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Abstract

Electrocardiogram (ECG) signals are the manifestation of underlying electrical phenomena
of heart, which are responsible for its various functionalities. ECG is used as an impor-
tant non-invasive tool by the cardiologists to diagnose and assess a wide range of cardiac
ailments. With advancements in wireless body area network (WBAN) technologies, sig-
nificant research has been done in recent decades to develop low-cost personalized remote
health monitoring systems for next-generation of e-healthcare solutions. With ever increas-
ing number of cardiovascular patients, WBAN-enabled ECG telemonitoring has generated
significant interest among the biomedical community. Ambulatory ECG enables remote
monitoring of vital heart parameters and allows early medical interventions in case of life-
threatening heart diseases. However, existing ECG monitoring systems still suffer from
various challenges, such as limited autonomy, bulkiness, limited functionalities, etc. In
recent years, compressed sensing (CS) has emerged as a promising framework to address
these challenges. Low-complex and highly energy-efficient data reduction procedure of
CS makes it an attractive choice over traditional wavelet-based techniques for embedded

on-node ECG data compression in resource-constrained telemonitoring applications.

The main objective of the present dissertation is to explore the CS framework for multi-
channel ECG (MECG) signals. CS-based signal processing involves two operations: 1) CS
encoding, where the data is linearly projected over a lower dimensional subspace using a
sensing matrix to get the compressed measurements of the signal, 2) Signal reconstruction
(decoding), where the original signal is reconstructed in a sparse domain using incom-
plete signal measurements. In the present thesis, there are three major contributions.
First work focuses on efficient MECG signal encoding using an eigenspace CS approach.
Second and third works contribute towards faithful signal reconstruction when low signal

measurements are available at low data rates (or at high compression ratio).
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There is inherent spatio-temporal correlation present across different channels of MECG
signals due to their common origin at sinus node. It is important to exploit this corre-
lation information for an effective CS implementation. We proposed a CS framework of
data reduction in eigenspace for MECG signals. Principal component analysis (PCA) is
used to decorrelate different channels and the resulting principle eigenspace signals are gone
through further dimensionality reduction using CS approach by exploiting their sparsity ei-
ther in eigenspace itself or in any other sparsifying domain. This joint PCA-CS approach
gives significant boost to the compression efficiency compared to the existing CS-based
ECG compression methods. The average value of PRD across the PTB database is found
to be 5.24% in lead V3 at a compression ratio of 17.76. The visual quality of the recon-
structed MECG signals is validated through mean opinion score (MOS) and it is found to

be 6.66%, which implies a very good signal reconstruction quality.

The encoders in WBAN-enabled ECG telemonitoring are resource-constrained due to their
small size and battery operation. Therefore, to minimize the computational resources at
the encoder, a low complex joint CS-based compression /reconstruction algorithm is pro-
posed in the next work. Here, directly time domain MECG signals are jointly compressed
and reconstructed using a weighted mixed norm minimization (WMNM)-based CS re-
covery algorithm by exploiting the wavelet domain joint sparsity of different ECG chan-
nels. WMNM algorithm emphasizes important high amplitude sparse wavelet coefficients
through a weighting strategy while exploiting spatial or inter-channel correlation at the
decoder. It is found that coefficient-level weighting-based WMNM algorithm associated
with low-complexity encoder leads to substantial improvement in the signal recovery per-
formance (up to 77% drop in PRD value) and measurements requirement (41.18% saving)

compared to the non-weighted CS approaches.

In the weighting-based CS recovery algorithms, there is flexibility to adopt different weight-
ing rules depending on the understanding of the problem and that in return, improves the
estimation of latent data. This has motivated to explore more effective and diagnos-
tically relevant weighting schemes in our next work through which clinically important

MECG features can be preserved more precisely during joint CS recovery. We studied
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the multi-scale wavelet structure of MECG signals and exploited the subband level ECG
features/information in the joint CS recovery problem through a subband-based weighting
scheme. Such a weighting approach emphasizes ECG features present in wavelet subbands
having high diagnostic importance. Coefficients in clinically less relevant high frequency
subbands are deemphasized simultaneously, resulting in a sparser (and hence, more ac-
curate) solution. Accuracy of reconstruction is validated through a post-reconstruction
classification task, which gives classification accuracy of 73.2% even when MECG signals
are jointly reconstructed using only about 10% of compressed measurements. Additionally,

a block-sparsity-based joint CS recovery is also explored for MECG signals.

Keywords: Multi-channel electrocardiogram, Compressed sensing, PCA, OMP, Data re-

duction, Joint sparse recovery, Weighted mixed-norm minimization, DWT, PRD, CR.
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1. Introduction

This thesis investigates multi-channel electrocardiogram (MECG) signals in a compressed sensing (CS)
framework. CS is an important signal processing technique that has emerged in recent years as an
effective alternative to traditional wavelet-based methods for energy-efficient embedded data compres-
sion applications in wireless body area networks (WBANSs) [I]. The WBAN-enabled telemonitoring
systems have found important applications in continuous remote monitoring of vital health parameters
in order to maintain an optimal health status, especially for elderly people and pregnant women who
require frequent medical attention. Energy-efficient systems are required for long-term and clinically
relevant telemonitoring. CS framework offers potential solution to minimize the complexity and power
consumption of the existing WBAN systems. However, most of the existing CS-based WBAN-enabled
telemonitoring systems are limited to single channel ECG signals. This motivated us for the study
of MECG signals in the CS framework for remote healthcare applications. MECG signals recorded
in 12-channel format, capture three dimensional view of heart and hence consist of detailed cardiac
information. Cardiologists prefer MECG signals as they carry significant pathological clues in different
leads, which are helpful in diagnosis of various heart’s ailments. Since each channel views the heart
from different narrow angles, there exists significant spatio-temporal information which is common
across the channels. This inherent correlated structure must be exploited for effective implementation
of CS for MECG signals.

The work carried out in this thesis has three major contributions. First, a joint principal component
analysis (PCA)-CS approach is investigated for effective exploitation of correlation information in
MECG system. The MECG signals are spatially decorrelated using PCA and then the sparsity
of dimension-reduced eigenspace MECG signals is exploited to apply CS. The resulting compressed
measurements are quantized using a uniform quantizer and encoded by a lossless Huffman encoder.

The second work proposes a low-complexity joint CS encoder and a weighted mixed-norm mini-
mization (WMNM)-based joint CS recovery algorithm, which utilizes wavelet domain joint sparsity
of MECG signals. WMNM algorithm exploits inter-channel or spatial correlation while emphasizing
high amplitude sparse wavelet coefficients through a coefficient-level weighting approach. The pro-
posed approach helps to successfully recover all the ECG channels together using a low number of
measurements.

In the third work, we studied the multi-scale wavelet structure of MECG signals and explored the
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1.1 Electrocardiogram and its Clinical Components

WMNM-based joint CS approach further with a new diagnostically relevant weighting criterion, which
helps preserve clinically important MECG features more precisely. Observing the gross segmentation
of clinical ECG features (P wave, P-R interval, QRS interval, ST segment, T wave) in different
wavelet scales, a subband weighting-based WMNM algorithm is proposed. The proposed algorithm
exploits multi-scale signal information through a multi-scale weighting approach. Under this strategy,
weights are designed based on the diagnostic information contents of each wavelet subband/scale,
which emphasizes ECG features present in wavelet subbands having high clinical importance during
joint CS recovery. Additionally, a block-sparsity-based joint CS recovery is also explored in this work
for MECG signals.

The performance evaluation of the works carried out in this thesis is done using various publicly
available MECG databases [23] such as Physikalisch-Technische Bundesanstalt (PTB), Massachusetts
Institute of Technology-Boston’s Beth Israel Hospital (MIT-BIH), St.-Petersburg Institute of Cardio-
logical Technics 12-lead Arrhythmia Database (INCART), and Noise Stress Test Database (NSTDB).
Commercially available Common Standards for Electrocardiography (CSE) database [4] is also used

for the evaluation purpose.

1.1 Electrocardiogram and its Clinical Components

There are many physiological signals which can be recorded easily in a non-invasive manner and have
high clinical relevance. These signals depict underlying physiological activities of a specific organ in
the human body. Electrocardiogram (ECG) is one such signal which records cardiac phenomenon and
reflects the nature and the activities of human heart. In a clinical practice, it is used to diagnose
and assess chronic cardiovascular diseases. In standard clinical practices, ECG is recorded with single
channel /lead or multiple channel /lead configuration from the surface of human body. ECG signals are
recorded at different locations of the body surface in order to capture the three-dimensional view of
the human heart. In general, 12-lead format is used for various diagnostic purposes and it is termed as
multi-channel or multi-lead ECG (MECG). Because of the presence of pathological clues in multiple
leads, cardiologists prefer MECG for detailed and reliable diagnosis [5].

Figure[L.T]depicts a single channel ECG. Different ECG features having clinical relevance have been

marked. Important ECG features include mainly amplitude and duration features whose description
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iy
1PR QRS ! !

int dur

Figure 1.1: Clinical components of an ECG signal with their duration and amplitude

is given below:

P wave: The electrical impulses generated at the sinoatrial node travel from atria towards ventricles.
This causes depolarization in atria, which generates P wave in the ECG signal. Both right and left
atria get electrically activated simultaneously and this composite activation is represented by P wave.
For a healthy person, P wave duration varies from 80 to 100 ms with a maximum amplitude of 0.25
mV. Any deviation from above specified values indicates heart abnormalities. For example, a P wave
amplitude > 0.25 mV indicates right atrial enlargement (RAE) and a widened P wave signifies left
atrial enlargement (LAE). If P wave amplitude is decreased, it may be a case of hyperkalemia.

PR interval: After activating the atria, the electrical impulses reach to the ventricles and cause
ventricular depolarization. The duration between atrial depolarization and beginning of ventricular
depolarization is called PR interval. It is measured as the time interval between P wave and Q wave.
In some heart diseases, (Q wave is absent. In those cases, R wave is taken in place of Q wave. In
normal conditions, PR interval is of 120-200 ms. Heart diseases such as pheochromocytoma and
Wolfe-Parkinson-White syndrome are generally found in patients with a short PR interval in the ECG
signal. On the other hand, a long PR interval indicates 1°¢ degree atrioventricular (AV) block, 2"¢
degree AV block and rheumatic heart diseases.

QRS complex: It is generated during ventricular depolarization, when the myocardial cells of the

ventricles get depolarized. It is made of three waves, i.e., Q wave, R wave, and S wave, and hence
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1.1 Electrocardiogram and its Clinical Components

called a complex. As the ventricles have larger muscle mass, it generates large electric potential
during depolarization process. This is the reason, QRS complex has the highest amplitudes in the
ECG waveform. The normal QRS complex duration is between 60-100 ms. Disruption in heart’s
conduction system is observed in patients with wider QRS complexes. This includes diseases like left
bundle branch block (LBBB), right bundle branch block (RBBB), ventricular tachycardia, etc. An
exceptional increase in the hight of QRS complex indicates left ventricular hypertrophy, while a very
low-amplitude QRS complex may represent pericardial effusion or infiltrative myocardial diseases.

Q wave: The first wave of QRS complex is the Q wave. It is the point where QRS complex takes its
first downward deflection. Q wave represents the depolarization of intra-ventricular septum. A normal
Q wave has a duration of 40 ms and an amplitude of 25% of the amplitude of R wave. Abnormal Q
wave (wider or deeper) indicates myocardial infarction.

R wave: The peak or upward deflection of QRS complex is termed as R wave. During ventricular
depolarization, R wave represents a part of the depolarization cycle. A distorted R wave either in
terms of polarity or amplitude, indicates bundle branch block (BBB).

S wawve: The last part of the QRS complex, where it takes downward deflection, is termed as S wave.
The remaining part of the ventricular depolarization is represented by S wave. Similar to R wave, the
irregular shapes of S wave in the ECG signal may be the indication of BBB.

T wave: After the depolarization of ventricles is completed, the myocardial cells of ventricles start
repolarization and make T wave in the ECG waveform. Its normal duration varies from 100 ms to
250 ms. Normal amplitude of T wave is < 0.5 mV. Inverted T wave may be indicative of myocardial
infarction, high intracranial pressure, or metabolic abnormalities.

ST segment: The segment between the end of QRS complex and beginning of T wave in the ECG
waveform is called ST segment. Its normal duration is 80-120 ms. In normal conditions, it is an
isoelectric line. However, in abnormal condition it may get up or down slope. The shape of ST segment
plays an important role during heart diagnosis. A depressed or elevated ST segment represents a case
of myocardial infarction or ischemia.

QT interval: It represents the duration in ECG signal between start of QRS complex and end of
T wave. Normally, QT interval lies between 350 to 450 ms. A reduced QT interval may be a sign of

tachycardia, whereas a prolonged QT interval indicates ventricular tachyarrhythmias.
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U wawe: It is generally not found in most of the ECG waveforms. U wave is a small deflection after
T wave. In abnormal conditions, U wave amplitude may get inverted or becomes tall with amplitude
of 0.2 mV or more.
RR interval: The duration between one R wave in one heart beat to the neighboring R wave is
termed as RR interval. It is the heart rate, which represents the duration of cardiac cycle.

The bandwidth of ECG signal is 0.05 to 100 Hz. In some pathological cases, it may also go up to
120 Hz.

1.2 Multi-channel/Multi-lead ECG

In standard practice, ECG signals are recorded in a 12-lead format [5]: Lead I, Lead II, Lead III,
aVR, aVL, aVF, V1, V2, V3, V4, V5, V6. This simultaneous recording of twelve channels is called
multichannel /multi-lead ECG (MECG). In this lead format, Lead I, Lead II, Lead III are called limb
leads as they are captured from the surface of body limbs. Lead aVR, aVL, aVF are called augmented
limb leads. Remaining six leads, i.e., V1 to V6 are captured from the standardized positions on the
chest and called precardial or chest leads. From these twelve leads, eight leads, i.e., Lead I, Lead
II, V1, V2, V3, V4, V5, V6 are also called independent leads, and the remaining four, i.e., Lead III,
aVR, aVL, aVF are called derived leads. There are 10 electrodes that are used to record 12-channel
ECG. Four electrodes are placed at the limbs and six at the chest. Right leg (RL) electrode is taken
as the reference electrode. Leads I, II, and III are also termed as bipolar leads as they are recorded
as the difference of potentials of two electrodes. Augmented limb leads are also derived from the
same three electrodes from where limb leads are derived. Chest leads are called unipolar leads as
they are recorded as the direct potential at chest electrodes. Figure shows the lead configuration
during MECG recording using right arm (RA), left arm (RA), and left leg (LL). The three limb leads,
i.e., Lead I, Lead II, and Lead III forms a hypothetical triangle around the heart, which is called
as Einthoven’s triangle. Among the limb leads, only lead I and lead II are independent and other
dependent leads can be derived using these two leads.

For augmented leads aVR, aVL, aVF, Wilson’s central terminal plays the role of negative electrode,
i.e., reference. Along with Einthoven’s triangle, Figure also shows the Wilson’s central terminal.

This terminal is formed when all the three limb leads are combined. The augmented leads can be
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1.2 Multi-channel/Multi-lead ECG

Figure 1.2: Lead configuration for 12-channel MECG recording. Einthoven’s triangle and Wilson’s central
terminal are also shown.

synthesized with the help of limb leads using the following linear relations:

aVR = (Lead I + Lead II)/2
aVL = Lead I — (Lead II)/2

aVF = Lead II — (Lead I)/2

Wilson’s central terminal is also taken as reference for the chest leads. For recording of chest
leads, there are standardized positions on the chest. For example: electrodes are placed at the fourth
intercostal space just to the right and left of the sternum, respectively, to record signals from lead V1
and V2. ECG signal at lead V4 is recorded by placing the electrode at the fifth intercostal space at
the midclavicular line. Lead V3 is placed between lead V2 and lead V4. For V5 and V6, electrode
positions remain at the same level as in the case of lead V4 but positions are at anterior axillary line

and midaxillary line.
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Figure 1.3: (a) Electrical axes for vertical directional views of the heart for bipolar limb leads and augmented
limb leads. (b) Viewing the heart in horizontal plane with chest leads.
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1.2 Multi-channel/Multi-lead ECG

Table 1.1: Orientations of important ECG waveforms in different leads of 12-lead MECG with different views

of heart
Leads P Wave QRS-complex T wave Views
I upright upright upright lateral
II upright upright upright inferior
111 upright upright upright inferior
aVR negative negative negative/upright right atrium/left ventricle
aVL upright upright upright lateral
aVF upright upright upright inferior
V1 upright/biphasic small R wave/QS upright septum
V2  upright/biphasic small R wave/QS upright septum
V3 upright equiphasic/QRS upright upright anterior
V4 upright upright upright anterior
V5 upright upright upright lateral
V6 upright upright upright lateral

1.2.1 Clinical significance of MECG

The human heart is a three-dimensional organ. Therefore, viewing it from all the directions is impor-
tant from diagnostic point of view. The clinical 12-lead ECG system captures electrical activities of
heart from different narrow angles in the three-dimensional space. A three-dimensional view of heart
with the direction of different leads is shown in Figures and Original heart image is
taken from the web source (https://www.thinglink.com/scene/715516620675481600). It can be seen
that the six limb leads (three bipolar and three augmented) and six chest leads view the heart in
vertical (frontal) and transverse (horizontal) planes, respectively. The twelve leads align with different
anatomical areas of the heart and are categorized in four groups: inferior, lateral, septal, and anterior.
The inferior leads include lead II, ITI, and aVF and look at the heart from inferior or diaphragmatic
surface. Lateral leads include lead I, aVL, V5, and V6 and view the heart from lateral wall of left ven-
tricle. Lead V1 and V2 are called septal leads and depict electrical activities of the heart from septal
surface (inter-ventricular septum). Anterior anatomy (sternocostal surface) of the heart is captured by
lead V3 and V4. Thus, it can be concluded that the MECG signals provide spatio-temporal variations
of various electrical activities of the heart and help in better understanding of its functionalities. Any
deviations in these signals from their normal characteristics may provide pathological clues, important

for detection of cardiac abnormalities.
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1.2.2 Characteristics of ECG signals in different leads

ECG signal characteristics in different channels vary in normal and pathological cases. Different
waveforms in the ECG also vary with different views of the heart (from different angles) in all leads.
A summary of the orientations of different ECG waveforms in normal cases is given in Table [Tl In
normal conditions, P wave is upright in leads I and II and always inverted in lead aVR. In abnormal
atrial rhythm conditions like in dextrocardia, P wave may get inverted in lead I. The duration of P
wave changes in left atrial enlargement, which is prominently visible in leads I, II, and aVF. Most
important ECG waveform, i.e., QRS-complex, is positive in lead I and lead V6 and its polarity reverses
in lead aVR and lead V1. The height and width of QRS-complex signifies important pathological
characteristics in conduction diseases such as bundle branch block. Changes appear in the form of
wide, slurred S wave in leads V5, V6, I and a secondary R wave (R’) in V1 or V2 (i.e., M-shaped
rSR’, rsR’; or rsr’ complex). The T wave usually follows the orientation of QRS-complex and hence is
inverted in aVR and may get inverted in lead III. It is always upright in leads I, I, and V4 through V6.
Commonly, T wave is inverted in lead V1 and occasionally it is accompanied by similar inversion in
lead V2. However, isolated T wave inversion is a pathological condition. An inverted T wave in leads
I, II, and V3 through V6 accompanied by ST segment depression is highly suggestive of myocardial

ischaemia. A tall T wave is observed in the case of severe myocardial ischemia.

1.3 Telemonitoring Systems for Physiological Signals

The ever increasing population of elderly people and skyrocketing healthcare costs have posed many
challenges for current healthcare systems worldwide [IL[6]. More importantly, traditional healthcare
infrastructures seem unsustainable under future healthcare demands and require a major techno-
logical up-gradation. In recent years, there has been significant academic and industrial interests
towards development of more scalable and cost-effective healthcare solutions. Wireless body area net-
works (WBANSs) promise affordable remote healthcare solutions for next-generation of e-healthcare
systems [6-9]. It focuses more on managing of wellness rather than illness by allowing early medi-
cal intervention. WBAN-enabled telemonitoring systems allows personalized real-time and long-term
ambulatory monitoring of vital health parameters of a patient and provide medical feedback to main-

tain optimal health status. Integrated with smart telemedicine system, it can even alert to a medical
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Figure 1.4: Tllustration of a typical wireless body area network (WBAN)-enabled health monitoring system
for acquisition and transmission of physiological signals

expert/physician during medical emergency conditions.

A typical WBAN-enabled physiological signal monitoring system is shown in Figure[[.4l It consists
of various battery powered wireless sensors that operate within, on, or at close proximity to the
human body [6]. They capture physiological signals such as ECG, electroencephalogram (EEG), blood
pressure signals, etc. from different parts of the body. These signals are then wirelessly transmitted
to a personal server that may run on a cell phone or personal computer. The acquired physiological
signals are finally sent to the physician/medical server/healthcare centers through Internet/GPRS
services. There may be another communication scenario possible, where the personal server running
on a Bluetooth or WLAN can communicate to the remote terminals through a home computer. The
personal server acts as an interface between senor nodes and medical server. There can be temporary
medical data storage on the personal servers which upload the data to medical servers when network
connection is available. Finally, the medical servers recover the original data via Internet, which is
then analyzed by the medical experts and medical feedback is provided to the patient accordingly.

Recent decade has witnessed significant development in WBAN-enabled monitoring applications

ranging from healthcare [10H13] to physical activities monitoring [14.[I5]. Healthcare monitoring
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applications include monitoring of vital health parameters, such as blood pressure [12], pulse rate
[16,[17], neural activity, etc. For neural activity monitoring, EEG signal is monitored [18]. Wireless
sensor devices have also been developed for gait parameters monitoring [19,20]. WBAN systems
with EMG sensors are proposed for human balance and fall detection [21,22]. The issue of security of
medical data in telemonitoring applications is studied by Zhang et al. [23], who proposed a ECG-based

cryptography and authentication method.

1.4 ECG Telemonitoring Systems

Continuous heart monitoring is required to diagnose any life-threatening changes that may occur
for a heart patient. For example, a probable myocardial infarction case can be diagnosed through
continuous ECG monitoring for a couple of days. Also, while tracking the recovery status of a cardiac
patient after myocardial infarction, long-term ECG monitoring proves to be quite helpful in capturing
the diurnal and circadian variations, which are very good recovery indicator of myocardial infarction
[6]. This is the reason, ECG signal telemonitoring plays a vital role in WBAN-based remote healthcare
applications [24H26]. Important heart parameters, such as heart rate and heart rate variability (HRV)
can be easily analyzed using ECG signals. Wired ECG acquisition in hospitals allows limited autonomy
and maximum discomfort to the patients, whereas WBAN-enabled ambulatory ECG provides greater
patient mobility and may even allow heart monitoring in practical real world conditions, such as
exercising, running, etc., thus making heart monitoring clinically more relevant.

Existing telemonitoring systems are mostly for single channel ECG [27-30]. However, researches
have been underway to develop efficient and inexpensive multi-channel ECG monitoring systems [24,
31-34]. Alesanco et al. [27] have presented a real-time cardiac telemonitoring system where the
authors have taken into account both the technical and clinical aspects. ECG transmission and
reception is studied under a new protocol, which manages to introduce a monitoring buffer and allows
retransmissions of erroneous packets and also evaluates it from a clinical point of view. In another work,
a multipoint video conference-based ECG monitoring system is proposed by Matsunaga et al. [28]. An
approach for source compression is presented by Agarwal et al. [29], where the authors have proposed
an architecture for analog-to-information converter for ultra-low-power ECG monitoring applications.

An ECG acquisition system with ZigBee protocol is proposed, which is specialized for wireless ECG
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1.5 Compressed Sensing-based Telemonitoring Systems

monitoring [35]. A joint compression and QRS detection algorithm in wireless wearable sensor is
proposed recently by Deepu et al. [30].

WBAN-enabled ambulatory ECG systems capable of operating for longer duration is the primary
requirement for their large-scale and cost-effective deployment. However, higher energy cost of the
state-of-the-art systems does not allow them for long time operation resulting into limited autonomy
and low clinical relevance [24H26]. This is one of the potential challenge before existing systems and
needs major breakthroughs.

Power consumption profile of WBANSs suggests that there are three major energy consuming
processes: signal processing, sensing, data transmission [36,37]. The signal processing and sensing
involve energy consumption during signal sampling and acquisition operations. Transmission power is
the power required in transmitting the medical data through wireless links and can be minimized by
compressing the ECG signals at the sensor nodes before their transmission. Mamaghanian et al. [I]
have experimentally proved through a hardware demonstration that signal sensing/sampling operation
consumes a significant chunk of power in WBAN operation. This study highlighted the importance
of energy-efficiency of the embedded data compression algorithms apart from their data compres-
sion capabilities for power-limited telemonitoring applications. The traditional wavelet-based ECG
compression techniques have high data compression capabilities, but their data encoding cost is too
high [I]. Different process such as filtering, thresholding, peak detection, etc. involved with wavelet-
based techniques increase the circuitry complexity and hence power consumption [38,[39]. Therefore,
they are not preferred in resource constrained data compression applications [I,39]. In recent years,
compressed sensing (CS)-based data compression techniques have emerged as a potential alternative
to wavelet-based methods in wearable ECG applications. CS allows merger of sensing/sampling and
compression operations in a single process, hence also called compressive sampling [40], and substan-
tially reduces the energy cost of the existing WBAN systems. Most of the recent works [1,41H46] in

ambulatory ECG are based on this new signal processing paradigm.

1.5 Compressed Sensing-based Telemonitoring Systems

CS-based data compression techniques are more preferable in WBAN applications because of their

capability to boost the energy efficiency of the system through substantial reductions in the signal
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Figure 1.5: A typical compressed sensing-based wireless telemonitoring system

processing resources (computations and memory) and architecture [Il47]. During recent years, CS has
emerged as a promising framework to address the energy consumption and complexity issues in long-
term telemonitoring of physiological signals. CS is a signal processing technique that enables signal
reconstruction from a small set of linear projections, called measurements, provided the signal is sparse
in some domain [40]. CS exploits the signal structure and enables data acquisition at sub-Nyquist rate,
outputting directly the compressed form of the signal. Consequently, the signal encoding becomes quite
simple and energy-efficient in the CS framework. This feature of CS motivated its use in many resource-
constrained applications [48-52]. A typical block diagram of a CS-based telemonitoring system is
shown in Figure The figure illustrates a digital paradigm of CS, called ‘digital CS’ [I], where
a simple matrix-vector multiplication after analog to digital conversion (ADC) gives the compressed
form of the physiological signal x. The reduced dimension vector y, also called the compressed
measurement vector, is sent to the remote terminals (Hospitals/Health care centers) through the
wireless links, where the original signal is reconstructed using CS-based recovery techniques and can
be used further for clinical purposes.

In WBAN-enabled health monitoring applications, CS has been extensively used in a energy-
efficient data compression framework. In one of the earliest work, Aviyente et al. [53] have investigated
the CS framework of data compression for single and multi-channel EEG signals. Further, a similar

framework is proposed by Kamal et al. [54] for multi-channel cortical signals. Implementations and
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practical details of CS application to EEG signals is presented by Abdulghani et al. [55]. More details
about CS application to WBAN system can be found in a survey presented by Balouchestani et al. [56].

Mazumdar et al. [36,57] have done extensive study on the CS-based applications and contributed
significantly in the area of WBAN-based EEG signal monitoring. They have mainly proposed multiple
measurement vector-based analysis prior formulation for EEG signals in CS-based applications. Shukla
and Mazumdar have studied multi-channel EEG signals in WBAN applications [37] and proposed a
blind CS approach for their reconstruction [58,[59]. A co-sparsity and low-rank optimization-based CS
for EEG signal is proposed by Liu et al. [60]. Here, the authors have introduced a co-sparsity-based
CS recovery approach in place of widely used sparsity-based recovery for simultaneous reconstruction
of multi-channel EEG signals.

In recent years, Zhang and his co-workers have given a new thrust to the CS and sparse representation-
based biomedical applications using Bayesian learning framework. They reported several works that
include EEG signal monitoring [18,39,61], fetal-ECG extraction and its remote monitoring [42[62],
heart monitoring through photoplethysmographic signals [63H67], and Alzheimer’s disease analysis [68].

Analog CS framework has been studied by Balouchestani et al. [69-71] for surface EMG monitoring
applications . They have also employed the analog CS approach to design biomedical sensors [72]. A
new channel model for WBAN is proposed by the same authors using the CS theory [73].

In WBAN-enabled ECG telemonitoring applications, CS has been successfully used to lower the
on-chip computations, energy consumption, and complexity of the system [I]. Sparse nature of ECG
signals enables application of CS for ECG data compression /reconstruction. CS-based data reduction
approaches have exploited the sparsity of ECG signals either in time domain [41H43], or in wavelet do-
main [1L44H46]. A signal is said to be sparse or compressible in a transform domain if it is representable
in terms of a few basis functions of that domain. The amplitude plot of transform domain signal coef-
ficients should have a exponential decay characteristic. Faithful CS recovery of a signal depends on its
sparse nature, which makes possible the recovery of a higher dimensional signal from low dimensional
signal measurements. Sparser the signal, better is the recovery. For ECG signals, Mamaghanian et
al. [I] have established and quantified the potential of CS for the first time for low-complexity and
energy-efficient data reduction in the WBAN-enabled ECG monitors. Various design considerations

are further studied by Dixon et al. [4I] for the CS-based data acquisition and reconstruction systems.
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Figure 1.6: Time-domain and wavelet-domain ECG representation to illustrate the sparse nature of ECG
signals in wavelet transform. Different wavelet subbands (cA7 and ¢D1-cD7) at 7-level decomposition are also
shown with demarcation lines.

In a similar framework, block sparse Bayesian learning-based approach is employed by Zhang et al. [42]
for the fetal-ECG telemonitoring applications. Recently, some techniques utilizing prior knowledge
about ECG signals in the traditional CS reconstruction algorithms have been reported with improved
results [45[46]. Balouchestani et al. [74] proposed recently an advanced K-means clustering algorithm

for large scale ECG data based on CS theory in combination with the K-singular value decomposition.
1.5.1 Sparsity analysis of ECG signals

The sparsity of ECG signals is a important characteristic, which enables application of CS to these
signals. CS exploits this sparsity feature to retrieve back the time domain ECG signals using only
a small set of signal measurements, y. For ECG signals, there exist high activity region and low

activity region in the signal waveform. Intense electrical activity is seen around QRS- complex whereas
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minimum or no activity is noticed in isoelectric line in an ECG signal (Figure [[L6]). So a fair amount
of sparseness exist in time-domain [41]. This time-domain sparseness can be enhanced many folds
by representing ECG signals in a transform domain. Sophisticated orthonormal transforms such as
discrete wavelet transform (DWT), discrete cosine transform (DCT), and discrete Fourier transform
(DFT), etc. are used generally for sparse representation. For ECG signals, DWT is mostly preferred
as the sparsifying basis. The better time-frequency localization and high energy compaction property
of DWT make it suitable for this purpose [1,411,/42].

If x € RY be the N-dimensional signal vector (say, a single channel ECG signal), then its sparse

representation in terms of wavelet basis W = [t1,12,%3,...,1n] can be written as follows: & =
N
Yooy or  x = Way, where oy is a N-dimensional transform coefficient vector with only &
i=1

significant (non-zero) coefficients (kK << N). So, a sparse signal is representable in terms of linear
combinations of k terms of an orthogonal basis only, i.e., fo-norm error ||z — x|y (or ||a— auly) is
very small. Here, xj, is the reconstructed version of x using only «y, wavelet coefficients. An amplitude
plot of wavelet coefficients of one lead ECG signal is shown in Figure Sparse nature of ECG
can be clearly seen in its wavelet-domain representation where only few coefficients carry most of the
information. It is worth noting that significant number of coefficients are of very small amplitude and
they belong to the clinically less important high frequency wavelet subbands (¢Di, ¢Ds and ¢Ds).
These wavelet coefficients can be considered zero without affecting the diagnostic contents of ECG
signal, giving ECG a sparser behavior. The resultant representation is called best k-term sparse

approximation or k-sparse ECG. To measure the sparsity following relation is used [41].
Sparsity (%) = (1 — k/N) x 100 (1.1)
1.6 Distortion Measures

Any processing with ECG signals involves certain loss of information. Therefore, it becomes important
to quantify the loss of information from the clinical perspective in order to make correct diagnostic
decision. In an ECG signal, the clinical information lies in PQRST morphologies. The amplitude
and duration of different waves and segments within PQRST gives significant clues to cardiologists to
detect/locate the pathological condition of a patient. To determine the same, delineation algorithms

are required which give start and end points of ECG waves. Once the time instants are located, other
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wave characteristics can be computed for automated beat classification. The classification results can
be used to establish the accuracy of the processed ECG signals.

QRS-complex is a very important wave in the ECG signals and carry vital clinical information. Its
preservation in the processed/reconstructed ECG is very important from diagnostic perspective. In
arrhythmia monitoring, accurate QRS detection is important, which is used to compute the heart rate
of the patient. There are numerous algorithms reported in the literature for QRS detection which are
mainly based on derivatives, filter-banks, wavelets, mathematical morphology and correlation [75L[76].
The detected R-wave can also be used further to compute other important ECG parameters, such as ST
segment which is used for the reliable classification of normal and ischemic beats. Pan-Tompkins [77]
and its successor Hamilton-Tompkins [78] are two well known algorithms for R wave detection with
highest detection accuracy of 99.68% with sensitivity 99.63%.

There are some specific signal distortion measures which are used to compute the distortions in
ECG data compression applications. These fidelity assessment parameters include normalized mean
square error (NMSE), root mean square error (RMSE), normalized RMSE, percentage-root mean
square difference (PRD), and signal to noise ratio (SNR). These are the global error analysis parameters
and measure the difference between the original and final reconstructed ECG signal. For local error
analysis maximum absolute error (MAE/MAX) or peak-error (PE), standard error (StdErr), and
normalized NMAE are used. Signal similarity can also be calculated using normalized cross correlation.
Though above distortion measures give an idea about the distortion being incurred during various
ECG processing, ECG signal should also be evaluated from clinical point of view to assess diagnostic
distortion. There are few diagnostic distortion measures reported in the literature, such as weighted
diagnostic distortion (WDD) [79], wavelet weighted PRD (WWPRD) [80], and wavelet energy-based
diagnostic distortion (WEDD) [81]. Sometimes, classification accuracies are also used to establish the

clinical information preservation in the reconstructed ECG signals.

1.7 Scope for the Present Work

During diagnosis of a heart abnormality, patients are kept under continuous supervision and ECG
signal is monitored for several hours/days to reach a diagnostic conclusion. The ever increasing number

of cardiac patients and the escalating levels of medical supervision are attributing towards increasing
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healthcare costs [I]. Also, it is not always possible for the patient to be physically present in the
hospital /healthcare center, especially for elderly patients and pregnant women who require frequent
medical attention. So, there is scope for major technological up-gradation of existing traditional
healthcare systems. WBAN promises next-generation affordable healthcare solutions for remote health
monitoring. However, the practical requirements for WBANSs to perform long-term clinically relevant
telemonitoring in free living conditions impose various limitations on it, such as energy efficiency,
computational complexity, memory usage, etc. Therefore, there is a need to develop ultra-low power
signal processors embedded with low complex and energy-efficient data compression algorithms to
reduce the overall power consumption. CS-based data compression approaches have shown encouraging
results in this area and emerged as a potential alternative to traditional wavelet-based methods. The
wavelet-based ECG encoders have more number of signal processing modules, which attributes towards
bulky and power-inefficient system. This is the reason, wavelet-based encoders are not preferred in
energy-constrained telemonitoring applications. On the other hand, CS allows to save significant
amount of energy during data encoding [I], minimizes on-chip computational resources [61] and is
robust to packet loss during wireless data transmission [39.182].

MECG signals are preferred by cardiologists over single channel ECG since they represent complete
conduction sequence of heart and carry significant clinical clues in multiple leads required for reliable
diagnosis [5]. However, MECG signals have not been explored much in the CS framework and the
existing CS-based ECG telemonitoring systems [1,/411[42]45,/46] are mostly limited to single channel
only. Therefore, to make remote heart monitoring diagnostically more relevant and reliable, there
is a need to develop an effective CS framework for MECG signals. Also, the inherent inter-channel
(spatial) correlation across different channels in MECG is expected to boost significantly the CS
recovery performance at low measurements (high compression ratios). Low measurement requirement
directly corresponds to lower on-chip computations at node sensors and reduced volume of data to
be sent over the power hungry wireless links. This may result in significant saving in energy cost of

existing ECG telemonitoring systems, making them more autonomous with enhanced functionalities.
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1.8 Organization of the Thesis

The contents of the thesis are organized as follows: In Chapter 1, introduction to ECG signals and
CS-based WBAN system for ECG telemonitoring are discussed. In Chapter 2, a related review
of different CS-based works for ECG signals is given. CS framework for multi-channel ECG signals
and the motivation for the present work is discussed. An eigenspace CS approach is discussed for
multi-channel ECG data compression in Chapter 3. In Chapter 4, a low-complex joint CS encod-
ing scheme along with a weighted mixed-norm minimization (WMNM)-based joint sparse recovery
algorithm is proposed for joint CS of MECG signals. Emphasizing important ECG features during CS
recovery through weighting approach is investigated. In Chapter 5, a new subband weighting-based
WMNM algorithm is explored, which exploits multi-scale ECG signal information to emphasize clini-
cally important ECG features lying in different wavelet subbands. Additionally, a block-sparsity-based
joint CS recovery is also explored in this chapter. The thesis is concluded in Chapter 6 with major

contributions from this thesis and scope for further research.
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2. Compressed Sensing for ECG Signals- A Review

Telemonitoring is an e-healthcare application where vital health parameters of a patient are monitored
remotely and medical feedback is provided accordingly. It generated significant interest in research
community in recent years due to the advancements in the area of wireless body area network (WBAN).
ECG telemonitoring is important for early medical intervention for cardiac patients, whose numbers
have been on the rise in recent decades [I]. So far, ECG remote monitoring being a costly affair is
limited to mostly single channel ECG signals. The 12-lead multi-channel ECG (MECG) system shows
a spatiotemporal sequence of cardiac events and hence cater the need of a diagnostic and prognostic
tool for the cardiologists. Hence, it is required to study MECG telemonitoring systems for quick and
reliable detection of cardiovascular diseases. WBAN technology promises affordable and continuous
personalized health monitoring for next-generation of tele-cardiology systems. However, state-of-the-
art WBAN-enabled ECG telemonitoring systems still face challenges in terms of energy efficiency,
computational complexity, memory usage [1], etc. To address these challenges, ultra-low power digital
processors associated with low-complex and energy-efficient data compression algorithms are required.
Traditional wavelet-based data encoders do not cater to these needs due to their high data encoding
cost. Compressed sensing (CS) framework may be a viable option for WBAN-enabled telemonitoring
applications due to its simple and energy-efficient data reduction procedure.

In this chapter, a brief introduction of CS and its application to ECG/MECG signals are discussed.
The organization of this chapter is as follows: Section 2] discusses background of CS technique. It
also includes discussion of wavelet transform and its employability as a sparsifying basis for CS. In
Section 2.2], a thorough review of different CS-based single channel ECG data compression methods
have been discussed. Multi-measurement vector framework of CS for multi-channel ECG signals is
discussed in Section In Section 2.4 various distortion measures which are used to gauze the
distortion incurred during different ECG processing are discussed. Details about the databases used
for the thesis evaluation are discussed in Section Motivation for the present work is presented in

Section

2.1 Basics on Compressed Sensing

Let € RY be the N-dimensional signal vector (say, a single channel ECG signal). Let us also assume

that @ is having sparse behavior in a transform domain, i.e., signal is representable in terms of linear
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combinations of only & terms of an orthogonal basis ¥ = [t)1, 19, %3, ..., 1] as follows:
N
xr = Zaizpi or = =Way (2.1)
i=1

where a, is a N-dimensional transform coefficient vector with only & significant (non-zero) coefficients
(k << N). For such sparse signals, the compressed sensing (CS) theory states that acquiring k samples
through a nonadaptive linear measurement/projection would be suffice to capture the underlying signal
information [40,[83]. Thus, CS enables a merger of sensing/sampling and compression processes, which
take place simultaneously during CS operation, hence also called compressive sampling. In this way,
CS allows a significant reduction in the circuitry requirement during signal acquisition, which makes
data encoding quite simple and energy efficient. In a linear measurement process, CS collects M

samples using measurement vectors {¢; }Jj‘il as follows:
yj =<z, ¢; >, j=12,..,.M or y=ox (2.2)

where & € RMXN ig a sensing or measurement matrix comprising of measurement vectors ¢,
®3,...,¢ s in rows on which signal vector « is linearly projected to get measurements y. By employing
measurement vectors {¢j}jj‘i1 as continuous sensing waveforms {¢; (t)}j]\il, directly compressed mea-
surements of analog signals can also be obtained prior to analog to digital conversion (ADC). This
approach is called ‘analog CS’ and allows analog to information conversion (AIC) in place of ADC,
where signal can be sampled at the information rate that is much below the traditional Nyquist rate
sampling [11[84]. However, the present thesis confines to the study of discrete signals in CS framework,
which is sometimes also referred to as ‘digital CS’ [IJ.

CS recovery involves reconstruction of original sparse signal given its compressed measurements
and sensing matrix. In (2:2)), it is assumed that signal @ is sparse in itself, i.e., ¥ = I in (Z1]). So, the
same relation (2.2)) is used for CS recovery. However, if the signal is not sparse in itself, but sparse in

a transform domain W | the signal is replaced by its transform domain representation in (2.2) as:

where ®W¥ = O. In this case, CS recovers the transform domain signal, which can be transformed back

to time domain using inverse transformation. For instance, ECG signal is sparse in wavelet domain,
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therefore, sparsifying basis ® is generally taken as wavelet transform and the recovered sparse vector
oy, consists of the wavelet coeflicients.

Now, there are three issues to be addressed in a CS problem:
e To find a sparsifying transform where signal @ can be represented in sparse form.

e To design an efficient sensing matrix ® so that the salient information in @ do not lost while
dimensionality reduction from /N-dimensional signal space to M-dimensional measurement space

(M << N).

e To have a sparse recovery algorithm that can reconstruct back the N-dimensional signal @ using

only M ~ k measurements y.

2.1.1 Wavelet transform as sparsifying basis in CS-based applications

Discrete Wavelet Transform (DWT) is an alternate way of signal representation. DWT has very good
energy compaction and time-frequency localization property which helps grossly segment the clinical
information present in ECG signals in different wavelet subbands (Figure 2.1)). The gross segmen-
tation of features in specific wavelet subbands gives more control over clinically relevant information
and helps retain them in various signal processing tasks. This is the reason DW'T has been a very
attractive tool among the signal processing community for analyzing biomedical signals like ECG.
DWT has been extensively used for ECG data compression applications [85H88]. DWT helps confine
the diagnostically important ECG features within a few low frequency subbands. Therefore, a large
number of high frequency wavelet subband coefficients (especially from ¢D1, ¢D2, and ¢D3 subbands)
can be zeroed without affecting the clinical features of ECG. This helps in data compression and signal
denoising as well. However, despite their high data compression abilities, the DWT-based techniques
are not found suitable for resource-limited applications, such as WBAN-enabled ambulatory ECG
monitoring. This is because of different processes involved in transform-based data encoders such
as noise-cancellation, filtering, thresholding, etc., which increase the circuitry complexity and results
in a slower, bulkier and power-inefficient data-encoder [I,139]. WBAN-enabled ECG telemonitoring
involves miniaturized sensors driven by power-limited batteries. So, in these applications, transform-

domain ECG compressors are not found suitable. CS-based embedded data compression techniques

TH-1578_11610230 24



2.1 Basics on Compressed Sensing

Time—domain ECG signal
2000 T T T T T T T

_2000 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000

cA6 Approximation subband signal
1500 1 1 1 1 1
1000
500 1 1 1 1 1 1 1
(0] 500 1000 1500 2000 2500 3000 3500 4000
cD, Detail subband signal
1000 1 1 1 1 1 1 1
0
—1000 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000
o:D5 Detail subband signal
1000 1 1 1 1 1 1 1
0 va ‘ﬂ«ﬁ‘ ﬂﬂﬁ J¢V ‘“Aﬁ
_1000 1 1 1 1 1 1 1
{g 0] 500 1000 1500 2000 2500 3000 3500 4000
>
= cD , Detail subband signal
E 500 T T T T T T T
<
0 .‘*‘. W «wk
_500 1 1 1 1 1 1 1
(0] 500 1000 1500 2000 2500 3000 3500 4000
ch, Detail subband signal
500 1 1 1 1 1 1 1
e e e
0] #’ " \a " T
_500 1 1 1 1 1 1 1
(0] 500 1000 1500 2000 2500 3000 3500 4000
ch, Detail subband signal
100 1 1 1 1 1 1 1

_100 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000

cD_ Detail subband signal
50 1 1 1I 1 1 1 1

_50 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000

Samples

Figure 2.1: Distribution of ECG information in various wavelet subbands

involve low-complex and energy-efficient data reduction procedure and emerged as an effective alter-

native to wavelet-based ECG compression techniques for telemonitoring applications [I]. In CS-based
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applications, sparsity feature of DW'T is employed for data recovery task. DWT plays a vital role as
the sparsifying transform (¥) in CS-based ECG data compression applications [11141}[45,46].

In DWT domain, the signal is decomposed and represented in terms of finite-energy waves called
wavelets. Here, wavelets are the basis functions in DWT representation. Wavelets can be defined as
the families of functions 1), (t) generated by dilation and translation of a single mother wavelet 1) and

is given as follows [89,[90]:

ualt) = =07 (2.0

where a, b are the dilation (scaling) and translation parameters. The dilated wavelet function
corresponds to the low frequency components, whereas the translated version corresponds to the high
frequency components of the signal. Therefore, DWT allows a multi-resolution decomposition of the
signal, where the signal is separated into finer parts called “details” and coarser representation called
“approximation” [91,92]. A function f(t) can be represented as the linear combination of shifted and

scaled version of the mother wavelet W(t) as:

f(t) = Z Z wa,b¢a,b(t) (25)
a b

where 1), (t) is the shifted and scaled version of the mother wavelet ¥(¢) and w,; are the wavelet

coefficients. Hence, from (2.3]), the wavelet coefficients w,, of a signal f(t) are given by [93]:

Wa,b = (f(t)? d)a,b(t» (26)

Figure shows an amplitude plot of wavelet coefficients in different ECG channels. Seven level
wavelet decomposition is performed for each of the eight fundamental channels/leads using same
Daubechies wavelets (db4). The clinically important ECG information are captured by only few
significant wavelet coefficients in low frequency subbands of each lead. This results in a sparse repre-
sentation of each individual lead signal and a joint sparse representation by all leads.

Multi-resolution analysis of DWT allows detailed study of subband level signals. It is obtained
through filter bank implementation of DWT, where signal is passed through low-pass and high-pass
filters. Low-pass filtered version of the signal is again filtered through a low-pass and high-pass filter
pair in the next level of wavelet decomposition and this continues for further levels. If ®(t) is a scaling

function and ¥ is a wavelet function, approximation (cA, (b)) and detail (cD; (b)) subbands coefficients
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Figure 2.2: Amplitude plot of ECG wavelet coefficients in all eight independent channels in various subbands
for 7 level wavelet decomposition

after n-level decomposition can be defined as: cA,(b) = (f(t), Pas(t)) and cD;(b) = (f(t), Yap(t)),j =
1,...,n. Taking the example of ECG signal, the n level wavelet decomposition of each lead of MECG
gives n + 1 number of subbands: cA,,cD,,cD,_1,...,cDs,cD;. Here, the subband cA,, consists of the
approximation coefficients and carries most of the low frequency information of the ECG signal. The
finer details (or high frequency ECG information) are associated with n number of detail subbands
cDj,j = 1 to n. This can also be verified from the Figure 21 where the distribution of ECG
information is shown in various subbands.

In order to decide the number of levels of wavelet decomposition, frequency range of wavelet

subbands should be known. The bandwidth AFj of j-th wavelet subband is given by [81]:
2797 F, < AF; <270.F, (2.7)

where Fj is the sampling frequency of the signal. There is also a heuristic formula proposed by Fahoum
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et al. [80] to decide the number of levels (n) and is given as:

n = [loga(Fs) — 2.96] (2.8)
2.1.2 Sensing matrix selection

The sensing matrix chosen for CS operation must satisfy two conditions, called incoherency and
restricted isometry property(RIP), for faithful recovery of N-dimensional signal from an incomplete
set of measurements M (M < N). According to first condition, sensing matrix (®) should be incoherent
to the selected sparsifying basis W, i.e., rows {qu}j]vil of ® can not be sparse representable in terms
of columns of ¥ and vice-versa. Second condition, i.e., RIP says that ¥ must preserve the Euclidean

length of k-sparse signals, i.e., k-sparse signals cannot be in the null space of ® [40[83].
Measure of incoherency

The incoherency between the orthobases pair (®,¥) is measured in terms of amount of coherency

between the two orthobases. The coherence between the pair (®, ¥) is defined as [40)]:

W@, W) = VN max |(d;, vl (29)
1<j,k<N
The coherence is a measure of largest correlation between any two elements of (®,W). If (®,W¥)

have correlated elements p would be larger and vice-versa. The maximum value of y can be v/N and

minimum is 1, i.e., (¢, ) € [1,v/N].
Restricted isometry property

RIP states that for all k-sparse signals @, following condition should be satisfied [40}83]

|©allr,
(1—6;) < 52 < (1+6k) (2.10)
Hak”zz

where 0 > 0 is a isometry constant. The sensing matrix @ (= ®W) is said to follow RIP of order k
if the isometry constant ¢ is not too close to 1. If RIP holds for the sensing matrix ©, this implies
that © preserves approximately the lengths of all k-sparse vectors. In other words, the subset of k
columns of matrix ® are nearly orthogonal. To see how RIP helps in recovering sparse signals, let

us assume that there are two k-sparse signals, oy and ag. If © follows RIP then according to (2.10])
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pair-wise distance between the two k sparse vectors is given by

(1-6) < 1®ay; — Oaya|lj,

2l < (14 6) (2.11)
ek — akally,

The relation (2I1) suggests that all pair-wise distance between k-sparse signals will be well preserved
both in original signal space and in measurement space, provided ¢ is sufficiently less than 1. This
encouraging fact allows the development of efficient sparse recovery algorithms to find discriminating
k-sparse signals based on their compressive measurements [40].

Random matrices with independent and identically distributed (i.i.d) Gaussian entries obey RIP
and are incoherent to any chosen basis with overwhelming probability, provided M > Cklog(N/k) <<
N, where C is a constant [40},/83]. Therefore, for sensing operation during CS, random Gaussian
matrices are best suited. If ® satisfies RIP then ®@ = ®W also obeys RIP for any basis W. This makes
the random sensing matrices ® universal in nature, where sparsifying basis W is not even required to
be known during sensing operation [40]. Throughout the thesis, we have used random sparse binary
sensing matrix ® € RM*Y with binary entries, i.e., 0s and 1s. Each column of ® contains only d
number of nonzero values equal to 1 at random positions [46]. Random sparse binary matrices satisfy
a modified RIP, referred to as RIP, [1]. Sparse matrices are memory efficient and involve lesser

computations, thus help in minimizing the computational cost at the encoder [46].
2.1.3 Sparse recovery

In sparse recovery problem, also called CS recovery, the aim is to find a sparse vector ay given the
measurements y and sensing matrix @ such that y ~ O«y. After getting ay, original & can be
recovered using € = Way. For ECG signals, the sparse vector oy recovered after CS recovery is
the wavelet coefficient vector, which is transformed back into time domain ECG signals using inverse
wavelet transform.

CS recovery is an under-determined or ill-conditioned problem as sensing matrix @ € RM>*N (M <
N) is non-invertible, and infinitely many solutions exist for problem (Z3]) [40]. A optimization ap-
proach is generally followed for sparse recovery. Since, the interest here is to find sparse signals, CS
recovery searches for the sparsest signal that can best yield y. The fp-norm of a vector is defined as

the number of nonzero entries, therefore, CS recovery problem is formulated as a optimization problem
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with £p-norm-minimization [40L[83,94]:

min|lal|, subject to y = Oay (2.12)

Solution (2.12) is however computationally intensive as it involves combinatorial computational
complexity. A feasible solution is to mathematically relax the £y-norm and replace it with ¢;-norm,

defined as ||al|; = Zf\i 1 lz(n)|. The problem (2I2)) is reformulated as:
min|lay||; subject to y = Oay, (2.13)

This approach is termed as basis pursuit (BP). The problem (2I3]) can be seen as a convex relaxation
of (ZI2) and can be solved using linear programming with lesser computational complexity. This
method gives a robust signal recovery with lesser error bound, provided the signal is sufficiently sparse
in some transform domain W. For robust signal recovery in noisy conditions, the equality criterion in

([Z13) is relaxed as:

min|lag||; subject to ||y — Oayll, < ¢ (2.14)

where ¢ is the noise tolerance. This relaxed approach is called basis pursuit denoising (BPDN). Be-
yond the convex optimization solutions, there are other sparse recovery algorithms also, such as greedy
algorithms (orthogonal matching pursuit (OMP), compressive sampling matching pursuit (CoSaMP),

etc.) [95,96], Bayesian learning based algorithms [42], etc.

2.2 CS-based ECG Compression Techniques

In recent years, CS has emerged as a potential signal processing tool, which enables ultra-low-power
ECG data compression and allows easy hardware implementation in wearable sensor devices for tele-
monitoring applications [I],41], 42} 44446, 52]. CS has been successfully used to reduce the energy
consumption and complexity of the WBAN-enabled ambulatory ECG systems [1,[41]42][44-46]. For
energy-efficient data reduction, CS-based techniques exploit the inherent sparse nature of ECG sig-
nals either in the time domain [411[42], or wavelet domain [1.[44-46]. A brief review of CS-based ECG
compression techniques employed for telemonitoring applications is summarized in Table 2.1

Extensive study of CS application for ECG signals was first carried out by Mamaghanian et
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Table 2.1: Review of CS-based ECG data compression/reconstruction techniques

Techniques Database Sensing Recovery Results Encoding Remark
matrix method complexity
Mamaghanian [I] MIT-BIH Sparse binary BPDN PRD= 2-9 Sub-optimal Extends node lifetime
CR= 71% up to 76%, slow decoding
Polania [97] MIT-BIH Gaussian SOMP-PKS PRD=2.57 High QRS detection required,
CR=7.23 faster decoding
Mamaghanian [08] MIT-BIH Sparse binary IHT PRD=5.5 Optimal -
M=160
Dixon [41] MIT-BIH Bernoulli Mixed SQNR>60dB - -
CR>16
Polania [99] MIT-BIH Gaussian BSBL PRD~1.9 High QRS detection required
CR~13
Zhang [42] DalSy/OSET Sparse binary BSBL-BO  Corra0.83 Low Works for low-sparse
CR~60% signals, faster
Sharma [44] CSE Gaussian BP PRD=10.19 High Ignores spatial
CR=18.31 correlation, slower
Zhang [61] DalSy/OSET Sparse binary BSBL-FM PRD=3.78 Low faster, saves
CR=60 76.3% power
Mamaghanian [34] PTB Sparse binary 1 //s PRD=9 Optimal Extends node
CR=72.7 life-time by 26%
Polania [T00] MIT-BIH Bernoulli ¢1-PKS  SNR~23 dB Sub-optimal -
M=500
Zhang [46] MIT-BIH Sparse binary ~WLM PRD=3.64 Very low Faster, saves
M=192 41.86% measurements
Polania [45] MIT-BIH Sparse binary MMB-IHT PRD=3.74 Low Exploits inter-beat
M=125 correlation

al. [I]. Authors have presented a comparative study between traditional wavelet transform-based ECG
compression techniques and CS-based approach. The potential of CS is established and quantified for
low-complexity and energy-efficient data reduction in the WBAN-enabled ECG monitors. Authors
have presented a hardware implementation of both techniques, i.e., CS-based and traditional wavelet-

based telemonitoring systems, on a Shimmer platform. It is shown that signal adaptive DWT is
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able to compress the ECG data up to 90%, whereas non-adaptive CS-based approach leads to 71%
compression for “good” signal reconstruction. Authors have also presented a power consumption
analysis of both techniques, which shows that apart from being 95.69% faster, CS-based encoding
approach also saves 27.09% power compared to DWT at the same compression ratio. In terms of
WBAN deployment duration, CS extends the lifetime of body sensors by 76% and 46% for “good”
and “very good” signal reconstruction quality, respectively. Later, similar hardware-based study was
done by Chen et al. [47] who further established and demonstrated the real time compression ability
of CS on a hardware platform by proposing an efficient CS architecture. Balouchestani et al. [43] have
presented a low sampling CS approach using an efficient sensing matrix selection procedure. Using a
dynamic thresholding approach a robust low-complexity detection algorithm is also presented and an
increment of 1% for sensitivity as well as 0.15% for the prediction level is claimed.

Various design considerations have been studied by Dixon et al. [41] for the CS-based data acquisi-
tion and reconstruction systems. Authors have presented front-end circuit designs for both ‘analog CS’
and ‘digital CS’ systems. CS recovery for ECG and electromyogram (EMG) signals is analyzed using
various sparse recovery algorithms and measurement/sensing matrices. A compression ratio greater
than 16X for ECG and EMG signals is reported with signal-to-quantization noise ratios greater than
60 dB.

When signal is not sparse or low sparse, Bayesian learning-based CS techniques are known to
be more effective compared to the traditional convex optimization and greedy algorithms [38]39,42]
611101]. Bayesian learning-based sparse recovery algorithms give superior joint sparse reconstruction
performance due to their specific feature that global minimum is always the sparsest solution unlike
¢1 minimization based algorithms [I0I]. Moreover, they are having fewer local minima than some
classic joint sparse recovery algorithms. A block sparse Bayesian learning (BSBL)-based approach
is proposed by Zhang et al. for fetal-l ECG [42] telemonitoring application. Here, the authors have
emphasized the retention of fetal-ECG signals in the non-sparse maternal ECGs during CS recovery.
Furthermore, a sensing matrix with only two nonzero entries is introduced for CS encoding in order
to achieve minimum energy consumption during compression process. Liu et al. [6I] have proposed a
variant of BSBL approach for fetal-ECG and epilepsy EEG signals. A hardware implementation using

filed programmable gate array (FPGA) is presented to demonstrate the energy saving by the proposed
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method. Their study shows that energy consumption and dynamic power consumption of the proposed
approach is only 23.7% and 68.7% of those of the wavelet compression procedure, respectively.

Recent advancement in the CS field is to exploit prior knowledge in the tradition CS recovery
algorithms in order to improve the recovery performance at a given number of compressed measure-
ments [102,103]. In these approaches, prior knowledge about support information is incorporated in
the existing recovery algorithms to boost their performance. For ECG signals, there are several stud-
ies where such signal specific CS studies have been done [45,46.97,100]. Polania et al. [97] have first
presented a ECG signal specific recovery algorithm. In a joint recovery approach, authors have pro-
posed to exploit the known support about the wavelet coefficients falling in approximation subband,
which are mostly nonzero. This information is used in simultaneous OMP algorithm to simultaneously
recover the successive heart beats together using less number of measurements. Authors claimed it
to have better performance than the DWT-based SPIHT algorithm at higher compression ratios. A
Bayesian learning-based approach [99] was also proposed by the same authors to exploit inter-beat
correlations in CS-based ECG compression applications. Concept of structured sparsity is introduced
for CS ECG recovery [98/[104], where sparsity pattern of ECG signals in wavelet domain is exploited to
improve the CS recovery performance. Polania and Barner [I00] have exploited the decay characteris-
tics of detail subband coefficients in traditional /1-norm minimization algorithm and claimed to have
improved SNR values compared to the traditional BPDN CS recovery. In [45], authors have explored
the correlation information between successive heart beats for support estimation of one beat and
then using this prior knowledge in the recovery algorithm to accurately recover the next heart beat.
Greedy algorithm CoSaMP and iterative hard thresholding (IHT) have been modified to incorporate
the common support information. In a similar approach, Zhang et al. [46] have exploited the prior
knowledge about amplitude decay characteristics of ECG in the wavelet domain in the traditional
f1-norm minimization algorithm for better signal reconstruction. Authors have also proposed low
complexity sensing matrix, where the position of nonzero entry can be made adaptive, which allows
the authors to claim 58% saving in energy consumption in encoding process. A saving of 41.86% and
21.88% in the number of measurements compared to BP and BSBL techniques, respectively is also
reported by the authors.

In a recent work [74], clustering problem in long-term ECG monitoring is addressed. An advanced
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K-means clustering algorithm for large scale ECG data based on CS theory in combination with the
K-singular value decomposition is proposed. Performance of the proposed method is validated using
PCA and linear correlation coefficient dimensionality reduction methods, which is followed by data
sorting using K-nearest neighbors and probabilistic neural network classifiers. The method claims
a classification accuracy of 99.98%, increasing 11% classification accuracy compared to the existing
algorithm. It also claims to reduce 13% clustering energy consumption by increasing the classification
performance. One of the major limitations with all the works discussed above is that they all have
single channel ECG processing capabilities and hence, not suitable for joint processing of MECG

signals.

2.3 Joint CS Framework for Multi-channel ECG Signals

There are two CS models reported in the literature, which have been used for ECG signals. One is
single measurement vector (SMV) model for single channel ECG processing and other is a multiple
measurement vector (MMYV) model employed for multi-channel ECG signals. The CS model discussed
previously in subsection 2] is called SMV model. The MMV model [105,106] is an extension of
traditional SMV CS model and deals with multidimensional signals. The required condition for the
MMV model is that, all the signals under the ensemble must share a common sparsity profile, i.e., each
should have a common support set. The joint wavelet representation of MECG signals shows row or
joint sparsity as shown in Figure[2:3l Here, very small amplitude wavelet coefficients from each lead are
neglected and best k— term approximation is shown. Dots in the plot represent the indices of nonzero
wavelet coefficients in various subbands. This joint sparsity enables MMV CS modeling of MECG
signals for simultaneous compression/reconstruction. Let X = [®1, ®o, @3, ..., 1] € RN*L be the
data matrix whose columns represent the L channels of N-dimensional signals (say, different channels
of MECG signals). Therefore, if different channels have joint sparsity or row-sparsity structure in a
common basis ¥, i.e., the significant information of data matrix X is confined to a few nonzero rows

only in transform domain, then compressed measurements in an MMV CS model are given by:
Y =X (2.15)

where ® is a sensing matrix and Y is a measurement matrix of L measurement vectors.

TH-1578_11610230 34



2.3 Joint CS Framework for Multi-channel ECG Signals

CcAT+cD7+cD6
D5

cD4
100

D3

200
D2

300

400

Wavelet coefficients

D1

500

Lead!| Leadll V1 \2 V3 V4 V5 V6
Multichannel ECG

Figure 2.3: Joint sparse plot depicting the similar support of the best k-term approximation of MECG signals
in wavelet domain. Black dots represent the indices of nonzero wavelet coeflicients in various subbands for 7
level wavelet decomposition.

To solve MMV CS problem (2.I5]), joint sparse recovery algorithms are required, which can si-
multaneously recover signals from all the channels. Mixed-norm minimization-based algorithms are
important type of joint sparse recovery algorithms [106]107], where a combination of two norms e.g.,
01/01, L1/, 01 /l-norms, is generally used. These algorithms can be seen as an extension of SMV-
based ¢1-norm minimization algorithm. Similar extensions have been proposed for other SMV recovery
algorithms also, e.g., OMP is extended to simultaneous OMP (SOMP) [108], CoSaMP is extended to
CoSOMP [99,[104], etc. So far, SMV-based CS modeling has been extensively used for single channel
ECG signals [11/411144-46]. However, the MMV CS model is not well explored for ECG signals. Also,
noting the importance of multi-channel ECG signals and their correlated structure, MMV modeling
of MECG would be more beneficial in CS-based data compression in WBAN applications. So far,
limited research is available in MMV ECG modeling, giving scope for further research in this field.

Mamaghanian et al. [34] have recently presented a work in the area of MECG telemonitoring using
a MMV-based approach. Authors have used a mixed norm minimization (MNM)-based joint CS

recovery technique to simultaneously recover all the channels exploiting the inter-channel correlation.
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There is also a comparative study presented in this work over the gains of MMV CS and SMV CS
for ECG signals in terms of power efficiency and reconstruction accuracy. Their hardware-based
study shows that it is possible to increase the compression efficiency of WBAN system by 7%, and
overall power consumption can be reduced by 22% following MMV CS approach over SMV for MECG
signals. Though, the work highlights the importance of joint MECG processing through MMV model,
it reported higher PRD values (> 9) when low signal measurements are available (at compression ratio
> 72.7%). To demonstrate this unsatisfactory performance at low measurements (M), we conducted
an experiment and analyzed the clinical quality of the reconstructed MECG signals. Original MECG
signals extracted from lead aVR and V5 of data-set s0561lrem taken from PTB database [2] are shown
in Figure 2.4 (a) and (d) in their original form. Assuming the wavelet domain joint sparsity of
MECG signals, first NV = 512 samples from all the channels are jointly CS encoded using a sensing
matrix @ of size 125 x 512. A modest value of number of measurements M = 125 is chosen for the
CS reconstruction. First 2048 samples of the corresponding jointly reconstructed lead aVR and V5
signals are shown in Figures 2.4 (b) and 2.4] (e). The reconstruction error, defined as the difference
between original and reconstructed signals, is shown in Figures[2.4] (c¢) and 24 (f). The degraded signal
quality is clearly visible in terms of noisy reconstruction and loss of clinical components, encircled in
Figures[2.4] (b) and 241 (e). The bigger circles in the reconstruction error plots highlight the large errors
incurred in QRS features of ECG, which are having high diagnostic importance. The traditional MNM
recovery algorithm used in this work leverages only the group sparsity structure of MECG signals,
which might not be sufficient for their successful recovery, especially at low number of measurements
(high compression ratios).

There is one more work reported in the literature which deals with MECG signals using CS
framework. Sharma in [44] has presented a CS-based encoder for MECG signals. This work presents a
multiscale processing of MECG signals in a CS framework. The CS-based data reduction procedure is
applied over sparse subband signals, especially in high frequency wavelet subbands in order to retain
the vital clinical ECG information present in low frequency subbands. The major drawback of this
method is that it ignores the correlated signal information among different channels as it suggest to
process subband signals from each channel individually. Also, it has higher computational complexity

as it involves additional processing blocks in form of wavelet decomposition and subband matrix
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Figure 2.4: Joint reconstruction of MECG signals showing loss of clinical features when using traditional or
non-weighted mix-norm minimization algorithm at M = 125. (a), (d) Original signals from lead aVR and V5.
(b), (e) Jointly reconstructed signals from corresponding leads (c), (f) Reconstruction error signal. Data-set
s056lrem taken from PTB data base.

formation prior to CS operation.
The importance of MECG signals in clinical practices and unavailability of efficient methods to
deal with them in telemonitoring applications, motivated us to explore new approaches for effective

CS implementation for MECG signals.

2.4 ECG Signal Distortion Measures

The quality of processed ECG signals is a direct measure of efficiency and applicability of a signal
processing system. To assess/quantify the quality of processed ECG signals, there are subjective
and objective quality measures. Subjective quality measure is evaluated through visual perception
of different people, while standard mathematical formulations are used to quantify the errors in ob-
jective quality measures. The range of few major distortion metrics and the corresponding signal
reconstruction quality is given in Table

The Mean Opinion Score (MOS) is a widely used subjective measure. Here, the visual quality of
the signal is used to evaluate the M OS. Visual inspection of diagnostic features such as amplitudes,

durations and shapes of the ECG waves is done by cardiologists to assess the clinical relevance of
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Table 2.2: Distortion metrics and corresponding signal quality

Metrics Signal reconstruction quality
Excellent/Very good | Very good | Good/Underminable Bad
PRD 0-2% 2- 9% 9-16 > 16%
WDD 0-2.3% 2.3- 12% 12-18% > 18%
WEDD 0-4.5% 4.5-6.9% 6.9-11.1% > 11.1%
WWPRD 0-7.4% 7.4-15.4% 15.4-25.1% > 25.1%
SNR > 34dB 34-20.9dB 20.9-15.9dB < 15.9%dB
MOS 0-10% 10-25% 25-40% > 40%

processed signals. The MOS for I-th ECG feature is given by [8§]

1

MOS() = 3 S R(e) (2.16)

where N, is number of evaluators and R(c) is the rating given to the c-th ECG feature. MOS for
overall signal is given by the average of all M OS ratings of all the clinical features. Depending on

MOS ratings (on a scale of 5), MOS errors for ECG segments and overall signal is defined as [8§]

MOS(l) = %OS(” x 100 (2.17)
MOS, = % % 100 (2.18)

where MOS,(l) and MOS, are the MOS errors (in percentage) for an ECG segment and overall ECG
signal, respectively.

Objective quality measures can be divided into two categories, i.e., non-diagnostic distortion mea-
sure (e.g., MSE, RMSE, PRD, SNR, StdErr, Maximum Error (MaxErr), etc.) [I09] and diagnostic
distortion measures (e.g. WDD, WPRD, WWPRD, WEDD, etc.) [79-81].

Non-diagnostic distortion measures

Those metrics, which, irrespective of the signal, measure the overall difference (error) between original
and processed /reconstructed signal are termed as non-diagnostic distortion measures [109]. Following
measures fall in this category.

If original signal sequence is x(n) = {z(1),z(2),x(3),...,2(IN)}, and processed signal sequence is
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z(n) ={z(1),2(2),z(3),...,Z(N)}, the mean square error (MSE) is given as

1 N
MSE = N E [2(n) — Z(n))? (2.19)
n=1

where, N is the number of the samples.
Normalized mean square error (NMSE) between the original and the processed ECG signals is

defined as

N [z(n) — 2(n))?
NMSE = Z“E%:(l [l(n)]g ) (2.20)

In order to make the error independent of the original signals, the normalization factor is required.

Root mean square error (RMSE) is another metric defined as

1 N
RMSE = | & > [z(n) — 2(n))? (2.21)

n=1
However, RMSE does not capture well the quality of ECG signals. Its normalized version, i.e. nor-
malized RMSE (NRMSE), is expected to overcome this limitation and is defined as
N — e
NRMSE = \/ Znﬂ[fj(”) ”32”)] (2.22)
Zn:l[x(n>]

Another widely used distortion measure is percentage root mean square difference (PRD), which is

very often used for performance evaluation of ECG compression algorithms [I10,111]. It is defined as

PRD \/ Zo- 1 — 2(n)” x 100 (2.23)
Sl ( )2

Signal-to-noise ratio (SNR) or reconstruction SNR (R-SNR) is also a global error measure, which

is often used as performance measure in various ECG signal processing applications. It is defined as

Son [z (n)]?
R-SNR = 20lo 2.24
g“’\/zﬁzlmm EETATE 224

Other similar distortion measures include, normalized cross-correlation (NCC), maximum amplitude
error (MAX) or peak error (PE), normalized maximum amplitude error (NMAX), standard error

(StdErr), etc.
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Diagnostic distortion measures

Though the aforementioned distortion measures give an idea about the distortion being incurred
during various ECG processing, ECG signal should also be evaluated from clinical point of view to
assess diagnostic distortion. There are few diagnostic distortion measures reported in the literature for
this purpose. The error measures that capture the distortion in diagnostically relevant ECG features
are called diagnostic distortion measures. This includes weighted diagnostic distortion (WDD) [79],
wavelet based weighted PRD (WWPRD) [80] and wavelet energy based diagnostic distortion (WEDD)
[81]. They are defined as follows.

A
r T
WDD(%) = AB A AB x 100 (2.25)

where Af is the normalized difference between the diagnostic feature vectors of original and recon-
structed ECG signals, while A is a diagonal weighting matrix. Duration, amplitude, and slope features
are generally used for the W DD calculation. These features are concatenated to form the feature vec-
tor 8. The duration features included the R-R interval, P wave duration, QRS interval, QT interval,
PR interval, and QT), interval. For the amplitude features, amplitudes of the prominent ECG waves,
such as P wave, R wave, T wave, QRS positive amplitude, and QRS negative amplitude are consid-
ered. The ST slope is taken as the slope feature. The W DD measure is very helpful in quantifying
the distortions incurred in clinically important ECG features. However, it is difficult to evaluate
W DD measure for every ECG signal. This is because it involves a complex procedure of delineation
of ECG segments, which may not be accurately possible for every ECG morphology. Later, people
have explored more simple diagnostic distortion measures, such as WW PRD and WEDD.
The WW PRD metric is defined as:

S+1
WWPRD =Y w;WPRD,; (2.26)
j=1

where w; is the weight for the subband j, S is the number of wavelet decomposition levels and

WPRD; is the PRD of subband j, and it is defined as

N, N
Yo (W) — k)2

Nj 92
2okl Wi gy

WPRD,; = (2.27)
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where w1, is an original coefficient, w; j is a filtered coefficient and N; is the number of coefficients

within subband, j. The weight (w;) is given as [112]

N.
D21 [wiel

wj = P , 7=1,23,...,8+1 (2.28)
Zfif Zkil ‘w(j,k)‘
The W EDD metric is defined as:
S+ ZNj w2,
WEDD(%) =371 w;W PRD; where w; = —=h=lytt— (2.29)

i=1 k—1 W%,k
where WPRD; is the PRD value at j-th subband.
Sometimes, classification accuracies are also used as diagnostic distortion measure to establish
the clinical information preservation in the reconstructed ECG signals [36]. Higher percentage of
classification implies better preservation of diagnostically important ECG features in the reconstructed

or recovered ECG signals.

2.5 Databases

The performance evaluation of the works carried out in the present thesis is done using publicly avail-
able MECG databases. This includes Physikalisch-Technische Bundesanstalt (PTB), Massachusetts
Institute of Technology-Boston’s Beth Israel Hospital (MIT-BIH) database, St. Petersburg Institute
of Cardiological Technics (INCART), and Noise Stress Test Database (NSTDB) [2,3]. Commercially
available Common Standards for Electrocardiography (CSE) [4] database [4] is also used. The PTB
and INCART contain various diagnostic MECG signals from 290 and 32 patients sampled at 1 kHz
and 257 Hz, respectively, with 16-bit resolution. The MIT-BIH and NSTDB are 2-channel databases,
where NSTB is a noisy database created from MIT-BIH. MIT-BIH contains 48 records of 2-channel
arrhythmic ECG signals with fs = 360 Hz and 11-bit resolution. CSE is also a 15-channel diagnostic

database containing mainly noisy ECG signals with f; = 500 Hz and 10-bit resolution.

2.6 Motivation for the Present Work

In recent years, CS has emerged as a low-complex and energy-efficient data compression framework for
WBAN-enabled ECG telemonitoring applications [1J45/46]. In these resource-constrained applications,

CS allows significant savings in the energy cost of the system by reducing the required digital signal
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Figure 2.5: Multi-channel ECG signals from the eight fundamental leads showing spatially and temporally
correlated time-domain information

processing resources (computation and memory) and circuitry requirement. The multi-channel ECG
system carries detailed cardiac information captured through different spatial angles. Diagnostic clues
about any pathological condition of cardiovascular system may appear in more than one leads. Because
of this reason, MECG signals are preferred over single channel ECG by cardiologists for all diagnostic
purposes. Existing telemonitoring systems are mostly based on single channel ECG [I1,42]/45][46] 97,
[99,104]. If these systems could be extended efficiently for MECG signals, health monitoring could
be made more effective and reliable. This motivated the study of CS-based telemonitoring system
for multi-channel ECG signals. Different cardiac events captured by multi-channel ECG leads are
from different narrow angles in three dimensional space. The same electrical pulse originating from

sinus node creates PQRST morphologies in each lead. This generates huge source of spatio-temporal
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redundancies in multi-channel ECG system. This motivated to propose an eigenspace CS approach,
where different type of redundancies/correlations can be exploited using joint PCA-CS for effective
MECG data encoding.

Because of shared cardiac information across different channels in time domain (shown in Figure
2.5)), there also exist similar transform domain signal variations (Figure [2.2]) resulting in common
signal support. The indices of nonzero wavelet coefficients are called supports and the set of indices at
which there are nonzero coefficients in all the channels together is called common support set. Figure
(2.3l shows nonzero coefficients in each channel with dots. Most of the coefficients (accept a few in non-
diagnostic ¢D1, ¢D2, ¢D3 subbands) form a common support set. These observations motivated us to
explore a joint CS framework, which allows simultaneous MECG data compression/reconstruction by
exploiting common support information. Exploitation of common support is expected to significantly
boost the recovery performance of existing single channel ECG telemonitoring systems at a given
number of measurements (or compression ratio), or equivalently, reduce the number of measurements
(or increase the compression ratio) at a given signal quality.

The CS-based signal recovery leverages on wavelet domain sparsity of ECG signals. Though, ir-
respective of the signal, CS allows a universal data encoding, signal-adaptive CS encoding/decoding
is expected to deliver better performance [45,46]. This has motivated to develop new signal adaptive
joint sparse recovery algorithms by incorporating clinically relevant MECG information in the joint
CS recovery problem formulation through different weighting schemes. The weighting approach em-
phasizes important wavelet coefficients/subbands and is expected to help in precise support estimation
and improve the joint MECG recovery at reduced number of measurements. Reduction in the num-
ber of measurements while retaining the diagnostic quality may further help in reducing the on-chip
computations and improving the overall power efficiency of CS-based WBAN-enabled telemonitoring

Systems.

2.7 Plan of the Thesis

Within the CS framework of data compression /reconstruction, three problems have been dealt in this
thesis. First problem deals with effective MECG encoding, while the rest two problems deal with joint

recovery of MECG signals using minimum number of measurements. Investigations done in this thesis
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have been planned in the following ways:

e To explore eigenspace CS for MECG signals. CS methodology is investigated in eigenspace,
where spatial correlation among different ECG channels is exploited through PCA, and CS is
applied over resulting principle eigenspace MECG signals. This Joint PCA-CS approach is dis-
cussed in Chapter Bl Application of PCA over MECG data is expected to retain diagnostically
important ECG features in a few principal eigenspace signals whose dimensionality can be fur-
ther reduced using CS by exploiting their sparsity either in eigenspace itself or in any other
sparsifying domain. CS recovery performance for eigenspace MECG signals is further inves-
tigated in other sparsifying transforms, such as DWT, discrete cosine transform (DCT), and
discrete Fourier transform (DFT) for better sparse recovery. Joint PCA-CS approach enables

effective exploitation of spatio-temporal redundancies in MECG system.

e To minimize the computation burden at the encoder by exploring a low-complexity joint CS
encoder and an efficient decoder. Chapter [ investigates a weighted mixed norm minimization
(WMNM)-based joint CS recovery approach, which exploits spatial or inter-channel correlation
between different channels at the decoder and allows simultaneous recovery of all the ECG chan-
nels. A simple matrix multiplication with random sparse binary sensing matrix having binary
entries (with a very few ones), is done to jointly compress all the ECG channels directly and
WMNM is employed to retrieve them back together. WMNM algorithm is based on a coefficient-
level weighting strategy, which emphasizes the diagnostically important high amplitude wavelet
coefficients and helps minimize the required number of measurements during CS recovery. The
proposed approach transfers most of the load to the resourceful decoder side and is expected to
reduce the computation burden and energy consumption at the encoder along with improved

signal recovery.

e To study the multi-scale wavelet structure of MECG signals and exploit it in the WMNM-based
joint CS recovery problem. This analysis is presented in Chapter Grossly segmented clin-
ically relevant ECG features in different wavelet subbands are captured using different param-
eters such as subband energy, entropy, amplitude decay, etc. This information is incorporated

in the optimization problem formulation of WMNM-based joint CS recovery through different
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subband-based weighting schemes. Such a weighting approach is expected to emphasize coeffi-
cients in wavelet subbands having high diagnostic importance during joint CS reconstruction.
Insignificant coefficients in non-diagnostic subbands are deemphasized simultaneously, resulting
in a sparser, and consequently, better CS recovery performance at reduced number of measure-
ments. Diagnostic accuracy of the reconstructed MECG signals is validated through a post-
reconstruction classification task. Additionally, a block-sparsity-based joint CS recovery is also

explored in this chapter to exploit the spatio-temporal correlated MECG structure.
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3. Multi-channel ECG Data Compression Using Compressed Sensing in Eigenspace

Previous chapters highlighted the importance of multi-channel ECG (MECG) signals and their role
in the detailed and reliable diagnosis of cardiac diseases. The MECG signal acquisition in continu-
ous telemonitoring applications generates large amount of data. Since, these are resource-constrained
applications with limited power and bandwidth, wireless transmission of such a large amount of data
to healthcare centers is expensive. This necessitates efficient data reduction before transmission. The
related reviews discussed in Chapter [2] showed that CS can be a better option for this purpose due
to its simple and power-efficient data reduction ability compared to traditional wavelet-based meth-
ods. The inherent inter-channel correlation among different channels needs to be exploited from data
reduction perspective. In existing CS-based ECG compression works [1,45,[4697], mainly temporal
correlation is considered. This is because of the design of these algorithms to process individual ECG
channels. In this chapter, we investigate a joint principal component analysis (PCA)-CS approach,
where all ECG channels are processed together in order to exploit the spatio-temporal redundancies
from across the channels for effective data encoding.

The organization of the chapter is as follows: Section Bl envisages the feasibility of the joint
PCA-CS approach and its advantages. Section discusses about the different steps involved in the
proposed methodology. Performance evaluations are presented in Section Section [3.4] analyses
the diagnostic features of the reconstructed ECG signals, especially in noisy conditions. Performance
comparison results are presented in Section followed by discussions on some practical issues in

Section Summary of the chapter is given in Section 3.7

3.1 Analysis of Eigenspace MECG Signals

PCA has been previously used for dimensionality reduction, noise elimination, beat detection, clas-
sification, signal separation and feature extraction [88,[IT3HIT5]. It has also been employed to syn-
thesize 12-channel MECG system using reduced 3-lead system for remote health monitoring applica-
tions [I16-I18]. For CS-based applications, the data-adaptive transformation feature of PCA makes it
a good sparsifying basis [B0,I19]. PCA has been used jointly with CS for distributed signals to learn
optimal transformation through online estimation of the signal statistics [119]. For synthetic aperture
radar (SAR) signals, it has been used as a sparsifying transform to compressively measure the SAR

raw data [50]. Joint PCA-CS feasibility in above applications motivated us to explore PCA in the CS
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Figure 3.1: Time-domain MECG signals from eight independent channels: Lead I, II, V1, V2, V3, V4, V5,
V6 are shown in plots (a) to (h), respectively. PCA transformed eigenspace MECG signals are shown in plots
from (i) to (p).

framework in this chapter for MECG signals. PCA over MECG signals helps capture the diagnostic
information spread across twelve channels into few eigenspace signals (reduced leads) by exploiting
the inter-channel correlation structure of the MECG signals. The eigenspace transformed MECG
signals are shown in Figure 3.1l It can be observed that important ECG features are confined within
few eigenspace signals. The dimensionality of the retained eigenspace MECG signals can be further

reduced using CS exploiting their sparsity either in eigenspace itself or in any other transform domain.
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Processing the ECG signals from different channels jointly through PCA helps remove the redundant
channel information while producing sparse eigenspace signals, which can be further compressed using
CS approach. This feature is generally ignored in existing CS-based works that deal with each channel
individually [1,45,46,97]. The proposed joint PCA-CS approach, however, requires covariance matrix
of the data during the reconstruction at decoder side. Noting the small size of covariance matrix
(8 x 8, if 8 independent MECG channels are considered), it can be sent as a side information along
with the data with little effect on the resource cost of the system. After PCA transformation, the
transformed eigenspace MECG signals retain morphological similarity with the time-domain ECG
signals (Figure B1]), and thus, still contain intra-signal correlated structure. This correlation can be
further exploited, in addition to the inter-channel correlation, by choosing a suitable sparsifying basis
during CS reconstruction in the proposed eigenspace CS approach. It can sparsify eigenspace signals
and the required number of compressed measurements can thus be reduced further. Reduced number
of measurements help CS to compress the MECG data further without compromising with the clinical

quality of the reconstructed ECG signals.

3.2 Proposed Joint PCA-CS Approach

In this work, ECG signals from only eight independent channels have been considered in order to
reduce the computational burden at the encoder. This includes six pre-cordial leads (V1, V2, V3, V4,
V5, V6) and two limb leads (Lead I and Lead II). The dependent leads (aVR, aVL, aVF and Lead
IIT) can be derived at the decoder using the limb leads. The proposed method is suggested as follows.
First, the algorithm extracts the principal components after eigenvalue decomposition of the MECG
signals. Principal components are selected based on a suitable threshold to avoid loss of vital clinical
information across the channels. Then by randomly projecting these sparse eigenspace signals using
a random sparse binary sensing matrix, compressed measurements are obtained that can be further
quantized and encoded to get the compressed bit streams. The block diagram of the proposed method

is shown in Figure Details of each block are discussed in subsequent subsections.
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Figure 3.2: Block diagram of the proposed method

3.2.1 Eigenspace transformation

Eigenspace transformation of ECG data is done using the principal components obtained by eigenvalue
decomposition of the MECG data matrix. If the data matrix X = [x1 2 @3 ... 1] € RV*F contains
the L ECG channels of length NV as column vectors, then its covariance matrix C' is given by:

1 ] L
C=5(0X- X]'[X - X)) (3.1)

where C' is the covariance matrix and X contains the mean values of each channel data. Eigen-
value decomposition of the covariance matrix gives the eigenvalues and corresponding eigenvectors of

covariance matrix C as:

C=VAVT (3.2)
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Figure 3.3: Cumulative percentage energy distribution across the principal components

where matrix V' = [v; vs v3 ... v;] € REXL constitutes the eigenvectors and \; = diag(A) ,i =
1,2, ..., L, are the eigenvalues of the matrix A. The eigenvectors corresponding to the largest eigenval-
ues are the principal components (PCs). They capture the directions of maximum variance present
in the signals. The selection of the PCS is done on the basis of energy captured by the eigenvalues
which corresponds to the clinical information in ECG signals [120]. For selection of p out of total L

number of eigenvalues, an energy-based threshold is defined as:

.Z by (3.3)
> 99.5%

The threshold limit of 99.5% of total energy is heuristically chosen by a simulation-based analysis
on a number of datasets taken from the PTB and CSE databases. The variation of cumulative sum of
energy of PCs w.r.t. number of PCs is shown in Figure for a few datasets. It is observed that the
selection of the number of PCs that captures 99.5% of the total energy, or more ensures retention of

the vital clinical components of MECG in the reconstruction. The transformation matrix P is given
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by,
P = [Ul V2. .. 'vp], p<L (34)

Matrix P € RY*P transforms the time-domain MECG signals to eigenspace as
Z=(X-X)P (3.5)

where Z = [21 22 ... 2| € RN*P constitutes the principal eigenspace MECG signals. MECG
signals transformed in eigenspace are shown in Figure Bl It can be noted that clinically relevant
features in PCA transformed signals Z = [z1 23 ... 2] are sparsely localized. This suggests that the
compressed measurements can be directly taken over Z. Furthermore, retained eigenspace signals Z
can be represented in a more sparse form using a suitable sparsifying transform as it still contains
inter- and intra-beat redundancies analogous to time-domain ECG heart-beats (refer to Figure 3.1]). A
sparser representation helps improve the signal reconstruction further at a given number of compressed

measurements.
3.2.2 Compressed measurements of eigenspace signals

The compressed measurements of eigenspace MECG signals are obtained as y = ®z = ®Pa = Oa,
where ® = ®W and y, « represent the compressed measurement vector and sparse coefficient vector,
respectively. If the eigenspace itself is taken as the sparsifying basis, then ¥ = I (unity matrix). In
case any other basis is chosen for further sparsification of eigenspace signals, ¥ is chosen accordingly.
Compressed measurements of all the eigenspace signals can be obtained as Y = [y y2 . . . yp| = OZ
where ® € RM*N (M < N) is the sensing matrix which transforms higher dimensional sparse signals
into lower dimensional compressed measurement vectors y; € R™ i = 1,.2,..,p. A random sparse
binary matrix [34] is used as the sensing matrix as it requires the least number of computations

during signal encoding and hence, suitable for practical applications.
3.2.3 Quantization and encoding

After linear measurement of the sparse ECG signal vectors, the compressed measurement vectors in
Y are quantized and further encoded in a lossless manner to produce the compressed signal that is
to be stored or transmitted. An uniform quantizer is used for the quantization purpose. Any lossless

encoding technique can be used for the encoding of the quantized coefficients. Huffman coding provides
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optimal codes without any loss of the data and hence, have been used here for the encoding purpose.
3.2.4 Data recovery

Huffman decoding is done to retrieve the compressed measurements at the decoder. The corresponding
sparse eigenspace signals in Z are recovered using a sparse recovery algorithm, which are then projected
over the inverse PCA transformation matrix P? to get back the L channel MECG signals. For
transform domain recovery such as DWT, DCT, etc., the corresponding sparsifying basis W is used in
the sparse recovery algorithm. It is to be noted that the covariance matrix/eigenspace transformation
matrix P and the mean of the MECG data are required at the decoder for the signal recovery. They
need to be sent as the side information along with the compressed data. However, sending P € RY*P,
which is usually a small size matrix (having maximum 8 x 8 elements when p = L(= 8), i.e., all PCs
are retained), will not be resource-consuming as it constitutes only a small fraction of the total data
sent.

CS recovery is an underdetermined or ill-posed problem [40)], which is solved using a convex opti-
mization approach (2I4]) as discussed in Chapter 2l Beyond the convex optimization solutions, there
are other sparse recovery algorithms like greedy algorithms. Orthogonal matching pursuit (OMP) [95]
is one such algorithm. In the greedy algorithms, the columns of measurement matrix ® (= ®W¥) and
y that have got the maximum correlation with the measurement vector are selected iteratively in a
greedy fashion. This contribution of ® is then subtracted from y and the process is repeated on the
residue. OMP is relatively faster with a low computational complexity and produces a better signal-
to-noise ratio as compared to f1-minimization, and therefore, has been used in this work. The sparse
recovery directly gives eigenspace MECG signals [z1, 22, ...2p] € Z. Matrix P is used for transforming

eigenspace MECG signals back to time-domain signals as follows:

X=27ZPT+X (3.6)

where Z constitute the reconstructed eigenspace signals, PT is the inverse eigenspace transforma-
tion matrix, and X is the recovered MECG data matrix in time-domain. Dependent channels of the
standard 12-channel MECG system can be derived after reconstructing the independent channels at

the decoder.
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3.3 Performance Evaluation

The performance evaluation of the proposed method is carried out using the publicly available PTB
database [2,3] and commercially available CSE database [4]. Each data record of both databases
contains 15-channels of ECG signals including 3 frank leads. Out of these, L = 8 independent
channels have been processed in this work. Experiments are conducted batch-wise in the form of a
data matrix X € R3909%8 [44] composed of blocks of 3000 samples taken from of the eight independent
channels. A random sparse binary sensing matrix ® € RM*3090 with binary entries (i.e., Os and 1s) is
generated, using which the sparse eigenspace MECG signals are projected to obtain the compressed
measurements. Each column of ® contains only d = 35 non-zero values equal to 1 at random positions
[34]. Results are averaged over 50 iterations with different realization of random matrix ® in each

iteration.
3.3.1 Performance measures

The overall performance evaluation of the proposed method is carried out using different performance
metrics that includes compression ratio (C'R), percentage root mean square difference (PRD) and sig-
nal to noise ratio (SN R) [34]. Diagnostic distortion measures such as wavelet energy-based diagnostic
distortion (WEDD) [81] and wavelet weighted PRD (WW PRD) [80] are also used to assess clinical

fidelity. Average value of PRD across the channels is calculated as [121]:

M=

= (3.7)

PRD;
Average PRD (APRD) = * 7

The average values of WEDD and WW PRD, abbreviated as AW EDD and AWW PRD, are cal-
culated in the same way as APRD is calculated in (371). CR is used to quantify the compression

efficiency of the proposed method and is defined as:

bori bori —bcom
CR= "% or OR(%)="8""2P % 100 (3.8)

bcomp orig

where borig and beomp are the number of bits required for original and compressed signal, respectively.
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3.3.2 Recovery results in different sparsifying basis

Experiments are conducted to investigate the PCA transformation as a sparsifying domain for MECG
signals in order to realize joint PCA-CS. The MECG signals transformed in PCA domain are shown
in Figure Bl From the plot it is clear that the first four eigenspace signals that capture most
of the diagnostically relevant features (with Ty > 99.5%) are sufficient to represent twelve channel
information. Measurements obtained after random projection are further quantized and entropy-
encoded to obtain the compressed bit streams. The performance of the proposed method can be
further enhanced by finding a suitable transform that can represent eigenspace signals in a sparser
form. Eigenspace MECG signals have relatively low sparsity in eigenspace itself (54.31%), which gives
higher reconstruction error (APRD = 8.219 at CR = 5.96). However, CS reconstruction is known
to be improved substantially in sparser domains [40]. Better sparse representation can be achieved
for eigenspace MECG signals due to their redundant structure, analogous to the quasi periodical
structure of time-domain MECG (Figure B.1]). To exploit this sparsity, it is necessary to perform the
CS reconstruction for eigenspace MECG signals in some other suitable transform /sparsifying domain.
Transformations such as, DWT, DCT, and DFT are experimented by changing the sparsifying basis
W to the respective transformation matrix in the OMP recovery algorithm. The performance of the
proposed algorithm in all the above three domains in terms of different metrics for same datasets is
shown in Table BJI The DWT basis outperforms DFT and DCT as the sparsifying. It produces
best sparse approximation for eigenspace signals, which is verified by the minimum overall recovery
distortions (at approximately the same C'R value). The sparsity is enhanced significantly (up to 80%)
in the wavelet domain compared to sparsity in the eigenspace (54.31%) itself. On the other hand, DCT
and DFT have sinusoids as their basis functions that may not be suitable for better representation of
eigenspace MECG signals, leading to their poor performance. From the above experiments, it can be
concluded that the proposed framework of compressed sensing for eigenspace MECG signals results in
better signal reconstruction in the wavelet domain. Therefore, the CS recovery is performed exploiting

the wavelet domain sparsity of eigenspace MECG signals.
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Table 3.1: Performance evaluation of the proposed technique in different sparsifying domains for eigenspace
MECG signals

PTB dataset-s0002_rem CSE dataset-M01_002
Sparsifying Performance metrics Sparsifying Performance metrics
basis CR APRD AWEDD AWWPRD basis CR APRD AWEDD AWWPRD
DWT 15.7 6.71 2.59 12.34 DWT  8.72 13.81 10.25 22.5
DFT 15.74 34.9 33 139.7 DFT 8.40 45.33  39.21 79.34
DCT 15.3 7.89 6.0 24.98 DCT 8.76 19.03  15.73 29.65
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Figure 3.4: (a) Evaluation of the proposed technique in terms of compression ratio (CR) at different distortion
levels (average PRD) for different type of ECG signals exhibiting various pathological conditions. (b) WEDD and
SNR variation with CR for dataset s0443 exhibiting hypertrophy. MECG datasets taken from PTB database.

3.3.3 Compression performance analysis

To study the variation of compression efficiency of the proposed encoder at different distortion
levels, plots between C'R and average PRD is shown in Figure for the ECG signals associated
with different pathological conditions. Here, average distortion values are calculated as the mean value
per channel of a particular disease dataset. PRD values less than 9% and W EDD values less than
11.12% correspond to good quality signal reconstruction [IL79,81]. It is denoted by level ‘G’ in Figure
It is evident that most of the signals fall in this category. Best performance is achieved for the

dataset s0443_rem having highest CR = 25.15 at APRD = 8.9. This dataset produces least distortion
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Figure 3.5: Box plot showing the variance of average output PRD per channel across all datasets of PTB
database at different number of compressed measurements (M) for signal length N=3000

in terms of WEDD and SN R too. Variation of W EDD and SN R with C'R is shown in Figure
for dataset s0443_rem. Across all the MECG datasets from PTB database, lead V3 is found to have
the least average value of PRD = 5.24% at CR = 17.76.

The variance of distortion i.e., APRD across individual datasets is shown in Figure 3.5 in the form
of box plot at different number of compressed measurements (M ). The edges of the box plots denote
the 25th and 75th percentiles with the central line as median. Extreme values in the individual box
plot depict the minimum and maximum AP RD values obtained at a particular value of M for different
datasets. Low value of distortion is achieved at a higher number of measurements as the median value
decreases with M but at the cost of CR which holds inverse relation with M. Average distortion
per channel saturates at around M = 1000 and APRD does not depreciate much after that, as can
be seen in last two box plots. This situation occurs because in the presence of a sufficient number
of measurements, additional measurements do not add any extra information, and reconstruction
accuracy remains almost the same.

Apart from the above case studies, average performance results are also calculated across the
two databases (PTB and CSE) considered in this work. Reconstruction is performed at average

CR = 13.91 and 10.39 and quantitative values of corresponding distortion metrics are given in Table
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Table 3.2: Average value of distortion measures (both clinical, WEDD and WWPRD and non-clinical, PRD
and SNR) for all the channels of MECG signals taken from PTB and CSE databases at average CR = 13.91
and 10.39, respectively. Average results are calculated over all the 549 data records of PTB database and 125
datasets of CSE database.

PTB Database CSE Database
Channels

(Leads) PRD WEDD SNR WWPRD|PRD WEDD SNR WWPRD
I 5.04 1.25 24.63 835 [11.17 6.52 1947 27.99
II 490 0.64 2448 4.29 8.41 5.07 23.19 20.27
111 6.49 1.02 2221 6.90 778 4.78 2331 18.62

aVR  4.72 097 25.08 5.93 9.35 5.41 21.75 2345
aVL 598 095 23.00 6.96 9.75  6.03 20.57 23.72
aVF 532 055 2337 4.22 792 488 23.77 18.62
V1 6.58 3.30 22.23  9.26 8.67 5.84 22.18 20.10
V2 498 297 2480 7.78 |12.44 9.40 1947 21.73
V3 453 249 2539 7.05 9.67 7.25 20.82 17.59
V4 4.87 235 2512 6.31 |10.39 7.81 20.66 18.58
V5 0.28 3.34 2448  7.62 9.40 7.11 20.95 18.12
V6 6.17 242 23.14  6.90 9.66 7.52 20.65 19.87

In an average sense too, the values of non-diagnostic distortion measures (PRD, SNR) as well
as diagnostic distortion measures (WEDD, WW PRD) either fall in very good or good categories of
reconstruction in all the channels. For CSE database, the error is relatively higher as compared to
PTB. As a result, relatively low C'R value is achieved for CSE database than that achieved for PTB
at a given distortion level. This may be because the low sampling frequency (500 Hz) of the CSE
database as compared to PTB database (1 kHz) makes the MECG signals in the CSE database less
compressible than the signals in the PTB database.

To analyze the data compression achieved in different stages of the proposed method, the compres-
sion achieved by different steps involved in the proposed encoding technique is calculated. Quantified
values of C'R at each step, i.e., PCA, CS, and entropy encoding, are given in Table for 10 different
datasets, 5 each from PTB and CSE databases. For total average CR = 18.86 : 1 at APRD = 8.44,
average contributions of the PCA, CS, and entropy encoding steps are found to be 4.62, 3.66, and
1.11, respectively for the PTB database. In the case of CSE database average contributions of three
steps are 3.14, 2.61, and 1.21, respectively for total average CR = 10.05 : 1 at APRD = 9.46. So,
both PCA and CS operations contribute almost equally in the compression efficiency of the proposed

joint PCA-CS approach. Entropy encoding step enhances the CR further that is achieved by PCA

TH-1578_11610230 59



3. Multi-channel ECG Data Compression Using Compressed Sensing in Eigenspace

Table 3.3: CR obtained at different stages of the proposed algorithm

CR at different stages

Database Datasets PCA  CS  Entropy coding Final CR
s0423rem  3.98 3.71 1.12 16.65
s0404Ilrem  5.31  3.30 1.09 19.29

PTB s0027lrem 5.31 3.71 1.11 22.01
s0275lrem  5.31  3.71 1.11 22.06
s0029lrem  3.25  3.90 1.12 14.33
Average 4.62 3.66 1.11 18.86
MO1.003 2.74 2.70 1.12 8.28
MO1.004 3.65 2.55 1.21 11.29

CSE MO1.005 292 247 1.24 8.96
MO1.018 2.74 2.16 1.33 7.95
MO1.024 3.65 3.17 1.19 13.79
Average 3.14 2.61 1.21 10.05

and CS operations.

It is to be noted that the eigenspace MECG signals (Figure [B.I]) have varying information content
(decreasing from top to bottom), and hence, varying sparsity. Highly sparse and low-informative
signals can be acquired in very few CS measurements and hence could undergo through intensive
compression. This flexibility in selecting the number of measurements can be used to control the data
rates in telemonitoring applications. Data rates can be increased or decreased according to the extent

of accuracy required at the healthcare centers.

3.4 Diagnostic Assessment of ECG Features

In a lossy compression technique, the loss of information is inevitable. Clinical feature assessment,
therefore becomes important in order establish the compression efficiency of an encoding technique.
The diagnostic quality of the reconstructed MECG signals is tested for several normal, pathological
and noisy MECG signals. Open source OSET toolbox [122] is used to identify the QRS complex (an

important ECG feature) in all the recovered signals, to ensure the feature preservation.
3.4.1 Noiseless scenario

In this section, the performance of the proposed method is evaluated on clean MECG signals which

belong to normal as well as pathological classes. Healthy control or normal ECG signals posses
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Figure 3.6: Original and reconstructed signal of Lead I taken from a healthy patient from PTB dataset s0465
at CR=13.18 and at sparsity constraint K _target = 208 with identified R waves in the reconstructed signal.
Alterations in the clinical segments are marked by arrows in the reconstructed waveform.

normal ECG rhythms (Figure [3.6) and their diagnostic information lies only in PQRST morphology.
Figure shows a Lead I plot from the dataset s0465 rem with its original and reconstructed signals;
along with identified QRS complexes. The reconstruction is achieved from its compressed form at
CR = 13.18. The quality of the reconstruction clearly shows the retention of the important clinical
features of a normal ECG with little distortion in P wave and a slight loss in the amplitude of QRS
complex (shown by arrows in the reconstructed signal).

In case of a pathology, the heart rhythms get altered and clinical information of the ECG sig-
nals may lie anywhere in the signal unlike the normal sinus rhythms. This reduces the sparsity of
the signal both in the time-domain as well as in transformed domain. A pathological ECG signal
exhibiting antero-septal myocardial infarction is shown in Figure It is taken from Lead I of
dataset s0410lrem from PTB database. Here, the diagnostic features are spanned over the entire sig-
nal waveform without any isoelectric line. For these types of pathological signals too, a satisfactory
reconstruction with good clinical fidelity is obtained with a relatively low C'R (=12.74 at 8-bit quan-
tization). Figure shows a different pathological case taken from Lead III of dataset s0007rem
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Figure 3.7: (a) Original signal of Lead I taken PTB dataset s0410lrem exhibiting antero-septal myocardial
infarction and its reconstructed version at CR=12.74 (b) Original and reconstructed signal of Lead III taken
from PTB dataset sO007rem exhibiting irregular pathological beats at CR=13.1 with identified R waves in the
reconstructed signals. Sparsity constraint is put at K _target = 208. Alterations in the clinical segments are
marked by arrows in the reconstructed waveforms.
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with highly irregular heart-beats. When reconstructed at CR = 13.1, it shows a good quality recovery
with a marginal loss in the amplitude that occur for a couple of notches present in the QRS complex
(shown by arrows). In all the above CS reconstruction, sparsity constraint is taken as K _target = 208

in the OMP algorithm.
3.4.2 Noisy scenario

The signal reconstruction ability of the proposed encoder is also assessed for cases of noisy MECG sig-
nals. As noise remains present in nearly all practical applications, this case study becomes important.
Two types of noisy signals are analyzed in this experiment: ECG signals with naturally present noise,
and ECG signals with artificially-added noise. Figure [3.8 depicts both of these reconstructions. A
noisy dataset M01_014 from CSE database with mostly powerline noise, a very common noise present
in the ECG during its acquisition, is compressed by the proposed encoder. Reconstruction is performed
at CR = 7.76 and waveforms are shown in Figure In the other experiment, clean pathological
data-set s0154_rem exhibiting palpitation has been corrupted by artificially adding 10 dB additive
white Gaussian noise (AWGN). Recovered signal at CR = 9.1 and average PRD (APRD)=10.6 % is
shown in Figure As evident from the recovered signals in both the cases, important clinical
features of ECG are almost preserved and noise level is significantly reduced. Nominal alterations
are noted in the reconstructed waveforms (indicated by arrows). This experiment also establishes the
denoising ability of the proposed algorithm in addition to good signal retrievability at high C'R values.
The denoising feature of the algorithm can be attributed partly to the rejection of insignificant PCs
that are mainly noise-dominated [120], and partly to the controlled selection of columns of ® (also
called atoms or bases) during CS reconstruction. The number of atoms (sparsity constraint) is reduced
to K _target = 35 in the sparse recovery algorithm OMP so as to select only highly correlated atoms,
leaving behind uncorrelated noisy atoms.

Therefore, it can be concluded that the proposed algorithm is applicable for all variants of MECG
signals having different morphologies. The compression efficiency may vary with different signals,
but diagnostic features are maintained in each case. This makes the reconstructed signals usable for
clinical purposes. To quantify the visual quality of reconstructed MECG signals, a subjective quality

measure called mean opinion score (MOS) is used. It is a qualitative-based distortion measure [79,/88]
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Figure 3.8: Demonstration of the denoising ability of the proposed technique. (a) Original noisy ECG signals
and reconstructed (denoised) signal from Lead aVL of dataset M01.014 of CSE database at CR=7.76 and
sparsity constraint K _target = 108. (b) Originally clean signal from Lead I added with 10 dB additive white
Gaussian noise (AWGN) and corresponding reconstructed (denoised) signal at CR=9.12 and K _target = 35.
The PTB Dataset s0154 rem exhibiting coronary heart-disease was used . Circles show the identified R waves
while arrows indicate the altered clinical segments in the reconstructed waveforms.

TH-1578_11610230 64



3.5 Comparison with the State-of-the-art Techniques

Table 3.4: MOS Error (in %) in ECG signals from different channels.

M OS error for different diagnostic features of ECG

Features/Segments Lead I Lead aVL Lead V5
of ECG signal

P-wave 8 10 4
PR-segment 10 16 8
PR-interval 4 8 4

QRS-complex 12 8 12
ST-segment 8 16 6
T-wave 6 8 2

Overall ECG signal 8 11 6.66

that measures visual distortions in the recovered signal. The evaluators for this subjective study
include two doctors, and ten research scholars and project engineers working in the area of biomedical
signal processing. Different diagnostic features of ECG, such as P-wave, PR-segment, PR-interval,
QRS-complex, ST-segment and T-wave are evaluated in a semi-blind test, where the evaluators are
provided with the originals and reconstructed versions of the ECG signal and are asked to find the
similarities between them. The quality rating used for this evaluation is as follows: 1 (bad), 2 (almost
tolerable), 3 (tolerable), 4 (good), and 5 (excellent) [79.88]. The average MOS error in percentage for
the ECG signals from the Lead I, Lead aVL, and Lead V5 for dataset M01_014 is given in Table 3.4
According to MOS rating [79], all the diagnostically-important features of ECG fall into the category
of very good signal reconstruction. MOS error for overall ECG signal is also calculated and Lead V5

was found with least MOS error of 6.66%.

3.5 Comparison with the State-of-the-art Techniques

A detailed performance comparison of the proposed technique is done with the existing CS-based
ECG data compression techniques and the results are shown in Table The channel-wise distortion
incurred during the entire encoding and the reconstruction process is compared in terms of same
distortion measures as used in the respective works. One of the recent CS-based work reported for
ECG signals is based on multi-scale CS for efficient MECG data encoding [44]. When compared with
this method in terms of PRD, SNR, and W EDD at almost same CR level (~ 10.26 : 1), the proposed

technique displays significant improvement (Table B.5). The improvement in the distortion levels is
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achieved due to the removal of redundant information across the channels using PCA before applying
CS on the resultant eigenspace signals. However, [44] does not exploit the inter-channel correlation.
It encoded and decoded all channels individually, corresponding to high frequency wavelet subband
matrices, resulting in a poor compression efficiency, or equivalently, higher distortions at a given CR
level. Another work reported in [34] presents a power-efficient data reduction technique based on joint
CS (JCS) for MECG signals exploiting the idea of joint sparsity. On comparison of the proposed
method with the JCS method, substantial gain in the compression performance is achieved with less
output distortions. At CR ~ 8 : 1, approximately the same as reported in [34], significant gain in
the reported reconstruction SN R is obtained in each channel’s ECG signal. This performance gain is
mainly due to exploitation of different correlations in MECG signals by the proposed method, which
helps increase the overall compression efficiency. On the other hand, JCS only targets inter-channel
correlations. A joint sparsity-based single-channel ECG compression work is presented in [97]. This
is implemented here for MECG signals for comparison purpose with the help of the source code
provided by the authors. We have used the same distributed CS (DCS) approach with simultaneous
OMP technique as in [97]. However, the concept of DCS did not work well for MECG since it gives
high PRD and W EDD values.

The present work is also compared with another multi-scale PCA (MSPCA)-based MECG com-
pression technique proposed by Sharma et al. [88]. Significantly reduced distortions are achieved for all
channels at the same reported C R = 5.98 for the same dataset. The improved performance gain was
expected due to the exploitation of sparsity of eigenspace MECG signals using CS framework in the
proposed work that was ignored in [88]. CS-based single-channel ECG compression works reported in
earlier studies [I,/46] show lower compression efficiencies. Individual channel processing in these works
does not allow to exploit the inherent inter-channel correlation that exists among different channels.
This leads to low CR, or high distortion at a particular CR as compared to the proposed work as
shown in Table
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Table 3.5: Performance comparison table
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Table 3.6: Computational cost of the proposed method in terms of average execution time required by the
algorithm for encoding and decoding.

Execution time (s) at each stage of the algorithm

Measurements
Eigenspace CS Total CS  Inverse Total
transformation encoding recovery PCA
400 0.0087 0.0035 0.0122| 0.3525 0.0043 0.3568
700 0.0129 0.0051 0.0180| 0.5402 0.0054 0.5456
1000 0.0112 0.0082 0.0194| 0.6168 0.0058 0.6226

3.6 Practical Considerations

This section discusses the proposed method in the context of some of the practical issues. The sensing
matrix responsible for data reduction in the CS operation is taken to be a random sparse binary
matrix having binary entries, i.e., Os and 1s only. This replaces the multiplication operation with a
simple addition operation reducing the computation burden at the encoder.

In order to analyze the computational cost of the proposed method, the average execution time
(CPU time) required in each stage of the algorithm is calculated. The simulation is done on MATLAB
R2010a using 3.20GHz Intel Core i5 system with 8GB RAM. Average time elapsed in each of the en-
coder and decoder module for one MECG data packet X € R3%0%® is given in Table for different
number of measurements (M ). It can be observed that the PCA module adds only a marginal delay
in encoding and decoding process while most of the CPU time is consumed by the CS module. CS
decoding being a computationally intensive task takes the highest CPU time (0.3525 s) for M = 400.
CS encoding that involves a simple matrix multiplication operation takes the least time (0.0035s).
Encoding and decoding time increases when more number of measurements are used for CS recovery.
This experiment helped us to infer that the use of PCA with traditional CS-based compression tech-
niques can boost up the compression efficiency with little increase in the computational cost of the
System.

For PCA implementation, certain statistical features of the data (mean and covariance) are required
and hence they need to be estimated at the run time. To realize joint PCA-CS practically, a training
and monitoring-based approach is usually adopted [50,119]. Here too, the joint PCA-CS framework is

implemented in two phases: training and monitoring. Statistical features are calculated in the training
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Figure 3.9: Reconstruction error analysis. (a) Variation of output signal reconstruction error in terms of PRD
w.r.t. number of samples used to compute signal statistics (means, covariance). (b) Output distortion variation
in terms of PRD for reconstruction of successive MECG data blocks using same eigenspace transformation
matrix P. Different plots show the distortion variation in cases when different number of samples are used to
compute signal statistics.

phase to find mean X and transformation matrix P, which are further used in the monitoring phase
for compressive measurement. To find the optimum number of training samples for computation of
signal statistics, the output reconstruction error in terms of PRD, is simulated at a fixed number of
CS measurements. Figure shows the error variation with respect to varying number of training
samples. It can be observed that the error trend decreases with an increase in number of samples.
Hence, sufficient number of training samples should be included to compute signal statistics. Also, the
error fluctuation minimizes and almost settles to a minimum at higher number of training samples.
Unlike other non-stationary signals, the training module may not be required to update quite
frequently for ECG signals, thus minimizing the number of computations at the encoder. ECG signals,
though considered non-stationary [121], are slowly varying in nature. Because of this, the statistical
features of MECG do not change significantly over time for patient-specific applications, until a sudden
arrhythmia is reported. Therefore, PCA transformation matrix P, once calculated with sufficient

number of training samples, may be used for subsequent incoming data blocks. Training module may
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not need to be updated at each instance of the data acquisition. A simulation study is conducted to
support this statement. Simulation results for dataset s0443_rem are depicted in Figure Five
successive data blocks of the dataset are reconstructed after joint PC-CS operation with the same
eigenspace transformation matrix P for each block. It may be noted that the output reconstruction
error, in terms of PRD, slightly fluctuates, but remains approximately same for a number of incoming
blocks. Significant change is only noticed after four to five blocks. Thus, in a scenario involving
tolerable error, this observation remains valid. Matrix P can be recalculated after some time to follow
the statistical changes in the data, if any. This may help in lessening the computational burden at
the encoder at a cost of marginal increase in error. Hence, despite the computational cost incurred in
the training phase, PCA can be successfully employed with CS to produce substantial improvement

in terms of compression efficiency as compared to the existing CS-based MECG data compression

techniques (TABLE [3:0)).
3.6.1 Evaluation of computational complexity

To calculate the computational cost of the proposed method, the algorithmic complexity of PCA and
CS needs to be calculated. The PCA operation consists of two steps: covariance matrix calculation
and eigenvalue decomposition. So, the computational complexity of PCA will depend on these two

RN*L covariance calculation involves N L? number of multiplica-

operations. For a data matrix X €
tions. On the other hand, eigenvalue decomposition involves a worst-case multiplication complexity
of O(L?) [123]. Therefore, total complexity involved with PCA operation is O(NL? + L3). The stan-
dard joint CS-based algorithms show the complexity of the order of O(dN L) [34] when random sparse
binary sensing matrix ® is used with d number of 1s in each column. Therefore, the total complexity
involved with the proposed joint PCA-CS approach is O(NL? + L? + dNL).

We have also compared the computational complexity of the proposed method with the existing CS-
based methods. The performances of these methods have already been compared with the proposed
method in the previous section. Complexity is calculated in terms of order of the signal length
(N) and execution time, and shown in Table B A recent CS-based technique with a DWT-based
preprocessing is reported in [44]. This follows a multi-scale CS (MCS) approach for MECG signal

encoding. This method has computational complexities of DWT and CS together. The complexity
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Table 3.7: Comparative study of fcomputational cost of the proposed method and existing methods. Execution
time is the average CPU time required by the algorithms for encoding and decoding of one MECG data frame

X e RBOOOXS
Encoding time (s) Decoding time (s)

Techniques Complexity

order Data Quantization Total Huffman Time-domain  Total
compression & encoding decoding recovery

MCS [44] O(NlogN + dNL) 0.0102 1.0107 1.0209 2.7271 8.6482 11.3753
JCS [34] O(dNL) 0.0081 1.2502 1.2583 4.3704 11.9402 16.3106
DCS [97] O(dNL) 0.0093 1.3541 1.3634 6.0345 0.0276 6.0621
MSPCA [8§] O(NlogN + NL? + L?) 0.0211 1.1371 1.1582 5.6405 0.0274 5.6679
Mamaghanian [I] L x O(dN) 0.0188 1.2421 1.2609 4.6620 21.2817 25.9437
WLM [46] L x O(dN) 0.0196 0.9843 1.0039 4.0405 18.8602 22.9007
Proposed O(NL?+ L?+dNL) 0.0235 0.5242 0.5477 2.1234 0.2879 2.4113

TAll computations are done on the same computing platform having 3.20GHz i5 system with 8GB RAM.

of DWT is O(NlogN) [124] and for CS it is O(dNL) [34]. So, the total complexity of the method is
O(NlogN + MN). There are two traditional CS-based methods: joint CS (JCS) [34] and distributed
CS (DCS) [97], which are used for MECG data compression. The encoding steps are same in both
cases, while the decoding algorithms are different. Both the JCS and DCS have same data encoding
complexity, i.e., O(dNL). A CS framework for single-channel ECG data compression was employed in
[146]. Both the above techniques have ability to perform individual channel CS processing. Therefore,
for L ECG channels, their complexity level is L x O(dN). The comparison is also done with a multi-
scale PCA (MSPCA)-based work [88], which uses PCA at each wavelet scale to exploit inter-channel
correlation for MECG data compression. It has combined algorithmic complexity of DWT and PCA,
i.e., O(NlogN + NL? + L?), as given in Table B.7.

Therefore, by observing the algorithmic complexity of different methods in terms of the signal
length N and the number of channels L, it may be concluded that, though the performance of the
proposed method is superior to the existing methods (Table B.3)), this performance gain comes at the
cost of a moderate increase in the computational complexity. However, this additional theoretical com-
plexity of the proposed joint PCA-CS approach is not significant enough to be noticeable in practical

applications. This is because, practically, the signal length N (= 3000) and number of channels L(= 8)
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may not be large enough to significantly affect the computational cost of the system. To support this
statement, we compared the average execution time required by each of the aforementioned algorithms
for encoding and decoding of same MECG data block X € R3000%8 ysing same computing platform.
Results are shown in Table 37 It is observed that the proposed method requires relatively higher
time at the data compression stage compared to the traditional CS-based methods, JCS, DCS, MCS,
but has comparable execution time with the rest of the methods. Also, if we include the quantization
and entropy encoding time with data compression time, then the proposed method performs better
than the rest of the techniques. Overall, the MECG data can be encoded nearly twice as fast by the
proposed method (0.5477s) compared to other techniques (Table 3.7)). Similarly, the proposed method
requires less than half of the time (2.4113s) required to decode the same data block as compared to
the fastest MSPCA technique (5.6679s). The DCS (0.0274) and the proposed technique (0.2879s) use
greedy algorithms for sparse recovery. The greedy algorithms are relatively faster than the convex
optimization-based CS recovery algorithms employed in the rest of the CS-based techniques. Addi-
tionally, in the quantization and entropy encoding/decoding phases, all the techniques have to process
data corresponding to all eight channels, whereas the proposed method needs to process only principal

eigenspace signals, which decreases the overall encoding and decoding time.
3.6.2 Power consumption analysis

In this section, analysis of power consumption by the proposed method and other existing methods is
carried out by following a power model reported in [125]. This model was employed in several earlier
studies [37.[58] for comparative power consumption analysis in remote monitoring applications with
CS-based compression systems. It is shown that the total power in such systems is contributed by

three different types of powers:
-Ptotal = Psense + Pproc + Ptrans (39)

The power consumed in signal sensing Piepse comprises of two factors: amplification (FPpmp) and
analog-to-digital conversion (Papc). Therefore, for L number of channels, it is given by: Psepse =
L(Pymp~+ Papc). Processing power (Ppyroc) involves two types of powers, Ppca and Pog corresponding

to PCA and CS operations. Again, Pcg comprises random number generation (Pryg) and matrix
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multiplication operations (Pp,,;). Hence, Pp.oc = Ppca + PrNG + Pt Transmission or communi-
cation power (Pj.qns) depends on the communication protocol, which makes it difficult to model it
uniquely. In general, it is given as Py.qns = LJ fsR, where J, fs; and R are transmission power per
bit, sampling frequency, and number of bits per sample, respectively. The proposed method reduces
the transmission power by 1/CR times by compressing the data to be transmitted. Thus, the total

power consumption in the proposed system is given by:
Piotar = L(Pamp + PADC) + Ppca + Pryna + Powt + (1/CR)LstR (310)

Now, if Py, is the power consumed by the proposed system when there is no data communication,

then the transmission power in (3.9) will be zero, i.e., Pyqns = 0. From (B39) and (BI0),
Psys = Fsense + Pproc = L(Pamp + PADC’) + PPCA + PRNG + Pmult (311)

Furthermore, if the proposed system consumes P,ocomp amount of power when data is transmitted

without any compression, then the term 1/C'R will vanish from B.I0), and Pocomp Will be given as:
Pnocomp = L(Pamp + PADC) + PPC’A + PRNG + Pmult + LstR (312)

To get an idea of power cost of the proposed system, we followed the steps suggested in [37,/58/[125],
where the authors referred to hard values of different types of powers involved in (3:I0), from different
studies for approximate power calculation. A hardware-based study done in [126] reported that a
CMOS amplifier with gain 67.7 dB consumes F,;,,;, = 0.274 uW power during ECG signal amplification.
The ADC power is taken from [127] as Papc = 0.2 uW for 12-bit resolution (R) and sampling
frequency fs = 500 Hz. For Ppc 4, we have referred to the work in [128], which proposed an efficient low
power VLSI architecture for PCA implementation. Their study shows that PCA operation consumes
152 pW, 282 uW, and 521 uW power for 16, 32, and 64 features or channels, respectively. It can
be seen that Ppca scales almost linearly with the number of channels. Therefore, the average power
consumption per channel comes out to be 9.50 W, 8.81 uW, and 8.14 uW, respectively in each case.
Taking average of the three cases, Ppc4 per channel is 8.82 uW. The values of Pryg = 3 pW [129]
does not scale with the channels as the same random sensing matrix ® is used for each channel. The

power Pp,,;x = 352 uW is taken from [125], which is the maximum power in worst case scenario for the
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systems having 64 or less channels assuming the DSP chip from TI MSP430 family. Authors in [130]
estimated the transmission energy per bit (J) to be 5 n.J.

Taking the above state-of-the-art figures, total power consumed by the system is given as: Py, =
8 x (0.274 4 0.2) + 8 x 8.82 + 3 + 352 = 429.35 uW and power consumption during data transmission
(without compression) is given as: Procomp = 3.79470.56 + 3 + 352 +- 240 = 669.35 uW. On the other
hand, there is Py = 3.79 4 70.56 + 3 + 352+ 240/18.86 = 442.07 uW power consumption when data
is transmitted in compressed form using the proposed compression algorithm. So, a power saving of
33.95% can be achieved by the proposed method as compared to the case when data is transmitted
in raw form (without compression).

Following the same power model (3:9), power consumption is also calculated for other existing
methods [34,1441[88[07]. Taking the same value of CR as reported in the above works, power in dif-
ferent studies is given by: Pycs = L(Pamp + Papc) + Powr + Prng + P + (1/CR)LJ foR =
3.79 4+ 8 x 100 + 3 + 352 +240/10.26 = 1182.2 uW (Taking Ppwr = 100 uW per ECG channel [I31]),
Pjos = 3.79 + 3 + 352 + 240/8 = 388.79 puW,

Ppcs =3.79+ 3 + 352 4 240/5.98 = 398.92 puWV,

Prrspoa = 3.79 4+ 800 + 70.56 + 240/5.98 = 1269.5 uW/,

Phrramaghanian = 3.79 + 3 + 352 + 240/4.54 = 411.65 pWV,

Pwram = 3.79 4+ 34 352 4+ 240/8.09 = 388.45 .

From this study, it can be concluded that the proposed method (442.07 uW') saves significant amount
of power (65.18%) as compared to the DWT-based preprocessing methods (1269.5 W) [88]. How-
ever, it consumes a little higher (12.13%) amount of power as compared to the CS-based techniques
(388.45 uW) [46]. If we see the overall power to compression ratio (PCR) i.e. power required for
unit compression, then the proposed method is found to have lower PCR (23.44) than the CS-based
techniques (48.01 for WLM). This is due to higher compression efficiency of the proposed method as
compared to the CS-based techniques (Table [3.5]).

It must be noted that the authors in [37,[58[125] have used the power calculation formula (310
for theoretical power calculations only. Different values of power incurred in different processes are
taken from other studies, e.g., the value of J is taken for a particular processor family. Its value may

change for some other processor. We have also used the model (B.I0) only for the comparative study,
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keeping the same parameters in all the cases.

3.7 Summary

In this chapter, a joint PCA-CS approach is investigated for MECG signals. PCA over MECG signals
facilitates the application of CS framework in eigenspace. PCA is used to decorrelate the mutually-
correlated 12-channel ECG signals, and capture their clinical features in reduced-dimension eigenspace
signals. Sparse eigenspace signals are then randomly projected on to a sparse binary sensing matrix to
obtain the compressed measurements. Using orthogonal matching pursuit (OMP) and inverse PCA,
original data is successfully recovered while preserving the important clinical features. The algorithm
is evaluated on a data compression platform for a variety of pathological, noisy and normal MECG
datasets. Higher data compression performance is achieved for the proposed method compared to
state-of-the-art CS-based techniques because of exploitation of spatio-temporal redundancies present
in MECG system. Higher compression efficiency at reduced signal distortion helps reduce the overall

volume of the data to be transmitted, thus saving the transmission power cost.
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4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

As we observed in the previous chapter that joint processing of all ECG channels is advantageous
over individual channel processing due to their spatially shared information. Therefore, channel-by-
channel processing of MECG is not optimal in terms of the computational cost as well as the system
performance. A joint principal component analysis (PCA)-compressed sensing (CS) approach was
introduced in Chapter B] to deal with all the channels together. PCA was used to decorrelate the
spatially correlated MECG signals and the resulting principle sparse eigenspace signals were gone
through further dimensionality reduction using CS. In this chapter, to reduce the processing steps
at the encoder in order to minimize the computational resources, we explored new ways to process
correlated MECG signals in the CS framework. A new CS model called multiple-measurement-vector
(MMV) model [106] is employed, where all the channels’ data is compressed simultaneously using a
simple matrix multiplication with a random sparse sensing matrix having very few nonzero entries (of
unity magnitude). The inter-channel correlation information is exploited at the decoder to recover all
the ECG channels simultaneously. In this way, most of the processing steps and corresponding com-
putational requirements are transferred from encoder to decoder. It is very important from the energy
saving point of view, as in telemonitoring applications decoding is performed at hospitals/healthcare
centers, which are more resourceful than the encoders, which are highly resource-constrained. The
MMV CS model has not been well explored for ECG signals as most of the existing CS-based works
employ the traditional single-measurement-vector (SMV) model [1,41,44.46], which allows only single
channel processing.

In addition to employing a low-complexity encoder, a joint CS recovery algorithm based on
weighted mixed-norm minimization (WMNM) is also proposed in this chapter. WMNM exploits
the wavelet domain joint sparsity of MECG signals for their simultaneous reconstruction. Recently,
a similar traditional (non-weighted) mixed-norm minimization (MNM)-based recovery algorithm [34]
is reported for a CS-based MECG data compression /reconstruction task. It is to be noted that when
the number of measurements is low (at higher compression ratios), the performance of the traditional
MNM algorithm was observed to be unsatisfactory. While reviewing this work in Chapter [2, this
fact is demonstrated through reconstruction results in Section The amplitude dependence of the
MNM algorithms, similar to traditional /;-norm minimization algorithms, might be the reason behind

this under-performance [I32,[I33]. Due to the amplitude dependence, the nonzero rows corresponding
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to the higher coefficients in joint sparse representation are penalized more than those corresponding
to the lower coefficients during the optimization procedure [132]. Hence, the MNM algorithm used
in [34] is unable to preserve the clinically important higher wavelet coefficients during joint MECG
recovery. The problem gets more pronounced when the number of measurements is less, which re-
sults in higher reconstruction error. To address this issue in SMV formulations, methods based on
iterative re-weighting were proposed [132,[134]. These algorithms received significant attention due to
their improved performance over their non-weighted counterparts. Thus, it can be concluded that the
weighting approach allows more flexibility and enables easy incorporation of additional constraints in
the joint optimization problems [I34]. This motivated us to use a coefficient-level weighting approach
in the traditional MNM-based recovery algorithms. This is expected to further improve their recovery
performance, especially at low measurement rates.

The proposed weighting strategy in WMNM algorithm intends to prioritize the higher amplitude
ECG wavelet coefficients whose indices form the row support of jointly sparse MECG signals during
the joint CS-based reconstruction. The insignificant lower amplitude coefficients are de-emphasized
simultaneously. These coefficients correspond to the indices that are more likely to fall outside the row
support of jointly sparse MECG signals, and therefore are expelled from the row support in the final
solution. It enhances the sparseness of the solution and reduces the number of measurements required
for accurate recovery. The traditional MNM-based algorithms lack this flexibility. Additionally, a
pre-defined weighting rule based on the prior knowledge about MECG wavelet representation is also
explored that exploits prior structural knowledge about the common support of diagnostically relevant
MECG wavelet coefficients to determine the weights.

This chapter is organized as follows: Section [A.I] discusses about the conditions of simultaneous
reconstruction under MMV modeling and how it is applicable to MECG signals. Section discusses
about the detailed joint CS processing steps followed by experimental results in Section Com-
parative results are presented in Section .4l Issues related to practical applications of the proposed
method are discussed in Section Section highlights the advantages of joint MECG processing
through MMV CS over SMV CS. Summary of the chapter is given in Section [£.7]
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4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

4.1 Joint CS for Multi-channel ECG Signals

The spatially correlated structure of MECG signals enables the joint processing of all the channels
in a joint CS framework. This spatial or inter-channel correlation generates common supports, which
allows simultaneous compression/reconstruction of all ECG channels together.

In this chapter, a multiple-measurement-vector (MMV)-based CS model [106] is employed, which
assumes a row-sparse or group/joint sparse structure for wavelet domain representation of MECG
signals. The MMV, or row-sparse modeling of the MECG signals, helps exploit the natural group
sparsity of different channels, which is present because of their correlated structure. However, strict
joint sparsity is difficult to achieve in case of real world signals like MECGs. Though each channel
share common support information, at the same time each channel conveys some unique pathological
information. Due to this reason, sparsity is found to be varying slowly in each channel (Figure
23). But, the slow time-varying sparsity across the channels may not have noticeable effect on final
reconstruction quality. One of the reasons for this is the high sparse nature of ECG signals from each
channel in wavelet domain and their highly correlated structure. Due to these characteristic features,
row sparsity of joint MECG wavelet representation could be ensured to be less than (N + L)/2, a
required condition for MMV recovery [105]. Here, N and L are the number of wavelet coefficients in
each channel and number of ECG channels, respectively. Also, varying support information of each
channel that leads to time varying sparsity, is found mostly corresponding to high frequency subband
coefficients as discussed in the motivation section of Chapter 2l and shown in Figure Since these
subband coefficients are not very important from clinical point of view [81,[109], the recovery results
are expected to be least affected. Also, because of this, dynamic sparsity can be assumed to be

approximately static in case of MECG and common support (row-sparse) assumption remains valid.

4.2 Proposed Joint CS Framework

The MECG signals taken from eight fundamental leads are jointly CS encoded using a random bi-
nary sensing matrix (with very few ones) at the encoder. The resulting compressed measurements
are collected at the decoder where all the ECG channels are simultaneously reconstructed with the
help of proposed recovery technique. The compressed measurements can be quantized and Huffman

encoded to further enhance the compression efficiency of the system. The main contribution of this
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work focuses on the joint reconstruction algorithm that uses a weighting strategy to emphasize the
clinically relevant high amplitude wavelet coefficients while exploiting the underlying inter-channel
correlations. The aim is to improve the diagnostic reconstruction quality of ECG signals at a reduced
number of measurements. A block diagram is shown in Figure 1] which illustrates all the important
steps involved in the proposed method. The detailed description of the proposed method is given in

subsequent subsections.
4.2.1 Joint MECG compression

Joint CS or multi-channel CS enables simultaneous compression/reconstruction of all the ECG chan-
nels using an MMV modeling approach. Let X = [x1, x3, x3, ..., x1] € RV*L be the data
matrix whose columns represent the L channels of N-dimensional MECG signals. Furthermore,
let us represent the ECG signals from all the channels using same orthonormal wavelet basis ¥ =
[1, 2,3, ..., pN] as X = WA, where A = [a1, as, as, ..., ar] € RVX! is a matrix containing

the wavelet coefficient vectors. Since the channels share common mutual information, most of the
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Figure 4.1: Block diagram of the proposed method
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4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

ECG signal information in all the channels lie only in the lower frequency wavelet subbands. Diag-
nostically relevant information present in the high frequency wavelet subbands is very small or almost
negligible (refer to Figure[2.2)). Therefore, X can be assumed to be row- or joint-sparse in the wavelet
domain, wherein the information is confined to a few nonzero rows only. Following the MMV model
of CS theory [106] as discussed in Chapter [2] compressed measurements corresponding to all time
domain ECG channels are obtained using (ZI5). Thus, unlike to eigenspace CS approach proposed
in previous chapter, here directly the time-domain MECG signals are jointly compressed through CS,
reducing the computational burden of the encoder. The compressed measurements can be quantized
and entropy encoded to remove the redundancies further as shown in Figure Il An uniform quantizer
is used for the quantization purpose followed by Huffman encoding.

Now, to exploit the wavelet domain row-sparsity of MECG signals, joint CS recovery at the decoder
is performed in the wavelet domain using the sparsifying bases ¥ in (2.I58]). The recovery equation
can be given as:

Y =3TAZ2 04 (4.1)

where ® = ®W. The problem formulated in (#1]) can be viewed as an MMV problem intended to
simultaneously recover signals of all the ECG channels in X, using their compressed measurements in
Y at the decoder. The sensing matrix ® € RM* ysed here is a binary sparse random matrix that
satisfies a modified restricted isometric property (RIP), referred to as RIP, [1]. Sparse matrices are

memory efficient and involve lesser computations, thus help minimize the computational cost at the

encoder [46].
4.2.2 Joint MECG reconstruction using weighted mixed-norm minimization

The compressed measurements are sent to the remote healthcare centers, where the proposed weighted
MNM-based joint sparse recovery algorithm is employed to jointly recover all ECG channels. This
section discusses the development of the proposed MECG recovery approach.

Solution of the MMV problem in (41]) in noisy case, Y = @A + V, is achieved by solving the

following standard MNM-based convex optimization problem [106]:

min [|Al], , such that Y —O@A|p<e (4.2)
A

TH-1578_11610230 82



4.2 Proposed Joint CS Framework

where V is the additive measurement noise, ¢ is the noise tolerance limit, and ||.||» is the Frobenius

norm. The term [|Al|, - denotes the £, ; mixed-norm of coefficient matrix, A, and is defined as:

N
1AL, = O [la77[|7) (4.3)
j=1

A (p>

Corresponding to three different sets of values for p and ¢, i.e., (p,q) = {(1,1), (2,1), (c0,1)},

1/p

2

where A7/ denotes the j-th row of A, and ||.|| p 18 the p-th norm defined as <Z

three cases of ([A.2]) are analyzed. In all these cases, the final sparsity inducing-norm is kept the same
(i.e., £;-norm), while the inner-norm is varied. The ¢3-norm promotes denser solutions than the ¢;-
and fs-norms [106]. Hence, the mixed-norm with p = 2,¢ = 1 results in better joint reconstruction
performance and is employed in this work for further studies. Hereafter, the mixed-norm is referred to
as a combination of ¢1- and ¢>-norms, denoted by ¢ 1. The {5 ;-mixed-norm acts as a group-sparsity
inducing norm and exploits the fact that the nonzero sparse coefficients of all the ECG channels
are naturally grouped together. Dense solution is promoted by taking fs-norm over each row of A
and then the outer ¢;-norm, i.e., sum of £s-norm of each row, forces the selection of only few rows.
Thus, the ¢5 1-mixed-norm, also referred to MNM, exploits the inter-channel correlation of the MECG
signals while promoting row-sparsity. In the following, we propose a weighted MNM algorithm to
jointly recover MECG signals.

In [I35], it was assumed that the coefficients of an optical spectrum signal follow a Laplacian
distribution due to their sparse characteristics. This assumption was further adapted for wavelet
coefficients of single channel ECG signals due to their wavelet domain sparse behavior [46]. In an
MMV approach for MECG signals, sparsity is enforced on the dense coefficients obtained after taking

the £5-norm on each row of A for a row-sparse solution. The dense coefficient vector is given as:

AL = (A7 |7 AT AL (4.4)

where

A2 = ||A||, = (@) + (@) + .+ (0]), j=1,...,N (4.5)

Here, O/L denotes the j* wavelet coefficients of L ECG channel. Thus, the vector A® is a joint

wavelet coefficient vector, which integrates information from all the channels. Taking a prior on the
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4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

entries of A’ that promotes row-sparsity, coefficient matrix A can be estimated following a maximum
a posteriori (MAP) approach. We assumed entries A?, 7 =1,..., N, to be independent and Laplacian
distributed and additive noise V' to be Gaussian of unknown variance o2 with independent and
identically distributed (i.i.d.) entries. These assumptions are consistent with the assumptions taken
in [46], where the Laplacian assumption was taken as a sparsity encouraging prior in SMV recovery.
Here, the essence of MAP estimation is extended from SMV [46,135] to MMV case to estimate A in
#2). With standard deviation o, Laplace distribution of the elements of A" can be defined as:
Lo
ijl/% exp(—ﬁ%) (4.6)

MAP estimation of A can be deduced by maximizing the posterior probability p(A®|Y,®) with

p(A?) =

2
||Y—®A||F)
202,

likelihood function p(Y|®, A%) o exp(— for Gaussian noise. Using Bayes rule:

Aprap = argmax p(A[Y,©)
——

A
= argmax (logp(Y|®, A2) + ¥ log p(A%
gA (log p(Y'| ) %: gp(A;%))
2 £l
= argmin([YZOAlE | 5~ V24
T n E J

The above equation can also be written as,

Apap = in -y — @4 +x Al2 4

MAp—argm1n§H — HF+ ij ¥ (4.7)
A J

where w = [0—1%,0—1%,...,%)], and A is a tuning parameter. This is a weighted version of (£2) (with

p=2,q =1) and is referred to as weighted MNM (WMNM). Under the Laplacian prior on ¢3-norm of
each row of A (i.e., entries of vector A£2) and with the assumption that each entry has equal standard
deviation o, j =1,...,N, the standard (non-weighted) MNM algorithm in (@2) can be seen as a
special case of (E.7]).

However, the same standard deviation assumption for all the entries of A% does not reflect the
reality. This is because the elements of A2 are the dense coefficients corresponding to different
wavelet scales. Since, the magnitude of detail subband wavelet coefficients at different scales decays

exponentially with increase in resolution level, it gives unequal standard deviation for each coefficient.
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Figure 4.2: PDF plot of entries of A® corresponding to four high frequency wavelet subbands

This statement can be supported by probability density function (PDF) plots of four detail subbands,
given in Figure[L.2] where different standard deviations at each scale can be clearly observed. However,
if the weight vector w can be constructed, there are many standard approaches available to solve
the joint sparse reconstruction problem (£7). Depending on the understanding of the underlying
problem, there can be different ways to construct the weight vector w. A proper selection of weights
wj,j = 1,2,...,N, in (&) can significantly improve the performance of ([£2). The weighted la1-
mixed-norm acts as the weighted /1-norm over the vector resulted after ¢5-norm of each row of A.
The weighted l9 ;-mixed-norm tries to find a local minimum of the concave penalty function that more
closely approximates the [i-norm to the [p-norm, similar to the reweighted [; algorithm presented
in [132]. This improves the overall joint recovery performance of non-weighted 3 ;-mixed-norm. Two
different weighting rules are explored for WMNM. In the first case, the weights are based on fs-norm
of nonzero rows of A (adaptive weighted mixed-norm minimization (AWMNM)). In the second case,
the weights are chosen based on the a priori information (binary weighted mixed-norm minimization

(BWMNM)).
4.2.2.1 Adaptive weighted mixed-norm minimization

In this approach, an adaptive weighted mixed-norm minimization (AWMNM) algorithm based on
adaptive weighting strategy is proposed. It aims to perform a more democratic penalization of the

nonzero rows of joint sparse matrix A, and thus, reduces the amplitude dependence of the traditional
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non-weighted I 1-mixed-norm. The weights are chosen according to an inverse relation to the ¢o>-norm
(i.e., energy) of each row. The nonzero rows with higher energy (corresponding to the low frequency
wavelet coefficients) are assigned small weights, while the nonzero rows with lower energy (i.e., high
frequency wavelet coefficients) are assigned large weights. The justification for such a weighting is
evident from (£7). Here, it can be noted that small weights emphasize the nonzero rows associated
mainly with the clinically important high amplitude wavelet coefficients. On the other hand, large
weights de-emphasize such rows. Therefore, the rows from lower energy subbands (clinically less
important) are pushed towards zero and their corresponding indices are more likely to be thrown out
of the row-support of the final solution. This, in turn, leads to a row-sparse solution. The weight for
the j-th row of source matrix A at (¢ + 1)-th iteration is calculated using coefficients of the respective

row estimated in the previous iteration as follows:

Wil = ((A2)! + P27, pe[0,2] (4.8)

The weight exponent, p, is a user defined parameter that relates the weights to the energy of nonzero
rows. For p = 0, the weights are in inverse relation to the subband energy. On the other hand, for
p = 2, the weights become unity, i.e., a case of non-weighting. The parameter € is a small nonzero
scalar introduced to make the algorithm stable in the case of zero-valued coefficients. The performance
of the algorithm is found to be fairly robust to the choice of € (described later in Section A.6]). A more
precise value of € can be obtained by calculating the 10% of standard deviation for the ¢5-norm of the
NONZEro rows.

Steps involved in the joint MECG reconstruction through the adaptive weighting are given in
the Algorithm [Il The proposed weighting strategy is implemented by initializing the weights w;, j =
1,..., N, with unity. A weighted MNM problem is solved in each iteration and the weights are updated
iteratively based on the solution of previous iteration. In Step 1 at iteration ¢ = 1, a non-optimal
solution for the coefficient matrix A is obtained using the unity weights. The coefficients of the matrix
A are now used to derive more accurate weights according to the relation given in (£8]), and are used
in the next iteration. These weights are further used to estimate a more accurate A in the following
iteration. This process is repeated until convergence, or until the maximum number of iterations is

reached. For the convergence, the error should fall below a predefined threshold value (p). We have
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4.2 Proposed Joint CS Framework

Algorithm 1 Proposed Weighted Mixed Norm Minimization (WMNM) Algorithm for the Joint CS
MECG Recovery

Initialize: € = 0.2, p=0.2, p=10"% w! =1, (j = 1 to N), iteration count, t = 1. Set ;e = 3.
Step 1. Solve weighted ¢35 ; mixed-norm minimization problem to jointly reconstruct the row-sparse MECG

wavelet coefficient matrix At
min ||A||w;72’1 such that Y —©A| <e.

A

Step 2. Determine the weights w§, j=1,...,N from (£8) using the estimated matrix At
Step 3. Update the weights with the currently estimated weights w§

1t
wi = wj
. Al A . .
Step 4. Stop on convergence i.e., AT < porift=tpn.. Else, goto Step 1 and increment t.

Step 5. At t = t,42, recover time domain MECG signals using X = T Atmas |

experimentally chosen p = 1072 and t,,4, = 3 for all the simulations. Thus, the adaptive weighting
strategy produces more focal estimates of the signal as the optimization progresses. Consequently, the

reconstruction quality of the MECG signals improves iteratively.
4.2.2.2 Binary weighted mixed-norm minimization

In addition to the iterative reweighting strategy proposed in previous subsection, the weights w;,j =
1,..., N, can also be set on the basis of some prior structural knowledge about the MECG wavelet
representation. In this case, the MECG recovery can be done in Step I of the algorithm [Il As
discussed earlier, in the joint sparse approximation of MECG signals in the wavelet domain, most of
the ECG features containing the important pathological information fall in the low frequency subbands
[81]. The wavelet coefficients in these subbands are always expected to be nonzero. Consequently, the
indices corresponding to those entries are highly likely to fall within the row support of jointly-sparse
MECG signals. This prior support information can be used to determine a set of pre-defined weights.
For n levels of wavelet decomposition, we have considered three low-frequency subbands (A,, D,,
D,,_1) as clinically relevant subbands since most of the ECG features lie in these subbands (constituting
more than 80% of subband energy) [81]. Small weights are used for the entries corresponding to these
subbands in order to preserve the corresponding indices in the row-support of the final solution. The

likelihood of having only nonzero wavelet coefficients in other detail subbands is very low (refer to
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Figure 23). This is because of the low energy and minimal diagnostic contents of these subbands.
Hence, relatively large weights are used for the coefficients in rest of the detail subbands. Because of
the large weighting factors, the indices corresponding to the insignificant coefficients are kept out of
the row support in the final solution. This promotes sparseness of the solution at right positions. At
the same time, it also improves the joint recovery without compromising with the diagnostic fidelity.

A simple case of binary weighting has been discussed in this paper. In this case, the weights
corresponding to the coefficients in three lower frequency subbands are set to zero, while those corre-
sponding to other detail coefficients are set to unity. This approach is referred to as binary-weighted
MNM (BWMNM) in this work. The BWMNM not only makes the recovery non-iterative but also
improves the recovery performance as compared to the traditional MNM.

The joint optimization problem in (4.7) can be cast as a semidefinite programming problem and
could be solved using interior point methods [I06]. Other faster algorithms like the class of proximal

methods are also available to solve the problem (4.7) [34].

4.3 Joint Compression/Reconstruction Analysis

The performance evaluation of the proposed scheme is carried out on various publicly available MECG
databases, such as PTB, INCART, NSTDB, MIT-BIH [2,3], and CSE [4]. From each of the processed
channels, a window of signal length N = 512 [34] is extracted to construct a data-matrix X € R512x8,
This data-matrix is termed as the data packet. Experiments are performed on 30 such data packets,
taken from each of the datasets. The Daubechies-4 (db4) wavelets are employed as the sparsifying
bases for the ECG signals. The number of levels in the wavelet decomposition is decided on the
basis of sampling frequency and decomposition level relationship suggested in [80]. The compressed
measurements are obtained by jointly encoding all the channels through a random sparse binary
sensing matrix ® € RM*512 with binary entries, i.e., 0s and 1s. Each column of ® contains only d
number of nonzero values equal to 1 at random positions [46]. The value of d is chosen in accordance
with earlier studies [1[45]. These studies suggest a value of d = 0.025 x N in order to have a good
trade-off between the signal sensing capability and computational time. Different values of M are

used to get varied performances of the proposed algorithm. The results are averaged over 100 trials

with different realization of the random sensing matrix ® in each trial.
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Table 4.1: Performance comparison between the proposed and existing algorithms for joint CS recovery of
MECG signals.

. Measurements . Different ECG channels
Techniques Metrics Database

(M) LeadI LeadIl V1 V2 V3 V4 Vb5 V6

PRD 22.83 39.72  26.25 31.06 29.85 28.43 26.15 24.93
SNR 12.83 8.03 11.63 10.17 10.50 10.92 11.65 12.06

MNM [34] 100
WEDD 20.15 39.61 24.93 3241 33.02 34.16 31.70 22.06
QS 0.65 0.37 0.57 0.48 0.50 0.52 0.57 0.60
PTB
PRD 10.27 29.16 9.92 6.92 6.87 7.41 7.90 11.70
(s0043irem)
SNR 19.77 10.70  20.07 23.19 23.25 22.60 22.04 18.63
Proposed 100
WEDD 8.36 26.84 8.97 6.87 7.85 8.98 8.04 9.77
QS 1.46 0.51 1.51 2.16 2.18 2.02 1.89 1.28
MCS [44] 100 20.26 19.51 14.66 13.97 17.73 1891 19.35 15.88
PRD CSE
Proposed 100 18.97  19.51  13.47 12.22 1247 12.95 14.05 13.18
SGAP [136] 200 - 2.8 3.4 - - - - .
PRD MITDB
Proposed 200 . 2.5 2.8 - - ks K _
MBSBL-FM [137] 200 NMSE -22.8 - = - L - _
DalSy
Proposed 200 (dB) -23.2 = - - - - R F

The fraction of the common support [45] is found to be increased by limiting the total number
of ECG channels to 8, instead of 15. It increased up to 15% in case of 8 channels as compared to
15 channels. This helps improve the recovery performance further. The rest of the supplementary
channels of the standard 12 channels MECG can be synthesized after reconstructing the independent

channels at the decoder using linear lead relations given in Chapter [
4.3.1 Performance measures

The performance evaluation of the proposed method is carried out using some of the widely used
performance metrics, such as the percentage-root mean square difference (PRD), and reconstruction
signal-to-noise ratio (R-SN R) [45]. Because of lesser clinical acceptability of the above defined distor-
tion measures [I], we have also employed a few other metrics that are specifically used as diagnostic
distortion measures for the ECG signals. These metrics include the weighted diagnostic measure
(WDD), wavelet-energy-based diagnostic distortion (WEDD), and quality score (QS) [45}[79,&1].
The @S metric measures the trade-off between PRD and C'R, and is defined as: QS = CR/PRD.
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4.3.2 Evaluation of the reconstruction quality

The retention of the diagnostic features, such as P-R interval, QRS interval, ST segment, and R
amplitude of the jointly reconstructed MECG signals, is of utmost importance in remote ECG moni-
toring applications. The objective of this section is to demonstrate the effectiveness of the proposed
weighting strategies for improved recovery performance at a low measurement rate.

The MECG signals from the dataset s0043lrem are jointly encoded using the sensing matrix of size
100 x 512. These are reconstructed at a lower number of measurements M = 100 using the proposed
AWMNM with p = 0 and t = 3 iterations. Reconstruction is also performed using the traditional MNM
technique when no weighting is done, i.e., with p = 2. The quantitative values of distortion metrics,
PRD, SNR, WEDD, and QS, of different algorithms are listed in the Table 1] for the comparison
purpose. A higher level of distortion can be noted in the reconstructed signals using the traditional
method compared to the proposed method. The proposed technique shows a substantial reduction in
the distortion level in each channel. The Lead V2 exhibits a maximum reduction in the PRD value
as highlighted in the table, which drops from a value of 31.06% to 6.92% (up to 77%). Furthermore, a
gain of more than 100% is noted in the values of SINR and QS when joint weighted recovery is done
using AWMNM as compared to the non-weighted recovery case. The AWMNM technique exploits
the joint correlation of MECG wavelet coefficients while encouraging clinically important wavelet
coefficients through weighting parameters. Consequently, the high amplitude wavelet coefficients from
the rows of A are privileged and their support information is preserved in the row-support of the final
solution. This helps improve the joint MECG recovery. It is reflected in terms of lower PRD value
and higher SNR and QS values, which fall in “good” category reconstruction [I]. The joint recovery
performance is also compared with some other reported works in the related area, such as multi-scale
CS (MCS) [44], simultaneous greedy analysis pursuit (SGAP) [136], and Bayesian-learning-based work
(MSBL-FM) [137]. The proposed method outperforms the aforementioned works in terms of lower

reconstruction distortions (refer to Table A.T]).
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Table 4.2: WDD calculation using different ECG features for the healthy control (HC) and myocardial infarction (MI) classes. Both the datasets
s0274rem (HC) and s0043lrem (MI) are taken from the PTB database.

Duration features Amplitude features
RRint Pdur QRSznt QT%nt PRznt QTpint STslope Pamp Ramp Tamp QRS;mp QRSa_mp
(ms) (ms) (ms) (ms) (ms) (ms) (mV/s)(mV)(mV)(mV) (mV) (mV)
Original Lead I 640 130 60.5 308.5 177.5 265 1.3 0.11 097 0.20 1.82 -0.91
Reconstructed Lead T 640 130 72.5 321.5 170 281.5 1.5 0.08 094 0.20 1.79 -0.90 13.12

Class Signals WDD

16

HC Original Lead V6 640 130 57.5 3075 137 2735 24 0.12 1.11 0.15 1.57 -0.54
Reconstructed Lead V6 639 130 68.5 315.5 124.5 282 23 0.11 1.09 0.15 1.53 -0.52  6.20
Original signal 1109 130 61 380 200 3455 0.5 0.12 1.05 0.14 1.17 -0.17
MI Reconstructed Lead I 1110 130 79 392 191.5 366 0.47 0.12 1.08 0.13 1.16 -0.15  15.95

Original Lead V5 1110 130 72 390 181.5 353.5 2.8 0.11 097 0.08 1.89 -0.94
Reconstructed Lead V5 1110 130 72 382 182 350 2.8 0.09 0.96 0.08 1.89 -0.95 9.73
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Figure 4.3: Detection and segmentation of important ECG clinical features in the original and reconstructed
ECG signals for the WDD calculation. Features in the reconstructed signal suggest that they have been preserved
in the compressed signal. Healthy control dataset s0274rem is used from PTB database.

The superiority of the joint MECG reconstruction obtained by the proposed method is also verified
from the clinical point of view using measures, such as W DD and WEDD. Values of WDD, given
in Table 2] fall in the “very good” signal reconstruction category for lead V6 (W DD = 6.20%) and
lead V5 (WDD = 9.73%) from healthy control (HC) (dataset s0274rem) and myocardial infarction
(MI) classes (dataset s0043lrem), respectively [79]. However, “good” category reconstructions are
achieved for lead I in both the classes. The different diagnostic ECG features, which are used to
calculate the W DD value are detected and shown in Figure 3] for the original and recovered signals
of lead I from the HC class. These features mainly include the amplitude and duration features. These
features are very important diagnostic characteristics for some of the life threatening heart diseases,
such as bundle branch block (BBB), MI, etc. Therefore, quantifying the distortions in such features
is necessary in order to clinically validate the reconstruction accuracy of the proposed method. These

clinical features for both the HC and MI classes are also quantified in Table It is seen that the
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amplitude features are almost preserved in both the classes, but small deviations are noticeable in the
duration features, especially in the case of QT},:, PRint, and QT p;n:. This may be the reason for a
slightly higher W DD value obtained in lead I. The W EDD values (given in Table [4.1]) for most of the
channels fall in “good” reconstruction category [81]. A significant performance improvement is also
achieved with the use of binary weighting in the BWMNM algorithm as compared to the traditional
MNM recovery (discussed in the next section).

The reconstructed waveforms of the jointly recovered MECG signals are shown in Figures [£.4]
and for visual evaluation. The original and the reconstructed ECG signals corresponding to first
4096 time points from different channels are plotted together for better visualization. A case of
HC is depicted in Figure 44l while Figure shows a case of MI signal. For the HC dataset, the
characteristic PQRST morphologies have been retained with the exception of a slight alteration at a

few points when the AWMNM recovery is employed. On the other hand, severe distortions can be

noted in the traditional MNM recovery (encircled in the waveforms). Figures [4.5(a)| and [4.5(b)| show

the reconstruction results for the MI class using the traditional MNM and the proposed AWMNM,
respectively, at the same number of measurements (M = 100). In the case of MNM, reconstructed
ECG signals lose important clinical features, such as ST-segment, ()-wave, and T-wave (encircled)
that are very crucial for detecting AMI progression in a patient. All the diagnostically relevant ECG
features have been preserved using the proposed AWMNM method, except Lead II, which shows
slight distortion (encircled), possibly due to its high noise content. Therefore, the proposed weighting
strategy gives significant improvement in the reconstruction signal quality (verified clinically using
WDD) when lesser measurements are available. This helps achieve low data rate, which is quite

desirable in resource-constrained applications.
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(a) Recovered results by traditional MNM
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Figure 4.4: Original (in red color) and recovered (in blue color) signals (first 4096 samples, 4-sec data) (a)
using the traditional non-weighted MNM technique (p = 2) and (b) using the proposed adaptive weighted
MNM (AWMNM) technique (p = 0) after ¢ = 3 iterations when the number of measurements M = 80. Dataset
s0274rem of healthy control category is used from the PTB database.
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Figure 4.5: Original (in red color) and recovered (in blue color) signals (first 4096 samples, 4-sec data) (a)
using the traditional non-weighted MNM technique (p = 2) and (b) using the proposed adaptive weighted
0) after t = 3 iterations when the number of measurements M = 100.
Dataset s0043lrem exhibiting anterior myocardial infarction (AMI) is used from the PTB database.
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Table 4.3: Channel-wise average reconstruction results in terms of output PRD values for different types of normal and pathological cases using
proposed techniques (AWMNM, BWMNM) at different number of measurements (M). Results are averaged over all the datasets available in that
particular database.

Measurements Leads

Pathological class Technique (M) Tead TTead T VI V2 V3 Vi Vi V6 Database
Healthy control 835 6.49 4.64 4.11 4.10 4.28 7.75 6.95
Myocardial Infarction 9.57 6.07 5.73 7.52 10.45 13.81 20.69 17.41
Hypertrophy AHINM 150 10.14 853 7.07 7.28 7.49 8.84 10.97 9.67 (f _PlT:EHZ)
Bundle branch block 6.97 6.74 5.87 647 5.78 5.80 814 7.18 ‘Y
Average 875 6.95 5.82 6.34 6.95 8.18 11.88 10.30
AWMNM 120 - 5.88 6.14 - - - - -
. 150 - 3.36 4.42 - - - - -
Arrhythmia 190 - 003 8E5 - - - . - NSTDB
SR 150 . 537 498 - - - . . (f=360H)
120 12.20 9.67 5.49 12.46 10.83 10.79 7.79 12.21
. ik N 150 6.92 5.65 342 571 594 523 4.38 7.22
Arrhythmia INCART
BWMNM 100 6.06 13.19 9.88 13.92 11.80 11.28 13.59 13.54 (f,=257 Hz)
150 3.92 753 6.58 594 6.94 7.468 538 7.42
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4.4 Comparative Performance Analysis

The behavior of output distortion in terms of PRD and parameter p, given by (4.8]), is studied in
Figure The output PRD variations for all the pathological datasets in PTB database are shown
in the form of box plot in Figure[4.6(a)|for different values of p. The edges of the boxes denote the 25th
and the 75th percentiles with the central line as the median. The extreme values in the individual box
depict the minimum and maximum PRD values obtained at a particular value of p and M (= 120)
using different datasets. It can be noted that the overall output distortion increases with an increase
in the value of p. This is indicated by the shift in the group median towards higher PRD values
as p increases. In Figure the oversampling ratio M /K is plotted against the output PRD at
different values of p. Here also, it is quite evident that at small values of p (p = 0 and p = 0.5), a lower
output distortion is observed, which gradually increases as p is increased. After p =1, PRD increases
at a faster rate and becomes maximum at p = 2 when the weights become unity, i.e., a non-weighting
case.

The distortion values in terms of the average PRD in AWMNM recovery for the HC and three
other major pathological classes from the PTB database are given in the Table 4.3 at measurements
M = 150. The class-specific average results are calculated over 52 healthy control, 148 myocardial
infarction, 7 hypertrophy, and 15 bundle branch block datasets available in the PTB database in order
to analyze the inter-class performance variation of the proposed method. It is quite evident from the
readings in Table that the normal MECG signals have less reconstruction error as compared to
the pathological cases. This is quite expected as the normal MECG signals are more correlated, and
hence, more jointly sparse as compared to the pathological cases. In the latter case, joint sparsity may
decrease because of the changes in the ECG morphologies in specific channels, leading to a degradation
in the performance. The average results for the arrhythmic databases, such as NSTDB, and INCART
are also evaluated. Quantified results are given in Table 3] at different values of M for both the
AWMNM and the BWMNM recovery cases.

4.4 Comparative Performance Analysis

The performance comparison of the proposed method is done with the state-of-the-art joint sparse
recovery algorithms for the joint MECG recovery. These techniques include MNM [34], basis pursuit

(BP) [1,41], TMSBL [99], improved smooth Iy (ISLO) [I38], and simultaneous orthogonal matching

TH-1578_11610230 97



4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

| — ] . ~#-p=0
14 | 12} BT‘ p=051
13F 4 \‘ 'O'p=1
11+ \ p=l.5,
12 1 K -b-p=2
\
11 mE 10 \
\
g 10/ £ \
o o 9 '
g o+ g i
- — —_ ] L
Sg | | | o8
| | L
77 L L 7
6 e
1 -4 —+ 6
5,
5,
At ; 1 ; ; i ] ; ; ; ; ; ;
0 05 b 15 2 15 2 25 3 35 4

Oversampling ratio (M/K)
(a) (b)

Figure 4.6: (a) Box plot showing variations in output distortion for all the pathological classes with respect
to p in AWMNM when the number of measurements M = 120. (b) Output PRD variation with respect to the
number of measurements M at different p values. Output PRD is averaged over all the datasets taken from the
PTB database.

pursuit (SOMP) [97]. The comparative results in terms of PRD and SN R, averaged over all the PTB

records, are shown in Figures [4.7(a)| and [4.7(b)] respectively, at different M and C'R values (using 8

bit of quantization).

First, we compare the performance of the proposed WMNM (AWMNM and BWMNM) with its
non-weighted counterpart, i.e., the traditional MINM, which is a special case of AWMNM with p = 2
and iterations count ¢ = 1. The MNM, as a joint sparse recovery algorithm, was earlier used by
Mamaghanian et al. [34] for the joint CS reconstruction of the MECG signals. However, the trend of
PRD and SNR in Figure[d.7] indicate that both the WMNM methods perform better than the MNM
algorithm. The weighting of the jointly correlated coefficients with significant clinical importance
grants special privilege to the bases corresponding to those coefficients. Consequently, those coefficients
are encouraged to be preserved in all the channels even when lesser signal measurements are available.
However, the MNM lacks this attribute as it only leverages the group sparsity leading to degradation in
the performance at low measurements. The BP is a classic CS recovery algorithm for the SMV models

and is implemented in this work using the SPGL1 software [I139]. In the case of MECG signals, BP
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Figure 4.7: Comparison plot of reconstruction distortions between proposed technique (BWMNM,; AWMNM)

and existing techniques. (a) Output PRD variation with number of measurements (M). (b) Reconstruction
SNR (in dB) variation with compression ratio (CR). Results are averaged over all the datasets taken from the
PTB database.

fails to exploit the inter-channel correlation efficiently, and hence performs poorly. Another algorithm

similar to, but relatively faster than BP, is ISLO . The WMNM makes better utilization of the inter-

channel correlation structure of MECG, and therefore, outperforms both the BP and ISL0O. Apart from

the convex optimization techniques discussed above, greedy algorithm like SOMP is also employed for

comparison. This algorithm usually requires more measurements for accurate reconstruction. It was

used in [97] for jointly recovering consecutive ECG cycles of the single channel ECG in a joint CS

framework. For the multi-channel case, SOMP is outperformed by the proposed methods.

TMSBL is a recently proposed algorithm for the MMV recovery, and is based on the Bayesian

learning approach. This technique is known to be very effective, especially when the nonzero rows
of the source matrix A are highly correlated.

It was previously applied to exploit the inter-beat
correlation in the single channel ECG [99]. We have analyzed the performance of TMSBL for the

MECG recovery. It is implemented in a low noise scenario (SNR > 22 dB) for the PTB database

using the source code provided by the authors. In the case of single channel ECG, different heart-beats

Matlab scripts obtained by the first author through private communication
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4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

of the same channel are highly correlated. Consequently, the row vectors of the coefficient matrix A
turn out to be correlated, and the algorithm performs better. But in the case of MECG signals, the
correlation in each row of A is relatively low. This, in turn, might lead to moderate performance of
the TMSBL for MECG signals. In the case of AWMNM, the assigned weights are adaptive in nature,
unlike the BWMNM that uses static weights. This produces a more focal estimate of the signal as the
algorithm progresses, but at the cost of extra iterations. Thus, it can be concluded that the BWMNM
fares better in terms of the recovery speed. On the other hand, the AWMNM is preferable in terms

of reconstruction accuracy.

4.5 Application Considerations

ECG telemonitoring is a resource-constrained application, which requires a low-complexity encoder
with minimum energy consumption, and low memory requirements. This section discusses the pro-

posed method from the perspective of such issues.
4.5.1 Energy consumption

To keep the computation burden during signal acquisition at minimum, a random sparse binary
matrix ® is employed in this work. Unlike the densely populated Gaussian matrices, which suffer
from heavy computation and memory storage problem in the WBAN applications, the binary sensing
matrix offers least computation and faster hardware implementation. Instead of choosing the values
of nonzero entries in the column of ® equal to £1/d [1], where d is the number of nonzero entries, here
binary values (0 or 1) are taken [46]. This saves further computations as the multiplication operations
are now replaced with simple additions of the signal coefficients to get the signal measurements without
changing the sensing ability of ®. This, in turn, helps reduce the energy consumption during signal
sensing at the encoder.

Regarding the energy consumption in the wireless data transmission, results shown in Figure
indicate that the proposed method can achieve good quality of reconstruction using only 20%
of measurements. On the other hand, techniques, such as the BP and MNM need to increase the
number of measurements up to 34% in order to meet the same reconstruction quality. The comparative

compression performance analysis at 8-bit quantization is also shown in Figure [4.7(b)l An improved
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Table 4.4: Average runtime of the recovery algorithm of Figure [L7] for jointly recovering one data packet
(X € R512%8) at different number of measurements (M).

Average Runtime(s)
M=50 M=100 M=150
BWMNM  2.011 3.146 3.725
AWMNM  6.481 9.787 12.781

BP 5.011 5.346 6.012

MNM 1.991 2.918 3.810
TMSBL 18.972  39.235  65.057
ISLO 0.0936 0.1882  0.2295
SOMP 0.0028 0.0036  0.0046

Techniques

performance can be observed for both AWMNM and BWMNM as compared to most of the techniques.
Thus, a higher data reduction (or a lower bit rate) can be achieved using the proposed technique, which

results in transmission power savings in WBAN applications.
4.5.2 Computational requirements

The computational cost of the proposed method and other existing CS-based methods is studied in
terms of average encoding and decoding time of the algorithms for one data packet (X € R512%8),
All simulations are done on the same platform using MATLAB R2010a environment running on a
computer with 3.1GHz CPU and 4GB RAM. It is to be noted that the encoder is same in all the
algorithms being compared. Therefore, all the algorithms take the same average time to encode a
data packet. This average encoding time is found to be 0.163s, 0.257s and 0.334s when M = 50, 100,
and 150, respectively.

The average runtime of the proposed and other existing algorithms in recovering one data packet,
is given in Table [£.4] for different number of measurements (M). It can be noted that out of the two
proposed WMNM algorithms, AWMNM and BWMNM, the latter has almost the same runtime as the
standard MNM since the weights are set a priori. Though, the AWMNM technique performs better
than all the other existing algorithms (refer Figure 7)), this performance gain is obtained with a
moderate increase in the computational cost. The AWMNM is an iterative algorithm, which solves a
WMNM problem in each iteration with updated weights each time. The runtime, therefore, required
by the algorithm is approximately ¢4, times the runtime of the standard MNM algorithm [34]. Here,

tmae 1S the number of iterations used for the joint recovery (in all the simulations 3 iterations are

TH-1578_11610230 101



4. Weighted Mixed Norm Minimization-based Joint Compressed Sensing

taken). The TMSBL, which performs close to that of the proposed algorithm, is found to be the
slowest one in terms of runtime. The SOMP and ISLO are the fastest algorithms, with the SOMP
having least runtime followed by the ISLO. However, both of these algorithms exhibit inferior recovery
performances (refer to Figure A.7]).

From the above studies, it can be concluded that there is a trade-off between the recovery speed and
the reconstruction accuracy. The proposed CS framework using the joint WMNM recovery transfers
the computational burden from the encoder to the decoder. By using a binary sensing matrix it further
reduces the computations involved at the resource-constrained encoder while moderately increasing
the computations at the decoder. It is noteworthy that the decoders are usually resourceful since the
decoding is performed on high performance computers. Therefore, the computational complexity of

the decoder is not an important issue in the case of WBAN-enabled health monitoring applications [46].
4.5.3 Memory requirements

The memory requirements of the proposed method are same as that of the existing standard CS-based
works [34], since we have not added any additional steps in the encoding process. We have calculated
the memory requirements during the data compression process at the encoder. CS involves a matrix-
vector multiplication for the data reduction task [1,l46]. Therefore, we need to calculate the memory
required to store the sensing matrix ®, which is multiplied with the arriving data packets X in order
to compress them [61,[137]. Unlike the DWT-based compressors that work in the batch mode, here
the complete data packets are not required during the compression process [61]. With y(o) = 0, the
compressed measurement vector gets updated with each incoming data sample: y() = ¢;z; 4+ v,
If ® is a dense Gaussian matrix or a non-binary matrix [41],[44], the whole quantized matrix needs
to be stored. This, in turn, increases the computational burden and the resource cost. However,
in the proposed work, a binary sensing matrix is used with the entries being 0s and 1s only. This
minimizes the computations (by replacing multiplication operations with additions) and also requires
comparatively lesser memory to store. Each entry of ® will require a maximum space of 1-bit.
Consequently, for a moderate size ® € R199%%12 the memory required will be 100 x 512 bits = 50 kB.

The memory requirement can be further reduced if we store only the positions of 1s in each column of

® as suggested in [I,[45]. For a signal of length N = 512, memory space of 42 kB is required by taking
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Figure 4.8: Averaged SNR (in dB) across all records for different value of measurements for all MECG
channels. (a) Channel by channel reconstruction in SMV. (b) Joint reconstruction in MMV. Datasets are taken
from PTB database.

twelve number of 1s (i.e., d = 12) in each column. In addition to the 42 kB memory that is required as
read only memory (ROM), the random access memory (RAM) would also be required to temporarily
store the compressed measurement vectors just before their transmission [61]. A hardware-based study
is done in [611137] where the standard CS-based single channel and multi-channel compressors are
implemented on field-programmable gate array (FPGA). Their results suggest that for a data packet
of length N = 512 (same as that used in this work), CS requires 3 kB of RAM for single channel
compression. Furthermore, this can be performed in parallel for multi-channel signals. It can be
noted that the memory requirements would remain unchanged for all the CS-based algorithms used

for comparison. This is because the same sensing matrix ® is employed in all the algorithms.

4.6 MMV Recovery Versus SMV Recovery

This section highlights the advantages of the joint CS reconstruction (MMV) over the traditional
channel-by-channel CS reconstruction (SMV) of the MECG signals [I,[45,146]. The comparison is
done in terms of the number of measurements and the reconstruction signal quality. In the MMV
approach, all the ECG channels corresponding to all the columns of A are jointly reconstructed using
the proposed WMNM technique. On the other hand, in the case of SMV, individual channels are
reconstructed separately using the popular /; minimization, as used in [1L[4I]. Figure shows the

average reconstruction SN R variation with the number of measurements (M) for the MECG signals
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Figure 4.9: Dependence of AWMNM on parameter ¢ and weighting factor w. (a) Variation of output PRD
with respect to different values of € in all MECG signals. (b) Variation of the weights for different entries
forming the rows of coefficient matrix A at different iterations.

recovered through both the SMV and MMV approaches. The reconstruction quality is considered to
be in “good” category if the SNR value is greater than 22 dB [1,[34,[79], and this point is marked
with “G” in Figure In SMV, “good” quality reconstruction is achieved at M = 250, while
the same level of SNR is reached at M = 150 in the case of MMYV. This results in saving of the
required number of measurements by 40%. Reduced number of measurements can enhance the overall
energy efficiency of the system by reducing the computational burden and increasing the compression
efficiency of the system [46]. In terms of reconstruction quality, MMV (SN R = 25.4 dB) outperforms
SMV (SNR = 23.1 dB) as it gives an absolute improvement of 10% in SNR at M = 250. It is
quite clear from the above performance comparison that in the case of spatially correlated signals, like
MECGs, the SMV approach may not be suitable and effective. The MMV approach that can exploit
this correlation through the proposed WMNM technique is more suited for CS of MECG signals. This
also validates the importance of correlation information in multi-channel-based CS ECG systems. In
the MMV approach, the joint recovery technique AWMNM depends on various parameters like €, the
weights w;,j = 1,2,..., N, and the number of iterations ¢t. Therefore, there is a need to study the
variation in performance of the algorithm with respect to these parameters. The output PRD for all

the channels of MECG is plotted against a wide range of € values in Figure 4.9(a)l A quite robust
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performance is achieved in the selected range of values of €. The same can be observed in the given plot
where a marginal variation in PRD values (w.r.t. change in €) is noticed in all the channels. For all the
results reported in this work, we used € = 0.2. Figure shows the variation in the weights during
the optimization procedure at each iteration. For the sake of clarity, variations of first 50 weights
only are shown in Figure It can be observed that the weights get optimized at each iteration
and attain a saturation level after 2 to 3 iterations. No further gain in the reconstruction accuracy is
achieved, and the output distortion level gets saturated after 2 to 3 iterations. Hence, the proposed
AWMNM approach does not overburden the decoder, and therefore, with a moderate increase in the

computational cost, an improved quality of reconstructed MECG signals can be obtained.

4.7 Summary

In this chapter, a WMNM-based joint recovery algorithm is introduced for joint CS-based MECG
data compression in telemonitoring applications. The ECG signals in different channels of MECG
are highly correlated. The shared information across the channels is exploited here to jointly com-
press and reconstruct all the channels simultaneously. The proposed WMNM technique is based on
a weighting strategy that helps maintain the diagnostic quality of reconstructed MECG signals even
at higher compression ratios. The weighting scheme is such that it emphasizes clinically important
high amplitude wavelet coefficients across the channels while de-emphasizing those with insignificant
information, thus leading to a sparser solution. Joint recovery through the proposed method reduces
the number of CS measurements needed for an accurate recovery, or equivalently, improves the joint
reconstruction at a given number of measurements. Performance evaluations on various databases
show that the proposed method can jointly recover MECG signals with a wide range of morphologies.
Moreover, it is also observed that in the presence of the inter-channel correlated information, joint CS-
based approach is more advantageous than the traditional CS-based approaches in terms of improved
reconstruction quality at a lower number of measurements. The reduction in the number of measure-
ments directly translates into the reduced volume of data to be transmitted. Higher data compression
efficiency and low encoding complexity of the proposed method make it suitable for energy efficient

continuous wireless telemonitoring of MECG signals.
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5. Exploiting Multi-scale Signal Information in Joint Compressed Sensing Recovery

In Chapter [ we proposed a weighted mixed-norm minimization (WMNM)-based joint CS approach
for multi-channel ECG (MECG) signals. It was observed that weighted joint CS recovery significantly
improves the reconstruction results compared to non-weighted CS recovery at the same number of
measurements. The weighting-based sparse recovery algorithms gives flexibility to adopt different
weighting rules depending on the understanding of the problem and that in return, improves the
estimation of latent data. This motivated us to explore new diagnostically relevant MECG features,
which can be exploited in the weighting-based joint CS recovery algorithms to improve the signal
reconstruction quality further even when fewer signal measurements are available. In this chapter,
multi-scale wavelet structure of MECG signals is studied and this information is incorporated in
joint CS recovery through a subband-based weighting approach. Observing the gross segmentation
of clinical ECG features in different wavelet scales (as shown in Figure [5.1]), subband-level weighting
seems more intuitive compared to coefficient-level weighting introduced in Chapter [ for categorically
emphasizing diagnostically relevant ECG features lying in some particular subbands.

In this chapter, an improved family of WMNM algorithms is proposed for the joint CS recon-
struction of MECG signals. In this family, various weighted versions of standard MNM algorithm are
analyzed. In particular, two specific classes of WMNM algorithms are proposed which are referred
to as subband weighted MNM (SWMNM) and prior weighted MNM (PWMNM). The former is an
iterative reweighted version of standard MNM with similar iterative steps as in AWMNM proposed
in previous chapter, but with a different weighting criterion. Here, the weighting rule is defined
on the basis of diagnostic information contents of the wavelet subbands captured in the form of
subband energy, subband entropy and subband amplitudes. The second algorithm, i.e., PWMNM
is a non-iterative algorithm, which solves a weighted MNM using the weights designed in a priori.
The a priori weight selection is based on the prior structural knowledge of MECG wavelet repre-
sentation. Incorporation of clinically important information in the WMNM algorithm through the
proposed subband-based weighting schemes is expected to reduce the number of compressed CS mea-
surements (M) further (allows lower data rates) required for faithful signal reconstruction. Reducing
M without affecting the signal reconstruction quality of the system would directly help in lowering the
on-chip computations and energy consumption, thus making the CS-based wireless body area network

(WBAN)-enabled ECG telemonitoring systems more autonomous and cost-effective. Additionally, a
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Figure 5.1: Grossly segmented ECG signal information/features in various wavelet subbands in three different

leads

block-sparsity-based joint CS recovery is also explored in this chapter to exploit the spatio-temporal

correlated MECG structure.

The organization of the chapter is as follows: Section 5.1l discusses about the diagnostic importance
of multi-scale ECG features and ways to capture and incorporate them in the weighted CS recovery.
Proposed methodology describing different weighting criterion is discussed in Section Section
briefly presents performance measures used for the evaluation. Recovery performance under different
proposed weighting schemes is discussed in Section 5.4l Evaluation of reconstruction and compression
performance is presented in Section Recovery results in noisy scenario and some practical issues

are also discussed in this section. As an exploratory work, Section discusses a block-sparsity-based
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joint CS recovery approach. Summary of the chapter is presented in Section [B.7]
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5. Exploiting Multi-scale Signal Information in Joint Compressed Sensing Recovery

5.1 Multi-scale Signal Information and Their Diagnostic Relevance

The ECG information gets grossly segmented at various wavelet scales as shown in Figure [B.1] for three
different leads. Low frequency subbands constitute most of the clinically important ECG features. As
can be observed in Figure Bl low frequency features, such as P wave, T wave, ST segment, and a
major portion of the QRS-complex are present in approximation (cA6) and three detail subbands (cD6,
¢D5, and ¢D4). On the other hand, high frequency wavelet subbands are mainly noise dominated
as can be observed in lower order detail subbands. A very similar subband level feature distribution
can be observed in all three leads shown in Figure [0l Clinical relevance of the wavelet subbands
have already been intensively studied and established in the literature [81.[88140,141]. The clinically
important ECG information can be captured at the subband level through different measures, such
as entropy, energy, amplitude decay, etc. There are many diagnostic distortion measures, such as
WEDD, WW PRD, etc. reported in the literature, where these measures have been used to quantify
the diagnostic distortions in various ECG signal processing tasks [80,81,141]. These studies motivated
us to capture the diagnostically relevant ECG features through the aforementioned measures and
incorporate them in the joint CS reconstruction problem formulation using a new multi-scale weighting
approach. This subband-based weighting scheme is expected to emphasize the clinically relevant
wavelet subbands more precisely during joint CS recovery, which consequently, helps in improving the

signal reconstruction quality, especially at low number measurements.
5.2 MMV CS-based Joint Compression/Reconstruction Method

The proposed method in this chapter employs the same encoder as used in the previous chapter. The
L channels of N-dimensional MECG signals in X = [z1, ®2, 3, ..., 1] € RV*F are compressed
using MMV formulation (2I5]) and compressed measurement vectors are obtained in Y.

In Chapter [ a weighted MNM (WMNM)-based joint CS recovery algorithm (7)) was proposed to
solve the MMV problem (41]), which is revisited here:

R 1 12 0
Ajyap = argmmiHY — @AHF + )\zj:ijj
A

where w;’s are the weighting parameters.
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5.2 MMV CS-based Joint Compression/Reconstruction Method

The weights w;, j =1,2,..., N in the above joint sparse solution can be considered as free param-
eters and can be set in many ways depending on the understanding of the underlying problem. In the
previous chapter, weights were designed on the coefficient-level using ¢5-norm of each row of row-sparse
matrix A and were different for each wavelet coefficient. In this chapter we explored a clinically more
relevant weighting scheme defined at subband-levels, where all coefficients at each wavelet subband
have equal weights, chosen according to the clinical significance of the subband (discussed in next
subsection). This approach is expected to emphasize the diagnostically important wavelet subbands
more effectively during joint CS recovery and improve the reconstruction performance further at low

measurements.
5.2.1 Proposed subband weighting-based WMNM algorithm

The judicious weight selection in (47]) would help enforce row-sparsity at the right locations in A while
preserving diagnostic ECG features from all the channels. Weights, if chosen properly, can enhance the
recovery performance of standard MNM up to a significant level. In the proposed WMNM approach in
this chapter, weights w;, j =1,2,..., N are designed to incorporate clinically important information
about MECG signals in the joint optimization problem formulation (4.7). We utilized the distribution
of diagnostically relevant information about MECG signals in different wavelet subbands and incor-
porated it as the additional information in (£7) through the weighting parameters. Using wavelet
transform, the ECG spectra is grossly segmented into various subbands [44]. The n level wavelet
decomposition of each lead of MECG gives n + 1 number of subbands: ¢Dq,c¢Ds,...,cD,_1,cD,,cA,.
Here, the subband cA,, consists of the approximation coefficients and carries most of the low frequency
information of the ECG signal. The finer details (or high frequency ECG information) are associated
with n number of detail subbands c¢D;, i = 1,2,...,n. Based on the clinical importance of these sub-
bands two specific classes of WMNM algorithms are proposed. One is iterative in nature and referred
to as subband weighted MNM (SWMNM), and the second is a non-iterative algorithm called prior
weighted MNM (PWMNM).

5.2.1.1 Subband weighted MNM

This technique is an iterative version of standard MNM, which alternates between the estimation of

A and updation of weight vector w. Steps involved are similar to AWMNM Algorithm [I] defined
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5. Exploiting Multi-scale Signal Information in Joint Compressed Sensing Recovery

in previous chapter, but with a different weight selection criterion. The weights are initialized with
unity as we give equal weightage to all the subbands. In each step, a standard MNM problem is
solved and the corresponding weights are calculated according to the defined weighting rule. The
weights emphasize clinically important subbands and they are used for a more accurate estimation
of A in the next iteration. The weights get updated in each iteration using the dynamic entries
of the coefficient matrix A estimated in the previous iteration. This adaptive weighting strategy
produces more focal estimates of the signal as the optimization progresses and the reconstruction
quality of MECG signals improves iteratively. The important task is now to define weighting rules
for weight calculation. Motivated from the fact that important diagnostic ECG information lies in
local subbands, we proposed to design the weights w;, j = 1,2,..., N on the basis of various subband
level information. We investigated energy, amplitude and entropy at different wavelet scales under
this category of weighting. In all the subband-based weighting approaches, equal weights are taken

for the coefficients at same wavelet scale.
Subband energy-based weighting

This weighting strategy is motivated from reweighting ¢1- and ¢5-based algorithms [132/134142], where
the weights are chosen according to inverse of coefficients’ amplitudes. The proposed technique differs
from the above approaches in terms of a new weight selection criterion. Instead of designing weights at
the coefficient level, we propose to choose weights on the wavelet subband level. Observing the gross
segmentation of clinical ECG features in different wavelet scales, the subband-based weighting seems
more intuitive. Here, the entries w; of the weighting vector are designed based on the energy associated
with each subband. The subband energy corresponds to the clinical importance of each wavelet
subband [8I] and so this weighting strategy is expected to emphasize and preserve diagnostically
important wavelet coefficients during joint reconstruction. Let d;(k), i = 1,2,...,n + 1 be the k-th
dense coefficient of estimated vector A% (at t-th iteration) from the i-th wavelet subband. The weights

for i-th subband at (¢ + 1)-th iteration are defined as follows:

Nsubi p/2_1
> [di(k)Y?
wily = | 5 +e| L pel0.2, i=12.n+1 (5.1)
[(A2)1)2
k=1
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5.2 MMV CS-based Joint Compression/Reconstruction Method

where Ng,p, is the number of coefficients in the i-th wavelet subband. The parameters € and p are
same as introduced in (48) in previous chapter. They are used here for the similar purpose. So,
the higher energy (i.e., low frequency) subbands are assigned with smaller weights while lower energy
(i.e., high frequency) subbands are assigned with larger weights. Such type of weight selection can be
justified by noting that, in (4.7]), small weights emphasize nonzero rows (associated mainly to clinically
important high energy wavelet subbands), while large weights deemphasize such rows. So, rows from
lower energy subbands (clinically less important) will be pushed towards zero and their corresponding
indices are more likely to be excluded from the row-support of final solution. This helps in inducing
row-sparsity at favorable locations.

In place of taking the normalized energy of each subband for weight selection, the normalized
sum of amplitudes of the subband coefficients are also explored and weighted recovery performance is

analyzed.
Subband entropy-based weighting

The normalized relative wavelet subband energy (NRWSE) associated with each subband in the esti-
mated dense coefficient vector A% can be given as:

Nsubl-
) > [di(k)?
NRWSE;=— |2 | i=1,2..,n+1 (5.2)

N; N
> (A2
k=1
Since Z?:Jrll NRWSE; =1, NRWSE; can be considered as energy probability density which captures

local subband information according to their diagnostic importance [81]. Based on these probability

densities, subband entropies H;, ¢ = 1 to n + 1 can be defined as follows:
H; = —-NRWSE;log(NRWSE;), i=1,2,...,n+1 (5.3)

So weights wgyp, for different local subbands at (¢ + 1)-th iteration are defined as wijbli = (H! +
eyY2=1 pel0,2], i=1,2,...,n+1.
After getting weights wgyp,, @ = 1,2,...,n + 1 for each of the n + 1 subbands, these weighting

factors are replicated within each subband. Equal weights are assigned to the coefficients within same

subband to get the complete weighting vector, w;, j =1,2,...,N in (&1).
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5. Exploiting Multi-scale Signal Information in Joint Compressed Sensing Recovery

5.2.1.2 Prior weighted MNM

It is a non-iterative WMNM algorithm, where weights are designed based on the prior structural
knowledge about MECG wavelet representation. Unlike SWMNM, here weights are set before the start
of the algorithm as weighting rule does not depend on the coefficient matrix A. Final reconstruction
can be achieved in a single step solving a weighted MINM problem. This weighting strategy is motivated
from the fact that decay of wavelet coefficients across the scales can be modeled exponentially, i.e.,
a priori information is available about the decay characteristics of subband coefficients [143]. As
illustrated in Figure B.1] approximation subband carries significant ECG information. So, most of the
coefficients in the approximation subband cA,, are always nonzero. Due to strong spatial correlation
across the channels, similar variation can be observed in approximation subbands of each channel (as
shown in three leads in Figure [5.]). So, indices corresponding to these entries are highly likely to fall
within the row support of jointly sparse MECG signals. Therefore, in a joint sparse approximation,
there is no need to put row-sparsity constraint in sub-matrix of A € RNS“"HHXL, where Ngyp,., 1S

the number of rows of A carrying approximation subband coefficients from all the channels. So, the

weights for the dense coefficients in approximation subband of A% are taken to be zero, i.e.,

Weup, =0, i=n+1 (5.4)

The weighting factors for detail coefficients should be judicially chosen by studying the decay
characteristics of the coefficients at different wavelet scales. The amplitude of detail coefficients decays
exponentially with increasing resolution level and can be given as 27%, where i is the resolution level
and s is the local smoothness of the underlying signal [46,[135]. For ECG signals, s = 1 can be chosen
due to its piece-wise polynomial characteristics [46]. A similar type of weighting strategy is employed
in [46] for SMV CS recovery of single channel ECG signal using weighted ¢; approach. However,
the effectiveness of this type of weighting is enhanced significantly when used in MMV paradigm for

simultaneous channel reconstruction. The detail subband weights are given as follows:

Wep, = 2705 i =1,2,...,n (5.5)

After getting approximation and detail subband weights from (5.4]) and (5.5]), these weighting factors

are replicated by assigning equal weights to the coefficients within same subband to get the com-
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plete weighting vector, w;, j = 1,2,..., N for each row of coefficient matrix A. It is demonstrated
in the results section that the prior weighting strategy performs superior in case of simultaneous re-
construction of all channels using PWMNM compared to channel-by-channel recovery using weighted

{1-minimization as done in [46].
5.3 Performance Measures

The performance evaluation of the proposed method is carried out using publicly available Physikalisch-
Technische Bundesanstalt (PTB) [2,3] and Massachusetts Institute of Technology-Boston’s Beth Israel
Hospital (MIT-BIH) database [2,3], and commercially available Common Standards for Electrocar-
diography (CSE) database [4]. Widely used performance metrics, namely the percentage-root mean
square difference (PRD), PRD1, joint PRD, reconstruction signal to noise ratio (R-SN R), compres-
sion ratio (C'R) and quality score (QS) [34,45,[144] are used for the performance evaluation. PRD1
is a variant of PRD and joint PRD is an extension of traditional PRD to calculate the joint error in

the case of multiple signals, i.e., MECG. They are defined as follows:

PRD1 (%) = (|& — &,/ [z — %) x 100, (5.6)

Joint PRD (%) = ———2% x 100, (5.7)

where x and & are the N-dimensional original and recovered signals, respectively, and their capital
versions are the corresponding matrices containing all the channels. The term ||.||, and ||.||; denotes
the £o-norm and frobenius norm of «, and X, respectively. The term Z in the definition of PRD1 is
the signal mean/baseline. We used PRD1 for distortion calculation in ECG signals from the MIT-
BIH database, where a baseline of & = 1024 is present. In addition to the above quality measures, we
also calculated the wavelet energy-based diagnostic distortion (W EDD) [81] as a diagnostic distortion

measure.
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Figure 5.2: (a) Variation of weighting factors in different weighting strategies for eight wavelet subbands
(scales) resulted from n = 7 level wavelet decomposition. Performance comparison of different weighting schemes
in (b) HC and (c) Hypertrophy cases. For SWMNM, p = 0.2 and 4, = 3 is taken. The performance analysis
is done for 25 cases of health control and 7 cases of hypertrophy.

5.4 Joint Recovery Analysis Under Different Weighting Rules

This section analyses the effect of incorporating additional information in the joint optimization for-
mulation through the proposed weighting strategies. The variation of weighting factors in different
weighting rules of SWMNM (at p = 0) and PWMNM are shown in Figure For effective
weighting in sparse recovery problems, weighting strategy should be in such a way that it sets large
weights for insignificant (almost zero) coefficients/rows whose indices are not desirable in the final
support set [132]. However, small weights must be set for significant nonzero coefficients/rows as it
emphasizes them in the final recovery. If MECG wavelet structure is seen, the wavelet coefficients
decay exponentially with the increase in resolution level [46,[135]. So, the weights should increase
towards the lower wavelet scales. All types of proposed weighting schemes follow this trend starting
with minimum weights for the highest scale wavelet subband A7 and ending with maximum weights
for the lowest scale subband D; (Figure . The effect of weighting schemes on the joint MECG
reconstruction is accessed in terms of joint PRD values which reflects the joint reconstruction error in

all the channels. The study is done on 25 healthy control (HC) and 7 hypertrophy datasets from the

PTB data base. Figures|5.2(b)| and [5.2(c)| show the variation of the joint PRD value under different

weighting rules at a varying number of measurements (M) for healthy (HC) and pathological (hyper-

TH-1578_11610230 116



5.4 Joint Recovery Analysis Under Different Weighting Rules

(a) Lead | original signal

2000
1000
(0] 1000 2000 3000 4000
(d) Lead aVR original signal
® (0]
S _1000
=
1S
<C —3000
(o] 1000 2000 3000 4000
(g) Lead V4 original signal
2000
(0]
—4000
o 1000 2000 3000 4000
Samples
(a) Lead | original signal
2000
1000
(0] 1000 2000 3000 4000
(d) Lead aVR original signal
@ ° : :
S -1000
=
1S
<t -3000
o 1000 2000 3000 4000
(g) Lead V4 original signal
2000
(0]
—4000 H
(o} 1000 2000 3000 4000
Samples

(b) Lead | reconstructed signal

2000

1000

(o] 1000 2000 3000 4000

(e) Lead aVR reconstructed signal
o

—1000

—3000

(0] 1000 2000 3000 4000

(h) Lead V4 reconstructed signal

2000
0
—-4000
0 1000 2000 3000 4000
Samples

(c) Reconstruction error

(a) Recovered results by regular MNM

(b) Lead | reconstructed signal

2000

1000

N

2000

(0] 1000 3000 4000

Lead aVR reconstructed signal

¥

(e)
o

—1000

—3000

(0] 1000 2000 3000 4000

(h) Lead V4 reconstructed signal

2000
o £
—-4000
o} 1000 2000 3000 4000
Samples

1000
(0]
—1000
(0] 1000 2000 3000 4000
(f) Reconstruction error
1000
(0]
—1000
(0] 1000 2000 3000 4000
(i) Reconstruction error
1000
(0]
—1000
o 1000 2000 3000 4000
Samples
(c) Reconstruction error
1000
O Priretemmcsiet mempinny
—1000
(0] 1000 2000 3000 4000
(f) Reconstruction error
1000
oakwm-*www~«~mmﬂ-~qh4w»v
—1000
(0] 1000 2000 3000 4000
(i) Reconstruction error
1000
0Wv*v*ﬂV*MMN*H*%*VW*erﬂH
—1000
(0] 1000 2000 3000 4000
Samples

(b) Recovered results by proposed SWMNM

Figure 5.3: Original and recovered signals (first 4096 samples, around 4-sec data) (a) using regular non-
weighted MNM technique, (b) using proposed SWMNM technique when the number of measurements, M = 70.
Data-set s0424_rem exhibiting bundle branch block is used from the PTB database. Characteristic pathological
features are encircled in the original signal waveforms. Arrows in the reconstruction plots indicate the distortion

points.
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5. Exploiting Multi-scale Signal Information in Joint Compressed Sensing Recovery

trophy) cases, respectively. For, SWMNM, ¢, = 3 is taken. It can be observed that prior weighting
performs better at low values of M followed by entropy and energy-based weightings. After M = 100,
all the weighting approaches perform equally well, but still better than the non-weighted case. The
poor performance of subband amplitude-based weighting is mainly due to its almost linear variation
across the subbands (Figure , which was expected to follow the exponential decay characteristics
of wavelet coefficients. Prior weighting best captures this exponential decay characteristics followed
by entropy and energy-based weightings. In the rest of the paper, the presented SWMNM recovery

results are produced under the entropy weighting scheme.

5.5 Results and Discussions

The performance of the proposed approach is evaluated in terms of visual quality of the reconstructed
MECG signals and compression efficiency of the method. Reconstruction performance is also analyzed

in the presence of measurement noise.
5.5.1 Evaluation of the reconstruction results

The main objective of this subsection is to demonstrate the effectiveness of the weighting strategy
proposed in this work for better reconstruction at the low measurement rates (higher compression
ratios). Visual evaluation test [45] is done to verify the preservation of important diagnostic ECG
features in the reconstructed MECG signals. It involves visual analysis of different pathological ECG
features in the reconstructed waveforms. To make visualization more clear, the original and the re-
constructed ECG signals corresponding to the first 4096 time points (approx. 4-sec data) of the PTB
database from different channels are plotted together. Figure depicts a bundle branch block (BBB)
pathology reconstruction (data-record s0424) and Figure [5.4] shows a cardiomyopathy data recovery
(data-record s0423) using the proposed SWMNM and PWMNM techniques, respectively, at a low
number of measurements, M = 70. In both of the above recovery, the reconstruction error is also
plotted along with the reconstructed signals. By observing the reconstruction error plot in both the
figures, it is clear that both the proposed techniques significantly reduce the reconstruction error com-
pared to the regular (non-weighted) MNM at the same value of M. The SWMNM technique preserves

the important diagnostic features of BBB pathology (encircled in the original signal waveforms) such
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Figure 5.4: Original and recovered signals (first 4096 samples, around 4-sec data) (a) using regular non-
weighted MNM technique, (b) using proposed PWMNM technique when the number of measurements, M = 70.
Data-set s0423_rem exhibiting cardiomyopathy is used from the PTB database. Characteristic pathological
features are encircled in the original signal waveforms. Arrows in the reconstruction plots indicate the distortion

points.
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5. Exploiting Multi-scale Signal Information in Joint Compressed Sensing Recovery

as QRS complex duration, secondary R-wave (RS7’ complex) and slurred S-wave (Figure . On
the other hand, severe distortions can be noted in the above diagnostic features in the reconstructed
MECG signals using regular MNM (Figure [5.3(a)]). Similar observations are also made in Figure 5.4}
where the MECG signals belong to cardiomyopathy arrhythmia. The regular MNM fails to recover
the clinically important features like pathological @-wave, R-wave amplitude, and T-wave (Figure
, while PWMNM technique preserves the same (Figure . The proposed WMNM tech-
niques exploit the joint correlation of MECG wavelet coefficients to incorporate multi-source priors
about wavelet subbands having high clinical relevance in the joint optimization problem formulation.
This helps WMNM to emphasize the diagnostically important wavelet coefficients and improve the
joint MECG recovery.

Signal reconstruction is not the ultimate goal in WBAN-enabled telemonitoring applications. The
acquired and transmitted signals through WBAN have to be examined by the cardiologist at healthcare
centers for disease detection and classification purposes [1L[41]. Also, the popular distortion measure
PRD is not a diagnostic distortion measure and hence a low PRD may not necessarily correspond to
clinically good reconstruction [I]. So, clinical evaluation or diagnosability of the reconstructed ECG
signals from the disease classification point of view also becomes important [36]. We followed the steps
suggested in [145] for extracting the multi-scale wavelet energies and eigenvalues of multi-scale covari-
ance matrices, which are further used as diagnostic features for classification purpose. Support vector
machine (SVM) with RBF kernel is used as the classifier. Classification results for MI and HC classes
are given in Table 5.Il Classification is performed at different number of measurements, M. Ground
truth accuracy of the classifier was 91.5%. It can be seen that the proposed WMNM delivers better
classification results compared to its non-weighted counterpart. WMNM gives 73.2% accuracy even
when data packet of length N = 512 was recovered using only around 10% measurements (M = 50).
This verifies the good clinical quality even at higher data reduction. On the other hand, MNM per-
forms inferior at this value of M with 62.4% accuracy. It can be noted that the classification accuracy
increases when more number of measurements are used for reconstruction. The comparison between
the performance of the proposed method and wavelet-based SPTHT method is also carried out. The
SPIHT method is implemented using open-source SPTHT software [146}[147]. Evaluation results in

the form of classification accuracy for the PTB database at three different C'R values (or M values)
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Table 5.1: Classification accuracy (diagnosibility) of the system when joint MECG recovery is done by different
methods at different number of measurements. Datasets are taken from the PTB database.

Ground Truth Classification accuracy (%)

Class M

(%) MNM PWMNM SPIHT
91.5
(Original signal
is used)
50 62.4 73.2 65
60 66.4 75.2
HC/MI 70 67.2 77.2 70.3
80 70.8 78.0
100 73.6 80.4 75.6

are given in Table 0.1l It is noted that, despite having better performance in case of single channel
ECG compression, as established in earlier studies [1,45], SPIHT algorithm does not yield encourag-
ing performance in case of MECG signal compression. This is clear by observing the classification
accuracy of SPIHT, which is also an indirect assessment of reconstruction accuracy (Table [5.1). The
SPIHT method performs marginally better than the traditional MNM technique, but underperforms
the proposed method. It ignores the spatial correlation as it is designed to process each channel in-
dividually, whereas the proposed method exploits it during simultaneous compression/reconstruction.
This might be the reason behind the lower performance by SPIHT in the case of MECG signals.
Average distortion values in terms of average PRD for HC and four major pathological classes
present in the PTB database are given in Table at M = 100. Class specific average results
are calculated over 52 healthy control, 148 myocardial infarction, 7 hypertrophy, 15 bundle branch
block, and 18 cardiomyopathy datasets available in the PTB database in order to analyze the inter-
class performance variation of the proposed method. The output PRD value in each class falls
in good category reconstruction. It is also evident from the table that each class is having variable
reconstruction performances at the same number of measurements in each channel. Each class is having
its own diagnostic ECG features, which results in different morphological changes in the signals from
different channels. This may change the joint sparse representation of MECG resulting in different
recovery performance of the proposed algorithm for each class. The average PRD calculated across
different classes also ensures the good quality reconstruction. To highlight the variability among the

set of ECG data-records, average output PRD of all the pathological data records of PTB database
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Figure 5.5: Box plot showing variation of output PRD across the data records of PTB database when recovered
using PWMNM at different number of measurements.

for Lead aV R is shown in the form of box plots in Figure The extreme values in the individual
box plot depict the minimum and maximum PRD values obtained at a particular value of M using
different datasets. With more compression of the data by reduction in the size of sensing matrix (with

low M values), output PRD increases and vice-versa.
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Table 5.2: Channel-wise reconstruction error in terms of average output PRD value for different types of normal and pathological cases using the
proposed technique when the number of measurements, M = 100. Results are averaged over all the data-sets available in that particular class in
the PTB database.

Different ECG channels

- Pathological classes — No. of Datasets =9 P T AVR aVE aVE VI V2 V3 VA V5 V6
b FHealthy control 5 835 375 587 503 430 347 4.00 421 4.36 544 5.09 5.8
Myocardial Infarction 148 10.17  6.96 7.78 539 10.96 6.57 5.64 4.60 4.11 4.84 6.77 7.07

Hypertrophy 7 642 430 470 AT7 523 477 277 2.56 3.18 3.74 3.90 3.46

Bundle branch block 15 419 426 553 441 3.62 3.52 7.05 477 4.33 518 4.36 4.27
Cardiomyopathy 18 571 411 369 351 419 3.11 2.98 3.03 3.23 353 2.88 2.60

Average 240 6.96 4.67 5.51 4.62 5.66 4.28 4.48 3.83 3.84 4.54 4.60 4.51
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Figure 5.6: Comparison plot between proposed techniques (SWMNM, PWMNM) and existing techniques at
different compression ratios (C'R) in terms of average joint PRD. Results are averaged over all data-sets taken
from the PTB database.

5.5.2 Evaluation of the compression performance

The size of sensing matrix ® € RM*512 (directly corresponds to the compression efficiency of the
proposed method. Compression is performed at different M values and the resulting C' R at 8-bit
quantization is plotted against average joint PRD over all the PTB records in Figure 5.6l Recovery is
also done using the existing CS-based techniques for the performance comparison purpose. Benchmark
techniques included for comparison are standard MNM [34], Basis pursuit (BP) [11/44], modified
simultaneous orthogonal matching pursuit (SOMP) [97], and iterative reweighted ¢;/¢s (IR-¢1/(2)
[134]. Above techniques are implemented using publicly available toolboxes. Convex optimization
toolbox CV X [I48] is used to implement MNM and IR-¢; /¢y, SPGL1 [139] is used for BP and a
modified-SOMP tool-box [97] is used for SOMP implementation.

First, we compare the performance of the proposed WMNM techniques (i.e., SWMNM, and
PWMNM) with their non-weighted counterpart, i.e., standard MNM which is a special case of WMNM

TH-1578_11610230 124



5.5 Results and Discussions

when no weighting is done, i.e., w = I1xy. The MNM as a joint sparse recovery algorithm, is earlier
used by Mamaghanian et al. [34] for joint CS reconstruction of MECG signals. However, the trend
of PRD in Figure indicates that WMNM performs much better than MNM for joint CS MECG
recovery. Incorporation of additional information through the proposed subband weighting schemes
in the joint recovery algorithm helps identify the supports of subband coefficients having high clinical
relevance. So, these clinically important coefficients are emphasized during the recovery process in
all the channels even when data recovery is done at smaller M value. This helps proposed WMNM
techniques to preserve the overall diagnostic quality in the reconstructed MECG signals at higher C'R.
However, MNM lacks this type of feature as it only leverages group sparsity leading to performance
degradation, especially, at higher C'R values.

IR-¢1 /¢y algorithm [134,[149] is a reweighted version of standard MNM and is an MMV exten-
sion of reweighted ¢; [I32]. The proposed SWMNM approach differs with this technique in terms
of weight selection criterion. It can be noted in Figure that performance of IR-¢;/¢y can be
substantially improved in low measurement scenarios by using a wavelet subband-based weighting
scheme (i.e., SWMNM). Prior knowledge-based PWMNM, which uses decaying characteristics of sub-
band coefficients, can give further performance improvement. Marginal improvement in the recovery
performance of IR-{1 /¢ is observed in low data compression conditions (low C'R). However, in the
intended resource-constrained ambulatory applications, low C'R is undesirable as it increases the band-
width requirement and energy consumption resulting in higher system cost [1,34]. Basis pursuit (BP)
is a classic CS recovery algorithm for SMV models and has been used in earlier CS ECG works [1}[41].
When the group BP is used for joint MECG recovery, it is outperformed by both SWMNM and
PWMNM. A greedy algorithm, SOMP was modified in [97] by utilizing prior signal knowledge with
it. Authors have used it for jointly recovering consecutive ECG beats of single channel ECG. We used
the same modified SOMP for the joint recovery of all the channels and found that it performs poorly
compared to WMNM techniques. It gets saturated early and the performance gains marginally even
at lower C'R values.

Channel-wise performance comparison with some other works is given in Table in terms of
PRD, SNR, WEDD, and (QS. The average quantitative values calculated over all the datasets of

PTB database are listed. A higher level of distortion can be noted in the case of regular MNM recovery
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compared to the proposed PWMNM technique at M = 70. The proposed method shows substantial
reduction in the distortion levels in all distortion metrics in each channel. In order to demonstrate
the database robustness of the proposed methods, the performance is also calculated using the CSE
multilead library database. The existing works that use CSE database [34,44], are also compared in
Table 5.3l Significant reduction in the reported average PRD is noted for most of the leads. For the
CSE database, level of distortions are relatively high compared to the PTB database at the same value
of M. This may be due to the higher noise contents and a relatively lower sampling frequency (fs)
of the MECG signals in the CSE database. The low value of f; may reduce the level of redundancies
and hence sparsity, resulting in low compressible ECG signals. Most of the existing CS-based data
compression works [45/46] deal with single channel ECG recovery. So, it is interesting to compare these
works with the proposed work, where all channels are recovered simultaneously. Table [(£.3] includes
the results when each channel of the MIT-BIH database is recovered individually in earlier reported
works [451[46] and when both channels are jointly recovered by the proposed method. Results suggest
that the proposed technique performs better than the above works in terms of reduced PRD value at
same reported M = 192 and CR = 6.4 (M = 125). The proposed method exploits the inter-channel
correlation information while jointly recovering both channels resulting in reduced PRD at same M or
CR values, whereas [45,[46] ignores this information. This also validates the importance of correlation
information in CS-based MECG telemonitoring systems and makes the proposed WMNM techniques

a preferable choice for joint data recovery.
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and 40 data records of the CSE Multilead Library database (M01_.001-M01_040).

Table 5.3: Performance comparison between proposed technique and other existing techniques. Results are averaged over all the PTB data records

ECG channels

Techniques M- Metrics 4 o T Tead TIT aVR aVL aVE VI V2 V3 Vi V5 V6 Average  Dotabase
PRD 1951 14.92 16.02 16.85 14.51 13.83 20.51 19.49 19.01 22.43 19.80 20.58 18.12
MNM [34 70 SNR 14.19 1652 15.90 15.46 16.76 17.18 13.76 14.20 14.42 12.98 14.07 13.73  14.93
WEDD 19.19 1443 1371 17.67 12.01 12.55 21.44 20.31 18.67 23.03 20.07 22.01  17.92 PTB
PRD 873 6.02 7.78 593 7.52 596 6.35 558 554 6.59 6.74 654  6.60 (. = 1000 H2)
Proposed 70 SNR 21.18 2441 2218 24.54 22.47 24.49 23.95 25.07 25.13 23.62 23.43 23.68 23.67 /5
WEDD 813 6.65 669 565 639 544 570 473 489 6.14 627 620 6.07
§ MNM [ o PRD 3368 3422 3274 33.58 34.34 33.18 32.60 36.24 37.68 39.10 38.50 3633  35.19
WEDD 2898 29.97 29.04 28.68 30.13 28.98 29.98 33.11 33.80 35.65 34.01 31.25 31.13 CSE
MCS [44] 7 PRD 2026 1951 2197 17.91 23,84 2375 14.66 13.97 17.73 18.91 19.35 1588 1897 'y
P 4 70 PRD 1656 1676 1652 1528 18.84 16.76 13.24 15.36 17.19 19.20 19.00 16.27 16.74 /*~
ropose WEDD 12.92 13.60 13.50 11.87 15.02 13.67 11.57 13.47 15.05 17.15 16.22 13.54 13.96
WLM 6] 192 PRD1 - - ; AN . . NN ~ 3.64
Proposed 192 PRD1 - - - - - - - - - - - - 1.13
PRD1 - 1 _ _ L L Ll N 3.74 MIT-BIH
MMB-IHT B§ 125 QS - - 5 5 s = - - . L - - 1.71  (fs =360 Hz)
PRDI - - J = L L 1.31
Proposed 125 Qs i ) i ) ) i i ) i i ) ) 4.88
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Figure 5.7: Recovery performances of the proposed methods (SWMNM, PWMNM) at different measurement
noise levels

5.5.3 Recovery performance in noisy scenarios

In this section, we studied the performance of the proposed techniques in the presence of measurement
noise. We contaminated the measurement vectors in Y by adding Gaussian noise of different powers
and analyzed the recovery performance. Average joint PRD obtained in the case of standard MNM,
SWMNM and PWMNM is plotted in Figure 5.7 at different number of measurements (M) for four
cases, i.e., noiseless, noisy with SNR = 35 dB, noisy with SNR = 25 dB and noisy with SNR =
15 dB. The study reveals that in noiseless scenarios, the PWMNM technique performs better than
the standard MNM and SWMNM at low value of M (<100). At higher values of M, all three
methods perform equally well. However, as the level of noise increases, SWMNM outperforms both
the other techniques. This can be observed by looking at the trend of the joint PRD in different color
graphs in Figure 0.7 (different color depicts different noise levels). This may be due to subband-based
adaptive weighting strategy, which gives better noise handling capabilities to SWMNM compared to

non-adaptive PWMNM technique. Therefore, SWMNM is preferable over PWMNM in noisy scenarios.
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5.5.4 Application Considerations

ECG telemonitoring is a resource-constrained application which requires a low complexity encoder
with the least energy consumption. The use of binary sensing matrices results in least computation
requirements, low data storage, and easy hardware implementation [IL[46]. We have taken only d = 12
number of 1s in each column of bm® that saves 65.7% energy in the encoding process compared to
MNM-based work [34], which uses d = 35. From the perspective of energy consumption in wireless
data transmission, the experimental results shown in Figure indicate that the proposed method
can achieve good quality reconstruction even when data is compressed up to 90%. The net CR gain is
5.6% (from 85.6% to 91.2%) in PWMNM and 4% (from 85.6% to 89.6%) in SWMNM as pointed out
in Figure for a good quality reconstruction (denoted by GG). The higher data compression ability of
the proposed method results in lowering the power consumption in CS-based WBAN systems. A rough
estimate of the transmission power in CS-based systems can be calculated using a method suggested

in [58] using the following formula:
Pirans = L% CR % J % fs % R (5.8)

where L is the total number of channels, J is the transmission power per bit, f; is the sampling
frequency (samples per second) of the ADC and R is the number of bits per sample (resolution)
and CR' = (1 — CR/100). Transmission power is calculated using the above formula with L = 8
(fundamental channels), J = 5 nJ per bit for the DSP chip of TT MSP430 family, f; = 500 samples
per second and R = 12 bits per sample for a particular ADC. It is found that PWMNM (21.12 pWV)
and SWMNM (24.96 uW) lead to 38.89% and 27.77% power savings, respectively compared to their
non-weighted counterpart MNM (34.56 uW). Also, other works such as SOMP (24.96 pW) [97], BP
(34.56 W) [44] and IR-¢; /¢2 (28.56 W) have low C'R values and hence require more power in order
to meet the same reconstruction quality. It must be noted that the authors in [58] have used the
power calculation formula (5.8) for theoretical power calculation only. The value of J is taken from
some other study for a particular processor family. Its value may change for other processors. We
have also used (B.8) just to demonstrate approximate power saving using the proposed technique.
The decoding complexity and memory requirements of subband weighting-based WMNM tech-
niques (i.e., SWMNM and PWMNM) remains same as that of coefficient weighting-based WMNM
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Figure 5.8: Recovery performances of the proposed method when different block length (N) of the signal is
used

(i.e., AWMNM and BWMNM) presented in previous chapter.

Computational requirements also depend on the size of the data packet being processed at a time.
Aforementioned analysis is for a data packet of size [512 x 8]. However, if we vary the window, or
block length of the signal, the corresponding encoding and decoding time will change along with
the changes in the recovery performance. Figure shows the performance study of the proposed
method with varying window lengths for three databases. Four different window lengths, i.e., N =
256,512,1024, 2048 are considered in this study. The reconstruction errors in terms of joint PRD
and WEDD averaged over ten data-sets from each database are plotted against N. It can be noted
that error drops significantly when N is increased from 256 to 512 and varies slowly for further
increase in N. This trend is followed in all the three databases. Higher window length would increase
the computational burden and can lead to delay in signal encoding/decoding, which is undesirable
in practical applications. Therefore, there should be a trade-off between speed and reconstruction
accuracy for the selection of N. As there is not much change in the performance after N = 512

(Figure £.8), we chose this window length for all three databases. The same window length (i.e.,
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N = 512) is also taken in earlier studies [34,46] with the PTB and MIT-BIH databases for similar

remote healthcare applications.

5.6 Exploiting Block-sparse Structure of MECG Signals

So far we have exploited the inter-channel correlation in both of the two joint CS recovery algorithms
proposed in Chapter M and present chapter. The resulting row-sparse structure due to spatial cor-
relation among channels was utilized in the WMNM algorithms (AWMNM/BWMNM in Chapter [
and SWMNM/PWMNM in this chapter) for simultaneous reconstruction of all the ECG channels.
However, one important aspect that was not considered in these works is that MECG signals also
have intra-channel or temporal correlation within the channel itself. This spatio-temporal correlated
structure of MECG signals is shown in Figure in Chapter [l Exploitation of both types of cor-
relations during joint CS recovery is expected to deliver better performance. The existing CS-based
works [1,[341/45,/46] also consider either of the correlations but not both, which results in a suboptimal
performance. Therefore, as an exploratory work, in this section we attempt to exploit both corre-
lations simultaneously, assuming a block-sparse structure of MECG signals in wavelet domain. The
block-sparse assumption in joint CS recovery is expected to capture the spatio-temporal correlated
structure of MECG signals more efficiently compared to simple row-sparse structure and consequently,

improves the reconstruction performance further.
5.6.1 Block-sparse-based joint MECG recovery

To exploit the block-sparse structure of MECG signals, we employed a spatio-temporal sparse Bayesian
learning (STSBL)-based algorithm [39] for joint CS reconstruction. It is proposed recently for joint
sparse recovery in a multi-channel scenario, when signals share spatio-temporal information. The
STSBL model assumes that signals in ensemble posses inter-signal as well as intra-signal correlations.
It processes signals ensemble in the form of groups/blocks containing spatially and temporally cor-

related signal samples. For MECG signals in X, following block structure is assumed in wavelet
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domain:

| Al |
where Ap; € R%*L i the i-th block of A containing d; samples from each L ECG channel and
> ,di=N. So, each block Aj;) now contains correlated MECG signal samples from across the
channels (in rows) and from within the channels (in columns). Each block is either a non-zero block or
almost a zero block. An example of such block structure in real MECG signals can be seen in Figure
discussed in Chapter 21

The STSBL model assumes each block Af; having parameterized Gaussian distribution:
p(vec(Afy);vis B, Ci) = N(0, (%Ci) ® B), i=1,2,...g (5.9)

where B € R and € € R%*9 are the unknown positive definite matrices capturing the inter-
channel (spatial) and intra-channel (temporal) correlations in Aj;, respectively, and  is the Kronecker
product. The v is a hyperparameter controlling the block sparsity of A i.e., a block is zero or not. The
vec(A[Tﬂ) is a column vector formed by the vectorization of 2-D block Ay; (by stacking its columns in a
vector). Assuming blocks Ayt = 1,2, ..., g to be mutually independent, the distribution of matrix A is
given by p(vect(AT); B, {vi, A;}i) = N(0,]] ®B), where [] is block diagonal matrix with i-th element
~iC;(V;). Similarly, noise matrix V' is assumed to have similar distribution with mutually independent
rows: p(vect(VT),\, B) = N(0, \] ® B), where ) is a scalar. Using these priors, maximum a posterior
(MAP) estimation of wavelet coefficient matrix A is estimated as the mean of the posterior. An
expectation maximization based approach is adopted to estimate the parameters v, C, B and .

More details about the parameter estimation and learning can be found in [39).
5.6.2 Comparative performance analysis

The performance comparison of the spatio-temporal correlation-based STSBL recovery approach is

done with two types of CS-based works reported in the literature: one that targets temporal correla-
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Table 5.4: Performance comparison table

Techniques Distortion metrics CR/M Correlation type
PRD 2.15
STSBL QS 3.09 6.58 Spatio-temporal
WEDD 1.13
MMB-TIHT [45] PCP;SD 513;11 6.4 Temporal
STSBL PRD 1.67 192 Spatio-temporal
WLM [46] PRD 3.64 192 Temporal
STSBL \AI;)]EP){I]))D ggi 73.3% Spatio-temporal
JCS [34] PRD 9.00 72.7%
AWMNM PRD 5.5 73.4%
BWMNM PRD 6.9 73.4% Spatial
PWMNM PRD 3.3 73.9%
SWMNM PRD 2.9 73.9%

tions and deals with single channel ECG signals only [45/46], and second type includes those algorithms,
which exploit spatial correlations and deal multiple ECG channels simultaneously [34]. Results are
also compared with our row-sparsity-based joint CS recovery algorithms proposed in previous chapter
(AWMNM and BWMNM) and this chapter (PWMNM and SWMNM), which too exploit spatial cor-
relation. The comparison results in terms of reconstruction distortion at almost same C'R values or M
values (as reported in the respective works) are given in Table 5.4l In [45.46], weighted [ (WLM) and
iterative hard thresholding (MMB-IHT) algorithms were used to individually compress and reconstruct
each ECG channel of MIT-BIH database. However, the spatially correlated information that exists be-
tween different channels was ignored in above works. The STSBL approach processes multiple channels
simultaneously and recovers ECG signals jointly exploiting their block-sparse structure. Therefore,
it exploits spatial correlation in addition to temporal correlation during joint CS recovery, which re-
sults in lower PRD and higher QS values at reported CR = 6.4 and M = 192. Joint CS (JCS) [34],
AWMNM, BWMNM, PWMNM, and SWMNM are all row-sparsity-based works, which exploit spatial
correlation from different ECG channels to recover them jointly. However, these approaches ignore
the rich temporally correlated structure that is present within channel itself. The STSBL approach
exploits this correlation and models it with spatial correlation by assuming a block-sparse structure

in wavelet domain. Exploitation of both type of correlations might help STSBL to perform better
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than the JCS, AWMNM, and BWMNM techniques in form of reduced PRD levels at almost same CR
values. However, it is noticeable that PRD value for STSBL is relatively high than subband weighting-
based PWMNM and SWMNM algorithms. Though PWMNM and SWMNM are also based on spatial
correlation only, they exploit diagnostically important multi-scale information additionally, through
the subband-based weighting approaches. On the other hand, STSBL only leverages block-sparsity
and do not utilize any other additional prior information. In this way, PWMNM/SWMNM becomes
more signal-adaptive than STSBL, which might help them to emphasize clinically relevant ECG fea-
tures more precisely compared to STSBL during joint CS recovery. This might be the reason subband
weighting-based CS recovery outperforms STSBL. Though AWMNM/BWMNM also uses a weight-
ing approach, their weighting schemes are not as effective as subband-based PWMNM/SWMNM, as
explained in subsection (.21l Because of this reason, PWMNM /SWMNM delivers better recovery
performance with low PRD value compared to AWMNM /BWMNM as shown in Table 5.4l It is also
worth noting that, STSBL performs well than coefficient-level weighting-based AWMNM/BWMNM
and is little inferior than subband weighting-based PWMNM /SWMNM. This opens scope for further
improvement in block-sparsity-based joint CS recovery of MECG signals. If we could incorporate
some additional diagnostically relevant information in STSBL also, through some weighting strategy,

recovery performance of STSBL could be improved further.

5.7 Summary

In this chapter, new subband weighting-based joint sparse recovery algorithms are introduced for joint
CS of MECG signals in telemonitoring applications. The proposed recovery algorithms exploit multi-
scale signal information through a subband weighting strategy. This weighting approach incorporates
additional information about diagnostically relevant wavelet subbands in the optimization problem
formulation and emphasizes them in the final reconstruction. The proposed methods are found capable
of reducing the number of CS measurements required for accurate recovery, or equivalently, they
improved the joint reconstruction results at a given number of measurements. The experimental results
are evaluated on a variety of databases encompassing a wide range of noisy and pathological ECG
signals. Superior reconstruction quality is achieved compared to the existing CS-based works. The

results are also verified by a diagnostic distortion measure and post-reconstruction classification task.
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5.7 Summary

The reduction in the number of measurements directly translates into lower on-chip computations and
reduced volume of data to be transmitted over the wireless links. This results in lowering the energy
consumption in resource-constrained long term MECG telemonitoring applications. Additionally,
a block-sparsity-based joint CS recovery is also explored in this chapter to exploit spatio-temporal

correlated MECG structure.
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6. Conclusions

Present dissertation investigates the compressed sensing (CS) framework for multichannel electro-
cardiogram (MECG) signals. In the proposed framework, we have explored the simple and energy-
efficient data reduction procedure of CS for resource-constrained MECG telemonitoring applications.
We have proposed few approaches for efficient data encoding and joint recovery of all ECG channels
using minimum number of CS measurements.

Chapter [l discusses the short introduction and the clinical relevance of single channel and multi-
channel ECG signals. Their use in telemonitoring systems for healthcare applications is also discussed.
The role of wireless body area network (WBAN)-enabled telemonitoring systems to cater next genera-
tion healthcare demands is discussed along with challenges faced in this area. Chapter [2] presents the
basics on CS and a detailed review of existing literature on the applications of CS for energy-efficient
ECG data compression in WBAN-enabled telemonitoring. Few existing methods have been evaluated
and their limitations are discussed. Few salient points that are noted from these two chapters are: 1)
MECG signals are having spatio-temporal correlated structure, 2) CS framework is a single step data
reduction process and hence involves least computations and low power consumption, 3) State-of-the-
art CS-based ECG data compression methods exploit temporal ECG structure but ignore spatial or
inter-channel correlated structure.

In Chapter [B] a joint PCA-CS approach is investigated for MECG signals. PCA over MECG
signals facilitates the application of CS framework in eigenspace. PCA is used to decorrelate the
mutually-correlated 12-channel ECG signals and capture their clinical features in reduced-dimension
sparse eigenspace signals. The retained eigenspace MECG signals are further compressed using CS
to get their compressed measurements. The compressed measurements are quantized using a uniform
quantizer and encoded by a lossless Huffman encoder to get the compressed bit-streams. Using or-
thogonal matching pursuit (OMP) and inverse PCA, original MECG data is successfully recovered
while preserving the important clinical features. Performance evaluations are carried out on differ-
ent databases with a variety of ECG morphologies including pathological, noisy and normal MECG
datasets. Denoising ability of the algorithm is also analyzed, and it is found that the proposed method
can significantly reduce the noise levels from the ECG signals during the compressed signal reconstruc-
tion. This chapter also investigates some practical issues in implementing the joint PCA-CS for MECG

signals. This includes study of required feature length for learning optimal PCA transformation matrix
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and the corresponding reconstruction error variation. A study regarding how frequently the eigenspace
transformation matrix needs to be updated in signal specific applications is also presented. In addi-
tion to the eigenspace CS recovery, we also investigated the CS recovery of eigenspace MECG signals
in other sparsifying domains, such as DWT, DCT, and DFT. It is found that DWT can sparsify
eigenspace MECG signals and can improve the CS recovery performance further. The proposed joint
PCA-CS approach is found to be helpful in exploiting all possible correlations present in MECG sig-
nals. This helps it to achieve higher compression efficiency compared to the state-of-the-art CS-based
ECG compression methods, which are mainly based on temporal correlations. The average value of
PRD across the PTB database is found to be 5.24% at a compression ratio of 17.76 in Lead V3. The
visual quality of the reconstructed MECG signals is validated through mean opinion score (MOS) and
it is found to be 6.66%, which implies a very good signal reconstruction quality. Despite having high
compression efficiency, the proposed joint PCS-CS approach is found to be computationally intensive
compared to pure CS-based methods.

In Chapter E, a low-complex joint CS approach is explored, which can simultaneously com-
press/reconstruct all the ECG channels. A WMNM-based joint sparse recovery algorithm is intro-
duced, which exploits inter-channel correlation at the decoder and enables simultaneous reconstruction
of all the channels. A simple matrix multiplication of the MECG data matrix with a random sparse
binary sensing matrix having binary entries (with very fews ones), is done to directly compress the
data from all ECG channels and WMNM is employed to jointly retrieve them back exploiting their
wavelet domain joint sparsity. Thus, joint CS approach minimizes the computational resources re-
quired in data encoding and transfers most of the load to the resourceful decoder. The proposed
WMNM recovery technique is based on a coefficient-level weighting strategy, which emphasizes the
high amplitude wavelet coefficients and deemphasizes insignificant low amplitude coefficients simulta-
neously during joint CS recovery. Thus, it helps in inducing row-sparsity at diagnostically favorable
locations. The high amplitude wavelet coefficients directly correspond to the clinically important ECG
features. So, their preservation helps maintain the diagnostic quality of reconstructed MECG signals
at higher compression ratios. Joint recovery through the proposed method reduces the number of CS
measurements needed for an accurate recovery, or equivalently, improves the joint reconstruction at a

given number of measurements. Performance evaluations on various databases show that the proposed
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6. Conclusions

method can jointly recover MECG signals with a wide range of morphologies. Moreover, it is also
observed that in the presence of the inter-channel correlated information, joint CS-based approach
is more advantageous than the traditional CS-based approaches in terms of improved reconstruction
quality at a lower number of measurements. The reduction in the number of measurements directly
translates into the reduced volume of data to be transmitted. Substantial improvement in the sig-
nal recovery performance (up to 77% drop in PRD value) and measurements requirements (41.18%
saving) is obtained for the proposed method compared to non-weighted CS approaches. Higher data
compression efficiency and low complexity of the proposed method makes it suitable for energy-efficient
continuous wireless telemonitoring of MECG signals. It can also be concluded that weighting-based
CS recovery approach gives flexibility to incorporate additional constraints into the recovery problem
formulation. This helps make the traditional sparse recovery algorithms more signal-adaptive, which
may result in better CS recovery performance at low measurements.

In Chapter Bl multi-scale wavelet structure of MECG signals is studied and exploited in the
joint CS recovery problem through clinically more relevant subband-based weighting schemes. The
subband weighting approach helps emphasize the clinically important MECG features present in some
particular subbands more precisely during WMNM-based joint CS recovery. Motivated from the gross
segmentation of clinical ECG features in various wavelet subbands, new subband-based weighting
schemes are investigated in this chapter. The subband-level weighting-based WMNM exploits multi-
scale signal information through the proposed weighting strategy. Clinically relevant information is
captured in the form of subband energy, entropy, and amplitude decay, and based on this, weighting
rules are defined at each wavelet scale. Through these weighting rules, additional information about di-
agnostically relevant wavelet subbands is incorporated in the optimization problem formulation. Such
a weighting approach emphasizes ECG features present in wavelet subbands having high diagnostic
importance. Coefficients in clinically less relevant high frequency subbands are deemphasized simul-
taneously, resulting in a sparser (and hence, more accurate) solution. The proposed approach is found
capable of significantly reducing the number of CS measurements required for accurate recovery, or
equivalently, improves the joint reconstruction results at a given number of measurements. The exper-
imental results evaluated on a variety of databases show that the proposed method performs equally

well for a wide range of ECG morphologies including noisy and pathological signals. Superior recon-
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6.1 Scope for the Future Work

struction quality is achieved compared to the existing CS-based works. Out of all the subband-based
weighting schemes explored in this work, it is found that the exponential type weighting criterion cap-
tures the amplitude decay characteristic of detail wavelet subband coefficients more closely followed by
multi-scale entropy-based weighting. This is the reason, recovery performance of PWMNM is found
to be better than SWMNM. Accuracy of reconstruction is validated through a post-reconstruction
classification task, which gives classification accuracy of 73.2% even when MECG signals are jointly
reconstructed using only about 10% of the compressed measurements. The reduction in the number
of measurements directly translates into lower on-chip computations and reduced volume of data to
be transmitted over the power-hungry wireless links. This may result in lowering further the energy
consumption in resource-constrained long-term MECG telemonitoring applications. Additionally, a
block-sparsity-based joint CS recovery is also explored in this chapter, which suggests a new approach
to exploit the spatio-temporal correlated MECG structure during simultaneous recovery .

Major contributions of the work reported in this thesis include:

(i) Exploitation of spatio-temporal redundancies in MECG signals using a joint PCA-CS approach.
(iil) MECG data compression using eigenspace CS approach.

(iii) Exploitation of wavelet domain joint sparsity of MECG signals for joint CS recovery using a

weighted mixed-norm minimization-based recovery approach.

(iv) Use of a coefficient-level weighting strategy to emphasize high amplitude wavelet coefficients

during joint CS recovery.

(v) Study of multi-scale wavelet structure and its exploitation in the joint CS recovery problem

through different subband-based weighting schemes.

6.1 Scope for the Future Work

e With a proper selection of sparsifying basis, the proposed joint PCA-CS approach can be em-

ployed for other signals, which share spatio-temporal information.

e Proposed WMNM-based joint sparse recovery algorithms can be generalized for any joint-sparse
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6. Conclusions

multi-channel signals (e.g., multi-channel EEG) by following a signal-adaptive weighting crite-

rion.

e Compressed measurements/random projections of the ECG signal can be explored for com-
pressed domain classification task as they have discriminative features. Random projections
preserve the underlying structure of the original signal even in low dimensional measurement

space.

e Block-sparsity based joint CS recovery approaches can be further explored using new diagnos-
tically relevant weighting schemes to effectively exploit the spatio-temporal correlated structure

of MECG channels.

e Sparse representation of ECG signals can be investigated over signal-adaptive dictionaries for

more effective sparse approximation.
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