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Abstract

This thesis documents our investigations on processing of multichannel electrocardio-
gram signals using multiscale principal component analysis (MSPCA). There are three
broad contributions. First, wavelet based denoising methods are proposed and evaluated
for noise cancellation. The proposed denoising methods are based on relative subband
energy of the signal and its Gaussianity from real data. Higher order statistics at different
wavelet subbands provides significant information about the statistical nature of the data
in time and frequency. The fourth order cumulant, Kurtosis, and the Energy Contribution
Efficiency (ECE) of signal in a wavelet subband are combined to assess the noise content
in the signal. The proposed methods show improved performance over soft threshold,

hard threshold and SURE methods when applied to ECG signals.

Second, multiscale principal components analysis (MSPCA) is investigated for compres-
sion of multichannel electrocardiogram signals. If all the channels of a standard 12-lead
ECG are subjected to wavelet transform with the same decomposition level and mother
wavelet, it is expected that, at the same wavelet scale the inter-lead correlation may be
much higher. The correlations across the ECG channels at the same wavelet scales
are investigated using scatter plots and correlation coefficients. The higher correlations
between multichannel ECG sighal-components at similar wavelet scales help reduce di-
mension and remove redundant information present in signals. Using covariance method
for PCA, it is found that the proposed method perform data dimension reduction without
introducing distortion on clinical information. Multichannel compression is implemented
using uniform quantizer and entropy coding of MSPCA coefficients. Third, clinical entropy
(Centropy) is proposed based on an information theoretic approach to eigenvalue matri-
ces resulted from MSPCA. It is shown that Centropy can effectively quantify the distortions

in the clinical components in an ECG signal.
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The major contributions of the work reported in this thesis includes,

1. Denoising using Higher Order Statistics in Wavelet Subbands.
2. Denoising based on Kurtosis based Noise Variance and Multiscale Energy.

3. Multiscale Principal Component Analysis (MSPCA) for multichannel ECG processing

and ECG data compression.

4. Clinical Entropy based Principal Component Analysis (PCA) and MSPCA for multi-
channel ECG Signals.

The other contributions are,

1. Multiscale multivariate energy contribution efficiency for multichannel ECG.
2. Denoising multichannel ECG using Multiscale PCA.
3. Quality controlled denoising of multichannel ECG signals using Multiscale PCA.

4. Multiscale Distortion Measure for Multichannel Electrocardiogram.

Keywords: Multichannel electrocardiogram, Denoising, Principal Component Analysis,

Multiscale Principal Component Analysis, Distortion Measure, PRD, WWPRD, WEDD.
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Synopsis

Introduction

This thesis work is an investigation of multichannel electrocardiogram (ECG) signal processing using
wavelets. Cardiac signal processing aims at extracting significant information from ECG signals for
diagnosis, therapy and monitoring. Multi-lead or Multichannel Electrocardiogram (MECG) signals
are essential for a physician to make a critical diagnostic decision for a cardiac patient. In case of
clinical evaluation, 12-lead standard ECG recording view the heart at different angles. This gives
spatio-temporal distribution of electrical potential of heart. Due to its special nature, such signals
need to be addressed with care during their processing. Processing of these signals should preserve
the clinically important information and relevant diagnostics features. A good amount of temporal
correlation exists in a single channel ECG. Also, the inter-lead correlation is high in a multichannel
channel ECG signal. These correlation properties can be exploited for efficient implementation of
algorithms for multichannel ECG signal processing.

This work consists of three major contributions. First, for preprocessing of ECG signals, wavelet
based denoising methods are proposed and evaluated for noise cancellation. The proposed de-
noising methods are based on relative subband energy of the signal and its Gaussianity from real
data. Higher order statistics at different wavelet subbands provides significant information about the
statistical nature of the data in time and frequency. The fourth order cumulant, Kurtosis, and the
Energy Contribution Efficiency (ECE) of signal in a wavelet subband are combined to assess the
noise content in the signal. Second, Multiscale Principal Components Analysis (MSPCA) is investi-
gated for compression of multichannel electrocardiogram signals. The higher correlations between
multichannel ECG signal-components at similar wavelet scales help reduce dimension and remove
redundant information present in signals. Using covariance method for PCA, it is found that the pro-
posed method perform data dimension reduction without introducing distortion on clinical information.
Multichannel compression is implemented using uniform quantizer and entropy coding of MSPCA co-
efficients. Third, Clinical Entropy (Centropy) is proposed based on an information theoretic approach

to eigenvalue matrices resulted from MSPCA. It is shown that Centropy can effectively quantify the
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distortions in the clinical components in an ECG signal.

Motivation

The cardiac potentials recorded using multiple leads on human body represent the same cardiac
event at different spatial locations. The same electrical pulse originating from sinus node creates
‘PQRST’ morphologies and appears in different ECG channels. Thus, the signals at different leads
are highly correlated. The individual components, P-wave, QRS-complex and T-wave, of an ECG
do have different frequency contents. Multiresolution decomposition segments these components or

information broadly in different frequency bands. It is expected that, at a wavelet scale, inter-lead

correlation may be high.

(@) Original signal Lead-aVR (b) Original signal Lead-V6
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Figure: Original time domain Lead-aVR and V6 signals and their reconstructed subbands signals due to

six level wavelet decomposition. In panels, (a) Original Lead-aVR signal with reconstructed subband signals
and (b) Original Lead-V6 signal with reconstructed subband signals. Data base used is from CSE multilead
measurement library, Data set: MO1-041

In Figure above, wavelet subband signals with original signals are shown for Lead-aVR and Lead-
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V6. It is observed that cA6 subband reflects the parts of low frequency components such as P-wave
and T-wave in leads (Figure (a) and (b)). The cD6 and the cD5 subbands show the lower frequency
component of QRS-complex with higher frequency component of T-wave. The cD4 and the cD3
subbands show the significant higher frequency component of QRS-complex. The cD2 and the cD1
subbands contain some higher frequency component of QRS-complex and noise. It is seen that in
same subband levels or scales, in both the cases, there are similarities between segmented signal
components. So, it is expected to get higher correlation between different channels in the same
subband level. If all the channels of a standard 12-lead ECG are subjected to wavelet transform with
the same decomposition level and mother wavelet, it is expected that, at a wavelet scale, inter-lead
correlation may be much higher.

So, there is a scope of applying multivariate data analysis method at a wavelet scale if the coeffi-
cients of all the channels are organized as multivariate data. These multivariate data are expected to
show higher inter-channel redundancies at a wavelet scale. Also, it is expected to have similar pattern
of multiscale energy for multivariate data. Based on these assumptions, dimensions can be reduced

applying principal component analysis (PCA) at wavelet scales for non-significant multivariate data.

Preprocessing of Multichannel Electrocardiogram Signals

Preprocessing of an ECG signal consists of noise cancellation and amplitude and time normalization.
In this work, noise cancellation of multichannel ECG data using wavelets is dealt as a preprocessing
problem. Processing of ECG signals should preserve the clinically important information and relevant
diagnostics features. Though the ECG signal denoising is an old problem, still there should be special
consideration to ensure signal fidelity for retention of clinical information. In this work, two novel
denoising methods are proposed. The first method is based on evaluation of higher order statistics at
different wavelet subbands for an electrocardiogram (ECG) signal. Higher order statistics at different
wavelet subbands provides significant information about the statistical nature of the data in time and
frequency. The fourth order cumulant, Kurtosis, and the Energy Contribution Efficiency (ECE) of
signal in a wavelet subband are combined to assess the noise content in the signal. Accordingly, four

denoising factors are defined. Performance of the denoising factors are evaluated and compared with
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the soft thresholding method. The filtered signal quality is assessed using Percentage Root Mean
Square Difference (PRD), Wavelet Weighted Percentage Root Mean Square Difference (WWPRD),
Wavelet Energy-based Diagnostic Distortion (WEDD) measures. It is observed that the proposed
denoising scheme not only filters the signal effectively but also help retain the diagnostic information.

The second denoising method is based on a threshold which is derived by considering energy
contribution of a wavelet subband, noise variance which is based on a Gaussian measure, Kur-
tosis, and number of samples. The robust noise estimator, median absolute deviation (MAD), is
scaled by a normalized wavelet subband Kurtosis instead of conventional statistical quantile function
for Gaussian distribution. The method is tested with spatially nonhomogeneous functions, Blocks,
Bumps, HeaviSine and Doppler with noise. The performance of the proposed thresholding method
is evaluated using synthetic ECG signal after adding noise and the recorded noisy ECG signal from
database. Also, it is compared with the existing classical thresholding methods such as soft thresh-
olding, hard threshoding and SURE. The lowest PRD, WWPRD and WEDD values are achieved as
9.523%, 17.743% and 4.000% for lead-V2, lead-V3 and lead-Il signal respectively. Results show that
the performance of the proposed method is better compared to the existing methods. The proposed
denoising method not only filters ECG signal effectively but also can help retain the clinical informa-

tion in the signal.

Multiscale PCA for Multichannel ECG Compression

Cardiac signal-components (P-wave, QRS-complex and T-wave) are grossly segmented to differ-
ent wavelet subbands. In wavelet subbands, the correlation between multichannel ECG signal-
components can be effectively captured. In this work, the correlations across the ECG channels
at the same wavelet scales are investigated using scatter plots and correlation coefficients. Higher
correlation of multichannel ECG data in wavelet subbands will help efficient implementation of PCA. If
there are n number of ECG channels which are ‘L’ level wavelet decomposed and j** subband of all
channels are collected in a matrix, it forms ‘L+1" wavelet subband matrix. Multiscale wavelet subband
matrix for approximation band is Ay, and subband matrices for details are D;, where j = 1,2,--- , L.

In this, the number of columns is the number of ECG channels and number of rows is the number of
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coefficients in that particular subband. The selection of principal components based on subband en-
ergy is proposed. It is based on average fractional energy contribution of eigenvalue in a data matrix.
It is seen that the selected PC represent the clinical information while discarding redundant informa-
tion associated with non-significant PC. For evaluation of clinical fidelity, quantitative measures such
as percentage PRD, WWPRD and WEDD are evaluated. The dimension reduced signals fall under
excellent category with lowest WEDD value of 1.67%. The dimension reduction at multiscale multivari-
ate matrices gives an overall samples reduction of 50.37% for 12 channel ECG with an average PRD
of 10.01%. These results motivated us for developing a compression scheme for multichannel elec-
trocardiogram (MECG) data, using multiscale principal component analysis (MSPCA). Multichannel
compression is implemented using uniform quantizer and entropy coding of PCA coefficients. Using
data set from CSE mutlilead measurement library, multichannel compression ratio of 5.98:1 is found
with PRD value 2.09% and the lowest WEDD value of 4.19%. Based on, gold standard subjective

quality measure, the lowest mean opinion score (MOS) error value of 5.56% is found.

Clinical Entropy based MSPCA and Multiscale Distortion

A novel MSPCA based clinical entropy measure is proposed to evaluate the clinical information in the
processed signal. Higher correlation between different channels in the same subband level help effi-
cient implementation of PCA at the subband level. The eigenvalues at different wavelet scales capture
the energy of the multichannel signal. Also, the gross segmentation of different ECG components in
wavelet scales help capture of clinical information through these eigen values. Clinical entropy is in-
vestigated from the diagonal eigenvalue matrix. Centropy based PC selection may be applied in PCA
and MSPCA based processing of multichannel ECG signals. Centropy based PCA is compared with
conventional PCA qualitatively and quantitatively evaluated using distortion metrics, PRD, Root Mean
Square Error (RMSE) and Cross Correlation (CC) for all 12 channel data. It is observed that the PRD
and the RMSE values are lower for all the channels in case of the proposed Centropy based PCA
method compared to the conventional PCA based method. Also, the compressed signals after Cen-
tropy based PCA and Centropy based MSPCA are compared. For Centropy based MSPCA method,
the PRD, WWPRD and WEDD values for lead-1ll signal are 11.725% 29.124% and 5.274% respec-
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tively. The Centropy based method shows the best performance over others. After reconstruction of
MSPCA processed multichannel signals, Multiscale Multivariate Distortion (MMD) is evaluated. For
Centropy based MSPCA (using same data set), if the threshold is decided at 80% of information, the
MMD values for Dy, Do, D3 Dy, D5, Dg and Ag are 79.92%, 45.48%, 63.89%, 2.14%, 2.08%, 1.93%,

and 2.07% respectively. The average Multiscale Distortion (MD) value is found as 0.5268%.

Organization of the Thesis

The contents of the thesis are organized as: In Chapter 1, introduction to ECG signals and its
processing in time, frequency and time-frequency domain are discussed with published literatures. In
Chapter 2, a related reviews of wavelet transform based ECG signal processing is given. PCA based
processing and the motivation for this thesis work is discussed. In Chapter 3, for preprocessing of
multichannel ECG, two novel ECG denoising methods are presented and evaluated. In Chapter 4,
multiscale PCA is introduced for multichannel ECG signal processing. A compression scheme for
multichannel ECG using multiscale PCA is proposed. In Chapter 5, clinical entropy based multiscale
PCA and multiscale distortion measure are introduced. Conclusion of the thesis is drawn in Chapter

6 with major contributions from this thesis and scope for further research.
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1. Introduction

This thesis work is an investigation of multichannel electrocardiogram (ECG) signal processing using
wavelets. Multi-lead or multichannel electrocardiogram signals (MECG) are clinically essential for
a physician to make a critical diagnostic decision for a cardiac patient. In a clinical ECG, 12-lead
standard recording view the heart at different angles [1]. This gives spatio-temporal distribution of
electrical potential of heart. Due to its special nature, such signals need to be addressed with care
during their processing. Cardiac signal processing aims at extracting significant information from sig-
nals for diagnosis, therapy and monitoring. Processing of these signals should preserve the clinically
important information and relevant diagnostics features. A good amount of temporal correlation ex-
ists in a single channel ECG. Also the inter-lead correlation is high in a multichannel channel ECG
signal. These correlation properties can be exploited for efficient implementation of algorithms for
multichannel ECG signal processing. In this work, three problems of multichannel ECG signals are
dealt.

The first problem deals with the denoising of the multichannel ECG signal. A novel denoising
method is proposed. Higher order statistics at different wavelet subbands provides significant infor-
mation about the statistical nature of the data in time and frequency. The fourth order cumulant,
Kurtosis, and the Energy Contribution Efficiency (ECE) of signal in a wavelet subband are combined
to assess the noise content in the signal. The robust noise estimator, median absolute deviation
(MAD), is scaled by a normalized wavelet subband Kurtosis instead of conventional statistical quan-
tile function for Gaussian distribution.

The second problem deals with multiscale principal component analysis (MSPCA) for multichan-
nel ECG to reduce data dimension and multichannel ECG compression. Higher correlation is ob-
served between standard 12 lead ECG signals in different wavelet scales. To apply MSPCA, wavelet
subband matrices are formed with the wavelet transformed coefficients of all the 12 standard leads
of multichannel ECG signals. The multiscale properties of wavelet transform and the correlations be-
tween data at wavelet scales in different channels are used for dimension reduction of multichannel
ECG signals without introducing significant distortion of clinical information. A novel method for the
selection of principal components is proposed by dividing the sum of eigenvalues at a wavelet scale
by total cumulative sum of eigenvalues of all scales. Multichannel compression is implemented using

uniform quantizer and entropy coding of PCA coefficients.
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1.1 Electrocardiogram (ECG) and Its Clinical Components

The third problem deals with information theoretic approach applied for multiscale principal com-
ponent analysis (MPCA) for multichannel ECG signals. Clinical information (clinical entropy) is eval-
uated from the inverse of the diagonal eigenvalue matrix. Clinical entropy (Centropy) based MSPCA
methods show improved performance compared to the conventional PCA. The proposed method ex-
hibits superior signal quality with higher cross correlation (CC), lower percentage root mean square
difference (PRD) and lower root mean square error. Also, a novel wavelet based multiscale distortion
mesure is proposed and evaluated for multichannel ECG signals.

The main standard ECG database used for this work is CSE mutlilead measurement library [2].
For this work, the data set 3 of CSE multilead measurement library is considered. The data set 3 has

125 original ECG data sets with almost equal numbers of normal and various pathological cases.

1.1 Electrocardiogram (ECG) and Its Clinical Components

Human physiological activities recorded as signals or captured as an images give pathological or
normal condition of a specific organ of human body. Among these, cardiac signal recorded as elec-
trocardiogram (ECG), reflects nature and activities of human heart. In standard clinical electrocardio-
gram, signals are recorded with single lead or multiple lead configuration from the surface of human
body. Each lead bears a good amount of clinically relevant diagnostic information.

In Figure[1.1l shows an ECG signal marked with their amplitudes and time intervals. Local waves
P, Q, R, Sand T are present in a typical ECG cycle. The physiological significance of these local
waves [3H5] are presented in the following paragraphs
P wave: The electrical impulses initiated at sinoatrial node of right atrium starts atrial depolarization
and produces the P wave on the electrocardiogram. P wave represents the composite electrical
activation of right and left atria. The duration of the P wave is in the range of 80 to 100 ms. The
maximum normal amplitude of P is 0.25 mV. Normal P wave is never pointed or peaked. A P wave
with magnitude >0.25 mV signifies Right Atrial Enlargement (RLE) and a widened P wave indicates
Left Atrial Enlargement (LAE). In case of hyperkalemia, P wave may be decreased in height.
PR interval: The time interval between the atrial depolarization and the beginning of ventricular
depolarization is the PR interval. The PR interval is measured from P wave to the Q wave or the R

wave if the Q wave is absent. The normal PR interval is 120-200 ms. A short PR intervals is observed
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Figure 1.1: Clinical components of an ECG signal with their duration and amplitude

in patients with pheochromocytoma and Wolfe-Parkinson-White Syndrome. Prolonged PR intervals
are observed in ECG signals from patients with 1st degree atrioventricular (AV) block, 2nd degree AV
block and rheumatic heart diseases.

Q wave: First downward deflection of the QRS-complex is the Q-wave. Depolarization of the intra-
ventricular septum is represented by the Q wave. A normal Q wave has a duration less than 40 ms
and its amplitude is 25% of the amplitude of the R wave. Myocardial infarction shows a wide or deep
Q wave.

R wave: First upward deflection of the QRS-complex is the R wave. A part of the ventricular depo-
larization cycle is represented by this wave. The presence of a bundle branch block is indicated by a
reverse or greatly disturbed R-wave.

S wave: The downward deflection of QRS-complex is the S-wave. It represents the remaining part
of time period for ventricular depolarization. In the presence of bundle branch blocks, S-waves have
irregular shapes.

QRS complex: The QRS complex represents the depolarization of the myocardial cells of the ven-
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1.2 Multichannel Electrocardiogram

tricles. Its duration is normally 60 ms to 100 ms. Abnormal intraventricular conduction velocity is
reflected as a change in the duration of QRS-complex.

ST segment: ST-segment represents the period from the end of systole to the beginning of repolar-
ization of the ventricles. It has a duration of 80 ms to 120 ms. It may appear as a flat line between the
QRS complex and the T wave or it may appear with a up-slope from 0.1 mV to 2 mV. The ST segment
will become depressed with a long duration and a large amplitude before it joins the T wave during
ischemia. During an acute myocardial infarction, the ST segment is elevated. In the diagnoses of
heart problems, the shape of the ST-segment plays an important role.

T wave: The ventricular repolarization is represented by the T-wave. Its duration is 100 ms to 250 ms
and its amplitude is less than 0.5 mV. The normal T-wave has a more gradual slope than its second
half. Cardiac ischemia or infarction are indicated by normally shaped T waves.

QT interval: The beginning of the QRS-complex to the end of the T wave is represented by the
QT-interval. Its duration varies between 350 ms to 450 ms. In higher heart rate the duration of the
QT interval is reduced. The ventricular tachyarrhythmias leading to sudden cardiac death can be
diagnosed from prolonged QT-interval.

U wave: A small deflection that follows the T-wave is the U-wave. Repolarization of the mid-
myocardial cells is represented by the U-wave. Many electrocardiograms do not show the U waves.
The abnormal U wave is inverted or tall with an amplitude of 0.2 mV or more.

RR interval: The RR interval is the heart rate which represents the duration of cardiac cycle.

ECG signal has a bandwidth of 0.05 to 100 Hz. It has been found that notches and slurs may be
superimposed on the slowly varying QRS complexes. They may contain additional information and
they are located in the higher frequency bands of 100 Hz to 1000 Hz . In addition, the recording of
the electrical field generated by the His and Purkinje activities produces a signal in the ECG with an

amplitude range of about 1 to 10 V' which is useful in the identification of conduction abnormalities.

1.2 Multichannel Electrocardiogram

In a standard clinical ECG, 12 leads are used and they are known as leads I, Il, lll, aVR, aVL, aVF,
V1,V2,V3,V4,V5and V6. This 12-channel ECG is recorded using six limb leads and six chest leads

in six positions. The simultaneous recording of these 12 channel ECG signals is called multichannel
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electrocardiogram (MECG). The reference electrode is right leg (RL). Leads I, Il and Ill are known

Right Arm
(RA) Left Arm

(LA)

Right Leg
(RL) (LL)

Figure 1.2: Bipolar limb leads configuration and Einthoven'’s triangle

as bipolar limb leads [6]. The lead configuration using left arm (LA), right arm (RA) and left leg (LL)
during recording of ECG waveforms, is shown in Figure 1.2l The hypothetical triangle drawn around
the area of the heart in Figure [1.2], is known as Einthoven’s triangle. According to the Einthoven law,
the potential at limb lead Il is the summation of potential of limb lead-I and limb lead-IIl.

Leads aVR, aVL, and aVF are called augmented limb leads where Wilson’s central terminal is the
reference. Wilson’s central terminal is formed by combining the left arm, right arm and left leg leads.
Wilson'’s central terminal is also used as the reference for chest leads V1, V2, V3, V4, V5 and V6.
In Figure [1.3] augmented limb leads and six chest leads are shown with Wilson’s central terminal as
reference.

These six chest leads are obtained from six standardized positions on the chest. Leads V1 and

V2 are placed at the fourth intercostal space just to the right and left of the sternum respectively.
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Right Arm
(RA)

Right Leg
(RL) (LL)

Figure 1.3: Unipolar leads: Augmented limb leads and chest leads

Signal at lead V4 is recorded at the fifth intercostal space at the left midclavicular line. Lead V3 is
placed between the V2 and V4 leads. V5 and V6 leads are placed at the same level as the lead V4

at the anterior axillary line and the midaxillary line.

1.2.1 Correlations of Electrical Activities with Multicha nnel ECG

The standard ECG signals at six limb leads (3 bipolar and 3 augmented lead) and six chest leads,
look” at the heart in frontal (vertical) and horizontal (transverse) planes. The six chest leads enable
viewing the cardiac electrical vector in horizontal plane. In Figure [1.4], chest leads V1, V2, V3, V4,
V5 and V6 are shown in the horizontal plane. Leads V5 and V6 are most sensitive to left ventricular
activity whereas V3 and V4 depict septal activity. Leads V1 and V2 reflect electrical activity in the

right-half of the heart.
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Figure 1.4: Viewing the heart in horizontal plane with chest leads

The bipolar limb leads (I, I, and Ill) and the augmented limb leads (aVR, aVL and aVF) depict
the electrical activity of the heart from the edges of the frontal plane. The six limb leads measure
projections of the three-dimensional cardiac electrical vector onto the axes illustrated in Figure [1T.5l
The six axes lie in the steps of 30°. The vectors at specific angle facilitate viewing the electrical
activity of the heart with the emphasis in the direction. This helps analyze the behaviors of cardiac
chambers and muscles at frontal plane.

Looking to the anatomical relations of above lead system (Figure [1.4] and Figure[1.5) in standard
12-lead ECG, the inferior surface of the heart is viewed by leads I, lll and aVF. Anterior surface is
looked by leads V1, V2, V3 and V4. The lateral surface is electrically scanned by leads I, aVL, V5
and V6. Leads V1 and aVR view the right atrium and ventricle. So, these ECG leads may provide
spatial information of electrical activity of the heart in three dimensional orthogonal space: left lateral

to right lateral, inferior to superior and anterior to posterior. Each lead gives a specific orientation
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Superior

Posterior

Anterior i

Inferior

120° 90 60°
I aVF I

Figure 1.5: Electrical axes for vertical directional views of the heart for bipolar limb leads and augmented limb
leads

in space. The direction of depolarization of heart chambers in 3-dimensional space can give better
understanding of its electrical activities. The deviation of these cardiac vectors from the normal one

in spatial domain captures the diagnostic information.

1.2.2 ECG Signal Components in Different Leads

The 12-lead ECG view the heart electrically from different angles. In each of these leads, the cardiac
events, the depolarization and re-polarization, appear simultaneously during an ECG cycle. The de-
polarization spreading towards a lead causes an upward deflection. Similarly, depolarization spread-
ing away from a lead shows downward deflection in electrocardiogram. Figure [1.6] shows a cycle of
ECG waveform appearing at different leads when the signals are digitized by simultaneous sampling.
Electrical impulse originating at the SA node travels from the direction of superior-to-inferior, and de-

polarizes the atria. So, P wave is upright in lead-l and lead-Il. It is inverted in lead-aVR. It is most
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avR avL

Figure 1.6: Signals in limb leads and chest leads due to activation sequence

prominently seen in leads-Il. Due to dextrocardia or abnormal atrial rhythms, a negative P-wave may
appear in the lead-l. An impulse originating other than the SA node depolarizes the atria in a different
direction and disturbs the P wave morphology.

The QRS-complex is the most important and prominent trace in an ECG waveform. In normal
condition, the depolarization wave travels through the interventricular septum via the bundle of His
and bundle branches and reaches the ventricular myocardium through the purkinje fibre. The left
side of the septum depolarizes first, and the impulse then spreads towards the right. QRS-complex
is positive in leads-l and lead-V6 and negative in lead-aVR and lead-V1. QRS morphology in the
precordial leads vary depending on the depolarization forces that move towards or away from a lead.
Small septal Q-wave is often present in the leads-I, lead-aVvL, lead-V5, and lead-V6. The forces

generated by the left ventricle predominate, and therefore in lead V1 a small R-wave is followed by
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1.2 Multichannel Electrocardiogram

a large negative deflection S-wave. The amplitude of R wave in the precordial leads increases in
lead-V1 to lead-V6 with a corresponding decrease in S-wave depth culminating in a predominantly
positive complex in V6. The height of the R wave is variable and increases progressively across the
precordial leads (leads V5 and V6). The R wave in lead V6, however, is often smaller than the R
wave in V5, since the V6 electrode is further from the left ventricle. The S wave is deepest in the right
precordial leads; it decreases in amplitude across the precordium, and is often absent in leads V5
and V6.

T-wave orientation usually corresponds with that of the QRS complex, and thus is inverted in lead
aVR, and may be inverted in lead Ill. T-wave inversion in lead V1 is also common. It is occasionally
accompanied by T-wave inversion in lead V2, though isolated T-wave inversion in lead V2 is abnormal.
The presence of symmetrical inverted T-waves is highly suggestive of myocardial ischaemia. Asym-
metrical inverted T-waves are frequently a non-specific finding. The tallest T-waves are seen in leads
V3 and V4. Tall T-wave may be seen in acute myocardial ischaemia and is a feature of hyperkalemia.
The T-wave in most circumstances follows the same direction (polarity) as the predominant portion
of the QRS complex. It is normally upright in leads | and V6 and inverted in lead aVR. However, the

normal T-wave can be either upright or inverted in leads V1, aVL, and Ill. The Table 1.1 [3H5], shows

Table 1.1: Orientations of P-wave, QRS-complex and T-waves in different leads for a 12-lead ECG with view
of the heart

Leads P-wave QRS-complex T-wave Views

] upright upright upright lateral

Il upright upright upright inferior

I upright upright upright inferior
avR negative negative negative/upright  right atrium/left ventricle
aVvL upright upright upright lateral
avF upright upright upright inferior
Vi upright/biphasic small R-wave/QS upright septum
V2 upright/biphasic small R-wave/QS upright septum
V3 upright equiphasic/QRS upright upright anterior
\Z! upright upright upright anterior
V5 upright upright upright lateral
V6 upright upright upright lateral

the '‘PQRST’ morphologies at different ECG leads. The last column gives the views of the heart as

seen from each lead.
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1. Introduction

1.3 Processing of ECG Signals

The processing of single or multichannel ECG is preceded by the an important pre-processing stage.

In Figure[1.7] a typical block diagram for ECG signal processing is shown. In the first pre-processing
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Figure 1.7: System block diagram

block, signal is amplitude and time normalized. Artifacts and noise is removed by applying suitable
filter. In the processing block, signal is processed for feature extraction, time or frequency domain
processing and analysis for specific task. Post-processing unit does the work for its diagnostic deci-
sion. The error introduced during the processing of ECG signal is evaluated in error analysis block
using Percentage Root Mean Square Difference (PRD), Wavelet Weighted Percentage Root Mean
Square Difference (WWPRD), Wavelet Energy based Diagnostic Distortion (WEDD) measure etc. .
In time domain, recorded ECG display ‘PQRST’ morphologies with P-wave, QRS-complex and
T-wave. This helps a cardiologist to get first-hand information on signal shape, time and amplitudes.
Any processing of ECG signal should preserve the shape, duration and amplitudes of its clinical

components. One of the goals of research on ECG signal is to get noise free ECG with distinct
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parameters. Similarly, many algorithms are developed for extraction of features for the purpose of
diagnosis. The use of multilead ECG help cardiologist to analyze the cardiac events from different
angles. To extract information which may not be readily available from the original time domain signal,
transformed domain tools are applied on single or multiple lead ECG signals. The wavelet-based
signal processing is extensively used for non-stationary ECG signal analysis and interpretation. Also,
it is used for characterization of local waves (P, T and QRS complex morphologies).

Processing and analysis of multilead ECG is of great important due to its wide application in
clinical diagnosis of cardiac rhythmicity. Generally, the signal processing algorithms are applied for
pre-processing, denoising [7] and processing of signals for specific task. These may include beat de-
tection, wave boundary measurement of P-wave, QRS-complex and T-wave, measurement of impor-
tant features such as RR interval, PQ interval, QT interval, measurement of QRS duration, detection
of ST segment [8,19]. In addition to these, dimension reduction and data compression are the area to
be addressed. Shen et al. [10] have reported multi-lead Electrocardiogram (ECG) classification and
the feature extracting stage by an improved Independent Component Analysis (ICA) method. For
each segment of an ECG, P wave, QRS interval and ST segment ICA is used to extract the features
separately. These three feature vectors constructed from single lead are combined to generate a
multi-lead feature vector. The Support Vector Machine (SVM) is used for multi-classification. The
multilead ECG characteristic points detection is introduced [11] by an approach of lead optimization
using the single lead result. In the process of global characteristic points determination, the similar
methods are used such as the detection of the onset and the offset of QRS-complex, P-wave and
T-wave.

For physiological signals, conventional PCA has been applied for data reduction, noise elimina-
tion, beat detection, classification, signal separation and feature extraction [12], [13]. Also, it is used
to separate respiratory and non-respiratory segments in an ECG signal [14]. The rhythmical beats of
the heart with proper PQRST morphologies and the normal shapes of waveform are more important.
These features are most important for a physician for the diagnosis of pathological condition of hu-
man heart. So, the signal processing algorithm applied on recorded MECG should not alter or deform
the original signals. That is, a small change in clinically important diagnostic features of PQRST may

mislead a judgement for clinical trial. Thus, to check the distortion introduced on these features or
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signals during the processing of the signals, certain error measures are essential.

1.3.1 Preprocessing

The raw ECG signal may contain a few undesired signals or other artifacts. Few of them are base-
line wander or drift, high frequency slur and noises and artifacts. Preprocessing of single lead or
multi-lead ECG emphasizes the signal and at the same time it deemphasizes the undesired and
unwanted part or parts of the signal. Thus, it improves the signal quality for more accurate analysis
and measurement.

Noise elimination is an important signal processing task for ECG signals. The ECG filtering
techniques are used for preprocessing of the signal before applying other algorithms. The most
common types of noise and artifacts presence in the ECG signal and different filtering schemes are
presented below.

Baseline wander is a low-frequency artifact present in an ECG signal. Its spectral content is
below 1 Hz [15]. It may appear due to a variety of noise sources such as perspiration, respiration,
body movements, and poor electrode contact. Due to its presence in ECG waveform, the isoelectric
line cannot be recognized. It affects the low frequency ‘ST-T segment’ and may create confusion
in the diagnosis of ischemia. The determination of the QRS-complex becomes difficult when its
amplitude is high. The baseline wander may be filtered out by applying linear filtering methods or
polynomial fitting methods. The critical requirement for this filter is the linear phase. This is required
to avoid any phase distortion which may affect the time and duration parameters in an ECG signal.
Infinite impulse response (lIR) filter may not be suitable due to its nonlinear phase response.

Electrode motion artifacts = appear due to skin stretching. This may change the impedance of
the skin under the electrode. Electrode motion artifacts are problematic during ambulatory ECG
monitoring. Motion artifacts is similar to the signal characteristics of baseline wander. Its spectral
content is in the range of 1 to 10 Hz [16], [17] which overlaps with the spectrum of the PQRST
complex.

Powerline interference [18] is caused by improper grounding of the ECG equipment and inter-
ference from nearby equipment. Such interference can be removed in many situations by means of

linear or nonlinear filtering.

TH-1102_06610204 14



1.4 Compression of ECG Signals

The electrical activity of skeletal muscles during periods of contraction causes electromyographic
(EMG) noise, commonly seen in ECG signals recorded during ambulatory monitoring or exercise.
EMG noise can either be intermittent in nature, due to a sudden body movement or have more sta-
tionary noise properties. The frequency components of EMG considerably overlap those of the QRS
complex which may extend to higher frequencies (in the 0.01 Hz to 100 Hz range) [19], [20]. As a
result, application of bandpass filtering fails to remove EMG noise from the ECG signal without in-
troducing distortion. The influence of EMG noise can also be reduced by ensemble averaging when
the recurrent property of the heartbeats can be exploited. Respiratory activity influences electrocar-
diographic measurements not only through heart rate but also through beat morphology [21]. Such
beat-to-beat variations in morphology are caused by chest movements, changes in the position of
the heart, and changes in lung conductivity. During the respiratory cycle, the vector describing the
dominant direction of the electrical wave propagation changes so that variations in beat morphology
arise. Thakor and Zhu [22] discussed different adaptive filtering methods to eliminate baseline wan-
der, 60 Hz power line interference, muscle noise, and motion artifact. Spectral substraction method
may introduce artificial noise and disturb the original signal [23]. Due to non-stationary nature of ECG
and noise signals, Wiener filter may not yield good result [24]. Adaptive filtering is one of the popular
methods for ECG filtering [25,/26] due to its ability to denoise signal with overlapping spectra. The
wavelet based signal denoising using wavelet shrinkage and soft thresholding are proposed [27H29].
In general, wavelet based denoising can be accomplished by thresholding coefficients with an appro-
priate method. A comparison between Adaptive filtering and wavelet shrinkage on denoising of ECG

signals is presented by Jianbo et al. [30].

1.4 Compression of ECG Signals

ECG signals recorded for longer duration require substantial volumes of data storage. If more ECG
leads, higher sampling rate and finer amplitude resolution are needed, it demands even higher mem-
ory space. Thus, long-term recording accumulates huge data. To overcome this constraint, data
reduction and compression of signal play important role. Data compression method reduces the
number of bits to represent the information. The need for such compression system is to transmit

ECG signals through public telephone network, cellular networks, intra-hospital networks, wireless
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communication link and ambulance or a patient's home to the hospital [15]. So, ECG data com-
pression is a method to reduce the bandwidth required to transmit a given amount of information
in a given time or to reduce the time required to transmit a given amount of information in a given
bandwidth. For physiological signals like ECG signal, the goal of compression is not only to achieve
higher compression ratio but also to preserve the diagnostic or clinical features in the signal. It should
enable to store or transmit digitized ECG signals without significant loss of signal quality.

The ECG signal can be compressed in time domain, frequency domain, or time-frequency do-

main. The compression method employed may be lossy or lossless.

1.4.1 Time Domain Compression

In time domain, direct methods, the ECG signal is compressed by keeping ‘M’ number of significant

samples from ‘N’ number of samples from the original signal z(n), provided M < N.
Original signal (z(n),n) ; where n =0,2,...N — 1
Compressed signal (z(n.,), nm); wherem = 0,2, ..M — 1

Reconstruction of the signal is achieved by employing prediction or interpolation algorithms.
These techniques try to reduce redundancy in a data sequence by examining a successive hum-
ber of neighboring samples. Interpolation method utilizes a priori knowledge of both previous and

future samples whereas prediction algorithm employs a priori knowledge of some previous samples.

z(n) if n=mng,n1, -+, na—1;
— froni(n), ifn=mno+1,---,n —1;
z(n) =

anrﬁfoyn]VIfl(n)’ if n = ny—2+ 1, ,npy —1;

Samples between the significant samples is achieved by above interpolation. The interpolating
function has a polynomial form of low order, approximating the signal with zero-order or first-order
polynomials. First-order (linear) interpolation has become especially popular since the signal can be

completely reconstructed from the set of significant samples z(ny;).
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Time Domain Compression (TDC) methods are sensitive to noise level in the signal. Some of the
methods use more than one variables to achieve the desired data reduction. But the selection and the
tuning of these variables are difficult. In most of the methods, the reconstruction is achieved by linear
interpolation. Four categories of data handling approaches are used in this method [31], 1) Statistical
coding techniques, 2) Redundancy reduction techniques, 3) Adaptive sampling techniques, and 4)
Model based compression (MBC) techniques.

In adaptive sampling, the sampling rate of the original waveform is varied while in redundancy
reduction the waveform is initially sampled at a constant rate and nonessential samples are eliminated
later.

Cox et al. developed the Amplitude Zone Time Epoch Coding (AZTEC), one of the earliest
ECG coding methods [32] for preprocessing real-time ECG for rhythm analysis. Though, work claims
high compression ratio, it introduces significant features distortion which is not acceptable to the
cardiologists. It gives up to 20 : 1 reduction by producing plateaus and slopes to encode the ECG
signal. The Turning Point (TP)data reduction method [33] is basically an adaptive down sampling
method developed for ECG compression. It reduces the sampling frequency of an ECG signal by a
factor of two. So, the resulting compression ratio (CR) is 2 : 1. A PRD of 5.3% is reported for an
ECG signal sampled at 200 Hz with 12 bit/sample resolution. A hybrid of TP and AZTEC was devel-
oped [34] known as the Coordinate Reduction Time Encoding System (CORTES). The CORTES
provides nearly as great data reduction as AZTEC with approximately the same small compression
or reconstruction error as TP. The average percent RMS differences for CORTES is 7% with the aver-
age amount of data reduction of 78%. Scan-along Polygonal Approximation ~ (SAPA) is an another
data compression method [35]. In this, to avoid the plateau representation of AZTEC, the signal is
represented by consecutive straight lines.

Some of the adaptive sampling techniques are reviewed by Jalaleddine et al. [36] for compres-
sion. SLOPE algorithm [37] by Tai uses the slope value of a linear segment to select the significant
samples. He has also developed the corner detection algorithm for real time ECG compression and
compared the results with the AZTEC algorithm [38]. The performance evaluation shows that a con-
siderable improvement of the Signal-to-Noise Ratio (SNR) and Root Mean Square Error (RMSE)

under the same bit rate. Huang et al. have proposed two algorithms named as Modified SAPA
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(MSAPA) and Combined SAPA (CSAPA) [39]. These algorithms were tested using the 15 differ-
ent ECG signals including ischaemic episodes, tachycardia, inverse QRS complexes and power-line
noise. Results showed that the algorithms achieved a compression ratio of more than 5:1 with a PRD
value of less than 3.5%. Shahein and Abbas [40] have presented the CUSAPA algorithm based on
the Cubic-Splines and the SAPA. An improved AZTEC reported by Vinod Kumar et al. [41], incorpo-
rates two steps to the previous reported adaptive AZTEC algorithm. Adaptive sampling techniques
are widely used for the reduction of ECG data. It is seen that, for the selection of significant samples

a threshold is applied.

1.4.2 Frequency Domain Compression

Transform or Frequency Domain Compression (FDC) method translates the ECG signal in frequency-
domain and coding method is applied on significant samples. Transforms of ECG signal possess the
features of energy preservation, energy compaction, and decorrelation. In FDC, the rationale is to ef-
ficiently represent a given data sequence by a set of transformation coefficients. These compression
techniques include the KarhunenlLove transform (KLT), the Fourier Transform, the Walsh transform,
the Discrete Cosine Transform (DCT), the Discrete Legendre Transform (DLT), the Optimally Warped
Transform (OWT), the Subband Coding (SBC) and the Wavelet Transform (WT). These compression
methods generally consist of 1) Transformation of signal using the transform, 2) Thresholding of coef-
ficients, 3) Quantization process, and 4) Encoding of the symbols. Sometimes, the quantization was
performed after the transformation without applying the thresholding process. When transform cod-
ing is concerned, it is important to select the orthogonal transform that can represent the maximum
amount of signal energy with minimum number of coefficients. Principal component analysis (PCA)
uses an orthogonal transformation to convert a set of observations of possibly correlated variables
into a set of values of uncorrelated variables (Principal Components).

Ahmed et al. [42] tested the performances of the Karhunen-Loeve Transform (KLT), the Discrete
Cosine Transform (DCT), the Haar Transform (HT) and the Identity Transform (IT) using the vari-
ance criterion. It is shown that almost all of the signal energy is packed into nearly 45 DCT and
KLT components. Dual application of the KLT to a vector lead ECG partitioned into a P wave and a

QRST segment has given a CR greater than 12 with good reconstruction [43]. However, the quality
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of the reconstructed P-wave is not good. Feasibility of using a fast Walsh Transform algorithm for
real-time microprocessor based ECG data-compression system has been investigated [44]. Walsh
spectrum of a typical ECG shows an exponentially decaying energy content with increasing spectral
index. Therefore, Berti et al. [45] suggested the logarithmic quantization of the expansion-coefficient
amplitudes in addition to an exponential decrement of the number of quantization levels. For a spec-
tral reduction of 2:1, the method reached a CR of 3.05 with a very low MSE of 0.011 without the
filter and 0.0025 with the filter. Reddy et al. [46] presented Fourier descriptors (FD's) for ECG data
compression by segmenting two-lead ECG into QRS complexes and S-Q intervals. The magnitudes
of Fourier descriptors decrease rapidly for higher harmonics. Though, compression ratios of 10:1
are feasible for the S-Q interval, the clinical information requirements limited to 3:1 for the QRS com-
plex. Nashash [47] proposed a method that relied on modeling quasi-periodic ECG signals by a set
of time-varying Fourier coefficients. A higher CR with lower heart rates and a lower CR with higher
heart rates can be obtained.

Tai [48] presented a six-band Sub-band Coder (SBC) for encoding of the ECG signal. Quadra-
ture Mirror Filter s (QMF) are used for the frequency band decompaosition. It claims an average SNR
of 29.97 dB and average bit rate of 0.81 bits per sample. In another work, the ECG signal is decom-
posed into four sub-signals using a QMF bank in a tree structured fashion and the resulting stages
of the tree are decimated by a factor of two [49]. Compression ratios as high as 5.7 is obtained with
a PRD =7.0%. The performance is tested with filtered ECG signal. A low-pass filter with a cutoff fre-
quency of 125 Hz is used which results in a CR and PRD of 5.3 and 2.9% respectively. It is observed
that the PRD measure is sensitive to smoothing of background noise. Both finite impulse response
(FIR) and Infinite Impulse Response (lIR) filter banks are considered as main components in a sub-
band coding system [50]. This system can provide compression ratios between 5 and 15 without loss
of clinical information. Balnco [51], [52], compared the performance of a nearly perfect reconstruction
cosine-modulated filter bank with the Wavelet Packet (WP) technique. Both apply the same coding
in order to establish suitability for use in ECG compression. The results show that the nearly perfect
reconstruction cosine-modulated filter bank method superior to the WP technique in terms of both
quality and efficiency.

Philips and Jonghe [53] have discussed a compression method based on the approximation of
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the ECG signal by Higher-order Polynomial Expansions  (HOPE). The variable coding method is
applied to reduce the correlation between the coefficients of the two intervals. For same value of
polynomial expansions, the compression ratio of the Discrete Cosine Transform (DCT) is only half.
The signals reconstructed by the Discrete Legendre Transform  (DLT) [54] often suffer from ringing
or Gibbs-effects. Alberto and Antonio [55] proposed the use of variable-length discrete Legendre
polynomials and a variable-rate fixed quality scheme. The use of nonuniform quantizers and entropy
coding improves the performance of the basic coder. Philips [56] presented the adaptive compression
for ECG signal using the Optimally Warped Transform (OWT). The DLT error is larger than the
OWT error especially near the QRS complexes. The results presented in this paper demonstrated
the benefits of the OWT for ECG compression. An average CR of 9.3:1 is achieved for a PRD value
equal to 2.5% for an ECG compressor based on optimized quantization of DCT coefficients [57].
Borsali et al. [58] proposed an ECG compression method combining the ECG beat alignment and
the polynomial modeling. The QRS complexes are first detected and then aligned in order to reduce
high frequency changes from beat to beat. Allen and Belina [59] discussed the implementation
of DCT based compression routines for ECG. The average value and the width of each band are
calculated and the coefficients are approximated using uniform quantization. It is concluded that the
overall suitability of the DCT in ECG signal compression method is enhanced by the basic algorithm
which allows the dynamic allocation and subband thresholding. Madhukar and Murthy [60] presented
a compression algorithm based on the parametric modeling of the discrete cosine transformed single
lead ECG signal. A maximum compression ratio of 40:1 is achieved with Normalized Root Mean

Squared Error (NRMSE) in the range of 5 to 8%.

1.5 Error Measures

In an ECG cycle, cardiac components appear in a regular sequence of ‘P-QRS-T’ and carry clinical
information. There are many algorithms extract basic ECG measurements of wave amplitudes and
durations. A delineation determines the boundaries of each wave within the PQRST complex. It can
give time instants and so wave duration can be computed. Once the wave has been delineated, other
measurement characterizing the wave, such as amplitude and morphology, can be easily computed.

The delineation is mainly applied to beats originating from the sinus node, to produce measurements
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for use in automated beat classification.

Most of the ECG analysis algorithms, need a QRS detector to monitor arrhythmia [61], [62], [63].
The algorithms for QRS detection methods are mainly based on approaches like derivatives, filter-
banks, wavelets, mathematical morphology and correlation [64] [65]. In derivative based approach to
filtered out the high frequency noise, moving average filter is used. Then, the signal is differentiated
to emphasize higher slopes as well as to suppress ECG waves (P and T waves) and baseline wan-
ders. Then squaring the magnitude of the derivative signal results further enhancement of the high
derivatives of the QRS complex. And then, one can find out the local maxima, by applying a suitable
threshold on this.

The heart rate may be determined by calculating the time period between the two consecutive R
peaks on ‘QRS-complex’. Also, using the R peak locations certain ECG parameters can be derived
such as, ST segment. It is measured at a certain predefined time interval from the end of the QRS
complex [15]. The corrected QT interval is derived by classical Bazzet's equation (Q7,. = %)
putting the current QT and RR intervals [66]. So, the QRS detection in cardiac signal processing is
an important step. Most of the QRS detection algorithms, take advantage of the relatively high energy
contents of complex that lie in 5-25Hz band [65], [67], [63]. The complex QRS detection algorithms
apply the Neural Network (NN) and Hidden Markov Model (HMM).

On a standard ECG dataset, the Hamilton-Tompkins algorithm had the highest detection accu-
racy of 99.68% with sensitivity and 99.63% but gives the largest time error [68]. This algorithm is
an improved version of the Pan-Tompkins algorithm [67]. Benitez et. al. [69], proposed a Hilbert
transform-based method. The ST segment is normally at or near the baseline. Stamkopoulos et.
al. have proposed [70] a new method based on Non-linear Principal Component Analysis (NLPCA),
implemented using Neural Network for ST segment feature extraction. Subsequently, Radial Basis
Function Network (RBFN) is used for the classification of ischemic ECGs which is found to be quite
reliable in the classification of normal and ischemic beats.

The performance of a signal processing method or compression scheme is evaluated based on
few signal distortion measure. Such error analysis on ECG signal processing is carried out by mea-
sures like Normalized MSE (NMSE), Root MSE (RMSE), Normalized RMSE (NRMSE), Percentage

Root Mean Square Difference (PRD) and Signal-to-Noise Ratio (SNR). Few method which are
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proposed for local error are Maximum Absolute Error (MAE) or Peak Error (PE), Normalized MAE
(NMAE) and Standard Error (StdErr). Signal similarity may be evaluated using Normalized Cross
Correlation (NCC). Signal like ECG should be evaluated taking account of its clinical information on
its components. Some error measure which give the information related to loss of diagnostic infor-
mation are Weighted PRD (WPRD), Weighted Diagnostic Distortion  (WDD), Wavelet Weighted

PRD (WWPRD) and Wavelet Energy based Diagnostic Distortion ~ (WEDD) [71]. The PRD is widely

used and it gives normalized value of the error between original and processed signal.

1.6 Wavelet Transform and ECG Signal

Time-Frequency Domain Compression  mainly focuses wavelet based compression algorithms.
This method is given higher important because of its good localization properties in time and fre-
guency domains, high energy compaction capability and easy implementation. Wavelet based meth-
ods outperform the traditional time domain and frequency domain ECG compression methods [72].
In time-frequency plane the main algorithmic steps are 1) Amplitude normalization, 2) Period normal-
ization, 3) Wavelet transform, and 4) Encoding of wavelet coefficients.

The resulting wavelet coefficients are encoded to achieve the compression. In existing literature,
encoding of the wavelet coefficients are found based on 1) Threshold Methods [72-85], 2) Embedded
Coding Methods [86H90], 3) Vector Quantization (VQ) Methods [91-95].

For signal decomposition there are methods such as, Short Time Fourier Transform  (STFT),
WignerVille Transform (WVT), ChoiWilliams Distribution  (CWD) and the Wavelet Transform (WT).
The STFT uses a single analysis window of fixed length in both time and frequency domains. This is
a major drawback of the STFT. For proper analysis, it requires a shorter window in time domain for
the high frequency content of a signal and a longer window length for the low frequency content of the
signal. This is like contractions and dilations of the basis wavelet. The Discrete Wavelet Transform
(DWT) is become the most desirable tool for ECG analysis. It makes easy to interpret resulting trans-
formed signal in time-frequency domain. This linear process performs decomposition of ECG signal
separating it into components, that appear at different scales. The dilation of the mother wavelet gives
the low frequency components whereas translation represents the high frequency components.

The efficiency of wavelet analysis is its fast pyramid algorithm. The algorithm has the forward
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algorithm (decomposition structure) to compute the DWT and backward algorithm (reconstruction
structure) to compute the Inverse Discrete Wavelet Transform (IDWT). The forward algorithm uses
low-pass and high-pass linear filters to decompose the signal into low-frequency and high-frequency
subbands. It has down-sampling operations which speed-up the algorithm. The reconstruction or
inverse process performs the up-sampling operation with linear filtering.

The ECG signal under evaluation passes through two complementary filters which give low-pass
and high-pass components. The decompaosition process may be iterative with successive low fre-
guency components. In the process, the signal is broken down into many lower-resolution compo-
nents. To reach the desired decomposition level, the iteration is repeated.

The Hybrid Compression Methods (HCM's) for ECG signal are some combination of the coding
algorithms [93],1941196-99]. Compression methods under this category result in good compression
performance with the cost of increased time and space complexity. These methods are suitable for
off-line processing for the acceptable distortion level provided by the clinician.

The wavelet transform is found suitable for compression of ECG signal which gives a good recon-
struction [100]. Thakor et al. [101] presented a multiwave ECG compression method by preserving
the coarse sub-signals and discarding the differential sub-signals decomposed by the orthonormal
wavelet transform. Best reconstruction results are obtained with vector quantization (VQ) on scales
with long duration and low dynamic range, and scalar quantization on scales of short duration and
high dynamic range [91]. Nagarajan et al. [72] presented a constraint ECG compression by introduc-
ing a constraint on PRD and using adaptive wavelet packet decomposition. ECG coding by wavelet
based linear prediction based on beat segmentation, and period normalization (PN) is proposed by
Ramakrishnan and Saha [97]. A series of experiments are performed to evaluate the ability of the
Embedded Zerotree Wavelet (EZW) algorithm to compress ECG data and to identify which wavelet
performs the best using the ECG data taken from the mitct database [86]. However, the EZW algo-
rithm yields worse performance than the DWT because the best basis decompaosition often splits the
signal into a number of smaller hierarchies that cannot be efficiently encoded [84].

Chen and Itoh [73] presented a new ECG compression method based on orthonormal wavelet
transform along with an adaptive quantization strategy. It is shown a predetermined PRD can be

guaranteed with high compression ratio and low implementation complexity. For a mobile telecar-
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diogram system, an Optimal Zonal Wavelet Based Compression  (OZWC) method successfully
transmit the compressed ECG at a standard GSM data rate of 9.6 kbps [75].

The Set Partitioning in Hierarchical Trees  (SPIHT) scheme has received widespread recog-
nition for its notable success in image and audio coding. A wavelet ECG codec based on the set
partitioning SPIHT) compression algorithm is proposed by Lu et al. [87]. Rajoub [77] proposed a
wavelet based ECG data compression algorithm using the BiorSpline (bior4.4) wavelet. It shows
better performance than SPIHT coder in terms of PRD. Benzid et al. [79] have reported an ECG
compression method based on the pyramidal wavelet decomposition. The resultant coefficients are
subjected to an iterative thresholding till a fixed percentage of wavelet coefficients are zeroed out. Ku
et al. [81] have proposed an ECG compression method based on the one-dimensional Nonrecursive
Discrete Periodized Wavelet Transform  (NRDPWT). Kim et al. [80] presented a wavelet transform
based ECG compression method with a low delay property for continuous ECG transmission suitable
for telecardiology applications over a wireless network. It employs waveform partitioning, adaptive
frame size adjustment, wavelet compression, flexible bit allocation and header compression to at-
tain low delay and high quality. Blanco et al. [84] presented a Wavelet Packets (WP’s) thresholding
based ECG compression method. The number of WP layers is set to 4 and the Cohen-Daubechies-
Feauveau 9/7 (bior9.7) is used for decomposition. The performance is compared with SPIHT coding
scheme. Manikandan and Dandapat [83] have reported wavelet threshold based ECG signal com-
pression technique using Uniform Scalar Zero Zone Quantizer (USZZQ) and Huffman coding on
Differencing Significance Map (DSM). WT coefficients in each subband are thresholded based on
the Energy Packing Efficiency (EPF) and quantized with uniform scalar zero zone quantizer. Indices
of the significant coefficients (significance map) are encoded by applying Huffman coding on the dif-
ferences between indices in the significance map. Another two novel wavelet threshold based ECG
compression algorithms are proposed for real-time applications [102] which take account of Target
Distortion Level (TDL) and Target Data Rate (TDR). In recent, Cheng et al. [103], have proposed
wavelet-Based ECG data compression system with linear quality control scheme. Kim et. al. [104]
have reported an ECG signal processing with Quad Level Vector (QLV) for holster system. The

compression is achieved by using ECG skeleton and the Huffman coding.
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1.7 Scope for the Present Work

The simultaneous data acquisition from different ECG leads depicts the conduction sequence or
activation sequence of heart. It carries vital clinical clue for cardiologist to diagnose pathological
condition. The standard 12-lead clinical ECG is a diagnosis or prognosis tool which demands clean
signals with all clinically essential components and morphologies. The processing of ECG may be
performed in time domain, frequency domain or in time-frequency domain. Before any processing
task, it is required to pre-process the signal to improve its quality. The signal may be processed
for feature extraction, data reduction or wave boundary measurement by various methods in time or
frequency domain. In recent days, the wavelet transform based processing has become preferable
over others. It is due to its energy compaction property within a few transform domain coefficients.
Also, the multiresolution decomposition with dyadic wavelet structure, separates ECG signal into
components that appear at different scales. There are scopes to develop automatic signal denoising
and processing systems using wavelets.

Multichannel ECG signals may provide spatio-temporal information of electrical activity of the
heart in three dimensional orthogonal space. In spatial domain the ECG channels can view the heart
from left lateral to right lateral, inferior to superior and anterior to posterior directions. Each lead gives
a specific orientation in space. The direction of depolarization of heart chambers in 3-dimensional
space can give better understanding of its electrical activities. So, these multichannel recordings,
carry intra and inter-lead correlations in temporal and spatial domain. Wavelet based ECG filtering
are reported mainly based on soft or hard thresholding of coefficients [28129]. The preprocessing
for multichannel signals can be investigated in wavelet domain to derive thresholds which depend
on real data in wavelet scales. The need of such automatic denoising system is essential. The
clinical information appearing at different scales help retain the vital clinical components with minimal
distortion in time and amplitude. The other aspect of multichannel correlations in wavelet domain are
not addressed extensively. There are possible ways to extract inter-lead correlations quantitatively
for these multichannel ECG signals. In wavelet scales, inter-lead correlations can be evaluated. This
will help preserve clinical components of multichannel ECG signals. So, there are scopes for the

processing of these type of multichannel physiological data by using correlation properties. It may be
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applied for signal enhancement, data dimension reduction and multichannel compression.

1.8 Organization of the Thesis

The contents of the thesis are organized as: In Chapter 1, introduction to ECG signals and its
processing in time, frequency and time-frequency domain are discussed with published literatures. In
Chapter 2, a related reviews of wavelet transform based ECG signal processing is given. PCA based
processing and the motivation for this thesis work is discussed. In Chapter 3, for preprocessing of
multichannel ECG, two novel ECG denoising method are presented and evaluated. In Chapter 4,
multiscale PCA is introduced for multichannel ECG signal processing. A compression scheme for
multichannel ECG using multiscale PCA is proposed. In Chapter 5, clinical entropy based multiscale
PCA and multiscale distortion measure are introduced. Conclusion of the thesis is drawn in Chapter

6 with major contributions from this thesis and scope for further research.
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2. Multichannel Electrocardiogram Signal Processing - A review

The key motivation for researchers is the designing of signal processing algorithms and systems
without degrading in-depth clinical quality of signals. For a cardiovascular system, the standard 12-
lead electrocardiogram is a basis to assess cardiac electrophysiological state, event and function.
This simple standard clinical ECG system caters the need of a diagnostic and prognostic tool for a
physician at an instant time. The first-hand information on signal shape, time and amplitudes helps a
cardiologist to ascertain condition of a patient. To extract information further, which may not be readily
available from the time domain original signal, signal transformation tools are essential. A wavelet-
based signal processing may be an effective tool for non-stationary ECG signal analysis. Also, it may
be applied for characterization of local waves (P-wave, QRS-complex and T-wave morphologies).
The recording of cardiac events with multiple leads on the body surface helps finding spatiotemporal
distribution of cardiac potential.

This chapter reviews wavelet transform application to ECG signal, wavelet transform based noise
elimination methods, wavelet transform based ECG compression schemes and principal component
analysis based ECG signal processing. At the end of the chapter, motivation for the present work is

written.

Database

In this thesis, most of the algorithms developed are evaluated using data set from common standards
for quantitative electrocardiography (CSE) multilead measurement library [2]. The ECG data of CSE
multilead data set 3 used in this work were sampled at 500 Hz with a resolution of 10 bits and a
maximal quantization of 5 mV. The data set 3 has 125 original ECG data sets with almost equal num-
bers of normal and various pathological cases. The original ECGs of data set 3 from CSE multilead
measurement library were created without filtering and preprocessing on ECG signal [2]. The listed
RMS noise is found upto 20 microvolt [2] in original ECGs. The other data base used is ‘PTB Diag-
nostic ECG Database’ which is retrieved from http://physionet.org/physiobank/database/ptbdb/. This
database has 549 records from 290 subjects. Each recording includes 15 simultaneously measured
signals out of which 12 are standard clinical leads and 3 are Frank lead ECG (vx, vy, vz). Signal is

digitized at the sampling rate of 1 KHz, with 16 bit resolution over a range of +£16.384mV’.
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2.1 Wavelet Transform Application to ECG signal

Wavelet transform (WT) is a linear process that performs decomposition to a signal separating it into
components that appear at different scales. Wavelets are families of functions v; ,(x) generated from

a single base wavelet ¢(z), called the mother wavelet, by dilation and translation-

1 T —k
— 2.
\/;1/)( ; ) 2.1)

where j is the dilation parameter (scale) and k is the translation parameter [105//106].

Yjk(z) =

The dilation of the wavelet function match the low frequency components whereas translation
version represents the high frequency components. Thus, the multi-resolution decomposition of the
ECG signal separates the signal into “details” at different scales and a coarser representation of the
signal named “approximation” [107,/108]. A given signal is represented by a linear combination of

dilated and shifted version of the “mother wavelet”

F@) =" wjrhn(x) (2.2)
ik

where f(x) is the signal to be decomposed, #; ;(x) is the dilated and shifted version of "mother
wavelet” i (x), j, k, eZ and w; ; are the wavelet coefficients. In order to simplify the computation of the
coefficients, the wavelet bases function must be orthonormal and from (2.2), the wavelet coefficients

wj i [97], is given as

w; g = (f(@), ¥1(x)) (2.3)

The energy of the signal f from the above wavelet coefficients w; . at level j can be written as-
Bj =2 (2.4)
J

If the total energy of all decomposition levels of f is E; = Zj E;, percentile energy of level j can
be expressed as

E.
g5 = fi x 100 (2.5)
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2.1.1 Multiresolution Pyramidal Decomposition

The dyadic wavelet transform is implemented using a multiresolution pyramidal decomposition tech-

nique. Multiresolution structure leads to an efficient discrete-time algorithm based on a filter bank
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Figure 2.1: Wavelet decomposition (Analysis) structure.

implementation. Using the scaling function ¢(¢) and the wavelet function v (¢), it can defined the
cAL(k) and cDj(k) coefficients as cAL(k) = (z(t), ¢;x(t)) and cDj(k) = (z(t),;x(t)). The j™ scale
coefficients (cAL) are filtered by two finite impulse responses of low-pass and high-pass digital filters
respectively. After this operation, down-sampling gives the next coarser, j + 1 scaling coefficients
(cA,+1) and wavelet coefficients (cD;,1). The filters used in the synthesis or reconstruction structure
are same. The fast pyramidal algorithm for wavelet analysis exhibits its efficiency in implementing the

forward algorithm (decomposition structure) and the backward algorithm (reconstruction structure).
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The forward algorithm uses linear low-pass and high-pass filters to decompose the signal into low
and high frequency components, and also combines these filters with down-sampling operations.
The backward algorithm simply inverts the process, by combining an up-sampling process with linear
filtering operations.

The ECG signal passes through two complementary filters and emerges as two signals (low-
pass and high-pass components). The decomposition process can be iterated, with successive low
frequency components being decomposed in turn, so that one signal is broken down into many lower-
resolution components. The Figure illustrates the analysis part of a five-level decomposition
scheme. Five level wavelet decomposition gives an approximation subband, cA5, and five details
subbands, cD5, cD4, cD3, cD2 and cD1. In general, the details subbands are denoted as cDj, where
decomposition level j=1,2, ---, L and the approximation subband is cAL. L is the order of Wavelet
decomposition.

The bandwidth, AFj;, of 5t wavelet subband is given as [71]

2797 L F, < AF; <277 . F, (2.6)

where F; is the sampling frequency of the signal. Accordingly, wavelet decomposition levels
can be decided. For a sampling frequency of 360Hz, a five level wavelet decomposition, gives an
approximation subband and five details subbands.

Clinical and diagnostic information or components of an ECG signal are decomposed to different
wavelet subbands [83]. The choice of decomposition level, L, which satisfy the frequency range of

the main features of an ECG is based on sampling frequency, F; and is given as [109]

L = [log,(F,) — 2.96] 2.7)

Different physiological information of the ECG signal are present in a wavelet subband based
upon their bandwidth or frequency content. It has been reported that the lower frequency subbands
contain most of the diagnostically significant information of the ECG signal [71].

In Figure [2.2], original Lead-I signal from CSE multilead measurement library, Data set: MO1-041
is plotted along with its reconstructed subband signals due to six level wavelet decomposition. It is

noticed cA6 subband reflects the parts of low frequency components such as P-wave and T-wave.
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Figure 2.2: Original time domain Lead-I signhal and reconstructed subbands signals due to six level wavelet
decomposition. In panels, (a) Original Lead-I signal from CSE multilead measurement library, Data set: MO1-
041 and reconstructed subband signals (b) cA6, (c) cD6, (d) cD5, (e) cD4, (f) cD3, (g) cD2, and (h) cD1.

cD6 and cD5 subbands show the lower frequency part of QRS-complexes with higher frequency part
of T-wave. cD4 and cD3 subbands show the significant higher frequency part of QRS-complexes.

cD2 and cD1 subbands contain some higher frequency part of QRS-complexes and noise.

2.2 Wavelet Transform based Noise Elimination

The recording of ECG signals are often contaminated with different sources of noise. This makes
interpretation difficult and unstable. So, the signals acquired by means of multiple lead have to pro-
cess for artifacts and noise elimination.Different techniques have been used to filter the ECG signal,
in order to improve and optimize the Signal-to-Noise Ratio (SNR). The wavelet based signal denois-
ing using wavelet shrinkage and soft thresholding are proposed [27H29]. In general, wavelet based
denoising can be accomplished by thresholding coefficients with an appropriate method. Wavelet

based denoising captures the energy of the original signal to a higher percentage by thresholding the
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noisy coefficients whose magnitudes are all greater than a threshold [110]. The transform coefficients
(assuming noise) whose magnitudes lie below the threshold are set equal to zero. It is shown that the
threshold is optimum if power of discarded wavelet coefficients equals the noise power [111]. Another
method of noise reduction based on energy features preserved by wavelet coefficients at conjunctive
scales and their neighborhoods is proposed [112]. Wavelet based denoising method seems to be
simple, but the signal and noise distribution in different subbands are important to find a suitable

threshold. An effective threshold in wavelet domain was defined as

t =o0+/2log(N)/N (2.8)

where t is threshold, ¢ is the variance of noise and NN is the numbers of samples [28,129]. The
performance of this threshold depends on an efficient estimation of noise variance.

Charlotte Yuk-Fan-Ho et al. [113], have applied fuzzy multiwavelets to denoise ECG signal cor-
rupted by an Additive White Gaussian Noise (AWGN). They proposed fuzzy rules on selecting and
integrating different multiwavelets, pre- and post-filters together. A hard thresholding is applied on
the multiwavelet coefficients.

Sameni et al. [19], proposed a nonlinear Bayesian filtering framework for single channel ECG sig-
nal denoising. It is reported to perform better over conventional bandpass filtering, adaptive filtering
and wavelet denoising. But, denoising of abnormal ECG with cardiac arrythmia and over-filtering of
signal are not addressed, which may result in loss of clinical and diagnostic information.

Xiao-Li Yang and Jing-Tian Tang [114] proposed Hilbert-Huang Transform (HHT) and wavelet
transform based method to detect R-wave and denoise ECG signal. Using wavelet transform it de-
noise ECG signal and then it applied the Empirical Mode Decomposition (EMD) to electrocardio-
gram (ECG) decomposing into limited number of Intrinsic Mode Functions  (IMF’s). It uses a set of
adaptive thresholds that are not limited to a strict range.

In recent, Jianbo et al. [30] proposed a nonlinear adaptive denoising algorithm for the Electrocar-
diogram (ECG) and other types of noise contaminated in electroencephalogram (EEG). It compares
the nonlinear adaptive filtering with wavelet shrinkage with three different thresholding choices.

The motivation of this work is to find a more accurate threshold by estimating noise variance

based on Kurtosis and considering the relative energy contribution efficiency of wavelet subbands.
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2.3 Wavelet Transform based ECG Compression

The amplitude, shape and duration of these parameters at different leads helps in pathological find-
ings. ECG signals recorded for longer duration creates substantial volumes of data for storage or
transmission. Data compression method reduces the number of bits to represent the information.
And it helps to store or transmit digitized ECG signals without significant loss of signal quality. The
Discrete Wavelet Transform (DWT) has become one of the most desirable tool for ECG signal com-
pression. It has received significant attention because of good localization properties in time and
frequency domains, energy compaction ability and efficiency. It is due to its ability to transform the
signal in time-frequency domain. This localizes the energy of the signal in few wavelet coefficients.
Wavelet based ECG data compression In wavelet based methods, the compression is performed in
time-frequency plane. Wavelet based methods outperform the traditional time domain and frequency
domain ECG compression methods [72].

An application of multirate signal processing and transform domain coding of multichannel ECG
signals is proposed by Cetin et al. [115]. Linear transforms such as KLT and DCT are applied to
the standard ECG lead signals which give uncorrelated transform domain signals. Various coding
methods are applied. It also demonstrate multirate signal processing and transform domain coding
techniques. In this approach, at preprocessing stage redundant channels are removed from the
standard 12 lead ECG signal resulting only 8 leads. Time domain signals z;,i = 0,1,--- ,7 are fed
to the linear transforms like KLT and DCT, and 8 new transform domain signals y;,7 = 0,1,--- ,7 are
obtained. These transform domain signals are divided in to two classed based on energy. Higher
energy content signals, yo, y1, ¥2, y3, ¥4 are grouped in first class and lower energy content signals
ys, Ye, y7 are grouped in second class. Class one signals are coded with subband coder while second
class signals are coded with multirate transform coder.

Jie Chen and Shuichi Itoh [73] have applied orthonormal wavelet transform and an adaptive quan-
tization on electrocardiogram (ECG) signal to compress it. This works on predetermined error in
terms of percent root mean square difference (PRD) to maintain compression quality. The proposed
algorithm yields high compression ratio and low implementation complexity. Multichannel Long-

Term Prediction (MC-LTP) compression scheme proposed by Cohen and Zigel [116], is used to
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compress ‘PQRST’ beats using a pattern code-book.

Ku et al. [81] have proposed an ECG compression method based on the one-dimensional Non-
recursive Discrete Periodized Wavelet Transform (NRDPWT). Kim et al. [80] presented a wavelet
transform based ECG compression method with a low delay property for continuous ECG transmis-
sion suitable for telecardiology applications over a wireless network. It employs waveform partitioning,
adaptive frame size adjustment, wavelet compression, flexible bit allocation and header compression
to attain low delay and high quality.

Manikandan and Dandapat [83] have reported wavelet threshold based ECG signal compression
technique using Uniform Scalar Zero Zone Quantizer (USZZQ) and Huffman coding on Differenc-
ing Significance Map (DSM). WT coefficients in each subband are thresholed based on the energy
packing efficiency (EPF) and quantized with uniform scalar zero zone quantizer. Indices of the sig-
nificant coefficients (significance map) are encoded by applying Huffman coding on the differences
between indices in the significance map. Another two novel wavelet threshold based ECG compres-
sion algorithms are proposed for real-time applications [102] which take account of target distortion
level (TDL) and target data rate (TDR).

Blanco et al. [84] presented a wavelet packets (WP) thresholding based ECG compression method.
The number of WP layers is set to 4 and the Cohen-Daubechies-Feauveau 9/7 (bior9.7) is used for
decomposition. The performance is compared with SPIHT coding scheme.

Shaou-Gang Miaou and Heng-Lin Yen [117] have proposed an Adaptive Vector Quantization
(AVQ) for electrocardiogram (ECG) compression. To exploit correlations across channels of mul-
tichannel ECG, a multichannel version of AVQ was reported. The AVQ index of each channel is
collected to form a new input vector. The vector is quantized adaptively using one additional index
code-book. The average compressed data rate/channel is 238.2 b/s using the MC-AVQ when used
with MIT/BIH database.

In recent, Cheng et al. [103], have proposed wavelet-Based ECG data compression system with
linear quality control scheme. Kim et. al. [104] have reported an ECG signal processing with Quad
Level Vector (QLV) for holter system. The compression is achieved by using ECG skeleton and the

Huffman coding.
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2.4 Principal Component Analysis and ECG

In simultaneous signal acquisition, each leads record more or less information of the same cardiac
events at the same time stamp. So, the surface ECG captured by multiple lead may provide vital

clinical leads. This enables analyzing information captured by multiple leads in
e Temporal domain to reconstruct ECG morphologies
e Spatial domain to find the nature of cardiac electrical potential distribution

ECG signals may contain long or short isoelectric regions between two local events or waves. Redun-
dancy exists whenever adjacent signal samples are statistically dependent. Many ECG compression
methods are reported which exploit one or more of the correlations present in the signal. The multi-

lead or multichannel long-term ECG signals have three correlations [15]
(i) inter-sample or intra-beat correlation,
(ii) inter-beat correlation and
(i) inter-lead/channel correlation

The intra-beat correlation represents the correlation between the successive samples in a ECG cycle.
The inter-beat correlation represents the correlation between successive beats in a single-channel
ECG signal. The correlation that exists between the signals from different channels is termed as
inter-lead correlation. This is due to fundamental fact that a heartbeat is "viewed” concurrently in
different leads. In ECG data compression methods, these three correlations are exploited using
different methodology.

In temporal domain, many essential signal processing task can be performed. Few of them are
noise elimination [118], beat detection, classification, signal separation [14] and feature extraction
[12], [119], [13]. In spatial domain, multiple lead surface ECG signals are processed with advanced
signal processing tools to get more spatial information such as cardiac mapping or body surface
potential mapping [120], [121]. Principal components analysis (PCA) [122124] is one the widely
used multivariate signal analysis method. Since last couples of decades, PCA has been applied in

different research area [125-134] to better penetrate into signal details . For physiological signals like
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ECG signal enhancement, a robust extension of classical PCA by analyzing shorter signal segments
is suggested [119]. It may be used in data reduction, beat detection, classification, signal separation
and feature extraction [12,13]. PCA is used as a tool for separation of respiratory and non-respiratory
segments in an ECG signal [14]. Castells et al. [12], reported an overview of PCA for ECG signal

processing. It is proposed to extract signal segment of a beat as a column vector

N represents the number of samples. This segment is extracted from successive beats and one can

have ensemble of M beats. The entire ensemble represented by N x M data matrix,

X: |:£U1£U2"'33M:|

The beats x1,z3,- -+ ,x); are M observations. Sample correlation matrix is defined as
Ry = —xxT (2.9)

From above, eigenvectors and eigenvalues are calculated. Eigenvalues are arranged in descending
order. Significant eigenvalues gives Principal Component (PC). The resulting PCs characterize the
intra-beat correlation. Since correlations between different ECG lead exist, this may be extended to
and compression of multichannel ECG signals can be performed by inter-lead information.

Similarly, eigenvalue decomposition is used to process ECG signal. Sameni et al. [135] proposed
the generalized eigenvalue decomposition for the decompaosition of multichannel ECG signals using
periodic component analysis. It is customized and improved extension of conventional source sep-
aration techniques. The method is used for the removal of maternal ECG artifacts from fetal ECG
recordings. If A and B are n x n symmetric matrices, generalized eigenvalue decomposition for the

pair (A, B) is to find the matrices U and D as

UTAU = D (2.10)

UTBU = 1 (2.11)
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where, D and U are the diagonal eigenvalue matrix and the eigenmatrix. In this approach, U is
a transformation that simultaneously diagonalizes A and B. If X (t) = [z1(t), x2(t),--- ,z,(t)]T is an
n-dimensional observation vector and eigenvalues are sorted in descending order on its diagonal,
the transformation U” X () gives the most periodic components in descending order of periodicity.

Langley et al. [14] proposed a principal component analysis (PCA) based algorithm to analyze
changes in ECG morphology. It is applied to the derivation of surrogate respiratory signals from
single-lead ECG. The variability features such as P waves, QRS complexes, and T waves due to res-
piration is analyzed by PCA. The derived respiratory signal was compared to the recorded breathing
signal by magnitude squared coherence and cross-correlation.

The sudden cardiac death is associated with T-wave Alternans (TWA). TWA is a low amplitude
activity. Although, there are various methods available to detect and estimate TWA. These methods
suffers from their poor sensitivity to low-amplitude TWA. Monasterio et al. [136] reported a multilead
analysis scheme to improve the detection and estimation of TWA using PCA. It applies PCA with
a single-lead method based on the generalized likelihood ratio test. The method is evaluated to
a single-lead scheme in which different types of simulated and physiological noise are considered
under realistic conditions. It can detect TWA with an SNR 30 dB lower than the single-lead scheme.

The multilead scheme claims a higher detection capability of TWA.

2.5 ECG Signal Distortion Measure

Performances of a signal processing system is assessed by evaluating quality of processed signal.
There are mainly subjective and objective quality measures. The Mean Opinion Score (MOS) is the
most widely accepted subjective measure. The signal quality is evaluated by visual inspection of
diagnostic features such as amplitudes, durations and shapes of the ECG waves by cardiologists.
The other class is objective quality measure which is further categorized by non-diagnostic distor-
tion measure(e.g. MSE, RMSE, PRD, SNR, StdErr, Maximum Error (MaxErr), etc.) and diagnostic
distortion measures (e.g. WDD [137], WPRD, WWPRD, WEDD, etc.).
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Non-diagnostic Distortion Measure
The Mean Square Error (MSE) between the original and the processed ECG signals is used as a
quality measure. If original signal sequence is z(n) = {z(1),z(2),z(3),...,z(N)}, and processed

signal sequence is z(n) = {z(1),%(2),z(3), ...,z(N)}, the mean square error (MSE) is given as

MSE = RN T(n)]? 2.12
=% ;[w(n)—x(n)] (2.12)

where, N is the number of the samples. It is the mean of the square of Euclidean distance between

the input and the output and distributes the error equally over all portions of the ECG signal. But each

portion of the ECG cycle has a different diagnostic meaning. So, it is not acceptable in clinically.
Normalized Mean Square Error (NMSE) between the original and the processed ECG signals is

defined as

> pile(n) — &(n))”
NMSE = &2 2.13
Sonoe(n)]? @39

The normalization is required to make the error measure independent of the amplitude scale of the
original signals.
Root Mean Square Error (RMSE) is another measure employed to evaluate the distortion and is

defined as

1 N
RMSE = | | > [z(n) — 2(n))? (2.14)

n=1

But root mean square distortion is not always considered as a good representation of ECG signal
quality. To overcome this limitation a nhormalized version of RMSE is defined. The Normalized Root

Mean Square Error (NRMSE), is defined as

NRMSE = ¢ T 1 —2(n)P (2.15)
S ( )2

Percentage Root Mean Square Difference (PRD) is widely used because of its simplicity [93,[138]

and it is defined as

PRD = ¢ Tom(@m) —Em)? oo (2.16)

Yo &(n)?

where, N is the number of the samples.
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In addition to these some other measures are Signal-to-Noise Ratio (SNR), The Normalized
Cross-Correlation (NCC), Maximum Amplitude Error (MAX) or Peak Error (PE), normalized maxi-

mum amplitude error (NMAX), Standard Error (StdErr) etc.

Diagnostic Distortion Measure
The error measures which consider the diagnostic features of ECG signal fall under this category.
This class includes Weighted PRD (WPRD), Weighted Diagnostic Distortion (WDD), Wavelet based
Weighted PRD (WWPRD) and WEDD.
In Wavelet based approach, Wavelet Weighted PRD (WWPRD) is introduced in [109] as
M

WWPRD =Y " w;WPRD; (2.17)
j=0

where w; is the weight for the subband j, M is the number of subbands or levels and W PRD; is

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

N, ~
jee1 (W — W)
ZNJ' w2

k=1 k)

where w; ;. is an original coefficient, w; ;, is a filtered coefficient and NN; is the number of coefficients

WPRD; = J (2.18)

within subband, j. The weight, (w;), based on normalized area is estimated as [109]

N.
2k lwgw]
T M+ N

Zj:l k21 Wi m)l

A wavelet energy-based approach is adopted in [71]. There, the Wavelet Energy-based Diagnos-

(2.19)

wj

tic Distortion (WEDD) measure is defined as

M+1
WEDD = > w;,WPRD; (2.20)
j=1

where w;- is the weight calculated based on energy as

Ny o2
/ 2621 Yk

w; = M1 N, (2.21)
i il w%j,k)
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2.6 Motivation for This Work

The cardiac potentials at multiple leads represent the same cardiac event at different spatial angles.
The same electrical pulse originating from sinus node creates ‘PQRST’ morphologies and appears
in different ECG channels. Thus, the signals at different leads are highly correlated. The individ-
ual components, P-wave, QRS-complex and T-wave, of an ECG have different frequency contents
with different energy levels. Multiresolution decomposition of an ECG signal segments these compo-
nents/information in different frequency bands [102]. The wavelet subbands contain different subband
energies. When all the channels of a standard 12-lead ECG are subjected to wavelet transform with
the same decomposition level and mother wavelet, it is expected that, at a wavelet scale, inter-lead

correlation may be much higher.
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Figure 2.3: Original time domain Lead-aVR and V6 signals and their reconstructed subbands signals due to
six level wavelet decomposition. In panels, (a) Original Lead-aVR signal with reconstructed subband signals
and (b) Original Lead-V6 signal with reconstructed subband signals. Data base used is from CSE multilead
measurement library, Data set: MO1-041

In Figure[2.3] wavelet subband signals with original signals are shown for Lead-aVR and Lead-V6.
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It is observed that cA6 subband reflects the parts of low frequency components such as P-wave and
T-wave in leads (Figure 2.3(a) and (b)). The cD6 and the c¢D5 subbands show the lower frequency
component of QRS-complex with higher frequency component of T-wave. The cD4 and the cD3
subbands show the significant higher frequency component of QRS-complex. The cD2 and the cD1
subbands contain some higher frequency component of QRS-complex and noise. It is seen that in
same subband levels of both the cases, there are similarities between segmented signal components.
So, it is expected to get higher correlation between different channels in the same subband level.
The signals at a wavelet scale across different channels show similarity in terms of morphol-
ogy, beat patterns, the frequency content and energy contribution. So, there is a scope of applying
multivariate data analysis at a wavelet scale by arranging the coefficients of all the channels as mul-
tivariate data. These multivariate data are expected to show inter-channel redundancies at a wavelet
scale. Also, it is expected to have similar pattern of multiscale energy for multivariate data. Based on
these assumptions, dimensions can be reduced applying PCA at wavelet scales for non-significant
multivariate data. Higher order wavelet scales may show higher correlations (Figure 2.3(a) and (b)),
but they have vital clinical components. To avoid losing clinical details, data in three lower order
scales can be considered for dimension reduction. Other data in higher scales may not be subjected
to dimension reduction. This motivates to develop multiscale principal component analysis for mul-
tichannel electrocardiogram data. Multivariate analysis of multichannel ECG as multivariate data in
wavelet domain may introduce distortion in signals. It is necessary to find the processing errors which
may alter the clinical information. So, it may be necessary to develop distortion measure for MSPCA

application.

The proposed investigations in this thesis are planned as

e To explore wavelet based preprocessing stage for multichannel ECG signals which rely on real
data. Higher order statistics at different wavelet subbands is investigated for significant infor-
mation of the data in time and frequency. The fourth order cumulant, Kurtosis , can be used as
a measure of Gaussianity. Median absolute deviation (MAD), is scaled by a normalized wavelet
subband Kurtosis instead of conventional statistical quantile function for Gaussian distribution.

Combining these with the relative signal energy of wavelet subband, thresholds are derived for
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removal of noise. The observations made in this preprocessing stage, motivates us for further

analysis of multichannel signals in wavelet domain.

e To investigate multiscale principal component analysis of multichannel ECG. The multiscale
properties of wavelet transform and the correlations between subband ECG data of different
channels are evaluated. Also, the relative energy contribution of wavelet subbands for all mul-
tichannel ECG signals are investigated. The study of correlations and multiscale energies of
subbands are exploited for efficient processing of multichannel data. The inter-lead correlations

in wavelet domain may lead us to develop signal enhancement and data compression scheme.

e To compress multichannel ECG signals using multiscale PCA. In wavelet domain, if similar sub-
bands of multichannel signals are arranged in matrix, principal components analysis (PCA) can
be performed. This multiscale PCA for multiscale data helps reduce dimension and remove
redundant information present in original data set. The proper selection of principal compo-
nents (PC), gives fair representation of original data with reduced number of PCA coefficients.
Multichannel compression is implemented using uniform quantizer and entropy coding of PCA
coefficients. For data reduction application for signals like multichannel ECG, the method for
selection of PC is an important step. The selected PC has to represent the clinical information

while discarding non-significant PC has to remove redundant information.

¢ To develop a clinical entropy measure to better represent clinical information. Clinical entropy
(Centropy) can be defined which is relevant to clinical information present in an ECG signal. The
eigenvalues at different wavelet scales capture the energy of the signal and clinical information.
Clinical entropy is investigated from the diagonal eigenvalue matrix. Centropy based PC selec-
tion may be applied in PCA and MSPCA based processing of multichannel ECG signal. Also,
a signal distortion measure for multichannel ECG is investigated for MSPCA application. Af-
ter reconstruction of MSPCA processed multichannel signals, Multiscale Multivariate Distortion
(MMD) is evaluated for matrices at different wavelet scales. The average Multiscale Distortion

(MD) is evaluated based on MMDs.
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The recorded ECG may contain undesired signals like high frequency slur and noises and artifacts.
Preprocessing of ECG emphasizes the signal. It improves the signal quality for more accurate anal-
ysis, measurement and interpretation. The conventional bandpass filtering techniques may not be
effective for ECG signal. The main challenge is to retain clinically relevant features of the P-wave,
T-wave, ST-segment etc, having overlapping spectra with noise. Also, these methods require a priori
knowledge of noise and signal distributions. Spectral substraction method may introduce artificial
noise and disturb the original signal [23]. Due to non-stationary nature of ECG and noise signals,
Wiener filter may not yield good result [24]. Adaptive filtering is one of the popular methods for ECG
filtering [25],126] due to its ability to denoise signal with overlapping spectra.

Wavelet based denoising method is simple, but to find a suitable threshold, a priori knowledge of
signal and noise distributions in different subbands are required. Wavelet based denoising captures
the energy of the original signal to a higher percentage by thresholding the noisy coefficients [110].
The performance of this threshold depends on an efficient estimation of noise variance. The motiva-
tion of the present work is to derive a more meaningful threshold which depends on noise variance,
number of samples and higher order statistics.

In this Chapter, two denoising methods are proposed and evaluated. The first denoising method
is based on evaluation of higher order statistics at different wavelet bands for an electrocardiogram
(ECG) signal. Higher order statistics at different wavelet bands provides significant information about
the statistical nature of the data in time and frequency. The fourth order cumulant, Kurtosis, and
the Energy Contribution Efficiency (ECE) of signal in a wavelet subband are combined to assess
the noise content in the signal. Accordingly, four denoising factors are proposed. In the second
denoising method, a threshold is derived by considering energy contribution of a wavelet subband,
noise variance which is based on a novel Gaussian measure, Kurtosis, and number of samples.
The robust noise estimator, median absolute deviation (MAD), is scaled by a normalized wavelet
subband Kurtosis instead of conventional statistical quantile function for Gaussian distribution. Sig-
nal distortion is evaluated using percentage root mean square difference (PRD), wavelet weighted
percentage root mean square difference (WWPRD) and wavelet energy based diagnostic distortion
(WEDD) measures. The results are compared with existing standard thresholding methods. The

Section discusses wavelet based denoising of multichannel ECG signals. In Section [3.2], two
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proposed wavelet denoising methods are described. Section[3.3] and Section [3.3.3] give evaluations

of proposed denoising methods and comparison of both the methods respectively.

3.1 Wavelet based Denoising of Multichannel ECG

The electrocardiogram (ECG) signal denoising in wavelet domain is based on the soft or the hard
thresholding methods. Based on noise variance, the wavelet coefficients are thresholded at ¢t =
o+/2log(N)/N, where ¢ is threshold, o is the variance of noise and N is the numbers of samples
[28,129]. It is claimed that the noise is better suppressed while the desirable features of the original
signal remained unaltered. In this approach, the threshold value depends on noise variance, o,
and the length or number of samples, (/V), of the data. The values of transform coefficients whose
magnitudes lie below the threshold are set to zero. It is shown that the threshold is optimum if power
of discarded wavelet coefficients equals the noise power [111]. Another method of noise reduction
based on energy features of wavelet coefficients at conjunctive scales and their neighborhoods is
proposed [112]. Wavelet based denoising method requires a priori knowledge of signal and noise
distributions in different subbands are required. A nonlinear Bayesian filtering framework for single
channel ECG signal denoising is demonstrated over conventional bandpass filtering, adaptive filtering
and wavelet denoising [19]. In this, denoising of abnormal ECGs with cardiac arrythmia and over-
filtering of signal which may result in loss of clinical and diagnostic information are not addressed. A
comparison between adaptive filtering and wavelet shrinkage for denoising of nonlinear time series
is carried out [30].

Higher order statistics is useful when dealing with non-Gaussian or possible nonlinear processes
and many real world applications are truly non-Gaussian [139]. Higher order statistics-based meth-
ods are used by authors for evaluation of noise in the signals. Noise reduction in magnetocardiog-
raphy by using the higher order statistics is reported [140]. In this paper, fourth order cumulant, is
evaluated from the time domain signal for assessment of abrupt changes in the signal. Kurtosis in
wavelet subband is used for spike detection in human muscle sympathetic nerve activity [141]. In this
work, local Kurtosis is computed over N, details coefficients at level j. Similarly, a mechanical fault
signal denoising is proposed [142]. The denoising is based on a hybrid method where Kurtosis of

the signal in wavelet domain is used. Kurtosis is used in engineering for detection of fault symptoms
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because of its sensitivity to high amplitude events [143]. In this work, information in the form of higher
order statistics at wavelet subbands are exploited to find an effective denoising method for ECG sig-
nals. Then denoising method is further investigated by estimating threshold which depends on noise

variance, number of samples and higher order statistics.

3.2 Proposed Denoising Methods

In case of a five level wavelet decomposition of an ECG signal, the approximation band (cA5) con-
tains most of the information related to P-wave and T-wave [71]. Significant information of the QRS-
complex appear in the detail band, cD5, and the detail band, cD1, is dominated by the noise in an
ECG signal. The noise is generally assumed as Gaussian in nature [28,129]. The presence of ECG
sighal components, such as the ‘PQRST’ morphologies, will generate non-Gaussian coefficients at
some frequency bands. On the other hand, significant presence of noise in wavelet subbands will
produce Gaussian coefficients. A Gaussian measure, such as Kurtosis, can help form the perspicac-
ity between the signal and the noise in a wavelet subband. This measure can give an idea of noise

content of a signal in a subband.

3.2.1 Denoising using Higher Order Statistics in Wavelet Su bbands

In this subsection, a novel denoising method based on evaluation of higher order statistics at different
wavelet subbands for an electrocardiogram (ECG) signal is proposed. Higher order statistics at differ-
ent wavelet subbands provides significant information about the statistical nature of the data in time
and frequency. The fourth order cumulant, Kurtosis , and the Energy Contribution Efficiency (ECE) of
signal in a wavelet subband are combined to assess the noise content in the signal. Accordingly, four
denoising factors are proposed. Performance of the denoising factors are evaluated and compared
with the soft thresholding method.

The k™" wavelet coefficient at ;" level, wj 1, are estimated as inner product of signal and dilated
and shifted version of wavelet which is given as, w; , = (f(x),¥;(x)), where f(z) is the input signal
and v; () is the dilated and shifted version of “mother wavelet”, ¢)(x). The percentile energy, ¢;, of
the signal at j level is

E-
Ej:ﬁ x 100
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where E; = >, wik is the energy of the signal at j** level and E;, = Zj E; is the total energy of the
signal. In case of ECG signals, the percentile energy of the signal at j* level is referred as energy
contribution efficiency (ECE) of j** wavelet subband.

The bandwidth, AF}, of 4t wavelet subband depends on the sampling frequency. Table{3.]
shows maximum frequency values of different subbands for three values of sampling frequency, i.e.
360H z, 500H z and 1000H z. Maximum frequency of each subband depends on the decompaosition
levels, j, and the sampling frequency, F;. Different physiological information of the ECG signal are
present in a wavelet subband based upon their frequency content. It has been reported that the higher
order subbands contain most of the diagnostically significant information of the ECG signal [71].
Figure{3.1] shows the spectra of an ECG signal (Dataset: MO1-003, Lead-aVL from CSE multilead
measurement library) at different wavelet subbands. It is observed that most of the spectral energy lie
in low frequency subbands whereas the noise content is significant in detail subbands such as cD1,
cD2 and cD3. In order to avoid loosing clinically important components of the signal such as PQRST

morphologies, coefficients in cD1, cD2 and cD3 wavelet subbands should be treated for denoising.

Table 3.1: Maximum frequency at different wavelet subbands for three sampling frequencies

F, =1000Hz Subband | F; = 500Hz Subband | F;, = 360Hz Subband
500 cD1 250 cD1 180 cD1
250 cD2 125 cD2 90 cD2
125 cD3 62.5 cD3 45 cD3
62.5 cD4 31.25 cbh4 22.5 cbh4

31.25 cD5 15.625 cD5 11.25 cD5
15.625 cD6 7.812 cD6 5.625 cA5
7.812 cD7 3.906 cA6 - -
3.906 cA7 - - - -

3.2.1.1 Proposed Threshold based on HOS and ECE

A Measure of deviation from Gaussianity will give an idea of noise content in a signal. Higher order
statistics (HOS) can be effectively used to discriminate noise from the signal. If Gaussian noise
is present in a wavelet subband, the coefficients will contain this noise. The fourth order statistics
of a signal can be evaluated by estimating the Kurtosis value of the signal. Kurtosis is defined
as the ratio between the fourth central moment and the square of the variance of the probability
distribution [139,/144].

K=2="C (3.1)
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Figure 3.1: Spectrums (Weltch method) of wavelet sub-bands (Decompositions up to 6 level), CSE mutlilead
measurement library database, Dataset: MO1-003, Lead-aVL

where K is the Kurtosis, M4 is the fourth-order central moment and o is the square of the variance.
Kurtosis values higher than 3.0 indicate the presence of more extreme values than should be found
in a Gaussian distribution [143]. If ‘3" is subtracted from above K, then it is known as excess Kurtosis.
Excess Kurtosis can range from —2 to oco. The fourth order cumulant, Kurtosis, is a measure of the
peakedness of the probability distribution of a real-valued random variable. Kurtosis can be used as a
measure of Gaussianity of a signal. Higher Kurtosis means more variance which is due to infrequent
extreme deviations. On the basis of Kurtosis value [142], the signal can be classified as- a) sub-
Gaussian (K < 3, i.e. the signal is not spiky ), b) super-Gaussian (K > 3, signal become more spiky

) and c¢) Gaussian (K = 3, the signal is dominated by noise). For discrete signal, the sample Kurtosis
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Figure 3.2: Kurtosis values of wavelet subband 'cD1’ with reducing numbers of spikes (Decompositions up to
6 level), CSE mutlilead measurement library database, Dataset: MO1-003, Lead-aVL

is calculated over a sample-block (an N-point data), and it is defined as [144]

P Mg % 25\41(%’ — (3.2)
mi - (f Tisa (@i - 7))

where my is the fourth sample moment about the mean, ms is the second sample moment about
the mean (sample variance), z; is the i** sample and z is the sample mean. In case of ECG signal,
the noise energy is higher compared to signal energy in higher frequency wavelet subbands. The
QRS complex is one of the most important features of an ECG signal. Any information related to
QRS complex is required to be preserved. Normally, QRS complex can be treated as a spike in the
signal [145]. Figure{3.2lshows the Kurtosis values for three signals with different spike densities. The

Kurtosis values are estimated from cD1 detail subbands of the signals. It is observed that higher
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Kurtosis values are obtained for higher spike densities or more number of spikes in the signal. Signal
with more number of spikes represent a super-Gaussian signal. A lower threshold value may be
required to preserve the spikes such as QRS complexes in an ECG signal. Similarly, higher threshold
value will be required to eliminate noise from the signal in a subband.

It is observed that the spectral energy is higher in a Wavelet subband where clinically significant
information of ECG signal is present. The relative energy of a subband is measured as energy
contribution efficiency (ECE) or percentile energy [83]. Any threshold for noise elimination should
take into account both the Kurtosis and the ECE value of the subband. Accordingly, the denoising
factor, (D Fjar), for subband or level, j, is proposed as

1 maz(wj)

DFjy = — X
J r
€ JSN

(3.3)

where ¢; is the ECE value of the j* subband, maxz(wj ) is the maximum value of wavelet co-
efficient, F;ox is the ratio between the Kurtosis value of signal at 4% subband to Kurtosis value of
Gaussian noise. The proposed denoising factor in equation (3.3) shows that it is inversely propor-
tional to the ECE value. Higher the value of ECE as in lower frequency (higher order) subbands,
lower is the threshold or denoising factor. Similarly, lower the ECE value in higher frequency (lower
order) subbands, higher is the denoising factor.

The factor % is the peak Signal-to-Kurtosis Ratio (SKR) [142]. In an ECG signal, QRS
complex can be considered as an impulse-like component which has sharp rise and falling edges.
The denoising factor (DFj) is expected to be higher where SKR value is higher. A higher value
of Kurtosis will be obtained in a subband which contains significant information of QRS complexes.
The DF},n factor or the threshold value will be lower in this subband. This will help preserve the
information related to QRS complexes.

It is seen that the noise is dominant in details wavelet subbands. In general, thresholding is
performed in details subbands [146//147]. So, a modified denoising factor l/ﬁ“le considering only
details wavelet subbands is defined as
1 maz(w;y)

X ——— (3.4)

DFja = —
] ~
Ej FjSN

where ¢€; is details energy contribution efficiency (DECE) of 4t detail subband. It is defined as
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-~ L
& === x100 (3.5)

where E is the sum of energies in detail subbands. Instead of using signal-to-Kurtosis value,
the denoising factor can be defined based on the ECE value and the Kurtosis. Alternatively, two

denoising factors for j** subband are defined as

~

__ €

DFjivn = -2 (3.6)
K;

DFjonn = = (3.7)
K

J

where KJ' is the estimated Kurtosis value for the j** subband.

3.2.2 Denoising based on Kurtosis, Variance and Energy

The motivation of this method is to derive a more meaningful threshold which depends on noise
variance, number of samples and higher order statistics. Thus, a threshold is proposed based on
noise variance which is computed using Kurtosis, relative energy of wavelet subbands and number
of samples.

The previous method investigates the problem of ECG signal denoising using higher order statis-
tics. The threshold is estimated based on ECE and peak signal-to-Kurtosis ratio. Accordingly, four
thresholds were proposed. This gives the significance of higher order statistics for noise elimination.
It has been established (by D. L. Donoho [28,129]) that wavelet threshold depends on the noise vari-
ance and number of samples. A threshold which depends on noise variance, number of samples
and higher order statistics would be more meaningful. In the following Section a threshold is
derived by considering energy contribution of a wavelet subband, noise variance which is based on

a novel Gaussian measure, Kurtosis, and number of samples.

3.2.2.1 Proposed Thresholding Scheme

It is expected to achieve better denoising of signal by thresholding wavelet coefficients at different
subbands. The proposed wavelet based ECG denaising is based on three factors. They are relative

energy contribution efficiency (ECE) of all wavelet subbands to the details energy contribution effi-
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ciency (DECE) of details subbands, the estimated noise variance of wavelet subbands and a factor
based on number of samples, /2 -log(N;)/N;, similar to universal threshold [28]. The proposed

threshold or denoising factor, DFj, for each wavelet subband is defined as

DFjpye =

€4 —
§+Jnj+ 210g(NJ)/NJ]
J

Wl = Wl

: [aj + B + 'Yj] (3.8)

where ¢; is the energy contribution efficiency (ECE) of 4t wavelet subband considering all sub-
bands or levels, ¢; is the details energy contribution efficiency (DECE) of 4t wavelet subband when
only details subbands are considered. ,, is the estimated noise variance based on Kurtosis and N;
is the number of wavelet coefficients at j** level. This threshold for j** level is the average of aj, B
and ~;. The wavelet coefficients below the threshold value are discarded. Wavelet decomposition
using Daubechies 9/7 biorthogonal wavelet filters up to six levels are used [83].

The threshold factor, o, depends on the relative energy, ECE and DECE of the subband. The
ECE, ¢, of the signal at 7t level is M= g—i x 100 where E; = >, wik is the energy of the signal
at j' level and E, = Zj E; is the total energy of the signal, j = 1,2,---,L + 1. Approximation
subband is represented by (L + 1) subband. Similarly DECE, €j, of 4% details subband is given as
€ = % x 100, where J/E\t is the sum of energies in detail subbands where j =1,2,--- | L.

In Figure [3.3] ECE and DECE values are shown for five level decomposition of an ECG signal.
It is observed that the most of the signal energy remain in cA5, cD5 and cD4 subbands [102]. In
other lower order subbands like cD1, cD2 and cD3 noise components become dominant and there
may exist ECG components due to some pathological conditions. Details subbands show very less
energy content. Relative energy of details subbands in terms of DECE will give an idea of noise
content in the signal.

Table shows ECE and DECE values for all 12 leads of a standard ECG database, dataset-
MO01-003 from CSE multilead measurement library. It is noticed that the higher order wavelet sub-
bands have relatively more signal energies. ECE and DECE are observed to have higher values in
cD5 subband compared to cD6 subband except for lead-Il, aVR and aVL ECG signals. Similarly,
ECE and DECE values in cD4 subband are higher compared to their values in cD6 subband in all

chest lead except lead-V1 signal. cD1, cD2 and cD3 subbands have less than 10% of total ECE
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Figure 3.3: Relative energy distribution (a) when all the wavelet subbands are considered and expressed
in terms of ECE, (b) when only details wavelet subbands are considered and expressed in terms of DECE.
The ECE and DECE are based on 5-level wavelet decomposition of data set-patient001/(s0010re) from PTB
diagnostic ECG database (PTBDB).

values. These results suggest that majority of the energies remain in cA6, cD6, cD5 and cD4 sub-
bands. These subbands contain most of the clinical features of ECG signals [83]. To avoid the loss
of diagnostic information, coefficients of lower order wavelet subbands are considered for denoising.
In this work, coefficients of cD1, cD2 and cD3 subbands are considered for thresholding.

In Figure[3.4], the percentage relative energy distributions in wavelet subbands for real ECG signal
and noise are shown. In case of noise, lower order subbands show higher ECE values compared to
higher order subbands. In case of ECG signal, ECE values are higher for lower order subbands. This
is because most of the signal energies of ECG remain in lower frequency region. The ECE values of
noise are higher compared to those of ECG at cD1, cD2, cD3 and cD4 subbands. A threshold based
on these relative signal energies is expected to be effective in filtering out the noise from the ECG

signal which is the motivation for the factor, «;, in equation (3.8
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Figure 3.4: Distributions of ECE in wavelet subbands for real ECG signal (data set-MO1-003 from CSE multi-
lead measurement library) and Gaussian noise. Wavelet decomposition up to 6-level is used.

The second factor, 3;, in the proposed threshold is based on an estimate of noise variance.
The estimated noise variance, EE in wavelet subband is estimated from median absolute deviation
(MAD) as E,; = C.M AD; where ‘C’ is a constant scale factor which depends on distribution of noise.
For normally distributed data ‘C=1.4826’ is the 75" percentile of the normal distribution with variance,

o = 1. The estimated noise variance can be written as [148]

. MAD;
O, = WM; (3.9)
where the constant term ‘0.6745’ (i.e. 1/C) does not include the real data. Also, when the signal
contains stochastic components the MAD estimator tends to overestimate the true value of noise
variance [149]. In this method, an estimator including real wavelet subband data is used. It is ex-

pected that the wavelet subband Kurtosis can give a better scale factor (1/C) on noise estimation.
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Table 3.2: ECE and DECE values of data set-M01-003 from CSE multilead measurement library

(a) ECE

Leads cA6 cD6 cD5 cD4 cD3 cD2 | cD1
| 4755 | 14.35 21.47 9.57 5.10 1.32 | 0.65

Il 65.06 | 15.58 9.51 4.31 3.41 1.61 | 0.51

1] 3246 | 11.88 | 28.80 | 1845 | 6.05 | 1.37 | 0.96
avVR 60.22 | 13.68 9.53 10.61 3.33 1.86 | 0.77
aVvL 58.69 | 15.51 | 14.660 5.05 4.16 1.43 | 0.50
aVvVF 4490 | 14.47 21.04 13.59 3.97 1.75 | 0.28
V1 72.57 9.71 11.13 5.72 0.47 0.32 | 0.06
V2 2994 | 11.73 | 30.41 | 2284 | 458 | 0.37 | 0.10
V3 25.27 | 12.93 29.32 24.98 6.62 0.77 | 0.08
V4 2443 | 13.06 | 28.89 | 2535 | 7.11 | 1.06 | 0.07
V5 26.52 | 12.10 29.34 24.34 6.61 0.99 | 0.07
V6 22.83 | 12.40 | 30.08 | 27.47 | 6.18 | 0.88 | 0.13
(b) DECE
| - 27.40 | 40.90 | 18.20 | 9.70 | 2,50 | 1.20
1l - 44.60 27.20 12.30 9.80 4.60 | 1.50
1] - 17.60 | 42.70 | 27.30 | 9.00 | 2.00 | 1.40

avR - 3440 | 2400 | 26.70 | 8.40 | 4.70 | 1.90
avL - 37.60 | 3550 | 12.20 | 10.10 | 3.50 | 1.20
avF - 26.30 | 38.20 | 24.70 | 7.20 | 3.20 | 0.50
Vi - 35.40 | 40.60 | 20.90 | 1.70 | 1.20 | 0.20
V2 = 16.70 | 43.40 | 3260 | 6.50 | 0.50 | 0.10
V3 - 17.30 | 39.20 | 33.40 | 890 | 1.00 | 0.10
V4 = 17.30 | 38.20 | 33.60 | 9.40 | 1.40 | 0.10
V5 - 16.50 | 39.90 | 33.10 [ 9.00 | 1.40 | 0.10
V6 = 16.10 | 39.00 | 35.60 | 8.00 | 1.10 | 0.20

ECE and Kurtosis values at different wavelet subbands for Laplace and Normal noise distributions
are shown in Figure 3.5l Noise with unity variance and zero mean is wavelet decomposed which
disseminates its content in different subbands. It is observed that ECE values (Figure [3.51(b) and
Figure (e) ) are similar for both the noise distributions. Same observations are also found for
Kurtosis in Figure 3.5l (c) and Figure 3.5l (f). Experiments with other types of noise distribution
show similar ECE and Kurtosis characteristics. On contrary, ECE values of ECG signal in wavelet
subbands show reverse trend (Figure [3.4). For practical use, estimated noise variance in a wavelet

subband is proposed as

. MAD,
K

where K is the Kurtosis of a normal distribution and & is the Kurtosis of the j* wavelet subband.
For discrete signal, the sample Kurtosis is calculated over a sample-block (an N-point data), and it
is defined as K’ = ma/m3 = £ N (x; — 7)* /(& S0, (z; — T)?)%, where my is the fourth sample

moment about the mean, my is the second sample moment about the mean (sample variance), z; is

the i*" sample and 7 is the sample mean [1441[150]. In wavelet domain, the z; values are the wavelet
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Figure 3.5: Probability density function (PDF), wavelet subband ECE and Kurtosis for Laplace and Gaussian
noise with zero mean and unity variance, (a) PDF of Laplace noise, (b) ECE of different subbands for Laplace
noise, (c) Kurtosis of different subbands for Gaussian noise, (d) PDF of Gaussian noise, (e) ECE of different
subbands for Gaussian noise, (f) Kurtosis of different subbands for Gaussian noise (Wavelet Decompositions
up to 5 levels)

coefficients in the subband.

In Figure [3.6] estimated noise variance based on Kurtosis measure (equation[3.10) and conven-
tional MAD based (equation [3.9) estimators are plotted. Both the characteristics show a decreasing
trend. This will result in a higher threshold value due to the variance term (second factor in equation
[3.8) for lower order subbands. A higher value of threshold in lower order wavelet subbands is justified
as the noise energy is higher in these subbands compared to those in higher order subbands. The
proposed noise estimator shows higher values for lower order wavelet subbands. Approximation sub-
band will have a lower noise variance due to lower value of Kurtosis for proposed method compared
to the conventional method. This will help set a higher value of threshold for lower order subbands

compared to conventional method. In approximation band it will result in a lower threshold. The third
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Figure 3.6: Proposed Kurtosis based estimated noise variance and existing MAD based estimator (Wavelet
Decompositions up to 6 levels), CSE multilead measurement library, data set-(MO1-003)

factor, \/2 -log(N;)/N;, is based on the length of the data and it is effectively used for filtering of the
noise [28].

The proposed denoising threshold, DF}9, varies directly with estimated noise variance and
percentile energy contribution efficiency of the subband. The first term («;), which is the ratio between
ECE and DECE, is a constant term (invariant across the subbands), because it is equivalent to the
ratio between sum of the energies at detail subbands and the total energy of the signal. A modified

threshold, @2 for details j** subband can be defined as

DFjMQ =

1
z +on; +14/2- log(Nj)/Nj]
J

.[a;+gj +%} (3.11)

W= W=

As coefficients of details subbands, cD1, cD2 and cD3, are considered for thresholding, D/FEQ,
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is defined only for details subbands. In the modified threshold, @2, the first term is the reciprocal
of DECE. This term depends on the subband energy and thus yields a factor which varies across the
subbands. It is observed that (Figure [3.4) lower order subbands have relatively higher noise energy
compared to the signal energy. If noise energy is higher in a subband, it is expected to have a higher

threshold value. Similarly, a lower threshold value is justified if signal energy is higher in a subband.

Table 3.3: Proposed denoising factors for three wavelet subbands using data set-M01-003 from CSE multilead
measurement library, with six wavelet decomposition levels

Subbands Lead-I Lead-II Lead-lI avR avL aVvF
DFjnv2 | DFjpva | DFjpy2 | DFjyg | DFjve | DFEjve | DFjye | DFjye | DFEjve | DFEjy2 | DFjy2 | DFEjyvog
cD1 0.625 0.911 0.535 0.871 0.723 0.745 0.502 0.619 0.588 0.994 0.652 2.090
cbh2 0.939 0.812 0.559 0.427 0.991 0.808 0.564 0.381 0.670 0.547 0.744 1.026
cbh3 1.106 0.684 0.530 0.283 1.122 0.558 0.642 0.364 0.746 0.432 0.804 0.392

Both the thresholds (D F} 2 and D/FE2) are based on energy contribution of wavelet subband,
noise variance and number of samples. In Table[3.3| proposed denoising factors, DFj2 and @2
for three subbands cD1, cD2 and cD3 are shown. It is observed that the values of denoising factor
DF;y2 are maximum for cD3 subband for all signals except lead-Il signal. In case of @2 maxi-
mum threshold values are found for cD1 subband and the threshold values are least in cD3 subband.
Lower order subbands are expected to have relatively higher noise energy compared to the signal
energy. Thus, it is expected that the threshold value should be higher for lower order subbands.
The threshold factor, @2, follows the expected trend of maximum value for cD1 subband. In

subsequent sections, results with D F;,ro are shown.

3.3 Evaluation of Proposed Denoising Methods

It is important to measure any distortion of clinical or diagnostic information during the processing of
ECG signal. Different error measures, which are commonly used, are applied for evaluation of quality
of filtered ECG signal. Percentage root mean square difference (PRD) is widely used because of
its simplicity [93,[138]. In wavelet based approach, Wavelet Weighted PRD (WWPRD) is introduced
in [109]. A wavelet energy-based approach is adopted in [71] as Wavelet Energy-based Diagnostic

Distortion (WEDD) measure
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3.3.1 Results for Denoising using Higher Order Statistics

Noisy multichannel ECG (MECG) signals from 12 leads (Bipolar: Lead-l, Il, lll; Augmented Lead:
aVR, aVL, aVF and Chest Lead: V1, V2, V3, V4, V5, V6) of standard ECG database, CSE mutlilead
measurement library, dataset-M01-003, are subjected to amplitude normalization and mean removal.
From each channel data, 4096 samples are chosen as a block. Data are arranged in a matrix form.
Each column corresponds to one channel. This has resulted in a 4096 x 12 matrix. Wavelet decom-
position using Daubechies 9/7 biorthogonal wavelet filters up to six levels are used for each column
data and same has been applied for reconstruction filters also. The wavelet decomposition resulted in
seven subband matrices. Each column in a subband matrix corresponds to subband of one channel.

After L level multi-resolution decomposition (MRD), wavelet coefficients, w; 5, are found in ‘L + 1’
subbands. At each wavelet scale the number of wavelet coefficients are the same for all n number
of ECG channels. So, this gives ‘L + 1' subband matrices in wavelet domain. For multichannel
representation, the approximation coefficients are denoted as wlLk where i is channel number (i =
1,2,...,n), Lis the decomposition level or subband number and % is the numbers of coefficients at L
scale. Similarly, the details coefficients are w;k Therefore multiscale ECG wavelet subband matrix

for approximations subband is given as

Ay (3.12)

1
A wz’k '
where number of columns is the number of ECG channels and number of rows is the number of

coefficients in the subband. Similarly, wavelet subband matrices for details coefficients is given as

1 n
Wik Wik
D; = (3.13)
1 n
| Wik Wik |

where wj. . Is the kth coefficient at j** decomposition level of it channel. The wavelet subband
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matrices Ay, D; are used to determine signal statistics of channel in that subband. The ECE and
the Kurtosis values are evaluated for all the subbands. The results are shown in Table{3.4] where

columns show ECE and Kurtosis values for various leads with corresponding wavelet subbands.

Table 3.4: ECE and Kurtosis: Dataset-M01-003, CSE mutlilead measurement library

ECE and Kurtosis: Dataset-M01-003, CSE mutlilead measurement library

Parameters Lead-I Lead-Il Lead-IlI avR avL aVvF V1 V2 V3 V4 V5 V6
ECE - cA6 85.5819 | 88.1159 | 76.9139 | 76.2487 | 88.3448 | 88.2638 | 72.2600 | 69.1069 | 57.9469 | 50.6873 | 43.4555 | 47.0165
ECE - cD6 3.9472 5.3017 4.0635 8.1715 4.3790 3.0839 9.8209 5.1735 7.2787 8.5258 9.3184 8.5169
ECE - cD5 5.9002 3.2343 9.8464 5.6905 4.1338 4.4824 11.2605 | 13.4124 | 16.5031 | 18.8551 | 22.5831 | 20.6571
ECE - cD4 2.6283 1.4652 6.3067 6.3304 1.4239 2.8934 5.7896 10.0748 14.0572 | 16.5481 | 18.7293 18.8616
ECE - cD3 1.4016 1.1625 2.0693 1.9884 1.1736 0.8451 0.4774 2.0203 3.7288 4.6415 5.0887 4.2475
ECE - cD2 0.3630 0.5473 0.4690 1.1087 0.4027 0.3724 0.3275 0.1670 0.4381 0.6934 0.7671 0.6090
ECE - cD1 0.1778 0.1731 0.3313 0.4617 0.1422 0.0590 0.0641 0.0453 0.0473 0.0489 0.0579 0.0914
Kurt - cA6 2.9484 3.5464 2.6122 3.5827 3.2570 1.9344 3.4417 2.3932 4.0361 4.2925 2.9945 3.1688
Kurt - cD6 5.8796 5.2920 4.1624 3.9019 6.0562 3.0949 3.5615 4.3704 4.1881 4.1302 3.6340 3.9170
Kurt - cD5 10.2085 9.1479 9.6693 7.8912 10.8789 8.6683 9.1736 10.1024 | 10.1671 9.9963 9.7431 9.9810
Kurt - cD4 14.5639 8.7211 14.2460 | 12.5095 | 15.8173 | 13.7886 | 14.4952 | 15.4466 155672 | 15.4995 | 15.2510 15.1300
Kurt - cD3 16.6279 | 12.4473 14.9224 | 15.0107 | 14.4396 | 17.3184 | 16.0226 | 20.9392 | 24.1719 | 25.0462 | 24.0611 | 22.9798
Kurt - cD2 26.1219 | 23.1908 | 23.0539 | 18.3664 | 24.1067 | 25.9381 | 35.8326 | 59.0699 125.57 118.27 115.00 107.30
Kurt - cD1 6.4433 36.6372 2.1017 16.9055 | 22.7812 | 14.0943 | 37.4905 | 35.6119 65.46 95.97 49.5168 13.57

Note: Kurt: Kurtosis.

The energy contribution of cA6 subband is the highest whereas cD1 subband contributes the
least. The difference in ECE values show the relative energy distribution of the subbands. The ob-
served relative energy distributions are similar as mentioned in [83]. Kurtosis value for cD2 subband
is found to be the highest (26.1219) and it is least (2.9484) for cA6 subband in case of Lead-I signal.
This indicates that the cA6 subband signal has a distribution with lighter tails and it is relatively flatter.
The Kurtosis value in cD2 subband exhibits some extreme deviation with Gaussian noise. Distribution
with positive Kurtosis value has heavier tails and a higher peak than the normal. Other Leads show
similar behavior. The positive Kurtosis values for cD3 and cD1 subbands across all the channels
may contain Gaussian noise as well as higher peaks. For cD4, cD5 and cD6 subbands, the higher

positive Kurtosis values are due to the presence of PQRST morphologies.

3.3.1.1 Evaluation of Proposed Denoising Factors

Four denoising factors (DFji, DFjan, DFjian, DFjoan ) and soft threshold (ST) [28] are esti-
mated for three subbands (cD1, cD2, cD3) using their ECE and Kurtosis values. These three sub-
bands are normally thresholded for denoising applications [71].

Table{3.5] shows the results. The DF}; values for cD1, cD2 and cD3 subbands are dependent
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Table 3.5: DFjm, @1 DF 2, DF;; and ST: Dataset-M01-003, CSE mutlilead measurement library

Values of DF, DF, Wﬂ, Wﬂ and ST: Dataset-M01-003, CSE mutlilead measurement library

Parameters Lead-I Lead-Il Lead-Ill avR avL aVvF Vi V2 V3 V4 V5 V6

DF;n1-cD3 0.1149 | 0.2469 0.0670 0.0521 | 0.1766 | 0.1481 | 0.2328 | 0.0545 | 0.0284 | 0.0253 | 0.0242 0.0280
DF;p1-cD2 0.1839 0.1466 0.0916 0.0505 0.2102 0.1538 0.1378 0.1096 0.0300 0.0239 0.0224 0.0268
DF;jn1-cD1 0.4227 | 0.1706 0.3526 0.0716 | 0.2563 | 0.3816 | 0.1869 | 0.1557 | 0.1066 | 0.0787 | 0.1221 0.2515
DF;p1-cD3 1.6561 2.9339 1.5457 1.2366 2.0579 1.7376 6.4577 1.6849 1.1925 1.2456 1.3656 1.4816
D/le -cD2 2.6509 1.7425 2.1147 1.2002 2.4503 1.8055 3.8230 3.3856 1.2635 1.1795 1.2645 1.4187
D/le -cD1 6.0941 2.0278 8.1398 1.7005 2.9869 4.4787 5.1839 4.8087 4.4812 3.8803 6.9061 13.3254
WjQMl -cD3 0.1805 0.1680 0.4427 0.5061 0.0900 0.2098 0.3994 0.6522 0.9030 1.0677 1.2281 1.2466
DFjap1-cD2 | 0.0843 | 0.0934 0.1387 0.1325 | 0.0813 | 0.0488 | 0.0298 | 0.0965 | 0.1543 | 0.1853 | 0.2115 0.1848
WjQMl -cD1 0.0139 0.0236 0.0203 0.0604 0.0167 0.0144 0.0091 0.0028 0.0035 0.0059 0.0067 0.0057
leMl -cD3 1.2517 1.4137 1.9176 2.1306 0.7724 1.7880 1.4399 2.1112 2.1473 2.1651 2.1719 2.3529
DFj1pm1-cD2 | 0.5846 | 0.7859 0.6007 0.5577 | 0.6974 | 0.4158 | 0.1074 | 0.3123 | 0.3668 | 0.3758 | 0.3740 0.3489
leMl -cD1 0.0964 0.1986 0.0881 0.2542 0.1433 0.1223 0.0330 0.0092 0.0083 0.0119 0.0118 0.0107

ST-cD3 0.0139 | 0.0069 0.0135 0.0076 | 0.0118 | 0.0057 | 0.0042 | 0.0020 | 0.0011 | 0.0015 | 0.0028 0.0022
ST-cD2 0.0047 | 0.0037 0.0046 0.0031 | 0.0041 | 0.0022 | 0.0015 | 0.0008 | 0.0004 | 0.0005 | 0.0010 0.0012
ST-cD1 0.0027 | 0.0016 0.0026 0.0015 | 0.0022 | 0.0014 | 0.0008 | 0.0004 | 0.0002 | 0.0002 | 0.0005 0.0007

Note: DF: Denoising factor, ST: Soft thresholding.

on ECE values, Kurtosis values and maximum amplitudes of the coefficients in the subbands. The
coefficients which have higher values compared to the value of the Denoising Factor (DF) or the
threshold are retained. Normally, more threshold value is required for cD1 subband where noise con-
tent is more. For Lead-I signal, DF},/ values for subbands cD1, cD2 and cD3 are found as 0.4227,
0.1839 and 0.1149 respectively. The higher frequency subbands contain more noise whereas lower
frequency subbands have most of the ECG wave components. In other words, higher frequency
subbands have lower SNR values compared to lower frequency subbands. Other three Denoising
Factors @1, DF 1y, DF jap based on DECE and ECE are also computed. DFj1p1, DF jann
denoising factors have maximum values for cD3 subband and their values are lowest for cD1 sub-
band. This shows an inverse trend for values of denoising factors compared to the DF}, values.
The soft thresholding (ST) method as proposed in [28] has also been evaluated (t = o/2log(N)/N
, Where t is threshold, ¢ is variance of noise and N is the numbers of samples). The ¢ is calculated
based on median absolute deviation (MAD) [148}[151,/152]. The estimated noise variance, o, in a
wavelet subband is given as ¢ = C.M AD where ‘C’ is a constant scale factor which depends on

distribution of noise. For a univariate data set with samples x1, s, ..., ,,, the MAD is defined as [153]

MAD = median(|x; — median(z;)|) (3.14)
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where z; is i'" data and median(z;) is the median. For normally distributed data ‘C’ = 1.4826’ is

the 75" percentile of the normal distribution with unity variance. So, estimated noise variance can

be written as o = 3228 [148]. MAD gives statistical dispersion of data and the basis of using it is
higher breakdown point upto 50% that is better than interquartile range which has breakdown point
25% [151]. Also MAD is aim at symmetrical distribution and its Gaussian efficiency is about 37%. In
Table{3.5 it is found the threshold set for cD3 is higher and cD1 is lower.

For qualitative comparison, four filtered signals using the four denoising factors are plotted with
the original one in Figure{3.7] It is observed that D Fj,;; performs better compared to the other three
denoising factors. The filtered signal in Figure{3.7(b) has all the minute details of the original signal
while removing the noise. It is observed in Figure{3.7(c), that the QRS complexes are smoothed out
due to high values of denoising factors or threshold EJ\Tle. In Figure{3.7(d), the filtered or denoised
signal with DF ;251 threshold, shows noise is not completely removed as marked at 1 and 2. This is
due to the lower value of the denoising factor DF ;251 as shown in fifth column corresponding to avL
channel, in Table{3.5l Similarly, the denoised signal in Figure{3.7(e) with DF ;1,1 threshold fails at
points marked 3 through 8. In Figure{3.8] original signal, wavelet filtered signal using soft threshold
(ST) and wavelet filtered signal using proposed DF;;; are shown. It is observed (Fig [3.8(b)) that
ST-based method does not remove the noise effectively. This is the reason for the low PRD (1.1085)
and WWPRD (1.6015) values shown in Fig [3.8(b) for the filtered signal with the soft threshold. The

proposed DF;, is effective and denoising is distinctly visible in the filtered signal shown in Fig[3.8|c).

Table 3.6: Performance Analysis: CSE mutlilead measurement library database, dataset-M01-003

CSE mutlilead measurement library database, dataset-M01- 003

Parameters Lead-I Lead-Il Lead-lll aVR aVL aVF \%A V2 V3 V4 V5 V6

PRD-DFn1 9.137 6.362 11.148 10.022 7.424 4.599 5.450 4.411 3.560 3.473 4.160 4.844
PRD-D/le 17.202 | 17.369 20.909 24566 | 16.269 | 12.304 | 11.229 | 18.338 | 26.518 | 28.646 | 27.939 | 26.053
PRD-DF jan1 7.795 4531 14.838 19.599 4.297 3.518 5.986 10.110 | 25.826 | 27.198 | 26.962 | 25.292
PRD-DF ;11 17.006 | 16.816 20.909 24566 | 12.951 | 12.086 8.931 18.114 | 26.101 | 28.171 | 27.510 | 25.578
PRD-ST 1.307 0.943 1.606 1.048 1.108 0.441 1.698 2.075 1.946 1.944 1.960 2.132

WWPRD-D Fjpr1 21.710 | 11.367 26.054 18.096 | 15.716 | 12.165 | 10.604 8.547 5.381 5.190 8.506 11.343
WWPRD—D/F'El 36.934 | 28.661 44.331 40.279 | 31.555 | 26.667 | 23.093 | 29.260 | 33.586 | 37.046 | 39.765 | 40.710
WWPRD-DF a1 12.099 7.344 25.846 30.669 7.330 7.059 7.237 11.716 | 26.370 | 28.400 | 31.269 | 30.475
WWPRD-DF ;1 011 35.968 | 26.330 44.331 40.279 | 24.265 | 24.127 | 13.800 | 25.969 | 26.879 | 29.939 | 32.745 | 32.497

WWPRD-ST 1.748 1.378 1.818 1.521 1.604 0.776 1.755 1.968 1.751 1.827 1.924 1.940
WEDD-D F}j pr1 3.061 1.992 3.799 2.252 1871 2.825 2.998 2.871 2.147 1.928 2.843 3.2188
WEDD-Dml 12.030 7.141 16.802 12.005 9.176 9.965 10.789 | 19.041 | 24.694 | 27.933 | 28.366 | 27.285
WEDD-DF j2n1 1.915 1.423 8.140 10.169 1.189 2411 2.103 6.667 19.431 | 21.798 | 22.502 | 21.853
WEDD-DF 11 12.428 7.494 16.802 12.005 6.744 7.844 6.345 17.809 | 19.483 | 22.025 | 22.635 | 21.925
WEDD-ST 0.924 0.539 1.252 0.473 0.725 0.275 1.286 1.709 1.611 1.719 1.918 1.970
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Figure 3.7: (a) Original signal and wavelet filtered signal using proposed denoising factors (b) DF}u1, (C)
DFjan, (d) DFjan and (€) DF j1a1 (CSE mutlilead measurement library database, dataset: MO1-003, Lead-
avlL)

Table{3.6] shows the different distortion values for four proposed denoising factors and for the
soft threshold. All the 12-channel data are evaluated. It is observed that the distortion values for
soft threshold are minimum in all cases. This is due to the very low soft threshold values shown in
Table{3.5l Low distortion or error values appear as noise part of the signal is not filtered out. Among
the four denoising factors, D F;,;1 shows minimum PRD value for Lead-lll, aVR, V1, V2, V3 and V4
channels. Minimum WWPRD values are obtained with the same denoising factor for aVR, V2, V3,
V4, V5 and V6 channels. Similarly, minimum WEDD values are observed for Lead-lll, aVR, aVL,
V2, V3, V4, V5 and V6 channels. It is also found that minimum distortion values are obtained with
DFjap in all other channels. This has resulted due to low values of the denoising factor D Fjop. Itis

shown in Figure{3.7(d) that the filtered signal with D Fj2,,; denoising factor fails to remove the noise
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(a) Original signal (Lead—aVL, Dataset M01-003, CSE)
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Figure 3.8: Original and filtered signals using soft thresholding and using proposed DF (a) original signal
(Lead-aVL, Dataset M01-003, CSE), (b) filtered signal after denoising (using soft thresholding), (c) filtered
signal after denoising (using proposed DF) (CSE mutlilead measurement library database, dataset: MO1-003,

Lead-aVL)

efficiently. These results prove that the denoising factor DF;,; will be the most effective not only
from the point of view of effectively filtering the noise but also help retain the diagnostic information
in the ECG signal.

It will be helpful to investigate if the values of the denoising factor DF},, for the three subbands,
cD1, cD2 and cD3, are optimal from the point of view of the distortions in the signal. Figure{3.9show
the WEDD and WWPRD values when each of the three subbands are individually thresholded. For
these results the signal in aVL channel is tested. It is observed that the maximum distortion value
is attained when the threshold or denoising factor value exceeds certain value. For the signal in
aVvL channel the WEDD and WWPRD values (Table{3.6) with DF};»;, denoising factor are found as

1.8718 and 15.7168 respectively. The denoising factor, DFj,1, has values (Table{3.5) in cD1, cD2
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and cD3 subbands as 0.2563, 0.2102 and 0.1766 respectively. If these denoising factor values are
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Figure 3.9: WEDD and WWPRD values using DF}s1,(a) and (d) only cD1 subband denoised, (b) and (e)
only cD2 subband denoised (c) and (f) only cD3 subband denoised, Dataset: MO1-003, Lead-aVL, from CSE
mutlilead measurement library.

used individually, as shown in Figure{3.9] for the three subbands, the WEDD values are 0.95, 1.2 and
1.0 for cD1, cD2 and cD3 subbands, this would have resulted in a total WEDD value of 3.15. But the
observed WEDD value is 1.8718 when the three subbands are simultaneously thresholded. Similar
results are observed with the WWPRD values. This shows that a proper choice of a set of optimal
values for the denoising factor for the three subbands may results in an improved performance. To

investigate further, two subbands, cD2 and cD3, are thresholded simultaneously. Table{3.7] shows

Table 3.7: WEDD values against thresholds of cD2 and cD3 subbands

Thresholds cD3
cD2 0.1 0.2 0.3 0.4 0.5
0.1 1.1895 | 0.9629 | 1.8755 | 1.7089 | 1.7771
0.2 2.3070 | 1.9412 | 3.0293 | 2.8843 | 2.9514
0.3 2.3423 | 1.9764 | 3.0648 | 2.9188 | 2.9869
0.4 2.5783 | 2.2669 | 3.4279 | 3.2727 | 3.3408
0.5 2.6530 | 2.3433 | 3.5061 | 3.3507 | 3.4187
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the WEDD values for different threshold values in cD2 and cD3 subbands. It is observed that simul-
taneous thresholding has resulted in lower WEDD values. The WEDD value is 1.9412 for both the
threshold values of cD2 and cD3 subbands as 0.2. Both threshold values as 0.2 is close to the values
of the denoising factor for the both subbands which are 0.2102 and 0.1766. This value of WEDD is
close to the observed value of WEDD (1.8718) as shown in Table{3.6l The lower WEDD value is
due improved retention of diagnostic features in the signal when both the subbands are simultane-
ously thresholded. The results also indicate that the choice of a set of denoising factor values for the
subbands based on Kurtosis and ECE values will result as an optimal set of threshold values for the

subbands.

3.3.1.2 Evaluation of Proposed Method under Noise Conditio ns

(a) Original Signal
[
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Figure 3.10: Wavelet filtered signal when corrupted with Gaussian Noise (Input SNR -2.476 dB),(a) Original
Synthetic ECG signal, (b) Noisy ECG signal after addition of Gaussian Noise (Input SNR -2.476 dB) (c) Output
filtered ECG signal using proposed denoising method.

In real application, an ECG signal may contain various types of noise and artifacts. It is essential to
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evaluate the proposed method adding white Gaussian noise, Base line Wander and Power line Noise
to an ECG signal. Noise corrupted signal is simulated by adding Gaussian noise, baseline wander

and power line interference and is tested with the proposed method. Figure[3.10], shows the denoising

(a) Original Signal
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0 500 1000 1500 2000 2500 3000 3500 4000

(b) Signal with Noise
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1 1 1 1 1 1 1
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(c) Wavelet filtered signal
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Figure 3.11: Wavelet filtered signal when corrupted with Gaussian Noise (Input SNR 4.7534 dB),(a) Original
Synthetic ECG signal, (b) Noisy ECG signal after addition of Gaussian Noise (Input SNR 4.7534 dB) (c) Output
filtered ECG signal using proposed denoising method.

of synthetic ECG signal when corrupted with Gaussian noise. The synthetic ECG signal is corrupted
with white Gaussian noise at an input SNR of -2.476 dB. Then the signal is subjected to proposed
denoising method. The method is able to filter out the noise and at the same time it has preserved the
clinical components, P-wave, T-wave and QRS-complex. The filtered signal contains high frequency
spikes which may be due to inclusion of Kurtosis in the proposed denoising factor. The quantitative
performance of the method is accessed by output SNR, PRD, WWPRD and WEDD. The filtered signal
has an output SNR value of 28.869dB, PRD value of 22.57%, WWPRD value of 47.067% and WEDD
value of 6.308%. The WEDD value falls under very good category of reconstructed signal. In Figure

[3.11], the input synthetic ECG signal is corrupted and the SNR value of the noisy signal is 4.7534
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dB. The noisy ECG is filtered using the proposed denoising method. The filtered output signal is
smooth and satisfactory. The output SNR improvement is good (41.3432 - 4.7534 = 36.5898dB). The
filtered signal has a PRD value of 12.261% and a WWPRD value of 34.268%. The signal distortion
measure WEDD has a value of 4.293% which falls in excellent category signal. This shows the better
performance of the proposed method under relatively higher input SNR condition.

The method is also tested with the signals having higher input SNR values. Under high input SNR
of 46.4458 dB, the filtered signal has output SNR value of 59.7176 dB and it shows smooth output.
The PRD value is 5.11% whereas WWPRD value is 7.65%. The WEDD value is 2.83% which falls

under excellent category.

3.3.2 Results for Denoising based on Kurtosis, Noise Varian ce and Multiscale En-
ergy

For validation of proposed denoising factor, standard test functions, Blocks, Bumps, HeaviSine and
Doppler [29] are used and shown in Figure [3.12l These functions show various spatially nonhomo-
geneous phenomena and represent complex signals which may appear in real world applications.
Blocks represent sharp rise and fall in signal. Bumps may be encountered when handling spectra.
HeaviSine may be considered as regular signal with sudden irregular notch. The doppler represents
the variable frequency in the signal. It is desirous to check the adaptivity of the proposed wavelet
denoising with these nonhomogeneous signals. The proposed wavelet denoising method is tested
with these signals after addition of zero mean and unity variance Gaussian noise. The input SNRs for
Blocks, Bumps, HeaviSine and Doppler are 30 dB, 20 dB, 30 dB and 30 dB respectively. The corre-
sponding output SNRs are 49.68 dB, 29.36 dB, 61.38 dB and 55.53 dB. The output SNR is estimated
as ratio between the energy of original signal (before addition of noise) and the energy of filtered
noise signal. Output SNR values of 79.85 dB, 96.84 dB, 41.64 dB and 90.73 dB are obtained using
Classical hard thresholding method [29]. It can be observed from Figure[3.12]that quantitatively better
filtered signal is obtained for the proposed thresholding compared to the hard thresholding method.
Higher output SNR values and better qualitative results suggests that the proposed method is more
effective in filtering the noise. Standard 12-lead ECG (Bipolar: Lead-l, Il, Ill; Augmented Lead: aVR,
aVvL, aVF and Chest Lead: V1, V2, V3, V4, V5, V6) of CSE multilead measurement library, data

set-M01-003, are subjected to amplitude normalization and mean removal. From each channel data,
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Figure 3.12: Clean, noisy and wavelet filtered test signals: Blocks, Bumps, HeaviSine and Doppler (a) Blocks,
(b) noisy Blocks, (c) wavelet filtered noisy Blocks (proposed), (d) wavelet filtered noisy Blocks (Classical hard
thresholding), (e) Bumps, (f) noisy Bumps, (g) wavelet filtered noisy Bumps (proposed), (h) wavelet filtered
noisy Bumps (classical hard thresholding), (i) HeaviSine, (j) noisy HeaviSine, (k) wavelet filtered noisy Heav-
iSine (proposed), (I) wavelet filtered noisy HeaviSine (classical hard thresholding), (m) Doppler, (n) noisy
Doppler, (0) wavelet filtered noisy Doppler (proposed) and (p) wavelet filtered noisy Doppler (classical hard
thresholding). The x-axis represents samples and the y-axis represents amplitudes.

4096 samples are chosen as a block. Wavelet decomposition using Daubechies 9/7 biorthogonal
wavelet filters up to six levels are used and same is applied for reconstruction filters also.

To see the performance of individual factors, a; (factor-1), 3, (factor-2) and ~; (factor-3), lead-
Il signal, data set-MO1-003 from CSE multilead measurement library, is used. The original signal
and filtered signals by the individual factors or thresholds, a;, 3; and ~; are shown in Figure [3.13(a-
d). Filtered signal with threshold, DF;, is shown in Figure [3.13(e). Individual factors fail to filter the
signal cleanly in the R-wave region (marked with ‘R’). Better filtering is observed at the region marked

with ‘R’ using threshold EE This shows that a threshold combining the three factors results in an
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improved performance.

Table 3.8: PRD, WWPRD and WEDD for &3, 3;, v; and proposed denoising factors,ﬁfj for lead-II signal using
CSE multilead measurement library, data set-M01-003 with six levels wavelet decomposition

Metric 52; ﬁj V5 DF'J
PRD 10.05 7.63 16.32 13.04
WWPRD | 1751 1346 1146 2131
WEDD 3.98 4.01 2.40 4.00

In Table [3.8] quantitative results are shown for three individual denoising factors, a;, Bj, v; and
combined denoising factor or threshold 5}?] The diagnostic distortion is well captured by WEDD
metric [71]. WEDD value (4.00) for D/\FJ falls under excellent category [71] and the qualitative results
(Figure [3.13) reveal better denoising effect. Though lower WEDD values are observed for individual
denoising factors, a; and ~;, qualitative results shown in Figure 3.13(b) and Figure [3.13(d) do not
show effective filtering in ‘R’ region. The thresholds set for factors a; and ~; remove lower numbers
of wavelet coefficients than the combined denoising factor, D/\FJ resulting in lower WEDD values.

In Figure [3.14] filtering of synthetic ECG signal, generated using ‘ECGSYN’ from ‘Physionet
Archive’ [154], using proposed denoising factor, D/F, is shown. Wavelet filtering of synthetic ECG
corrupted with Gaussian noise at input SNR of 5 dB and output SNR of 13 dB, is plotted in Figure
[3.14(a). In this case, WEDD value is 16.8. In Figure [3.14{(b), result with input SNR of 10 dB is shown.
The output SNR is 25 dB and WEDD value is 8.11. Wavelet filtering of synthetic signals at input SNRs
of 15 dB and 20 dB with respective output SNRs of 36 dB and 46 dB are shown in Figure [3.14lc)
and [3.14ld). The corresponding WEDD values are 3.53 and 2.64. The WEDD values of 8.11, 3.53
and 2.64 fall under very good and excellent category [71]. It is also seen that the filtering of noise
contaminated signal preserve desired clinical components and ‘PQRST’ morphologies with improved
output SNR.

Lead-1ll wavelet filtered signal with original signal and residual error is shown in Figure [3.15] It is
observed that proposed method preserve all the diagnostic features. The noise present in the original
signal is filtered out efficiently keeping ‘PQRST’ morphologies as in original.

The values for diagnostic distortion measures, PRD, WWPRD and WEDD for all the standard
12-leads are evaluated and shown in Table [3.90 The lowest PRD value 9.523, the lowest WWPRD
value 17.743 and the lowest WEDD value 4.000 are found for chest leads V2, V3 and limb lead-II
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Figure 3.13: Wavelet filtered signal using proposed method compared with wavelet filtered signal using in-
dividual threshold factors «;, 5; and ~;. In panel (a) original lead-ll ECG signal, (b) wavelet filtered signal
using «; (factor-1), (c) wavelet filtered signal using g; (factor-2), (d) wavelet filtered signal using ~; and (e)

wavelet filtered signal using EE Wavelet decomposition level is 6, CSE multilead measurement library, data
set-(MO1-003)

Table 3.9: Distortion measures in terms of PRD, WWPRD and WEDD, CSE multilead measurement library,
data set-M01-003

Metrics Lead-l Lead-ll Lead-lll avR avL avF V1 V2 V3 \Z! V5 V6
PRD 18.041 13.042 22.329 24.204 15.768 15.665 12.065 9.523 10.345 11.020 11.925 11.717
WWPRD | 39.115 21.313 47.110 41.216 29.064 23.361 20.006 20.454 17.743 18.321 20.669 23.955
WEDD 15.087 4.000 19.560  14.233 7.358 6.837 6.430 11.433 10.883 11.134 11.026 10.918

respectively. Among these measures, WEDD shows the lower values in most of the leads. The lead-
lIl denoised ECG signal, in Figure [3.15, shows PRD, WWPRD and WEDD values 22.329, 47.110
and 19.560 respectively. Wavelet filtered signal shows that most of the diagnostic information remain

intact.

The proposed wavelet denoising method is compared for qualitative and quantitative assessment
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Figure 3.14: Wavelet filtered synthetic ECG signal using proposed ﬁf, (a) original synthetic ECG signal,
signal corrupted with Gaussian noise at input SNR of 5 dB and wavelet filtered synthetic ECG signal at output
of SNR 13 dB , (b) original synthetic ECG signal, signal corrupted with Gaussian noise at input SNR of 10
dB and wavelet filtered synthetic ECG signal at output SNR of 25 dB (c) original synthetic ECG signal, signal
corrupted with Gaussian noise at input SNR of 15 dB and wavelet filtered synthetic ECG signal at output SNR
of 36 dB and (d) original synthetic ECG signal, signal corrupted with Gaussian noise at input SNR of 20 dB
and wavelet filtered synthetic ECG signal at output SNR of 46 dB. Wavelet decomposition of synthetic ECG is
six levels. The x-axis represents samples and the y-axis represents amplitudes.

with existing thresholding methods such as hard thresholding, soft thresholding [28] and thresholding
based on principle of Stein’s Unbiased Risk Estimate (SURE) [29]. Quantitative diagnostic distortion
metrics are computed and denoised signals are plotted for qualitative analysis. In Figure the
wavelet filtered signals using above three methods are shown and are compared with the proposed
denoising method. The signals shown in Figure [3.16c) and Figure [3.16(e) are filtered nicely. But in
Figure [3.16(c), denoising action has over-smoothed the signal (marked 1 though 6) whereas in Fig-
ure [3.16(e) all the diagnostic features are available. The filtering effect is less in other two methods

as shown in Figure [3.16(b) and Figure [3.16(d). For this signal, filtering with the proposed threshold
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Figure 3.15: Wavelet filtered lead-Ill ECG signal using proposed 513] (a) original signal, (b) wavelet filtered
signal using proposed denoising factor and (c) residual signal between original and filtered signal. CSE multi-
lead measurement library, data set-M01-003 with six wavelet decomposition levels

results in PRD, WWPRD and WEDD values as 13.042, 21.313 and 4.000 respectively. PRD values,
1.4004, 1.5952 and 24.7621, WWPRD values, 1.8546, 2.3494 and 37.5364 and WEDD values, 1.2146,
1.2281 and 13.9818 are obtained with the other thresholding methods, hard thresholding, soft thresh-
olding and SURE respectively (Table[3.10). Although hard and soft thresholding methods show lower

Table 3.10: PRD, WWPRD and WEDD for hard thresholding, soft thresholding, SURE and proposed method
for lead-Il signal using CSE multilead measurement library, data set-M01-003 with six wavelet decomposition

levels
Method PRD WWPRD  WEDD
Hard thresholding 1.4001 1.8546 1.2146
Soft thresholding 1.5952 2.3494 1.2281
SURE 247621 37.5364  13.9818
Proposed method 13.042 21.313 4.000

values for distortion measures, the filtering of the signal is very less as shown in Figure [3.16l Thus,
these two methods remove very less wavelet coefficients from subbands cD1, cD2 and cD3 and re-

sult in less denoising effect. However, the proposed denoising method and threshoding based on
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(a) Original signal ( Lead-Il ECG, CSE multilead measurement library, M01-003 )
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Figure 3.16: Wauvelet filtered lead-1l ECG signal: (a) original signal, (b) wavelet filtered signal using soft
threshold method (Donoho’95), (c) wavelet filtered signal based on principle of Stein’s Unbiased Risk Estimate
(SURE), (d) wavelet filtered signal using hard threshold method (Donoho’95) and (e) wavelet filtered signal
using proposed denoising method. CSE multilead measurement library, data set-M01-003.

SURE filter the signal but the later one over-smooth the signal as shown (marked at 1 to 6) in Figure
[3.16[c). This is due to the higher threshold value set in SURE. The proposed method preserves
all the clinical components and shows acceptable distortion values. This proves that the proposed

denoising method is superior compared to the other three methods.

3.3.3 Comparison of Proposed Methods

In this section, the performances of the denoising methods are compared quantitatively and qualita-
tively. The PRD, WWPRD and WEDD are evaluated and are shown in Table [3.11l The first method is
denoted with extention ‘M1’ after each distortion matrics and similarly, extention ‘M2’ is used for the

second method. The lowest PRD value of 3.4736 is found for lead-V4 for the first denoising method
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Table 3.11: Comparative Performance Analysis for proposed two methods, CSE mutlilead measurement library
database, dataset-M01-003

CSE mutlilead measurement library database, dataset-M01-003

Metrics Lead-I Lead-Il Lead-Ill avR avL aVvF Vi V2 V3 \Z: V5 V6
PRD-M1 9.1377 6.3625 11.1483 | 10.0227 7.4244 4.5998 5.4508 44116  3.5608  3.4736  4.1602 4.8440
PRD-M2 18.041 13.042 22.329 24.204 15.768 15.665 12.065 9.523 10.345 11.020  11.925 11.717

WWPRD-M1 | 21.7109 11.3672 26.0547 18.0969 15.7168 12.1657 10.6045 85475  5.3818 5.1903 8.5060  11.3438
WWPRD-M2 39.115 21.313 47.110 41.216 29.064 23.361 20.006 20.454  17.743 18.321  20.669 23.955
WEDD-M1 3.0614 1.9920 3.7993 2.2527 1.8718 2.8256 2.9981 2.8719 21474 1.9281  2.8439 3.2188
WEDD-M2 15.087 4.000 19.560 14.233 7.358 6.837 6.430 11.433 10.883 11.134 11.026 10.918

(M1) whereas for second method (M2) lead-V2 shows the lowest PRD value of 9.523. Similarly, the
lowest WWPRD and WEDD values 5.1903 (lead-V4) and 1.8718 (lead-aVL) are found for the first
method. The second method yields the lowest WWPRD and WEDD for lead-V3 (17.743) and lead-
V2 (4.00) respectively. WEDD measure is more robust and it is claimed to represent the quality of
the diagnostic features in a processed ECG signal [71]. As per this metric the filtered signals of all
the leads by ‘M21’, fall under ‘excellent’ category whereas ‘M2’ gives excellent category signal only
for leads Lead-1l. Remaining filtered multichannel signals by means of ‘M2’ fall under ‘very good’ or
‘good’ categories. It may be due to higher thresholds for ‘M2’ filtering method which removes more
wavelet coefficients giving higher WEDD values. Also, it is noticed that the non-diagnostic based
error metric like PRD shows higher values for all the leads for second method. Computationally, ‘M2’
filtering method is more complex than ‘M1’ filtering method. In second method, to derive a threshold,
it is required to calculate three terms and then perform the averaging operation whereas the first
method is simple. The qualitative analysis for same data set for both the proposed filtering methods
is performed.

In Figure[3.17] filtered lead-Il ECG signals are compared using same dataset, CSE-M01-003. The
second method (M2), slightly oversmooth the signal. It reduces the amplitude minimally keeping all
the clinically essential components as in original. Higher thresholds derived by this method may have
zeroed more wavelet coefficients in subbands. This may be the reason for getting higher distortion

metrics for the second method compared to the first method (M1).
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Figure 3.17: Wavelet filtered lead-11 ECG signal using proposed methods (a) original signal, (b) wavelet filtered
signal using proposed denoising method-M1 and (c) wavelet filtered signal using proposed denoising method-
M2. CSE multilead measurement library, data set-M01-003 with six wavelet decomposition levels

3.4 Summary

In the first method based on HOS and ECE, four denoising factors are introduced for filtering of ECG
signal. Best performance is observed with DF}; which is based on HOS and ECE of wavelet subband
signal. Kurtosis employed in this work, discriminate signal and noise. It is observed that the spikes
or sudden change in signal frequency along with noise gives a higher value of Kurtosis. Taking
advantage of this property of Kurtosis, DF}; is scaled by ECE of MECG signal. Since it is established
that the ECE value in higher level wavelet subband coefficients are more than lower ones, most of
the energy of ECG signal remain in higher sub-bands such as cA6, cD6, cD5 and cD4. So, lower
subbands, cD1, cD2 and cD3, are chosen for thresholding.

The second method, introduces a novel denoising method based on relative energy contribution
of wavelet subbands and Kurtosis based Gaussian noise estimator for filtering of ECG signal. Esti-

mated noise variance in wavelet subband is computed with a new approach which includes Gaussian-
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3.4 Summary

ity measure in term of Kurtosis instead of conventional statistical approach. Lower order subbands
are expected to have relatively higher noise energy compared to the signal energy. The proposed
method gives higher threshold values for lower order subbands. It is the combination of three in-
dividual factors, «;, 8; and ;. Combined denoising factor gives improved results. The method is
tested with spatially nonhomogeneous functions, Blocks, Bumps, HeaviSine and Doppler with noise.
The performance of the proposed thresholding method evaluated using synthetic ECG signal after
adding noise and the recorded signal from database. Also, it is compared with the existing classical
thresholding method such as soft thresholding, hard threshoding and SURE. Results show that the
performance of the proposed method is better compared to the existing methods. The proposed de-
noising method not only filters ECG signal effectively but also can help retain the clinical information

in the signal.
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4. Multiscale Principal Component Analysis for Multichann el ECG Compression

In this Chapter, we introduce Multiscale Principal Component Analysis (MSPCA) for multichannel
electrocardiogram (MECG) signals. In wavelet domain, principal components analysis (PCA) of mul-
tiscale multivariate matrices of multichannel signals may help reduce dimension and remove redun-
dant information present in signals. Principal Component Analysis (PCA) is widely used for multivari-
ate data analysis [124], [155]. Since last two decades, PCA is evolving with different extensions or
modifications such as multiwvay PCA (MPCA) [125], multiblock PCA [156], non-linear PCA [126,[132],
probabilistic principal component analysis [130] and weighted PCA [157]. PCA reduces data dimen-
sion by retaining an optimum number of Principal Components (PC). The data set is transformed to
a new dimension with a reduced set of variables [124]. PCA transforms the data matrix in a statis-
tically optimal manner by diagonalizing the covariance matrix. The first few significant components
capture the correlations between the variables. Elimination of insignificant components reduces the
redundant information in the data set [124].

The information at different wavelet scales can be effectively analyzed using PCA. MSPCA based
analysis of multichannel ECG signals are not addressed in literature. Literature reviews in Chapter[2]
show the classical PCA based applications in ECG signal processing. For physiological signals like
ECG and EEG, conventional PCA has been applied for data reduction, noise elimination, beat detec-
tion, classification, signal separation and feature extraction [12], [119], [13]. PCA is used as a tool for
separation of respiratory and non-respiratory segments in an ECG signal [14]. During processing of
an ECG signal, it may not be advisable to distort the diagnostic information in the signal [102], [138].
Conventional PCA based methods have not considered the distortion of clinically important diagnos-
tic features. Significant energies of cardiac signal-components or diagnostic components are present
at different frequency bands in an ECG spectrum. Wavelet transform of an ECG signal reproduces
them at different scales or subbands [102]. This grossly translates or segments ‘PQRST’ morpholo-
gies into different subbands. In wavelet subbands, the correlation between multichannel ECG signal
components can be effectively captured. Correlation of multichannel ECG data in wavelet subbands
may help implementation of PCA without affecting the clinical information. This motivates us to im-
plement Multiscale Principal Component Analysis (MSPCA) at wavelet scales and coding the PCA
coefficients to achieve multichannel compression.

The related review of literatures in Chapter[2], show that MSPCA based processing of multichan-
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4.1 PCA for Multichannel Electrocardiogram

nel ECG and compression of these signals are not addressed. It is seen that MSPCA has higher
potential to represent clinical signal components in few PCA coefficients. So, in this Chapter, we
propose a compression scheme for multichannel electrocardiogram (MECG) data, using Multiscale
PCA (MSPCA) and Huffman coding. In Section[4.1], conventional PCA for multichannel ECG signals
is discussed. Section[4.2] presents the proposed multiscale PCA for Multichannel ECG. Section
contain proposed MSPCA based compression of MECG signals. Results are discussed in Section

4.4

4.1 PCA for Multichannel Electrocardiogram

PCA is used for ECG signal processing using cut and align or lead piling process on the single
channel signal [12] to form the multivariate data. This method uses the redundancies between ECG
beats. For multichannel ECG signals, conventional PCA can be applied with appropriate multivariate

matrix formation. The multichannel ECG signal, S, can be represented as

S11 512 CE Sin
521 $22 . . Sop

S — 4.1)
_le SN2 . . SNn

where s,, is the p'* sample of the ¢'* channel signal. There are n number of channels with N
number of samples in each channel. In this, individual channel data are represented in separate
columns.

To explore the correlations between the data in different channels or leads of MECG signals,
scatter plots and correlation coefficients can be evaluated. The scatter plot provides a graphical
display of correlation between variables in a cartesian co-ordinate system [158]. Fig/4.1] shows the
scatter plots and the correlation values for a 12 channel ECG data. The scatter plots between data
in different ECG leads are shown in lower half triangular plot matrix and the correlation values are
shown at the upper half triangular table. The diagonal elements show correlation with same channel
signal. Looking at the plots, the correlations and the redundancies between pairs of channels can

be intuitively imagined. If dots of scatter plot are clustered from lower left to upper right it suggests
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Correlations between leads of a 12 channel ECG
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Scatter plots between leads of a 12 channel ECG

Figure 4.1: Scatter matrix plot for original signals. Signals in different ECG leads are scatter plotted. Database
used is CSE multilead measurement library, data set M01-033.

positive correlation. Similarly dots from upper left to lower right indicate a negative correlation. If the

data points are closer to form a straight line, it indicates higher correlation between the two variables.

Between lead-1 and lead-II the correlation value is high which is 0.9451. Lead-I signal is the potential

difference between left arm (LA) and right arm (RA) and lead-Il signal is the potential difference

between left leg (LL) and right arm (RA). In both the cases, right arm is the common limb and this is

the reason for high correlation value between Lead-l and Lead-Il data. Likewise higher correlations

are found between lead-ll and lead-aVR (—.9849), between lead-1l and lead-aVL (0.9905), between
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lead-aVR and lead-aVL (—.9517) and among V2 to V6. Thus the plots between pairs of lead as
in Figl4.1] and correlations values indicate the redundancies present between leads. Thus there is

possibility of dimension reduction by applying PCA on MECG signals.

4.2 Proposed Multiscale Principal Component Analysis

Multiscale wavelet decomposition of an ECG signal produces approximation coefficients and detail
coefficients at different scales. Bandwidth of wavelet decomposition level j, AF};, can be decided
by Equation (2.6) provided the sampling frequency is given [111]. The wavelet coefficients, w; j, are
estimated as inner product of signal and dilated and shifted version of wavelet which is given by Equa-
tion (2.3). After L level Multi-resolution Decomposition (MRD), wavelet coefficients, w; , are found
in ‘L + 1" subbands. At each wavelet scale the number of wavelet coefficients are the same for all n
number of ECG channels. So, this gives ‘L + 1’ subband matrices in wavelet domain. For multichan-
nel representation, the approximation coefficients are denoted as wik where i is channel number
(i=1,2,...,n), Lis the decomposition level or subband number and k is the number of coefficients
at L'" scale. Similarly, the details coefficients are w;k Therefore multiscale ECG wavelet subband
matrix for approximations subband is given as Ay, (Equation (3.12)). Similarly, for multichannel ECG
wavelet subband matrices for details coefficients is given as D; (Equation (3.13))

Figl4.2] shows three ECG channels and their subband signals after 6 level wavelet decomposition
by Daubechies 9/7 biorthogonal mother wavelet. In Figl4.2(a), lead-I signal and signal components at
different wavelet scales are produced. Similarly, in Figl4.2(b) lead-aVR and Figl4.2|c) lead-V6 signals
are shown with subband signals. It is noticed that cA6 subband reflects the parts of low frequency
components such as P-wave and T-wave. cD6 and cD5 subbands show the lower frequency part of
QRS complexes with higher frequency part of T-wave. cD4 and cD3 subbands show the significant
higher frequency part of QRS complexes. cD2 and cD1 Subbands contain some higher frequency
part of QRS complexes and noise. It is observed that across the subbands there are similarities
between segmented signal components. It is expected to get higher correlation between similar
subbands of different channels. If multivariate matrices are formed at wavelet scales, it may help
process subband signals more efficiently.

If relative energy contribution of wavelet subbands for an ECG signal is evaluated, it can show
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Amplitude

Figure 4.2: Multiscale time domain signals of 3 different leads (Lead-l, Lead-aVR and Lead-V6). Wavelet
subband signals are reconstructed using 9/7 biorthogonal wavelet filter. In panel (a) original and reconstructed
subband signals of Lead-I, (b) original and reconstructed subband signals of Lead-aVR and (c) original and re-
constructed subband signals of Lead-V6 are reproduced. In this, CSE multilead measurement library, dataset-
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M01-041, with six wavelet decomposition levels is used.
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us the relative importance of the subbands in terms of energy. Energy contribution efficiency (ECE)

is defined as in Equation [71,[102,[159]. In Figl4.3| for standard 12 lead ECG signals, energy

contributions of wavelet subband signals are shown. A typical MECG signal is decomposed with

six level wavelet decomposition using 9/7 biorthogonal wavelet filters. It is noticed that for all the

leads, ECE is higher for the higher order wavelet subbands. Energy contribution of the lowest order

subbands are less. It shows that the ‘PQRST’ morphologies mainly exists in higher order subbands.

The P-wave and T-wave are lowest frequency components.
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Figure 4.3: ECE for Multichannel ECG signals with six level wavelet decomposition.

4.2.1 Multiscale Multivariate Energy Contribution Efficie ncy

The analysis of ECE for 12 lead ECG [159], [160] for six level wavelet decomposition, suggests
the relative importance of subbands. This analysis is based on single lead basis. It is seen that
for all ECG leads, higher order wavelet subbands (cA6, cD6, cD5 and cD4) contribute significant
amount of energies whereas lower order subbands (cD3, cD2 and cD1) have a very small fraction
of total energy. For multiscale subband matrices relative energy contribution of individual matrix

is proposed as multiscale multivariate energy contribution efficiency (MMECE). For approximation
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band, MM ECE,,, and details, MM ECEp,, are defined as

tr|C

MMEBCEy, = — [ f}L] (4.2)

r[Ca.) + > ;2 tr[Cp)]
— EA; (4.3)

Ea, + ijl EDj

MMECEp = tr(Co)] 4.4
Dj — ; C 7 ( . )

r[Ca) + > ;2 tr[Cpy]

Ep.

e D (4.5)

L
Ea, +22;-1 Eb;
where Ca,, E4, and Cp,, Ep, represent covariance matrices and energies in approximation and

details matrices respectively. The energy is derived from the trace of covariance matrix. Figl4.4]

60

B a1
o o

MMECE (%)

20 ]

10 ]

0 4 g 0
A6 D6 D5 D4 D3 D2 D1
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Figure 4.4: Energy contribution of multiscale multivariate matrices in terms of MMECE for 12 lead ECG. Data
set is taken from CSE multilead measurement library and wavelet decomposition using six level Daubechies
9/7 biorthogonal wavelet filters is used.

shows the relative energy contribution by multiscale matrices. The matrices Ag, Dg, D5 and Dy
contribute most of the energy whereas D3, D, and D, contain small amount of energy. It is observed,

MMECE in multivariate analysis (Figl4.4) and ECE in single lead analysis (Fig/4.3), follow similar
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energy distribution. Higher order subband matrices contain vital clinical signal components which
contribute more energies. Lower energy content of lower order subband matrices may be due to
non-clinical components. The wavelet subbands cD1, cD2 and cD3 are usually remained outside of
normal ECG spectrum [159] for 6 level wavelet decomposition. These may be subjected to dimension

reduction to eliminate redundancies.

4.2.2 Multiscale Correlations

It is expected to get higher correlations and more redundancies if multichannel ECG signals are
wavelet transformed to multiscale levels. Redundancies can be evaluated using covariance or corre-
lation analysis of matrices. In Figl4.5] correlations between leads with scatter plots are shown at Dg
wavelet matrix. It is seen that there are higher mean for correlation values than that found in original

data set.

Table 4.1: Mean and variance analysis of multiscale correlation matrices, CSE database, Dataset-M01-033

Matric | Original data set Ag Dg Ds Dy D3 Do D1
Mean 0.6296 0.6361 0.6479 0.8020 0.8160 0.5344 0.3959 0.3684
Variance 0.0982 0.0850 0.0911 0.0352 0.0299 0.0933 0.0937 0.0951

In Table 4.1 mean and variance values for correlation coefficients are shown for multiscale matri-
ces resulted from 6 level wavelet decompaosition. The mean of correlation coefficients of multichannel
data set is found as 0.6296 whereas for multiscale correlation matrices, the mean values are higher
for higher order scales. For Ag, Dg, D5 and D, matrices the mean values of correlation coefficients
are 0.6361, 0.6479, 0.8020 and 0.8160 respectively. For lower order matrices the mean values are
lower. If mean values and variances of multiscale matrices are observed, it is seen that the correla-
tions are higher and it suggests that the redundancies may be higher. As a result, it will help efficient
implementation of PCA.

In wavelet domain, covariances quantify the correlations between coefficients of different leads
for a subband level. Covariance matrix gives all possible correlations between pairs of leads. In Table
mean values of covariances of different matrices are shown. The mean values are evaluated
taking averages of mean of covariances from 10 data sets from CSE multilead measurement library

[2], with six level wavelet decomposition. Higher mean values in D5, Dg and Ag indicate presence of
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Figure 4.5: Scatter plots and correlation coefficients between leads at Dg wavelet scale. Signals in different
ECG leads are scatter plotted. The diagonal plots show the distribution of individual lead. Database used is
CSE multilead measurement library, data set M01-033.

higher redundancies in these matrices. This may be due to the presence of components of MECG,

such as P-waves, T-waves and part of QRS complexes. QRS-complex constitutes with Q-wave, R-

wave and S-wave. The duration of Q-wave is expected to be <40 ms. The amplitude may be 25% of

the amplitude of the R-wave. For a six level wavelet decomposition, the constituents of QRS-complex

may spread over D4, D5 and Dg [159]. Other lower order subband matrices, D¢, D, and D3, show

low mean values of covariances. These subbands fall normally outside the normal ECG spectrum for
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Table 4.2: Mean value of covariances at multiscale matrices of data set M01-001 to M01-010, from CSE
multilead measurement library.

Data set D, D, Dj Dy Ds D¢ Ag

MO01-001 | 0.0001 0.0004 0.002 0.031 0.366 0.844 1.563
MO01-002 | 0.0001 0.0015 0.018 0.181 0.576 0976 1.471
MO01-003 | 0.0002 0.0013 0.012 0.073 0.224 0.260 1.036
MO01-004 | 0.0001 0.0003 0.003 0.061 0.258 0.430 0.316
MO01-005 | 0.0001 0.0004 0.008 0.071 0.257 0.320 0.335
MO01-006 | 0.0001 0.0003 0.003 0.053 0.114 0.157 0.667
MO01-007 | 0.0000 0.0004 0.007 0.131 0.326 0.566 0.420
MO01-008 | 0.0000 0.0003 0.006 0.093 0.274 0.259 0.545
MO01-009 | 0.0002 0.0005 0.004 0.034 0.116 0.299 0.555
MO01-010 | 0.0000 0.0001 0.001 0.006 0.199 0.829 2.068
Average | 0.0001 0.0005 0.006 0.073 0.271 0.494 0.898

a six level wavelet decomposition. Also, uncorrelated noise dominates these subbands.

Based on above investigations of correlations between leads and relative subband energies at
wavelet scales for multichannel ECG signals, we propose multiscale principal component analysis as
a feasible method. Figl4.6lshows the block diagram of the proposed multiscale PCA for multichannel
ECG signals. Signals of different leads are subjected to amplitude normalization and mean removal.
In wavelet transform block signals are wavelet transformed using 9/7 biorthogonal wavelet filters. The
coefficients are arranged in different subbands and multiscale matrices are formed at block shown
as multiscale subband matrices. These matrices represent the transformed data at different wavelet
scales. For a six level wavelet decomposition there is a single matrix at approximation level as Ag and
there are six matrices at detail scales as Dg, D5, D4, D3, Do, Dy and D,. PCA is applied on multiscale
matrices at multiscale principal analysis block with proper selection of eigenvalues. The output of this
block is PCA transformed data at different scales. Next to this, subband signals are reconstructed
to form reconstructed subband matrices. At inverse wavelet transform block reconstruction of ECG
signals are performed from recovered wavelet coefficients. The block shown in dotted line is optional.
It can be used to perform quality control MSPCA.

At each wavelet scale, PCA based processing of subband data may be developed using wavelet
subband matrices, Ay, and D;. Due to Multiresolution Decomposition (MRD), diagnostically impor-

tant PQRST morphologies appear at different scales. To get advantage of multivariate nature and
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Figure 4.6: Block diagram of the proposed MSPCA. The block and lines shown with dotted line is optional and
not implemented in this work. These may be incorporated to get quality control MSPCA for data reduction.

multiscale nature of ECG signal, it is necessary to develop a wavelet weighted multiscale PCA. This
may lead to preserve the diagnostic components at selective subbands. Covariance gives the spare-
ness of the wavelet coefficients at a particular scale. Evaluation of covariance matrices from mean
removed data help find the correlations of data between dimensions (channels) of data. For ap-

proximation subband and details subband matrices, the covariance matrices from mean removed

multiscale multivariate matrices are evaluated as

CaL = Y ([AL][AL]")
Cp, = 35 (DDy)")
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where n is the number of ECG channels.

These square symmetric covariance matrices exploit all the possible correlations at different
wavelet scales between coefficients of all channels. The diagonal terms are variances of coeffi-
cients and off diagonal terms are correlation between coefficients of all possible pairs of channels at
a particular wavelet scale. The main objective is to minimize redundancy measured by covariance
and to maximize the signal measured by variance [161]. Higher covariance values indicate higher
redundancies. To solve this, eigen-decomposition of above covariance matrices can be performed. If
covariance matrix is diagonalized, eigenvectors and eigenvalues at different scales can be obtained.

The eigenvalue decomposition of these covariance matrices results
CALVAL = VALAAL (48)

CDJ- VDJ- = VDj ADJ- (4.9)

where Va,, Vp, and Aa,, Ap, are the eignevectors and eigenvalues for matrices of approxima-
tion and details subband matrices respectively. Eigenvector matrices Va, and Vp, diagonalize the

covariance matrix C,, and matrices CDJ. as
Va,Ca,Val = Aa, (4.10)

Vp,Cp,Vp, = Ap, (4.11)

J

Aa, and Ap, are the diagonal matrices with eigenvalues as diagonal elements. Eigenvectors and
eigenvalues appear in pairs. Eigenvalues are arranged in descending order and accordingly the
corresponding eigenvectors. The eigenvectors with corresponding higher eigenvalues produce the
principal components. Thus these orthonormal eigenvectors represent the signals in the direction of
maximum variances. The reduction of dimension depends on the number of eigenvalues selected.

Ordered eigenvalues in approximation and details subband matrices are

)‘ALla)‘AL27"' 7AALn (412)

/\Dj17>\Dj27' o 7/\D' (413)

n

The eigenvectors selected based on significant eigenvalues for multivariate data set will help form
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feature vector's matrices F4, and Fp, for approximation and details scales respectively. £y, and Fp,
are constructed by selected significant eigenvectors from all eigenvectors and forming a matrix with
eigenvectors in the column.

The feature vector matrices play important role for data reduction. In conventional PCA, eigenval-
ues are arranged in descending order and accordingly the corresponding eigenvectors. Similarly. in
MSPCA the new data set can be derived out of feature vectors and original mean removed data sets
as

Ra;, = AL X Fy, (4.14)
RDJ- = Dj X FDj (4.15)

where R4, is dimension reduced data set for approximation and Rp, is dimension reduced data
set for details subbands. To get the reconstructed subband matrices from the dimension reduced

data set, following matrix operation is performed as

Ar =Ra, x F], (4.16)
D; = Rp, x F}, (4.17)

where KI is the reconstructed approximation subband matrix and ]/D\J are the reconstructed de-
tails subband matrices. To get back the reconstructed signal matrix, S, inverse wavelet transform is

performed.

4.2.3 Selection of Principal Components

Eigen-decompositions of covariance matrices produce the eigenvalues at different wavelet scales.
The selection of eigenvalues after arranging it in descending order is an important part in PCA anal-
ysis. There are many methods suggested in literature for the selection of eigenvalues for dimension
reduction. Generally, to select the subset of principal components (PCs), cumulative percentage of
total variation of variances from 70% to 90% [124] is taken as practice. The selected eigenvectors
form the feature vectors which represent the principal components (PCs) [162]. The data reduction

depends on the number of PCs retained for further processing.
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4.2.3.1 Selection of PC based on Wavelet Subband Weights

Most of the energy of ECG signal remain in higher order Wavelet subbands and hence the relative
energies measured in energy contribution efficiency (ECE) is found higher in these higher order
subbands [159], [102], [71]. Due to multi-resolution decomposition, the QRS-complex, the P-and
the T-waves are remained in higher order subbands and it is clinically essential to preserve these
diagnostic features. So, there is a need to assign weights to MSPCA at different wavelet subband
matrices as they contain the signal components.

The choice of number of significant eigenvalues decides the number of PCs. The eigenval-
ues at approximation subband matrix are A A,y AAg, and at details subband matrices are
AD; s AD;, s s AD;, -

It is proposed to assign weights to select number of PC at wavelet subband matrices as

Y
Way = — Lizt A (4.18)
Doic1 Ay, 0501 21 Ap,,
"D,
Wy, = Liz1 Ao, (4.19)

TN A, + ZJL:1 > i1 Ap,,
where W,, and Wp, are the weights for approximation subband matrix and details subband

matrices respectively. In Equation (4.18) and Equation (4.19), weights for approximation and details
subband matrices are derived from energy features. An eigenvalue for a subband matrix is given a
unity gain if it is greater than proposed weight else it is set equal to zero. Eigen values in a matrix
are selected if their values get unity gain. So, these weights for subband matrices decide the number
of principal components. Thus the dimensions to be reduced are decided based on these weights.
From Multiresolution Analysis (MRA) of ECG [159], [102], [71], it is seen that subbands D1, D2 and
D3 may contain redundant signal with lower ECE values. Higher order subbands contain higher
signal energies. To preserve the diagnostic components lying in higher order subbands, the PCA is

applied at the lower order subband matrices with proposed weights to select number of PCs.

4.2.3.2 Selection of PC based on Fractional Energy

The eigenvectors with corresponding higher eigenvalues produce the principal components. Thus

these orthonormal eigenvectors represent the signals in the direction of maximum variances. The
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reduction of dimension depends on the number of eigenvalues selected. As ordered eigenvalues
in approximation and details matrices are Mg s Mg,y s AAL, and AD; s AD;, s AD;, cumulative
sum of energies by all multiscale matrices can be written as

n L n

Soe = Pa, ]+ Ao, (4.20)

i=1 j=1i=1
The Average Fractional Energy Contribution (AFEC) of the eigenvalues at approximation and details

subband matrices are defined as

D i1 Ay,

= == (4.21)
> i1 AD;,

np, = 517 /n (4.22)

where 74, and np, are AFEC by eigenvalues of L™ approximation and ;" detail subband matrices

respectively. The selection of principal components are based on AFEC by individual eigenvalues as

A, = 15 if Aa, >na, (4.23)
= 0; else (4.24)
Ap,, = 1; if Ap, >np; V j (4.25)
= 0; else (4.26)

In this work, it is proposed to select eigenvalues which are greater than AFEC. This will decide the
number of principal components (PC). After PCA operation at wavelet scales, the transformed coef-

ficients are uniform quantized and Huffman encoded [83], [163], [164] for multichannel compression.

4.3 Proposed MSPCA based Compression Method

The proposed compression method based on MSPCA has four major steps. First, the covariance
matrices are estimated from multiscale matrices. In the second step, the covariance matrices are
subjected to eigenvalue decomposition. Third, the eigenvalues are selected based on a threshold
derived from fractional energy contribution of eigenvalue. The covariance matrices (Ca, and Cp;)
from mean removed multiscale multivariate matrices are evaluated using Equation and Equa-

tion[4.7l The eigenvalue decomposition of these covariance matrices by Equation and Equation
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results eignevectors matrices Va,, Vp, and eigenvalues for matrices, Aa,, Ap, for approxi-
mation and details subband matrices respectively. Eigenvector matrices V5, and Vp, diagonalize
the covariance matrix Ca, and matrices Cp, as VALCALVZi = Aa, and VDJ-CDJ-VBJ.I = Ap;.
Thus we get diagonal matrices, Aa; and Ap, with eigenvalues as diagonal elements. Eigenvectors
and eigenvalues appear in pairs. Eigenvalues are arranged in descending order and accordingly
the corresponding eigenvectors. With selected PCs, PCA operation gives dimension reduced data

set. Finally, in fourth step, PCA coefficients are uniform quantized and Huffman encoded to achieve

multichannel compression.

Multichannel ECG
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Figure 4.7: Block diagram of proposed compression method.

In Figl4.7, the proposed compression method based on MSPCA and Huffman coding is shown. After

preprocessing the multichannel ECG signals, each channel is wavelet transformed (WT) applying
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same dyadic analysis filter bank. Re-arranging subbands of all channels, wavelet subband matrices,
Ay and D;, are formed. MSPCA analysis on these matrices are carried out. The selection of PC is
based on the method proposed in Section [4.2.3.21 Number of PC decides the dimension reduction
which results the reduction in samples. The PCA coefficients are uniform quantized and Huffman
coded Huffman encoded [83], [163], [164]. This gives the compressed bit stream.

For reconstruction of the original signals, Huffman encoded PCA coefficients are decoded using
Huffman decoder. To find the PCA coefficients for signal reconstruction a PCA reconstruction oper-
ation is performed. This gives the wavelet coefficients which represent the original signals. These

wavelet coefficients are passed through the same wavelet reconstruction filter.

4.4 Results and Discussion

The multichannel ECG data from CSE multilead measurement library [2] is taken for experiment.
From each channel data, 4096 samples are selected as a block. Data blocks are subjected to am-
plitude normalization and mean removal. Data matrix is formed with samples in rows and channels
in columns. So, a matrix with dimensions [4096 x 12] of multichannel ECG is created. To create the
subband matrices, the wavelet decomposition using Daubechies 9/7 biorthogonal wavelet filters up to
six levels are used for each column data. The coefficients after wavelet decomposition are arranged

to form seven subband matrices.

4.4.1 Results for Multiscale PCA

Table 4.3: Covariance values for all lead signal at scale D, CSE database, Dataset-M01-033

Leads | Il 1l avVR aVvL aVvF Vi V2 V3 V4 V5 V6

| 0.714 0325 -0.394 -0.010 0.584 0.002 0.008 0.019 0.037 0.037 0.054  0.020

Il 0.325 0.749 0.107 -0.180  0.656 0.021 0.021  0.032 0.036 0.034 0.044 0.074

1} -0.394  0.107 0.356 -0.078 -0.137  0.009 0.004 0.001 -0.0112 -0.012 -0.021 0.018
avR -0.010 -0.180 -0.078 0.051 -0.122 -0.006 -0.005 -0.007 -0.006 -0.005 -0.006 -0.019
avL 0.584 0.656 -0.137 -0.122 0.734 0.015 0.018 0.031 0.043  0.042 0.058  0.058
avF 0.002 0.021 0.009 -0.006 0.015 0.017 0.021 0.011 0.006 0.005 0.005 0.002
Vi 0.008 0.021 0.004 -0.005 0.018 0.021 0.047 0.025 0.016 0.013 0.012 0.007
V2 0.019 0.032 0.001 -0.007 0.031 0.011 0.025  0.027 0.019 0.016 0.014 0.006
V3 0.037 0.036 -0.011 -0.006 0.043 0.006 0.016 0.019 0.022 0.017 0.016  0.007
V4 0.037 0.034 -0.012 -0.005 0.042 0.005 0.013 0.016 0.017 0.022 0.018  0.008
V5 0.054 0.044 -0.021 -0.006 0.057 0.005 0.012 0.014 0.016 0.018 0.025 0.009
V6 0.020 0.074 0.018 -0.019 0.058 0.002 0.007 0.006  0.007 0.008  0.009 0.325

In Figl4.8, subband coefficients of different leads collected in subband matrix D; are plotted in
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Figure 4.8: Scatter matrix plot for multichannel subband matrix D;. Database used CSE multilead measure-
ment library, data set M01-033 with 6 level wavelet decomposition.

scatter plot matrix format. It shows the redundancy between different channels at D, wavelet scale.
The diagonal elements represent variances of the ECG leads at D, wavelet scale. Lower triangular
elements show the scatter plots between signals of different leads at wavelet scale D,. The upper
triangular elements show the covariance values between data of different leads at the lowest wavelet
scale. Covariances quantify the linear relation between variables. Higher numerical values of covari-
ances like 0.584 (between lead-I and lead-aVL), 0.656 (between lead-Il and lead-aVL), 0.325 (between

lead-I and lead-Il) and —0.394 (between lead-l and lead-Ill) imply linear relations between variables.
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Low covariances such as between lead-I and lead-aVF (0.002), lead-lll and lead-V1 (0.004), lead-aVR
and lead-V1 (0.005), lead-aVF and lead-V3 (0.006) and lead-V1 and lead-V6 (0.007) in Fig/4.8lindicate
weak linear relations between variables. Like-wise for other subband matrices the covariance values
and scatter plot matrices are examined in the experiments. The values indicate possibility of data
reduction. Also, the scatter plot matrices from D; to Dg and Ag give us the idea about the linear re-
lation between variables and amount of redundancies present between variables at different wavelet
scales. Further to analyze the multiscale covariance matrices for inter-channel redundancies, means

and variances are evaluated and they are shown in Table

Table 4.4: Mean and variance analysis of multiscale covariance matrices, CSE database, Dataset-M01-033

Matric Dy Do Ds Dy Dy Dg Ag

Mean | .000044 0.0002 0.0030 0.0808 0.6844 0.9425 1.4752
Variance | 0.0482 0.0392 0.0400 0.0649 0.0452 0.0442 0.0448
Mean 0.0009 0.0050 0.0753 1.2437 15.1519 21.3406 32.9053

Variance

The mean correlation value, 0.000044, is lowest at lowest order wavelet scale and it increases
gradually to the highest order scale as 1.4752. The ratios between the mean value and the variance
value at higher scale matrices are higher and at lower order scale these values are lower. Since
this is evaluated on covariance matrices, it indicates that the higher order wavelet scale have more
redundant signal information compared to the lower order scales. Thus, more dimensions can be
reduced in these scales. But, clinically important diagnostic components are present at higher order
scales. Multichannel multiscale matrices and their eigen-analysis reveal that the sum of eigenvalues
is higher for matrices comprising higher order wavelet scales. The sum follows the order as Ag >
D¢ > Ds > Dy > D3 > Dy > Dq. This is due to more signal energy in higher order scales.

In Table [4.5, ordered eigenvalues for all multiscale wavelet matrices are shown. It is observed
that matrices which are formed taking lower order subband coefficients contribute less compared to
the other higher order subband matrices. The magnitudes of first eigenvalues of multiscale matrices
Ag, Dg, D5, Dy, D3, Dy and D; are 72.6252, 34.7043, 17.9600, 0.0764, 0.0085 and 0.0019 respectively.
So, higher order wavelet matrices essentially important in terms of clinical information. Since lower
order matrices have less contribution, there is possibility to reduce more dimensions without losing

significant information. Though higher order matrices exhibit higher correlation between leads, it may

TH-1102_06610204 100



4.4 Results and Discussion

Table 4.5: Eigenvalues of multiscale wavelet matrices

Eigenvalues at different scale, CSE database, Dataset-M01-033
Ag D¢ Ds Dy D4 Dy D,
72.6252 | 34.7043 | 17.9600 | 1.7425 0.0764 0.0085 0.0019
6.3740 3.0118 0.8564 0.1383 0.0196 0.0049 0.0008
1.2290 0.7181 0.3518 0.0267 0.0166 0.0008 0.0003
0.1269 0.1006 0.0249 0.0142 0.0041 0.0005 | 9.38¢~005
0.0129 0.0072 0.0082 0.0032 0.0005 0.0002 | 2.95¢7005
0.0073 0.0021 0.0018 0.0008 0.0004 | 5.37¢7095 | 8.74¢~006
0.0052 0.0004 0.0003 0.0002 0.0003 | 2.48¢7005 | 594,006
0.0012 0.0002 0.0001 0.0002 | 3.83¢7095 | 1.15¢7005 | 4.42006
0.0004 | 4.32¢799% | 1.44¢7995 | 1.21¢7995 | 9.06e7996 | 5.47¢7006 | 3.83¢—006
3.30e7995 | 1.12¢7995 | 7.04e7996 | 3.60e70% | 3.37¢7006 | 2.93¢7006 | 1 79¢—006
9.57¢7906 | 8317007 | 1.32¢7906 | 1.62¢7099 | 2.07¢7996 | 1.667906 | 1.19¢—006
8.48¢7007 | 4.39¢=007 | 3.09¢~007 | 2.13¢=007 | 2.51¢7007 | 2.98¢=007 | 1.62¢—007

not be correct to reduce dimensions due to more clinical information content. This is required to
ensure that the most significant clinical information to be retained in the signal.

In Figl4.9] eigenvalues are plotted against the PC number (in log scale) for three lower order
subband matrices, D, Dy and D3. These eigenvalues are ordered similar to that of conventional
PCA. It is evident from the figure that the significant information lies only with a few number of PCs.
So, the selection of number of PCs in an optimum way can preserve the clinical components and
hence the data reduction may be achieved with required signal fidelity. Thus the selection of subset
of PCs may play an important rule. As proposed in Section [4.2.3.1], equation and (4.19), can
provide weights to select the number of PCs. Accordingly, subset of PC are derived for data reduction.

In Fig/4.10| original and reconstructed signals are shown from standard MECG signal from CSE
multilead measurement library, dataset-M01-033. In panel (a) and (b) original and reconstructed
signals of Lead-I are plotted. The reconstructed signal shows all the clinical components retained with
essential diagnostic information. In panel (¢) and (d), Lead-lll signals are plotted and reconstruction
shows an acceptable quality. Similarly, panels (e) and (f) and panels (g) and (h) show Lead-V1 and
Lead-aVL signals respectively. The reconstructed signals show minimum distortion with all clinical
components present. In panel (d), at ‘QRS’ complex the signal is slightly smoothed out. This may be
due to the noise present in the original data set and the algorithm also shows the denoising effect.

This is due to the removal of eigen vectors with lower energy. Though the dataset is a pathological
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Figure 4.9: Eigenvalues plotted against the number of principal components for three wavelet subband ma-
trices Dy, D, and D3. Database used is CSE multilead measurement library, data set M01-033 with 6 level
wavelet decomposition.

one and PQRST morphologies show a slight variation from an ideal ECG, still the proposed MSPCA
preserve all the diagnostically essential components. The critical and vital clinical information are

retained in reduced data set by using the proposed MSPCA.

4.4.1.1 Evaluation of Signal Distortion

To measure distortion on clinical or diagnostic information in processed ECG signal, error measures
are used for evaluation of quality of processed ECG signal. Percentage root mean square difference
(PRD) is widely used because of its simplicity [93,138]. In wavelet based method, Wavelet Weighted
PRD (WWPRD) is defined [109]. In [71], a Wavelet Energy based Diagnostic Distortion (WEDD)

measure is proposed.
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Figure 4.10: Reconstructed signals after applying proposed wavelet subband weighted MSPCA. To retain
diagonstic component intact in the processed signal, only 3 lower order subbands are considered for MSPCA.
In panel (a) and (b) Lead-I, (c) and (d) Lead-lll, (e) and (f) Lead-V1 and (g) and (h) Lead-aVL original and
reconstructed signals are shown. Database used is CSE multilead measurement library, data set M01-033
with 6 level wavelet decomposition.

Table{4.6], shows distortion measures PRD, WWPRD and WEDD for the proposed MSPCA based
data reduction method for multichannel ECG signals. In Table below, values of these error measures
are also compared with the error values obtained for conventional PCA based method. WEDD values
are the lowest compared to other two error measures. The lowest PRD is observed as 2.743 for lead-
aVL which has WEDD value as 1.667 and WWPRD value as 7.928. The lowest WWPRD value is

4.467 for lead-V3. The lowest WEDD value is 1.667 for lead-aVL. These quantitative results are
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Table 4.6: Distortion Measures in terms of PRD, WWPRD and WEDD, CSE multilead measurement library,
Dataset-M01-033

Proposed MSPCA
Measures | Lead-I I 1T aVR aVvL aVvF Vi V2 V3 V4 V5 V6
PRD 8.97 6.09 18.47 9.45 2.74 16.33 9.12 10.46 3.70 10.01 10.15 14.61
WWPRD 24,10 20.22 2756 | 33.18 7.93 26.00 16.25 12.94 4.47 14.74 1553 33.53
WEDD 2.35 1.94 5.27 3.01 1.67 3.94 3.88 4.70 2.54 3.26 3.12 4.41
Conventional PCA
Measures | Lead-I I 1T aVvVR aVvL aVvF Vi V2 V3 V4 V5 V6
PRD 4.39 794 1043 | 13.15 14.16 131.43 | 10899 86.67 161.73 0.48 1.28 1.28
WWPRD 4.85 9.34 11.74 | 15.17 16.28 126.97 | 108.10 79.97 152.91 0.52 1.35 1.19
WEDD 4.35 7.79 10.87 | 13.14 13.83 121.80 | 101.53 82.14 156.79 0.46 1.23 1.21

compared with qualitative plots in Fig/4.10/for lead-I, lead-lll, lead-V1 and lead-aVL. For conventional
PCA, lead-aVF, V1, V2 and V3 show the highest PRD, WWPRD and WEDD. This is due to the large
distortion introduced by the conventional PCA processing. It is observed that the proposed MSPCA
yield signals containing all the relevant clinical features.

To compare qualitative performance of conventional PCA and proposed MSPCA, reconstructed
signals of lead-aVF, lead-V2, lead-V1 and lead-aVL are plotted with their original signals. Loss of
diagnostic information are noticed at the points marked 1 through 4 in Fig/4.11l In panel (e) and (h)of
Fig. [4.11] ‘T-wave’ and ‘ST’ segments are disturbed whereas at panel (f) and (g) ‘QRS’ complexes
are distorted. Such type of distortions are not desirable in clinical ECG. Also the PRD and WEDD
values for these signals are higher.

It is found that an ECG signal in wavelet domain shows a few properties such as (a) energy contri-
bution and (b) diagnostic components present in different subbands. These help multiscale formation
of MECG for data reduction. The j** subband coefficients of MECG signal are collected at j* level to
form (j + 1) subband matrices. The nature of wavelet coefficients for different channels collected in a
subband matrix are similar in respect to the frequency content and energy contribution patterns. By
applying the proposed PC selection method, dimensions are reduced in three lower order subband
matrices. Other matrices are subjected to MSPCA without dimension reduction. Lower order sub-
bands contain higher number of coefficients and also the redundant information is higher for an ECG
signal. The data reduction (DR) ratio is calculated as total number samples after MSPCA to total
number of samples in original signals. The average PRD (APRD) taking into account of all the chan-

nels is 10.01% with over-all data reduction of 50.37%. A low WEDD value such as 1.67 for lead-aVL
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Figure 4.11: Reconstructed signals after applying conventional PCA and proposed MSPCA. In conventional
PCA from original 12 dimensions 8 dimensions are considered. In panel (a), (e) and (i) Lead-aVF; (b), (f) and
() Lead-V2; (c), (g) and (k) Lead-V1 and (d),(h) and (I) Lead-aVL original, reconstructed using conventional
PCA and using proposed MSPCA signals are shown. Database used is CSE multilead measurement library,
data set M01-033 with 6 level wavelet decomposition.

shows a better performance of proposed MSPCA on multichannel ECG signals.

4.4.2 Results for MSPCA based Compression Method

Multichannel ECG signals from standard ECG database, CSE mutlilead measurement library [2], are
subjected to amplitude normalization and mean removal. Amplitude normalization factors for each
lead are stored which are required during reconstruction of signals. For this work, the data set 3 of
CSE multilead measurement library [2] is considered. 4096 samples from each channel, are taken

as a block, from data set M01-014. Wavelet decomposition up to six levels using Daubechies 9/7
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biorthogonal wavelet filters is used for each signal and same has been applied for reconstruction fil-
ters also. The wavelet decomposition and arrangement of coefficients resulted in seven subband ma-
trices. Each column in a subband matrix corresponds to subband of one channel. PCA is performed
on these multiscale multivariate matrices. Higher order subbands have higher energies. These sub-
bands have important clinical components. In earlier work, [146], to avoid distortion in clinical compo-
nents, the higher order subbands are not subjected to any compression. The matrices, D4, D5, Dg
and Ag are PCA transformed considering all eigenvectors. To avoid the loss of clinical components
present in low frequency subbands, no dimension reduction is carried out in these matrices. Only
lower order wavelet subband matrices, D1, D5 and D3, are dimension reduced and compressed.
PCA transformed coefficients are uniformly quantized and Huffman encoded [83], [163], [164] for
compression. To reconstruct the signals, Huffman decoding, de-quantization and PCA reconstruc-
tion is performed. The wavelet coefficients are passed through the same wavelet reconstruction filter
and de-normalized to get the multichannel signals. In Table [4.7] selected number of PC based on
above proposed method is shown. The average number of PC obtained from 10 data sets are as

expected with the correlation values (Table [4.2). Due to higher correlation values in D5, Dg and

Table 4.7: Number of PC selected using proposed method. Data sets are taken from CSE multilead measure-
ment library.

Number of PC selected at different matrices

Dataset | D; D, D3 D4y Ds Dg Ag
MO01-001 | 8 8 7 5 4 4 5
MO01-002 | 7 7 5 4 3 3 4
MO01-003 | 7 7 6 5 4 5 5
MO01-004 | 6 6 5 4 3 2 5
MO01-005 | 9 9 8 6 5 4 6
MO01-006 | 8 8 6 5 5 6 4
MO01-007 | 8 6 6 4 3 5 5
MO01-008 | 6 5 5 3 3 3 4
MO01-009 | 5 5 5 5 5 4 4
MO01-010 | 7 7 7 6 4 4 3
Average | 7.1 6.8 6.0 47 39 4.0 45

Ag, less number of PC can effectively capture the information content. In Dy, D, and D3, MMECE
is very less (Fig. and correlation is very low (Table [4.2). This suggests, the number of PC

selected due to uncorrelated signal present in the matrices. Thus, to capture energies due to corre-
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lated signals appearing in these matrices, the number of PC should be selected as (M — N), where
M is the total number of eigenvalues (it is equal to number of channels) and N is the number of
eigenvalues selected from above method. In Figl4.12] original and reconstructed signals of lead-I,
lead-aVL and lead-V5 of data set M01-014 from CSE multilead measurement library are shown. PC
selected using proposed method are 5, 4 and 4 for D1, Dy and D3 respectively. The MSPCA op-

eration gives reduction of samples 1.45 : 1 before coding stage. The presence of clinically relevant

(@) Lead-I signal 1500 (d) Reconstructed signal, lead-I
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Figure 4.12: Original signals (a), (b) and (c) and reconstructed signals (d), (e) and (f) of lead-I, lead-aVL and
lead-V5 respectively. MECG data set M01-014 is taken from CSE multilead measurement library and wavelet
decomposition using six level Daubechies 9/7 biorthogonal wavelet filters is used.

diagnostic components, P-wave, QRS-complex and T-wave in the reconstructed signals, proves sat-
isfactory performance of the proposed method. Also, the dimension reduction at lower order wavelet
subbands shows a positive denoising effect. This result is produced with 8 bit quantization of PCA
coefficients. Performance at different quantization bits with compression ratio (CR) and average PRD
(APRD) are evaluated. Fig/4.13, shows the variation of CR with quantization bits and APRD with CR.

In Figl4.13)(a), the CR is exponentially decreasing with increase in number of quantization bits. APRD
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Figure 4.13: Compression ratio, quantization (bits/sample) and average PRD (a) compression ratio versus
guantization bits/sample and (b) PRD versus compression ratio. MECG data set M01-014 is taken from CSE
multilead measurement library and wavelet decomposition using six level Daubechies 9/7 biorthogonal wavelet
filters is used.

is increasing with the increase of CR. For 4, 6, 8 and 10 bits quantization, the CRs are 19.32:1, 9.34:1,
5.98:1 and 4.32:1 respectively. Average PRD of the coder at different CR are shown in Figl4.13(b).
For CRs 19.32:1, 9.34:1, 5.98:1 and 4.32:1, the APRDs are 35.89, 8.46, 2.09 and 0.52 respectively.
So, there are optimum limits among quantization bits, CR and APRD which can give better perfor-

mance. The overall performance of the proposed method is evaluated by quantifying the distortion

Table 4.8: Distortion measures in terms of PRD and WEDD, CSE multilead measurement library, Dataset-
M01-014

Leads
Metrics | M 1] aVR avVL aVF Vi V2 V3 V4 V5 V6
PRD 18.76 20.74 1251 1285 3580 8.09 9.82 11.74 14.08 10.33 7.63 6.82
WEDD | 8.26 5.87 6.28 554 27.18 9.23 957 8.34 1097 6.38 4.27 4.19

metric in terms of PRD [93,/138] and WEDD [71] for signals in each ECG lead. In Table PRD
and WEDD values are shown for all 12 ECG leads after decompression and wavelet reconstruction.
Most of the leads show low WEDD values. The WEDD values of 4.19 (lead-V6), 4.27 (lead-V5) and
6.38 (lead-V4), 5.54 (lead-aVR), 6.28 (lead-1ll), 5.87 (lead-Il) fall under excellent and very good cat-

egory [71]. The high PRD and WEDD values for lead-aVL, may be due to higher noise level present
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in the original signal (Fig. [4.12(a) and Fig. [4.12(b)) which is removed by MSPCA operation.

Mean Opinion Score’s (MOS’s) are evaluated as subjective quality measure of the reconstructed
signals. The evaluators (10 in numbers) are researchers working in signal processing areas. It
represents the true quality of the reconstructed signal [137] by reviewing the diagnostic features of
the original and compressed signal. In this work, semi-blind MOS is evaluated for the quality of
the diagnostic features such as P-wave, PR-segment, PR-interval, QRS-complex, ST-segment and
T-wave for every tested signal. The observer provides an evaluation of the similarity between the
original and the compressed signal features. The quality ratings are 1 (bad), 2 (almost tolerable),
3 (tolerable), 4 (good) and 5 (excellent) [137] for each signal under evaluation. All such scores are
recorded. The average rank of each ECG signal is determined. This average rating is known as
mean opinion score (MOS) for the signal.

For an [!" ECG segment or clinical feature, MOS is defined as
1
MOS(l) = N ; R(c) (4.27)

where N, is the number of cardiologist and R(c) is the quality rating for the I** segment or clinical
feature.
For a signal under evaluation, the MOS is defined as the average of all MOS ratings of ECG

segments or clinical features

MOS =—Y MOS(l) (4.28)

where N is the number of ECG segments or clinical features and M OS(l) is the MOS rating of the
segment.
Finally, for a semi-blind test, gold standard diagnostic error measures, MOS errors, for ECG

segments and compressed signal are given as

MOS,(I) = %05(” % 100 (4.29)
MOS, = % % 100 (4.30)

where MOS.(1) and MOS, are the MOS errors (by percentages) for an ECG segment and overall

ECG signal respectively.
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Table 4.9: Mean opinion score error (in %) for reconstructed signals

MOS error for ECG segments
Segments Lead-l Lead-aVL Lead-V5
P-wave 02.22 11.11 01.11
PR-segment | 13.33 13.33 06.67
PR-interval 11.11 11.12 12.22
QRS-complex | 14.44 12.22 05.56
ST-segment | 06.67 15.00 03.33
T-wave 02.21 10.00 04.44
MOS error for ECG signals
Overall signal | 08.33 12.13 05.56

In Table , MOS errors for ECG segments or diagnostic features and MOS error for overall
reconstructed signals are shown for lead-l, lead-aVL and lead-V5 signals (Figi4.12). For an ECG
segment the lowest MOS error (M OS,(l)) is 1.11 for P-wave of lead-V signal followed by 2.22 and
2.11 for P-wave and T-wave of lead-I signal respectively. Also, lead-V5 signal gives the lowest overall
MOS error (M OS,). This lead also shows lower PRD and WEDD values (Table [4.8). Based on MOS

error criteria the reconstructed all ECG segments and signals falls under very good category [137].

Table 4.10: CR and PRD: Comparision with existing methods

Measures Proposed Zigel[138] Miaou[93] Cetin[115] Ershad [165] Manikandan [102]
PRD 2.09% 8% 7.3% 6.19% 8.13 6.33%
CR 5.98:1 30:1 27.1:1 6.17:1 28:1 12:1
No. of channels 12 1 2 8 2 1

The proposed compression method is compared with existing ECG data compression method in
Table[4.10l The APRD of 2.09 with CR of 5.98:1 for proposed method with 12-lead ECG is the lowest
compared to the other methods. Miaou et at. have obtained [93], Compressed Data Rate (CDR) of
146 b/s with APRD of 7.3% (ECG sampling rate 360 Hz and 11 bit resolution). It gives CR, 27.1:1. An
enhanced set partitioning in hierarchical trees (ESPHIT) algorithm by Ershad [165], for multichannel
ECG compression gives CR, 28:1 with PRD, 8.13. Linear transform such as KLT and DCT is applied
by Cetin et al. [115] to decorrelate and code the signals with CR=6.17 and APRD=6.19%. A compres-
sion ratio 30:1 with a PRD value below 8% and Weighted Diagnostic Distortion (WDD) below 4% is
reported by Zigel et al. [138]. A wavelet threshold based compression for target distortion level (TDL)

and target data rate (TDR) by Manikandan et al. [102] gives APRD of 6.33% with compression fac-
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tors 12, 8 and 4 using data from the MIT-BIH Arrhythmia (mita), the Creighton University Ventricular
Tachyarrhythmia (cuvt) and the MIT-BIH Supraventricular Arrhythmia (mitsva) databases respectively.
Using proposed method, Dimension Reduction (DR) using MSPCA gives Sample Reduction Ratio

(SRR) of 1.45:1 and entropy coding stage gives compression ratio 5.98 : 1.

4.4.3 Evaluation of MSPCA based Compression Method under No  ise Conditions

For proposed MSPCA based compression method for multichannel ECG signals, a few more experi-
ments are carried out after addition of Gaussian noise, Baseline Wander and Power line interference.

The qualitative and quantitative results are shown below-

Addition of white Gaussian noise

(a) Original signal (Lead-II) with Noise
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Figure 4.14: Compression of Lead-ll signal by MSPCA based compression method when corrupted with
Gaussian noise (Input SNR 9.01 dB), (a) Original lead-II signal with noise, (b) Compressed lead-1l ECG signal
by MSPCA based compression (c) Error signal.

In Figure Gaussian noise is added in Lead-Il signal and subjected to the proposed MSPCA
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based compression method. The compressed signal shows the presence of all the clinical compo-
nents like P-wave, QRS-complex and T-wave as they are found in original signal. The input SNR
is measured at 9.01 dB. The algorithm shows denoising effect which may be due to the dimension
reduction at wavelet scales. The quantitative measurement of signal quality is evaluated using PRD,
WWPRD and WEDD. The WWPRD value is found 36.09% whereas WEDD value is 3.47%. This
WEDD value falls under excellent category. The PRD value is 0.008%.

In Figure [4.15] lead-II signal is corrupted with higher noise level at input SNR (-23.10 dB). The

(a) Original signal (lead-Il) with noise
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Figure 4.15: Compression of Lead-Il signal by MSPCA based compression method when corrupted with
Gaussian noise (Input SNR -23.10 dB), (a) Original lead-Il signal with noise, (b) Compressed lead-Il ECG
signal by MSPCA based compression (c) Error signal.

output of the MSPCA based compression method shows a successful recovery of the signal. The
PRD, WWPRD and WEDD values are found as 0.03%, 68.47% and 23.69% respectively. The pro-
posed method also shows the denoising effected which may be due to the PCA operation at wavelet
scales. The output signal is not as smooth as earlier cases. Also, the WEDD value is higher, 23.69%.

This may be due to the removal of higher noise level from the signal.
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Addition of white Gaussian noise and Base line Wander

In Figure [4.16] Gaussian noise and base line wander is added to the lead-II signal. The input SNR

(a) Lead-II signal with noise and baseline wander
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(b) Compressed signal using MSPCA based compression method
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Figure 4.16: Compression of Lead-Il signal by MSPCA based compression method when corrupted with
Gaussian noise and Base line wander (Input SNR -21.83 dB), (a) Original lead-1I signal with noise and Base
line wander, (b) Compressed lead-1l ECG signal by MSPCA based compression (c) Error signal.

value is -21.83. Then the corrupted signal is subjected to MSCPA based compression method. The
reconstructed signal shows a positive denoising effect and successful recovery of the original signal.
The output SNR value is 58.5 dB. Though the reconstructed signal shows the presence of all the
clinical components like P-wave, T-wave and QRS-complex, it fails to provide smooth output signal.
It may be due to the higher noise level at input (input SNR is at -21.83 dB). So, the reconstructed
signal is not smooth. Also, the WEDD value is found to be too high (91.99%). The compression ratio

is 10.49. The WWPRD value is 86.20%.

Addition of white Gaussian noise, Base line Wander and Power line noise
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In Figure [4.17] the input signal (lead-ll) is corrupted with Gaussian noise, base line wander and

power line noise. The corrupted signal is subjected to MSPCA based dimension reduction and then

(a) Lead-II signal with baseline wander and powerline noise
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(b) Compressed signal using MSPCA based compression method
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Figure 4.17: Compression of Lead-Il signal by MSPCA based compression method when corrupted with
Gaussian noise and Base line wander and Power line interference, (a) Original lead-1l signal with Gaussian
noise, Base line wander and Power line interference (b) Compressed lead-Il ECG signal by MSPCA based
compression (c) Error signal.

compression. The reconstructed signal is not smooth. But it contains the entire clinical component
as present in the original signal. Due to higher noise content, the WEDD value is found to be higher

as earlier case.

4.5 Summary

In this Chapter, the correlations between channels and the multiscale properties of wavelet trans-
form are used for improvement in dimension reduction and hence samples reduction of multichannel
ECG signals without distortion of clinical information. Signals are decomposed into subbands using

wavelet transform. Coefficients are arranged in subband matrices. In different wavelet scales, higher
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correlations are observed between standard 12 leads ECG signal. Also, relative energy contribution
of subband matrices are evaluated in terms of MMECE. The proposed MSPCA is applied on sub-
bands matrices. Two novel PC selection method based on subband weights and fractional energy
are also proposed. Qualitative and quantitative performance are compared with methods existing in
literatures. A sample reduction of 50.37% with APRD value of 10.01% is obtained for the proposed
MSPCA based method using PC selection method proposed in Section The reconstructed
signals of all the leads show preservation of diagnostic features.

Multiscale PCA based compression method for multichannel ECG signals is demonstrated with-
out distorting the clinical information. A novel PC selection method proposed in Section is
used for compression scheme. MSPCA coefficient at a few certain scales are uniformly quantized
and Huffman encoded for multichannel compression. Quantitatively, the performance is compared
with existing compression method. The reconstructed signals of all the leads show preservation of
diagnostic features and a very good MOS rating. Using proposed scheme, dimension reduction us-
ing MSPCA gives sample reduction ratio of 1.45:1 and entropy coding stage gives compression ratio

5.98 : 1 with PRD value 2.09% and the lowest WEDD value of 4.19%
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5. Clinical Entropy and Multiscale Distortion

Conventional multivariate signal analysis tool such as principal component analysis (PCA) [124] can
be employed to process multichannel electrocardiogram signals (MECG). By selecting suitable num-
ber of PCs, the dimensions can be reduced with minimal loss. In an ECG signal, the clinical com-
ponents such as P-wave, QRS-complex and T-wave appear at different frequency bands and these
clinical information are captured by the eigenvalues. The quantification and subsequent preservation
of clinical information in multichannel ECG signals are challenging tasks.

In Chapter [4, MSPCA analysis and MSPCA based compression of multichannel electrocardio-
gram signals are presented. It is shown that the principal components selected in both the methods
play major role to capture the clinical information. To retain diagnostic features of ECG signals, proper
selection of PC is the most essential task. It will be meaningful to investigate the correlation between
the principal components and the clinical information in the signal. In this Chapter, we introduce Clin-
ical Entropy (Centropy) which is more relevant to clinical information present in a physiological signal
such as electrocardiogram. In Section PCA based Clinical Entropy and MSPCA based Clinical
Entropy are discussed. Section proposes a multiscale signal distortion measure for MSPCA

based application. Results are discussed in Section

5.1 Clinical Entropy

In this Section, an information theoretic approach for principal component analysis (PCA) of multi-
channel ECG signals is proposed. Clinical information (clinical entropy) is evaluated from the inverse
of the diagonal eigenvalue matrix. Centropy based method can select the optimum number of PC’s
and shows improved performance compared to the conventional PCA. The proposed method ex-
hibits superior signal quality with higher cross correlation (CC), lower percentage root mean square

difference (PRD) and lower root mean square error (RMSE) values.

5.1.1 PCA based Clinical Entropy

Conventional PCA can be applied to multichannel ECG signals by forming appropriate multivariate
matrix. The multivariate N x n, signal matrix, S, is constructed with n number of channels as col-

umn and N number of samples in each channel. Each element, s;;, represents the ith sample of

the j* channel. The square symmetric covariance matrix, Cs, is evaluated as Cq = (nil) ([S][S]T).

TH-1102_06610204 118



5.1 Clinical Entropy

It exploits all the possible signal correlations between the channels. The main objective is to mini-
mize redundancy measured by covariance and to maximize the signal measured by variance. Eigen
decomposition of square symmetric covariance matrix gives eigenvalue, Ag, and eigenvector, Vg,

matrices. Orthogonal eigenvector matrix, Vg, diagonalizes the covariance matrix, Cg, as
VSCSVS_I = As (51)

Ag is the diagonal matrix where the diagonal elements, \; (i = 1,2,--- ,n), are the eigenvalues.
The eigenvectors with higher eigenvalues are the principal components. These orthogonal eigen-
vectors represent the signals in the direction of maximum variances. In conventional PCA [124], the
threshold, T, for the selection of PC is defined as

Py
T, = ==L 5100 (5.2)
Zz‘:l Ai

where ); is the i eigenvalue, n is the total number of eigenvalues, p is the number of eigenvalues
selected. Generally, to select the subset of PC, cumulative percentage of total variation of vari-
ances [124] is taken. Thus, with lower value of T, more dimension reduction is possible. Careful
implementation of PCA is required for retention of clinical information in Multichannel ECG signals.
Higher eigenvalues are resulted from significant energy contributed by P-wave, QRS-complex and
T-wave. The noise and other signal components are captured by lower eigenvalues. Proper selec-
tion of eigenvalues can ensure retention of clinical information. Fig/5.1 shows lead-1 ECG signal and
corresponding reconstructed signal after elimination of selected principal components. There are 12
PCs. Based upon the magnitudes, the eigenvalues are arranged in descending order and corre-
sponding PCs are named as PC1 to PC12. Fig/5.1(b) shows the reconstructed signal without PC1.
It is observed that the low frequency content of the signal with clinical components, P-wave, T-wave
and some part of QRS-complex, are distorted. Fig/5.1(c) shows the reconstructed signal without
PC1 and PC2. It is observed that, in addition to P-wave and T-wave, the QRS-complex is significantly
affected. After removal of five PCs (PC1 to PC5), the ECG signal is completely distorted as shown
in Fig/5.1(d). This result shows the clinical significance of PCs with higher eigenvalues. The clinical
information captured by eigenvalues has motivated us to apply information theoretic approach. In

this work, Centropy is proposed for selection of appropriate number of eigenvalues. For evaluation
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Figure 5.1: (a) ECG signal of lead-I, reconstructed signals (b) without PC1 with the highest eigenvalue, (c)
without PC1 and PC2, (d) without PC1, PC2 and PC5. The dataset-M01-004 is taken from CSE multilead
measurement library.

of Centropy, first, the diagonal eigenvalue matrix (Ag) is inverted. The probability of each diagonal

element ()\;) of this inverse matrix is defined as

P= =i (5.3)
Zi:l )‘z

where )\; is the reciprocal of i*" eigenvalue. Higher eigenvalues will result in lower probability values.

The self-information contributed by the i*" eigenvalue can be given as
I; = —log(F;) (5.4)

Hence, the entropy information [146] contributed by i** eigenvalue is given as H; = — P, log(P;) and
it is termed as Clinical Entropy (Centropy). It is expected that the eigenvalue with lower probability

will have higher self-information and higher entropy. In this work, the selection of number of PCs is
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5.1 Clinical Entropy

based on total cumulative entropy. The Centropy based threshold, (T), is defined as

!
P )
i1 Hi %
n
Zz:1 H;

For conventional PCA, probability of i** eigenvalue can be defined as the ratio between the i** eigen-

Ty 100 (5.5)

value and the sum of all eigenvalues. Thus, the self-information and the entropy of i*" eigenvalue for

conventional PCA can be estimated using this probability value.

5.1.2 Multiscale PCA based Clinical Entropy

In this section, multiscale Clinical Entropy Centropy) is proposed for multiscale principal component
analysis (MSPCA) for multichannel electrocardiogram signals. An information theoretic approach is
proposed to define Centropy based on eigenvalues at wavelet subband matrices. Centropy gives
the optimum number of principal component (PC) for dimension reduction. Centropy based MSPCA
method is expected to show improved performance compared to the conventional PCA.

The covariance matrices from mean removed multiscale multivariate matrices (Ay, and D;) are
evaluated as discussed in earlier using Equation and Equation[4.7l Covariance matrices extract
all the possible signal correlations between the channels at wavelet scales. The main objective is
to minimize redundancy measured by covariance and to maximize the signal measured by variance.
The eigenvalue decomposition by Equation 4.8l and Equation[4.9] of these covariance matrices gives
eignevectors and eigenvalues, Vo, Vp, and Aa,;, Ap, for the matrices of approximation and de-
tails subband respectively. Eigenvector matrices V4, and Vp, diagonalize the covariance matrix
Ca, and matrices Cp;. The Aa, and Ap, are the diagonal matrices with eigenvalues as diagonal
elements. Eigenvectors and eigenvalues appear in pairs. Eigenvalues are arranged in descending
order and accordingly the corresponding eigenvectors. The eigenvectors with corresponding higher
eigenvalues produce the principal components. Thus these orthonormal eigenvectors represent the
signals in the direction of maximum variances. The reduction of dimension depends on the number

of eigenvalues selected. Ordered eigenvalues in approximation and details subband matrices are

)‘ALla)‘AL27"' 7AALn (56)

(5.7)

n

/\Dj17>\Dj27"' 7/\D'
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5. Clinical Entropy and Multiscale Distortion

Generally, to select the subset of PC, cumulative percentage of total variation of variances [124]
is considered. In conventional PCA, the threshold, T4, and Tp,, for the approximation and details for

the selection of PC are defined as

zp—l /\AL'
T = === "2 %100 5.8
A Z?:l )\ALZ' . 8
P Ap.
T, = Zi=1770 9 5.9
D; Z?:l )‘DJL x 100 ( )

where A4, and A\p,, are the it" eigenvalues, n is the total number of eigenvalues, p is the number
of eigenvalues selected. Lower values of T4, and T)p,, more dimension reduction is possible. But
for retention of clinical information in multichannel ECG signals, the selection of PCs needs careful
attention. Significant energy contributed by P-wave, QRS-complex and T-wave is captured by higher
eigenvalues. Hence, for proper selection of eigenvalues to ensure the retention of clinical information,
Centropy is proposed. For evaluation of Centropy, first, the diagonal eigenvalue matrices A, and
Ap, are inverted. The probability of each diagonal element of ()\:4“_) and ()\'Dﬁ) of these inverse

matrices are defined as

i, L (5.10)
D =PV
Ap
Pp. — — 29 5.11
>y G40

where (XAM) and ()\'Djl_) are the reciprocal of i** eigenvalues. Thus, higher eigenvalues will result

in lower probability values. The self-information contributed by the i** eigenvalue can be given as

I4,, =—log(Pa,,) (5.12)
ID]‘Z' == log(PDji) (5.13)
Hence, the entropy information [146] by i*" eigenvalues are expressed as H,, = —Pa,.log Pa, .

and Hp,, = —Pp,,log Pp,,. They are termed as Clinical Entropy (Centropy). Higher entropy do have

higher self-information and hence lower probability. Based on this, the selection of number of PCs for
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5.1 Clinical Entropy

approximation and details are proposed as

’
p

> [,
Ty, = 72;71 Hjh X 100 (5.14)

1= Li

P
Ty = ==t Dioy 5.15
Hps Z:’Lzl HDji <100 ( )

The thresholds, Ty, and Ty,,; are based on Centropy due to p number of selected eigenvalues.
Higher threshold value is set due to higher cumulative entropy value. Thus, it retain more information.
So, the selection of number of PC, based on clinical information content is more meaningful. These

reduced number of PCs, can help expressing data with new dimensions to retain clinical content.

5.1.3 Multiscale Distortion Measure

In this Subsection, a distortion measure for multichannel electrocardiogram (MECG) is introduced
for evaluation of signals processed with multiscale principal component analysis (MSPCA). After re-
construction of MSPCA processed multichannel signals, proposed Multiscale Multivariate Distortion
(MMD) is calculated for matrices at different wavelet scales. The Multiscale Distortion (MD) is evalu-
ated based on average of MMDs.

Distortion of processed ECG signal should be evaluated to check the clinical or diagnostic in-
formation. Diagnostic fidelity of ECG signal is evaluated through numerical error measure such as
PRD [102], WWPRD [109] and (WEDD) [71]. For multichannel ECG signal, after multiscale PCA
analysis it is essential to check the distortion introduced due to dimension reduction. So, it is pro-

posed to evaluate multiscale multivariate distortion (MMD) for approximation and details as

A — Ay
el = A =As 09 (5.16)
| AL — AL ||
D, — D;
£ D5 =D I 40 (5.17)
| Dj —Dj ||

where Ay, is the multivariate matrix at L** decomposition level, D; is the multivariate matrix at gt
level, KI and ]/D\J are reconstructed matrices and A;, and D, are the corresponding mean value of

original matrices. This distortion measure, captures the error at wavelet subband levels or scales.
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5. Clinical Entropy and Multiscale Distortion

The deviation in signal energy from original due to dimension reduction using MSPCA is well reflected
in the proposed method.

Thus, the multiscale distortion (MD) is proposed and defined as

1

L
MD = {EALJF;EJ} (5.18)

This error measure represent the distortion introduced due multiscale operation on signals. A
proper weight can be assigned to each MMD in above expression to reflect the actual and more

accurate MD.

5.2 Results and Discussions

Multichannel signals from CSE multilead measurement library [2] datasets M01-040 and M01-004
are used to form multivariate data matrix, S. In this matrix there are 12 columns which correspond
to 12 channels of data. Each column consists of 4096 samples. First, mean removal, amplitude
normalization and base-line wander removal for each channel data are carried-out. The matrix, S,
is subjected to covariance analysis. For the proposed Centropy based PCA, self-information and
entropy information of eigenvalues are evaluated using the inverse of the diagonal eigenvalue matrix.

It is shown in Fig/5.] that the elimination of number of principal components may distort the
original signal. The PC1 which is associated with the highest eigenvalue is removed in Fig/5.1(b).
The low frequency content of the signal with clinical components, P-wave, T-wave and some part
of QRS-complex, are distorted. Similar results are seen in Fig/5.3(c) (removing PC1 and PC2) and
Figl5.1(d) (removing PC1 to PC5). This result shows the clinical significance of PCs with higher
eigenvalues. Figl5.2, shows the RMSE and CC values for reconstructed signals after removal of
PCs. The results for Lead-Il, lead-aVF and lead-V2 signals are shown in the figure. From Fig[5.2(a),
it is observed that the RMSE values increase with removal of more number of PCs. Similarly, it is
observed that the CC values decrease with removal of more number of PCs as shown in Fig/5.2(b).
The above results (Fig/5.1land Fig/5.2) prove that the clinical significance of PCs is higher for those
with higher eigenvalues.

Fig/5.3shows, the scree (eigenvalue), the conventional PCA based entropy and Centropy values.
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Figure 5.2: RMSE and cross correlation plots; (a) RMSE with reduction of PCs and (b) CC with reduction
of PCs for signals of lead-ll, lead-aVF and lead-V2 respectively. The dataset-M01-004 is taken from CSE
multilead measurement library.

The x-axis represents the principal component number (eigenvalue number). Higher eigenvalues are
associated with the significant clinical information such as P-wave, QRS-complex and T-wave in an
ECG signal. From the results shown in Fig/5.3] it is observed that the Centropy values are higher for
higher eigenvalues. Hence, higher values of Centropy represent significant clinical information in an
ECG signal. This justifies the assumption that the Centropy can quantify the clinical information. On
contrary, the conventional PCA based entropy values are lower for higher eigenvalues as shown in
Figh.3l

Fig/5.4 shows segments of ECG signals from three channels and corresponding results for Cen-
tropy based PCA and conventional PCA. The original signals from lead-Ill, V4 and V5 are shown
in Fig[5.4(a), (d) and (g) respectively. The reconstructed signals for Centropy based PCA and from
conventional PCA are shown in Fig[5.4(b), (e), (h) and Fig[5.4(c), (f) and (i) respectively. For retaining
99% of the total variance, the number of PC required is 6 in case of Centropy based PCA whereas
for conventional PCA, the number of PCs is 3. It is observed that the segment of reconstructed signal

in Fig/5.4(c) which is marked as ‘R’ is distorted compared to the same segment in the original signal
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Figure 5.3: Scree and Centropy plots for Conventional and Centropy PCA. CSE multilead measurement library,
dataset-M01-040 is used.

shown in Fig/5.4(a). The reconstructed signal in Fig/5.4(b) shows no perceivable distortion compared
to the original signal. The clinical information like P-wave, QRS-complex and T-wave are well pre-
served with sufficient clinical fidelity. Similar results are observed with the other two signals. These
results show that the Centropy based PCA method performs better compared to the conventional

PCA based method from the point of view of preservation of clinical information. The performances

Table 5.1: Distortion measures: PRD (in %), RMSE (in %) and CC for proposed method and conventional
PCA

Metric/leads ] Il 1T} aVvVR avL aVvF Vi V2 V3 V4 V5 V6
PRD-Proposed 0.56 0.35 0.06 0.47 0.49 0.75 1.62 1.34 1.43 3.67 2.21 3.72
PRD-Conventional 11.79 4.33 14.38 6.12 3.13 8.93 1143 1529 18.79 21.62 1986 11.70
RMSE-Proposed 0.07 0.09 0.04 0.10 0.09 0.48 0.70 0.29 0.32 0.61 0.38 0.67
RMSE-Conventional 1.58 1.08 8.96 1.31 0.59 5.70 4.96 3.33 4.16 3.62 3.39 2.12
CC-Proposed 1.000 1.000 1.0000 [ 1.000 1.000 1.000 | 0.999 0.999 0999 0.999 0.999 0.999
CC-Conventional 0.996 0.999 0.990 0.998 0999 0.996 | 0.995 0990 0.987 0.977 0.980 0.993

of Centropy based PCA and conventional PCA are quantitatively evaluated using distortion metrics,
PRD, RMSE and CC for all 12 channel data. The results are shown in Table{5.1l It is observed

that the PRD and the RMSE values are lower for all the channels in case of the proposed Centropy
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Figure 5.4: Original signals and reconstructed signals using proposed Centropy method and conventional
PCA. In panels (a) and (d) original signals of lead-V4 and V5; (b) and (e) reconstructed signals using proposed
Centropy PCA and, (c) and (f) reconstructed signals using conventional PCA. The dataset-M01-040 is taken
from CSE multilead measurement library.

based PCA method compared to the conventional PCA based method. The CC values are higher in
case of Centropy based PCA method for all the channels. Lower PRD and RMSE values and higher
CC values prove that the reconstructed signal quality is better in case of the Centropy based PCA
method. These results prove that the proposed Centropy based PCA method is superior to the con-
ventional PCA based method. In Fig. the reconstructed signals after Centropy based PCA and
Centropy based MSPCA are compared. The lead-1ll signal from same dataset M01-040 is processed
with proposed Centropy based PCA method and Centropy based MSPCA methods. It is observed
that signal in Fig. [5.5(c) is better reconstructed. It shows a denoising effect and the signal do have
all the clinical components. Redundant information are reduced. The threshold to select the number
of PC is depends on cumulative percentage of information to be retained in the processed signal.
In this, the threshold at 80% of information for PC selection is taken. For D, D, and D3 matrices,

the number of PC selected by this method are 8, 7 and 7 respectively. However, Centropy based
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Figure 5.5: Original signal and reconstructed signals using proposed Centropy based PCA and MSPCA
method. In panels (a) Original lead-Ill signal, (b) and (c) reconstructed signals using proposed Centropy
based PCA and Centropy based MSPCA respectively. The dataset-M01-040 is taken from CSE multilead
measurement library.

PCA method does not show denoising effect. That is, it removes less redundant information. For
Centropy based MSPCA mehtod, the PRD, WWPRD and WEDD values for lead-lll signal are 11.725,
29.124 and 5.274 respectively. The lower PRD for Centropy based method (Table{5.]) is due to the
non-removal of redundant information. It does not show denoising effect in reconstructed signal as
found in case of Centropy based MSCPA method.

Subjective quality of reconstructed signal is evaluated using Mean Opinion Scores (MOSs) as
described in Section [4.4.2. In Table MOS scores for ECG segments and reconstructed signals
are shown for Centropy based PCA and MSPCA methods. The results are shown for Lead-Ill signals

from data set M-01-040. The MOS for segments and signal (MOS value is 26.85%) are found to be
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5.2 Results and Discussions

Table 5.2: Mean Opinion Score errors (in %) for reconstructed signals processed by Centropy based PCA and
MSPCA. Lead-Ill signal from Data set M-01-040 is shown.

MOS error for ECG segments

Segments Centropy based PCA | Centropy based MSPCA
P-wave 31.11 11.11
PR-segment 26.67 11.12
PR-interval 22.22 11.01
QRS-complex 23.33 08.89
ST-segment 32.22 10.00
T-wave 25.55 08.89
MOS errors for ECG signal
Overall signal | 26.85 \ 10.18

higher for Centropy based PCA method. The Centropy based MSPCA method shows better MOS
ratings for ECG segments and signal (MOS value is 10.18%). As per the quality group [71] of the
processed signal, the overall signal quality falls under very good category. A few reconstructed ECG
segments (QRS-complex, ST-segment and T-wave) fall in excellent groups.

In Figure 5.6, first three beats of an ECG signal is distorted with random Gaussian noise and
is processed with Centropy based MSPCA method. The clinical component like T-wave is more
effected (Figure [5.6(b)). The proposed Centropy captures clinical information. The Centropy based
MSPCA method recovers these noisy beats. That is even in noisy ECG data environment, Centropy
represents the clinical information and helps selecting PC’s that carry information related to ECG
beats. Similarly, in Figure[5.7] noise is introduced in isoelectric region. The method based on MSPCA

not only clean these region but equally preserve the clinical information existing in other regions.

5.2.1 Evaluation of Multiscale Distortion

Multichannel ECG (MECG) signals from standard ECG database, CSE multilead measurement li-
brary, data set-M01-021, are considered. These are subjected to amplitude normalization and mean
removal. From each channel data, 4096 samples are chosen as a block. Wavelet decomposition
using Daubechies 9/7 biorthogonal wavelet filters up to six levels are used for each channel data and
same has been applied for reconstruction filters also. The seven multiscale matrices, Az, and D;, are
processed with MSPCA. It is seen that the relative energy of wavelet subbands in terms of energy

contribution efficiency (ECE) is higher in higher order subbands. Thus, the main clinical components
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Figure 5.6: Original Lead-V6 signal, beats distorted signal and processed signal using Centropy based
MSPCA method. In panels (a) Original Lead-V6 signal, (b) Signal with distortion introduced in first three
beats by random Gaussian noise (c) reconstructed signals using proposed Centropy based MSPCA. The
dataset-M01-040 is taken from CSE multilead measurement library.

of an ECG signal remain in higher order subbands whereas lower order subbands are less signifi-
cant. This implies the dimension reduction (DR) may be possible at lower order subband matrices
without losing 'PQRST’ morphologies. So, Dy, D> and Ds are treated with reduced dimensions and
distortion measures are evaluated for validation of this method.

In Fig. [5.8] original and reconstructed lead-Il ECG signal is shown after MSPCA operation. With
more dimension reduction in multiscale matrices such as D;, Dy & D3, more deviation of recon-
structed signal from the original is noticed. This deviation is nicely captured by proposed MMD
metrics. Also, the average distortion which is proposed as MD reflect the mismatch between signals.

In panel Fig. B.8(b), the reconstructed signal with DR=2 is shown which gives lower MMD values
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Figure 5.7: Original Lead-V6 signal, distorted signal and processed signal using Centropy based MSPCA
method. In panels (a) Original Lead-V6 signal, (b) Signal with distortion introduced in isoelectric region by
random Gaussian noise (c) reconstructed signals using proposed Centropy based MSPCA. The dataset-M01-
040 is taken from CSE multilead measurement library.

as g1 = 26.89, e = 19.13, e3 = 50.65 and M D = 15.63. The signal is close to original and reflect
all diagnostic components P-wave, QRS-complex and T-wave with sufficient fidelity. In panel Fig.
[5.8(c), reconstructed signal with DR=5 shows a denoising effect. It gives MMD values ¢; = 39.01,
g9 = 46.80, e3 = 72.88 and M D = 24.98. In panel Fig. [5.8(d), where DR=10 signal distortion is
noticed. Distortion metrics are found as 1 = 97.73, g5 = 90.02, e3 = 90.63 and M D = 47.12.

In Table 5.3, multichannel signal distortion measures in terms of proposed MMD and MD are
shown. In MSPCA based processing without reducing dimensions at multiscale matrices the quan-
titative values of proposed distortion measures give satisfactory results. For no reduction in dimen-

sions at all multiscale matrices MMD values are e 46 = 2.44, e = 2.57, e5 = 2.03, ¢4 = 1.40, e5 = 1.60,
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(a) Original signal, lead-Il, from CSE multilead measurement library, data set-M01-021
T T

M

| | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000
(b) Reconstructed signal, DR=2forD ,D,and D,

o

1 T T T T T T T T T
0 |
)
© -1 | | | | | | | | |
2 0 200 400 600 800 1000 1200 1400 1600 1800 2000
CEL 1 (c) Reconstructed signal, DR=5forD ,D,and D,
I I I I I I I I I
<
O —
_1 | | | | | | | | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000
L (d) Reconstructed signal, DR=10 for D X D2 and D3
T T T T T T I T T
0 MMM//
| | | | | |

| | |
0 200 400 600 800 1000 1200 1400 1600 1800 2000
Sample

Figure 5.8: Original and reconstructed signal using MSPCA: (a) Original signal, (b) Reconstructed signal
after MSPCA with DR=2 for D;, Dy & D3 with corresponding MMDs ¢; = 26.89, e, = 19.13, ¢35 = 50.65 and
MD = 15.63, (c) Reconstructed signal after MSPCA with DR=5 for D,, Dy & D3 with corresponding MMDs
g1 = 39.01, 2 = 46.80, e5 = 72.88 and M D = 24.98 and (d) Reconstructed signal after MSPCA with DR=10 for
Dy, Dy & D3 with corresponding MMDs g1 = 97.73, g5 = 90.02, e3 = 90.63 and M D = 47.12. CSE multilead
measurement library, data set-M01-021.

g9 = 144, ¢1 = 1.03 and M D is 1.79. For dimension reduction (DR) from 1 to 11 for matrices
D=Dy=Dj5, proposed distortion metrics are shown in table. It is noticed that the quantitative values
of MMDs and MD are increasing with increasing number of DR. This indicates the correct trend. That
is, if we reduce more dimensions less number of eigen-values are retaining in MSPCA processing.
So, it captures the less energy of original signal and loss in signal energy will be more.

For the same data set-M01-040, the proposed multiscale distortion metrics are evaluated. If the

threshold is decided at 80% of information, the selection of PC for matrices D,, D, and D3 are 8, 7
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5.3 Summary

Table 5.3: Multiscale multivariate distortion (MMD) and multiscale distortion (MD), Database used is CSE
multilead measurement library, data set-M01-021

Multiscale multivariate distortion when dimension reduct ion in subband matrices Di=Ds=D3

MMD DR=1 | DR=2 | DR=3 | DR=4 | DR=5 | DR=6 | DR=7 | DR=8 | DR=9 | DR=10 | DR=11 | No DR
€46(As) 3.71 3.17 2.95 3.44 3.82 5.77 6.57 8.73 0.50 11.05 11.76 2.44
e6(Dsg) 4.19 3.50 3.16 3.76 4.34 4.68 5.60 7.54 10.46 14.24 15.48 2.57
) 4.21 3.38 3.06 3.67 4.25 5.08 6.01 7.15 10.35 12.85 13.83 2.03
) 3.58 2.67 2.41 2.83 3.22 7.03 8.40 11.33 | 13.59 13.30 14.24 1.40
) 3450 | 50.65 | 64.64 | 72.88 | 73.41 | 78.28 | 78.27 | 81.12 | 81.80 | 90.63 93.85 1.60
)
)

13.69 | 19.13 | 23.36 | 46.19 | 46.80 | 75.94 | 80.35 | 86.64 | 86.61 90.02 93.94 1.44

22.77 | 26.89 | 36.60 | 36.78 | 39.01 | 65.15 | 79.30 | 89.27 | 96.14 | 97.73 97.61 1.03
Multiscale distortion when dimension reduction in D1=Ds=D3

MD | 12.38 | 15.63 | 19.45 | 24.22 | 24.98 | 34.56 | 37.78 | 41.68 | 44.21 | 47.12 | 48.67 | 1.79

and 7 respectively. The MMD values for Dy, Do, D3 Dy, D5, Dg and Ag, are 79.92, 45.48, 63.89, 2.14,
2.08, 1.93, and 2.07. The overall distortion is measure in terms of MD. for above data set, MD value
is found as 0.5268. The distortion values are higher in the matrices where dimensions are reduced.
Low distortion values are found where no dimensions are reduced. This reflects the ability of this

method for true representation of distortion introduced.

5.3 Summary

In this Chapter, novel Centropy based PCA and MSPCA are proposed for multichannel electrocar-
diogram signals. It is seen that the Centropy quantifies the clinical information. For preservation of
signal fidelity in terms of clinical information, threshold based on Centropy can be successfully used
for selection of principal components. The evaluation of measures such as PRD, RMSE and CC
show that Centropy based PCA perform superior to conventional PCA. The Centropy based MSPCA
method efficiently removes the redundant information. At wavelet scales Centropy better quantifies
the clinical information. It captures the signal energy while filtered the unwanted signals. The MOS
evaluation shows that the processed signal falls under very good category.

Secondly, a novel distortion measure for wavelet based processing for multichannel ECG is pro-
posed. After MSPCA processing of multichannel ECG, MMD is evaluated for multiscale matrices.
MD is evaluated taking average of all MMDs. It is seen that the MMD and MD are well correlated with
the distortion introduced by reducing the number of significant eigen values. There is a need to add

weights to multiscale MMDs to get a proper MD measure.
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6. Conclusions

In this thesis, a few schemes for multiscale processing of multichannel Electrocardiogram sig-
nals are investigated. For preprocessing of signals, two novel denoising methods are proposed
and performances are compared with existing gold standard denoising methods. For multichannel
electrocardiogram data compression, Multiscale PCA is introduced and dimension reduced PCA co-
efficients are Huffman encoded. Also, a novel Clinical Entropy (Centropy) based method for PCA
and Multiscale PCA is investigated. The compressed signals after multiscale PCA applications are
subjected to error analysis. A Multiscale Distortion Measure is introduced.

In Chapter Lland[2] introduction to single channel and multichannel electrocardiogram signals and
various processing methods are discussed. In Chapter I the significance of clinical components of
ECG signals are discussed. Also, its processing in time, frequency and time-frequency domain are
reviewed from existing published literatures. In Chapter 21 a related reviews of wavelet transform
based ECG signal processing is given. To extract information in depth which may not be readily
available in time domain signals, the signal transformation tools are used. Wavelet transformed
based noise elimination and compression for single and multi-lead signals are discussed along with
PCA based processing. It is felt that the wavelet and PCA may be combined to process multichannel
signals.

In Chapter 8] two novel denoising methods are proposed. In the first method (M1), HOS and
ECE based, four denoising factors are introduced for filtering of ECG signal. Best performance is
observed with D F};,;1 which is based on HOS and ECE of wavelet subband signal. Kurtosis employed
in this work, discriminate signal and noise. It is observed that the spikes or sudden change in signal
frequency along with noise gives a higher value of Kurtosis. Taking advantage of this property of
Kurtosis, DFjy is scaled by ECE of MECG signal. Since it is established that the ECE value in
higher level wavelet subband coefficients are more than lower ones, most of the energy of ECG
signal remain in higher sub-bands such as cA6, cD6, cD5 and cD4. So, lower subbands, cD1, cD2
and cD3, are chosen for thresholding.

The second method (M2), introduces a novel denoising method based on relative energy con-
tribution of wavelet subbands and Kurtosis based Gaussian noise estimator for filtering of ECG sig-
nal. Estimated noise variance in wavelet subband is computed with a new approach which includes

Gaussianity measure in term of Kurtosis instead of conventional statistical approach. Lower order
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subbands are expected to have relatively higher noise energy compared to the signal energy. The
proposed method gives higher threshold values for lower order subbands. It is the combination
of three individual factors, «;, 8; and ~;. Combined denoising factor gives improved results. The
method is tested with spatially nonhomogeneous functions, Blocks, Bumps, HeaviSine and Doppler
with noise. The performance of the proposed thresholding method evaluated using synthetic ECG
signal after adding noise and the recorded signal from database. Also, it is compared with the ex-
isting classical thresholding method such as soft thresholding, hard threshoding and SURE. Results
show that the performance of the proposed method is better compared to the existing methods. The
proposed denoising method not only filters ECG signal effectively but also can help retain the clinical
information in the signal.

The lowest PRD value of 3.4736 is found for lead-V4 for the first denoising method (M1) whereas
for second method (M2) lead-V2 shows the lowest PRD value of 9.523. Similarly, the lowest WWPRD
and WEDD values 5.1903 (lead-V4) and 1.8718 (lead-aVL) are found for the first method. The second
method yields the lowest WWPRD and WEDD for lead-V3 (17.743) and lead-V2 (4.00) respectively.
WEDD measure is more robust and it is claimed to represent the quality of the diagnostic features in
a processed ECG signal [71]. As per this metric the filtered signals of all the leads by ‘M1, fall under
‘excellent’ category whereas ‘M2’ gives excellent category signal only for leads Lead-1l. Remaining
filtered multichannel signals by means of ‘M2’ fall under ‘very good’ or ‘good’ categories. It may be
due to higher thresholds for ‘M2’ filtering method which removes more wavelet coefficients giving
higher WEDD values.

In Chapter 4, the correlations between channels and the multiscale properties of wavelet trans-
form are used for improvement in dimension reduction and hence samples reduction of multichannel
ECG signals without distortion of clinical information. Signals are decomposed into subbands us-
ing wavelet transform. Coefficients are arranged in subband matrices. In different wavelet scales,
higher correlations are observed between standard 12 leads ECG signal. The proposed MSPCA
is applied on these subbands matrices. A new PC selection method based on subband weights
is also proposed. Qualitative and quantitative performance are compared with methods existing in
literatures. A data reduction of 50.37% samples with APRD value of 10.01% is obtained for the pro-

posed method. The reconstructed signals of all the leads show preservation of diagnostic features.
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6. Conclusions

Subsequently, Multiscale PCA in wavelet domain is used for compression of multichannel ECG sig-
nals without distorting the clinical information. A new PC selection method based on energy (AFEC)
is also proposed. MSPCA coefficient at a few certain scales are uniformly quantized and Huffman
encoded for multichannel compression. Quantitatively, the performance is compared with existing
compression method. The reconstructed signals of all the leads show preservation of diagnostic fea-
tures and a very good MOS rating. The proposed scheme based on MSPCA gives sample reduction
ratio of 1.45:1 and Entropy coding stage gives compression ratio 5.98 : 1 with PRD value 2.09% and
the lowest WEDD value of 4.19%. Based on MOS error criteria the reconstructed all ECG segments
and signals (Table [4.9) falls under very good category [71}/137].

In Chapter 5, novel clinical entropy based PCA and MSPCA are proposed for multichannel elec-
trocardiogram signals. It is seen that the Centropy quantifies the clinical information. For preserva-
tion of signal fidelity in terms of clinical information, threshold based on Centropy can be successfully
used for selection of principal components. The evaluation of measures such as PRD, RMSE and CC
show that Centropy based PCA perform superior to conventional PCA. The Centropy based MSPCA
method efficiently removes the redundant information. At wavelet scales Centropy better quantifies
the clinical information. It captures the signal energy while filtered the unwanted signals. Subjective
quality of reconstructed signal is evaluated using Mean Opinion Scores (MOSs). MOS scores for
ECG segments and reconstructed signals are evaluated for Centropy based PCA and MSPCA meth-
ods. The MOS value, 26.85%, is found for Centropy based PCA method whereas Centropy based
MSPCA method shows better MOS value, 10.18%. As per the quality group [71] of the processed
signal, the overall signal quality falls under very good category.

Secondly, after MSPCA processing of multichannel ECG, Multiscale Multivariate Distortion (MMD)
is evaluated for multiscale matrices. Multiscale Distortion (MD) is evaluated taking average of all
MMDs. It is seen that the MMD and MD are well correlated with the distortion introduced by reducing
the number of significant Eigenvalues. There is a need to add weights to multiscale MMDs to get a
proper MD metric. This may help find more meaningful distortion metric representing distortion on

diagnostically important clinical components.
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6.1 Scope for the Future Work

The major contributions of the work reported in this thesis includes,

() Denoising using Higher Order Statistics in wavelet Subbands.

(i) Denoising based on Estimated Noise Variance based on Kurtosis, Multiscale Energy and Num-

ber of Samples.

(iii) Multiscale principal component analysis for multichannel ECG and compression of multichannel

ECG data.
(iv) Clinical Entropy based PCA and MSPCA analysis for ECG Signals.

(v) Multiscale Distortion measure for multichannel ECG signals.
The other contributions are,

(i) Multiscale multivariate energy contribution efficiency for multichannel ECG.
(i) Denoising multichannel ECG using multiscale principal component analysis.

(i) Quality controlled denoising of multichannel ECG signals using multiscale principal component

analysis.

6.1 Scope for the Future Work

e Multiscale PCA can be used for noise elimination from multichannel data. There is a scope to
use it for quality controlled denoising of the signals. So, the proposed MSPCA based method
may be tested with other physiological signals like Electroencephalogram (EEG), Electromyo-

gram (EMG) etc.
e The Multiscale PCA can be used for extraction of speech signal from its multichannel recording.

e The proposed Multiscale PCA can be used for diagnostic decision purpose. This can to be

developed with sufficient pathological data.

e The problem of fetal ECG separation from mother ECG using multilead recording can be inves-

tigated using proposed MSPCA based processing.
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6. Conclusions

e MSPCA based processing of multichannel ECG can be exploited for cardiac mapping applica-

tions.

e The proposed method can be used for applications like body surface potential mapping and

body surface area networks.

e The PCA and MSPCA based Centropy (Clinical Entropy) can be applied to other biomedical

signals.
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