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Abstract 

Cardiovascular diseases (CVDs) are one of the leading causes of death in the world. Long-

term ambulatory electrocardiogram (ECG) monitoring enables timely medical 

interventions. Effective and efficient ambulatory ECG monitoring can be supported by 

compressive sensing, which can reduce battery consumption; however, the reconstruction 

of compressively sensed ECG could be a computationally intensive operation. Therefore, 

detection of CVDs in compressively sensed ECG is highly desirable. This thesis proposes 

a three-stage system based on machine learning for detecting atrial fibrillation (AF) in 

compressively sensed ECG while reducing false alarms (i.e., false positives) due to 

contamination and reducing reconstruction of the ECG. Stage 1 uses a novel signal quality 

index (SQI) to represent the quality of the compressively sensed ECG on a continuous scale 

and reject low-quality ECG. Stage 2 classifies the ECG as either AF or normal and 

generates an associated confidence score. Stage 3 selectively reconstructs the ECG when 

the Stage 2 confidence score is unacceptable and classifies the reconstructed ECG as either 

AF or normal. Clean ECG from Long-Term AF Database was artificially corrupted with 

simulated motion artifact to pre-set signal-to-noise ratios. The corrupted ECG was 

compressively sensed at 50% and 75% compression ratios (CRs). The system was 

evaluated using average precision (AP), the area under the curve (AUC) of the receiver 

operator characteristic curve, false-positive rate (FPR), and true positive rate (TPR). The 

system was optimized to maximize the AP and minimize ECG rejection and reconstruction 

ratios. The optimized system for 50% CR had 0.72 AP, 0.63 AUC, 0.38 rejection ratio, and 

0.38 reconstruction ratio. The optimized system for 75% CR had 0.72 AP, 0.63 AUC, 0.40 

rejection ratio, and 0.35 reconstruction ratio. The optimized system reduced FPR by 0.37 



 iii 

for both CRs compared to Stage 2 alone. At a fixed FPR of 0.10, the TPR of the proposed 

system was 0.43 and 0.42 for 50% and 75% CRs, respectively, an improvement of 0.10 

and 0.14 over Stage 2. The proposed system reduced the probability of false alarms (FPR) 

and detected AF in compressively sensed ECG (improved TPR) while being 

computationally efficient (low reconstruction ratio).     
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Chapter  1: Introduction 

Biosignals are signals measured from living beings that can provide insights into the 

operation of a being’s body and its health. Examples of biosignals include 

electrocardiogram (ECG; heart electrical signals), phonocardiogram (PCG; cardiac 

sounds), electroencephalogram (EEG; brain electrical signals), electromyogram (EMG; 

skeletal muscle electrical signals), temperature, and blood pressure. There are many 

applications of biosignals, such as controlling prosthetics using EMG, brain-computer 

interaction using EEG, athletic performance monitoring using ECG, and cardiovascular 

health monitoring using blood pressure.  

 

The proliferation of ECG-capable consumer products facilitates the early detection of 

cardiovascular diseases (CVDs). The World Health Organization (WHO) designates CVDs 

as the leading cause of death globally [1]. CVDs cause one-third of the world’s annual 

deaths, approximately 17.9 million [1]. In Canada, CVDs are the second leading cause of 

death, and it plagues 1 in 12 (2.4 million) Canadians over the age of 20 [2]. CVDs also 

impact life quality by causing chest pains, fatigue, shortness of breath, and depression [3]. 

In addition to health effects, CVDs have severe economic implications. CVDs are 

estimated to cost Canada $2.8 billion annually [4]. There are multiple kinds of CVDs, some 

having apparent symptoms and others being asymptomatic. Examples of asymptomatic 

CVDs include atrial fibrillation (AF), peripheral arterial disease, heart failure, and 

myocardial ischemia [5]–[8]. Asymptomatic CVDs can occur at random times, and short 

monitoring periods may not detect them [9]. As such, asymptomatic CVDs may require 

continuous ECG monitoring over a long period. For example, paroxysmal AF episodes can 
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be silent, short, and occur sporadically; long-term monitoring of ECG is beneficial. It was 

shown that the AF detection rate increased from 6.2% at the end of 30 days of monitoring 

to 40% at the end of 30 months of monitoring [10].      

 

Remote mobile ECG monitoring is often employed to allow individuals to move about 

during monitoring. A Holter monitor is a commonly used wearable ECG monitor that will 

record the ECG over a specific period (e.g., 24 to 72 hours), and then a clinician will 

download the ECG from the monitor and analyze it offline for any abnormalities [11]. AF 

detection may require months of ECG monitoring; therefore, ECG will need to be regularly 

downloaded for frequent analysis. However, regularly downloading the ECG could be 

inconvenient for the patients as they may need to regularly visit a clinic or use specialized 

devices [12]. Wireless ECG monitors and automated analysis of ECG can facilitate long-

term monitoring and detection of AF; however, a challenge is the short battery life of 

wearable ECG monitors [13]. Additionally, remote mobile monitoring has been shown to 

introduce contaminants in the ECG, which increases the rate of false alarms in AF detection 

and, in turn, can render long-term ECG monitors unusable [14]. Signal quality analysis 

(SQA) during long-term mobile monitoring can be used to identify ECG of acceptable 

quality for further analysis while rejecting unacceptable ECG to reduce false alarms.  

 

Compressive sensing (CS), introduced in 2006, is used to compress signals at the sensing 

stage [15]. CS is a computationally simple technique that can achieve high compression 

ratios (CRs) and reduce the battery consumption of healthcare monitors by up to 15.4% 

when performed digitally (i.e., saving on processing and wireless transmission only) [16]. 
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Therefore, CS is a great candidate for the wearable remote mobile ECG monitor to 

overcome the short battery life challenge. However, reconstructing compressively sensed 

ECG is an ill-posed problem and a computationally intensive operation [17]. Therefore, 

SQA and detection of AF in compressively sensed ECG are warranted to avoid needless 

signal reconstruction. 

 

A novel three-stage system that assesses the signal quality and detects AF in compressively 

sensed ECG, minimizing false alarms and the need to reconstruct the compressed ECG, 

was developed. Figure 1-1 shows the proposed system’s diagram. Stage 1 performs SQA 

to determine a signal quality index (SQI) that quantifies the compressively sensed ECG 

quality on a continuous scale. If the quality is unacceptable, the ECG is discarded to avoid 

false alarms (i.e., false positives) caused by contaminants. If the ECG quality is acceptable, 

Stage 2 detects AF in compressively sensed ECG and generates a confidence score 

associated with the detection. If the confidence is unacceptable, Stage 3 reconstructs the 

ECG and detects AF in the reconstructed ECG. Stage 3 aims to improve the true alarm rate 

(i.e., true positives) of the AF detection system while minimizing the computational costs 

by selectively reconstructing the ECG. The system was optimized using the threshold of 

acceptability (Stage 1) and the unacceptable confidence range (Stage 3) to maximize the 

average precision of the system while minimizing the rejected and reconstructed ECG. 

Figure 1-1 shows the proposed system’s diagram. 
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Figure 1-1 Proposed system’s diagram. 
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1.1 Objectives 

The overall objective of this thesis is to facilitate long-term monitoring for CVDs using 

remote mobile ECG. 

The specific objectives of the thesis are the following: 

1. Develop an AF detector in deterministic compressively sensed ECG (Stage 2 in 

Figure 1-1); 

2. Identify selective ECG reconstruction criteria for confirmation of AF detection in 

deterministic compressively sensed ECG (Stage 3 in Figure 1-1); 

3. Develop a signal quality index (SQI) to estimate the signal quality of compressively 

sensed ECG (Stage 1 in Figure 1-1); and 

4. Develop an optimized system to reduce false alarms and the need for reconstruction 

for AF detection in deterministic compressively sensed ECG. 

 

1.2 Contributions 

The work presented in this thesis has four main contributions: 

1. Development of an AF detector in deterministic compressively sensed ECG  

An AF detector in deterministic compressively sensed ECG based on machine 

learning was developed. Features highlighting AF in deterministic compressively 

sensed ECG were explored and are presented in this thesis. The AF detector was 

tested on the publicly available Long Term AF Database (LTAFDB) using record-

based 10-fold cross-validation and was shown to have a weighted average precision 

(AP), area under the curve (AUC) of the receiver operator characteristic curve 

(ROC), and F1 score of 0.9, 0.91, and 0.83 at 50% CR, 0.91, 0.92, and 0.85 at 75% 

CR, and 0.90, 0.82, and 0.85 at 95% CR, respectively. The development of the AF 
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detector is detailed in Chapter 3 and was published in IEEE Transactions on 

Instrumentation and Measurement [18].  

2. Identification of selective ECG reconstruction criteria for confirmation of AF 

detection in deterministic compressively sensed ECG 

This contribution consists of two parts. The first part explored the impact of 

reconstructing ECG to confirm AF detection in deterministic compressively sensed 

ECG. If AF is detected in deterministic compressively sensed ECG with confidence 

in the range between 0.25 and 0.75 exclusively, then the confidence was considered 

unacceptable, and the ECG was reconstructed. An AF detector in the reconstructed 

ECG was used to confirm the detection. Based on record-based 10-fold cross-

validation, the AP, AUC, and F1 score were 0.94, 0.95, and 0.90 at 50% CR and 

0.94, 0.54, and 0.91 at 75% CR. The AF detection in the reconstructed ECG 

improved the AF detector's performance in the deterministic compressively sensed 

ECG by 0.04 and 0.03 in AP, 0.04 and 0.03 in AUC, and 0.07 and 0.06 in F1 score 

at 50% and 75% CR, respectively. The results are detailed in Chapter 4 and were 

published in IEEE International Instrumentation & Measurement Technology 

Conference 2020 [19]. The second part was concerned with optimizing the 

unacceptable confidence range to improve AP and reduce the reconstruction ratio 

(ratio of reconstructed test segments to the total number of test segments). The 

unacceptable AF detection confidence range was 0.1 wide, centred on 0.5, which 

was increased in steps of 0.05. For example, the first range was 0.45-0.55, such that 

ECG segments with AF detection confidence exclusively in that threshold range 

were reconstructed. Segments above that range were classified as AF, and below 
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were classified as normal. The optimal range for 50% and 75% CR were 0.30-0.70 

with the reconstruction ratio 0.38 and 0.35, respectively. The results are detailed in 

Chapter 7 and were submitted for publication in IEEE Journal of Biomedical and 

Health Informatics [20]. 

3. Development of a signal quality index (SQI) to estimate the signal quality of 

compressively sensed ECG 

This contribution consists of two parts. The first part was concerned with analyzing 

the impact of motion artifact on an AF detector in deterministic compressively 

sensed ECG. The detector achieved a maximum of 0.82 F1 score at 3 dB signal-to-

noise ratio (SNR) and 75% CR in 5-fold cross-validation. Reducing the SNR to -

10 dB reduced the F1 score by 0.03. The results are detailed in Chapter 5 and were 

published in the Canadian Medical and Biological Engineering Conference 2019 

[21]. The second part was concerned with developing an SQI to determine the 

quality of compressively sensed ECG by estimating the SNR. The SQI used a 

random forest (RF), with the ratio of the standard deviations of an ECG segment 

and a clean ECG, and the Wasserstein metric between the amplitude distributions 

of an ECG segment and a clean ECG, as features. The SQI was tested using the 

LTAFDB and the PhysioNet/CinC Challenge 2011 Database Set A (CinCDB). 

Clean ECG segments from the LTAFDB were corrupted using simulated motion 

artifact, with preset SNR between -12 dB and 12 dB. The CinCDB was used as-it-

is. The databases were compressively sensed using three types of sensing matrices 

at three CRs (50%, 75%, and 95%). For LTAFDB, the RMSE and Spearman 

correlation between the SQI and the preset SNR were used for evaluation, while for 
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CinCDB, accuracy and F1 score were used. The average RMSE was 3.18 dB and 

3.47 dB in normal and abnormal ECG, respectively. The average Spearman 

correlation was 0.94 and 0.93 in normal and abnormal ECG, respectively. The 

average accuracy and F1 score were 0.90 and 0.88, respectively. The results are 

detailed in Chapter 6 and were submitted for publication in IEEE Transactions on 

Biomedical Engineering [22]. 

4. Optimization of AF detection in deterministic compressively sensed ECG to 

reduce false alarms and reconstruction of ECG 

Remote mobile monitoring has been shown to introduce contaminants in the ECG, 

which increases the rate of false alarms in AF detection and, in turn, can render 

long-term ECG monitors unusable [14]. The selective reconstruction investigated 

in the second contribution and the SQI developed in the third contribution were 

used to reduce the number of false alarms in AF detection in deterministic 

compressively sensed ECG and improve the AF detection. Clean ECG segments 

from the LTAFDB were artificially contaminated with motion artifact and 

compressively sensed at 50% and 75% CRs. The system was optimized using a 

multi-objective evolutionary algorithm to maximize the AP and minimize the ECG 

rejection and reconstruction ratios. The AP and AUC of the optimized system were 

0.72 and 0.63 for both 50% and 75% CRs with 0.38 and 0.40 rejection ratios, 

respectively, and 0.38 and 0.35 reconstruction ratios, respectively. The optimized 

system reduced false positive rate (FPR) by 0.37 for both CRs compared to Stage 

2 alone. At a false positive rate (i.e., probability of false alarm) of 0.10, the 

optimized system had a true positive rate (TPR) of 0.43 and 0.42 for 50% and 75% 
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CRs, respectively, compared to the TPR of Stage 2 alone, 0.33 and 0.28. The results 

are detailed in Chapter 7 and were submitted for publication in IEEE Journal of 

Biomedical and Health Informatics [20].  

 

1.3 Outline 

This document is divided into eight chapters. Chapter 1 introduces the problem and the 

objectives. Chapter 2 provides background on the cardiovascular system, ECG, AF, AF 

detection, ECG signal quality, ECG compression, and analysis of compressively sensed 

ECG. Chapter 3 addresses Objective 1 and provides detailed implementation and validation 

of the proposed AF detector (Stage 2 in Figure 1-1). Chapter 4 addresses the first part of 

Objective 2 and explores the impact of selectively reconstructing ECG to confirm AF's 

detection in deterministic compressively sensed ECG (Stage 3 in Figure 1-1). Chapter 5 

addresses the first part of Objective 3 and describes the impact of noise on detecting AF in 

compressively sensed ECG. Chapter 6 describes the proposed SQI for assessing the quality 

of compressively sensed ECG as a fulfillment of the second part of Objective 3 (Stage 1 in 

Figure 1-1). Chapter 7 describes the optimization of the proposed system (Figure 1-1) to 

reduce false alarms and ECG reconstruction as a fulfillment of the second part of Objective 

2 and the entirety of Objective 4. Finally, Chapter 8 concludes the thesis and proposes 

future work. 
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Chapter  2: Background and Literature Review 

This chapter provides background on the cardiovascular system, ECG, and atrial 

fibrillation. The chapter will also discuss detecting AF automatically, assessing the quality 

of ECG, compressing ECG, and analyzing compressively sensed ECG to provide the 

background for the system proposed. 

 

2.1 Cardiovascular System and Atrial Fibrillation 

The cardiovascular system comprises of the heart and blood vessels. The heart has four 

main chambers; the top two chambers are the atria, and the bottom two chambers are the 

ventricles. The heart pumps the blood, and electrical pulses control its pumping action. The 

electrical pulses originate from the Sinoatrial (SA) node located at the top of the right 

atrium. 

 

AF is a fast heart rhythm arising from uncoordinated activation of the atria due to 

disruptions to the electrical impulses' flow [23]. There are multiple classifications of AF, 

with paroxysmal AF being a short AF episode that terminates independently within seven 

days of the onset of the episode [23]. Due to the intermittent nature of paroxysmal AF, 

long-term monitoring of ECG is typically required. Therefore, this thesis will use 

paroxysmal AF as the CVD of interest. Please refer to Appendix A for more information 

regarding the cardiovascular system and AF. 
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2.2 Electrocardiogram 

2.2.1 ECG Waveform 

ECG is a recording of the heart's electrical activity [23]. In adults, an ECG typically 

presents five waves, P, Q, R, S, and T, associated with the different stages of a heartbeat. 

The P wave is associated with the contraction of the atria. The Q, R, and S waves, 

collectively known as the QRS complex, are associated with the ventricles' contraction. 

The T wave is associated with the relaxation of the ventricles. In addition to the P, Q, R, S, 

and T waves, there are the PR and QT intervals and the ST segment [24], [25]. The PR 

interval is the time interval from the P wave’s onset to the Q wave’s onset [24]. The QT 

interval is the time interval from the Q wave’s onset to the T wave’s end [24]. The ST 

segment is from the S wave’s end to the T wave’s beginning [24]. Figure 2-1 shows a 

typical heartbeat with different waves, intervals, and segments labelled. Figure 2-2 shows 

a typical cardiac cycle and the ECG waves at the different cardiac cycle stages. 

 

Figure 2-1 A typical ECG waveform with PQRST waves and the intervals between 

the waves labelled (copied from [26]). 
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Figure 2-2 Cardiac cycle and its relationship with ECG (copied from [27]). The P 

wave is associated with the atrial systole stage; the QRS complex is associated with 

the ventricular systole; and the T wave is associated with the ventricular diastole. 

 

2.2.2 ECG Acquisition  

An ECG acquisition system consists of a bio-amplifier, a right-leg driver, an anti-aliasing 

filter, noise filters, a patient protection circuit, and an analog-to-digital converter (ADC) 
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[28]. As ECG is typically a weak signal (typically millivolts), the bio-amplifier amplifies 

the ECG signal while reducing the noise in the signal [28]. The right leg driver estimates 

the common-mode interference on the body and uses negative feedback to reduce the 

interference actively. [28]. The analog noise filters limit the bandwidth of an ECG by 

removing high-frequency contents in the signal, such as high-frequency noise. The anti-

aliasing filter works with the ADC to convert the analog ECG to digital without aliasing 

[28]. The American Health Association (AHA) recommends sampling the ECG at 250 Hz 

in a clinical setting and oversampling the ECG at 500 Hz when recorded during ambulation 

[29], [30]. The patient protection circuit decouples the patient from the electrical supply. 

ECG is typically preprocessed using both analog and digital filters. AHA recommends 

using a zero-phase high-pass filter with a cut-off frequency of 0.67 Hz to remove baseline 

wondering [29]. Most of the ECG diagnostic information exists below 40 Hz; however, 

AHA recommends using a low-pass filter with a cut-off frequency of 150 Hz to remove 

high-frequency noise while preserving any diagnostic information that may exist above 40 

Hz [29]. 

 

Most ECG acquisition systems require direct contact with the skin to acquire the ECG. The 

ECG acquisition system is connected to the patient using surface electrodes. There are two 

types of surface electrodes: 1) non-polarizable (wet), and 2) polarizable (dry) [28]. Wet 

electrodes require a liquid or gel to facilitate the recording of the ECG and are typically 

used in medical applications. On the other hand, dry electrodes do not require a gel or liquid 

and are typically used in non-medical applications, such as keeping track of an athlete’s 

heart rate. The most common type of wet electrode in a medical setting is silver/silver 
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chloride (Ag/AgCl). Figure 2-3 shows the locations where the ten physical wires are 

connected to the human body to record a 12-lead ECG. 

 

Figure 2-3 The ten wires' placement on the body to record a 12-lead ECG (copied 

from [31]). 

 

The gold standard for long-term monitoring (one to three days) of ECG is a Holter monitor 

[32]. A Holter monitor is a relatively small device that is the size of a deck of cards (if you 

do not play card games, it is the size of a smartphone). The monitor records ECG for the 

duration of one to three days and then is returned to a clinician for the ECG to be offloaded 
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to a computer for analysis. After offloading the data, a patient can continue to use the 

monitor for further long-term monitoring.  For more prolonged monitoring up to two 

weeks, a loop recorder is typically used to record ECG for up to two weeks [33]. As the 

name suggests, it is a recorder like the Holter Monitor in terms of application; however, a 

loop recorder records ECG only when an event occurs or when the patient triggers the 

recording. The Holter Monitor and the loop recorder are non-invasive and can monitor 

ECG for up to three days (Holter monitor) or two weeks (loop recorder). If more prolonged 

ECG monitoring is required, an invasive ECG recorder is used [12]. These invasive ECG 

recorders are inserted under the skin and monitor ECG for up to three years and are either 

activated by an event or by the patient. Invasive recorders can sporadically transmit the 

ECG to proprietary base stations, which in turn can send the ECG to clinicians [12]. There 

are currently no ECG monitors that continuously record and transmit ECG for prolonged 

periods. 

 

2.2.3 ECG Contaminants 

ECG contaminants can be divided into three types: 1) measurement; 2) instrumentation; 

and 3) interference [34]. Table 2-1 lists examples of ECG contaminants, and Figure 2-4 

illustrates the appearance of a few of these contaminants. 
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Table 2-1 A list of ECG contaminants, organized by contaminant type. 

Type Contaminant 

Measurement 

Motion artifact 

Skin stretch reflex 

Baseline wandering 

Poor electrode contact 

Instrumentation 

Amplifier saturation 

ADC over-ranging 

Quantization noise 

Interference 

Power line 

Electromagnetic  

Undesired physiological signals 

 

Motion artifact and skin stretch reflex contaminants are caused by changes in the electrode-

skin interface due to electrode motion and skin geometry. They are low-frequency 

contaminants, with much of the artifact below 10 Hz. Baseline wandering is a very low-

frequency contaminant (< 0.6 Hz) caused by slow changes in the electrode-skin interface 

(e.g., due to perspiration). A high-pass filter can remove baseline wandering [34]. Motion 

artifact and skin stretch reflex contaminants are harder to remove as they overlap with the 

ECG in both the time and frequency domains. Poor electrode contact can occur when an 

electrode is loosely attached or inadequate skin preparation. Poor electrode contact results 

in high electrode-skin impedance, which decreases the signal's recorded amplitude, 

introduces large wandering signal deviations and potentially leads to intermittent loss of 
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the ECG during recording (e.g., electrode lift). Many ECG systems have lead-off detection 

based on monitoring source impedance in the analog domain. Since the motion artifact 

overlaps the ECG signal in the time and frequency domains, conventional filters may 

remove them but also lose ECG information, while adaptive filters may require additional 

hardware or processing to estimate the artifact and remove it. 

 

 

Figure 2-4 Examples of ECG contaminants: (a) no contaminants; (b) baseline 

wandering; (c) quantization noise; (d) motion artifact; (e) power line interference; 

(f) amplifier saturation; (g) poor electrode contact; and (h) EMG interference. 

 

Amplifier saturation and ADC over-ranging result from the analog signal amplitude 

exceeding the amplifier’s and the ADC’s operational limits and lead to clipping of the 

signal. Quantization noise is introduced during analog-to-digital conversion, as finite 

values approximate continuous amplitude values. With uniform quantization, the signal to 
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quantization noise ratio is proportional to 6N dB, where N is the number of quantization 

bits. If the number of bits is low, the digitized ECG may not represent the analog signal, 

obscuring important features with noticeable distortions. Typical ECG recorders use 10 to 

12 bits, a resolution of 9.76 to 2.44 μV, assuming a full scale of 10 mV.  

 

Power line interference, caused by the coupling of the power lines with the instrumentation, 

electrodes, or the human body, introduces 50 or 60 Hz frequency components and their 

harmonics in the ECG. Electromagnetic interference is generally high-frequency noise 

injected into ECG signal due to radiofrequency transmitters (e.g., handheld two-way 

radios) and nearby devices with rapidly switched electrical and magnetic gradients (e.g., 

electrocautery devices, MRI). Physiological signal interference is caused by biosignals 

other than the desired ECG. For example, when recording the ECG with chest electrodes, 

EMG signals from respiratory muscles would also be recorded. 

 

2.2.4 Normal ECG and AF ECG Morphologies 

The normal resting heart rate is between 60 to 100 beats per minute (BPM) [35], [36]. The 

normal PR interval is between 120 to 200 ms, and the QT interval is up to 400 and 440 ms 

for males and females, respectively [35], [36]. The QRS complex typically has an 

amplitude greater than 1 mV and a duration of 120 ms [36]. Normal T wave typically has 

amplitude up to 0.2 mV depending on the ECG lead being recorded. 

 

The amplitude of the various waves, duration of the waves, intervals, and segments, and 

the duration between each beat are used to diagnose CVDs that disrupt the heart's electrical 
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circuits [24]. Microcurrent circuits within the atria and around the pulmonary veins lead to 

AF [37]. These microcurrents generate electrical impulses that partially cancel each other, 

so the P wave may not be present under AF conditions and could be replaced with the F 

wave. The F wave has an amplitude lower and a frequency (approximately 10 Hz) higher 

than the P wave [37]. The atria's erratic electrical behaviour also disrupts the ventricles' 

activity by causing irregular excitation that translates to an irregular, fast heart rate (90 to 

170 BPM) [37]. Figure 2-5 shows the microcurrent circuits in the atria and their impact on 

the ECG morphology [37].  

 

Figure 2-5 AF caused microcircuits and their Impact on ECG Morphology (copied 

from [37]). 
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2.3 Automated Detection of Atrial Fibrillation in ECG 

AF characteristics on an electrocardiogram are: 1) irregular heart rate, 2) absence of the P 

wave, and 3) irregular atrial activity [23]. Clinicians combing large datasets to identify AF 

can be inefficient, prone to errors, and costly. As such, various algorithms have been 

developed to detect AF automatically [38], [39]. These algorithms typically have two 

stages: 1) feature extraction and 2) classification. AF detection algorithms are typically 

assessed using sensitivity (Se), specificity (Sp), accuracy (Acc), F1 score, positive 

predictive value (PPV), and AUC. Se, Sp, Acc, F1, and PPV are described in (2-1)-(2-5). 

 

𝑆𝑒 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2-1) 

𝑆𝑝 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (2-2) 

𝐴𝑐𝑐 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (2-3) 

𝐹1 = 2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
  (2-4) 

𝑃𝑃𝑉 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2-5) 

 

where 𝑇𝑃,  𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 are the numbers of true positives, true negatives, false 

positives, and false negatives, respectively. 
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2.3.1 Feature Extraction 

AF exhibits changes in both the P wave and the irregular ventricular activity (i.e., irregular 

heart rate); so, features can be extracted to represent the P wave changes or the irregular 

heart rate [40]. An F wave can replace a P wave but isolating it and extracting features 

from it can be challenging due to its low amplitude. Therefore, the QRS could be removed 

to extract features from the F wave [41]. QRS removal algorithms are summarized in 

Appendix A.  

 

Once the F wave is isolated, features are extracted from it to identify the presence of AF. 

F wave features are based on the amplitude, duration, the area under the wave, and time-

frequency features [42]. However, due to the F wave's low amplitude and the high 

similarity between F wave features of AF and other atrial diseases such as Atrial Flutter, 

features from the F wave are usually not used exclusively to detect AF [39]. The F wave 

features are typically complemented by features of the ventricular activity (such as heart 

rate) [39]. The time distance between two R waves is the R-R interval (RRI). The changes 

in the RRI are known as heart rate variability (HRV). Typically, high HRV indicates a 

healthy cardiovascular system, while low HRV is an indicator of CVDs or stress [43].  A 

multitude of features can be extracted from RRI and used to detect AF. The RRI features 

can be divided into 1) time-based and 2) frequency-based [39]. Table 2-2 lists the features 

that could be extracted from RRI and used to detect AF [39], [44]–[48]. 
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Table 2-2 List of features that could be extracted from RRI. 

Feature Category Features 

Time-based 

Mean 

Median 

Kurtosis 

Standard deviation (SD) 

Range 

Skewness 

RRI root mean square (RMS) SD 

5th percentile of RRI 

95th percentile of RRI 

Poincare mean stepping increment 

Poincare dispersion of points around the diagonal line 

Entropy 

Spectral entropy and power 

RRI Histogram 

Changes in RRI histogram 

Frequency-based 

Low frequency (0.04 – 0.15 Hz) power 

High frequency (0.15 – 0.40 Hz) power 

Low frequency to high-frequency power 

RRI power spectral density (PSD) 

PSD of changes in RRI 
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Features of the ventricular activity could also indicate other CVDs such as atrial flutters 

and atrial tachycardia [49]. A final set of features can be extracted from ECG to highlight 

AF. These features are extracted without identifying the F waves or the QRS. Such features 

are higher-order statistics (skewness and kurtosis), PSD, sample entropy (SampEn), 

wavelet coherence, short term Fourier transform (STFT), structural co-occurrence matrix 

(SCM), discrete cosine transform (DCT), empirical mode decomposition (EMD), and 

correlation dimension analysis [39], [44], [50]–[56]. 

 

2.3.2 AF Classification 

After features extraction, AF is typically detected either using a heuristic technique (HT) 

or machine learning (ML) [38]. An HT utilizes prior knowledge of AF's presentation in 

ECG and then applies thresholds following a trial-and-error stage to detect AF in ECG. 

Kikillus et al. used frequency band ratios between 0 Hz and 60 Hz to determine if an ECG 

segment has AF [57]. The ratios of the frequency bands were analyzed to set thresholds on 

these ratios empirically to determine the presence of AF [57]. The algorithm attained a Se 

of 93.3% and Sp of 92.8% when tested using the MIT-BIH Arrhythmia database [57].  

 

ML to detect AF is more widely used than heuristic methods [39]. Standard ML methods 

that have been used for AF detection include decision trees [39], optimum-path forest 

classifier [58], support vector machine (SVM) [39], linear discrimination analysis (LDA) 

[39], hidden Markov model (HMM) [59], k-nearest neighbor (KNN) [39], and neural 

networks (NN) [39]. 
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Recently, deep learning methods have been explored as an approach for AF detection in 

ECG without prior feature extraction step [39], [60]–[66]. Deep learning methods that have 

been used for AF detection include convolutional neural network (CNN) and recurrent 

neural networks (RNN) deep learning (DL) architectures [61]. CNNs learn to use filters to 

highlight specific structures in the ECG that highlight AF. Hannun et al. used a CNN to 

classify CVDs, including AF, in an independent ECG data set and achieved an F1 score of 

83.7%, which exceeded the average cardiologist F1 score of 78% [65]. RNN learns the 

temporal relationship between the data to highlight the changes in the ECG caused by AF. 

Sun et al. used long short-term memory networks (LSTM), a variation on RNN, to identify 

AF in ECG, achieving 92% Acc on the Long-Term AF database (LTAFDB) and AF 

terminal challenge database [66]. Table 2-3 lists the state-of-the-art AF detection 

algorithms along with their features’ origins and results. The listed AF detection algorithms 

were validated on different databases, so a direct comparison is not possible. State-of-the-

art shows that automated detection of AF using ECG can be achieved with high 

performance. AF detection using ML performed better than using HT, and ECG-based 

features outperformed F wave-based features.   

 

Table 2-3 noted that RRI features are the most common features. DL approaches had the 

highest Se, Sp, and Acc at the expense of algorithm complexity. ECG-based features with 

ML approaches produced AF detection results close to the DL approaches with a lower 

algorithm complexity. 
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Table 2-3 A summary of the state-of-the-art AF detection algorithms. 

Ref. 

Features’ 

Origin 

Detection Alg. Se% Sp% Acc% 

F1 

Score% 

AUC% 

[45] RRI 

Quadratic Neural 

Network 

   78.00  

[54] ECG HT 96.00     

[55] ECG SVM 97.00 97.10 99.50   

[56] ECG KNN 99.61 100 99.40   

[57] RRI HT 93.30  92.80    

[60]  CNN+RNN 99.53 99.26 99.40   

[61]  CNN+RNN 98.96 86.04   87.40 

[62]  CNN 97.87 98.79 98.63   

[63]  

Stacked Sparse 

Autoencoder NN 

  98.31   
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Ref. 

Features’ 

Origin 

Detection Alg. Se% Sp% Acc% 

F1 

Score% 

AUC% 

[64]  CNN+KNN 91.00 90.00    

[65]  CNN    83.70 97.00 

[66]  Stacked LSTM   92.00 92.00  

[67] F wave 

Discriminant 

Function Analysis 

    92.30 

[68] 

F wave & 

RRI 

Linear Classifier   90.00   

[69] RRI HT 96.1 98.1    

[70] 

F Wave & 

RRI 

SVM 96.20 98.10  97.10  

[71] 

F Wave & 

RRI 

RF 100 73.60 82.10   

[72] RRI SVM 91.40 92.90    

[73] RRI RF    78.00  
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Ref. 

Features’ 

Origin 

Detection Alg. Se% Sp% Acc% 

F1 

Score% 

AUC% 

[74] 

F Wave & 

RRI 

SVM 96.30  93.10    

[75] 

F Wave & 

RRI 

CNN 99.41 98.91 99.23   

[76] F Wave 

Gaussian Mixture 

Model 

98.09 91.66    

[77] RRI HT   93.00   

 

2.4 ECG Signal Quality Analysis 

ECG analysis’s fidelity reduces in the presence of noise and can lead to increased false 

alarms and misdiagnoses of CVDs [78], [79]. As such, the quality of the ECG is typically 

assessed before further analysis. ECG signal quality analysis can be divided into four 

categories: 1) detection, 2) identification, 3) quantification, and 4) mitigation [34]. 

Detection is the acknowledgment of the presence of noise. Identification is identifying the 

type of noise. As mentioned in Section 2.2.3, noise types include motion artifacts, power 

line noise, high-frequency noise, muscle artifacts, and baseline wander. Quantification is 

an estimation of how much noise is present in the ECG. The quantification of noise in ECG 

can be based on a continuous scale or a discrete scale. Example of a continuous scale 

include SNR [34]. The discrete scale includes categorizing the amount of noise into quality 
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groups, such as acceptable and unacceptable ECG quality [78]. Mitigation is the removal 

of the noise from the ECG.  

 

Analyzing the quality of ECG can be broadly divided into two steps: 1) features extraction 

and 2) quality classification/regression. The features can be fiducial-based or non-fiducial-

based, while the quality classification/regression can be heuristic-based or ML-based [78].  

 

2.4.1 Feature Extraction 

Fiducial-based features require identifying fiducial points in the ECG, and as mentioned in 

Section 2.2.1, fiducial points include the P, Q, R, S, and T waves. The most common 

fiducial points used in ECG quality analysis are the R wave and the QRS complex. 

Fiducial-based features can include sudden changes in the amplitude of the ECG, the slope 

of the QRS, sudden changes in the HR, HR beyond biological limits, agreement of multiple 

R wave detection algorithms, time intervals of the fiducial points, the derivative of the 

QRS, QRS regularity, QRS power, the ratio of QRS power and noise, and higher-order 

statistics of the fiducial points’ time and amplitude [78], [80]–[95].  

 

Quesnel et al. extracted the average of the beats in an ECG to create a template and then 

subtracted the template from each beat to represent the noise [81]. The SNR was estimated 

to quantify the signal's noise and discarded noisy segments [96]. Orphanidou et al. 

calculated the HR and RRI and then identified low-quality ECG based on biological limits 

[80]. Johannesen et al. identified missing leads as a source of noise and identified low-

quality signals based on significant shifts in the amplitude of the QRS and using a high-
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pass filter to isolate noise from ECG [82]. Tat et al. used biological-based thresholds on 

the HR in addition to abrupt changes in the standard deviation of the amplitude of the ECG 

to flag low-quality ECG. Clifford et al. extracted 72 features of the QRS complex based 

on higher-order statistics, inter-lead agreement, power of the QRS complex, and the 

percentage of the ECG that is flat [91]. Behar et al. combined seven previously published 

features, QRS complex power, skewness and kurtosis of the QRS complex distribution, R 

wave detection algorithm agreement, and the ratio of the sum of the eigenvalues of five 

principal components to the sum of all eigenvalues [93]. Fiducial-based features can be 

easy to comprehend; however, they do suffer from the following downsides [78]: 

1) the quality of the fiducial-based features will depend on the identification of the 

fiducial points, and 

2) the fiducial points may change over time due to morphological changes in the ECG, 

which may require a regular update of the quality assessment criteria. 

 

Non-fiducial-based features attempt to address fiducial-based features' downsides by 

eliminating the need to identify the fiducial points. These features are extracted from the 

ECG without prior identification of the fiducial points. These features are either extracted 

directly from the ECG or after applying a transformation like the Fourier transform [78]. 

Correlation between ECG leads and ECG autocorrelation have also been used as features 

[78]. Features extracted directly from the ECG include amplitude, higher-order statistics, 

entropy, and inter-lead agreement [91], [97]–[100]. Transform-based features include the 

ratio of the power of the frequency range 5-20 Hz to 0-62.5 Hz, statistical measures of the 
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IMF, and residual errors of ECG and noise following separation using the Karhunen–Loève 

transform [98], [99], [101]–[106]. 

 

Mann et al. used a combination of features extracted directly from the ECG, such as range, 

and transform-based features, such as the ratio of the power of the frequency band 5-20 Hz 

to the frequency band 0-62.5 Hz [98]. The frequency band 5-20 Hz was chosen since the 

energy of the QRS complex is mainly contained in a 10 Hz full band centred around 10 Hz 

[107]. Langley et al. utilized multiple thresholds set on ECG amplitude to distinguish 

acceptable from unacceptable ECG [100]. Finally, Lee et al. extracted the first IMF using 

EMD and then used statistical measures (Shannon entropy, mean, and variance) to 

determine ECG's quality [103]. 

 

2.4.2 Quality Assessment 

Following feature extraction, ECG quality analysis can be set up as a classification problem 

(e.g., acceptable vs. unacceptable) or a regression problem (e.g., SNR estimate) [78]. The 

classification/regression can be either performed using HT or ML. HT techniques are 

susceptible to significant ECG morphology variations between individuals and the changes 

in an individual’s ECG morphology over time [78]. On the other hand, ML techniques 

require a large amount of data, which may not always be possible [78]. Quesnel et al. used 

an estimated SNR to evaluate the ECG's quality, which provided a continuous scale and 

achieved a correlation coefficient of 0.89 with true SNR [81]. In addition to HT and ML, 

DL, such as Boltzmann machines, was used to identify low-quality ECG [108], [109]. DL 

has the added benefit of automated feature extraction.  
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Table 2-4 lists the state-of-the-art ECG signal quality algorithms and their performance 

metrics. The algorithms were validated on different databases, so a direct comparison is 

not possible. The algorithms showcase that ECG quality can be assessed with high 

accuracy; however, ECG monitoring is typically conducted to detect CVDs, and few signal 

quality algorithms performances were reported in the presence of CVDs. As expected, ML-

based approaches had better performance than HT-based approaches. 

 

Table 2-4 A summary of the state-of-the-art ECG quality assessment algorithms. 

Ref. 

Features’ 

Origin 

Classification/ 

Regression 

Technique 

Se% Sp% Acc% 

Correlation 

Coefficient% 

[80] Fiducial HT 93.00 97.00   

[82] Fiducial HT   90.00  

[81] Fiducial HT    89.00 

[83] Fiducial HT   92.00  

[86] Fiducial HT   91.60  

[88] Fiducial HT 90.67 89.78   

[89] Fiducial HT   87.30  

[90] Fiducial HT   60.00  

[91] Fiducial 

Multi-Layer 

Perceptron 

  96.00  
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Ref. 

Features’ 

Origin 

Classification/ 

Regression 

Technique 

Se% Sp% Acc% 

Correlation 

Coefficient% 

[93] 

Fiducial and 

Non-Fiducial 

SVM 98.50 99.40 99.00  

[94] 

Fiducial and 

Non-Fiducial 

SVM 79.60 93.50 93.10  

[95] 

Fiducial and 

Non-Fiducial 

SVM and HT   83.60  

[101] Non-Fiducial HT   89.60  

[99] Non-Fiducial HT   90.00  

[102] Non-Fiducial HT 96.63 94.73   

[103] Non-Fiducial HT 99.57 99.98   

[105] Non-Fiducial 

Ensemble 

Decision Trees 

  90.40  

[106] Non-Fiducial SVM   92.00  

[108]  

Deep Belief 

Networks 

98.20 98.20 97.20  

[109]  CNN 88.00 89.00   
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2.5 ECG Compression 

Long-term monitoring of ECG is typically faced with the challenge of preserving power 

since batteries power the monitoring devices. Wirelessly transmitting the monitored ECG 

is also challenging as the wireless module is one of the power-hungry modules of an ECG 

monitor [110]. Compressing the ECG before transmission may prolong battery-powered 

ECG monitoring devices' operation time by reducing the amount of data processed and 

transmitted wirelessly. Compression also reduces data storage requirements. 

 

ECG compression algorithms can be divided into two categories: 1) direct-data 

compression (DDC), and 2) transform-domain compression (TDC) [111], [112]. 

Compression algorithms are typically assessed based on the CR and percent residual 

difference (PRD), described in (2-6) and (2-7). The lower the PRD, the more relevant the 

reconstructed ECG diagnostically; however, the correlation between PRD and diagnostic 

information is not very strong [113]. 

𝐶𝑅 = (1 −
𝑀

𝑁
) ∗ 100  (2-6) 

  

𝑃𝑅𝐷 =  √
∑ (𝑥(𝑖) − 𝑥 (𝑖))

2𝑀
𝑖=1

∑ (𝑥(𝑗) −  𝑥 )2𝑀
𝑗=1

 ∗  100% (2-7) 

  

where 𝑀 is the size of the compressed ECG, 𝑁 is the original ECG's size, 𝑥 is the original 

ECG, and 𝑥  is the reconstructed ECG.   

 

As the name suggests, DDC operates directly on the ECG signal [111], [112]. DDC takes 

advantage of the sections of the ECG that are slowly changing to reduce the sampling rate 
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without loss of ECG signal fidelity [114]–[120]. In 1968, Cox et al. proposed the AZTEC 

algorithm to compress ECG [114]. The AZTEC algorithm used a set of amplitude and time 

thresholds to convert ECG samples to plateaus, achieving a high CR at the expense of PRD 

[114]. Abenstein et al. utilized slope-based thresholds to discard every other sample while 

maintaining the peaks and valleys; thus, achieving a modest compression factor with 

perfect reconstruction [117]. The CORTES algorithms developed by Tompkins et al. 

merged the AZTEC and turning point techniques to achieve acceptable CR and PRD [117]. 

Barr et al. represented the ECG as a series of straight lines [118]. The AZTEC technique 

was recently improved by using the signal mean, SD, and the third moment to adjust the 

amplitude and time thresholds on the fly to achieve low PRD and a high CR [119]. One of 

the latest ECG DDC algorithms is based on compressive sensing [115]. Compressive 

sensing operates on the ECG in the analog domain and compresses the ECG by sampling 

the ECG using a random or a deterministic sensing matrix at a sub-Nyquist rate [115]. CS 

can achieve high CR while maintaining acceptable PRD [115], [121]. Although DDC 

techniques are simple, they achieve low CR and high PRD except for CS  [111], [112], 

[115], [121]. 

 

TDC compresses the ECG following conversion to a different domain, which allows for a 

compact representation of ECG [112], [122]–[125]. Reddy et al. proposed the Fourier 

transform to compress ECG by only retaining Fourier descriptors that contain lower-order 

harmonics [122]. Similarly, Batista et al. used DCT to transform the ECG and zero the 

DCT coefficients corresponding to low energy [123]. Kim et al. utilized wavelet transform 

and the fact that the ECG contains areas of low information such as the time between 
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heartbeats to zero specific wavelet coefficients that do not contain morphology-relevant 

information [124]. Lu et al. combined the wavelet transform and the set partitioning in 

hierarchical trees (SPIHT) compression algorithm widely used for 2D signals to achieve 

high CR and low PRD [125]. TDC-based algorithms can achieve high CR with low PRD 

but at the expense of computational complexity. Table 2-5 lists the performances of some 

of ECG compression algorithms that represent DDC and TDC. 

 

Table 2-5 A summary of ECG compression algorithms. 

Ref Compression Algorithm CR% PRD% 

[114] AZTEC 90.00 28.00 

[115] CS 95.00 12.00 

[116] 

Scan-Along Polygonal 

Approximation Algorithm 

50.00 5.10 

[117] CORTES 79.00 7.00 

[118] 

Scan-Along Polygonal 

Approximation Algorithm 

66.00 4.00 

[119] Modified AZTEC 89.91 7.92 

[122] Fourier Descriptors 87.50 7.00 

[123] 

Discrete Cosine 

Transform Coefficients and 

Golomb-Rice Coding 

89.60 2.50 

[124] Wavelet Transform 93.30 1.10 

[125] Wavelet Transform 95.00 10.00 
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2.6 Compressive Sensing 

CS takes advantage of the sparsity of the acquired signals, x, that has K-sparse 

representation in a basis  if its transform, α, contains at most K significant elements such 

that the remaining elements can be discarded with a minimal loss of information [126]. 

ECG is a sparse signal [127]. An ideal ECG signal will have zero-valued elements between 

the P wave and the QRS complex, between the QRS complex and the T wave, and between 

beats, which compose much of the signal. Assuming that a single beat is 0.6 s and a heart 

rate of 60 beats/min, there will be a total of 36 s of beats in a one-minute of ECG recording. 

Based on the ℓ0 norm and considering ECG elements that are very close to zero to be zero, 

then the ECG is considered a compressible signal. 

 

CS compress a signal, x, by linearly transforming it using a rectangular matrix, Φ, with the 

size M x N, where K < M < N. The rectangular matrix is known as the sensing matrix [126]. 

Traditionally, the sensing matrix comprises random entries generated using independent 

identically distributed (i.i.d.) Gaussian or Bernoulli processes [128]. However, a random 

matrix may require large memory since its elements are non-zero and may require floating-

point operations [129]. An alternative to random sensing matrices is deterministic matrices 

such as the deterministic binary block diagonal (DBBD) and the second-order Reed-Muller 

matrices [129]. The compressed x is denoted by y and is calculated, as shown in (2-8). 

 

𝑦 =  𝛷 ∗ 𝑥  (2-8) 

  

Reconstructing compressively sensed signals is an ill-posed problem and cannot be solved 

directly (2-9) [130]. 
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𝐹𝑖𝑛𝑑 𝑠𝑝𝑎𝑟𝑠𝑒 𝑥    𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡    𝛷 ∗ 𝑥 ≈ 𝑦  (2-9) 

  

Reconstruction algorithms can be divided into five categories: 1) greedy pursuit; 2) convex  

relaxation; 3) Bayesian framework; 4) Nonconvex optimization; and 5) brute force [130]. 

These algorithms include Smoothed L0 (SL0), orthogonal matching pursuit, belief 

propagation, subspace pursuits, and matching pursuit. These algorithms have successfully 

reconstructed compressively sensed signals; however, they are computationally intensive 

[130]. 

 

2.7 Analysis of Compressively Sensed ECG 

The research on the analysis of compressively sensed ECG is exceedingly sparse. Poian et 

al. proposed a modified matched filter technique to detect beats in compressively sensed 

ECG [131]. The technique had an average Se of 98% at CR less than 20% and an average 

Se of 87% for CR higher than 90% [131]. The technique successfully located the beats; 

however, the technique required a template of each patient’s beat, requiring regular 

updating. Poian et al. further utilized the matched filtering technique to detect AF in 

compressively sensed ECG by locating the beats, extracting RRI features, and using an 

SVM to differentiate ECG with AF from normal ECG [132]. The technique achieved Se 

of 85.24% and Sp of 97.97% at CR 50%, Se of 66.01% and Sp of 97.34% at CR 75%, and 

Se of 29.88% and Sp of 89.88% at CR 90%. Pant et al. reduced the need to reconstruct 

compressively sensed ECG by only reconstructing portions of the ECG that contained the 

QRS complex [133].  
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2.8 Conclusion 

This chapter presented an overview of the cardiovascular system, automated AF detection, 

ECG signal quality analysis, ECG compression, and analysis of compressively sensed 

ECG. RRI features for AF detection were the most common in the literature, but they 

require the extra step of identifying the R wave. ECG-based features used to train an ML-

based AF detector were comparable to DL approaches without the computational 

complexity. Furthermore, ECG signal quality analysis based on fiducial-based features and 

HT could estimate the quality of the ECG but was susceptible to morphological changes. 

On the other hand, quality analysis based on non-fiducial-based features and ML achieved 

similar performance to analysis based on fiducial-based features and HT without the 

sensitivity to morphological changes. With these conclusions in mind, the proposed system 

was designed to be ML-based and use ECG-based and non-fiducial-based features to detect 

AF in compressively sensed ECG and perform quality analysis. 
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Chapter  3: Detection of Atrial Fibrillation in Compressively Sensed 

Electrocardiogram Measurements 

This chapter details the development of the AF detection in a deterministic compressively 

sensed ECG system, fulfilling Objective 1 of this thesis. The work presented in this chapter 

has been published in IEEE Transactions on Instrumentation and Measurement [18]. The 

detector's location in the overall proposed system is highlighted in Figure 3-1. 

 

 

Figure 3-1 Proposed system’s diagram with a closeup of the AF detector in 

compressively sensed ECG. 
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3.1 Methods 

3.1.1 Database 

The Long-Term AF Database (LTAFDB) available on Physionet was used in this thesis 

[134], [135]. The database contained 84 records of two-lead ECG measurements collected 

continuously over 24 hours. The first lead of ECG measurements was used in this thesis. 

The ECG measurements were sampled at 128 Hz using a 12-bit resolution ADC with a 

range of 20 mV. 

 

AF information is contained in the P wave and the RRI, which lie in the frequency region 

below 20 Hz; therefore, the ECG was pre-processed using a bandpass zero-phase 3rd order 

Butterworth filter with a lower cut-off frequency of 0.67 Hz to remove baseline wandering 

as recommended by the American Heart Association (AHA) and an upper cut-off 

frequency of 25 Hz to remove high-frequency noise [29], [136]. 

 

The annotation file accompanying the database had multiple labels; however, only the ECG 

annotated with ‘N’ and ‘AFIB’ was considered in this thesis. Therefore, the remaining 

ECG measurements were discarded. ECG measurements with the N label were 32 days 

and 5.8 hours. The duration of the ECG measurements with the AFIB label was 36 days 

and 6.1 hours. Figure 3-2 shows a raw 30 s segment and the same segment following pre-

processing filters. It can be noted that the filter only removed baseline wandering and high-

frequency noise without affecting the ECG morphology. 
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Figure 3-2 Effect of pre-processing filters (bottom) on a raw ECG 30 s segment 

labelled ‘N’ from record 00 of LTAFDB (top). 

 

The ECG measurements were divided into 30 s non-overlapping segments. Any segment 

with an SQI [96], [137], less than 3 dB was removed to remove the potential confounding 

effects of excessive noise. An online implementation of the Pan Tompkins algorithm was 

used to locate the R waves in the segments [137]. Segments with a biologically impossible 

number of R waves (less than eight or more than 110 R waves) were also excluded, as they 

most likely contained excessive distortions in the ECG. The ECG segments that remained 

for further analysis were 83,315 normal segments and 82,435 AF segments. 
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3.1.2 Sensing Matrix 

The authors of [128] proposed a deterministic binary block diagonal  (DBBD) matrix, 

where its elements are only ones and zeros. As a result, the sensing process requires less 

memory for storage and involves only addition operations, unlike random matrices 

requiring addition and multiplication operations [128]. DBBD matrix was previously used 

to compress ECG [121]. The DBBD matrix is shown in (3-1).  

 

𝛷 = [

[1…1] 0 0 0

0 [1…1] 0 0
0 0 ⋱ 0
0 0 0 [1…1]

] (3-1) 

 

Each row of Φ contains m = N/M ones, where M is the number of rows in the matrix, and 

N is the number of columns. Note that M should be a factor of N. N is also the number of 

rows of the measurement vector.  

 

Assuming a 30 s segment of ECG measurements sampled initially at 128 Hz, N is 3840, 

from LTAFDB, the sensing matrix dimensions and the number of columns that contained 

ones are listed in Table 3-1 for CRs of 50%, 75%, and 95%. Figure 3-3 shows 10 s segment 

of ECG measurements at uncompressed, 50% compression, 75% compression, and 95% 

compression. Since the DBBD matrix requires N to be divisible by M, the lowest possible 

CR is 50%. The 95% CR was chosen as the compressed signal still contained some of the 

ECG features, such as prominent peaks that resembled the R wave. The 75% CR was 

chosen as a midpoint between 50% and 95% CRs. 
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Table 3-1 Sensing matrix dimensions for 50%, 75%, and 95% CRs of the 30 s ECG 

measurements originally sampled at 128 Hz. 

CR/Matrix Dimensions M N m 

50% 
1920 3840 2 

75% 
960 3840 4 

95% 
192 3840 20 

 

 

Figure 3-3 Examples of ECG measurements from record 00 of LTAFDB 

uncompressed and compressed at 50%, 70%, and 95%. 
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3.1.3 Feature Selection 

AF is typically diagnosed by examining the RRI and the P wave changes. However, Figure 

3-3 shows that the 95% compressed ECG measurements do not present typical 

morphological features; therefore, locating the R wave and the P wave at a 95% CR is 

challenging. As such, non-fiducial-based features were explored. 

 

The complete feature space is based on statistical features, EMD, wavelet transform, and 

DCT. The statistical features were mean, median, skewness, range, kurtosis, power, and 

standard deviation (SD). The features were calculated for each 30 s segment. These features 

were selected to form the complete feature space since they were used previously to detect 

AF in ECG [54]–[56]. 

 

EMD was used to extract IMF, which has been shown to highlight features of ECG that 

indicate AF [54]. EMD was performed using MATLAB 2018 function ‘emd’ with 

interpolation set to piecewise cubic Hermite interpolating polynomial. The third and fourth 

IMFs were extracted from the ECG measurements to highlight the slow and fast changes 

in the ECG. The following features were added to the feature space: mean, median, range, 

skewness, standard deviation, and kurtosis of the third and fourth IMFs.  

 

Wavelet transform has been used to denoise and compress ECG. Wavelet transforms 

highlight different features of the ECG measurements at different scales, which allow for 

the analysis of transients and non-stationary features. The approximation coefficients 

contain the measurements' low-frequency information, while the detail coefficients contain 
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the high-frequency information of the measurements.  In this paper, both discrete wavelet 

transform (DWT) and stationary wavelet transform (SWT) were used as they have been 

shown to allow discrimination between normal rhythm and AF [55], [56]. The difference 

between the two is in the decomposition process. DWT decimates the measurements 

following every decomposition level, making the transform time-variant. The SWT does 

not decimate the measurements following every decomposition level; thereby, it is time-

invariant. For DWT, the mother wavelet ‘dmey’ was used, while for SWT, the mother 

wavelet ‘db5’ was used. Both mother wavelets have shown similarities to ECG and have 

been used previously to analyze ECG [56], [138]. For DWT, ECG measurements were 

decomposed to the fourth level. As the ECG measurements are compressed, the sampling 

frequency changes; therefore, the decomposition level was chosen based on previous 

research [138] and highlighted the lowest frequency components regardless of the sampling 

frequency. Assuming an uncompressed ECG sampled at 128 Hz, the fourth level 

decomposition highlighted the frequency range 0 – 7.5 Hz, which contained the P wave 

and the RRI information. The following features were extracted from all DWT 

approximation and detail coefficients: mean, median, range, kurtosis, entropy, and standard 

deviation. For SWT, the ECG measurements were decomposed to the sixth level [55]. The 

mean, median, skewness, range, kurtosis, standard deviation, and entropy of the 

coefficients were considered as features. By utilizing SWT and DWT, the details and 

approximation coefficients were represented in the feature space. The DWT and SWT were 

performed using MATLAB 2018 functions ‘wavedec’ and ‘swt’, respectively. 
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DCT allows for compact representation of the ECG measurements and has been used to 

compress ECG [128]. DCT was also used to capture the difference in the energy of normal 

rhythm and AF ECG [56]. The features extracted from DCT were mean, median, skewness, 

range, kurtosis, standard deviation, and entropy. The DCT was performed using MATLAB 

2018 function ‘dct.’ 

 

A total of 139 features were included in the feature space. Features could be correlated; 

therefore, feature selection was performed to remove correlated features and select features 

with the highest mutual information [139] with the class of the respective ECG segment 

(i.e., N or AF). Since the relationships between the features are unknown, Spearman 

correlation, a rank correlation, was chosen instead of Pearson correlation, which assumes 

a linear relationship. First, features with a Spearman correlation coefficient larger than 50% 

with other features were removed. Then, the mutual information between the remaining 

features and the class was calculated, and the top 50% of the features with the highest 

mutual information were chosen. Spearman correlation coefficient threshold of 50% and a 

mutual information threshold of 50% were chosen as the removed features had minimal 

impact on performance. Equations for Spearman correlation and mutual information are 

shown in (3-2) and (3-3) [139]. 

 

𝜌 = 1 −
6∑ 𝑑𝑖

2𝑘
𝑖=1

𝑘(𝑘2 − 1)
  (3-2) 

 

where ρ is Spearman correlation, di is the difference between paired ranks of the elements 

i, and k is the number of measurements.  
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𝐼(𝑍, 𝐹) = ⟨log (
𝑝(𝑧𝑖, 𝑏𝑖)

𝑝(𝑧𝑖)𝑝(𝑏𝑖)
)⟩

𝑖

  (3-3) 

 

where Z is labels vector, F is feature vector, i is the feature value at a label, p(zi) is the 

fraction of feature values which are categorized as zi, p(bi) is the fraction of feature values 

whose continuous variables fall in the same bin, bi, as F, and p(zi,bi) is the fraction of 

feature values where zi falls in the same bin, bi, as F. A labels vector is a vector containing 

the class of each ECG segment, as an example, features will be extracted from an ECG 

segment. They would have the label ‘N’ if the ECG segment was normal. To calculate the 

mutual information between a categorical variable such as the labels vector and a 

continuous variable such as a feature vector (e.g., mean), the feature vector was categorized 

into bins, bi, the different probabilities in eq. (3-3) were then calculated to estimate the 

mutual information between the variables. Following feature selection using Spearman 

correlation coefficient and mutual information, the number of features selected were 13, 

15, 17, and 19 features for uncompressed, 50% compressed, 75% compressed, and 95% 

compressed ECG. Table 3-2 shows the features selected for each compression level with 

their importance according to the Gini impurity, shown in (3-4) [140]. A feature with the 

importance of one had the highest importance. 

 

𝐺 = ∑𝑝(𝑞) × (1 − 𝑝(𝑞))

𝑄

𝑞=1

  (3-4) 
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where Q is the total number of labels, q is a label, and p(q) is the probability of randomly 

picking an ECG segment from label q. Gini impurity was used as it was the metric used by 

the RF to determine the importance of the features. 

 

Table 3-2 Selected features for each compression level with each feature's 

importance according to Gini impurity. 

Features 

Uncomp

ressed 

50% 

Compress

ed 

75% 

Compress

ed 

95% 

Compress

ed 

Mean    19 

Median 3 2 2 4 

Skewness 5 5 3  

Range 6 6 5 5 

Kurtosis    2 

Mean IMF #3 4 4 4 14 

Skewness IMF #3 7 9   

Kurtosis IMF #3 2 3 8 6 

Mean IMF #4   15 18 

Skewness IMF #4  12 16  

Kurtosis IMF #4 10  17 15 

Mean SWT Approximation (App.) 

Coefficient (Coef.) #1 
   16 

Mean SWT App. Coef. #6    10 
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Mean SWT Detail Coef.  #4    12 

Mean SWT Detail Coef.  #5    13 

Mean SWT Detail Coef. #6    11 

Mean DCT    9 

Median DCT   6  

Skewness DCT 9 7 1 3 

Kurtosis DCT 1 1 9 1 

Entropy of DCT 11    

Median DWT App. Coef. #4  10   

Kurtosis DWT App. Coef. #4   12  

Mean DWT Detail Coef. #4 13 11 13 17 

Median DWT Detail Coef. #4 8    

Skewness DWT Detail Coef. #4 12 13 11  

Kurtosis DWT Detail Coef. #4  8 10  

Mean DWT Detail Coef. #3    8 

Mean DWT Detail Coef. #2  15 14  

Skewness DWT Detail Coef. #2  14   

Mean DWT Detail Coef. #1    7 

Median DWT Detail Coef. #1   7  

 

3.1.4 Classification Algorithm 

RF was previously used to classify abnormal beats in the compressed domain [138]. A 

hyper-parameter grid search was conducted based on record-based cross-validation with 
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10-folds. The process was repeated for each compression level. The hyper-parameters 

considered were the number of estimators, minimum samples to split, minimum samples 

in a leaf, maximum number of features, and maximum depth of each estimator. The grid 

search was conducted using Python v3.7.3 and scikit-learn v0.21. 

The following was the grid over which the search was conducted: 

• Number of estimators: 50, 100, 150, and 200 

• Minimum samples to split: 2, 1%, 10%, and 25% 

• Minimum samples in a leaf: 1, 1%, 10%, 25% 

• Maximum number of features: let NF be the number of features - log2(NF) and 

sqrt(NF) 

• Maximum depth: 1 and unlimited 

The grid search was performed for all compression levels, and the best parameters were 50 

estimators, two minimum samples to split, one minimum sample in a leaf, a square root 

maximum number of features, and unlimited depth. RF is an ensemble of decision trees. 

Each tree is trained on a subset of the feature space, and then the trees collectively vote on 

the outcome of the forest using the majority rule. The voting process improves the outcome 

of a single tree. The trees' average depths in the RF were 36, 36, 38, and 41 for 

uncompressed, 50%, 75%, and 95% compressed ECG, respectively. The RF used features 

multiple times as the trees grew deeper. 

 

A decision stump (DS) was chosen in this thesis to utilize only a single feature to detect 

AF. The feature was selected automatically by the DS. A DS is a single-level decision tree 
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with only a single node and can be implemented as a simple “if-then-else” statement. The 

DS was used as a baseline classifier because of its simplicity. 

 

3.1.5 Testing 

The entire feature space and the selected features were derived from uncompressed and 

compressed ECG at 50%, 75%, and 95%. AF detection was tested using record-based 10-

fold cross-validation. In record-based cross-validation, records are isolated for testing in 

each fold. As an example, in the first fold, records 38, 42, 71, 74, 101, 104, 111, and 114 

were reserved for testing, while the remainder of the records were used for the training 

(i.e., no segments of the test records were used to train the model). For the second fold, a 

different set of records were reserved for testing, and the records used for testing in the first 

fold were reserved for training along with the remainder of the records in the database. The 

cross-validation was performed on the entire feature space and the selected features.  

 

The performances of the classification algorithms were quantified using AP at each 

decision threshold, defined in (3-5), AUC, and F1 score. The precision and recall of the F1 

score were calculated at a decision threshold of 0.5. The testing and performance metrics 

were conducted using Python v3.7.3 and scikit-learn v0.21. 

 

𝐴𝑃 = ∑(𝑅𝑛 − 𝑅𝑛−1)𝑃𝑛

𝑇

𝑛=1

  (3-5) 
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where Pn is the precision at the nth threshold, Rn is the recall at the nth threshold, and T is 

the number of the thresholds. The thresholds were between zero and one. The testing and 

performance metrics were conducted using Python v3.7.3 and scikit-learn v0.21. 

 

As indicated in Section 2.6, Poian et al. developed an AF detector in compressively sensed 

ECG using a fiducial-based approach [132]. Poian’s AF validated their detector on 

Physionet’s MIT-BIH AF database compressed using a random sensing matrix. The 

sensitivity and specificity of Poian’s detector are reported. The record-based 10-fold cross-

validation performance of the AF detection in the uncompressed ECG could not be 

compared with the algorithms reported in Table 2-3 as the testing methodology of these 

algorithms was based on segment-based cross-validation. A segment-based cross-

validation approach mixes segments from different patients and then divides the data into 

training and testing sets, so the segments from the same patient could appear in both 

training and testing sets which can inflate the performance of the AF detector. The average 

accuracy of segment-based 10-fold cross-validation was reported for the proposed AF 

detector. 

 

3.2 Results 

The AP of the RF trained using the entire feature space and the RF trained using the 

selected features are shown in Figure 3-4. Figure 3-4 is a bar graph representing the results 

at each CR. The error bars represent the SD of the results of the 10-fold cross-validation. 

The RF trained using all features had an AP 2% higher than the RF trained using the 

selected features. AP is also provided as a number at the bottom of the bars for clarity. The 
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APs of the RF trained on the selected features and the decision stump are shown in Figure 

3-5. Please note the difference in the AP between the RF and the DS and the non-

overlapping error bars of the RF and the DS. The AUC of an RF trained on the selected 

features and a decision stump is shown in Figure 3-6. Like the AP, please note the 

difference in the AUC between the RF and the DS and the non-overlapping error bars of 

the RF and the DS. The F1 score of an RF trained on the selected features and a decision 

stump is shown in Figure 3-7. Table 3-3 shows the sensitivity and specificity of the 

proposed AF detector and Poian et al. AF detector. The average accuracy of the segment-

based 10-fold cross-validation on uncompressed ECG was 0.95±0.02. 

 

 

Figure 3-4 Comparison of the average precision of RF trained on all features and 

RF trained on selected features. The error bars represent the SD of the results of the 

10-fold cross-validation. 
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Figure 3-5 Comparison of the average precision of RF trained on selected features 

and decision stump. The error bars represent the SD of the results of the 10-fold 

cross-validation. 

 

Figure 3-6 Comparison of the AUC of RF trained on selected features and decision 

stump. The error bars represent the SD of the results of the 10-fold cross-validation. 
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Figure 3-7 Comparison of the F1 score of RF trained on selected features and 

decision stump. The error bars represent the SD of the results of the 10-fold cross-

validation. 

The average ROC and PRC of record-based 10-fold cross-validation of RF and decision 

stump at all compression levels are shown in Figures 3-8 and 3-9, respectively. 

 

Figure 3-8 Average ROC of record-based 10-fold cross-validation of RF and 

decision stump at all compression levels. 
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Figure 3-9 Average PRC of record-based 10-fold cross-validation of RF and decision 

stump at all compression levels. 

 

Table 3-3 Sensitivity and Specificity of the proposed AF detector and Poian et al. 

[132]. Poian et al. only reported results up to 90% compression. 

 Proposed Detector Poian et al. [132] 

 Sensitivity Specificity Sensitivity Specificity 

50% 0.83 0.83 0.85 0.98 

75% 0.86 0.83 0.66 0.97 

95% (90%) 0.87 0.82 0.30 0.90 
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3.3 Discussion 

3.3.1 Results Discussion 

The proposed AF detection was tested using the LTAFDB based on record-based 10-fold 

cross-validation. Three main discussion points can be derived from the results:  

1. Performance comparisons of the RF trained using all features with the performance 

of the RF trained using the selected features;  

2. Performance comparisons of the RF trained using the selected features and the DS; 

and  

3. The difference in the F1 scores of the RF and DS over various CRs. 

Figure 3-4 compares the AP of an RF trained using all the features and an RF trained using 

the selected features. The RF trained using the selected features experienced a maximum 

of 0.2 drop in the average AP, from 0.92 to 0.90 and from 0.93 to 0.91, at the 50% and 

75% compression levels. The results indicated that the selected features adequately classify 

AF in compressed ECG. 

 

A DS was used as a baseline classifier in this paper. The DS and the RF results are 

compared in Figures 3-5, 3-6, and 3-7. The RF had a minimum improvement of 0.11 in 

average AP over the DS on 95% compressed data and a maximum improvement of 0.20 in 

average AP over uncompressed data. The RF had a minimum improvement, 0.09, on 

average AUC over the DS on 95% compressed data, and a maximum improvement, 0.15, 

in average AUC over uncompressed data. The results indicated that using an RF improved 

the results over a baseline classifier. 
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Based on the F1 score (Figure 3-7), the DS performed similarly to the RF even though it is 

a more sophisticated algorithm. The DS and the RF performance increased as the 

compression level increased; however, it is noted that the high F1 score of the DS is due to 

the high recall of the DS at the expense of precision at a single operating point. The DS 

favoured increasing the recall at the expense of precision, while the RF favoured 

maintaining a balanced precision and recall. This can be observed in Figures 3-8 and 3-9. 

Figure 3-8 shows the average ROC of the RF and the DS for the different compression 

levels. It can be noted that the ROC of the DS approaches the ROC of the RF at a false 

positive rate between 0.2 and 0.4 at all compression levels. When considering the same 

operating point for the DS in Figure 3-9, where the average PRC is shown, the DS's average 

PRC was worse than the average PRC of the RF at all compression levels.  

 

Figure 3-7 shows a 0.04 increase in the average F1 score as the compression increases, 

albeit within the error SD of each F1 score calculation. The increase was investigated, and 

it was theorized that the increase was due to the filtering effect of the DBBD matrix. To 

better understand the reason behind this improvement, the filtering effect of DBBD was 

simulated by creating an averaging filter with the length of m and applying the filter to the 

ECG segments without compressing them. 10-fold cross-validation was conducted, and it 

was noted that the results improved by the same 4% as the averaging filter effect increased. 

The averaging effect can also be noted in Figure 3-10. Figure 3-10 shows the distribution 

of the kurtosis of the DCT coefficient feature for AF and normal segments. DS used this 

feature to differentiate between AF and normal segments. The distributions of the feature 
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for AF and the normal segments separated from each other as the compression level 

increased, contributing to the increase in the performance as noted in the F1 metric.  

 

The high AP over the 10-folds indicated that the proposed AF classifier had a high true 

positive rate and low false-positive rate. The high AUC over the 10-folds indicated that the 

proposed AF classifier had a low false-negative rate. The slight variance of both the AP 

and AUC over the 10-folds of the proposed classifier indicated that the classifier is 

generalizable. 

 

 

Figure 3-10 Distribution of kurtosis of the DCT coef. feature for AF and normal 

segments across all compression levels. The noted thresholds are of the DS. 
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The precision and recall used to calculate the F1 score were calculated using the default 

threshold of 50% confidence (i.e., 50% or more of the trees agreed on the AF detection). 

The AP and AUC were calculated over multiple thresholds to demonstrate the AF detector's 

performance across these thresholds.  

 

Poian et al. developed an AF detector in compressively sensed ECG. At 50% CR, Poian's 

proposed detector was slightly better (Table 3-3), but at 75% and 95% CR, the proposed 

AF detector had much higher sensitivity (i.e., correctly identifying AF) than Poian's 

proposed detector at the expense of specificity (i.e., correctly identifying N). Additionally, 

the performance of the proposed AF detector was slightly impacted by compression, while 

Poian’s technique was severely impacted by compression. It is important to note that Poian 

tested their proposed detector on a different database and used a different sensing matrix 

than the proposed AF detector. It should also be noted that Poian's technique used RRI 

features that required a template of the R wave for each patient to be created from 

uncompressed ECG. 

 

Additionally, it was unclear if Poian et al. used record-based cross-validation. Record-

based cross-validation provides realistic testing conditions where the system is trained and 

tested on different patients. The accuracy of the algorithms reported in Table 2-3 ranged 

from 0.82 to 0.99. The accuracy of the proposed AF detector on uncompressed ECG using 

segment-based 10-fold cross-validation was 0.95, which is comparable to the state-of-the-

art algorithms. 
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3.3.2 Features Discussion 

139 features were considered for the AF detector in the deterministic compressively sensed 

ECG. These features were grouped into five categories: 1) statistical-based features, 2) 

EMD-based features, 3) DWT-based features, 4) SWT-based features, and 5) DCT-based 

features. Each feature category was used to detect AF using the 50 tree RF described in 

Section 3.1.4, and the resulting AP of the AF detector was compared to the AP of the AF 

detector using the selected features.  

 

Statistical-based features (total of seven features) produced mediocre results (shown in 

Figure 3-11), with AP ranging from 0.66 for uncompressed ECG to 0.68 for 95% 

compressed ECG. The selected features (discussed in Section 3.1.3) had a maximum of 

0.27 and a minimum of 0.21 AP greater than the AP of the statistical-based features. The 

selected features AP also had a smaller SD than the statistical-based features SD, which 

signified that the selected features generalized better than the statistical-based features. It 

is important to note that the AP varied only by 0.02 across all compression levels indicating 

that statistical features had equal importance across all compression levels. This 

importance can be noted in Table 3-2, where the statistical-based features were used across 

all compression levels. 
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Figure 3-11 Comparison of the average precision of RF trained on selected features 

and RF trained on statistical-based features. The error bars represent the SD of the 

results of the 10-fold cross-validation. 

 

The EMD-based features (total of 12 features) had better AP (shown in Figure 3-12) than 

the statistical-based features of 0.87, 0.82, 0.79, and 0.62 for uncompressed, 50%, 75%, 

and 95% compressed ECG, respectively. The SD of the AP for the EMD-based features 

was larger than the SD of the AP of the selected features indicating that the EMD-based 

features did not generalize well. The EMD-based features also had varying performance 

across the compression levels, which indicated that the EMD features were better at 

differentiating AF ECG from N ECG at lower CRs. IMFs generated by EMD captured the 
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location of the QRS complex in the ECG. As the ECG was compressed, the QRS 

complexes became indistinguishable. This phenomenon can be observed in Figures 3-13 

and 3-14. In Figure 3-13, the ECG is uncompressed, and the 3rd IMF captured the QRS 

complex location, where the AF and N ECG segments can be distinguished visually. In 

Figure 3-14, the ECG is compressed at a 95% ratio, and the 3rd IMF could not capture the 

location of the QRS Complex. As noted visually, Both the 3rd IMFs of the AF and N 95% 

compressed ECG segments were very similar, which supported the low AP of EMD-based 

features results at 95% CR presented in Figure 3-12. 

 

Figure 3-12 Comparison of the average precision of RF trained on selected features 

and RF trained on EMD-based features. The error bars represent the SD of the 

results of the 10-fold cross-validation. 
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Figure 3-13 (a) 10 s Uncompressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) 3rd IMF of the AF ECG segment (c) 10 s Uncompressed N ECG 

segment from the record ‘01’ from LTAFDB (d) 3rd IMF of the AF ECG segment. 
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Figure 3-14 (a) 10 s 95% Compressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) 3rd IMF of the AF ECG segment (c) 10 s 95% Compressed N ECG 

segment from the record ‘01’ from LTAFDB (d) 3rd IMF of the AF ECG segment. 

 

DWT-based features (total 36) performed worse than the EMD-based features for 

uncompressed and 50% compressed ECG; however, they performed better than statistical-

based features. DWT had AP (shown in Figure 3-15) of 0.75, 0.77, 0.83, and 0.83 for 

uncompressed, 50%, 75%, and 95% compressed data, respectively. The SD of AP of the 

DWT-based features was larger than the SD of the AP of the selected features indicating 
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that the DWT-based features did not generalize as well as the selected features. Figures 3-

16 and 3-17 portray the DWT approximation and detail coefficients (up to the 4th 

decomposition level) of AF and N ECG for uncompressed and 95% compressed cases. In 

Figure 3-16 and Figure 3-17, the DWT coefficients of AF ECG had a wider range (-2V to 

+2V – uncompressed cased and -5V to +5V – 95% compressed case) and had higher 

frequency components (exhibited as a larger number of voltage spikes) than the DWT 

coefficients of N ECG (range: -1V to +1V – uncompressed case and -4.9V to +4.5V – 95% 

compressed case). AF impacts the ECG by erratically varying the heart rate (i.e., number 

of R waves in an ECG segment). Comparing Figures 3-16 (b) and (d), it can be noted that 

the erratic changing of the R waves is exhibited in the first 400 samples of the DWT 

coefficients. Similar behaviour can be noted in Figures 3-17 (b) and (d) between 275 and 

375 samples of the DWT coefficients. 

 

Figure 3-15 Comparison of the average precision of RF trained on selected features 

and RF trained on DWT-based features. The error bars represent the SD of the 

results of the 10-fold cross-validation. 
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Figure 3-16 (a) 10 s Uncompressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) DWT coefficients of the AF ECG segment (c) 10 s Uncompressed N 

ECG segment from the record ‘01’ from LTAFDB (d) DWT coefficients of the AF 

ECG segment. 
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Figure 3-17 (a) 10 s 95% compressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) DWT coefficients of the AF ECG segment (c) 10 s 95% N compressed 

ECG segment from the record ‘01’ from LTAFDB (d) DWT coefficients of the AF 

ECG segment. 

SWT-based features (total of 80 features) had AP (shown in Figure 3-18) of 0.89, 0.91, 

0.92, and 0.86 for uncompressed, 50%, 75%, and 95% compressed ECG, respectively. In 

50% compressed and 75% compressed ECG, the SWT-based features had a 0.01 AP 

advantage over selected features. The SD of the AP of SWT-based features in the 

uncompressed and 95% compressed case was larger than the SD of the AP of the selected 

features, which indicated that the SWT-based features did not generalize well. Figure 3-19 

and Figure 3-20 show the 1st and 6th approximation coefficients and 4th to 6th detail 
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coefficients, based on features noted in Table 3-2. It is clear from the figures that the SWT 

highlighted well the AF-induced changes in the ECG. In Figure 3-19 (b and d), samples 0-

1280 are the 1st approximation coefficient which captured frequencies < 32 Hz, samples 

1281-2561 are the 6th approximation coefficient which captured low-frequency 

components of the ECG (< 1 Hz), samples 2562-6000 are the 4th-6th detail coefficients that 

captured frequencies 1-8 Hz of the ECG. AF induces elevated heart rate, which was 

captured by the 4th-6th detail coefficients as noted by the larger number of spikes in Figure 

3-19 (b) compared to Figure 3-19 (d). The heart rate was elevated in the case of AF, but it 

was consistent (i.e., the RRI did not vary); however, the RRI varied in N as expected. These 

differences in the RRI were captured in Figure 3-20 (b), where the 4th-6th detail coefficients 

captured slow, consistent waves, while in Figure 3-20 (d), the 4th-6th detail coefficients 

captured slow but inconsistent waves. 

 

Figure 3-18 Comparison of the average precision of RF trained on selected features 

and RF trained on SWT-based features. The error bars represent the SD of the 

results of the 10-fold cross-validation. 
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Figure 3-19 (a) 10 s Uncompressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) SWT 1st and 6th approximation coefficients and 4th to 6th detail 

coefficients of the AF ECG segment (c) 10 s Uncompressed N ECG segment from 

the record ‘01’ from LTAFDB (d) SWT 1st and 6th approximation coefficients and 

4th to 6th detail coefficients of the N ECG segment. 
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Figure 3-20 (a) 10 s 95% compressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) SWT 1st and 6th approximation coefficients and 4th to 6th detail 

coefficients of the AF ECG segment (c) 10 s 95% compressed N ECG segment from 

the record ‘01’ from LTAFDB (d) SWT 1st and 6th approximation coefficients and 

4th to 6th detail coefficients of the N ECG segment. 
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DCT-based features (total of six features) had AP (shown in Figure 3-21) 0.82, 0.83, 0.83, 

and 0.85 for uncompressed, 50%, 75%, and 95% compressed ECG, respectively. DCT-

based features’ performance approached the selected features’ performance. DCT-based 

features had a larger SD of the AP compared to the SD of the AP of the selected features 

indicating that the DCT-based features did not generalize as well as the selected features. 

DCT-based features performed well since AF ECG typically had a high heart rate (as 

described in Section 2.2.4), requiring more cosine functions to approximate the ECG. 

Figures 3-22 and 3-23 show the first 20 DCT coefficients of AF and N ECG segments 

uncompressed and compressed at 95%. It is apparent from the figures that the value of the 

first 20 DCT coefficients differed between AF and N ECG. 

 

Figure 3-21 Comparison of the average precision of RF trained on selected features 

and RF trained on DCT-based features. The error bars represent the SD of the 

results of the 10-fold cross-validation. 
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Figure 3-22 (a) 10 s Uncompressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) 10 s Uncompressed N  ECG segment from the record ‘01’ from 

LTAFDB (c) First 20 DCT coefficients of AF and ECG segments. 
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Figure 3-23 (a) 10 s 95% Compressed AF ECG segment from the record ‘01’ from 

LTAFDB (b) 10 s 95% Compressed N ECG segment from the record ‘01’ from 

LTAFDB (c) First 20 DCT coefficients of AF and ECG segments. 
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Table 3-4 summarizes the performance of each feature category and the selected features. 

The feature categories' performance was compared using their average AP and 

generalization (i.e., SD). As expected, the EMD-, DWT-, SWT-, and DCT-based features 

could be used individually to detect AF, as shown in previous research [54]–[56]. The 

SWT- based features outperformed the other feature categories and had the best 

performance at 50% and 70% CRs; however, at the expense of the number of features (80 

features). SWT-based features had an average AP of 0.91 and 0.92 at 50% and 75% CRs, 

respectively, while the selected features had an average AP of 0.90 and 0.91 at 50% and 

75% CRs, respectively, using only 15 and 17 features. SWT-based features also had the 

best generalization at 50% and 75% CRs (SD of 0.04 and 0.03, respectively). DWT-based 

features did not perform as well as the SWT-based features; however, DWT-based features 

had an average AP of 0.83 (0.03 less than SWT-based features) with the same SD as the 

SWT-based features using 36 features only at 95% CR.  DCT-based features consistently 

had an average AP over 0.80 and SD less than 0.1 across all CRs using only six features. 

EMD-based features (only 12 features) performed better than DWT- and DCT- based 

features on uncompressed ECG (average AP of 0.87) and performed as well as the DCT-

based features at 50% CR (average AP of 0.82). However, EMD-based features did not 

perform well at higher CRs with an average AP of 0.79 and 0.62 at 75% and 95% CRs and 

had SD greater than 0.1. The selected features generally provided the best performance and 

generalization using a low number of features. The selected features outperformed all other 

features at the uncompressed (average AP of 0.93 with SD of 0.04) and 95% CR (average 

AP of 0.89 with SD of 0.04) using only 13 and 19 features, respectively. The selected 
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features also generalized well across all CRs with 0.04 SD at uncompressed, 75% and 95% 

CRs, and 0.06 SD at 50% CR.  

 

Table 3-4 Summary of average AP and its SD over 10-fold cross-validation of the 

different feature categories.  

Features Uncompressed 50% 75% 95% # of Features 

Selected 0.93±0.04 0.90±0.06 0.91±0.04 0.89±0.04 13-19 

Statistical 0.66±0.13 0.66±0.13 0.67±0.13 0.68±0.13 7 

EMD 0.87±0.07 0.82±0.10 0.79±0.10 0.62±0.13 12 

DWT 0.75±0.12 0.77±0.10 0.83±0.06 0.83±0.07 36 

SWT 0.89±0.05 0.91±0.04 0.92±0.03 0.86±0.07 80 

DCT 0.82±0.08 0.83±0.09 0.83±0.08 0.85±0.06 6 

 

3.4 Conclusion 

This chapter proposed an AF detector in deterministic compressively sensed ECG. The 

detector achieved AP of 0.93, 0.90, 0.91, and 0.89 for uncompressed, 50% compressed, 

75% compressed, and 95% compressed ECG, respectively. The selected features provided 

the best results for a low number of features. Although 95% CR provided comparable 

performance to 50% and 75% CR, such a high CR is recommended only under ideal 

conditions (i.e., free from noise and artifacts).  In practice, such ideal conditions are very 

hard to achieve. The detector used an RF where an AF detection was recorded when most 

of the trees (50%) in RF recorded an AF detection. The next chapter will introduce selective 

reconstruction of ECG to improve the AF detector's performance.  
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Chapter  4: Selective Reconstruction of ECG for Confirmation of 

Detection of AF 

In Chapter 3, an AF detector in deterministic compressively sensed ECG was introduced. 

This chapter used confidence to decide when an ECG segment should be classified in the 

compressed domain or reconstructed to confirm the classification. Confidence is defined 

as the ratio of trees in the RF-based AF detector agreeing on the same classification. 

Chapter 4 introduces the concept of selective reconstruction of compressively sensed ECG 

to confirm AF detection to fulfill the first part of Objective 2 of this thesis. This chapter's 

results were published at the 2020 IEEE International Instrumentation and Measurement 

Technology Conference (I2MTC) [19]. The location of the proposed selective 

reconstruction step in the overall proposed system is highlighted in Figure 4-1. 
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Figure 4-1 System diagram with a closeup of the ECG reconstruction and the AF 

detection in the uncompressed ECG. 

 

4.1 Methods 

4.1.1 Database 

The LTAFDB described in Section 3.1.1 was used in this chapter. The same preprocessing 

and segmentation techniques were also used. The total number of ECG segments that were 

analyzed was 83,315 normal segments and 82,435 AF segments. 
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4.1.2 Sensing Matrix and ECG Reconstruction 

The DBBD matrix described in Section 3.1.2 was used to compress the ECG segments. 

The CRs were 50% and 75%. The 95% CR was not considered as the reconstructed ECG 

had a low quality that prevented AF detection.  

 

The ECG was reconstructed using the SL0 algorithm introduced in [141]. The inputs to the 

algorithm were the DBBD matrix and a sparsifying matrix based on a DCT dictionary. A 

DCT dictionary was used as it was shown in previous research to result in a good 

reconstruction quality of ECG [121]. 

 

4.1.3 Feature Extraction 

If the AF detector in the compressively sensed ECG had confidence between 25% and 75% 

inclusive, the ECG segment was reconstructed to confirm the detection. The thresholds 

were chosen such that confidence below 25% in the AF detection indicated that the 

segment was normal, and confidence above 75% in the AF detection indicated that the 

segment was AF. 

 

Following the reconstruction of the ECG, RRI features were extracted. The R waves were 

identified using the Pan Tomkins algorithm [137]. Next, the RRI was calculated by 

subtracting each R wave's timestamp from the R wave's timestamp preceding it. The 

following features were extracted from the RRI: 1) minimum; 2) max; 3) standard 

deviation; 4) median; 5) mean; 6) the percentage of R-R intervals less than 50 ms; 7) power; 
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and 8) SampEn. These features were shown in previous research to differentiate between 

AF and N ECG [48]. 

 

4.1.4 Classification Algorithm 

An RF was used as the classification algorithm since previous research successfully used 

it to detect AF [142]. For a description of an RF, please see Section 3.1.4. The RF 

hyperparameters were 50 estimators, two minimum samples to split, one minimum sample 

in a leaf, square root maximum number of features, and unlimited depth. 

 

4.1.5 Testing 

An RF was trained on the features, listed in Section 4.1.3, extracted from uncompressed 

ECG segments. Record-based 10-fold cross-validation was used to test the selective 

reconstruction of ECG for confirmation of AF. For a description of record-based cross-

validation, please see Section 3.1.5.  

 

The testing procedure was as follows: 

1. Test records were divided into 30s segments.  

2. The segments were compressed at 50% and 75%  

3. Features that correspond to the CR (listed in Table 3-2) were extracted.  

4. RF trained on the features from the corresponding CR was used to detect AF and 

provide confidence in the detection. 

5. If the confidence was between 25% and 75% inclusively, then the ECG was 

reconstructed using SL0. 
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6. Features listed in Section 4.1.3 were extracted. 

7. RF trained on the features (listed in Section 4.1.3) extracted from uncompressed 

ECG was used to confirm AF's detection in the reconstructed ECG.  

 

The quality of the reconstructed ECG was measured using PRD, as described in (2-7). The 

performance was quantified using the AP, AUC, and the F1 score described in Section 

3.1.5. 

 

4.2 Results 

Based on the 25% and 75% confidence thresholds, on average, 24.27% (±7.21%) per fold 

of 50% compressed ECG segments and 24.49% (±7.17%) per fold of 75% compressed 

ECG segments were reconstructed. The average PRD was 0.77% (±0.09) per fold and 

34.26% (±6.07%) per fold for 50% and 75% compressed ECG.  

 

Figure 4-2 shows a comparison between the AF detector's AP in deterministic 

compressively sensed ECG and AP of the AF detector with the selective reconstruction to 

confirm AF detection. Figure 4-3 shows a comparison between the AUC of the AF detector 

in deterministic compressively sensed ECG and the AUC of the AF detector with the 

selective reconstruction to confirm AF detection, while Figure 4-4 shows a comparison 

between the F1 score. The error bars represent the SD of the results of the 10-fold cross-

validation 
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Figure 4-2 Comparison of the average precision of detection of AF in compressively 

sensed ECG and detection of AF in compressively sensed ECG with selective 

reconstruction to confirm detection. The error bars represent the SD of the results 

of the 10-fold cross-validation. 

 

Figure 4-3 Comparison of the AUC of detection of AF in compressively sensed ECG 

and detection of AF in compressively sensed ECG with selective reconstruction to 

confirm AF detection. The error bars represent the SD of the results of the 10-fold 

cross-validation. 
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Figure 4-4 Comparison of the F1 score of detection of AF in compressively sensed 

ECG and detection of AF in compressively sensed ECG with selective 

reconstruction to confirm AF detection. The error bars represent the SD of the 

results of the 10-fold cross-validation. 

 

4.3 Discussion 

The SL0 algorithm required less than a second to reconstruct each ECG segment on 

average. Since LTAFDB was collected in a hospital setting, PRD was used to assess the 

reconstructed ECG's clinical relevance. The reconstructed 50% compressed ECG segments 

were clinically relevant since they had PRD less than 2%, while the reconstructed 75% 

compressed ECG segments were clinically irrelevant at PRD greater than 2% [143]. 

However, the R waves in the reconstructed 75% compressed ECG could be located, and 

the relevant features were extracted.  

 

As shown in Figure 4-2, detection of AF in compressively sensed ECG had a 0.90 and 0.91 

AP for 50% compressed and 75% compressed ECG, respectively. Selectively 
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reconstructing ECG to confirm AF detection improved the AP to 0.94 for both 50% 

compressed and 75% compressed ECG. The AUC experienced the same improvement, as 

shown in Figure 4-3. The AUC increased from 0.91 to 0.95 and from 0.92 to 0.95 for 50% 

and 75% compressed ECG. A more significant improvement can be noted in the F1 score, 

as shown in Figure 4-4. An observation from Figures 4-2, 4-3, and 4-4 was that the SD of 

the results over the 10-fold cross-validation decreased when selective ECG reconstruction 

was used. This observation indicated that the results generalized better. The improvement 

experienced in AP, AUC, and F1 score required, on average, 24.27% and 24.49% of the 

50% and 75% compressed ECG segments to be reconstructed. A student t-test was 

performed to evaluate the significance of the improvement in the AP, AUC, and F1 score, 

and it was found that the improvements in AUC and F1 score were significant at a level of 

0.05, while the improvement in AP was not significant. 

 

In this chapter, a compressive sensing paradigm is being considered for the compression 

and reconstruction of the ECG. However, the DBBD matrix could be modelled as a filter, 

as noted in Section 3.3, which would allow a multirate paradigm to be considered. In this 

paradigm, the ECG is being down sampled after applying a rectangular filter in the discrete-

time domain. In the case of the DBBD matrix presented in Section 3.1.2, the filter is 

rectangular, which is a window function. Different window functions may be considered, 

instead. The application of different window functions and overlapping the adjacent 

segments could improve the quality of the reconstructed signal [144]. The reconstruction 

algorithms in a multirate paradigm are more computationally efficient than algorithms in a 

compressive sensing paradigm. As such, considering a multirate paradigm for the ECG 
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compressed using a modified DBBD matrix could improve the computational efficiency 

of the reconstruction process. 

 

4.4 Conclusion 

Selective reconstruction of ECG to confirm AF detection has been shown to improve AF 

detection performance in deterministic compressively sensed ECG. The selective 

reconstruction was based on hard confidence thresholds. Chapter 7 explores varying the 

confidence threshold. It should be noted that reconstructing the ECG has constraints that 

add some information for AF detection, but the information required for AF detection in 

compressively sensed ECG is available in the input ECG, so theoretically, Stage 2 should 

be able to achieve the same performance as Stage 2 with selective reconstruction (Stage 3). 

Chapter 8 (Future Work) proposes investigating a deep learning approach for Stage 2 to 

obtain similar performance as Stage 2 with the selective reconstruction of ECG. The work 

presented in Chapter 3 and Chapter 4 used ECG with estimated SNR above 3dB and did 

not consider the impact of noise on AF detection. Chapter 5 will explore the impact of 

noise on the detection of AF in compressively sensed ECG.    
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Chapter  5: Impact of Motion Artifact on the Detection of AF in 

Compressively Sensed ECG  

This chapter will present the impact of motion artifact on the detection of AF in 

compressively sensed ECG. This chapter serves as a fulfillment of the first step of 

Objective 3 of this thesis. The work presented in this chapter was performed in the early 

stages of this thesis, so the design of the AF detector in deterministic compressively sensed 

ECG was not yet finalized. The results presented in this chapter were published in the 42nd 

Canadian Medical and Biological Engineering Conference (CMBEC) [21].  

 

5.1 Methods 

5.1.1 Database 

The LTAFDB was used as the ECG database. For a description of the database and the 

preprocessing steps, please refer to Section 3.1.1. 

 

The motion artifact from the publicly available MIT-BIH Noise Stress Test Database 

(NSTDB) found on Physionet was used to contaminate the ECG from the LTAFDB [145]. 

NSTDB contained two 30-minute motion artifact channels sampled at 360 Hz. The first 

channel of the motion artifact was used to contaminate the ECG. The motion artifact was 

downsampled to 128 Hz to match the ECG sampling rate using the ‘resample’ function in 

MATLAB 2018b. 
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5.1.2 Contaminating ECG with Noise 

The ECG was contaminated using motion artifact to achieve SNR of 3 dB, 0 dB, -3 dB, -5 

dB, and -10 dB. The noise was multiplied by a scaling factor calculated according to (5-1) 

– (5-4) to achieve the different SNR levels. 

 

𝑆𝐹 = √
𝑃𝑛𝑑
𝑃𝑛𝑜𝑟𝑔

 (5-1) 

𝑃𝑛𝑑 =
𝑃𝑠

10
𝑆𝑁𝑅𝑑
10

 (5-2) 
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∑𝑥𝑛

2

𝑁

𝑛=1

 (5-3) 

𝑃𝑛𝑜𝑟𝑔 =
1

𝑄
∑𝑎𝑞

2

𝑄

𝑞=1

 (5-4) 

  

 

where SF is the scaling factor; Pnd is the desired power of the noise segment; Pnorg is the 

original power of the noise segment; SNRd is the desired SNR level; Ps is the power of the 

ECG segment; A is the number of samples in the ECG segment; xn is the nth sample in the 

ECG segment; Q is the number of samples in the noise segment; and aq is the qth sample in 

the noise segment. 

 

5.1.3 Sensing Matrix 

The DBBD matrix described in Section 3.1.2 was used to compress the ECG segments. 

The CRs were 50%, 75%, and 95%.  
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5.1.4 AF Detection 

A total of 134 features based on statistical measures, EMD, DWT, SWT, and DCT were 

considered. These features were chosen as they provided different representations of the 

signal. The features were calculated using MATLAB 2018b. The features based on 

statistical measures of the ECG were the mean, median, kurtosis, and standard deviation. 

 

The third and fourth intrinsic mode functions (IMF) were extracted from ECG using EMD. 

The mean, median, skewness, range, kurtosis, and standard deviation of each IMF were 

calculated.  

 

ECG was decomposed to the fourth level using DWT with the mother wavelet ‘dmey’. The 

fourth level was chosen to represent the low-frequency components, less than 7.5 Hz, of 

the ECG. The mean, median, skewness, range, kurtosis, and standard deviation were 

calculated for each decomposition level. 

 

ECG was also decomposed to the sixth level using SWT with the mother wavelet ‘db5’. 

The mean, median, skewness, range, kurtosis, and standard deviation were calculated for 

each decomposition level. 

 

DCT captures the energy components of the AF in ECG. The mean, median, skewness, 

range, kurtosis, and standard deviation were calculated for the ECG's DCT representation. 
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A 100-tree RF was used to detect AF in the compressively sensed ECG. A 100-tree RF 

was chosen as it provided the best trade-off between complexity and performance.  

 

5.1.5 Testing 

The ECG records from LTAFDB were divided into 30 s non-overlapping segments. 

Segments meeting the following criteria were considered for further analysis while the 

remaining segments were discarded: 

• estimated SNR greater than or equal to 3 dB 

• had mean greater than 1e-20 mV 

• contained eight beats or more and less than 100 beats 

 

The criteria above were chosen to discard noisy segments and segments that did not contain 

ECG. The estimated SNR was calculated according to the SQI presented in [96], [146]. A 

total of 83,786 N and 91,890 AF 30 s segments were considered for further analysis. Each 

30 s segment was contaminated with noise to the levels indicated in Section 5.1.2. The 

noise-contaminated segments were compressed to 50%, 75%, and 95% CRs. Features were 

then extracted from the uncompressed and compressed 30 s segments.  

 

The records 10, 16, 19, 22, 47, 201, 202, 205, and 208 from LTAFDB were held out to 

create the test set, with the remaining records considered the training set. These test records 

were randomly chosen. Training and testing sets were created for every combination of 

noise and compression levels. The RF was also evaluated using 5-fold cross-validation. 

The RF performance was presented using the F1 score, as described in (2-4). 
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The RF was trained and evaluated on similar noise and compression levels sets. For 

example, the RF trained using the training set with SNR of -10 dB and compression of 95% 

was tested on the test set with similar SNR and compression levels. 

 

5.2 Results 

There was a total of 72,642 N and 84,053 AF 30 s segments in each of the training sets. 

Each test set contained 11,145 N and 7,837 AF 30 s segments. Table 5-1 lists the results of 

the 5-fold cross-validation performed on the training sets at each noise and compression 

level combination. Table 5-2 shows the F1 score for the held-out test sets. 

 

 

Table 5-1 5-fold cross-validation average F1 scores on the training sets for each 

noise and compression levels combination. 

Compression 

Noise Levels 

3 dB 0 dB -3 dB -5 dB -10 dB 

Uncompressed 0.77 0.76 0.74 0.74 0.72 

50% Compression 0.78 0.78 0.76 0.76 0.74 

75% Compression 0.82 0.81 0.81 0.81 0.79 

95% Compression 0.79 0.77 0.74 0.72 0.68 
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Table 5-2 F1 scores of RF trained on the training sets and tested on the 

corresponding noise and compression levels combinations. 

Compression 

Noise Levels 

3 dB 0 dB -3 dB -5 dB -10 dB 

Uncompressed 0.61 0.59 0.57 0.57 0.54 

50% Compression 0.56 0.54 0.54 0.54 0.50 

75% Compression 0.60 0.59 0.59 0.58 0.56 

95% Compression 0.61 0.58 0.54 0.53 0.49 

 

5.3 Discussion 

Table 5-1 lists the average F1 scores of the cross-validation performed on the training set 

corresponding to each noise and compression levels combination. The average F1 scores 

were always greater than 0.70. The noise impact can be noticed with a drop of 0.05 between 

3 dB and -10 dB noise levels at the uncompressed level. The impact of noise was most 

apparent at the 95% compression level. This has been attributed to the loss of information 

due to compression. An interesting observation, noted in Table 5-1, is the increasing F1 

score from the uncompressed level to the 95% compressed level at the 3 dB and 0 dB noise 

levels. This has been attributed to the effect of the sensing matrix on the ECG signal. The 

sensing matrix can be modelled as an averaging filter determined by the number of ones in 

each row. The compression operation averages the light noise in the 3 dB and 0 dB, 

improving the RF operation. The 75% compression had the most significant increase from 

the uncompressed domain as it provided the best trade-off between averaging the noise and 

loss of information. 
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Table 5-2 shows the F1 scores on the held-out test sets. There is a decrease in the F1 scores 

compared to the F1 scores of the 5-fold cross-validation results attributed to the RF learning 

the trends of the patients in the cross-validation case and not the trends of AF. The impact 

of the noise is also apparent in the hold-out testing with a maximum drop (between 3 dB 

and -10 dB) in the F1 score of 0.12 at the 95% compressed level and minimum drop 

(between 3 dB and -10 dB) in the F1 Score of 0.04 at the 75% compression level. The 

DBBD sensing matrix's filtering effect is also evident with no degradation in the F1 score 

between the uncompressed and the 95% compressed levels at a 3 dB noise level. 

 

5.4 Conclusion 

Motion artifact degraded the F1 score of AF detection. Since the F1 score represented the 

precision and recall of the AF detection, a decrease in the score could indicate an increase 

of false positives and false negatives. False positives, also known as false alarms, have 

been named one of the top patient safety hazards in 2015 by ECRI as they can lead to alarm 

desensitization among clinicians, which leads to patients being overlooked [146]. In 

addition, false negatives can lead to misdiagnosis of patients, such that they will be 

overlooked while their health condition worsens. In Chapter 6, a novel SQI of 

compressively sensed ECG is proposed, and Chapter 7 uses the SQI to reduce false alarms. 
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Chapter  6: Signal Quality Assessment of Compressively Sensed ECG 

Contaminated ECG can impact AF detectors' performance, as shown in Chapter 5, which 

can have dire implications such as misdiagnosis [96]. In the case of long-term ECG 

monitoring, portions of the recorded ECG may be contaminated, while the remainder of 

the ECG may still be usable. For example, in [147], 4751 remote ECG recordings were 

made in a home environment, while 18% were considered entirely unusable, 28% 

contained no artifact, and 74% contained at least 10 seconds of continuous, usable ECG. 

ECG quality analysis separates the useable data from the unusable data. Due to continuous 

and/or multichannel monitoring and potential real-time constraints, the volume of data can 

make manual ECG quality analysis infeasible. Automated ECG quality analysis has been 

extensively studied, with many algorithms developed (please see Section 2.4 for a 

discussion of these ECG quality analysis algorithms). However, the current ECG quality 

analysis algorithms were developed and validated using uncompressed ECG.  

 

This chapter discusses a novel ECG SQI developed and validated using compressively 

sensed ECG. This chapter's results were submitted for publication in IEEE Transactions in 

Biomedical Engineering [22]. This SQI fulfills Objective 3 of this thesis, and the location 

of this SQI within the proposed system is shown in Figure 6-1. 
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Figure 6-1 Proposed system’s diagram with a closeup of the ECG quality 

assessment. 

 

6.1 Proposed Methods 

6.1.1 Databases 

Two ECG databases were used: 1) Long Term AF Database (LTAFDB) [18]; and 2) 

PhysioNet/CinC Challenge 2011 Database Set A (CinCDB) [134], [135]. The LTAFDB 

was used to validate the proposed SQI, including in the presence of abnormal ECG 
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rhythms. The LTAFDB contained 84 long-term two-channel ECG records, sampled at 128 

Hz using a 12-bit ADC, each having a duration of approximately 24 hours. The ECG 

records were accompanied by R wave and rhythm annotations. The rhythms in the 

LTAFDB were normal, supraventricular tachyarrhythmia, ventricular tachycardia, atrial 

fibrillation, ventricular bigeminy, ventricular trigeminy, idioventricular rhythm, atrial 

bigeminy, and sinus bradycardia. All rhythms except for normal will be referred to as 

abnormal. The LTAFDB was pre-processed using a bandpass zero-phase 3rd order 

Butterworth filter with a lower cut-off frequency of 0.67 Hz to remove any baseline 

wandering [29] and an upper cut-off frequency of 40 Hz to remove powerline interference 

and high-frequency noise. 

 

Clean ECG segments were extracted from the LTAFDB to be artificially contaminated in 

a controlled manner. The first channel of each LTAFDB record was divided into 30 s non-

overlapping segments. Clean segments were identified by excluding segments with an SNR 

less than 12 dB. The SNR was estimated using the technique proposed by Quesnel et al. 

[148].  Quesnel et al. extracted each heartbeat based on a 0.6 s window centred on the R 

wave. The extracted heartbeats were averaged to generate a template of a clean heartbeat 

in each ECG segment. The template was subtracted from each heartbeat, and the remaining 

signal was considered the contamination in that beat. The SNR was estimated for each 

heartbeat, and the 25th percentile of the heartbeats' SNRs was considered the SNR of an 

ECG segment. The 12 dB threshold was chosen as the power of the noise was 16 times 

smaller than the ECG, placing the noise's amplitude below the P, Q, R, S, and T waves' 
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amplitudes. A total of 38,679 segments of normal rhythm ECG and 26,600 segments of 

abnormal rhythm ECG were further analyzed.  

 

This chapter also uses the CinCDB to validate the generalization of the proposed SQI on a 

different database with natural contaminants. The CinCDB Set-A contained 1000 12-lead 

ECG records, sampled at 500 Hz using 16-bit ADC, each record being 10 s in duration. 

Each CinCDB record had its quality annotation represented on a discrete scale (acceptable 

or unacceptable). There were 773 acceptable records and 227 unacceptable records. These 

records were not pre-processed to preserve the validity of the accompanying annotation. 

 

6.1.2 Contaminating ECG with Motion Artifact 

Only the LTAFDB was artificially contaminated. Motion artifact, a common contaminant 

used in SQI testing, was chosen for contaminating the ECG as it overlaps with the ECG in 

both time and frequency domain, such that removing it is challenging. Other contaminants, 

such as baseline wander, power line interference, and high-frequency noise, can be filtered 

out [29]. Simulated motion artifact generated using an autoregressive model was used 

[149]. Each ECG segment was contaminated with motion artifact such that the preset SNR 

varied from -12 dB to 12 dB, in steps of 3 dB. The SNR defined by Physionet's Noise Stress 

Test function was used [145]. The approach to set the SNR of a segment was divided into 

four main steps [145]: 

1) Calculate the power of the ECG: 

a. Measure the peak-to-peak amplitudes of the QRS complexes (identified 

using the supplied annotations with the LTAFDB) in the ECG segment. 
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b. Arrange the peak-to-peak amplitudes in the descending order and discard 

the top 5% and the bottom 5% of the peak-to-peak amplitudes [145]. 

c. Square the average of the remaining 90% peak-to-peak amplitudes and 

divide by 8 to get the ECG segment power [145]. 

2) Calculate the power of the motion artifact: 

a. Segment the generated motion artifact into 1s segments. 

b. Calculate the RMS difference between each segment's amplitudes and the 

mean of the segment's amplitudes. 

c. Arrange the RMS values in descending order and discard the top 5% and 

bottom 5% RMS values. 

d. Square the mean of the remaining 90% RMS values to obtain the power of 

the generated motion artifact. 

3) Scale the motion artifact to obtain the desired SNR level: 

𝑃𝑑 =
𝑃𝑠

10
𝑆𝑁𝑅𝑑
10

 (1) 

𝐴 = √
𝑃𝑑
𝑃0

 (2) 

where 𝑃𝑑 is the desired power of the motion artifact, 𝑃0 is the calculated power of the 

motion artifact, Ps is the calculated power of the ECG segment, SNRd is the desired 

SNR, and 𝐴 is the scaling factor. The motion artifact was multiplied by 𝐴. 

4) Add the scaled motion artifact to the ECG segment. 
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6.1.3 Sensing Matrices 

Three different sensing matrices were used in this chapter. Two matrices, 𝛷𝐺 and 𝛷𝐵, were 

randomly generated and were based on Gaussian (G) and Bernoulli (B) distributions, 

respectively. The third, 𝛷𝐷, was a deterministic binary block diagonal (DBBD) matrix. 

Examples of these matrices are shown below: 

 

𝛷𝐺 = [

0.537 0.079 0.475 0.436
1.833 −0.948 1.412 −0.504
−2.258 0.411 0.022 0.102
1.196 −0.047 0.677 0.862

] (4) 

𝛷𝐵 = [

1 0 0 1
0 1 0 1
0 0 1 0
1 1 0 0

] (5) 

𝛷𝐷 = [

[1…1] 0 0 0

0 [1…1] 0 0
0 0 ⋱ 0
0 0 0 [1…1]

] (6) 

 

Each row of 𝛷𝐷 contained m = N/M ones. For example, for a 30 s segment sampled at the 

128 Hz from the LTAFDB, N was 3840, M was 1920, and m was two at a 50% CR. The 

three CRs used were 50%, 75%, and 95%. Figure 6-2 shows a 30 s ECG segment from 

LTAFDB record '01' compressed at 75% using the three different sensing matrices. The 

amplification shown in Figure 6-2 (d) is due to the DBBD matrix. Normalizing the matrix 

can eliminate this amplification, which does not impact the analysis conducted. 
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Figure 6-2 30 s uncompressed ECG from LTAFDB record ‘01’ (a) and the 75% 

compressively sensed ECG segment using Gaussian (b), Bernoulli (c), and DBBD (d) 

sensing matrices. 

 

6.1.4 Proposed SQI  

The proposed SQI represents the quality of compressively ECG on a continuous scale by 

estimating the SNR. Figure 6-2 shows that the fiducial points in the compressively sensed 

ECG using the Gaussian and Bernoulli matrices were not discernible. Therefore, the 

proposed SQI is not fiducial-based. Instead, the proposed SQI is based on a machine 

learning approach. In this approach, feature extraction was followed by regression to 

estimate the SNR of the compressively sensed ECG.  
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Two features were used: 1) the ratio of the SD of the amplitudes of an ECG segment to the 

SD of the amplitudes of a clean ECG; and 2) the Wasserstein metric, a distance measure 

between the amplitudes' distribution in an ECG segment and distribution of the amplitudes 

in a clean ECG. The distribution of the amplitudes in an ECG segment was determined by 

binning the amplitude values. The bin width was determined using Scott's rule [150], 

defined as 

 

ℎ =
3.49 ∗ �̂�

√𝑛
3  (8) 

 

where h is the bin width, �̂� is the SD of the amplitude of an ECG segment, and n is the 

number of samples in an ECG record. The distance between the distributions of amplitudes 

in an ECG segment and clean ECG was calculated using the Wasserstein metric (also 

known as Earth Movers Distance) [151], defined in (9). 

 

𝑊(𝑔, 𝑣) ∶= min
(𝑋,𝑌)

𝑙𝑎𝑤(𝑋)=g

𝑙𝑎𝑤(𝑌)=𝑣

𝐸‖𝑋 − 𝑌‖1 

(9) 

 

where 𝑔 is the distribution of amplitudes in an ECG segment, 𝑣 is the distribution of 

amplitudes in clean ECG, || || is the L1 Norm, and X and Y are random variables with the 

same distributions as 𝑔 and 𝑣, respectively, as indicated by the law of large numbers (law). 

The Wasserstein Metric is rooted in Optimal Transport theory. Intuitively, the Wasserstein 

Metric can be viewed as the least amount of work required to make two distributions the 

same by moving elements from one distribution to another. Figure 6-3 shows examples of 



 101 

distributions of a clean ECG segment and an ECG segment with preset SNR of 0 dB. The 

Wasserstein Metric was chosen as it can measure the distance between non-overlapping 

distributions. For example, baseline wandering may shift the mean of the distribution of 

the amplitude of ECG from the zero baseline, such that it would not overlap with the 

distribution of the amplitude of clean ECG. The Wasserstein Metric can calculate the 

distance between the amplitude distribution of a baseline wandering contaminated ECG 

and the amplitude distribution of clean ECG. Distance metrics such as the Kullback–

Leibler divergence and the Bhattacharyya distance require the distributions compared to 

overlap; therefore, they would fail in the presence of contamination that deviates the ECG 

from the zero baseline.  

 

Figure 6-3 Distribution of a clean 30 s ECG segment from LTAFDB compressively 

sensed at 75% ratio using a Gaussian sensing matrix (grey) and distribution of the 

same ECG segment but corrupted at 0 dB preset SNR (black) 
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An RF was chosen as the machine learning algorithm since it produced better results than 

an SVM, an elastic net, and standard curve fitting techniques based on empirical testing. 

The RF’s hyperparameters (minimum ratio of samples in a leaf and the number of trees) 

were optimized using Bayesian Optimization [152] based on 30 evaluations, expected 

improvement for choosing subsequent evaluation points, and 5-fold cross-validation. The 

search spaces for the minimum ratio of samples in a leaf and the number of tree parameters 

were 1e-4 to 1e-2 and 1 to 100, respectively. An RF was optimized for each sensing matrix 

and ratio. The optimization process was repeated for each fold in 10-fold record-based 

cross-validation, and the most common hyperparameters across the 10-folds were chosen. 

The repetition of the optimization process showed that the results were not overly sensitive 

to the hyperparameters and that a wide range of hyperparameters would produce the same 

results. Table 6-1 summarizes the optimized hyperparameters. 

 

Table 6-1 Hyperparameters of RF based on sensing matrix and CR 

Sensing 

Matrix 
CR 

Minimum Ratio 

Samples in a Leaf 
Number of Trees 

Gaussian 

50% 0.00124 78 

75% 0.00055 70 

95% 0.00044 80 

Bernoulli 

50% 0.00066 50 

75% 0.00064 59 

95% 0.00051 61 

DBBD 

50% 0.00101 65 

75% 0.00100 51 

95% 0.00033 86 

Uncompressed N/A 0.00087 79 
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6.1.5 Training and Testing 

For all databases, 10-fold record-based cross-validation (training - 90% and testing - 10%) 

was used. Record-based cross-validation split the database into testing and training records 

with no ECG segments from the same record used for training and testing. The training 

procedure for the LTAFDB was divided into three main steps as described below: 

1) Learning the SD and amplitude distribution of clean ECG: 

a. Compressively sense normal rhythm clean ECG segments in the training set 

before adding contamination using a particular sensing matrix and CR. 

b. Determine the SD and the distribution of amplitudes of the clean 

compressively sensed ECG. 

2) Feature Extraction: 

a. Segment the ECG records with normal rhythm in the training set and 

contaminate the clean segments using generated motion artifact to the preset 

SNRs. 

b. Compressively sense the contaminated ECG segments using the same 

sensing matrix and CR used in Step 1. 

c. Calculate the ratio of the SD of the contaminated ECG segment to the SD 

of the clean ECG. 

d. Calculate the Wasserstein metric between the amplitude distribution of the 

contaminated ECG segment and the amplitude distribution of the clean 

ECG. 

3) Train a regression RF using the hyperparameters in Table 6-2. 

The testing procedure was divided into two main steps as described below: 
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1) Feature Extraction: 

a. Segment the ECG records with normal and abnormal rhythms in the test set 

and contaminate the clean segments using generated motion artifact to the 

preset SNRs. 

b. Compressively sense the contaminated ECG segments using the same 

sensing matrix and CR used in the training procedure. 

c. Calculate the ratio of the SD of the contaminated ECG segment to the SD 

of the clean ECG from the training set. 

d. Calculate the Wasserstein metric between the amplitudes' distribution of the 

contaminated ECG and the amplitudes' distribution of the clean ECG from 

the training set.  

2) Use the trained RF to estimate the SNR. 

The proposed SQI was evaluated using the root mean square error (RMSE) and Spearman 

correlation: 

 

𝑅𝑀𝑆𝐸 = √
∑ (𝑆𝑁𝑅𝑖 −  𝑆𝑄𝐼𝑖)2
𝑍
𝑖=1

𝑍
 (10) 

 

where Z is the total number of test segments. The RMSE and the Spearman correlation 

were calculated for normal and abnormal ECG test segments separately to determine if the 

morphological changes in the abnormal ECG impacted the proposed SQI. 
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To test the generalization of the proposed SQI, the RFs trained using the LTAFDB were 

used to determine the quality of the CinCDB. However, since the annotations provided 

with CinCDB are binary (i.e., it was a detection problem), a threshold was applied to the 

SQI of the CinCDB to determine the quality of the ECG as either 'acceptable' or 

'unacceptable.' The threshold was determined using a 20-tree RF (a forest with more than 

20 trees did not improve the results). The training procedure of the 20-tree RF is described 

below: 

1) Determine the SQI of Each Lead in a CinCDB record: 

a. Compressively sense each lead of the CinCDB record in the training set 

using a specific sensing matrix and CR.  

b. Calculate the ratio of the SD of each compressively sensed lead of the 

CinCDB ECG record to the SD of the clean LTAFDB normal rhythm ECG 

sensed using the same matrix at the same CR. 

c. Calculate the Wasserstein metric between the amplitude distributions of 

each compressively sensed lead of the CinCDB ECG record and the clean 

LTAFDB normal rhythm ECG sensed using the same matrix at the same 

CR. 

d. Use the calculated SD ratio, the Wasserstein metric and the RF trained using 

the ECG segments from LTAFDB sensed using the same matrix at the same 

CR to determine the SQI of each lead of the CinCDB record.  

2) Train a 20-tree RF using the SQIs of the 12 leads as features to identify acceptable 

and unacceptable records. 
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The testing procedure was the same as the training procedure, except the trained 20-tree 

RF was used to determine the CinCDB test records' quality as 'acceptable' or 'unacceptable.' 

The performance of the SQI on the CinCDB was evaluated using accuracy and F1 score: 

 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑡𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (12) 

𝐹1 =
2 ∗ 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 

(13) 

where a true positive was the determined quality and the annotation indicating 

unacceptable quality; a true negative was the determined quality and the annotation 

indicating acceptable quality; positive and negative were the total numbers of acceptable 

and unacceptable labelled records in CinCDB, respectively; a false positive was the 

determined quality indicating unacceptable while the annotation was acceptable; and a 

false negative was the determined quality indicating acceptable while the annotation was 

unacceptable. 

 

6.2 Results 

10-fold record-based cross-validation was conducted for the LTAFDB, where the training 

and testing procedure was repeated for each fold. Figure 6-4 is a violin plot of the SQI (y-

axis) against the preset SNR (x-axis) for the DBBD matrix and the uncompressed case. The 

DBBD matrix results are only shown, as the Gaussian and Bernoulli matrices results were 
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very similar. The three dashed lines indicate 3 dB below the preset SNR (bottom line), the 

preset SNR (middle line), and 3 dB above the preset SNR (top line). 

  

Figure 6-5 (a) shows the RMSE for normal and abnormal rhythms test ECG records 

separately. The average RMSE for the normal and abnormal cases across all sensing matrix 

types and ratios were 3.18 dB and 3.47 dB, respectively. Figure 6-5 (b) shows the Spearman 

correlation for normal and abnormal rhythms in the test ECG records. The average 

Spearman correlation for the normal and abnormal cases across all compression matrices 

and ratios were 0.94 and 0.93, respectively, indicating a very strong correlation between 

the proposed SQI and the preset SNR.  

 

Figure 6-6 shows the accuracy and the F1 scores of the CinCDB across the different 

compression matrices and ratios, including the uncompressed case. The average accuracy 

and F1 score across all compression matrices and ratios were 0.90 and 0.88, respectively. 
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Figure 6-4 Violin plot of the SQI (y-axis) and the preset SNR (x-axis) of the DBBD 

sensing matrix. Each color shows the results of a CR, with 0 being the uncompressed 

case. The dashed lines show a 3 dB band around the expected SQI value for the 

respective preset SNR (as an example, the left-most three dashed lines show -15 dB, 

-12 dB, and -9 dB for present SNR of -12 dB). 
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Figure 6-5 (a) Bar graph displaying the RMSE between the proposed SQI and the 

preset SNR for each sensing matrix and CR, including uncompressed ECG. (b) Bar 
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graph displaying the Spearman correlation between the proposed SQI and the 

preset SNR for each sensing matrix and CR, including uncompressed ECG. The 

error bars show the standard deviation of the RMSE and the Spearman correlation 

across the 10-folds. The x-axis is the type of the sensing matrix (Gaussian – G, 

Bernoulli – B, and DBBD – D) and the CR (50%, 75%, 95%), including the 

uncompressed case (Uncomp). 

 

 

Figure 6-6 Bar graph displaying the accuracy and F1 score for the signal quality 

detection for the CinCDB for each sensing matrix and CR including uncompressed 

ECG. The error bars show the standard deviation of the accuracy and F1 score 

across the 10-folds. The x-axis is the type of the sensing matrix (Gaussian – G, 

Bernoulli – B, and DBBD – D) and the CR (50%, 75%, 95%), including the 

uncompressed case (Uncomp). 
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6.3 Discussion 

An SQI was proposed to assess the quality of compressively sensed ECG on a continuous 

scale by estimating the SNR. The SQI was tested on the LTAFDB to determine its 

performance to estimate preset SNR levels, the impact of the sensing matrix type, the CR, 

and the presence of abnormal rhythm on the performance. In addition, the performance of 

the SQI was tested on the CinCDB to assess its generalizability.  

 

The violin plots (Figure 6-4) illustrate the general performance of the proposed SQI. For 

each preset SNR, at least 61.5% of the distributions shown in Figure 6-4 fell within a 3 dB 

margin, with the worst case being the 12 dB preset SNR. The violin plots show that the 

SQI generally underestimated the SNR, with the median of the distributions of the -6 dB 

to 12 dB preset SNRs falling below the middle-dashed line. Slight underestimation of the 

SNR could be considered acceptable, particularly for long-term monitoring. 

Underestimating the SNR would result in a higher rejection rate of acceptable ECG 

segments. While incorrectly rejected segments may contain notable cardiac events, these 

events will likely be identified later, especially given the short duration of the segments. 

The alternative of overestimating the SNR would result in more incorrectly accepted 

segments and a higher false alarm rate, rendering the system unusable. 

 

Figure 6-4 also shows that the relationship between the SQI and the preset SNR is fairly 

linear between -9 dB and 6 dB, with the median of the distributions close to the middle-

dashed line (i.e., SQI of -9 dB for a preset SNR of -9 dB). This relationship changes at both 

ends of the preset SNR range; at low SNR (-12 dB), the SQI overestimates the SNR, and 
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at high SNR (> 6 dB), the SQI underestimates the SNR. This results from using an RF for 

regression, which interpolates but does not extrapolate. In practice, this 

overestimation/underestimation will likely have minimal impact. ECG segments with SNR 

below -12 dB would still be considered highly contaminated if the SQI estimated the SNR 

as -12 dB and deemed unacceptable and excluded from further analysis, despite the SNR 

overestimation. ECG segments with SNR above 12 dB would still be considered clean if 

the SQI estimated the SNR as 12 dB and deemed acceptable for further analysis, despite 

the SNR underestimation. 

 

Errors more significant than 3 dB between the SQI and the preset SNR were investigated 

and were found to be due to the difference between the power of the training and testing 

ECG segments. Figure 6-7 shows the error between the SQI and the preset SNR as a 

function of the power in the ECG segment before contamination. At ECG power below 

0.13 mV2, the SQI overestimated the quality of the ECG by approximately 3 dB. As the 

ECG power increased, the SQI began to underestimate the quality of the ECG, with the 

underestimation increasing with ECG power. An approach to improving the SQI could be 

to calibrate the SQI to account for this systematic offset, based on the power of the ECG, 

which could be determined from an initial calibration ECG recording. 
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Figure 6-7 Bar graph displaying the error (y-axis) between the SQI and the preset 

SNR and the clean and the uncompressed ECG power (x-axis). The error bars are 

the standard deviation of the error. 

 

Figure 6-5 shows the RMSE and Spearman correlation for the different types of 

compression matrices and the different CRs, including the uncompressed case. The average 

RMSE and Spearman correlation were 3.33 dB and 0.92, respectively, across normal and 

abnormal cases and the different sensing matrix types and ratios. The maximum RMSE 

difference between the different sensing matrix types and ratios across the normal and 

abnormal cases was 0.18 dB, while the maximum Spearman correlation difference between 

the different sensing matrix types and ratios across the normal and abnormal rhythms cases 

was 0.01. The minor differences in the RMSE and Spearman correlation across the sensing 

matrix types and ratios indicated that they did not appreciably impact the proposed SQI.  
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When compared to normal ECG, the presence of abnormal rhythms increased the RMSE 

(Figure 6-5 (a)) and decreased the Spearman correlation (Figure 6-5 (b)). However, the 

impact was minor; on average, the RMSE increased by 0.29 dB, and the Spearman 

correlation decreased by 0.01. The SQI was only trained on normal rhythm ECG, which 

could explain the decreased performance for abnormal ECG. 

 

The generalizability of the SQI was tested using the CinCDB. As with the results of the 

LTAFDB, the accuracy and F1 scores were similar across all sensing matrix types and 

ratios (Figure 6-6). The CinCDB was first published as part of the Physionet Challenge 

2011. In the challenge, participants competed to determine the quality of the ECG records, 

and the winner was determined based on the highest obtained accuracy. The challenge was 

divided into three events. In Event 1, the participants were provided with 1000 records with 

quality labels to train and test their algorithms. In Event 2, 500 unlabelled records were 

provided to the participants to test their algorithms. In Event 3, the participants provided 

their algorithms to the challenge organizers to be tested on an unpublished data set. The 

top ten entries of the Physionet Challenge 2011 had accuracies ranging between 0.896 and 

0.932 for Event 1, 0.802 and 0.914 for Event 2, and 0.817 and 0.873 for Event 3 [153]. The 

proposed SQI fell within the top ten entries for Events 1 and 2 and exceeded the results of 

Event 3. The proposed SQI had a similar performance to the SQI for compressively sensed 

ECG developed by Liu et al. [154], which had an accuracy of 90.43% on the CinCDB. It 

should be noted that Liu et al. trained and tested on the same database, while the proposed 

SQI was trained and tested on different datasets, demonstrating strong generalizability. 
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6.4 Conclusion 

An SQI for compressively sensed ECG was proposed to determine the ECG's quality on a 

continuous scale. The SQI was tested using the LTAFDB and demonstrated good 

performance (average RMSE of 3.33 dB and average Spearman correlation of 0.92). 

Results indicated that the presence of the abnormal rhythm ECG and the different sensing 

matrix types and CRs had little impact on the performance of the SQI. The generalizability 

of the SQI was tested by training on the LTAFDB and testing on the CinCDB. The average 

accuracy was comparable to the top ten entries in the Physionet Challenge 2011 and the 

current work on signal quality assessment of compressively sensed ECG. In Chapter 7, the 

SQI is used to reject low-quality ECG to reduce false alarms. 
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Chapter  7: Optimization of AF detection in deterministic compressively 

sensed ECG to reduce false alarms and reconstruction of ECG  

As presented in Chapter 5, motion artifact reduced the F1 score of the AF detector, which 

may indicate an increase in the number of false positives, also known as false alarms. 

Medical alarms are typically used to alert clinicians and healthcare workers to the state of 

a patient who is experiencing a medical event. As such, alarms can be lifesaving tools by 

providing an early warning or bringing a medical event to a clinician’s attention in real-

time. However, a false alarm can have disastrous results by diverting clinicians’ attention 

from patients who need their help. Additionally, by continually being exposed to false 

alarms, clinicians become desensitized to alarms and may miss a true alarm putting a 

patient's life in danger [155]. Exposure to alarms regularly can lead to a condition known 

as alarm fatigue, which was listed as one of the top 10 health technology hazards by the 

Emergency Care Research Institute for the years 2011-2015 [146], [156]–[159]. Reducing 

false alarms will help reduce the alarm fatigue condition and, in turn, improve patient care. 

 

This chapter discusses the integration of the system to maximize the detection of AF in 

compressively sensed ECG while minimizing false alarms and the need to reconstruct the 

ECG. The proposed system is comprised of three stages. Stage 1 uses an SQI, discussed in 

Chapter 6, to determine the quality of the compressively sensed ECG. If the quality is 

deemed unacceptable, the ECG is discarded to avoid false alarms caused by signal 

contaminants. ECG of acceptable quality is processed by Stage 2, discussed in Chapter 3, 

which detects AF in the compressively sensed ECG and provides a confidence score for 

each decision. If the Stage 2 confidence score of AF detection is unacceptable, Stage 3 
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reconstructs the ECG, and AF detection is conducted again but on the uncompressed ECG. 

Stage 3, discussed in Chapter 4, aims to improve the performance of the AF detection 

system while minimizing the computational costs by selectively reconstructing the ECG. 

The work proposed in this chapter will fulfill the second part of Objective 2 (optimizing 

the unacceptable confidence range to improve AP and reduce the reconstruction ratio) and 

the entirety of Objective 4 (optimization of AF detection in deterministic compressively 

sensed ECG to reduce false alarms and reconstruction of ECG). This chapter's results were 

submitted for publication in IEEE  Journal of Biomedical and Health Informatics [20]. The 

proposed system’s diagram is replicated below in Figure 7-1. 
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Figure 7-1 Proposed system’s diagram 
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7.1 Methods 

7.1.1 Database 

The LTAFDB and the preprocessing procedure described in Section 3.1.1 were used in this 

chapter. ECG segments were artificially contaminated using simulated motion artifact 

generated using an autoregressive model [149]. Motion artifact overlaps with the ECG in 

both time and frequency domain, making it challenging to remove. Other contaminants, 

such as baseline wandering, muscle artifacts, and high-frequency noise, can be easily 

filtered out. 

 

ECG segments were contaminated to achieve a preset SNR from -12 dB to 24 dB, in steps 

of 6 dB. This SNR range was chosen based on the range used in the MIT-BIH Noise Stress 

Test Database [145].  The Physionet's Noise Stress Test function SNR definition [145] was 

used for the preset SNR. It should be noted that an 18 dB SNR as defined by Physionet's 

Noise Stress Test (NST) function is approximately equal to a 3 dB SNR as defined by the 

SQI used in Section 3.1.1 to select segments for further processing. The NST function 

procedure to contaminate the ECG segments was discussed in Section 6.1.2. Following 

contamination, 916,465 N and 906,785 AF segments were available for further processing.  

 

7.1.2 Sensing Matrix  

The DBBD matrix, described in Section 3.1.2, was used to compressively sense the 

contaminated ECG segments at 50% and 75% CRs (ratio equation defined in Section 2.5). 

The 95% compression was not considered since the reconstructed ECG did not have a high 
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enough quality for AF features to be extracted. The uncompressed ECG segments were 

compressed at 0% CR for the remainder of the chapter. 

 

7.1.3 Training and Testing 

10-fold record-based cross-validation (90% - training and 10% - testing) was used to test 

the proposed system. A record-based cross-validation isolated entire records for testing, 

such that the system was never trained and tested on ECG segments from the same record. 

The training procedure was divided into three main steps that were performed separately 

for each CR: 

1) Train the SQI (Stage 1) 

a. Compressively sense clean ECG records in the training set prior to 

corruption. 

b. Calculate the SD of the amplitudes. 

c. Extract the distribution of the amplitudes. 

d. Segment the ECG in the training set and corrupt the 30 s segments to the 

preset SNR range. 

e. Compressively sense the 30 s corrupted ECG segments. 

f. Calculate the ratios of the SDs of the amplitudes of the compressively 

sensed ECG segments and the SD of the clean ECG. 

g. Calculate the Wasserstein distance between the distributions of the 

amplitudes of the compressively sensed ECG segment and the distribution 

of the clean ECG. 

h. Train the Stage 1 RF as described in Section 6.1.4. 
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2) Train the AF Detection in Compressively sensed ECG (Stage 2) 

a. Extract the features from the compressively sensed 30 s corrupted and clean 

ECG segments in the training set as detailed in Section 3.1.3. 

b. Train the Stage 2 RF as described in Section 3.1.4. 

3) Train the AF Detection in Reconstructed ECG (Stage 3) 

a. Reconstruct the corrupted and clean compressively sensed ECG segments 

from the training set. 

b. Locate the R-waves and extract the RRIs. 

c. Extract the RRI features detailed in Section 4.1.3. 

d. Train the Stage 3 RF as described in Section 4.1.4. 

The testing procedure was also divided into three main steps that were performed 

separately for each CR: 

1) Determine the SQI (Stage 1) 

a. Segment the ECG in the testing set and corrupt the 30 s segments to the 

preset SNR range. 

b. Compressively sense the 30 s corrupted ECG segments. 

c. Calculate the ratios of the SDs of the amplitudes of the uncompressed and 

compressively sensed ECG segments and the SD of the clean ECG 

calculated in step 1 (b) of the training procedure. 

d. Calculate the Wasserstein distance between the distributions of the 

amplitudes of the uncompressed and compressively sensed ECG segment 

and the distribution of the clean ECG extracted in step 1 (c) of the training 

procedure. 
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e. Use the RF trained in step 1 (h) of the training procedure to determine the 

SQI of the ECG segment. 

2) Detect AF in Compressively sensed ECG (Stage 2) 

a. Extract the features from the compressively sensed 30 s corrupted and clean 

ECG segments in the test set. 

b. Use the RF trained in step 2 (b) of the training procedure to classify the 

ECG segments as either N or AF and record the confidence score. 

3) Detect AF in Reconstructed ECG (Stage 3) 

a. Reconstruct the compressively sensed 30 s corrupted and clean ECG 

segments in the test set. 

b. Locate the R waves and extract the RRIs. 

c. Extract the features. 

d. Use the RF trained in step 3 (d) of the training procedure to classify the 

ECG segments as either N or AF. 

 

7.1.4 Evaluation 

In addition to AP, AUC, and F1 score, the system’s TRP, FPR, False Discovery Rate (FDR) 

were reported. The TPR is the rate of segments classified as AF over all AF segments. The 

FPR is the rate of segments misclassified as AF over all N segments. The FDR represents 

the false alarm rate and is the rate of segments misclassified as AF over all segments 

classified as AF. The proposed system was tuned using the threshold of acceptability and 

the width of the unacceptable AF detection confidence range. The threshold of 

acceptability was placed on the SQI (Stage 1) to determine which ECG segments should 
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be rejected. Thresholds between -12 dB and 20 dB were tested. A threshold of -12 dB 

would essentially accept all ECG segments. Thresholds above 20 dB rejected most of the 

test set, such that the performance of the system could not be evaluated. The rejection ratio 

(rejected test segments to the total number of test segments) was reported. During the 

evaluation of the system, rejecting a segment was considered the equivalent of classifying 

the segment as N. 

 

The unacceptable AF detection confidence range was placed on the confidence score 

generated by Stage 2 to determine which ECG segments should be processed by Stage 3. 

The unacceptable AF detection confidence range was 0.1 wide, centred on 0.5, which was 

increased in steps of 0.05. For example, the first range was 0.45-0.55, such that ECG 

segments with Stage 2 AF detection confidence exclusively in that threshold range were 

processed by Stage 3. Segments above that range were classified as AF, and segments 

below were classified as N, bypassing Stage 3. In addition, the reconstruction ratio (ratio 

of reconstructed test segments to the total number of test segments) was reported.  

 

The threshold of acceptability and the unacceptable confidence range were optimized using 

the Adaptive Geometry Estimation based Multi-objective Evolutionary Algorithm (AGE-

MOE) [160], [161]. The AGE-MOE was used as it can adapt to Pareto fronts with different 

geometries. The optimization was set as a minimization problem, with the objectives being 

rejection ratio, reconstruction ratio, and 1-AP. There were 2500 combinations of the 

different thresholds of acceptability and the unacceptable confidence ranges, so a 

population size of 100 and 30 generations were chosen. The crossover and mutation were 
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conducted using real simulated binary crossover and real polynomial mutation, 

respectively [162]. The system was optimized for each CR, and the Pareto fronts were used 

to demonstrate the relationship between the three objectives. 

 

The quality of the reconstructed ECG was also evaluated. Pan Tomkins algorithm was used 

to detect the beats in the ECG prior to compression and after reconstruction. A beat was 

considered to have been detected prior to compression and after reconstruction, if they were 

within 0.1 s, width of a QRS complex, of each other. 

 

7.2 Results  

Stage 1 and Stage 2 were tested together to demonstrate the impact of the threshold of 

acceptability. Figure 7-2 shows the AP, AUC, F1 score, and rejection ratio of Stages 1 and 

2. For example, at a threshold of acceptability of -12 dB, the rejection ratio is 0.00, and the 

system exhibits the lowest AP, AUC, and F1 score (0.74, 0.73, and 0.71, respectively, 

averaged across all CRs). As the threshold of acceptability is increased, the AP, AUC, and 

F1 score of the accepted segments improve, while more segments are rejected. For 

example, at the highest threshold of acceptability (20 dB), the AP, AUC, and F1 score are 

0.88, 0.88, and 0.83, respectively, averaged across all CRs, and the average rejection ratio 

was 0.84.  
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Figure 7-2 AP, AUC, F1 score, and rejection ratio of Stages 1 and 2 across all CRs 

using accepted segments only. The x-axis is the threshold of acceptability. 

 

Stage 2 and Stage 3 were tested together using clean ECG segments to demonstrate the 

impact of the unacceptable AF detection confidence range. Figure 7-3 shows the AP, AUC, 

F1 score, and reconstruction ratio of Stages 2 and 3. With the smallest unacceptable AF 

detection confidence range of 0.45-0.55, the reconstruction ratio is 0.05, and the system 

exhibits the same AP and AUC, and a 0.02 improvement in F1 score (0.91, 0.92, and 0.86, 

respectively, averaged across all CRs) compared to Stage 2. As the unacceptable AF 

detection confidence range increased, the AP, AUC, and F1 score improved (at the range 

of 0.50, reaching 0.98, 0.98, and 0.94, respectively, averaged across all compression, where 
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the average reconstruction ratio was 1.00). Figure 7-4 shows the impact of CR and 

contamination on the quality of the reconstruction.  

 

 

Figure 7-3 AP, AUC, F1 score, and reconstruction ratio of Stages 2 and 3 across 

50% and 75% CRs on clean segments. The x-axis is the threshold of acceptable AF 

detection confidence. 
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Figure 7-4 The impact of CR and contamination on the quality of the reconstructed 

ECG. 

The two parameters (threshold of acceptability and unacceptable AF detection confidence 

range) were optimized using AGE-MOE to obtain the Pareto Front (best set of results for 

a system) using accepted segments only. Figure 7-5 shows the Pareto Front of the 

optimized system for the 50% CR. The Pareto Front of the 75% CR was almost identical. 

The color gradient represents the worst obtained AP (red) and the best AP (blue). The front 

is fairly linear with higher rejection and reconstruction ratios, resulting in higher AP. The 

best operating point would depend on the application's requirements, such as the available 

computational resources.  
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Figure 7-5 The Pareto Front of the system optimized for 50% CR using accepted 

segments only. The color gradient represents the worst obtained AP (red) and the 

best AP (blue). 

 

Table 7-1 provides the average execution time for an ECG segment at each stage, running 

on an Intel Gold 6148 Skylake. On average, Stage 3 took 80 times and 62 times longer to 

run than Stages 1 and 2 for 50% and 75% CRs, respectively, indicating that Stage 3 is 

computationally intensive. An operating point was chosen that maximized the AP and 

minimized the reconstruction ratio. The chosen operating point for 50% CR was 4 dB 

acceptability threshold and 0.30-0.70 threshold range of acceptable AF detection 

confidence, which resulted in 0.72 AP, 0.63 AUC, 0.58 F1, 0.38 rejection ratio, and 0.38 

reconstruction ratio. The chosen operating point for 75% CR was a 5 dB acceptability 

threshold and 0.30-0.70 threshold range of acceptable AF detection confidence, resulting 

in 0.72 AP, 0.63 AUC, 0.59 F1, 0.40 rejection ratio, and 0.35 reconstruction ratio. Figure 

7-6 shows the precision-recall curve (PRC) of the optimized system and Stage 2. The 
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maximum precision improvement of the optimized system over Stage 2 was 0.18 and 0.16 

for 50% and 75% CRs, respectively, at recalls of 0.47 and 0.51, respectively. Table 7-2 

shows the TPR, FPR, FDR of different combinations of the stages and the optimized 

system. Table 7-3 shows the TPR and FDR of different combinations of the stages and the 

optimized system at an approximate FPR of 0.10. 

 

Table 7-1 Average execution time for each stage in the proposed system. 

CR Stage 1 Stage 2 Stage 3 

50% 7.20 ms 5.6 ms 582 ms 

75% 5.62 ms 5.8 ms 360 ms 

 

 

Figure 7-6 Precision Recall Curve of the optimized system and Stage 2 for 50% and 

75% CRs using contaminated segments. 
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Table 7-2 FPR, TPR, and FDR different combinations of the Stages and the 

optimized system. 

CR Metric Stage 2 Stage 3 

Stage 1 + 

Stage 2 

Stage 1 + 

Stage 3 

Optimized 

System 

50% 

TPR 0.79 0.44 0.46 0.42 0.45 

FPR 0.48 0.08 0.20 0.06 0.11 

FDR 0.36 0.14 0.28 0.12 0.19 

75% 

TPR 0.81 0.51 0.46 0.44 0.47 

FPR 0.50 0.14 0.18 0.08 0.13 

FDR 0.36 0.20 0.27 0.14 0.20 

 

Table 7-3 TRP and FDR for different combinations of the Stages and the optimized 

system at a FPR of 0.10. 

CR Metric Stage 2 Stage 3 

Stage 1 + 

Stage 2 

Stage 1 + 

Stage 3 

Optimized 

System 

50% 

TPR 0.33 0.45 0.34 0.45 0.43 

FDR 0.22 0.16 0.21 0.16 0.17 

75% 

TPR 0.28 0.47 0.32 0.45 0.42 

FDR 0.25 0.16 0.20 0.16 0.17 

 

7.3 Discussion 

The presence of contaminated ECG decreases the performance of the system. Generally, 

as the AP decreases, the false positives (otherwise known as false alarms) increase. In the 
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context of remote monitoring, a high false alarm rate can render the system unusable. Using 

the SQI to gate contaminated ECG with a threshold of acceptability can reduce the impact 

of contaminants (Figure 7-2); however, this is achieved at the expense of rejecting ECG 

segments, which may include rejecting ECG segments with AF (false negative). In 

practice, it would be reasonable not to raise an AF alarm when the ECG is contaminated, 

such that AF detection is difficult. Also, in long-term monitoring, the system can detect AF 

episodes in subsequent ECG segments, so a higher specificity can be used to justify a lower 

sensitivity. It is also noted that there were slight performance differences for Stage 1 

between the uncompressed ECG and different CRs (Figure 7-2). 

 

In addition to rejecting corrupted ECG segments, the system's performance could be 

improved by selectively reconstructing ECG segments to detect AF (Figure 7-3); however, 

this is achieved at the cost of increased computation associated with reconstruction (Table 

7-1). It should be noted that the values in Table 7-1 were reported on a server-grade CPU 

with RAM available on demand. The computational time of each stage would most likely 

be longer on an embedded device with limited resources. However, the ratio of the 

computational times of the different stages would be similar in an embedded device, 

assuming the embedded device has an architecture like that of server CPU (x86). As such, 

Stage 3 would still be the most computationally time-consuming stage on an embedded 

device. As such, Stage 3 would still be the most computationally time-consuming stage on 

an embedded device. The relationships between the AP, AUC, F1 score, and reconstruction 

ratio were fairly linear, except for the highest threshold range widths. Above the threshold 

range 0.15-0.85, the reconstruction ratio increased exponentially, while the AP, AUC, and 
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F1 score began to plateau as they approached the performance of AF detection in 

uncompressed ECG using the RRI features. The performance of Stage 3 was similar across 

the different CRs. It should be noted that the chosen unacceptable confidence range was 

symmetrical around 0.5 to improve both precision (i.e., reduce false alarms) and recall (i.e., 

reduce missed alarms). However, if the goal is only to reduce false alarms, a non-

symmetrical range could have been used. For example, the lower end of the threshold range 

could have been fixed at 0.5, so segments classified as N would be accepted as such, 

regardless of the confidence in the classification. The advantage of using a non-

symmetrical unacceptable confidence range is the reduction of the usage of the 

computationally intensive Stage 3.  

 

Figure 7-4 showed that contamination had a minor impact on the reconstruction quality of 

the ECG when compressed at 50% CR with a 0.04 decrease in beat detection rate at preset 

SNR of -12 dB. On the other hand, the contamination had a considerable impact on the 

reconstruction quality of the ECG, with a decrease of 0.22 in the beat detection rate at 

preset SNR of -12 dB. 

 

The Pareto Front of the optimized system (Figure 7-5) shows that the relationship between 

the AP, reconstruction ratio, and rejection ratio is fairly linear with the choice of an 

operating point depending on the available computational power and the tolerance of the 

user to the false alarms. The PRC (Figure 7-6) of 50% and 75% CRs were similar, with the 

75% CR having slightly better precision than 50% CR at higher recall due to the filtering 

effect of the DBBD. Since the objective was to reduce false alarms, the system was 
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optimized to improve precision at the expense of recall. The PRC of the optimized system 

was better than stage 2 up to recall of 0.50 and 0.55 (50% and 75 CRs, respectively), 

beyond which the PRC dropped below Stage 2. The optimized system improved precision 

up to 0.18, which resulted in low false alarms.  

 

The optimized system reduced the FPR by 0.37 and FDR by 0.17 and 0.16 at 50% and 75% 

CRs, respectively (Table 7-2). Stage 2 had high TPR, FPR, and FDR, while Stage 3 had 

low TPR, FPR, and FDR. When using Stage 1, to reject low-quality ECG segments, with 

Stage 2, the FPR and FDR were reduced by over 0.28 and 0.08, respectively, when 

compared to Stage 2 alone. On the other hand, rejecting low-quality ECG (Stage 1) with 

Stage 3 had minimal impact on the FPR and the FDR. Stage 3 had low FPR and FDR, 

indicating that the low-quality segments were classified as N. As such, using Stage 1 to 

reject low-quality ECG had minimal impact on the number of false positives hence the 

minimal impact on FPR and FDR. The optimized system leverages Stage 2 high TPR and 

Stage 3 low FPR and FDR. As a result, the system had a TPR comparable to Stage 2 with 

Stage 1 high TPR while having slightly worse FPR and FDR than Stage 3 with Stage 1.  

 

The probability of false alarms (i.e., FPR) could be set to a specific rate that the users are 

tolerant to in a real-world application. At a FPR of 0.10, the optimized system had a TPR 

of 0.43 and 0.42 and an FDR of 0.17 for 50% and 75% CRs, respectively. The optimized 

system had TPR 0.10 and 0.14 more than the TPR of Stage 2 alone and FDR 0.05 and 0.08 

less than the FDR of Stage 2 alone (Table 7-3). The improvements in the TPR and FDR 

were mainly due to Stage 3, where the TPR was 0.45 and FDR was 0.16 for 50% and 75% 



 134 

CRs. Stage 1 had minimal impact on the TPR and FDR since the FPR was manually set to 

a certain level. Table 7-2 also showed that reconstructing all the ECG only had a 0.02 and 

0.03 TPR improvement and 0.01 FDR improvement over the optimized system, which only 

had a reconstruction ratio below 0.38. Considering that 50% and 75% CRs had similar 

PRCs, a difference of 0.01 in their TPRs and no difference in their FDRs, a CR of 75% 

provided the best performance while maximizing compression, which can reduce the 

power consumption of a remote wearable ECG monitor. 

 

7.4 Conclusion 

A system was proposed to detect AF in compressively sensed ECG while minimizing false 

alarms due to contaminated ECG and ECG reconstruction.  The system detected AF in 

compressively sensed ECG with minimal performance degradation than AF detection in 

the reconstructed ECG. Contaminated ECG decreased the performance of the AF detection 

in compressively sensed ECG; however, the proposed gating (Stage 1) and selective 

reconstruction (Stage 3) improved the system's performance in the presence of 

contaminated ECG.  
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Chapter  8: Conclusion and Future Work 

8.1 Conclusion 

The overall objective for this thesis is to facilitate long-term monitoring for CVDs, 

particularly AF, using remote mobile ECG. AF can be asymptomatic, and the rate of AF 

detection increases as the monitoring duration increases, so long-term monitoring of ECG 

is required. However, a challenge of long-term ECG monitoring is the battery life of the 

monitors. Additionally, long-term remote ECG monitoring might have contaminants due 

to an uncontrolled environment (a patient’s home) and ambulating patients, leading to 

misinterpretation of ECG and, eventually, false alarms. A high false alarm rate in an AF 

detector system may render it unusable and potentially lead to clinicians' alarm fatigue. 

 

The proposed system tackled the challenge of the long-term ECG monitoring battery life 

by using CS to reduce the overall power consumption of the monitor (lower ADC clock 

speed and ECG samples to process). To avoid the computationally expensive operation of 

reconstructing the ECG, the proposed system detected AF in compressively sensed ECG 

and selectively reconstructed the ECG to improve the AF detection. The challenge of 

excessive false alarms was tackled by using an SQI to reject contaminated ECG.  

 

The LTAFDB, which was artificially contaminated with motion artifact, was used to test 

the system. The system was optimized using the threshold of acceptability (ECG 

considered acceptable for further analysis) and threshold range of acceptable AF detection 

confidence to maximize the AP while minimizing the rejected and reconstructed ECG. The 

optimized system had 0.72 AP, 0.63 AUC, 0.38 rejection ratio, and 0.38 reconstruction 



 136 

ratio at 50% CR and 0.72 AP, 0.63 AUC, 0.40 rejection ratio, and 0.35 reconstruction ratio 

at 75% CR. The optimized system improved the precision of AF detection by 0.18 over the 

AF detection in compressed ECG alone. At a false positive rate of 0.10, the optimized 

system had true positive rates of 0.10 and 0.14 more than the true positive rates of AF 

detection in compressed ECG alone at 50% and 75% CRs, respectively. Moreover, the 

optimized system’s true positive rate was only, at most, 0.03 lower than a system that 

reconstructed all the ECG. A 75% CR had comparable performance to the 50% CR at a 

higher compression, which indicates that a higher compression ratio, associated with lower 

power consumption, can be achieved with little effect on the performance of the ECG 

monitor. 

 

The proposed system demonstrated that AF could be detected in compressively sensed 

ECG and achieve similar performance as an AF detector using reconstructed ECG while 

only selectively reconstructing the ECG. The system also demonstrated that the quality of 

compressively sensed ECG could be represented continuously using the proposed SQI.  

 

8.2 Future Work 

The proposed system demonstrated that AF could be detected in compressively sensed 

ECG while reducing false alarms and ECG reconstruction. However, there are limitations 

and areas of improvement in the system. The system was validated on a single lead from a 

single database that had 89 subjects that were contaminated with motion artifact only. The 

TPR of the optimized system was 0.45 and 0.47 for 50% and 75% CRs, respectively, and 

even though in long-term monitoring, a missed alarm could be identified later, the TPR 
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could be further improved. The following subsections provide some recommendations for 

future work. 

 

8.2.1 Validation of the Proposed System in a Clinical Setting 

The proposed system was validated on a single lead from the LTAFDB, which only had 

84 patients that were confirmed to have AF and approximately had a similar number of 

normal ECG and AF (i.e., balanced dataset). The data was fairly clean and required 

artificial contamination with simulated motion artifact, which may not perfectly represent 

actual motion artifact. Additionally, ECG in a clinical setting may contain other artifacts. 

The SQI was validated on the CinCDB, which contained a variety of contaminants, 

indicating that the SQI could estimate the quality of the ECG in the presence of 

contaminants other than motion artifact. However, the system needs to be tested on 

different contaminants in a clinical setting before a conclusion on its performance in the 

presence of contaminants other than motion artifact could be made. 

 

Even though record-based cross-validation with contaminated ECG was used to simulate 

a real-world scenario where the system was trained and tested on different records, 

additional factors need to be considered. For example, in an actual clinical setting, patients 

might be monitored for months while they ambulate, which could heavily corrupt the ECG 

with various contaminants, and the patients being monitored may not experience AF (i.e., 

imbalanced dataset). Additionally, the system was designed and developed on a desktop 

computer, and the reduction in the power consumption of an ECG monitor was inferred 
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through the lower execution time of Stage 2 compared to Stage 3. Therefore, the actual 

power consumption of the system needs to be validated in a clinical setting. 

 

8.2.2 Development of a Simulation Model of Proposed System 

In the absence of extensive clinical data to validate the proposed system, a simulation 

model of the proposed system could be developed to validate the system under varying 

operational parameters. For example, the system could be validated for different 

contaminant types and levels and varying AF alarm durations and occurrence rates. A 

Monte Carlo simulation could be investigated as an approach to simulate the system and 

understand the system's sensitivity toward the operational parameters. 

 

8.2.3 Advanced Feature Selection 

The current feature selection approach for AF detection in compressively sensed ECG was 

based on eliminating correlated features and selecting features with high mutual 

information with the labels. However, this approach did not account for the interactions 

between the features nor the cost of extracting the features. Feature selection based on 

genetic algorithms could be investigated to find the best subset of features that reduces the 

feature extraction cost while maximizing the performance of the AF detection algorithm. 

 

8.2.4 Investigation of Reconstruction Algorithms 

In this thesis, the SL0 algorithm was chosen to reconstruct the ECG as it has been used 

previously to reconstruct ECG with low PRD [121] successfully. However, other 

algorithms such as chaining pursuits and orthogonal matching pursuit (OMP) could be 
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more computationally efficient than SL0 [163]. A literature review of the currently 

available reconstruction algorithms could be found in [164]. 

 

8.2.5 Investigation of Calibration of SQI 

It was demonstrated that the SQI proposed in Chapter 6 represented the quality of 

compressively sensed ECG on a continuous scale, but the SQI could be further improved 

by calibrating the SQI. Future work could investigate a self-calibration process that uses 

reconstructed ECG and whether the calibration process requires repetition. 

 

8.2.6 Investigation of Deep Learning Approaches for Stage 2 

The proposed Stage 2 is based on manual feature extraction followed by training of an RF 

to classify compressively sensed ECG as AF or normal. This approach was shown to have 

high performance (Chapter 3) for the classification of AF, and that compression had 

minimal impact on its performance. However, when validated on contaminated ECG, Stage 

2 had high FPR and FDR. When the FPR was decreased using Stage 1, the TPR of Stage 

2 also decreased. Future work could investigate approaches for Stage 2 that have higher 

TPR and lower FPR and FDR when validated on contaminated ECG. Such an approach 

could be based on deep learning, which was shown to have good performance for AF 

classification (Table 2-3) and was shown to have cardiologist-level arrhythmia 

classification [65]. An advantage of a deep learning approach is employing advanced 

confidence measures. The current AF detector produces confidence in the AF detection 

using the ratio of trees that agree. Other measures of confidence should be explored. For 

example, neural networks could use various confidence measures such as the strength of 
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the most activated neuron, the entropy of the output neurons, or density estimation of the 

embedding space of the neural network [165]. However, deep learning requires a large 

amount of data for training, and as such future work could also explore collecting a large 

AF dataset.  

 

8.2.7 Investigation of Privacy-Preserving Sensing Matrix 

The sensing matrix used in this thesis was the DBBD which has been used in previous 

research to compress and reconstruct ECG successfully. The matrix is light and easy to 

implement; however, it does not preserve privacy as the ECG retains some of its fiducial 

points. Random matrices, such as the ones used in Section 6.1.2, have some privacy-

preserving features, but random matrices do not preserve the ECG structure, hindering the 

detection of CVDs in the compressed domain. Future work could investigate sensing 

matrices that are both privacy and structure-preserving. 

 

8.2.8 Development of One-Class CVD Detector 

The proposed system detected AF by classifying the ECG as either AF or normal. 

However, patients may experience different types of arrhythmias while being monitored 

only for one of them. For example, some patients in the LTAFDB experienced long 

episodes of sinus bradycardia while being monitored for AF. These arrhythmias may 

exhibit similar features in the ECG and could be confused for one another. A solution could 

be to build an abnormal ECG vs. a normal ECG classifier, but it may not be specific enough 

for informing the clinicians on which course of action to choose. Therefore, a one-class 
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classifier for CVDs should be investigated in future work to monitor for a specific CVD in 

the presence of others.  
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Appendix A   

A.1 Cardiovascular System 

The human body requires constant oxygen and nutrients to maintain function [166]. The 

blood supplies the oxygen and nutrients circulated throughout the body using the heart 

[166]. Along with vessels, the heart forms the cardiovascular system. The heart (Figure A-

1) is divided into four chambers, the right atrium, the left atrium, the right ventricle, and 

the left ventricle [166]. The right and left atriums push the blood into the right ventricle 

and left ventricle. The right ventricle pushes the blood to the lungs, where gas exchange 

occurs, and the blood gets oxygenated. The left ventricle circulates the blood throughout 

the entire body, excluding the lungs [166].  

 

The mechanical action of the heart is controlled by electrical impulses that control the 

rhythm [167]. These electrical impulses originate in the Sinoatrial (SA) node, which sits 

on top of the right atrium [167]. First, the electrical impulse travels from the SA node down 

the atria triggering a contraction; then, it travels to the Atrioventricular (AV) node [167]. 

Finally, the AV node triggers the contraction of the ventricles. 

   

The heart is made from a muscle known as the myocardium, which can contract 

continuously without fatigue, unlike skeletal muscle [167]. In addition, the myocardium is 

supplied with blood through a significant artery network known as coronary arteries [167]. 

Therefore, any disruption to the blood flow to the heart due to an occlusion of a coronary 

artery or any disruption to the electrical impulses' conduction through the myocardium can 

cause a CVD.  
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Figure A-1 Anatomy of the heart with major structures labelled including both 

ventricles, right atrium, and coronary arteries (copied from [168]). 

 

A.2 Atrial Fibrillation 

AF is a fast heart rhythm arising from uncoordinated activation of the atria, upper chambers 

of the heart [23]. It is caused by a disturbance in the heart's electrical activity, high blood 

pressure, diabetes, and other underlying heart diseases [169]. It is estimated that 5.3 million 

people in the United States have AF [170]. AF arises from a complicated mechanism and 

may present a range of symptoms from nonexistent to severe [23]. AF increases the risk of 

stroke by 5-fold and can lead to a more severe stroke than the non-AF-related stroke [171], 

[172]. The risk of heart failure (HF) increases by 3-fold in the case of AF, while dementia 

and mortality increase by 2-fold [172]–[174]. Aside from health risks, AF adds a burden 

on the healthcare system. A patient with AF is hospitalized twice as often as a patient 
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without AF and is three times more likely to have multiple admissions [23]. The United 

States healthcare system incurs $26 billion in bills due to AF patients [175], [176]. AF can 

have severe health consequences and a financial burden on a healthcare system; therefore, 

early detection is warranted. 

 

There are multiple classifications of AF based on the duration and recurrence of AF 

episodes [23]. A Paroxysmal AF has varying episode frequency that terminates 

spontaneously within seven days of the onset [23]. A Persistent AF is a continuous AF 

episode sustained for more than seven days [176]. A Long-standing persistent AF is a 

continuous AF episode sustained for 12 months [23]. AF can be asymptomatic, where it is 

estimated that 700,000 people in the United States have undiagnosed AF, and 18% of AF-

induced strokes are diagnosed at the time of the stroke [6], [177]. The cost of undiagnosed 

AF can balloon to 3.2 billion dollars [178]. Paroxysmal AF is typically diagnosed and 

monitored using a long-term ECG recording, while other AF classifications require 

periodic monitoring. 

 

A.3 QRS Removal Algorithms 

One of the QRS removal techniques includes directly subtracting the QRS from the ECG 

signal, which can be done by identifying the ECG's QRS wave and then subtracting it [179]. 

QRS identification includes the Pan Tompkins algorithm and matched filtering [180]. The 

Pan Tomkins algorithm identifies the R wave by using the information of the slope changes 

in the ECG and using the natural heart rate information, such as the maximum biologically 

possible number of heartbeats per minute [180]. Pan Tomkins algorithm is one of the most 
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popular QRS detection algorithms due to its high accuracy and low computational load 

[181]. Transforms such as wavelet transform were used for QRS detection. Martínez et al. 

used wavelet transform to delineate the ECG, including identifying the QRS complex 

[182]. They tested their wavelet-based algorithm on the MIT-BIH, QT, European ST-T, 

and CSE databases. They achieved a Se of 99.66% and PPV of 99.56% [182]. Other QRS 

removal algorithms include deep learning, adaptive filtering, principal component analysis 

(PCA), independent component analysis (ICA), and blind source separation (BSS) [39]. 

Vasquez et al. proposed using a dynamic time-delay neural network (TDNN) to remove 

the QRS and have shown that their proposed algorithm is robust against sudden changes in 

the morphology of the QRS [183]. The TDNN results showed that the power of the QRS 

decreased by 10 dB, while the P wave power remained the same on the MIT-BIH database 

[183].  
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