ANOVA results, leads V3, V5, and aVL have the lowest p-values of

0.000027, 0.000820, and 0.008012, respectively, suggesting that they exhibit significant

di↵erences between normal and CAD groups. This indicates that these leads capture

meaningful variations in cardiac electrical activity that could be associated with CAD.

V4, Lead I, and aVR also demonstrate relatively low p-values of 0.024050, 0.010202,

and 0.043652, respectively, indicating moderate statistical relevance. The significance

of leads such as V3 and V5 aligns with clinical knowledge, as precordial leads often

capture important ventricular activity changes linked to ischaemia or myocardial infarc-

tion, which are key indicators of CAD. On the other hand, leads with high p-values,

such as aVF at 0.610952 and Lead II at 0.331867, suggest that these leads may not

be as e↵ective in distinguishing between normal and CAD cases. This suggests that

their signal distributions are more similar across both groups, making them less infor-

mative in a purely statistical sense. V1 and V2 also exhibit relatively higher p-values
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of 0.212404 and 0.106015, respectively, implying that while they may still contribute to

classification, their individual statistical significance is weaker compared to leads such as

V3 and V5. In addition to ANOVA being used to assess lead importance, SHAP anal-

ysis is also applied to provide further insights, as feature importance during training is

often influenced by complex interactions between ECG leads that ANOVA alone cannot

capture.

6.4.2 Model Performance Evaluation

Table 6.3 presents the classification performance of multiple ECG lead configurations

using SHAP-based analysis to distinguish between normal and CAD cases. The table

compares accuracy, precision, recall, and F1 scores, along with the optimised hyper-

parameters for each configuration. As shown in Table 6.3, the model’s performance

results demonstrate a clear relationship between the number of leads and diagnostic

accuracy. The 12-lead configuration achieves the highest accuracy of 95.45% and an F1

score of 95.45%, rea�rming its superiority in ECG-based CAD detection. Among the

reduced-lead configurations, the 8-lead setup, selected by the model from Lead I, Lead

II, aVR, V5, V4, aVL, V1, and V2, achieves an accuracy of 94.95% and an F1 score of

94.94%, indicating its potential as an alternative in scenarios where a full 12-lead ECG

is not available. The 5-lead configuration, which includes Lead I, Lead II, aVR, V2,

and V4, follows closely, achieving an accuracy of 92.93% and an F1 score of 92.89%,

demonstrating the applicability of deliberate lead selection in maintaining diagnostic

reliability while simplifying hardware requirements. In contrast, the 1-lead configura-

tion, where Lead II is selected, exhibits the lowest performance, with an accuracy of

80.81% and an F1 score of 80.35%, highlighting the limitations of single-lead ECG in

CAD classification. Although it is commonly used in wearable monitoring devices, this

configuration may not provide an accurate diagnosis. Notably, the accuracy improves to

89.39% with the 2-lead setup, in which Lead I and Lead II are selected, demonstrating

that even small increments in the number of leads significantly enhance classification

performance.

Beyond accuracy, the precision and recall metrics reveal further nuances in lead selection.

In normal case classification, the 10-lead configuration achieves the highest precision of

97.73%, whereas the 12-lead setup yields a normal precision of 93.27%, suggesting that

excluding two leads from a standard 12-lead ECG does not significantly impact overall

precision. However, normal recall reaches 100% in both the 2-lead and 9-lead configura-

tions, implying that certain lead combinations may improve detection capability while

potentially reducing overall accuracy. For CAD classification, the 12-lead ECG exhibits
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the highest precision of 97.87% and recall of 92.93%, rea�rming its robustness in diag-

nosing patients with CAD. Notably, the 8-lead configuration achieves a CAD precision

of 98.9% and a recall of 90.91%, making it a practical option for reducing the number

of monitored leads while maintaining strong performance. Conversely, the single-lead

configuration exhibits the lowest normal recall of 65.66% and CAD precision of 73.64%,

further emphasising its diagnostic limitations.

Model optimisation through hyperparameter tuning reveals that the 12-lead ECG achieves

the highest performance with a learning rate of 0.0047, a dropout rate of 0.266, and a

batch size of 64. Additionally, similar hyperparameter configurations applied to the

3-lead, 6-lead, and 8-lead setups contribute to stable classification performance. Di↵er-

ences in dropout rates and batch sizes across lead configurations have a minor impact

on accuracy, further emphasizing the need for hyperparameter optimisation to ensure

reliable model performance. These findings highlight the balance between classifica-

tion performance and the number of leads used, o↵ering insights into the practicality

of reduced-lead ECG monitoring for clinical and telemedicine applications. While the

12-lead ECG remains the standard for CAD classification, the 5-lead and 8-lead config-

urations stand out as the most e↵ective alternatives, maintaining diagnostic accuracy

while improving ease of use.

These results explain the di↵erence between the single-lead performance of the 12-lead

proposed model proposed in this chapter and the strong performance of the CADNet

model presented in Chapter 5. Although both approaches address binary CAD clas-

sification, the models are optimised under di↵erent assumptions. CADNet model was

specifically designed and trained for single-lead ECG input, allowing it to learn lead-

specific morphological features e↵ectively. In contrast, the proposed model is trained to

use information from multiple ECG leads, capturing di↵erences in ECG waveform mor-

phology across leads. When this multi-lead architecture is restricted to a single lead,

a substantial amount of diagnostically relevant information is lost, which may lead to

reduced performance.

As shown in Figure 6.8, aVR, Lead II, and V2 emerge as the most influential leads in the

model’s predictions. aVR ranks highest in SHAP importance, indicating its crucial role

in distinguishing between normal and CAD cases. This finding aligns with the fact that

aVR provides unique electrical information about the right atrium and the basal regions

of the ventricles, which may be valuable for detecting CAD-related abnormalities. Lead

II also ranks highly in SHAP importance, despite having a relatively high ANOVA p-

value. This suggests that, although Lead II does not exhibit strong statistical di↵erences

in isolation, it interacts with other leads in a manner that enhances the model’s predictive
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Figure 6.8: SHAP-based feature importance of 12-lead ECG signals

performance. Similarly, V2 demonstrates strong SHAP importance, reinforcing its role

in capturing ventricular electrical activity changes associated with CAD.

On the other hand, the SHAP results indicate that Lead V6 has the lowest feature im-

portance, suggesting that it contributes minimally to the model’s classification decisions.

This implies that V6 may not capture su�cient discriminatory information between nor-

mal and CAD cases compared to other leads. Notably, some leads with low ANOVA

p-values, such as V3 and V5, do not rank as highly in SHAP importance. Hence, this

suggests that while these leads demonstrate strong statistical separation between nor-

mal and CAD groups, the proposed model does not rely on them as significantly when

making predictions, possibly due to their limited contribution to complex, non-linear

interactions, where a lead’s importance depends on the presence of other leads within

the model during training, or due to their redundancy when replaced by other, more

influential leads.

Table 6.4 presents a comparative analysis of various traditional machine learning, deep

learning, and lightweight network architectures. It also examines di↵erences in model

size and inference time across these architectures, o↵ering insights into their computa-

tional e�ciency and suitability for resource-constrained environments. The evaluation

considers trainable parameters, file size, and runtime, alongside performance metrics

such as accuracy, AUC, and F1 score. Based on the results, traditional machine learn-

ing models such as SVM, Gaussian Näıve Bayes, K-Nearest Neighbours, K-Means, and

Logistic Regression are computationally lightweight, with no or minimal trainable pa-

rameters. Among these models, Logistic Regression performs the best, achieving an

accuracy of 86.87%, an AUC of 93.09%, and an F1 score of 86.86%. In contrast, K-

Means demonstrates the lowest performance, with an accuracy of only 62.63% and an

AUC of 62.63%, highlighting its limited ability to di↵erentiate between classes. The
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inference times for these traditional models are extremely fast, with Logistic Regression

being the most e�cient at just 0.000028 seconds per subject. Although Gaussian Näıve

Bayes has the smallest file size of 0.0021 MB, its performance remains moderate, with

an accuracy of 69.70% and an AUC of 86.48%.

In contrast, deep learning models, including LSTM [113], CNN-LSTM [113], and a base-

line 1D-CNN [31], exhibit significantly higher model complexity, with a much larger

number of trainable parameters. The CNN-LSTM model achieves slightly better ac-

curacy of 84.85% than LSTM, which achieves 81.31%, but at the cost of increased

inference time. Their AUC values, 90.04% and 88.24%, respectively, indicate strong

classification performance. The baseline 1D-CNN, with over 8.8 million trainable pa-

rameters and a file size of 100.95 MB, delivers the highest performance among these

models, achieving 93.94% accuracy and an AUC of 98.41%. However, with an infer-

ence time of 0.051712 seconds per subject, the baseline 1D-CNN is capable of near

real-time processing in most clinical applications, although such latency may still be

a consideration for highly resource-constrained or ultra–low-latency embedded imple-

mentations. In addition, lightweight network architectures such as SqueezeNet [178],

E�cientNetB0 [179], 1D-MobileNetV1 [180], and Shu✏eNetV1 [123] are optimised for

e�ciency, but their performance varies significantly. SqueezeNet, despite having a rela-

tively small number of parameters at 361,762, demonstrates poor performance, achieving

only 50% accuracy and an AUCof 50%, indicating its limited capability in distinguish-

ing between classes. E�cientNetB0 performs better, reaching 81.82% accuracy with

an AUC of 90.28%, though it remains inferior to traditional machine learning models.

1D-MobileNetV1, with an accuracy of 50% and an AUC of 50%, fails to provide compet-

itive results. Among these architectures, Shu✏eNetV1 o↵ers a more balanced trade-o↵

between e�ciency and accuracy, achieving 74.24% accuracy with an AUC of 81.10%

and an inference time of 0.003117 seconds per subject. This makes it a more practical

choice than larger deep learning models in applications where computational e�ciency

is a priority while still providing moderate classification performance.

Hence, these results highlight that the proposed model significantly outperforms all other

architectures, o↵ering an optimal balance between accuracy, computational e�ciency,

and model size. Despite having only 13,584 trainable parameters and a compact file size

of 0.0530 MB, it achieves the highest accuracy of 95.45%, an AUC of 98.96%, and an

F1 score of 95.45%. These findings underscore its superior classification performance

compared to other models. Furthermore, the proposed model maintains an inference

time of 0.019118 seconds per subject, making it well-suited for real-time applications

while delivering exceptional predictive capabilities. Additionally, when compared to

other lightweight architectures such as SqueezeNet, E�cientNetB0, 1D-MobileNetV1,

and Shu✏eNetV1, the proposed model exhibits a significantly smaller model size while
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achieving superior performance. While certain architectures, such as E�cientNetB0,

attain reasonable accuracy levels, their inference times remain higher, rendering them

less e↵ective for real-time applications. The ability of the proposed model to balance high

accuracy with computational e�ciency makes it particularly well-suited for deployment

in resource-constrained environments, where processing power and memory availability

are limited, yet predictive performance remains a critical requirement. Furthermore, a

key advantage of the proposed model is its ability to maintain a high AUC of 98.96%,

demonstrating its strong capacity to di↵erentiate between classes.

In order to study the performance of the proposed model across di↵erent CAD sub-

classes, as well as normal cases, Table 6.5 is depicted. First, 100 normal and 100 AMI

cases (a subclass of CAD) were selected to evaluate the model’s performance. The model

achieved an accuracy of 99.19% on the training set and 93.94% on the test set, demon-

strating reliable performance in distinguishing between normal cases and AMI. The high

precision of 93.94%, combined with a perfect recall of 93.94% and an F1 score of 93.94%,

suggests that the model not only correctly identifies AMI cases but also minimises false

negatives. Additionally, the AUC of 96.51% further supports the model’s strong capa-

bility to di↵erentiate AMI cases from normal cases. Secondly, 100 normal cases and 100

IMI cases were selected to investigate how the model performs. The model maintained

a high training accuracy of 99.04% and a test accuracy of 93.94%, suggesting consistent

performance across di↵erent CAD subclasses. The precision of 94.10%, recall of 93.94%,

and F1 score of 93.93% indicate that the model e↵ectively distinguished IMI cases, with

slightly improved precision compared to AMI classification. The AUC of 97.61% re-

flects a higher discriminatory ability, further highlighting the model’s e↵ectiveness in

classifying IMI cases. Lastly, the model exhibited its strongest performance, achieving

a training accuracy of 98.08% and a test accuracy of 96.97%, the highest among all

CAD subclasses. The precision of 97.14%, recall of 96.97%, and F1 score of 96.97%

demonstrate the model’s ability to detect LMI cases with high reliability. The AUC of

99.63% indicates that the model has an exceptional capability to distinguish LMI cases

from normal cases, suggesting a highly e↵ective classification process.

The aforementioned analysis confirms that, in addition to binary classification, the

model’s performance was evaluated in a multi-class classification setting, where di↵erent

CAD subclasses were treated as distinct categories. Compared to the binary classifica-

tion results in Table 6.4, the model’s accuracy decreased to 72.50%, suggesting challenges

in classify between certain CAD subclasses. The model obtained a precision of 71.33%,

a recall of 72.50%, and an F1 score of 72.74%. Despite the drop in an overall accuracy,

the AUC remained high at 89.74%, indicating a strong distinguishing ability. However,

some CAD subclasses were more di�cult to classify correctly, as shown in Figure 6.9(a),
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where the confusion matrix highlights misclassifications and potential overlap between

CAD subclasses.

Furthermore, t-SNE analysis was conducted to visualise high-dimensional data and as-

sess how well the model distinguishes between di↵erent CAD subclasses. In addition, a

confusion matrix was used to evaluate the model’s performance in a multiclass classifica-

tion setting, where CAD subclasses were considered separately instead of using a binary

classification approach as shown in Figure 6.9. In Figure 6.9(a), the model correctly

identified 25 out of 30 normal cases, with one normal case misclassified as AMI, three

as LMI, and one as IMI. This high accuracy suggests that the model e↵ectively di↵eren-

tiates individuals with normal sinus rhythm from those with CAD. Among the 30 AMI

cases, only 17 were correctly classified, while 3 were misclassified as normal, 3 as LMI,

and 7 as IMI. Furthermore, the model demonstrated strong performance in classifying

LMI cases, correctly identifying 25 out of 30 instances. However, five cases were misclas-

sified as IMI, suggesting that while LMI features are well captured by the model, some

instances share similarities with IMI. Lastly, the model’s performance in distinguishing

IMI from normal cases presented the greatest challenge, with 20 correct classifications

out of 30. A significant number of 10 cases were misclassified as LMI. This highlights

a high degree of feature similarity between IMI and other CAD subclasses, particularly

LMI, which may explain the frequent misclassification. Based on these results, further

refinement in feature extraction or the incorporation of more complex feature extraction

layers may be necessary, as this could improve the model’s ability to classify IMI cases

more accurately.

To further understand the model’s performance, the t-SNE technique was applied to

visualise how well the model distinguishes between di↵erent CAD subclasses at two

stages. Figure 6.9(b) illustrates the feature distributions in the first layer of the proposed

model. As shown, the di↵erent CAD subclasses exhibit a significant degree of overlap,

suggesting that their distinguishing features have not yet been fully captured. This

indicates that the model has not yet learned meaningful features, making classification

more challenging in the initial layers. On the other hand, the feature distribution in

the final layer shows that the data points are more distinctly clustered. This suggests

that the model has successfully extracted discriminative features for each CAD subclass,

leading to improved class separation. Additionally, Normal and LMI cases appear well-

separated, reflecting the model’s strong ability to di↵erentiate these classes. However,

AMI and IMI still exhibit some overlap, which is consistent with the confusion matrix

results.
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(a) Confusion matrix of the test data for the multiclass classification of CAD subclasses
and normal sinus rhythm.

(b) t-SNE visualisation illustrating feature separability between normal sinus rhythm
and CAD subclasses.

Figure 6.9: Comparison of classification performance and feature separability on the
test set for multiclass classification: (a) Confusion matrix and (b) t-SNE visualization

of learned feature representations.
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6.4.3 E�ciency Analysis for Real-time Processing

Table 6.6 compares the performance of existing lightweight models with the proposed

model, all deployed on the STM32F469I-DISCO microcontroller. This evaluation con-

siders the model’s computational complexity, memory requirements, inference time, and

energy consumption, all of which are critical factors in the development of a real-time

ECG CAD diagnostic tool. The proposed model demonstrated clear advantages in com-

putational e�ciency. It required only 1,693,940 MAC operations compared to 13,597,156

for 1D-MobileNetV1, representing a reduction of nearly 88%. This reduction in complex-

ity was also reflected in the parameter count, with the proposed model using just 0.0553

MB of parameters, significantly less than the 0.4788 MB required by 1D-MobileNetV1.

In comparison, the lightweight CNN [163] required 13,913,016 MAC operations and

0.2663 MB of parameters, which is lower than 1D-MobileNetV1 but still considerably

higher than the proposed model. ResNetLite demonstrated improved computational ef-

ficiency, with MAC operations totalling 10,170,074. However, this remains greater than

that of the proposed model. Regarding memory usage, the proposed model required only

0.0852 MB of flash memory, while 1D-MobileNetV1 needed 0.5261 MB, representing a

reduction of approximately six times in storage size. Although the proposed model used

slightly more RAM at 0.1117 MB, compared to 0.0671 MB for 1D-MobileNetV1, the

increase was minor and remained well within the memory limits of resource-constrained

devices. The lightweight CNN model consumed even more RAM at 0.1930 MB and re-

quired 0.2899 MB of flash memory, making it less suitable for low-memory environments.

ResNetLite used 0.461 MB of flash memory and 0.1065 MB of RAM, both higher than

those required by the proposed model, which makes it less ideal for resource-constrained

environments. Most importantly, the proposed model showed clear improvements in

both inference time and energy e�ciency. The average inference time per subject was

reduced to 0.1121 seconds, which is less than half of that required by 1D-MobileNetV1.

This faster processing directly contributed to reduced energy consumption, decreasing

from 16.51 mJ to 7.39 mJ per subject. In contrast, the lightweight CNN model had

a much longer inference time of 0.7991 seconds and the highest energy consumption

at 52.15 mJ per subject. These results demonstrate that the proposed model is more

suitable for deployment in real-time and energy-e�cient ECG-based CAD diagnosis op-

erating on resource-constrained devices.

6.5 Conclusion

This chapter introduced a lightweight ECG CAD classification model designed to distin-

guish between CAD and normal sinus rhythm in real-time. To reduce the computational
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requirements while preserving high classification accuracy, several optimisation strategies

were implemented. Evaluated using the PTB-XL database, the proposed model achieved

an accuracy of 95.45% and an AUC of 98.96%, indicating its strong performance. The

model was composed of only 0.0553 MB of parameters and requires 1,693,940 MAC op-

erations, significantly outperforming current state-of-the-art ECG classification models

regarding resource e�ciency. The model was successfully deployed on a cost-e↵ective

MCU, the STM32F469I-DISCO, where it consumed just 7.39 mJ per subject classifica-

tion, ensuring real-time ECG CAD diagnostic capabilities.
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Chapter 7

Multi-Disease Cardiovascular

Detection from ECG Signals

Using an Attention-Driven Deep

Network

7.1 Overview

While the previous chapters focused on developing lightweight models for CAD detec-

tion, in real-world clinical settings patients rarely present with a single cardiac condition.

Patients commonly present with co-existing heart conditions, such as CAD and AF, and

accurate diagnosis therefore requires distinguishing between multiple conditions within

a single ECG recording. Building on the demonstration of e�ciency and suitability in

the earlier chapters, this chapter focuses on multi-disease classification by introducing

a novel deep learning architecture for detecting multiple CVDs from ECG signals. The

proposed model combines convolutional layers, residual connections, and attention mech-

anisms in a unified framework to improve both accuracy and computational e�ciency.

Convolutional layers enable the extraction of local signal features, while residual con-

nections address the vanishing gradient problem, allowing the network to learn deeper

and more complex patterns without degradation. Attention mechanisms enhance the

model’s focus on diagnostically relevant features, improving interpretability and preci-

sion. This model e↵ectively captures both local and global features within ECG data,

facilitating a comprehensive analysis of intricate cardiac patterns. Moreover, by elimi-

nating the need for conventional feature extraction techniques, which often necessitate

145
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substantial preprocessing in traditional machine learning methods, our approach stream-

lines the classification process, thereby enhancing both e�ciency and accuracy in the

detection of multiple CVDs. Our extensive experimental results demonstrate that the

proposed model e↵ectively achieves an average classification accuracy of 99.54%, which

is superior to existing deep learning-based models, and enables the detection of multi-

ple heart conditions from a single ECG reading, o↵ering valuable insights for clinical

decision-making.

7.2 Related works

CNN has demonstrated strong performance in capturing spatial features within ECG

signals, making them highly suitable for the detection of CVDs [30, 31]. ResNets, a

specific type of CNN, have been introduced to address the limitations of traditional ar-

chitectures. By incorporating shortcut connections, ResNets enable the construction of

deeper networks while mitigating the vanishing gradient problem often encountered in

very deep models [30, 32, 147]. LSTM networks, a form of RNN, have also been utilised

for the early detection of heart conditions due to their ability to model long-term tem-

poral dependencies within sequential data [149]. Several studies have combined CNN

with LSTM to benefit from both spatial feature extraction and temporal sequence learn-

ing [6, 136]. In addition, attention mechanisms have been increasingly integrated into

deep learning models to improve classification performance by identifying and focusing

on the most informative regions of the ECG input [33, 140, 150]. For example, [34]

shows that attention can improve diagnostic accuracy by assigning greater weight to

ECG leads that contribute more significantly to identifying specific heart conditions.

According to the literature, current models face significant challenges in multi-class dis-

ease classification from ECGs due to limitations in data availability, class imbalance, and

inadequate feature extraction, which adversely a↵ect their performance across various

cardiovascular conditions [79]. These challenges underscore the need for a more e↵ective

and practical solution, prompting the development of our proposed model, which inte-

grates advanced DL-based techniques to enhance both accuracy and robustness in the

diagnosis of multiple cardiovascular diseases.

In this chapter, we propose a novel model for the classification of multiple CVDs, inte-

grating convolutional layers, residual networks, and attention mechanisms. We propose

to apply a data augmentation process to serve two purposes: 1) enriching the dataset

to enhance its robustness, generalisability, and applicability to real-world scenarios, etc.

and 2) examining the impact of noise power on ECG signal classification to determine
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the optimal settings for augmentation. Our multi-label classification enables the detec-

tion of multiple conditions from a single ECG reading, potentially improving treatment

decisions and revealing diseases that may have previously gone undetected. Further-

more, accurate multi-disease detection using only one ECG channel can potentially lead

to feasible commercial health monitoring devices, such as smartwatches. The proposed

model is designed to address the complexity of ECG signals, which often exhibit charac-

teristics of multiple cardiac conditions simultaneously. This approach allows the model

to capture subtle distinctions between various CVDs, thereby improving diagnostic ac-

curacy and aligning more closely with real-world clinical practice. The proposed model

can serve as a pre-screening tool, as ECG is non-invasive compared to other medical

examination methods in hospitals. Furthermore, this approach can assist doctors in

making informed decisions regarding the next steps in the diagnostic process.
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(a) ECG Signal demonstrating AF

(b) ECG Signal demonstrating arrhythmia
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(c) ECG signal demonstrating normal sinus rhythm in a healthy patient

(d) ECG Signal demonstrating CAD

Figure 7.1: Example of ECG signals from four di↵erent classes (Normal, CAD, Ar-
rhythmia, and AF) with applied data augmentation.
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7.3 Methodology

Figure 7.1 illustrates an overview of our proposed approach. As seen from this figure,

the process begins with raw ECG signals obtained from four classes (Normal, CAD, AF,

and Arrhythmia) and only one ECG channel (lead II), which will be explained in detail

in Section 7.3.1. Subsequently, the raw data will be randomly selected and used for data

augmentation (see Section 7.3.2). The proposed model (with its structure described

in Sections 7.3.3, 7.3.4, and 7.3.5) is then employed to classify the ECG signals. In

our study, we propose a novel model that integrates CNN with residual blocks and

multi-head attention mechanisms to enhance the processing and classification of ECG

signals. This hybrid architecture e↵ectively captures both local patterns and long-range

dependencies, thereby improving feature extraction and overall model performance in

identifying cardiac diseases.

7.3.1 Data preprocessing

The dataset used in this study consists of four distinct categories of ECG data: atrial

AF, arrhythmia, CAD, and healthy patients. Arrhythmia data are obtained from a

large-scale 12-lead electrocardiogram database [234]. AF data are sourced from the 4th

China Physiological Signal Challenge 2020 [235], while CAD data are retrieved from the

MIMIC III database [199]. Data from healthy patients are acquired from the Fantasia

database [236]. All of these databases are publicly accessible via PhysioNet. Twenty

patients were carefully selected from each respective database, and their ECG data were

segmented into 1-second intervals. This segmentation allows for a detailed analysis of

variations and trends in the signals over short time intervals, a methodology extensively

used in previous research to ensure consistency in ECG signal evaluation [6]. Each

segment comprises 250 samples, representing approximately one full cycle of the ECG

signal. Class labels were assigned as follows: 0 for normal, 1 for CAD, 2 for arrhythmia,

and 3 for AF. Subsequently, 200 segments from each class were randomly selected for

data augmentation and further used in the experimental process.

7.3.2 Data augmentation

Data augmentation is employed by introducing random noise to ECG segments, signif-

icantly enhancing model generalisation and helping to prevent overfitting. Commonly

applied in ECG signal analysis [79], this method e↵ectively replicates the noisy condi-

tions typically encountered in real-world scenarios. By enhancing the diversity of the

training set, this approach enables the model to recognise and adapt to more complex



152

patterns, thereby improving its accuracy and performance on unseen data. Gaussian

noise is added to generate synthetic examples, to improve the model’s generalisation. A

zero-mean white Gaussian noise, denoted as N (0,�2), with a standard deviation �, is

added to each sample. In this study, Gaussian noise is applied to each original ECG seg-

ment to generate two augmented segments as shown in Figure 7.1. The white Gaussian

noise is introduced as follows:

Xaugmented = X +N (0,�2), (7.1)

where X = {x1, x2, x3, . . . , xn} represents the original ECG segment composed of n

samples, N (0,�2) represents Gaussian noise with mean 0 and variance �
2.

7.3.3 CNN block

A CNN block utilises 50 convolutional filters, each with a kernel size of 28, to process

the input ECG data. The convolutional operation involves sliding these filters across the

temporal dimension of the input sequence to capture local patterns and features. The

activation function applied is the ReLU, which introduces non-linearity into the model,

enabling it to learn more complex patterns from the ECG signals. Furthermore, L2-

norm regularisation is applied to the convolutional weights with a penalty term of 0.01.

This regularisation technique helps to prevent overfitting by penalising large weights,

thereby promoting model generalisation when interpreting ECG signals.

Batch normalisation is applied to adjust the activations from the previous layer by nor-

malising them across the mini-batch. This process standardises the mean and variance

of the inputs to each subsequent layer, which helps to reduce internal covariate shifts

and stabilise the distribution of ECG signal features. The batch normalisation stabilises

and accelerates the training process, ensuring that the data entering each layer is more

consistent. This improved consistency facilitates more e�cient gradient-based optimisa-

tion and enhances the overall training performance. To further address overfitting, the

block incorporates a dropout layer with a dropout rate of 0.1, which randomly disables

a fraction of neurons during training. This technique reduces the likelihood of overfit-

ting by preventing the network from becoming excessively dependent on any individual

neuron, thereby enhancing its ability to generalise to unseen ECG data. A max pooling

layer with a pool size of 3 is used to decrease feature map dimensionality by selecting

the maximum values from non-overlapping segments. This pooling operation reduces

computational load and introduces translational invariance by emphasising the most

significant features while discarding less relevant information from the ECG signal.



153

7.3.4 Residual block

A residual block is incorporated to enhance the model’s ability to learn e↵ectively as the

network depth increases. The residual block contains two main convolutional layers; The

first layer performs a one-dimensional convolution with 128 filters and 16 kernel size,

using ReLU activation function. The filter size dictates the number of features extracted

by each convolutional layer, whereas a kernel size of 16 specifies the window across

which the convolution is applied, enabling the network to identify significant patterns

within the temporal data. Each convolutional layer is followed by a batch normalisation

layer, which standardises the outputs and improves the e�ciency of convergence during

training. A shortcut connection is introduced to allow the output from the CNN block

to pass through directly if the dimensions of the input align with the dimensions of the

processed output before addition. Mathematically, this can be expressed as:

y = F(x, {Wi}) + x, (7.2)

where x denotes the input signal, F(x, {Wi}) represents the output of the convolutional
layers with the learned weights {Wi}, and y corresponds to the final output of the

residual block. If the dimensions of x and F(x, {Wi}) do not align, a one-dimensional

convolution with a kernel size of 1 is applied to the shortcut connection to match the

dimensions, thereby enabling the addition to be performed successfully. Following the

two convolutional layers, a max pooling layer is applied with a pool size of 2 to downsam-

ple the feature map, reducing its dimensionality and summarising the most prominent

features within each pooling window.

7.3.5 Attention block

An attention block integrates multi-head self-attention with feed-forward neural net-

works, using residual connections and layer normalisation to enhance the model’s ability

to capture complex dependencies in ECG data. This block is designed to maintain stable

gradient flow, minimise overfitting, and address vanishing gradient issues, all of which

are essential for e↵ectively training deep neural networks. The block begins with layer

normalisation, which standardises input activations across feature dimensions for each

ECG instance. This is particularly beneficial for ECG data, where signal amplitudes

and baselines vary. After normalisation, the block applies multi-head self-attention to

capture relationships between di↵erent elements of the ECG sequence. The scaled dot-

product attention, which forms the core of each attention head, is defined in Equation

2.4.
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By employing 256 attention heads, each processing 512 dimensions of the input, the

model captures a broader range of dependencies across the ECG sequence, enabling

it to focus on di↵erent aspects or patterns within the ECG signal. After the multi-

head operation, a residual connection is applied, combining the original ECG input x

with the output from the multi-head operation. Following the multi-head attention

mechanism, a feed-forward neural network is applied. This network comprises two fully

connected layers. The first fully connected layer in the feed-forward network expands

the input dimensionality to a size of 128, matching the size of the hidden layer. This

expansion enables the model to learn richer and more abstract feature representations.

By applying a ReLU activation, the layer introduces non-linearity, which enhances the

model’s ability to capture and process more complex patterns, a particularly important

feature for ECG data. The second dense layer reduces the data back to its original input

dimensionality. Regularisation is applied through both L1-norm and L2-norm penalties

in this layer, while dropout is used between the layers to prevent overfitting. The

feed-forward network operates independently on each time step of the ECG sequence,

ensuring that the features extracted from each step are processed separately. Finally,

the output of the feed-forward network is combined with the residual connection from

the multi-head attention layer, preserving the original input information and facilitating

e↵ective gradient flow during backpropagation.

7.4 Experimental results

In this section, we evaluate the performance of the proposed model, with particular em-

phasis on classification accuracy, high-dimensional data visualisation, and a comparative

study with other traditional ML and DL-based models.

7.4.1 Experiments

Four distinct classes were formed in our dataset, with each class containing 200 ECG

segments, resulting in a total of 800 ECG segments, as mentioned in Section 7.3.1.

After applying data augmentation, the dataset was expanded to 1,600 ECG segments,

equivalent to 400,000 ECG samples, which were used for the subsequent experiments.

To ensure a robust evaluation of the model’s performance, we employed 10-fold cross-

validation. In each fold, 90% of the data was used for training, while the remaining 10%

was reserved for testing. This partitioning method is widely employed due to its ability

to provide substantial training data while simultaneously allocating su�cient resources

to assess the model’s generalisation capability.
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To evaluate the model, performance metrics including accuracy, precision, recall, and

F1 score were used to measure the performance of the classification model as shown in

Equations (2.5) , (2.7), (2.6), and (2.9).

Additionally, t-SNE analysis is conducted to visualise high-dimensional data and to

investigate the impact of each important block in the proposed model on classifying

between classes. This technique facilitates the observation of the distribution and clus-

tering of data points in a lower-dimensional space. By applying t-SNE, insights can

be gained into the relationships between di↵erent classes of ECG signals, aiding in the

identification of patterns that may indicate various CVDs.

7.4.2 Results and discussion

Table 7.1 presents a comparative analysis of the existing traditional ML and DL-based

model and our proposed model using 10-fold cross-validation. SVM achieves a training

accuracy of 80.04%, but its test accuracy drops significantly to 63.25%, suggesting that

the model may have overfitted the training data. Although SVM captures patterns in the

training set, its generalisation capability is limited, as indicated by moderate precision

of 65.52%, recall of 63.10%, and F1 score of 62.08%. KNN exhibits poor performance,

with a training accuracy of 61.72% and a test accuracy of 50.50%, implying that it

struggled to model the underlying relationships in the data. Its F1 score of 46.79%

further reflects its di�culty in e↵ectively handling this multi-class classification task.

Logistic Regression shows the lowest overall performance among the traditional ML

methods, with a training accuracy of 52.81% and a test accuracy of 48.45%. The result

indicates that the linear nature of Logistic Regression is not suitable for the complexity

and non-linearity of the data. In contrast, Naive Bayes outperforms both KNN and

Logistic Regression, achieving a relatively balanced training accuracy of 67.95% and

a test accuracy of 67.54%, indicating improved generalisation. Its higher precision of

79.07% suggests greater e↵ectiveness in avoiding false positives; however, the moderate

F1 score of 64.48% indicates that, like the other traditional models, it still struggles to

fully capture the complexity of the ECG data

Among existing models, the Convolutional Attention-based model [150] exhibits strong

performance, achieving a training accuracy of 98.11% and a testing accuracy of 97.50%.

Its precision, recall, and F1 score are closely aligned, each around 97%, demonstrating a

well-balanced and robust ability to handle both positive predictions and true positives

e↵ectively. Similarly, our baseline CNN model [31] also displays commendable results

with a test accuracy of 97.13%, precision of 97.23%, and an F1 score of 97.11%, indicating

reliable and consistent performance across key metrics. These results place it among the
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models, slightly behind the attention-based architecture but still demonstrating excellent

generalisability.

However, several other architectures struggle to reach comparable levels of performance.

For example, the BiLSTM model [136] and the VGG19 model [237] exhibit notably lower

test accuracies of 41.95% and 38.66%, respectively. The VGG19 model, in particular,

su↵ers from poor precision, with an F1 score as low as 29.97%, highlighting its imbal-

anced performance and di�culty in accurately predicting correct outputs. Similarly, the

BiLSTM model produces only moderate results, with a precision of 48.85% and an F1

score of 36.14%, underscoring the limitations of these architectures for multi-class heart

disease classification.

The RNN-LSTM [149] and ResNet-16 [32] models, although performing better than the

BiLSTM and VGG19, still demonstrate only moderate performance. The RNN-LSTM

achieves a test accuracy of 78.45%, precision of 81.46%, recall of 78.45% and an F1 score

of 78.39%, while the ResNet-16 model achieves a test accuracy of 71.04%, precision of

75.38%, recall of 71.04% and an F1 score of 70.61%. In contrast, the proposed model

clearly outperforms all existing models across the evaluated metrics. With a training

accuracy of 99.79% and a test accuracy of 99.54%, it not only surpasses its competitors

but also sets a new benchmark for performance in multiclass heart disease classification.

Furthermore, its precision, recall, and F1 score are exceptionally high, reflecting the

model’s superior ability to balance true positive classifications with false positives, with

values of 99.07%, 98.99%, and 98.97%, respectively. The close alignment of precision

and recall further indicates that the model achieves a well-balanced trade-o↵ between

sensitivity and precision, which is crucial for ensuring reliable and accurate predictions

in real-world applications.

The overall results demonstrate the superior performance of the proposed model, sig-

nificantly outperforming other DL-based models, particularly in test accuracy and F1

score, both key indicators of model robustness and generalisability. These findings sug-

gest that the architectural innovations integrated into the proposed model are highly

e↵ective, o↵ering not only enhanced predictive accuracy but also more reliable and bal-

anced performance across all key evaluation metrics. In contrast, traditional ML models

exhibit limitations in their ability to generalise, especially when compared to the pro-

posed model and other DL models. These limitations arise from the complexity of the

ECG data and the non-linear relationships among the variables, which traditional mod-

els such as Logistic Regression, KNN, and SVM are unable to e↵ectively handle. While

Naive Bayes exhibits relatively satisfactory performance due to its simplicity and its

premise of feature independence, it still fails to achieve the performance levels of more

advanced DL models.
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(a) t-SNE visualisation after CNN block

(b) t-SNE visualisation after Residual block 1
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(c) t-SNE visualisation after Residual block 2

(d) t-SNE visualisation after attention block

Figure 7.2: t-SNE visualisations of the feature space.
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Figure 7.3: Impact of noise power variation on the accuracy of multi-class classifica-
tion.

Figure 7.2 illustrates the e↵ect of each block on feature extraction, visualised using t-

SNE. Figure 7.2(a) shows that after the CNN block, the class separation is moderate,

with some overlap between the clusters. Figure 7.2(b) demonstrates the e↵ects after the

first residual block, where distinct clusters begin to emerge, indicating clearer separation

between classes. Following the second residual block, the clusters become more refined,

demonstrating improved feature extraction, as shown in Figure 7.2(c). Figure 7.2(d)

indicates that after the attention block, the class separation is more distinct, with clearly

defined clusters for each class and only minor overlap between classes 0 and 2. This

underscores the importance of residual and attention mechanism blocks in enhancing

the model’s ability to detect complex features across various classes.

Figure 7.3 illustrates the relationship between noise power and classification accuracy on

the testing set for our proposed model. The noise power, a parameter in data augmen-

tation that employs white Gaussian noise with a standard deviation, ranges from 0.01

to 0.1. At zero noise power, the baseline accuracy was 0.9754, indicating the model’s

performance in the absence of noise augmentation. With an increase in noise power to

0.01, a slight decrease in accuracy to 0.9729 was observed, suggesting that even mini-

mal noise introduction may initially degrade performance. However, when noise power

reached 0.02, the accuracy improved to 0.9808, surpassing the baseline. A further in-

crease in noise power to 0.03 resulted in a substantial improvement, with accuracy rising

to 0.987. This trend continued, with the highest accuracy of 0.9954 achieved at a noise

power of 0.06. These results indicate that moderate noise augmentation can enhance
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the model’s robustness by mitigating overfitting and promoting improved generalisation.

Therefore, a noise power of 0.06 was selected as the optimal level, as it provided the

highest accuracy while also improving the model’s generalisation and robustness. At

noise power levels of 0.07 and 0.08, accuracy decreased slightly to 0.9887 and 0.9858,

respectively. This decline continued as noise power increased to 0.1, leading to an ac-

curacy of 0.9841. Despite this gradual decrease, the model maintained relatively high

accuracy, demonstrating its resilience to higher noise levels.

Table 7.2: Comparison of Model Block Configurations in the Proposed Model

Block
Accuracy Precision Recall F1 Score

CNN Residual Attention

X X X 0.9904 0.9912 0.9902 0.9905

X X X 0.9920 0.9925 0.9916 0.9919

X XX X 0.9900 0.9908 0.9899 0.9898

X XX X 0.9954 0.9953 0.9955 0.9953

X: no block used, X: one block used, XX: two blocks used.

In addition, an ablation experiment is conducted to evaluate various configurations for

the integration of the convolutional block, residual block, and attention mechanism, as

shown in Table 7.2. The results of this experiment underscore the significance of model

components, demonstrating that the incorporation of residual and attention mechanisms

can significantly enhance classification e�cacy. The first configuration, which utilised

only the CNN block, achieved an accuracy of 0.9904. This outcome illustrates that a

baseline CNN architecture can e↵ectively classify four distinct classes, indicating robust

baseline performance. However, the absence of more advanced mechanisms highlights

potential areas for further enhancement. Subsequently, the incorporation of a residual

block alongside the CNN resulted in an improved accuracy of 0.9920. This enhancement

highlights the e↵ectiveness of residual connections in facilitating improved gradient flow

during training, thereby enhancing the model’s generalisation capabilities. In contrast,

the incorporation of both the CNN and two residual blocks led to a slight decrease in

accuracy to 0.9900. This finding suggests that increasing architectural complexity does

not necessarily enhance performance. Nevertheless, the model continues to demonstrate

robust performance while e↵ectively mitigating the vanishing gradient problem. Lastly,

the integration of all three blocks, CNN, two residual blocks, and Attention, resulted

in the highest accuracy of 0.9954. This significant improvement underscores the critical
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role of the attention mechanism in enabling the model to selectively focus on relevant

features within the ECG data, thereby enhancing overall classification performance.

Figure 7.4 illustrates the corresponding confusion matrix for the proposed multi-class

classification model in both training and testing phases. Figure 7.4(a) demonstrates a

high level of training accuracy across all categories, correctly classifying 538 instances

of Normal, 539 of CAD, 538 of Arrhythmia, and 540 of AF. Notably, only two instances

from the Normal class were misclassified as Arrhythmia, and one instance of CAD was

similarly misclassified as Arrhythmia. Furthermore, Figure 7.4(b) shows the correct

classification of 58 instances of Normal, 62 of CAD, 57 of Arrhythmia, and 62 of AF in

the testing phase. Notably, only one instance from the Normal class was misclassified

as Arrhythmia, while no misclassifications were observed for CAD, Arrhythmia, or AF.

These results highlight the robustness of the model in accurately di↵erentiating between

the classes, even when applied to unseen data. This performance suggests that the model

maintains a high level of precision and e↵ectiveness across both the training and testing

datasets.

Despite the strong classification performance, the confusion matrix reveals occasional

misclassification between CAD and arrhythmia classes, which may arise from overlap-

ping ECG morphology between these conditions. This suggests that using a single-

label multi-class framework may not fully represent real-world clinical scenarios, where

patients can present with multiple CVD abnormalities. Multi-class classification en-

ables di↵erentiation between multiple cardiac conditions compared with binary diagnosis

and provides more clinically informative predictions. Future studies will explore multi-

label learning and investigate label correlation using multi-disease annotated datasets

to model coexisting CVD conditions.

7.5 Conclusion

In this study, we propose a novel model for classifying multiple CVDs that integrates con-

volutional layers, residual networks, and attention mechanisms. This model e↵ectively

addresses noise in real-world ECG datasets through robust data augmentation, ensuring

reliable performance across diverse cardiac conditions. Integrating noise into ECG sig-

nals before inputting the ECG data into the model is essential for simulating real-world

clinical scenarios. This approach not only enhances the robustness of the model but also

improves its accuracy in detecting cardiovascular conditions in the presence of typical

environmental noise. Its multi-label classification capability has significant clinical im-

plications, allowing for the simultaneous detection of multiple conditions from a single
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(a) On training set

(b) On testing set

Figure 7.4: Confusion Matrix for the proposed model.
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ECG reading. The proposed model can serve as a pre-screening tool, as ECG is non-

invasive compared to other medical examination methods in hospitals. Furthermore,

this approach can assist doctors in making informed decisions regarding the next steps

in the diagnostic process. Future research may focus on refining the model for real-time

monitoring and wearable devices, enhancing its clinical utility, and supporting proactive

patient management.



Chapter 8

Conclusions and Future Work

This chapter provides a critical discussion and summary of the research contributions

presented in this thesis, with a focus on their novelty, methodological significance, and

potential clinical applicability. It begins by reflecting on the key innovations introduced

across the proposed deep learning frameworks for ECG-based CAD diagnosis. A concise

summary of the main findings from each chapter is then provided. This is followed

by a discussion of the study’s limitations, acknowledging the challenges and constraints

encountered. The chapter concludes by outlining recommended directions for future

research, with an emphasis on improving model generalisability and supporting real-

world deployment.

8.1 Summary of Novel Contributions and Experimental

Findings

This section outlines the major findings and considers their significance in relation to

the aims of the study.

8.1.1 Chapter 3: Coronary Artery Disease Classification Using One-

Dimensional Convolutional Neural Network

1. The proposed one-dimensional convolutional neural network is capable of accu-

rately distinguishing between CAD and NON-CAD cases directly from raw ECG

signals. Notably, it achieves this without the need for manual feature extraction,

instead learning meaningful patterns automatically from the ECG data.

165
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2. Experimental results indicate that shorter ECG samples, particularly those be-

tween 250 and 300 data points, improve generalisability to previously unseen data.

This improvement may be attributed to reduced overfitting, as shorter segments

contain fewer redundant or noise-prone signal components, enabling the model to

focus more e↵ectively on the most informative features. The highest test accuracy

recorded was 96%, while the accuracy on unseen data ranged from 82.5% to 85.7%

when using 250-point samples.

3. The proposed model achieved a classification accuracy of 97.3%, outperforming

both the baseline one-dimensional convolutional neural network and the Hybrid

CNN-LSTM model. Despite its strong performance and ability to generalise well

from a relatively small dataset, the model’s higher computational requirements

may present challenges for deployment in resource-constrained environments.

4. CAD ECG data from the MIMIC III database exhibited significant variability in

lead formats and storage formats, illustrating the complexity and practical chal-

lenges of working with real-world clinical datasets. This finding underscores the

need for robust feature extraction methods that can accommodate such incon-

sistencies and help ensure dependable model performance in practical diagnostic

settings.

8.1.2 Chapter 4: Enhanced Coronary Artery Disease Classification

through Feature Engineering and One-Dimensional Convolutional

Neural Network

1. Feature engineering was introduced to remove noisy and low-information ECG seg-

ments and to improve signal quality using sample entropy and standard normalisa-

tion. Applied prior to training the one-dimensional convolutional neural network,

this approach significantly improved classification accuracy and robustness. The

proposed model trained without feature engineering demonstrated poorer perfor-

mance on unseen data, thereby highlighting the importance of signal quality and

e↵ective preprocessing.

2. A novel and streamlined one-dimensional convolutional neural network architec-

ture has been developed for the diagnosis of CAD, integrated with a feature en-

gineering module to enhance signal quality. This approach relies solely on ECG

signals, o↵ering a cost-e↵ective alternative to existing diagnostic methods that

depend on expensive biomarkers technologies.

3. The proposed one-dimensional CNN outperformed both classical and other deep

learning models, achieving 98.5% accuracy on unseen data. Feature engineering



167

further enhanced generalisability, in temporal models such as LSTM and CNN-

LSTM. These findings underscore the e↵ectiveness of deep learning for CAD diag-

nosis using ECG, when applied to large and complex datasets.

4. The proposed model achieves fast inference times of 18.7 ms per subject, outper-

forming more complex models such as LSTM and CNN-LSTM. Combined with its

high accuracy, this makes it well-suited for real-time applications such as portable

ECG devices.

5. Although existing research on the MIMIC III dataset has primarily focused on

conditions such as arrhythmia, CHF, and AF, relatively small attention has been

given to the detection of CAD. This study addresses that gap by developing a

one-dimensional convolutional neural network applied to the MIMIC III dataset.

8.1.3 Chapter 5: CADNet: A lightweight Neural Network for Coro-

nary Artery Disease Classification Using Electrocardiogram Sig-

nals

1. A lightweight neural network architecture (CADNet) was developed for e�cient

classification of CAD using ECG signals, removing the need for extensive hand-

crafted features. The model combines low computational complexity with strong

classification performance, making it ideal for resource-constrained CAD detection

applications.

2. CADNet model significantly reduces computational complexity compared to the

traditional baseline deep learning model, decreasing trainable parameters from ap-

proximately 8 million to just 8,552 and reducing storage size from 32.19 MB to

33.41 KB, while maintaining high accuracy and achieving faster runtime. More-

over, CADNet is considerably smaller than well-known lightweight deep learning

models such as E�cientNetB0, SqueezeNet, 1D-MobileNetV1, and Shu✏eNetV1.

This e↵ective balance of e�ciency and performance renders CADNet highly suit-

able for real-time CAD diagnosis on resource-constrained devices.

3. A novel data purification step was applied to the ECG data subsets prior to model

training. This technique removes noise and low-quality segments from the ECG

signals. By filtering these components, the data purification process improves the

overall quality of the ECG input data, thereby improving the model’s ability to

accurately classify CAD.

4. CADNet model comprises two key components: feature encoding block, which e�-

ciently captures critical temporal ECG patterns such as P waves, QRS complexes,
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and T waves, and compact pooling block, which reduces temporal resolution to

focus on the most relevant CAD ECG features while enhancing robustness to noise.

5. CADNet was evaluated across four diverse datasets including PTB-XL, MIMIC-

III, St. Petersburg and Fantasia, demonstrating superior accuracy and robustness.

The model’s consistent performance across di↵erent age groups, with highest ac-

curacy in the 40 to 50 year range and slight declines in younger and older popula-

tions, further confirms its strong generalisability while highlighting the potential

influence of age related physiological variations in ECG signals [238].

8.1.4 Chapter 6: Real-time Coronary Artery Disease Detection from

12-Lead ECG Using A Lightweight Deep Network

1. A novel lightweight deep learning model was developed for CAD diagnosis using

12-lead ECG, combining depthwise convolutions, residual connections and squeeze-

and-excitation blocks. The model achieved strong discrimination performance with

95.45% accuracy, 98.96% AUC and a 95.45% F1 score. This result significantly

outperforms the compared traditional machine learning, deep learning and other

lightweight architectures.

2. The proposed lightweight model achieves an optimal balance between accuracy

and e�ciency, using only 13,584 trainable parameters, a 0.0530 MB storage size

and 0.0191 seconds inference time per subject, while obtaining 95.45% accuracy

and 98.96% AUC. The proposed ligtweight model outperforms traditional machine

learning, conventional deep learning and other lightweight architectures, making

it suitable for real-time deployment in resource-constrained environments.

3. The proposed model provides the optimal balance of e�ciency and performance on

the STM32F469I-DISCO. It requires far fewer MAC, 1.69 million, has the smallest

parameter count at 0.0553 MB, operates within a flash size of 0.0852 MB and RAM

of 0.1117 MB, and achieves the fastest inference time of 0.1121 seconds per subject

with the lowest energy consumption of 7.39 mJ, outperforming MobileNetV1 [232],

lightweight CNN [163], and ResNetLite [233].

4. t-SNE visualisation and confusion matrix demonstrate strong multiclass discrim-

ination. Feature representations cluster distinctly for normal sinus rhythm and

CAD subclasses, and the confusion matrix shows high true-positive rates with

minimal misclassification, indicating that the proposed model reliably separates

and classifies closely related CAD subclasses.

5. SHAP analysis indicated that aVR, Lead II and V2 contribute most strongly to

distinguishing CAD from normal rhythm, whereas leads such as V3 and V5 have
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comparatively less influence. This suggests the model leverages interactions be-

tween multiple leads and reduces redundancy rather than relying solely on individ-

ual leads. Previous studies have emphasised that Lead II is commonly preferred

when a full 12-lead ECG is not available, as it provides a clear representation of the

P wave, QRS complex and T wave, all of which are critical for detecting cardiac

arrhythmias and ischaemic changes [131, 137].

6. 12-lead ECG data corresponding to several specific cardiac conditions were used to

support the diagnosis of CAD. These conditions included IMI, AMI, and LMI, each

representing a distinct form of myocardial injury within the subclasses of CAD.

Additionally, data from patients with normal sinus rhythm provided a baseline

representing the absence of cardiac abnormalities. The proposed model demon-

strated strong performance when distinguishing normal cases from individual CAD

subclasses, achieving accuracy of 93.94% and high AUC scores. However, accuracy

decreased to 72.50% in multi-class CAD classification, highlighting the challenges

and potential overlap in diagnostic features among di↵erent CAD subclasses.

8.1.5 Chapter 7: Multi-Disease Cardiovascular Detection from ECG

Signals Using an Attention-Driven Deep Network

1. A novel model integrating convolutional layers, residual networks, and attention

mechanisms was developed for multi-label classification of multiple CVDs from a

single ECG reading. This integrated architecture captures both local and global

features within ECG data e↵ectively, enabling a comprehensive analysis of complex

cardiac patterns. Furthermore, the proposed model achieves exceptional perfor-

mance, with an average classification accuracy of 99.54% on the test set. This

surpasses existing deep learning-based models, demonstrating the e↵ectiveness of

the proposed architecture.

2. A data augmentation process was applied to enhance dataset robustness and gen-

eralisability, as well as to investigate the impact of noise power on classification

performance. The data augmentation with white Gaussian noise improves the

model’s robustness and generalisation. The study showed that moderate noise

levels, with a noise power of 0.06, optimally enhance the model’s ability to handle

real-world ECG data and improve classification accuracy.

3. The proposed model detects multiple heart conditions from a single ECG reading

and facilitates improved diagnosis and treatment. The study utilised publicly

available ECG data from four categories, including AF, arrhythmia, CAD, and

normal sinus rhythm, all sourced from PhysioNet databases. A key advantage
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of the model is its ability to identify diseases even when overlapping features

exist across di↵erent CVD conditions, thereby enhancing diagnostic accuracy and

reducing the risk of undetected cases.

4. t-SNE visualisation was introduced to examine class separation and to assess the

contribution of each major block in the proposed model. The results demonstrate

the model’s strong discriminative capability for di↵erent heart conditions, showing

clearer class separation through the CNN, residual and attention blocks. The

attention mechanism combined with residual blocks significantly enhances feature

extraction from ECG signals, resulting in distinct clusters with minimal overlap.

5. The proposed model demonstrates strong potential as a non-invasive pre-screening

tool for CVDs disease, achieving high accuracy while detecting multiple conditions

from a single ECG recording. This capability could enhance early detection and

improve patient outcomes in clinical settings.

8.2 Final Reflections

In this thesis, several novel methodologies were introduced to improve the e�ciency

and accuracy of ECG signal classification, with a focus on resource-constrained envi-

ronments. Motivated by the advantages of structured and compact representations, this

study investigated novel approaches within three key frameworks: lightweight deep learn-

ing architectures, signal preprocessing techniques, and resource-constrained deployment

pipelines. In addition, the integration of these frameworks was examined to enhance

model generalisability and enable real-time application. The principal contributions of

the work are summarised as follows:

1. The design of compact convolutional neural networks tailored for one-dimensional

ECG signals, enabling e�cient training and inference without compromising per-

formance

2. The implementation of feature engineering and augmentation techniques to en-

hance model resilience to noise and variability in ECG recordings.

3. The development of the lightweight CADNet model tailored for resource-constrained

platforms, including inference performance evaluation and model size optimisation,

thereby enabling its suitability for real-time ECG-based CAD diagnosis.

4. The development and deployment of a novel lightweight deep learning model for

the classification of binary and multi-class CAD using 12-lead ECG data, designed
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to operate e�ciently on resource-constrained environments and support low-power

tools for ECG-based screening and monitoring.

5. A novel multi-label electrocardiogram classification model was proposed, com-

bining convolutional layers, residual blocks, and attention mechanisms to detect

multiple cardiovascular conditions, including coronary artery disease, atrial fibril-

lation, and arrhythmia, from a single ECG reading.

8.3 Research Limitations

While this thesis contributes to the development of e�cient and accurate deep learning

models for CAD detection from ECG signals, it also identifies several potential limita-

tions arising at di↵erent stages of the research.

In Chapter 3, the limited availability of CAD ECG data may have a↵ected the diagnostic

performance of the model. Extracting CAD ECG records from the MIMIC III database

proved challenging due to the complexity and inconsistent structure of the dataset.

The compact 1D-CNN model achieved strong accuracy, however, it requires substantial

computational resources, which may limit its suitability in severely resource-constrained

environments. Existing literature indicates a lack of clear ECG biomarkers or segments

that reliably denote CAD, resulting in unavoidable uncertainty in the interpretation

of ground truth. To address this, deep learning is employed to mitigate the absence

of clearly defined ECG biomarkers by learning discriminative patterns directly from

the ECG data. In this chapter, a sample length of 250 data points appeared to be a

promising configuration for the proposed model. Nonetheless, further investigation is

required to determine the optimal sample length and to assess the influence of other

related factors on model performance.

Based on the findings in Chapter 3, a sample length of 250 data points was identified as

optimal and then used in the investigations presented in Chapter 4. Feature engineering

using Sample Entropy and standard normalisation was applied to extract appropriate

ECG segments and improve signal quality prior to model training. Although this im-

proved classification accuracy, it indicates that the model still relies on preprocessing,

which may limit its applicability in situations where raw ECG data must be used directly.

Despite this, the model maintained reasonable performance without feature engineering,

suggesting a degree of robustness. The dataset used in Chapter 4 was also larger than

that used in Chapter 3, which may have influenced the improved performance.

Despite promising results, several limitations are identified in Chapter 5. One of the key

challenges lies in the limited availability of CAD datasets, particularly those containing
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clinically confirmed indicators such as single- or multi-vessel disease. While four publicly

available datasets were utilised, they may not fully reflect the diversity encountered

in real-world clinical settings, where variations in ECG acquisition devices, recording

conditions, and patient demographics can significantly influence model performance,

as discussed in previous chapters. Although cross-dataset validation and age group

analysis were conducted, further evaluation is required to confirm the generalisability of

the model. Additionally, the current analysis focused on CAD superclass-level diagnoses,

and the model’s ability to distinguish between specific CAD subtypes was not examined

in depth, potentially overlooking clinically meaningful distinctions. Moreover, the use of

existing public datasets limits the opportunity to evaluate the model on newly acquired

data. The model also lacks an integrated explainability framework, which is essential for

promoting clinical trust in healthcare settings. Additionally, from Chapter 3 to Chapter

5, only Lead II ECG data were considered. The contribution of multiple leads was not

explored, which may have limited the model’s ability to capture distributed diagnostic

information that could improve classification performance.

Following the encouraging performance results reported in Chapter 5, Chapter 6 fo-

cuses on the practical aspects of model deployment by examining the potentiality of

implementation on resource-constrained hardware platforms. In Chapter 6, the evalua-

tion was limited to the PTB-XL database, which may not capture the full diversity of

patient populations, signal acquisition conditions or other real-world clinical variables,

thereby constraining the external validity and generalisability of the results. Addition-

ally, the proposed model demonstrated reduced reliability in the multi-class classification

of CAD subclasses, due to the high degree of feature similarity between CAD subclasses.

The current feature extraction strategy may be insu�cient to resolve overlapping ECG

characteristics, resulting in occasional misclassifications. In particular, improving the

model’s ability to distinguish between IMI and other CAD subclasses, especially LMI,

remains a challenge due to their highly similar signal features. Furthremore, although

per-inference energy consumption is low, the model’s e�ciency in real-time monitoring

scenarios remains unaddressed, since power management and scheduling trade-o↵s may

a↵ect sustained operation. While deployment of the 12-lead ECG lightweight model was

demonstrated on the STM32F469I-DISCO microcontroller, the proposed model was not

evaluated across a wider range of resource-constrained devices. Its cross-platform per-

formance and deployment potential therefore remain to be investigated. Furthermore,

unlike the previous chapters, which were limited to Lead II ECG, Chapter 6 incorporated

12-lead ECG data, enabling a more comprehensive analysis of spatial features relevant

to CAD classification.

Building on the CAD classification explored in previous chapters, where 12-lead ECG
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data and CAD subclasses were considered, Chapter 7 introduces a novel deep learning-

based model for the classification of multiple cardiovascular conditions from a single

ECG reading. While the proposed approach demonstrates potential, it presents several

important limitations. Reliable ECG datasets covering a wide range of cardiovascu-

lar diseases are limited in availability. Since most conditions are not contained within a

single dataset, four publicly available datasets were combined to enable broader represen-

tation. This integration presents challenges related to inconsistencies in data structure,

variability in annotation standards, and di↵erences in ECG acquisition protocols. In

addition, a notable class imbalance within the combined dataset may a↵ect the model’s

ability to learn underrepresented conditions e↵ectively. However, in Chapter 7, data

augmentation was employed to help balance the class distribution among cardiovascular

disease categories.

Across the chapters, the proposed models demonstrate promising performance. However,

although subject-independent data partitioning was employed to mitigate data leakage,

the data preparation strategy in Chapter 4, 5 and 7 may still introduce subtle dependen-

cies within patient-specific signal patterns due to the segmentation of ECG recordings

into fixed-length windows. While this reflects common practice in ECG-based model

development, further validation using entirely independent, real-world clinical datasets

would strengthen the assessment of model generalisability.

Chapters 5 and 6 prioritise the design of lightweight DL-based architectures to achieve

computational e�ciency and practical deployability. While knowledge distillation was

not incorporated in the present work, it provides a promising way for lightweight net-

works to benefit from the knowledge learned by larger, more expressive models. In a

recent study [239], knowledge distillation is employed to develop a deep learning model

that is highly e�cient in terms of resource utilisation and requires minimal compu-

tational power during deployment. Exploring such strategies in future studies may

further enhance model performance without increasing computational complexity. In

addition to knowledge distillation, prior studies indicate that advanced model optimi-

sation strategies, including structured pruning, quantisation, and model compression,

can reduce model size and inference latency while maintaining competitive performance

[240–242]. These approaches represent promising directions for further extending the

proposed lightweight frameworks.

8.4 Future Research Directions

Across all chapters, a recurring limitation relates to the availability and quality of data.

Although many approaches report high performance on publicly available datasets, few
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have been tested in clinical trials or real-world healthcare settings. In this thesis, several

e↵orts were made to address the limitations related to data availability. ECG signals

from multiple publicly available datasets were combined to capture greater variability,

and clinical guidance was obtained from doctors in Thailand, who provided valuable

input on the use of data and its clinical interpretation. An attempt was also made to ac-

cess NHS data, although this was not successful due to the extensive approval processes

required. These e↵orts highlighted challenges such as inconsistent labelling, class imbal-

ance, and di↵erences in recording methods, which made it di�cult to compare datasets

and limited generalisability. As external clinical data could not be accessed within the

timeframe of this research, the use of independent datasets and closer integration with

clinical trials has been postponed to future work. Future research will consider the use

of externally acquired ECG datasets, rather than relying solely on publicly available

sources. This would provide greater control over clinical variables within a more struc-

tured and consistent environment, thereby reducing the complexity often encountered in

existing datasets due to variability in structure, validity, and completeness. In addition,

collaboration with clinical professionals is essential to confirm accurate interpretation of

ECG findings and to support model evaluation with the expectations and requirements

of real-world clinical settings. Engaging clinicians during the development and valida-

tion stages can provide valuable insights into the clinical relevance of detected features,

support the identification of diagnostically meaningful ECG patterns, and contribute

to the optimisation of model outputs in a way that improves their clarity for clinical

interpretation.

In Chapter 3 and 4, a sample length of 250 data points was identified as optimal. How-

ever, further investigation is required to confirm this finding by examining the influence

of filter settings and other factors that may a↵ect model performance beyond the choice

of optimal sample length. Future work should consider to validate the optimal sample

length across di↵erent datasets and patient groups to ensure robustness and generalis-

ability. In addition, identifying clinically relevant features that contribute to accurate

CAD detection remains a key area of investigation. While deep learning models are ca-

pable of automatically learning CAD-related features from raw ECG signals, identifying

which features hold the greatest diagnostic value remains a key priority for enhancing

clinical trust and transparency.

Chapters 3 to 5, and Chapter 7, focused only on a single ECG lead. This limitation

was addressed in Chapter 6, where a 12-lead ECG configuration was investigated. The

results indicated that incorporating multiple leads could improve model performance.

However, the improvement was not consistent across all cases. Expanding the number

of input leads can lead to redundancy and greater input complexity, which may diminish

the model’s capacity to extract meaningful and discriminative features. Future studies
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should further investigate the individual diagnostic contribution of each lead in order

to determine how the model responds to specific ECG inputs. Although Chapter 6

evaluated multiple lead configurations and employed SHAP-based analysis to investigate

lead importance, it did not explore the specific contribution of each lead when assessed

independently from the others.

Future studies should consider evaluating model performance across diverse patient sub-

groups, including those defined by age, sex, and ethnicity, in order to enhance both the

representativeness and clinical applicability of the proposed approach. In this thesis,

ECG signals are used as the primary data source for CAD diagnosis. In routine clinical

practice, ECG is commonly employed as a pre-screening tool, while definitive diagno-

sis and subsequent treatment decisions rely on the integration of multiple sources of

clinical information. Future work could therefore explore the fusion of ECG data with

other modalities, including demographic information, photoplethysmography (PPG),

wearable sensor data, and medical imaging techniques such as chest X-ray and echocar-

diography, to provide a more comprehensive assessment of cardiovascular risk. Binary

and multi-class classification of CAD were both investigated in this thesis. In Chapter 6,

a 12-lead lightweight deep learning model was developed to support the classification of

CAD subtypes, representing a valuable step toward improving the clinical utility of the

proposed approaches. However, further research should aim to address the challenge of

overlapping ECG features among CAD subclasses by investigating more advanced archi-

tectural designs and more e↵ective feature extraction strategies as previously mentioned

in Chapter 6.

In Chapter 6, the proposed model demonstrated potential suitability for real-time and

energy-e�cient ECG-based CAD diagnosis on resource-constrained devices. Although

the model was deployed on the STM32F469I-DISCO microcontroller, further research

is required to evaluate its performance across a wider range of hardware platforms and

to assess its scalability, power e�ciency, and deployment feasibility in real-world clinical

environments. In addition, evaluating the model’s reliability during long-term operation

in continuous or real-time monitoring scenarios is essential for validating its stability and

practical utility. A promising direction for future work involves the direct integration

of the model with embedded hardware connected to ECG recording devices, allowing

seamless acquisition, processing, and diagnosis within a unified low-power system. Such

integration would support the development of self-contained diagnostic tools suitable for

both clinical and remote healthcare settings.

A promising direction for future research is the integration of explainable AI techniques,

such as ST-CNN-GAP-5 [243] to enhance the interpretability of the proposed model’s

predictions. These methods can help to visualise and clarify how the model processes
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ECG signals and arrives at diagnostic decisions, o↵ering insights into the specific regions

or features that influence classification outcomes. This added transparency has the po-

tential to improve clinician trust, support model validation, and enable the generation

of automated interpretive reports to assist in clinical follow-up. Building on this, future

work should also consider the development of AI-generated patient report outcomes,

which could support clinical decision-making by providing structured summaries of di-

agnostic findings and potential treatment options. Such tools may ease the burden on

healthcare professionals and contribute to more e�cient patient management. Within

the NHS, this could support earlier patient assessment and follow-up, thereby enabling

rapid clinical intervention when necessary. As the role of AI in healthcare continues

to expand, embedding interpretability within system design is expected to become es-

sential for regulatory compliance, the development of clinician trust, and the safe and

responsible adoption of AI in real-world clinical environments.
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