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Abstract

Simultaneous recording of the electrocardiogram (ECG) from different body locations provides the spa-

tial perception of cardiac events. Cardiologists use multilead ECG (MECG) comprising of the standard

12-leads to diagnose the cardiac diseases. This standard MECG system helps study the spatio-

temporal orientation of heart’s electrical vector. This data has three types of correlations: intra-beat,

inter-beat and inter-lead. These correlations need to be exploited for different MECG applications.

Several methods have been proposed for this purpose, either in time-domain or in transform-domain,

where only one type of correlation out of the three has been exploited. Recent works attempted on

exploitation of only spatial (inter-lead) correlation of MECG data in transform-domain using principal

component analysis. However, joint analysis of multiple beats and multiple ECG leads that provides

both spatial and temporal distribution of cardiac phenomena can be used to exploit combination of two

or all types of correlations.

The objective of this thesis is to propose MECG data processing techniques for various ECG ap-

plications in transform-domain. Singular value decomposition (SVD) and higher-order SVD (HOSVD)

are used for the transformation. In addition, multiscale decomposition and multiscale analysis-by-

synthesis (MAS) have been added to handle the diagnostic features effectively. More specifically, the

present thesis covers three separate but interconnected problems:

First problem deals with exploitation of both intra-beat and inter-lead correlations present in the

MECG data using multiscale SVD. The work employs multiscale decomposition (MSD) on MECG

data. It is found that wavelet coefficients of all leads at each scale are correlated. A new thresholding

technique is proposed to select the singular values depending on variation of the diagnostic importance

of the wavelet subbands. In addition, time and computational complexities are compared with existing

techniques to validate fast processing nature of the proposed method.

Second problem deals with a novel third-order tensor representation of MECG data, followed by

correlation exploitation and feature extraction for MI classification. MSD and HOSVD are employed to

decompose the tensor data in wavelet domain. Different mode features from the reduced MECG tensor

are extracted for detection and localization of MI. Support vector machine is used as the classifying

technique. In addition, accuracy of the proposed method is evaluated without over-fitting training and

testing datasets. The proposed method outperforms the existing algorithms in terms of dimensionality

reduction and classification performance.

Third, a study on TWA analysis, a cardiac risk stratifier, is carried out to investigate the progression

of acute MI in different leads over period of time. For this purpose, a new method for detection of TWA
TH-1744_11610236



is proposed, and TWA amplitude is estimated using a standard technique. The only-T-wave morphol-

ogy is extracted using multiscale analysis-by-synthesis (MAS) technique. The HOSVD is applied on

the subband reconstructed T-wave tensor to determine a tensor, containing alternans information that

helps detect presence of TWA. Proposed algorithm is tested with publicly available TWA/CinC chal-

lenge database, containing synthetic and real datasets. Results suggest that MAS with HOSVD on

tensors are more effective in detecting TWA. After validating TWA detection, study is further conducted

with twenty datasets of six patients suffering from different types of MI. This study reveals that sub-

jects with anterior or lateral MI have more sustained TWA, whereas subjects with infarction in inferior

or septal wall show non-sustained TWA.

Keywords: Multilead electrocardiogram, singular value decomposition (SVD), higher-order SVD, my-

ocardial infarction, tensor decomposition, t-wave alternans, support vector machine, multiscale analysis-

by-synthesis.

x

TH-1744_11610236



Contents

List of Figures xv

List of Tables xix

List of Acronyms xxi

1 Introduction 1

1.1 ECG and its Morphological Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Multilead Electrocardiogram . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 ECG/MECG Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4 Correlations Exploitation for Dimensionality Reduction . . . . . . . . . . . . . . . . . . . 8

1.4.1 Time-domain-based methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4.2 Transform-domain-based methods . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.4.2.1 Data independent transforms . . . . . . . . . . . . . . . . . . . . . . . . 9

1.4.2.2 Data dependent transforms . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.4.2.3 Hybrid transforms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.5 Feature Extraction for MI Classification . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.6 TWA Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.7 Scope of the Present Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

1.8 Organization of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2 Transform Methods for ECG/MECG Analysis: A Review 19

2.1 Wavelet Transform Application to ECG Signal . . . . . . . . . . . . . . . . . . . . . . . . 20

2.1.1 Multiresolution/multiscale analysis and synthesis . . . . . . . . . . . . . . . . . . 21

2.1.2 Multiscale decomposition of MECG data . . . . . . . . . . . . . . . . . . . . . . . 22

2.2 PCA- and SVD-based ECG Analysis: A Methodological Review . . . . . . . . . . . . . . 24

2.2.1 PCA/KLT and SVD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

2.2.2 Steps for implementation of PCA- or SVD-based methods . . . . . . . . . . . . . 26

2.2.2.1 Preprocessing stage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

xi

TH-1744_11610236



Contents

2.2.2.2 Transform stage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.2.2.3 Thresholding stage with performance measure . . . . . . . . . . . . . . 27

2.3 Feature Extraction Methods for MI Classification . . . . . . . . . . . . . . . . . . . . . . 29

2.3.1 Support vector machine classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.4 TWA Analysis Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.4.1 Spectral method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4.2 Modified moving average method . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.4.3 Recent methods for TWA analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.5 ECG Databases . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.5.1 PTB database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.5.2 TWA/CinC challenge database . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.6 ECG Performance Evaluation Measures . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.6.1 Distortion measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

2.6.2 Classification performance measures . . . . . . . . . . . . . . . . . . . . . . . . 41

2.7 Motivation of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.8 Work Plan of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3 Multiscale SVD Analysis for Multilead ECG Data 47

3.1 SVD on Multilead ECG Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2 Proposed Multiscale SVD Method for MECG Data . . . . . . . . . . . . . . . . . . . . . 53

3.2.1 Multiscale subband matrix formation . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.2.2 SVD on subband matrices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.2.3 Thresholding of singular values . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3 Performance Measures and Comparative Analysis . . . . . . . . . . . . . . . . . . . . . 59

3.3.1 Dimensionality reduction performance . . . . . . . . . . . . . . . . . . . . . . . . 60

3.3.1.1 Compressed MECG performance measure . . . . . . . . . . . . . . . . 61

3.3.1.2 Distortion measure evaluation . . . . . . . . . . . . . . . . . . . . . . . 62

3.3.2 Comparison with existing methods . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.4 Simulation Study of the Proposed Method for WBSN Applications . . . . . . . . . . . . . 65

3.4.1 Transmission of Huffman encoded MECG bit-stream . . . . . . . . . . . . . . . . 65

3.4.2 Computational complexity measure . . . . . . . . . . . . . . . . . . . . . . . . . 67

3.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

xii

TH-1744_11610236



Contents

4 MECG Analysis and MI classification using Multiscale HOSVD 71

4.1 Tensor Notations and Conventions: A Preview . . . . . . . . . . . . . . . . . . . . . . . . 73

4.2 Higher-Order SVD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.3 Proposed MHOSVD-based Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3.1 Signal preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

4.3.2 Construction of third-order MECG tensor . . . . . . . . . . . . . . . . . . . . . . 78

4.3.3 Multiscale decomposition of the MECG tensor . . . . . . . . . . . . . . . . . . . 79

4.3.4 HOSVD application on subband tensors . . . . . . . . . . . . . . . . . . . . . . . 79

4.3.5 Thresholding of mode singular values . . . . . . . . . . . . . . . . . . . . . . . . 81

4.3.6 Feature selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.4 Dimensionality Reduction Performance Evaluation . . . . . . . . . . . . . . . . . . . . . 85

4.4.1 Performance measures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.4.2 Comparison with existing data reduction methods . . . . . . . . . . . . . . . . . 89

4.5 MI Classification Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . 90

4.5.1 MI detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.5.2 MI localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.5.3 Comparison performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

5 T-Wave Alternans Analysis for Acute MI Progression 97

5.1 Proposed MAS-HOSVD-based Method . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.1.1 Signal preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

5.1.2 Tensor MECG formation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

5.1.3 T-wave reconstruction using multiscale analysis-by-synthesis . . . . . . . . . . . 101

5.1.4 TWA analysis using HOSVD on T-wave tensor . . . . . . . . . . . . . . . . . . . 102

5.1.5 TWA detection decision and estimation . . . . . . . . . . . . . . . . . . . . . . . 103

5.2 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.2.1 Semi-synthetic dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.2.2 Physionet TWA database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.3 Experiments on 8-lead Semi-synthetic Signals . . . . . . . . . . . . . . . . . . . . . . . 105

5.3.1 Observations with temporal method . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.3.2 Observations with MAS method . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

5.3.3 Observations with MAS-HOSVD method . . . . . . . . . . . . . . . . . . . . . . 106

xiii

TH-1744_11610236



Contents

5.3.4 Comparison with the state-of-the-art methods . . . . . . . . . . . . . . . . . . . . 108

5.4 Experimental Observations on 8-lead TWA ECG signals . . . . . . . . . . . . . . . . . . 111

5.4.1 Observations with MAS-HOSVD method . . . . . . . . . . . . . . . . . . . . . . 111

5.4.2 Comparison using Kendall rank correlation coefficient . . . . . . . . . . . . . . . 113

5.5 Study of MI Progression using TWA Analysis . . . . . . . . . . . . . . . . . . . . . . . . 113

5.6 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

6 Conclusions 119

6.1 Scope for the Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

A ECG Morphology Segmentation in Different Subbands 125

Bibliography 129

xiv

TH-1744_11610236



List of Figures

1.1 Amplitude and duration of some ECG diagnostic features . . . . . . . . . . . . . . . . . . . . 3

1.2 Spatial relationships of the six limb leads, which record electrical voltages transmitted onto the

frontal and horizontal plane of the body [1]. . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.3 A general block diagram for MECG data processing . . . . . . . . . . . . . . . . . . . . . . . 8

2.1 Original ECG leads after baseline-wander removal and their subband coefficients with six level

decomposition. In panels (a) subplots showing time-domain I, II, V1, V2, V5 leads . . . . . . . 23

2.1 (Contd...) Plots showing subband wavelet coefficients of (b) A6, (c) D6, (d) D5, (e) D4 (f) D3 (g)

D2 subbands. These wavelet coefficients at a particular subband are spatio-temporally highly

correlated. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.2 Schematic representation of the contribution of the thesis. . . . . . . . . . . . . . . . . . . . . 44

3.1 Histogram plots showing intra-beat correlations of 40 samples (25 samples are from

P-wave region and 15 are from QRS-complex) Dataset: s0005_rem, PTB Diagnostic

Database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.2 Plots of original and left orthonormal vectors. (a)-(h): V1−V6, I, and II, (i)-(p): Right

orthonormal vectors after SVD. Dataset: s0005_rem, PTB Diagnostic Database. One

should appreciate the differences in notations for leads (V1−V6) and orthonormal vec-

tors (V1−V8). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3.3 Block diagram of MECG correlation exploitation for (a) compression and (b) reconstruction pro-

cess using MSVD. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

3.4 Average number of SVs selected for different values of ν. With increase in ν, the drop in selected

SVs for low frequency subband matrices A6, D6 and D5 is marginal and is opposite to high

frequency subband matrices D1, D2 and D3, where the decay of selected SVs is quite high. . . 58

3.5 Compression ratio, quantization bits/sample and distortion measures, (a) CR vs quantization

bits/sample (b) APRD, AWEDD vs CR . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

3.6 Block diagram of a typical telemedicine system . . . . . . . . . . . . . . . . . . . . . . . . . 65

xv

TH-1744_11610236



List of Figures

3.7 (a), (b): Original signals and (c), (d) (e) and (f): Reconstructed Signals at Ex/No = 8 dB

and 10 dB of Lead-III and V5 respectively, Dataset: s0008_rem, PTB Diagnostic ECG

Database. Description: Female, Age 81, Acute myocardial infarction . . . . . . . . . . . 66

4.1 A 3-array representation and its flattening into three slices (matrices) . . . . . . . . . . . 73

4.2 HOSVD visualization and approximation for a third-order tensor) . . . . . . . . . . . . . 75

4.3 (i) Block diagram of MECG tensor dimension reduction and feature extraction for MI detection

and localization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.3 (Contd...) (ii) Block diagram of MECG tensor (a) Compression and (b) Reconstruction . 78

4.4 Visualization of tensor represented MECG Data (Leads× Samples× Beats). However,

unlike the way tensor MECG is shown in this figure, each vertical slice contains each

beat period of all leads in our work. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

4.5 Mode 1, 2 and 3 Frobenius norms of SVs for different subbands. Panels (a)-(c) rep-

resent for HC (s0273lrem) case, and (d)-(f) and (g)-(i) represent for ASMI (s0179lrem)

and IMI (s0177lrem) cases, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

4.6 (a)-(c): Original and (d)-(f): Compressed ECG signals of Leads I, aVR and V6 . . . . . . 87

4.7 Frame size selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.1 Visualization of TWA in some leads (I, V1, V2, and V5). Average heart rate = 113.705

beats/min over a 32-beat analysis window. Sampling frequency = 500 Hz . . . . . . . . 99

5.2 Block diagram for TWA detection using multiscale analysis and synthesis with HOSVD . 100

5.3 Variation of PD vs PFA for SNR = 20 dB . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

5.4 Variation of PD vs Valt (semi-synthetic datasets with lp noise of SNR = 20 dB) for multi-

PCA and MAS-HOSVD techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

5.5 Variation of PD of MMA, multi-PCA and MAS-HOSVD methods under gs, lp, em and ma

noise with different SNR (dB) levels. PF A = 0.01 for all methods . . . . . . . . . . . . . . 110

5.6 Comparison performance of MAS-HOSVD with MMA using the r2 correlation coefficient

values of all leads. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

5.7 Variation in row vectors of D for different leads (a) I, (b) V1, (c) V2, (d-f) V4-V6. Note

that the normalized amplitude is in the range of ±1 for all leads. . . . . . . . . . . . . . . 111

xvi

TH-1744_11610236



List of Figures

5.8 ECG fragments of two chest leads (V4 and V5). (a) and (b): baseline removed orig-

inal ECG fragments, observed TWA amplitudes in V4 and V5 are 61.5 and 24.6 µV ,

respectively (c) and (d): ECG fragments of (a) and (b) with SNR of 20 dB, (e) and (f):

two consecutive superimposed beats, (g) and (h): Plots showing the observed and es-

timated TWA amplitude during time-domain analysis, (i) and (j): reconstructed beats

using multiscale synthesis of lower subband tensors A6, D6, and D5, (k) and (l): TWA

detected beats in vectors t extracted from TensorTinfo. The observed and estimated

TWA amplitudes are in accordance with each other. Dataset: twa66, TWA/CinC chal-

lenge database . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

5.9 Variation of TWA amplitude in leads I, II, V1 – V6 for (a) HC, (b) AMI, (c) ALMI, (d)

ASMI, (e) IMI, and (f) ILMI cases, respectively. Mean and standard deviation values in

consecutive weeks are shown here. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

A.1 Subband decomposition of an ECG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

xvii

TH-1744_11610236



List of Figures

xviii

TH-1744_11610236



List of Tables

2.1 Reviews on data dependent transform techniques for correlation exploitations . . . . . . 30

2.2 Reviews on feature extraction for MI classification methods . . . . . . . . . . . . . . . . 33

2.3 Summary of reviews on TWA analysis methods, N.S.: Not Specified . . . . . . . . . . . 37

3.1 Inter-lead correlation of the MECG data . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.2 Multiscale Relative Energy Density . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

3.3 Average number of singular values selected for p = 5 . . . . . . . . . . . . . . . . . . . . 60

3.4 Distortion measures with CR for p = 4, 5, 6 (PTB Database) . . . . . . . . . . . . . . . . 63

3.5 MOS error (in %) for compressed ECG . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.6 Comparison of compression performance and average computational timing character-

ization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

4.1 Basic tensor notations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.2 Average MSVs selected along different modes of subband core tensors . . . . . . . . . 84

4.3 An example showing tensor dimension size during MHOSVD decomposition . . . . . . 86

4.4 Average CR and distortion measures of different diagnostic classes . . . . . . . . . . . 88

4.5 Comparison with existing ECG compression methods . . . . . . . . . . . . . . . . . . . 90

4.6 Number of instances of different types MIs and HC during training and testing . . . . . . 91

4.7 Cross-validation Result of SVM Classifier for MI Detection . . . . . . . . . . . . . . . . . 92

4.8 Confusion matrix and MI Detection performance with optimal kernel parameters; Total

instances = 980 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

4.9 Performance comparison of subgroups with χ2 kernel function SVM classifier; Total

tested instances = 2922 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

4.10 Comparison of classification performance with existing methods . . . . . . . . . . . . . 95

5.1 Average Wilcoxon rank-sum test probability (p-value), TWARs and average Valt for dif-

ferent TWA amplitude levels and SNRs of semi-synthetic signals . . . . . . . . . . . . . 107

xix

TH-1744_11610236



List of Tables

xx

TH-1744_11610236



List of Acronyms

ALMI Antero-Lateral Myocardial Infarction

AMI Anterior Myocardial Infarction

ASMI Antero-Septal Myocardial Infarction

AWGN Additive White Gaussian Noise

CANDECOMP Canonical Decomposition

CCU Central Control Unit

CR Compression Ratio

CS Compressive Sensing

DCT Discrete Cosine Transform

DFT Discrete Fourier Transform

DLT Discrete Legendre Transform

DWT Discrete Wavelet Transform

dB Decibel

ECG Electrocardiogram

ECE Energy Contribution Efficiency

EMG Electromyogram

FFT Fast Fourier Transform

HC Healthy Control

HOSVD Higher-Order Singular Value Decomposition

ICA Independent Component Analysis

IDWT Inverse Discrete Wavelet Transform transform

ILMI Infero-Lateral Myocardial Infarction

IMI Inferior Myocardial Infarction

IPLMI Infero-Postero-Lateral Myocardial Infarction

KLT KarhunentLove Transform

LMI Lateral Myocardial Infarction

xxi

TH-1744_11610236



List of Acronyms

LTMIL Latent Topic Multiple Instance Learning

MAS Multiscale Analysis-by-Synthesis

MBP Mean Beat Period

MECG Multichannel Electrocardiogram

MHOSVD Multiscale Higher-Order Singular Value Decomposition

MI Myocardial Infarction

MMAM Modified Moving Average Method

MOS Mean Opinion Score

MRA Multiresolution Analysis

MRED Multiscale Relative Energy Density

MRFEC Multiscale Root Fractional Energy Contribution

MSA Multiscale Analysis

MSD Multiscale Decomposition

MSPCA Multiscale Principal Component Analysis

MSV Mode-n Singular Values

MSVD Multiscale Singular Value Decomposition

mita MIT-BIH Arrhythmia

mitsva MIT-BIH Supraventricular Arrhythmia

MMECE Multiscale Multivariate Energy Contribution Efficiency

NMWE Normalized Multiscale Wavelet Energy

PAM Pulse Amplitude Modulation

PCA Principal Component Analysis

PNN Probabilistic Neural Network

PRD Percentage Root Mean Square Difference

QMF Quadrature Mirror Filter

QLV Quad Level Vector

RBFN Radial Basis Function

SCD Sudden Cardiac Death

SM Spectral Method

SPIHT Set Partition in Hierarchical Trees

SVD Singular Value Decomposition

SVM Support Vector Machines

xxii

TH-1744_11610236



List of Acronyms

SNR Signal-to-Noise Ratio

TMFD Template Matched-Filter Detector

TWA T-wave Alternans

TWAR TWA ratio

WBSN Wireless Body Sensor Network

WDD Weighted Diagnostic Distortion

WEDD Wavelet Energy based Diagnostic Distortion Measure

WHO World Health Organization

WP Wavelet Packet

WT Wavelet Transform

xxiii

TH-1744_11610236



List of Acronyms

xxiv

TH-1744_11610236



1
Introduction

Contents

1.1 ECG and its Morphological Features . . . . . . . . . . . . . . . . . . . . . . . 3

1.2 Multilead Electrocardiogram . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 ECG/MECG Data Processing . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.4 Correlations Exploitation for Dimensionality Reduction . . . . . . . . . . . 8

1.5 Feature Extraction for MI Classification . . . . . . . . . . . . . . . . . . . . 13

1.6 TWA Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

1.7 Scope of the Present Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

1.8 Organization of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1

TH-1744_11610236



1. Introduction

This thesis work is based on analysis of multilead electrocardiogram (MECG) data processing in

transform-domain. The electrocardiogram (ECG) reflects cardiac symptoms of a patient and is used

extensively to identify cardiac problems in these patients. It records the electrical activity of the heart

over a period of time, but it gives only one look at a time and misses vital information from other parts

of the heart. Analysis of spatio-temporal dynamics during different cardiac ailments faces difficulties

to obtain detailed information of the heart using a single lead ECG. Hence, in clinical practice, the

standard 12 leads, which give minute inspection of the heart, are used [2]. For example, myocardial

infarction (MI) is a cardiac ailment which is caused due to the blockage of blood flow, or consequently,

poor oxygen amount to the muscular wall of heart. The precise measurement of combined 12-lead

ECG signals helps indicate exactly where the infarct is located [3].

For proper diagnosis, patients are monitored for several hours, and data is recorded with high

sampling frequencies. This generates a huge amount of data. In real-time scenario, it becomes

difficult to process the high-volume data and makes hard to extract features from this. The long-

term recording makes the MECG data temporally (intra-beat and inter-beat) and spatially (inter-lead)

correlated. These need to be exploited for various purposes like dimensionality reduction, feature

extraction, classification, cardiac risk identification, etc. Different transform-domain-based methods

have received a great deal of attention over the past years because of their high decorrelation property.

In these methods, mostly single type of correlation has been exploited. Simple and efficient algorithms

that can exploit two or more types of correlations simultaneously can be employed to meet various

purposes. Also, during data processing, it is highly essential to preserve the significant diagnostic

parameters of the ECG signal.

The work presented in this thesis is broadly divided into three major contributions. First, the MECG

data is decomposed using multiscale singular value decomposition (MSVD). The SVD exploits both

intra-beat and inter-lead correlations present in wavelet transformed MECG data. Second, the MECG

data is represented as a third-order tensor structure that helps exploit inter-beat correlation including

the above two. This is accomplished by applying HOSVD on the wavelet transformed MECG tensor.

Further, features are extracted (from the reduced MECG tensor) for detection and localization of MI.

Third, a study on T-wave alternans (TWA), a cardiac risk stratifier, analysis is carried out to investigate

the progression of acute MI in different leads over a period of time. Prior to this, TWA analysis is

validated with semi-synthetic and real ECG signals.

The rest of this chapter is prepared as follows. The first two sections (Section 1.1 and 1.2) give a

brief idea to ECG with different morphological features and MECG system, especially 12-lead ECG.
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1.1 ECG and its Morphological Features
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Figure 1.1: Amplitude and duration of some ECG diagnostic features

Section 1.3 presents different ECG applications in this field. In Section 1.4, different ECG/MECG

correlation exploitations methods, starting from the early time-domain-based methods to recent hybrid

transformation techniques, with regard to dimension reduction are discussed. Section 1.5 presents a

literature survey on feature extraction techniques for MI classification. Literatures on TWA analysis are

discussed in Section 1.6. Scope of the work is presented in Section 1.7. Finally, the organization of

the thesis is presented in Section 1.8.

1.1 ECG and its Morphological Features

As this thesis deals with MECG data processing, it is necessary to discuss a brief review on ECG

and its significant morphologic features. Our heart is a rhythmically beating muscle (myocardium) that

pumps oxygen and nutrient rich blood throughout the body. An electrical current wave passes through

the entire heart, which initiates myocardial contraction. The electrical current spreads over the heart

muscle in a coordinated pattern. This results in a measurable change in potential difference on the

body surface of the subject. The resultant amplified signal is known as the ECG [2,4].

The ECG signal consists a number of heartbeats that comprises of different morphological fea-

tures or characteristic waves: P-wave, QRS-complex, ST-segment and T-wave. Figure 1.1 shows a

heartbeat segment of ECG with amplitude and duration label of PQRST complex parameters. The

significance of these features are briefly presented here as:

• P-wave: It represents depolarization of the atria, which starts when an electrical impulse initiated

at sinoatrial node. It constitutes composite electrical activation of left and right atria. Its duration

is normally less than 80 ms and shape is typically upright in most leads except for aVR.

• QRS-complex: It represents rapid depolarization of right and left ventricles. The ventricles have

a larger muscle mass compared to the atria, which results the QRS-complex visible as a sharp

3
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1. Introduction

and tall wave. Its duration normally ranges between 80 to 100 ms.

• ST-segment: It represents the period from the end of systole to the beginning of repolarization

of the ventricles. Its duration is usually about 100 to 120 ms. It may be termed as a non-event

as it appears as a flat line between the QRS complex and the T wave. However, myocardail

infarction or ischemia could cause the ST-segment to be depressed or elevated. Hence, during

the diagnosis of cardiac problems, the amplitude in deviation and shape of the ST-segment play

an important role.

• T-wave: The T wave represents the repolarization of the ventricles. Its normal duration is ap-

proximately 160 ms and is generally upright in all leads except aVR and V1. Inverted T-waves

can be a sign of myocardial ischemia and peaked T-waves can be a sign of hyperkalemia or very

early myocardial infarction.

Besides these, there are other morphological features like PR-interval, QT-interval, RR-interval etc.

of an ECG signal, which are studied during the diagnosis of a cardiac ailment.

1.2 Multilead Electrocardiogram

The electrical activity of the heart is recorded on the body surface by attaching a set of electrodes to

the skin. In an ECG recording system, a lead is referred to the difference in the voltage between a pair

of electrodes. The ECG is typically recorded with a multiple lead configuration which includes unipolar

or bipolar leads, or both. A unipolar lead reflects the voltage variation of a single electrode, whereas a

bipolar lead reflects the voltage difference between two electrodes. Each lead views the heart from a

different angle. This helps the clinician determine pathologies through spatial correlation of events on

specific leads [2].

A variety of lead configurations are used in clinical practice, from a simple single lead to 2- or

3-lead, or standard 12-lead system. The choice of a particular lead system is guided by the type of

clinical information desired and by various clinical issues and practical considerations. The two lead

systems that receive the most attention are the standard 12-lead ECG and the orthogonal lead system.

Our whole work is based on analysis of the 12-lead ECG system.

12-lead ECG

The heart is a three-dimensional structure. Its electrical currents spread out in all directions across

the body. The most widely used standard 12-lead ECG system comprises of three limb leads (I, II and
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1.3 ECG/MECG Data Processing

Figure 1.2: Spatial relationships of the six limb leads, which record electrical voltages transmitted onto the
frontal and horizontal plane of the body [1].

III), three augmented leads (aVR, aVL and aVF), and six precordial leads (V1, V2, · · · , V6) [2,4].

The electrical voltages transmitted onto the frontal and horizontal plane of the body are recorded by

the six limb leads and six precordial leads, respectively. Figure 1.2 shows the spatial view of different

leads along frontal and horizontal planes. Together, these 12 leads provide a three-dimensional picture

of atrial and ventricular depolarization and repolarization.

The importance of multiple leads can be illustrated in the diagnosis of a cardiac disease, say,

myocardial infarction (MI). An MI typically affects one localized portion of either anterior or inferior or

lateral portion of the ventricle. The changes in ECG produced due to anterior MI are usually seen in

the chest leads (V1-V4). The changes seen with an inferior MI usually appear only in leads such as II,

III, and aVF. Similarly, changes due to lateral MI appear only in leads such as I, aVL, V5, and V6.

1.3 ECG/MECG Data Processing

Cardiologists get information about heart by observing morphological features from the time-domain

ECG signal and can state the pathological condition of a cardiac patient. It is cumbersome for a

cardiologist to observe the large amount of MECG data. Manual identification of any change occurring

in the 12-leads and diagnosis from huge dataset is difficult, time consuming and may sometimes result

in incorrect diagnosis. This hurdle can be overcome by processing the ECG/MECG data automatically
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using computer-aided systems. In the broad sense, ECG/MECG processing refers to the study of

ECG signals and the ensuing processing methods. Some of the main applications of ECG/MECG

processing can be categorized as follows:

Noise elimination: One of the applications in almost every research on ECG signal is to get noise

free ECG with distinct morphological features. During recording, ECG is contaminated with different

types of noise due to power-line interference, muscle contraction, and motion artifacts, etc [5–9].

Challenges are there to remove these noise components without affecting the diagnostic features of

ECG signals.

Data dimension reduction: The ECG/MECG data recorded for longer duration produces a large

amount of redundant data. Dimensionality reduction refers to the process of reducing data dimension

by removing the redundant information present in the original data [10]. The goal of the dimensionality

reduction for physiological signals like ECG is not only to achieve higher compression ratio (CR) but

also to preserve the diagnostic information in the signal. Another challenge in today’s computationally-

intensive applications is fast processing with less computations.

Feature extraction and classification: Feature extraction refers to the task of extracting infor-

mative, relevant and non-redundant features from ECG signals which can facilitate in attaining good

classification performance. Feature extraction is related to dimensionality reduction. A reduced feature

set is expected to perform faster. Main challenges are to extract discriminant features from the ECG

signals in the presence of noise.

In the classification task, two or more classes are discriminated from each other by creating a

boundary between them. ECG classification is an important task in diagnosing cardiac patients by

classifying normal and abnormal classes. In this thesis, MI classification has been considered. De-

tection of MI is a binary-class problem whereas localization of MI is a multi-class case. Generally, the

classification problem is followed after extraction of features. Challenges are expressed in terms of

accuracy of the classifier.

Signal separation: ECG signal separation is an another problem where the signal of interest is

separated from a composite signal. One of the common problems in this case is separation of fetal

ECG from maternal ECG [11]. If ECG sensors are placed on the mother’s abdomen, it is possible to

record multiple differential signals between each pair of electrodes. Also, the amplitude of the fetal

6

TH-1744_11610236
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ECG is so small that it makes difficult to distinguish or analyze this signal. Sometimes it happens

that diagnostic features of fetal ECG overlaps with that of maternal ECG because of their overlapping

frequency ranges. The spectrum of maternal ECG may be up to 100 Hz, while the abdominal fetal ECG

frequencies are beyond 100 Hz. The frequency band of the QRS-complex overlaps largely between

the maternal and fetal ECGs [12].

Cardiac risk identification: Cardiac risk identification refers to the task for a machine to state

the risk level of a cardiac patient from the measured indices, which include T-wave alternans (TWA),

QT-interval, ST-segment elevation, etc. In this thesis, TWA indices are considered. The challenge is

there in findings the clinical significance of TWA.

�

A general block diagram for ECG/MECG data processing is shown in Figure 1.3. Preprocess-

ing stage includes different tasks like beat detection, amplitude and period normalization, artifact and

noise removal, etc. Now-a-days, beat detection has become a part of preprocessing stage in most of

the ECG applications. This is accomplished by following the Pan-Tompkin’s algorithm [13] or wavelet-

based ECG delineator [14]. The common types of noise that affect the ECG signal are baseline-

wander, electrode motion artifact, muscle artifact, and power-line interference. Different filtering tech-

niques are used to get rid of these effects. Baseline wander is a low-frequency artifact whose spectral

content is below 0.5 Hz [15]. Different methods such as high-pass filtering [16], empirical mode de-

composition [17], have been proposed to suppress the baseline. Powerline interference [5] is caused

due to te improper grounding of ECG equipment and interference from nearby equipment. These

interferences can be removed by linear and nonlinear filtering. A widely accepted wavelet-based sig-

nal denoising using wavelet shrinkage and soft thresholding is presented by Donoho [7]. Thakor and

Zhu [6] applied various adaptive filtering techniques to remove the baseline-wander, power-line inter-

ference and noises due to muscles and motion. Apart from these, amplitude normalization is another

preprocessing task that is being performed prior to further processing [18].

In data arrangement stage, single lead or MECG data is processed accordingly to get maximum

correlation. In [19–22], the single lead ECG is arranged as 2-D matrix after peak detection and period

normalization, which generally helps exploit inter-beat correlation. A complex lead piling process is

followed with an assumption to exploit inter-beat and inter-lead correlations in case of MECG data [22].

In a recent method [16], MECG data is processed directly, which makes use of inter-lead correlation.

7
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Figure 1.3: A general block diagram for MECG data processing

In data processing stage, ECG signal is processed for various purposes stated earlier in this chap-

ter either in time-domain or in some other transform-domain. In the next three sections, we discuss

about different ECG applications in time-domain and transform-domain. During postprocessing, the

transformed coefficients are used either for signal reconstruction or for feature extraction or for other

purposes.

1.4 Correlations Exploitation for Dimensionality Reduction

In literature, many ECG/MECG correlation exploiting methods have been reported since the late 1960s

mainly for data dimensionality reduction. As discussed earlier, the MECG data has three types of

correlations, viz. intra- and inter-beat, and inter-lead correlations. These correlations are exploited

to reduce the data dimension for noise reduction or data compression purposes. A survey on main

techniques for exploiting different types of correlations which are intended for data compression in most

of the articles is presented in this section. These can be classified as time-domain- and transform-

domain-based methods, depending on the domain in which these techniques are applied.

1.4.1 Time-domain-based methods

Time-domain-based ECG/MECG data processing methods find information present in ECG signal(s)

directly from actual signal samples or morphological features. The very early time-domain-based ECG

compression algorithms are amplitude zone time epoch coding (AZTEC) [23, 24], Fan/SAPA (scan-

along polygonal approximation), turning point (TP) [25], coordinate reduction time encoding system

(CORTES) [26].

The AZTEC algorithm, developed in late 1960’s for preprocessing real-time ECG’s for rhythm analy-

sis, was used as a data reduction scheme by the same authors [24]. Even though it achieved a sample

reduction ratio (SRR) up to 5:1, the reconstructed signal, P- and T-waves in particular, suffer from high

distortions (percentage root mean square difference (PRD) = 28%) which makes it unacceptable to
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1.4 Correlations Exploitation for Dimensionality Reduction

the cardiologists. Mueller developed the TP algorithm for the purpose of reducing sampling frequency.

Limitations with this method are fixed and poor SRR (2:1) and distortions in the reconstructed signal. In

early 1980’s, Abenstein and Tompkins proposed the CORTES scheme by combining the advantages

of both AZTEC and TP techniques. Among these three, CORTES scheme was found to perform better

in terms of PRD (7%) while keeping same SRR as that of AZTEC algorithm. To improve distortions in

the reconstructed signal of AZTEC algorithm, Ishijima et al. [27] proposed the SAPA algorithm, where

the signal is represented by consecutive straight lines. A modified AZTEC algorithm was proposed

in [28] to improve reconstructed signal fidelity. Further, the improved AZTEC proposed by Kumar et

al. [29] incorporated two steps to the previously reported adaptive AZTEC algorithm. This method

achieved a CR up to 9.91 with PRD ranges from 4.5 to 7.9%.

It is assumed till 1990’s that time-domain-based methods perform better compared to the trans-

formation methods in regard particularly to processing speed or data reduction ratio [10]. However,

these methods do not treat diagnostic features of the ECG signal well, and hence, the reconstructed

signal fidelity is not acceptable to the cardiologists. Also these methods do not make use of different

correlations of ECG signal(s). Hence, transform-domain-based methods have attracted the attention

of the researchers.

1.4.2 Transform-domain-based methods

In signal processing applications, the reason behind the transformation of the signal from one domain

to other is due to the difficulty in extraction of desired information from the original signal. It helps rep-

resent the original signal in a few number of transformed coefficients by retaining the signal energy in

them. Typically, adjacent samples of an ECG signal are highly-correlated, and the transformation tries

to decorrelate the signal samples. Various methods have been proposed to make good use of different

types of correlations of ECG/MECG data. Transform-domain-based methods can be categorized as

data independent or data dependent techniques based on the basis functions chosen. The works

presented in this thesis are based on the combination of both data dependent and data independent

transforms.

1.4.2.1 Data independent transforms

Data independent transforms, as the name suggests, are those transforms which do not depend on the

data to generate the basis functions or transform vectors. Set of basis functions are generated based

on a predefined function. Different data independent techniques that include the Fourier transform

(FT) [30], the Walsh transform [31, 32], the discrete cosine transform (DCT) [15, 33–35], the wavelet

9

TH-1744_11610236
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transform (WT) were proposed for different ECG applications. Among these, WT has been used

widely because of its both time-frequency localization properties, high energy compaction capability

and easy implementation [36–38]. The wavelet-based methods outperform the traditional time-domain

and frequency-domain methods.

Wavelet-based techniques

There are numerous articles on wavelet-based analysis those treat ECG signals for different applica-

tions. The advantage with WT is that, many coefficients in the wavelet domain are so small, which

can be set to zero without losing any significant information [39]. Many 1-D and 2-D wavelet-based

dimensionality reduction methods were reported. The 1-D methods are widely attempted because of

their simple structure and include the following stages: preprocessing, wavelet decomposition, and

quantization and encoding of wavelet coefficients.

Ramakrishnan and Saha [40] proposed a wavelet-based linear prediction for ECG coding. The

DWT is applied on period and amplitude normalized (PAN) beats. The selected wavelet coefficients

are linearly predicted and the prediction error sequence is transmitted. This method achieved an

average compression ratio (CR) of 18:1 (approx) with the average PRD value of 11:1% (approx).

This technique exploited both intra- and inter-beat correlations by reducing PAN wavelet coefficients.

Ahmeda and Abo-zahhad proposed a hybrid technique based on the combination of WT and linear

prediction [41]. It achieved an average CR of 20:1 with PRD less than 4%. However, computational ef-

ficiency of this method has been degraded because of different stages such as beat detection, period

and amplitude normalization, and interpolation filter, included in this method. Furthermore, improper

designing of interpolation filter arises the aliasing effect. Alesanco et al. [42] proposed another ECG

compression method for telemonitoring applications. It has different intermediate stages including

preprocessing (baseline removal, beat delineation), template matching, WT, coefficient thresholding,

adaptive pulse code modulation and Huffman coding. The compression performance depends on the

accurate segmentation of the beats of real time ECG signals. Another limitation in this method is its

complexity due to a number of steps involved. To reduce the complexity of these methods, later, low

complex wavelet-based thresholding methods were proposed. These methods utilize preprocessing,

WT, thresholding and quantization of the wavelet coefficients, etc. Rajoub [18] proposed a wavelet-

based ECG data compression technique. After applying DWT, wavelet coefficients were thresholded

based on energy packing efficiency and encoded by coding significance map and significant coeffi-

cients. This method achieved a CR value of 22.19:1 with a low PRD value of 1.06%. To enhance the

reconstruction quality, both the thresholding and the entropy coding schemes were carried out in [43],

10

TH-1744_11610236



1.4 Correlations Exploitation for Dimensionality Reduction

utilizing the PRD as the target to terminate compression. However, PRD cannot not be considered as

a good measure of quality of compressed signals, and a low PRD value does not always guarantee the

clinical acceptance. To improve the reconstruction performance, Blanco-Velasco et al. [44] presented

a thresholding-based method for ECG compression using wavelet packet (WP). The 4th level WP de-

composition using the biorthogonal wavelet filter as mother wavelet was applied to the ECG signal.

By using WP, the signal energy is suitably packed in fewer wavelet coefficients. This method achieved

CR around 10:1 with PRD value under 3%. Tai et al. [45] proposed a 2-D wavelet-based ECG data

compression method. It employed modified set partitioning in hierarchical trees (SPIHT) algorithm.

An ECG signal was cut and aligned to form a 2-D data matrix, and then 2-D WT and the modified

SPIHT were applied. The modified SPIHT algorithm used the redundancy present among medium-

and high-frequency subbands of the wavelet coefficients. This approach exploits intra-beat and inter-

beat correlations that helped achieve CR of 10:1 and 20:1 with the corresponding PRD values of 1.57

and 3.81%, respectively.

The 2-D ECG compression methods performs better than the 1-D methods in terms of CR, but at

the cost of computational time and space complexity. This is due to additional steps needed during

the preprocessing. These methods are suitable for off-line processing of long duration ECG signals.

Earlier discussed 1-D methods are able to exploit only one type of correlation, especially, intra-beat

correlation, whereas the 2-D methods are able to exploit both intra- and inter-beat correlations, but

with increased number of computations.

1.4.2.2 Data dependent transforms

In contrast to the data independent transformation techniques, here the basis sets, which are gener-

ally orthonormal, are obtained from the data using an orthogonal transformation. These transforms

generate their transform vectors (basis sets) based on either a priori knowledge of the data or by

analysis of the data. Different data dependent transformation techniques, Karhunen-Loève transform

(KLT) or principal component analysis (PCA), singular value decomposition (SVD), etc. are applied

on ECG/MECG data for various purposes. PCA decomposes the covariant structure of the dependent

variables into orthogonal components by calculating the eigenvalues and eigenvectors of the data co-

variance matrix. SVD decomposes directly the data dependent variables into orthogonal components

by calculating the singular values and singular vectors of the data matrix. The main objective of these

methods is to decorrelate the original signal and repack the signal energy with fewer coefficients. The

advantage of such techniques is that they can adjust themselves to the characteristics of the data,

while the main disadvantage is that they tend to be more computationally intensive. There is also the
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problem of storage of the transform vectors as these are unique for the data set under analysis. This

overhead can become relatively large if the number of signals in the set is small, or if the length of

each signal is large.

For ECG/MECG dimensionality reduction, KLT-based methods have been proposed [8, 46–49].

Young and Huggins [46] studied the temporal characteristics of the ECG signal and named the theory

as intrinsic component theory, which is also known as the eigenvalue problem . Later, Ahmed et al. [47]

proposed KLT-based ECG compression. It is shown that almost all of the 128 ECG samples energy

is packed into nearly 45 KLT components. In 1998, Blanchett et al. [49] proposed a KLT-based quality

controlled single-lead ECG compression. In order to reduce the computation of KLT, they adopted a

multirate sampling strategy where ECG samples are down sampled. Further for computational and

storage efficiency, Olmos et al. [8] applied KLT to the entire beat signal and to independent windows

(P-wave, QRS-complex and ST-T complex). They concluded that KLT to the independent windows

performs better (CR = 17.12:1) at the cost of MSE (0.44%) compared to the entire beat signal (CR =

12:1, MSE = 0.3%). Another robust extension of classical PCA by analyzing shorter signal segments

was suggested in [50]. The main disadvantage with KLT- or PCA-based methods is that they tend to be

more computationally intensive as these are based on determining the eigenvalues and corresponding

eigenvectors of the covariance matrix of the original data. Also in these methods, MSE was evaluated

which is not a meaningful error measure from the preservation of diagnostic information. Wei et

al. [21] proposed the SVD-based compression method for single lead ECG data, which does not

require evaluation of covariance matrix. The proposed method was able to exploit intra- and inter-beat

correlations of the ECG signal. It achieved a CR value of 10:1 with a low PRD value of 1.18%.

Keeping in view of the importance of the MECG data, efforts on exploiting the inter-lead correlation

among the leads have been carried out. Cetin et al. [48] proposed a MECG compression technique

using KLT and DCT to remove the inter-lead correlation among leads. This method achieved a CR

value of 6.17:1 with a PRD value of 6.19%. This low CR is due to the high morphologic variability

among the leads compared to lower variability in ECG samples. However, to exploit both intra-beat

and inter-lead correlations in MECG data, authors followed a complex lead piling process prior to

applying SVD [22].

Besides dimensionality reduction, these data dependent transforms have been used for other ECG

applications. The KLT-based transform has been used for different ECG/MECG applications, including

QRS representation and noise estimation [51], ST-T complex analysis for alternans detection [52].

PCA has been used widely on ECG/MECG data for beat detection and classification [53–55], ECG
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feature extraction for studying the effect of diabetes [56], and cardiac risk identification using TWA

[57–59]. PCA was also used as a tool for separating respiratory and non-respiratory segments in

an ECG signal [60]. Similarly, SVD also has been used on ECG/MECG data for noise filtering [15],

dimensionality reduction [21,61–63], and fetal ECG extraction [11].

1.4.2.3 Hybrid transforms

The most attractive feature of WT which has drawn attention of many researchers is its simultane-

ous interpretation of the ECG signal in both time- and frequency-domains. Similarly, data dependent

transforms linearly project the high-dimensional original data to a set of uncorrelated components in a

low-dimensional feature space. Therefore, WT combined with PCA has been one of the most powerful

approaches in recent years. A multiscale PCA-based MECG data dimensionality reduction technique

was proposed [16], with a hypothesis to enhance the performance in terms of preservation of diagnos-

tic information. Although the MECG data was considered, the MSPCA algorithm exploited only spatial

or inter-lead correlation of the MECG data.

1.5 Feature Extraction for MI Classification

Myocardial infarction (MI) is a cardiac disorder that occurs due to the blockage of oxygen rich blood

flow to the heart muscle. It can be detected by evaluating the clinical features, or by elevated values

of biochemical markers of myocardial necrosis, or by imaging technique [64]. Following the last two

procedures, it takes a long time to notice the probability of positive MI. More details about MI and its

symptoms in ECG leads can be studied in [64]. However, MI produces certain changes in the ECG

signal (Q wave, ST deviation, and T wave inversion). Hence, analysis of clinical features from the

MECG is essential for detection and accurate localization of MI.

In this task, the objective is to extract discriminative features, decide whether MI is present or not,

and then localize the infarction in the heart wall where it is. Detection compared to localization is an

easier process. For localization, it is essential to study the MECG (12-lead ECG), which provides

the spatio-temporal views of the heart (Section 1.2): (i) from anterior using V1 to V4, (ii) from lateral

using I, aVL, V5 and V6, and (iii) from inferior using II, III and aVF. Based on this, MI has been

classified as anterior (AMI), antero-lateral (ALMI), antero-septal (ASMI), inferior (IMI), infero-lateral

(ILMI), infero-posterior (IPMI), infero-postero lateral (IPLMI), lateral (LMI), posterior (PMI), and postero-

lateral (PLMI). Depending on the location of the infarction, cardiologists mark alterations in the MECG,

and that too in localized ECG. However, manual identification of these changes in MECG from a huge
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database is difficult and may lead to incorrect diagnosis in the presence of noise. Accurate diagnosis

of MI depends on how effectively different types of MI’s are classified. The computerized methods can

determine these minute variations in MECG and can enhance the classification accuracy. For this to

happen, it is essential to evaluate the characteristics of the MECG by extracting discriminate features.

Many feature extraction techniques for MI detection have been proposed [65–69]. Methods based

on processing of ECG signal in time-domain have included use of QRS measurement and neural net-

works [70], ST elevation parameters using neural-fuzzy approaches [71], Q- and T-wave amplitude

and ST-deviation features [66], ST-segment analysis using multiple instance learning [67]. Among

these methods, Arif’s method [66] achieved the best performance with MI classification accuracy over

98%. Although time-domain features are direct measures for MI, in the presence of noise, these fea-

ture or parameter values alter. This may affect the final performance. To extract information which

may not be readily available from the original time-domain signal, transform-domain tools are applied

to single or multilead ECG signals to capture more discriminating features. Jayachandran et al. [72]

used energy-entropy characteristics using DWT to achieve MI detection accuracy of 95%. Banerjee

et al. [73] employed the cross wavelet transform and wavelet coherence techniques for analysis and

classification of ECG signals. Their study showed distinguishing characteristics over the QRS complex

area and T-wave region. This method classified normal and inferior MI data with accuracy, sensitivity,

and specificity of 97.6%, 97.3%, and 98.8%, respectively. Sharma et al. proposed a multiscale energy

and eigenspace approach for classification of MI. This approach achieved a detection and localization

accuracies of 96% and 99.58%, respectively. Instead of classifying one or two types of MI from normal

subjects, this method classifies six types of MI. A detail review on different feature extraction tech-

niques from the perspective of feature dimension size and performance measures will be discussed in

Chapter 2.

1.6 TWA Analysis

T-wave alternans (TWA) is a cardiac phenomenon in which repolarization morphology (amplitude,

wave shape or polarity) consistently fluctuate on an every-other-beat basis [59,74–77]. TWA has been

recognized and linked to arrhythmogenesis for more than a century [78] and was considered to be a

rare finding until the early 1980s. Adam et al. [79] in 1981 first measured non-visible microvolt-level

TWA (µ-TWA). From here onwards, TWA refers to µ-TWA.

TWA has been associated with the risk of suffering life-threatening arrhythmias, including acute my-

ocardial ischemia and infarction, heart failure, and congenital diseases, including Brugada syndrome
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and long QT syndrome [80]. It is studied extensively as an index of sudden cardiac death (SCD)

risk identification [81], including patients with dilated cardiomyopathy [82], long QT syndrome [83], is-

chemic cardiopathy [84], previous myocardium infarction [85–87], etc. In this thesis, we will study the

TWA analysis for risk analysis in post-MI cases.

TWA usually is non-visible to the naked eye as its amplitude can be below than the noise level.

Prior to clinical validation using TWA as a risk stratifier, accurate methodological evaluation, including

TWA detection and estimation is necessary. A number of signal processing techniques have been

proposed to detect and quantify TWA. Martinez and Olmos [74] discussed methodological approaches

of most of the methods till the year 2005. Earlier to this study, criteria for the TWA analysis were

diverse. In [74], existing methods were discussed in the light of three-stage unified framework involving

preprocessing, data reduction and TWA analysis. The TWA analysis in most methods are based on

the short-time Fourier transform of time-domain beat-to-beat series. The most widely used among

these are the spectral method (SM) by Smith et al. [88], modified moving average (MMA) method by

Nearing and Verrier [89]. Another method based on linear and nonlinear filtering of beat-to-beat series

is the Laplacian likelihood ratio method [90, 91]. Drawbacks in earlier methods are their sensitivity

to the presence of nonalternant components with high amplitude or their poor sensitivity to low-level

TWA [59]. Some of the methods only detect TWA, but do not estimate the TWA waveform. Hence,

these methods cannot be relied for arrhythmic risk identification [92]. Till 2008, the TWA analysis

methods were developed for single lead ECG and are applied to each lead of MECG independently. In

Physionet/CinC challenge 20081, with a theme for ‘Detecting and Quantifying T-Wave Alternans’, few

methods [57,93,94] were proposed for multilead ECG. Monasterio et al. [59,95] proposed a PCA- and

periodic component analysis-based TWA analysis schemes for MECG data. The hypothesis behind

these methods is to exploit spatial redundancy of MECG data. Later different methods [76, 77] have

been proposed to improve TWA analysis performance.

1.7 Scope of the Present Work

The MECG data provides the electrical activity of the heart from different locations. For proper di-

agnosis, clean signals with all morphological waves are required. Preprocessing of these signals is

performed to improve their quality. Then, the signal processing is carried out for different purposes,

which are mentioned in Section 1.3, either in time-domain or in transform-domain. However, the long

duration MECG data, which is spatially and temporally correlated, is cumbersome to analyze in time-

1http://physionet.org/challenge/2008/
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domain. Correlations present in the MECG data can be exploited for various MECG data processing

applications.

This research will address analysis on the spatio-temporal dynamics of the heart by exploiting

different types of correlations. Though several works are reported in the literature for this purpose,

simultaneous analysis of multiple leads and ECG cycles information is a limitation in this field. It

is expected that simultaneous analysis may reveal some extra information which will help enhance

the performance of various ECG processing applications. The available methods consider either of

the information but not both. Considering applications like dimensionality reduction, data dependent

transform methods are found to perform better over others because of their high decorrelation property.

Meantime, multiscale analysis of WT using dyadic structure is being used to preserve the diagnostic

information of ECG signal effectively. This is because of its grossly segmentation capability of ECG

signal into components that appear at different scales. Combining data dependent transforms with

WT can be a better approach for simultaneously reducing the dimension and extracting discrimina-

tive features for different tasks. The recently proposed PCA algorithm exploited inter-lead correlations

in multiscale domain for data dimensionality reduction and feature extraction [16, 68]. There are still

possible ways to exploit other types of correlations using effective data dependent transformation tech-

niques. Meantime, the correlations have been exploited for data dimensionality reduction in most of

the articles. There is a scope to study the effects of correlation exploitation for other ECG/MECG

applications.

In another perspective, it is a well established fact that the reconstructed subband signals are

correlated [16, 96, 97]. The other aspect of multilead correlations in wavelet domain is not studied

extensively. Authors in [16,68] have applied PCA on the wavelet coefficients. A fundamental question

raises here: whether the subband wavelet coefficients of all leads in a particular scale are spatially

and temporally correlated or not? And the answer is yes. It is expected that exploitation of correlations

present in wavelet coefficients not only will improve the storage efficiency and the computational time

but will help for other purposes, also.

1.8 Organization of the Thesis

The rest of the thesis is organized as follows:

In Chapter 2 , related reviews on ECG (single and multilead) signal processing methods such as

ECG correlation exploitation techniques, classification of MI, TWA detection and estimation techniques

are portrayed.
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Chapter 3 presents a fast and computationally efficient MECG data processing algorithm. Ap-

plication of SVD directly on wavelet transformed MECG data exploits both intra-beat and inter-lead

correlations, and simultaneously retains diagnostic features of the ECG signal. Based on drawbacks

of existing thresholding techniques, a multiscale energy based new thresholding method is proposed.

Finally, a simulation study of the proposed method for wireless body sensor network is presented. The

effectiveness of the proposed method for this type of applications is demonstrated by evaluating com-

putational and time complexity of the proposed method and comparing these with the state-of-the-art

methods.

Chapter 4 proposes a novel third-order tensor representation of MECG data that helps exploit all

three types of correlations. This chapter illustrates the proposed new structure in two applications,

namely data dimensionality reduction scheme and classification of MI. An energy-based threshold-

ing technique is proposed to reduce the dimension of the MECG tensor. Mode singular values and

normalized multiscale wavelet energy features are extracted from the reduced tensor MECG for clas-

sification of MI. Classification performances are evaluated by without over-fitting training and testing

data. Then these performances are compared with the state-of-the-art methods.

Chapter 5 discusses a novel TWA detection and estimation approach for MECG data. Experiments

are conducted in semi-synthetic and real ECG databases. TWA detection and estimation results are

validated by evaluating some statistical techniques. Later, an informative study on MI progression over

a period of time is presented by analyzing the TWA amplitude variation in different leads.

A summary of the present work with major contributions is discussed in Chapter 6 . Further re-

search on higher-order representation of MECG data volume are also presented.
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2. Transform Methods for ECG/MECG Analysis: A Review

Research on MECG data processing has experienced noticeable advances in the last few years,

and several techniques have been published. As discussed in the last chapter, the objective of this

thesis is to develop MECG data processing methods for three separate but interconnected topics,

viz. dimensionality reduction, feature extraction for MI classification, and TWA analysis to study MI

progression in post-MI cases. These tasks are based on simultaneous exploitation of spatio-temporal

correlations using data dependent transformation techniques. These transformations are carried out

on wavelet transformed data.

This chapter reviews the related works on above mentioned three topics, and distortion measures

those are carried out or used in this thesis. It is difficult to present a review on these topics altogether,

hence, these have been reviewed separately. Accordingly, this chapter is divided into a number of

sections. As the data dependent transformation techniques are applied on the wavelet transformed

MECG data, it is necessary to review the wavelet applications to ECG signals. In Section 2.1, we

discuss a brief review on DWT, multiresolution analysis and synthesis, multiscale decomposition of

MECG data. In Section 2.2, a review on data dependent transformation techniques for ECG correlation

exploitation is presented. This section also presents a comparative analysis among these techniques.

This is followed by reviews on feature extraction methods for MI classification in Section 2.3. This

section also summarizes the most popular SVM classifier with performance evaluation measures. In

Section 2.4, TWA analysis methods starting from the classical to very recent ones with their limitations

are reviewed. Towards the end of this chapter, ECG databases and distortion measures used in this

thesis are discussed in Sections 2.5 and 2.6.1. Finally, motivation of the work is drawn in the last

section.

2.1 Wavelet Transform Application to ECG Signal

Wavelet transform (WT) is a mathematical tool, used for simultaneous signal analysis in the time-

and frequency-domains, and classifies local and transient components at various scales. A detail

description on WT is presented in [38]. It has attracted researcher’s attention for nonstationary signals

like ECG because of its better time-frequency localization property [14, 16, 18, 39, 40, 96, 98–101]. It

localizes ECG diagnostic parameters simultaneously in both time- and frequency-domains and grossly

segments these in different subbands. An excellent review on wavelet transform and its application

on ECG signal can be found in [102]. In this section, we discuss briefly on DWT (a data independent

transform technique) and MRA property. Multiscale decomposition of MECG data is also discussed to

build the motivation of this thesis.
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2.1 Wavelet Transform Application to ECG Signal

A wavelet family ψa,b(t) contains the set of elementary basis functions which is generated by dila-

tions and translations of a unique admissible mother wavelet ψ(t) [36–38] and is represented as

ψa,b(t) =
( 1
√

|a|
)

ψ
( t− b

a

)

(2.1)

where a, b ∈ R and a , 0. Dilation and translation of the mother wavelet continuously generates

redundant information, and hence it is dilated and translated discretely. For this, parameters are set as

a = aj
0 and b = kb0a

j
0, where j, k ∈ Z are dilation (scale) and translation parameters [103], respectively,

and a0 > 1, b0 > 0. The discretized wavelet is represented as

ψj,k(t) =
( 1
√

|aj
0|

)

ψ
( t− kb0a

j
0

aj
0

)

= a
−j/2
0 ψ(a−j

0 t− kb0) (2.2)

The corresponding discrete wavelet transform (DWT) coefficients are given as

wj,k =< x(t), ψ∗
j,k(t) >=

1√
2j

∫

x(t)ψ∗(2−jt− k)dt (2.3)

The parameters a0 and b0 are selected in such a manner, the family of dilated mother wavelet forms an

orthonormal basis. The usual choice for a dyadic DWT is a0 = 2 and b0 = 1, and the discrete wavelet

family is given by ψj,k(t) = 2−j/2ψ(2−jt− k), constitutes an orthonormal basis. The signal x(t) can be

represented as a linear combination of these basis functions as

x(t) =
∞∑

j=−∞

∞∑

k=−∞

wj,kψj,k(t) (2.4)

The above choice of a0 and b0 leads to multiscale decomposition technique where it decomposes a

signal into a number of scales with different time and frequency resolutions.

2.1.1 Multiresolution/multiscale analysis and synthesis

In this subsection, a brief discussion on multiresolution analysis (MRA) is presented. Sometimes

authors have used multiscale decomposition (MSD) in place of MRA. A complete discussion on MRA

theory can be found in [36,37]. Wavelet analysis is described using two basic functions, the scaling φ(t)

and the wavelet ψ(t) functions. The wavelet function is formed by dilation and translation of a single

function ψ(t) and is given as ψj,k(t) = 2−j/2ψ(2−jt−k). The scaling and the wavelet functions together

resolve the signal into coarse (low resolution) and detail (high resolution) components, respectively, as

x(t) = Aj(t) +Dj(t) +Dj−1(t) + · · · +D1(t) (2.5)

where Aj(t) and Dj(t) are the approximation and the details components at level j.
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The dyadic WT is implemented using a multiresolution pyramidal decomposition technique. The

approximation Aj(k) and details Dj(k) coefficients can be defined using the scaling function φ(t)

and the wavelet function ψ(t) as Aj(k) =< x(t), φj,k(t) >, Dj(k) =< x(t), ψj,k(t) >, and Aj(k) =

Aj+1(k)+Dj+1(k). The next coarser, j+1 scaling (Aj+1) and wavelet (Dj+1) coefficients are obtained

as follows. The jth scale coefficients (Aj) are filtered using two finite impulse responses of low-pass

and high-pass digital filters, followed by the down-sampling process which results Aj+1 and Dj+1

coefficients, respectively. In general, at jth decomposition level, the details subbands are denoted

as Dj , j = 1, 2, · · · , L and the approximation subband is denoted as AL, where L is the wavelet

decomposition level.

The bandwidth (∆Fj) of jth wavelet subband is given as [96]

2−j−1Fs ≤ ∆Fj ≤ 2−jFs (2.6)

where Fs is the sampling frequency of the signal. Based on different sampling frequencies, Al-Fahoum

heuristically derived the value of L that satisfies the frequency span of ECG morphological features

[104] and is given as

L = ⌊log2 Fs − 2.96⌋ (2.7)

where ⌊.⌋ is the floor value of a number.

The recombination of the wavelet coefficients to reconstruct the original signal is basically a synthe-

sis problem. Unlike the analysis process, here, the algorithm simply inverts the process, by combining

and upsampling technique with linear filtering operations.

2.1.2 Multiscale decomposition of MECG data

In [96], authors had shown that, ECG diagnostic or morphological features are grossly segmented into

different subbands. In the follow-up articles [16,105,106], the same concept was extended for MECG

data. It is a well-known fact that, the synthesized or reconstructed subband signals of all leads at a

particular scale are correlated, which have been shown in [107, cf. Ch. 2, pp. 41]. Analyzing further,

an MECG data (Fs = 500 Hz) is wavelet decomposed with six levels. The original leads and their

subband wavelet coefficients (not the reconstructed subband signals) are shown in Figure 2.1. In this

figure, only five ECG signals (I, II, V1, V2 and V5) have been plotted. Depending on the frequency

content of the morphological features of the ECG signal, these are segmented into different subbands.

In this figure, we can observe that, the wavelet coefficients of all leads at each scale are spatially and

temporally correlated. Hence, there is a need of exploiting the correlations present in subband wavelet
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Figure 2.1: Original ECG leads after baseline-wander removal and their subband coefficients with six level
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coefficients using a data dependent transform technique. In this thesis, correlations present in both

subband wavelet coefficients (Chapters 3 and 4) and reconstructed subband signals (Chapter 5) have

been exploited.

In the present times, wavelet transform-based methods are being popularly used in ECG process-

ing. However, it is evident from the literature that, WT methods have been applied to a single lead

ECG where sample or beat dependencies have been exploited. It is difficult to analyze spatial reso-

lutions/correlations using WT. Applying data dependent transforms like PCA or SVD on these wavelet

coefficients may exploit spatial or spatio-temporal correlations.

2.2 PCA- and SVD-based ECG Analysis: A Methodological Review

In this section, the existing PCA- and SVD-based ECG analysis methods those exploit different cor-

relations are reviewed, compared and discussed in the light of the three-step common framework,

viz., preprocessing, transformation and thresholding with performance measure. Prior to this, a basic

review on PCA and SVD is presented as these are common in the methods to be discussed.

2.2.1 PCA/KLT and SVD

The major concern with high dimensional ECG datasets is that, all the recorded signals or the con-

stituent features are not important for interpretation. PCA and SVD are the most established tech-

niques in multivariate statistical analysis and have been applied to various ECG applications (Chapter

1). The reason being PCA and SVD are used for most of the ECG applications that there is a large

amount of redundant information along with noise and artifacts which are unnecessary for diagnostic

applications.

PCA/KLT: Principal component analysis is the common data dependent transformation technique

that is being used in different fields [108]. In signal processing field, it is also interchangeably named

as Karhunen-Loève transform (KLT). It converts a set of observations of possibly correlated variables

into a set of values of linearly uncorrelated variables called principal components (PCs) [109–111].

The PCs retain most of the information, both in the sense of maximum variance of the features and

minimum reconstruction error. Let the data matrix Xm×n with m < n. First, the sample covariance

matrix is calculated as RX = E[(X − µ)(X − µ)T] or RX = E[(X − µ)T(X − µ)], where µ is the mean

of the data matrix X. The transformation matrix V is obtained by solving the eigenvector equation

RXV = VΛ (2.8)
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where V and Λ are eigenvector and eigenvalue matrices. Finally, the KLT Y of X is given as

Y = VX. (2.9)

The eigenvectors in V are ranked from the highest to the lowest corresponding eigenvalues. The

first PC (highest eigenvalue) has the largest possible variance in the data, while each successive com-

ponent also has the highest possible variance, under the condition that all components are mutually

uncorrelated. Although KLT and PCA are interchangeably described in literature and are quite equiv-

alent, the only difference is that, KLT analyzes the spectrum of the covariance matrix (RX), whereas

PCA analyzes the spectrum of the sample covariance matrix (R̂X) where sample means have been

removed. As the transformation matrix V is formed from the covariance matrix, one thing we can

observe from the computation of PCA is that, it models only single-factor (either row-space or column-

space) variation, but not both.

SVD: The key idea of the SVD is also to capture the significant information of the data matrix. It

decomposes the data matrix X as

X = UΣVT (2.10)

where U and V are left and right orthonormal matrices, respectively, and Σ= [diag{σ1, σ2, · · · , σm} :

0] = [Σ̂ : 0], σ1 ≥ σ2 ≥ · · · ≥ σm > 0, is the singular value matrix and σ′
is are singular values

(SVs). The matrix U contains eigenvectors of the covariance matrix R1 = XXT whereas V contains

that of the covariance matrix R2 = XTX. Hence, SVD can model both row- and column-space

variations [112]. Details on SVD and how SVD models both spaces will be discussed in Chapter 3.

Unlike PCA/KLT, the data matrix can be approximated directly using few SV coefficients (say K =

min(m,n)) and is represented as following

X̂ =
K∑

i=1

uiσiv
T
i (2.11)

where X̂ is the reconstructed data matrix.

While formally both PCA/KLT or SVD solutions can be used to calculate the corresponding PCs or

SVs in a similar manner, the extra step of calculating the covariance matrix R = XXT or R = XTX

leads to numerical rounding errors and requires more computations when calculating the eigenval-

ues/vectors [113]. Hence, it is better to use SVD over PCA.
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2.2.2 Steps for implementation of PCA- or SVD-based methods

As mentioned earlier, a three-step common framework for PCA- or SVD-based ECG/MECG dimen-

sionality reduction methods is discussed here. Table 2.1 summarizes a quick review on the most

relevant similarities and differences of these methods.

2.2.2.1 Preprocessing stage

The basic and foremost step in any ECG application is preprocessing where a signal is conditioned

for further processing. The preprocessing stage includes baseline cancellation, beat detection, pe-

riod normalization, and noise filtering to accelerate further processing. In correlation exploitation

transform techniques, basically baseline wander cancellation is performed using spline interpolation

or filtering technique (Chapter 1). To apply these data dependent transforms, ECG or MECG data

need to be represented in 2-D matrix form. Methods dealing with the single lead ECG [21, 22] fol-

low R-peak detection and period normalization. Period normalization is performed using interpolation

technique or zero-padding scheme [19]. However, authors in [21] followed a different technique for

period normalization. An ECG segment yi = [yi(1), yi(2), · · · yi(n
′)] can be converted into a segment

xi = [xi(1), xi(2), · · · xi(n)] that holds the same signal morphology with a different length (n′
, n) using

the following expression

xi(j) = yi(j
′) +

(
yi(j

′ + 1) − yi(j
′)
)
(rj − j′) (2.12)

where rj =
(j − 1)(n′ − 1)

n− 1
+ 1 and j′ is the integral part of rj. The mean beat period (MBP) is chosen

as normalized length n and is also retained as the beat information.

After detection and normalization, m number of beats are arranged in rows whereas their corre-

sponding n samples in columns of a matrix X which is given as

X = [x1; x2; · · · xm] (2.13)

where xi = [x(1) x(2) · · · x(n)] is a row vector containing beat samples.

In case of MECG, Castells et al. [22] proposed a new lead piling approach to apply the data

dependent transforms. The vector xi is modified as xi,l where the indices i and l denote beat and lead

numbers, respectively. The leads xi,1, xi,2, · · · xi,l of the i th beat are piled into an ln× 1 vector x′
i , and

it is given as x′
i = [xi,1; xi,2; · · · xi,l]. Then the ln×m multilead data matrix X′ is given as

X′ = [x′
1; x′

2; · · · x′
m]. (2.14)

This lead piling procedure requires more time and computations. To simplify the computational
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complexity, multilead ECGs were processed without using the lead piling process. The multilead ECGs

were replaced with a number of beats in (2.13) to form the data matrix [16, 48]. Here, a fixed number

of ECG samples were considered. Additionally, in [48], the redundant leads (III, aVR, aVL, aVF) from

standard 12-lead ECG data were discarded. Then the order of the ECG leads were rearranged to

bring correlated leads close to each other. It is expected high correlation among the precordial leads

(V1−V6) as these represent heart vector amplitude variations with respect to time from six different

narrow angles. The limb leads (I and II) have relatively less energy contents with respect to the

precordial leads. Hence, the precordial leads followed by the limb leads were arranged in the data

matrix.

2.2.2.2 Transform stage

Transform techniques convert ECG samples into coefficients reflecting characteristics of the morpho-

logical waves. In this stage, the data matrix is transformed using (2.9) or (2.10), depending on the

transform is being used. In most of the methods [47–49], KLT/PCA was applied directly on the data

matrix X. As PCA can model only single-factor variation, methods for single lead ECG exploit intra-

beat correlation [47,49], whereas in case of MECG data, inter-lead correlation has been exploited [48].

Wei et al. [21] applied SVD on single lead ECG to exploit both, intra- and inter-beat correlations.

To preserve the diagnostic information of the MECG data, multiscale PCA (MSPCA) algorithm was

proposed [16]. After arranging fixed ECG samples (4096) of 12-lead ECG in a matrix form of size

12×4096, MRA using DWT was applied to each lead samples. The L-level decomposition resulted

L + 1 subband matrices; one approximation subband matrix (AL) and L number of detail subband

matrices (DL, DL-1, · · · , D1). Then PCA was applied on these matrices. This method as expected

exploits only spatial or inter-lead correlation of MECG data. Hence, there is a need of algorithm(s)

for MECG data which can exploit spatio-temporal (intra-beat, inter-beat, and inter-lead) correlations

simultaneously.

2.2.2.3 Thresholding stage with performance measure

Thresholding stage

The information preserved in this stage will be accessible for further analysis like reconstruction, fea-

ture extraction, etc. It is, therefore, important that ECG morphological features are well preserved in

the reduced coefficients. Transform-based methods pack the energy of the signal into a few coeffi-

cients K < min(m,n). This requires thresholding of PCs or SVs. The criteria to select these PCs and

SVs is diverse. In most methods [47–49], a straightforward way to choose the value of K is by select-
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ing a fixed number of PCs, and this value is chosen based on a minimum mean square error. In [47],

the value of K was selected in between 32 and 64 out of 128. It is not always possible to preserve the

diagnostic features using a fixed number of PCs. Since the information energy of the matrix X can be

expressed as the sum of squared SVs, an energy-based thresholding was used in [21] to retain most

of the signal energy. The percentage of information energy within a certain SVs was defined as the

energy ratio (ER), which was given as

ER(%) =

K∑

i=1
σ2

i

rank(X)∑

i=1
σ2

i

× 100 (2.15)

In this method, basically a fixed percentage of the information energy of the data matrix is retained. In

abnormal conditions, the reconstruction signal fidelity using a fixed value selection of PCs or energy-

based thresholding of SVs is not always acceptable. These types of thresholding introduce distortions

in abnormal ECG signals (for example in [21, cf. Figures 8 and 12]).

To reduce distortions, another thresholding technique based on average fractional energy con-

tribution (AFEC) of the eigenvalues in different subbands was proposed. The AFEC for a particular

subband was defined as the ratio between the sum of eigenvalues of that particular subband to the sum

of eigenvalues of all subbands. Mathematically, the AFEC for a details subband (say, Dj , j = 1, · · ·L)

was expressed as

ηDj
=

1

m

(
m∑

i=1
λDji

m∑

i=1
λALi

+
L∑

j=1

m∑

i=1
λDji

)

(2.16)

where m denotes number of leads, λALi
is the i th eigenvalue of the subband AL, and λDji

is the

i th eigenvalue of the subband Dj . AFEC for the approximation subband was defined in a similar

manner, by replacing the sum of eigenvalues corresponding to the approximation subband matrix in

the numerator (2.16). The AFEC-based thresholding technique selects different number of eigenvalues

from different subbands based on their diagnostic importance. However, this thresholding technique

does not take any account on the variation of relative energy across subbands.

Performance measure

Transform-based correlation exploitation techniques for ECG compression are usually lossy, i.e. re-

constructed signal differs from the original signal. Although a certain amount of distortion is accepted,

but it should not be at the cost of diagnostic features of the ECG. Several error measures have been

proposed to measure the distortion level. The KLT is the optimum transform for random signal repre-
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sentation with respect to the mean-square error (MSE) criterion [47,49,114]. The algorithm [47] which

exploits intra-beat correlation achieved SRR of 3:1 for the MSE value of 0.34 %. Here, 128 ECG

samples energy was packed into about 45 KLT coefficients. Similarly, another KLT-based algorithm by

Olmos et al. [114] resulted a CR of 12:1 for the MSE value of 0.3 %. Although KLT approach is shown

to provide a high compression ratio, the computational time needed to calculate the KLT basis func-

tions is very intensive [10, 49]. Authors in [49] claimed that the KLT-based quality controlled algorithm

achieved an SRR of approximately 23:1, but they did not evaluate any distortion measures. However,

the only error measured in these methods is MSE which distributes the error equally over all portions

of the ECG signal, and hence, it is not subjectively meaningful in many cases. It is difficult to define

the clinically acceptable MSE value for a given compression method due to different dynamic ranges

of ECG signals. In the last two decades, PRD (Section 2.6.1), a non-diagnostic objective distortion

measure, has been used extensively. The truncated SVD algorithm [21] that exploits intra- and inter-

beat correlations, resulted a CR value of 10:1 with a low PRD value of 1.18 %. The low morphologic

variability among samples and beats helps result high CR in case of single lead ECG signals. The

KLT-based MECG compression algorithm achieved CR of 6.19:1 with a PRD value of 3.7 %. As the

MSPCA-based method [16] is able to exploit only inter-lead correlation of MECG data, it turns out to

result a poor CR compared to single-lead ECGs. This is due to high morphologic variability among the

leads. An SRR of 1.45:1 and an acceptable CR of 5.98:1 with PRD of 2.09 % were achieved. PRD

may not be a good measure of quality of the compressed signal, and also a low PRD value does not

necessarily mean clinical acceptance of morphological features of ECG signal.

2.3 Feature Extraction Methods for MI Classification

Over the last decades, evaluation of MI, the most common complications of coronary artery disease,

has evolved from visual inspection of the ECG to the use of computerized methods for classification of

different types of MI. Detection is the process of classifying an abnormal MI case from a normal case,

where as localization is the process of specifying the region of the coronary artery or the heart muscle

which have been affected. In this thesis, classification refers to both detection and localization as a

whole unless it is specified. This section reviews various feature extraction methods those have been

reported in the literature for MI classification.

Arif et al. [66] used time-domain ECG features of 12 leads for classification of MI. For each beat,

Q-wave amplitude, T-wave amplitude and ST-deviation parameters are extracted and combined for 12-

leads. This results a 36-dimensional feature vector for each beat. Features are extracted from 20,160
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Table 2.1: Reviews on data dependent transform techniques for correlation exploitations

Methods #Leads Preprocessing Description
Type of
correlation

Results Remarks

Ahmed et al.
1975

3 KLT and DCT intrabeat
SRR: 3:1

MSE: <0.0034

MSE-based
distortion measure

Cetin et al.
1993

12
Rearrangement of leads
to get max. correlation
[V1, V2, ... V6, I, II]

KLT and DCT intrabeat
CR: 6.19:1
PRD: 3.70%

Blanchett et al.
1998

1 KLT intrabeat

Wei et al.
2001

1
QRS detection,
Period normalization
based on MBP

Truncated SVD
intrabeat &
interbeat

CR: 10:1
PRD: 1.18%

Reconstruction signal
fidelity is poor in
abnormal conditions

Castells et al.
2007

1, 12 N. S. PCA, SVD

intrabeat or
interbeat

intrabeat &
interlead

Not reported

Sharma et al.
2012

12

ECG segmentation of
fixed 4096 samples
Baseline cancellation
using Butterworth HPF
Amplitude normalization

MSPCA
Threshold: subband
energy-based eigen
values thresholding

interlead
Database: CSE
CR: 5.98
PRD: 2.09%

Does not based
on variation of
relative energy
across subbands

3
0
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ECG beats for their study. KNN classifier is used. It achieves sensitivity and specificity of 99.9% for

detection of MI, accuracy of 98.8% for localization of MI. Meanwhile, it has to perform various steps

including extraction of beat-wise time-domain features.

Sun et al. [67] proposed a technique based on latent topic multiple instance learning (LTMIL) for

automatic detection of MI without labeling any heartbeats. After detecting fiducial points using [13],

ST-segments of each one-lead heartbeat is sampled to 200 points. Features are extracted using a five-

order polynomial fitting technique. This requires six polynomial coefficients to represent ST-segment

information of one-lead heartbeat. Two other ECG morphological features considered are the ratio of

the average ST-segment length to the average RR-interval length, and the height-to-length ratio of the

ST-segment for each heartbeat. The feature vector dimension becomes 74 (= 12 × 6 + 2) for each

beat. This method achieved sensitivity and specificity values of 92.3± 0.84 and 88.1± 2.3, respectively,

by using support vector machine (SVM) classifier. In this method, MI abnormality due to the Q-wave

has not been considered. Performance of this method also depends on the accurate detection of

ST-segment characteristics.

In a recent work, Liu et al. [69] proposed a polynomial fitting based feature extraction technique

for detection of MI. A given ECG signal is fitted with a 20th order polynomial function defined as

PolyECG-S. This method shows an accuracy level of 94.4% with the test dataset.

The above discussed time-domain-based feature extraction algorithms result better detection ac-

curacy but these do not perform well during localization of MI, for instance, localization accuracy in [67]

is 76.6 %. This is due to the non-stationary behavior of ECG is not depicted properly by time-domain

features. Hence, the original MECG data is transformed from time-domain to other domain where

concealed and discriminant features are extracted.

In a recent work [68], authors proposed a multiscale energy and eigenspace analysis technique for

classification of MI. After preprocessing and multiscale analysis, energy and eigenspace features are

extracted. The multiscale energy of a particular subband is given by

Em
D =

q∑

k=1
[wm

j,k]2

q
(2.17)

where wm
j,k is the kth wavelet coefficient at jth level of mth lead, and q is the number of coefficients in a

particular subband. The multiscale eigenvalue features are extracted by applying PCA, which follows

covariance matrix formation and eigenvalue decomposition, on the multiscale matrices. Then six

dominant eigenvalues from A6, D6, D5 and D4 are considered. This results 24 (= 6 × 4) eigenvalues

and 48 (= 12 × 4) multiscale energy elements. Hence, a 72-dimensional feature set is extracted from
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each MECG frame. Each frame contains 4 beat information. After performing a correlation-based

feature selection, feature set dimension is reduced to 60. Then localization is performed on the MI

detected MECG frame where again multiscale energy and eigenvalues are extracted from single-beat

data matrix. During localization, 72-dimensional feature vector is considered. A limitation in [68] is

that the extraction of features in two stages (for detection and then for localization) may require more

computations. Another limitation of this method is that, heartbeats from the same subjects are used in

both training and testing datasets. Authors claimed that frame-specific (comprising of four beat periods

from MECG data) analysis is better than earlier beat-specific techniques.

Selection of large feature dimension may have an adverse effect on computations and storage. This

motivates to reduce the dimension of the feature vector. Another limitation in [68] is that the extraction

of features in two stages (for detection and then for localization) requires more computations. These

restrictions inspire us to develop a new feature extraction algorithm for MI classification from a third-

order MECG tensor.

2.3.1 Support vector machine classifier

In the previous section, we reviewed some feature extraction methods for MI detection (and localiza-

tion) and their classification performances. To classify a MI case from a HC case, there is a need of

classifier which performs this task. For this purpose, the popular and high-performance SVM clas-

sifier is being used in most of the methods [115]. In a classification task, the data is separated into

training and testing sets. Each instance in the training set contains one “target value" (i.e. class

labels) and several “attributes" (i.e. the feature variables). Given only the test data features, SVM

develops a model, based on the training data, which predicts class labels of the test data. Let us con-

sider a two class classification task: Given a training set of feature-label pairs (xi, yi) for N samples,

i = 1, 2, · · · , N where xi ∈ RN and yi ∈ [−1, 1]. As the data is not always linearly separable, some

of training set data points are mislabeled. The goal is to maximize the margin while softly penalizing

points that lie on the wrong side of the margin boundary. It requires the solution of the following primal

optimization problem:
min
w, b, ξ

1

2
wTw + C

∑N

i=1
ξi

subject to yi(w
Tφ(xi) + b) ≥ 1 − ξi,

ξi ≥ 0, i = 1, · · · , N

(2.18)

where the parameter C > 0 controls the trade-off between the slack variable penalty and the margin.

Details about the solution to the above primal can be found in [116]. The corresponding Lagrangian is
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Table 2.2: Reviews on feature extraction for MI classification methods

Methods Description Datasets
#feature &
Classifier

Results Remarks

Reddy et al
1992

Lu et al
2000

Time-domain fatures
ST-deviation and
T-wave amplitude

12-lead ECG
104 MI subjects
20 HC subects

Fuzzy logic &
neural network

Detection
Sen: 84.6
Spe: 90

Regarding data
selection is not
clear.

Jayachandran
et al 2009

Energy entropy
characteristics
using DWT

Threshold based
classifier

Detection
Acc: 96.9

Overfitting of
the training and
testing datasets.

Arif et al
2012

Time-domain fatures
Q- & T-wave amplitudes
ST-level deviation

PTB: 12 lead
16960 MI beats
from 10 types of MI
3200 HC beats

Det: 36
Loc: 36
Prunned &
simple KNN

Detection
Sen:97.2
Spe: 99.6
Localization
Acc: 98.8

Overfitting of
the training and
testing datasets.

Sun et al
2012

LTMIL
Polynomial fitting: Six
polynomial coefficients
for each beat

PTB: 12 lead
4 types of MI &
HC classes

Det: 74

SVM & KNN

Detection
Sen: 92.6
Spe: 82.4
Localization
Acc:76.6

Non-overfitting of
training and testing
datasets.

Liu et al
2014

Polynomial fitting
ECG signal is fitted
with a 20th order poly-
nomial function

PTB: 2 leads (I & V6)
Detection
Acc: 94.4

Sharma et al
2015

Transform-domain
Multiscale energy and
eigenspace features

PTB: 12 lead
148 MI subjects
from 10 types of MI
52 healthy subjects

Det: 60
Loc: 72
KNN & SVM

Detection
Sen: 93.0
Spe: 99.0
Acc: 96.0
Localization
Acc: 99.6

Overfitting of
the training and
testing datasets

Acharya et al
2016

Transform-domain
Entropy based features

PTB: 12 lead
148 MI subjects
from 10 types of MI
52 healthy subjects

Det: 96
Loc: 96

Detection
Sen: 99.45
Spe: 96.27
Acc: 98.80
Localization
Sen: 9935
Spe: 99.16
Acc: 98.74

Overfitting of
the training and
testing datasets

3
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given as

L(w, b, a) =
1

2
wTw + C

∑N

i=1
ξi

−
∑N

i=1
ai{tiy(xi) − 1 + ξi} −

∑N

i=1
µiξi

(2.19)

where {ai ≥ 0} and {µi ≥ 0} are the Lagrange multipliers. Its dual form is represented as

L̃(a) =
∑N

i=1
ai − 1

2

∑N

i=1

∑N

i=1
aiajyiyjk(xi, xj) (2.20)

with constraints 0 ≤ ai ≤ C and
∑N

i=1 aiyi = 0. After solving ai using the dual form (2.20), w and b

can be solved as w =
∑N

i=1 aiyixi and b = yi − wTφ(xi). SVM finds a decision boundary that gives

the smallest generalization error by maximizing the margin. More information about the classification

using the SVM can be found in [117].

The nonlinear classification problems are separated using kernel tricks. Different types of kernels

which are used in SVM models, include linear, polynomial, radial basis function (RBF), sigmoid and

chi-square (χ2):

• Linear: k(x, y) = xT y

• Polynomial: k(x, y) = (1 + γxT y)d, γ > 0

• RBF: k(x, y) = e−γ||x−y||2, γ > 0

• Sigmoid: k(x, y) = tanh(1 + γxT y), γ > 0

• Chi-square: k(x, y) = e
−γ
∑ (x − y)2

2(x + y) , γ > 0

2.4 TWA Analysis Methods

Since Adam’s rediscovery on µ-TWA [79], there are a number of methods that have been proposed for

automatic TWA analysis. These methods range from the widely-used spectral method [88] to the re-

cent non-parametric signal processing technique [76] and template matched-filter based scheme [77].

Earlier to the year 2005, criteria for the TWA analysis are diverse. In 2005, Martínez and Olmos

delivered an excellent classification with a broad review on TWA analysis in [74], where a common

framework to describe the methodological principles of TWA analysis was proposed. Instead of re-

viewing those methods again, in this section, we will review and discuss the recent approaches in the

last decade with two classical methods, the spectral method [88] and the modified moving average

method [89]. Although the later method is performed in temporal domain, it has been reviewed and
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put in this chapter because of its use (TWA estimation step) in Chapter 5. Table 2.3 presents a quick

summary of these methods.

2.4.1 Spectral method

Smith et al. [88] first proposed the spectral method (SM) in 1988. The aligned ECG beats are used

to generate beat-to-beat series (X) with the amplitudes of corresponding points in consecutive ST-

T complexes. Then, this series of amplitude fluctuations are subjected to Fourier analysis. As the

spectrum is based on measurements taken once per beat, its frequencies are in units of cycles per

beat (cpb). The frequency that corresponds to an oscillation occurring on every other beat is 0.5 cpb,

and is referred to as the alternans frequency. Mathematically, The global detection statistic of the TWA

component is given as

Zl =
1

N

N−1∑

n=0

zl(n)

=
1

N

N−1∑

n=0

( 1

K
|STFT{xk,l(n)}|2f=0.5

)
(2.21)

where zl(n) is the individual statistics, K is the number of beats under analysis, N is the number of

samples in ST-T complex. Detection is performed by means of a significance measure called the TWA

Ratio (TWAR), which is calculated as the ratio of alternans power divided by the standard deviation of

the noise. TWAR, mathematically, is given as

TWAR =
Zl − µ

σ
(2.22)

where µ and σ are the mean and the standard deviation of the spectral noise measured in the band,

typically around 0.4 cpb. TWA is considered to be present if TWAR ≥ 3.

The global TWA amplitude is estimated as the squared root of the alternant power and is given as

Vl =
√

Zl − µ (in µV). (2.23)

2.4.2 Modified moving average method

Nearing and Verrier [89] proposed the Modified Moving Average (MMA) method in 2002. The analysis

is performed in the temporal domain. First, the alternate ECG beats are classified into two streams,

A for even and B for odd ECG beats. The modified moving average complexes for both even and odd
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beats are computed as [74]

Āl(n) = Āl−1(n) + g
( (Al−1(n) − Āl−1(n))

8

)

B̄l(n) = B̄l−1(n) + g
((Bl−1(n) − B̄l−1(n))

8

)
(2.24)

where l = 1, 2, · · ·K/2 and n represents number of samples in a beat. The complexes are initialized

with first even and odd beats as Ā1(n) = A1(n) and B̄1(n) = B1(n), respectively. The nonlinear limiting

function g(x) is given as

g(x) =







−K, if x < −K

x, if |x| ≤ K

K, if x > K

. (2.25)

The global detection statistic of the TWA component is defined as

Zl = max
n

zl(n) = |Āl(i) − B̄l(i)| (2.26)

where zl(n) represents the TWA amount at the lth beat and is calculated as the absolute difference

between even and odd computed complexes. The MMAM does not include a detection stage, but

analyzes TWA as a continuous variable along the complete ECG.

2.4.3 Recent methods for TWA analysis

This section describes the most relevant recent techniques for TWA analysis methods. Among the

recent TWA analysis methods, we can find different approaches that include TWA analysis in multilead

ECG using PCA [59] and πCA [95], nonparametric signal processing [76], tensor-based TWA detection

[93], template matched-filter detector [77].

Monasterio et al. [59] proposed a multilead TWA analysis scheme using the principal component

analysis (PCA). The basic motive of this article was to improve the TWA analysis performance by

exploiting the spatial redundancy of MECG using PCA. In this method, the ECG signals are prepro-

cessed, and then a fixed interval of 350 ms from ST-T complexes are selected for TWA analysis. The

matrices containing ST-T samples of K number of beats are concatenated to form the data matrix

X = [X0 X1 · · · XK-1] (2.27)

where Xk contains k th beat ST-T samples of all leads, Xk = [xk,1 xk,2 · · · xk,L], and L is the number

of leads. Then the matrix X is detrended to cancel the background ST-T complexes. Detrending filter

computes the difference between consecutive complexes. The resulted matrix (X′) after detrending
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Table 2.3: Summary of reviews on TWA analysis methods, N.S.: Not Specified

Methods Preprocesing TWA analysis Remarks

Linear
Filtering

Baseline
wander

QRS
detection

Segmentation
& alignment

Detection
Technique

Estimation
Technique

SM [88]
1988

DC-360 Hz
block
interpolation

matched
filter

QRS (150 ms) and
ST-T (225 ms).
ST-T alignment

periodogram

CM
1991

DC-60 Hz cubic splines
interpolated
derivative

ST-T segmentation
ST-T alignment

zero-crossing
counting

MMAM [89]
2002

DC-50 Hz cubic splines N. S.
ST-T segmentation
N. S.

non-linear
moving average

Burattini
2009

LPF,
Fc = 35Hz

T-wave (160 ms)
Above three classical
techniques

A comparative
analysis was
presented

multi-PCA [59]
2009

LPF,
Fc = 125Hz

cubic splines
wavelet-based
ECG delineator

ST-T (350 ms)
N. S.

PCA-based
transform

MLE

Able to analyze TWA in
multilead ECG data.

No lead-wise TWA analysis.

muti-πCA [95]
2010

LPF,
Fc = 15Hz

cubic splines
wavelet-based
ECG delineator

ST-T (350 ms)
N. S.

periodic component
analysis based
transform

MLE

Overcome multi-PCA by
separating TWA from
non-alternant components.

Presence of TWA in multilead
ECG was projected into the
first transformed lead,
hence no lead-wise analysis

Non-
parametric [76]
2014

LPF,
Fc = 50Hz

LPF with spline
interpolation

BPF with
adaptive
threshold

RR-fixed &
RR-adjusted
T-wave

subtraction of odd &
even beats, followed
by periodogram

MLE

Uses number of stages
for TWA analysis.

Inclusion or exclusion of
certain stages may alter TWA
analysis for a certain database.

Tensor-based [93]
2014

N. S. cubic splines
wavelet-based
ECG delineator

T-wave (250 ms)
Tensor decomposition,
followed by periodogram

Not
estimated

Limited TWA analysis

No TWA estimation.

TMFD [77]
2014

N. S. N. S.
wavelet-based
ECG delineator

ST-T (300 ms)
N. S.

Template matched
filter detector

MLE

3
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is transformed using PCA. The transformation matrix is obtained by solving (2.8) where the sample

covariance matrix is replaced with the sample correlation matrix R̂X′ =
1

(K − 1)N
X

′
X

′T . Then TWA

detection is confirmed from the transformed data Y(= VT
X) using generalized likelihood ratio test

(GLRT) statistic [74,91]. A lead-wise TWA analysis (estimation) has not been studied in this method.

A multilead TWA analysis scheme using periodic component analysis (πCA) was also proposed

by the same authors in [95]. To separate TWA from non-alternant components, the variance criterion

of PCA is replaced by the periodical structure criterion to enhance the TWA analysis. Like to PCA

method, steps from preprocessing to detrending of ST-T complexes remain same, except in evalu-

ating the transformation matrix. The transformation matrix V is chosen as the eigenvector matrix of

(AX′(m),RX′). The sample correlation matrix (RX′) is defined earlier, and the spatial correlation of

(X(m)′ − X′) is given as AX′(m) =
1

(K − 1)N
(X(m)′ − X′)(X(m)′ − X′)T . Here, the matrix X(m)′

, an

equivalent of X′, is generated by sliding the analysis window m beats forward. In this method, the

transformation Y (= VT
X) projects the most periodic component into the first row of Y. The limitation

with this method is that it cannot be used to determine lead-wise TWA analysis. This is because the

TWA, if present, is projected into the first transformed lead.

A tensor based detection of TWA in MECG data was proposed in [93] where MECG tensor was

decomposed using Canonical decomposition. This method is based on extracting information from the

time-domain T-wave signal and has been tested with few datasets where either macroscopic TWA or

no sign of TWA are considered. It requires to find exact locations of fiducial points (off-set and on-set

of ST-segment and T-wave) while dealing with time-domain methods. Also a benchmark evaluation on

study for TWA detection has not been presented in this work.

In 2014, Goya-Esteban et al. [76] proposed nonparametric signal processing method for validating

TWA analysis. This method proposed a systematic methodology for optimizing global performance of

TWA analysis systems. For this purpose, a set of decision statistics were proposed to evaluate the

performance, and a nonparametric hypothesis test was used to make system decisions. Both temporal

and spectral methods were analyzed.

The template matched-filter detector (TMFD) was proposed by Bashir et al. [77] recently in 2014.

This method is based on alternant energy within the repolarization complexes. After QRS-complex

and T peak detection, beats are aligned over the fiducial points. Then ST-T segmentation is carried

out. After that, these ST-T complexes are modeled as sum of signal and noise.
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2.5 ECG Databases

In this thesis, two databases, namely the PTB diagnostic ECG database and the TWA/CinC challenge

database are used for the evaluation of the methods which will be discussed in subsequent chapters.

2.5.1 PTB database

The PTB diagnostic ECG database was compiled by the National Metrology Institute of Germany. It

contains 549 records of 290 subjects of different diagnostic classes. There is no clinical summary for

22 subjects. Rest 268 subjects are classed as follows: myocardial infarction (148), cardiomyopathy

(18), bundle branch block (15), dysrhythmia (14), myocardial hypertrophy (7), valvular heart disease

(6), myocarditis (4), healthy control (52), and others (4). Each record includes 15 continuous-recorded

signals: the conventional 12 leads and 3 Frank leads. Each signal is digitized at 1000 samples per

second, with 16 bit resolution. This database contains 52 healthy subjects’ data with each having one

to three records. Each signal is digitized at 1000 samples per second, resolution of 16 bit with 0.5

µV/LSB. But, to keep a constant sampling frequency over other databases considered in this work,

we resampled each ECG signal to 500 Hz. Only eight independent leads (V1, V2, · · · , V6, I, II) were

processed.

In this thesis, the analysis of this database (selected records depending on the requirement) using

MSVD, MHOSVD, and MAS-MHOSVD is reported in Sections 3.3, 4.4, 4.5, 5.3, and 5.5 as an example

of application to a publicly available dataset.

2.5.2 TWA/CinC challenge database

This database is equipped with 100 multilead ECG records. Since records are collected from various

databases of physionet, these have been resampled and scaled at 500 Hz with 16 bit resolution over

a ±32 mV range, to present them in a uniform format. The approximate duration of these records are

2 minutes. The subjects include patients with myocardial infarctions, transient ischemia, ventricular

tachyarrhythmias, and other risk factors for sudden cardiac death, as well as healthy controls and

synthetic cases with calibrated amounts of TWA. These 100 records include 2-, 3-, and 12-lead ECGs.

The analysis of this database in terms of TWA analysis using MAS-MHOSVD is reported in Sec-

tions 5.4 and 5.5 as an example of application to a publicly available dataset.
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2.6 ECG Performance Evaluation Measures

2.6.1 Distortion measures

Cardiac signal processing aims at extracting significant information from signals for diagnosis, therapy

and monitoring. The ECG signal processing should not be done at the cost of clinical significant infor-

mation and relative diagnostic features. Hence, it is important to measure any distortion of diagnostic

features. Distortion measures are classified in two ways: 1) subjective error measures, 2) objective

error measures. In subjective measures, signal quality is evaluated by visually inspecting amplitudes,

durations and shape of the diagnostic features. Cardiologists/experts give their opinion on diagnostic

feature qualities according to mean opinion score (MOS) scale. The MOS is a mapping of the level of

diagnostic features of the ECG signal into either descriptive terms like bad, not bad, good, very good

and excellent or into equivalent numerical ratings from 1-5. Finally, the scores are averaged across

the subjects to obtain the final MOS value. This measure is correlated with the diagnostic information

in the signal but it is time-consuming and expensive. On the other hand, the objective error measures

are classified as either diagnostic or non-diagnostic distortion measures [96]. In this thesis work, we

have used two objective, non-diagnostic (e.g. PRD) and diagnostic (e.g. WDD and WEDD), distortion

measures.

• Percentage Root mean square Distortion (PRD)

PRD is the most widely used method for its simplicity structure and is given by:

PRD =

√
√
√
√

∑N
n=1(x(n) − x̃(n))2

∑N
n=1 x(n)2

× 100 (2.28)

where N is the number of samples, x(n) and x̃(n) are the original and compressed signals,

respectively.

Although PRD has been widely used for distortion measures, PRD may not be a good measure

of quality of the compressed signal. Also, a low PRD value does not necessarily mean clinical

acceptance

• Weighted Diagnostic Distortion (WDD) [118]

Zigel et al. [118] proposed the WDD measure to access the relative preservation of the diag-

nostic information in the compressed signal. It compares the PQRST morphological features of

the original and the compressed signals. The WDD measure uses a diagnostic feature vector

that consists of 18 features (six each from durations, amplitudes and shapes of morphological

features). Figure 1.1 shows some amplitude and duration of the morphological features. The
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WDD (in percentage) is defined as

WDD(β, β̂) = ∆βT .
Λ

tr[Λ]
. ∆β × 100 (2.29)

where β and β̂ denote the diagnostic feature vectors of the original and the compressed signal,

respectively. ∆β is the normalized difference vector and Λ is a diagonal weighting matrix.

Although the WDD measure correlates well with visual inspection, it suffers from high compu-

tational complexity due to the requirement of accurate evaluation of all diagnostic features and

the calculation of optimal weights for the significant features. Also, the nonstationary nature of

ECG signal and the artifacts may lead to a false detection of morphological features. The source

error due to the classification and the comparison of irregularity of the wave shapes may degrade

the accuracy of the WDD measure.

• Wavelet Energy-based Diagnostic Distortion (WEDD) [96]:

In wavelet domain, the WEDD measure is defined as

WEDD =
M+1∑

j=1

w
′

jWPRDj (2.30)

where w
′

j is the weight calulated based on energy in a subband and is defined as

w
′

j =

∑Nj

k=1w
2
(j,k)

∑M+1
j=1

∑Nj

k=1w
2
(j,k)

(2.31)

WPRD =

√
√
√
√
√

∑Nj

k=1(wj,k − w̃j,k)2

∑Nj

k=1w
2
j,k

× 100 (2.32)

where wj,k is the original wavelet coefficient, w̃j,k is the filtered wavelet coefficient and Nj is the

number of coefficients within subband j.

2.6.2 Classification performance measures

For evaluation of the classifier performance, different parameters like sensitivity, specificity, and ac-

curacy [119] are measured by comparing the actual and predicted output. Sensitivity (Sen) is the

probability that refers to the positive test result of MI, and is given as

Sen(%) =
TP

TP + FN
× 100 (2.33)
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It shows how good the classifier is at discriminating the MI cases. Specificity (Spe) is the probability

that refers to the negative outcomes of MI, and is calculated as

Spe(%) =
TN

FP + TN
× 100 (2.34)

It suggests how good the classifier is at identifying normal conditions. Accuracy (Acc) of a classifier

represents the proportion of true results, and is calculated as

Acc(%) =
TP + TN

TP + FP + FN + TN
× 100 (2.35)

where TP, FP, TN and FN are true positives, false positives, true negatives and false negatives.

2.7 Motivation of the Thesis

Recent advances in digital technologies have influenced the designing of ambulatory or remote or

cloud-based ECG monitoring systems that can diagnose the cardiac patients effectively. These sys-

tems not only require large memory for storing the ECG data but also need to send instant feedback to

the cardiac patients [120]. For this, the incoming patient data has to be tested with the large database

at the test-centers. A fast, accurate detection and instantaneous reply with effective memory require-

ment are some elemental concerns in these systems. It is therefore necessary to extract discriminant

features from the reduced dimension MECG data.

Simultaneous study on the spatio-temporal dynamics of heart may reveal extra information that can

enhance performances of different ECG/MECG data processing applications. It is, however, evident

from the literature that most of the methods study temporal (either intra-beat or inter-beat) correlation

of the ECG signal, and very few consider two types (both intra- and inter-beat) of correlations. Two

issues in these methods are: 1) to exploit both types of correlations, a 1-D ECG signal is converted

into a 2-D matrix, 2) preservation of diagnostic information of ECG morphological features need to be

improved. The recent works [16,68] were proposed to solve these issues, yet exploited only the spatial

correlation of MECG data.

In another perspective, most of the existing ECG feature extraction methods for MI classification

are unable to reflect the global ECG information completely. Physicians diagnose the MI patients

based on multiple ECG cycles and multiple ECG leads. Time-domain-based ECG/MECG feature ex-

traction techniques, for example, as in [66] are time consuming and may not perform better under

noisy conditions. Also, some methods do not treat ECG morphological features properly. A recent

transform-domain-based technique considers both multiple leads and cycles for the ECG feature ex-
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traction [68]. However, simultaneous analysis of both temporal and spatial correlations has not been

addressed in the literature.

The later stage of acute MI may cause irreversible heart tissue damage which may lead to inevitable

sudden cardiac death [121, 122]. After detection of acute MI and localizing position of infarct in the

myocardium wall, the progression of MI in different leads using TWA analysis can be a prognosticative

study, which is a limitation in literature studies. Another limitation regarding TWA analysis is that, there

is still need of robust methods which can characterize the presence of TWA and measure its magnitude

more accurately in noisy conditions. In a recent work, TWA analysis was improved by exploiting spatial

correlations using PCA or πCA. It is expected that the performance can be improved by developing

such techniques which account both temporal and spatial correlations.

The data dependent transformation techniques that account simultaneous analysis of information

present in multiple cycles and multiple leads of MECG data can be a promising direction to handle

these issues. These methods extract information differently depending on the way ECG signal(s)

is/are arranged. The wavelet coefficients of all leads at a particular scale show similarity in terms of

morphology and beat patterns, i.e. they are spatially and temporally correlated (Figure 2.1). So, there

is a scope of applying multivariate data analysis at a wavelet scale by arranging the wavelet coeffi-

cients as subband data matrix. Also, it is anticipated to have a similar pattern of multiscale energy for

these matrices. Based on these information, it is expected that SVD and its higher derivative, higher-

order SVD (HOSVD), can able to exploit different types of correlations. Furthermore, the diagnostic

information concerning the ECG morphological features can be handled effectively, if multiscale de-

composition and synthesis are added to these schemes. This motivates to develop multiscale SVD

(MSVD) and multiscale HOSVD (MHOSVD) for MECG data. The hypothesis of this work is that, issues

addressed in this thesis can be improved by exploiting all types of correlations using SVD and HOSVD

in multiscale domain.

2.8 Work Plan of the Thesis

The contribution of the present thesis is schematized in Figure 2.2. The main outer circle represents

different ECG/MECG data processing methods, whereas the inner one represents works carried out

in this thesis. Six ellipses represent six applications of ECG signal processing discussed earlier in this

chapter. It is worth noting that although these applications are not independent and should therefore

exhibit some overlap, this is not displayed in this figure for the sake of clarity. Since noise elimination

is considered as a preprocessing tool in today’s any ECG processing and no specific techniques have
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Figure 2.2: Schematic representation of the contribution of the thesis.

been proposed for noise elimination in this thesis, it is placed outside to the circle ‘this thesis’.

The proposed investigations in this thesis, in short, are planned as:

• To develop a fast processing and storage efficient method: SVD models two-factor (both row-

and column space) variations of the data. SVD can be directly applied to the MECG data without

any beat delineation and period normalization as the timing information across all leads is same.

This may help exploit both intra-beat and inter-lead correlations of the MECG data. In addition,

to make the algorithm execute faster, the correlated wavelet coefficients can be used as the el-

ements of subband matrices under consideration. In Chapter 3, the proposed MSVD method is

applied to these subband matrices. The MSVD on multivariate data like MECG reduces dimen-

sion and removes the redundant information present in the original data. The proper selection

of SVs gives fair representation of original data, and the selected SVs represent the diagnostic

information. After reconstruction of MSVD processed multilead signals, distortion measures are

evaluated.

• To extract features for detection and localization of MI: Detection and localization of MI is per-

formed by extracting features and providing these to a classifier, which classifies the incoming

signal to different classes. Chapter 4 attempts to exploit all three types of correlations simul-

taneously for dimensionality reduction and feature extraction. Feature extraction is related to
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dimensionality reduction, and the later process helps select discriminative features and reduce

feature set dimension. It is not possible to extract these correlations efficiently from the 2-D rep-

resented MECG data. The data need to be represented in a third-order tensor form. Like to the

earlier case, MHOSVD is applied to the subband tensors. The mode SVs (MSVs) at different

wavelet scales not only capture the energy of the signal but also they vary according to diag-

nostic information. The significant MSVs and their corresponding orthonormal vectors represent

the diagnostic information of the original data. After dimensionality reduction, mode features,

derived and selected from the low frequency subbands, are used as the features to the SVM

classifier to separate MI from healthy signals.

• To study the progression of MI in post-MI cases using TWA analysis: TWA measure can be used

to identify post-MI patients at increased risk for arrhythmic events. Chapter 5 proposes a new

method to improve the TWA analysis performance by exploiting both spatio-temporal correlations

using HOSVD. As stated in [74], validation of a new technique is a prior step to clinical evaluation

of any kind of risk stratifier. Hence, first, the method is validated by detecting and estimating

TWA amounts in semi-synthetic and real datasets. Multiscale analysis-by-synthesis (MAS) of

lower frequency subbands can be used to get the T-wave information accurately. Unlike to the

earlier two cases, here, HOSVD is applied to the subband reconstructed signals rather to the

wavelet coefficients.
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3. Multiscale SVD Analysis for Multilead ECG Data

The purpose of this chapter is to introduce multiscale singular value decomposition (MSVD) for the

MECG data. The SVD is an indispensable statistical technique used in many scientific fields, such

as neuroimaging [123], complex systems [124], text reconstruction [125], genetics [126], and signal

processing applications that include ECG, EEG, speech and image processing systems. Also, different

extensions or modifications of SVD like sparse SVD [127], HOSVD [128], etc. were developed in the

past. The SVD is so broadly used because it is the core of many multivariate statistical techniques. It

transforms the data matrix by maximizing both row- and column-wise variations and hence exploits two

types of correlations. In temporal domain, SVD transforms MECG data dimension (leads×samples) to

a new space by maximizing both variations and reduces its dimension by considering most significant

singular values (SVs). The very first few SVs capture the correlation between the leads (row-wise) and

samples (column-wise).

In wavelet domain, it is shown in Section 2.1.2 that both spatial and temporal correlations are

reflected in the wavelet coefficients of all leads at each scale. The earlier work [107] attempted on

exploitation of only spatial correlation of the MECG data using PCA in multiscale domain. Due to the

inherent property (modeling two-factor variations) of the SVD, morphological features of the MECG

data in different wavelet subbands can be analyzed using SVD. For implementation of SVD, single

lead ECG samples are represented in a 2-D matrix data, where successive ECG periods are arranged

in rows or columns of the 2-D matrix. However, the MECG is a 2-D matrix data, and the timing

information across all the leads is same. Therefore, SVD can be directly implemented on this data

without any period normalization. Such an implementation can help exploit both intra-beat and inter-

lead correlations, and this is the motivation of this present work. The MRA property has been added

prior to SVD so that morphological features can be handled effectively.

Also, a variable thresholding technique for selecting SVs of subband matrices is proposed. This

technique selects SVs based on diagnostic importance of subbands. In this way, diagnostic fidelity of

the MECG data is retained. For validation purpose, both objective and subjective distortion measures

are evaluated. Furthermore, the effectiveness with regard to fast processing nature of the proposed

method for WBSN-enabled applications is studied. Recently, compressive sensing (CS) based com-

pression methods [101,129–131] for single lead ECG and fetal ECG signals were evaluated in WBSN

system. The proposed method is validated by comparing with these methods.

Rest of the Chapter is organized as follows: A general description on SVD for the MECG data and

the way it exploits two types of correlations are discussed in Section 3.1. The proposed MSVD method

for the MECG data and a new thresholding technique for SVs are presented in Section 3.2. Section 3.3
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describes the compression performance and comparison with existing methods. Simulations study on

transmission of the MECG data by encoding generated bit streams for WBSN applications is presented

in Section 3.4. Also the computational complexity of the proposed method is carried out.

3.1 SVD on Multilead ECG Data

The SVD was applied on both single lead in [21, 22] and multilead in [22] using cut-and-align and

lead piling process. With single lead ECG, both intra- and inter-beat correlations have been exploited.

In [22], efforts for exploiting inter-lead along with intra-beat correlation were made but using a complex

lead piling process. SVD can be applied directly on multivariate the MECG data matrix as the timing

information across all the leads is same. The the MECG data matrix Xm×p can be represented as

X =














x11 x12 · · · x1p

x21 x22 · · · x2p

...
...

. . .
...

xm1 xm2 xm3 xmp














(3.1)

where xls is the sth sample of the lth lead (1 ≤ l ≤ m and 1 ≤ s ≤ p), and m and p represent number

of leads and corresponding samples in each lead, respectively. In this matrix, leads are represented

in rows whereas samples of each lead are that in columns. We can say that rows depict temporal

information of the heart and each column gives an idea about spatial information at a particular instant

as elements of a column are from different sections of the heart.

To demonstrate the presence of inter-lead and intra-beat correlations in the MECG data, correla-

tion coefficients between samples along row-wise and column-wise are evaluated. Table 3.1 shows

correlation coefficients that demonstrate inter-lead correlation. Correlation coefficient values closer to

±1 indicates strong relationship between two leads like in between V1 and V2 (0.863), V2 and V3

(0.925), V1 and V5 (-0.802), V1 and V6 (-0.943), I and II (0.898), and so on. This entails that there are

strong inter-lead correlations among some leads. Although it is not always the same pattern observed

in each and every ECG data, one can observe the presence of high correlations among the leads. In

other case, the column-wise correlation coefficients are shown in Figure 3.1. Subplots of this figure

correspond to an ECG signal that is shown in Figure 3.2 (left panel, Lead I, dataset: s0005_rem, PTB

database). It is not possible to show/tabulate all column-wise correlation coefficients due to the large

size of the correlation matrix (p×p). Hence, histogram plots of correlation coefficients for two segments

(25 samples from a section of P-wave and rest 15 samples that from QRS segment) are shown. Each
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Table 3.1: Inter-lead correlation of the MECG data

V1 V2 V3 V4 V5 V6 I II

V1 1 0.863 0.615 -0.135 -0.802 -0.943 -0.850 -0.934

V2 0.863 1 0.925 0.351 -0.395 -0.671 -0.498 -0.732

V3 0.615 0.925 1 0.676 -0.0269 -0.363 -0.169 -0.441

V4 -0.135 0.351 0.676 1 0.676 0.360 0.526 0.301

V5 -0.802 -0.395 -0.0269 0.676 1 0.926 0.956 0.850

V6 -0.943 -0.671 -0.363 0.360 0.926 1 0.945 0.944

I -0.850 -0.498 -0.169 0.526 0.956 0.945 1 0.898

II -0.934 -0.732 -0.441 0.301 0.850 0.944 0.898 1

histogram plot corresponds to the correlation of a sample (say, 51st sample of P-wave) to all sample

values of the ECG signal. For example, correlation coefficients between 51st sample of P-wave and

all samples of lead I are calculated and are shown in 1st subplot of this figure. Similar procedure is

followed for other above said samples and shown in rest of the subplots. High amount of correlation is

observed around isoelectic line and low frequency regions. From the first 25 subplots, it is clear that

amount of redundant information is high as correlation coefficient value is close to ±1 for most of the

samples. It indicates strong presence of intra-beat correlation in the low-frequency regions. In some

subplots among other 15 plots, correlation coefficient value lies in the range -0.6 to 0.8 for most of

samples, and we can say that amount of redundant information in the high-frequency region is low.

This overall demonstrates presence of intra-beat correlations. These results correspond to a single

beat of subject s0005_rem from PTB database.

It is expected that these two types of correlations can be exploited by applying SVD directly on

the MECG data. As stated in Chapter 2, the key idea of the SVD is to project the MECG data to a

new uncorrelated space by removing both row- and column-wise redundancies, without discarding any

diagnostic information. Writing (2.10) again, SVD is an algebraic tool to deconstruct any given matrix

X into its basic structure as

Xm×p = Um×mΣm×pVT
p×p

= Um×mΣ̂m×mV̂T
m×p

(3.2)

where Um×m and V̂p×m are orthonormal matrices with rank equal to the original matrix X, and Σ̂m×m

is a diagonal matrix with positive SVs. The vectors of U and V̂ are termed as the left and the right

singular vectors and represent the column spaces and the row spaces of the MECG data, respectively

[112]. In MECG case, if we consider m rows as observations and p columns as variables, the eigen
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Figure 3.1: Histogram plots showing intra-beat correlations of 40 samples (25 samples are from P-wave region
and 15 are from QRS-complex) Dataset: s0005_rem, PTB Diagnostic Database

decomposition of the ‘leads × leads’ covariance matrix Rx1 = XXT results

Rx1 = XXT = UΣ̂V̂TV̂Σ̂TUT = U(Σ̂Σ̂T)UT (3.3)

Similarly, if we consider p columns as observations and m rows as variables, the eigen decomposition

of the ‘samples × samples’ covariance matrix Rx2 = XT X results

Rx2 = XTX = V̂Σ̂TUTUΣ̂V̂T = V̂(Σ̂TΣ̂)V̂T (3.4)

From the above discussions, it is clear that the covariance matrix Rx1 characterizes the inter-lead

correlation. In this case, the SVs are computed for each sample. The left singular vector matrix U

contains the eigenvectors of XXT corresponding to each SV. In other words, the U matrix contains the

spatial information. Similarly, the covariance matrix Rx2 characterizes the intra-beat correlation. In this

case, the SVs are computed for each lead. The right singular vector matrix V̂ contains the eigenvectors

of XT X corresponding to each SV. In other words, the V̂ matrix contains the temporal information i.e.

the MECG data matrix is encoded in the V̂ matrix [132]. To validate these, simulations on most of
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Figure 3.2: Plots of original and left orthonormal vectors. (a)-(h): V1−V6, I, and II, (i)-(p): Right orthonormal
vectors after SVD. Dataset: s0005_rem, PTB Diagnostic Database. One should appreciate the differences in
notations for leads (V1−V6) and orthonormal vectors (V1−V8).

the datasets were performed, and graphical results for a single dataset are presented here. Figure

3.2 shows plots of original leads of a real the MECG data and its orthonormal column vectors after

SVD. Left panel corresponds to original leads whereas right panel that to right orthonormal vectors.

Information in right orthonormal vectors vi does not relate directly to original leads xi. Generally, first

three to four left singular vectors concentrate maximum variance of data. However, subplots in right

side of this figure suggest that, fifth, sixth and seventh right singular vectors contain some part of low

frequency components from P- and T-waves. This proves that direct SVD application on time-domain

data may not preserve diagnostic relevant information, which is stated earlier in this chapter. It is

difficult to observe lead variations in left singular vector matrix and hence has not been provided here.

It is expected that higher correlations or redundancies with preservation of diagnostic information can
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Figure 3.3: Block diagram of MECG correlation exploitation for (a) compression and (b) reconstruction process
using MSVD.

be achieved if the MECG data is decomposed to multiscale levels using MRA, prior to applying SVD.

3.2 Proposed Multiscale SVD Method for MECG Data

In this Section, the MSVD-based scheme for simultaneous exploitation of both intra-beat and inter-

lead correlations of the MECG data is proposed. As discussed in Chapter 1, correlation exploitation

is carried out for various purposes, and dimensionality reduction is one of them. Figure 3.3 shows the

block diagram of the proposed scheme. This method consists of preprocessing, MSVD using DWT,

and coding. The MECG data is rearranged to get maximum correlation, first the six precordial leads

(V1, · · · , V6), then I and II [48]. The preprocessing stage prepares the ECG signal for posterior stages

and includes operations such as baseline cancellation, amplitude normalization [9, 16]. Normaliza-

tion guarantees that all significant coefficients be less than one. These operations alleviate further

processing. The normalized amplitude factor can be stored or transmitted to the receiver site, if nec-

essary, which is helpful during reconstruction. The proposed MSVD technique has three major steps:

MSD of the MECG data, SVD on subband matrices and thresholding of the SVs to reduce dimension-

ality of orthogonal and SV matrices. Coding stage consists of quantization and Huffman encoding. A

detail description on each stage is discussed below. Reconstruction consists of reverse process i.e.

decoding, MSVD restoration using IDWT and postprocessing.
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3. Multiscale SVD Analysis for Multilead ECG Data

3.2.1 Multiscale subband matrix formation

The subband wavelet coefficients are spatially and temporally correlated (Section 2.1). Hence, without

reconstructing subband signals, SVD is applied directly on the wavelet coefficients with a hypothesis

that it will still exploit both intra-beat and inter-lead correlations.

In this work, dyadic DWT with Daubechies 9/7 Biorthogonal wavelet filters as the mother wavelet

is used. It is implemented using a multiresolution pyramidal decomposition technique. The MRA prop-

erty of DWT is applied to each lead of the preprocessed the MECG data (Xm×p) individually, where

m and p represent number of leads and ECG samples of each lead, respectively. Daubechies 9/7

Biorthogonal wavelet filters are used for wavelet decomposition because of its linear phase and sym-

metric characteristic. Also these wavelets allow perfect reconstruction at the starting and ending of

ECG frames [18]. Another advantage is that the shape of decomposed scaling and wavelet functions

of these filters resemble with the ECG signal [133]. After decomposition, the wavelet transformed co-

efficients corresponding to a particular subband of each lead are arranged to form a subband matrix.

This results in L + 1 subband matrices, where L (2.7) is the number of decomposition levels. Based

on different sampling frequencies, Al-Fahoum heuristically derived the value of L that satisfies the

frequency span of the ECG morphological features [104]. However, a scientific proof on derivation of

this information is not presented in [104] or in follow-up articles. The rationale behind this formula is

presented in Appendix A. Above resulted L + 1 subband matrices consist of one approximation sub-

band matrix (AL) and L number of detail subband matrices (DL, DL−1, · · · , D1). Each row of these

multiscale matrices contains grossly segmented information of the original signals. The dimensions of

these subband matrices, AL and Dj, j = L, · · · 1, are given as m × p/2L and m × p/2j , respectively.

The decomposition coefficient (DEC) matrix is formed by uniting AL and DL, DL−1, · · · , D1, and

can be represented as

DECm×p =

[

AL; DL; DL−1; · · · ; D1

]T

. (3.5)

3.2.2 SVD on subband matrices

After constructing the subband matrices, each one is decomposed using SVD as follows

AL = UAL
ΣAL

VT
AL

Dj = UDj
ΣDj

VT
Dj

(3.6)

where UAL
,VAL

,UDj
,VDj

, j = 1, ..., L are unitary matrices and ΣAL
,ΣDj

are SV matrices. The

columns of UAL
,UDj

and VAL
,VDj

are left and right singular vectors of AL and Dj, respectively. The
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left and right singular vectors are the basis functions that represent the lead-wise data and coefficient-

wise variability in wavelet-domain, respectively. After applying the SVD on the multiscale matrices, it

is expected that the grossly segmented morphological features do appear in the eigen space.

Let U contains the unitary matrices of all approximation and detail subband matrices i.e. U =

[UAL
; UDL

; · · · ; UD1
], U ∈ �(L+1)m×m. As the singular value (Σ’s) and the right singular vector (V’s)

matrices of different subbands have different dimensions, these can be concatenated by appending

p − p′ number of zero column vectors to each, where p’ is the number of wavelet coefficients in

a particular subband. Hence, Σ and V can be represented as Σ = [ΣAL
; ΣDL

; · · · ; ΣD1
], Σ

∈ �(L+1)m×p and V = [VAL
; VDL

; · · · ; VD1
], V ∈ �p×p, respectively. Each singular matrix of Σ has

m nonzero values. For example, the approximation subband singular value matrix can be represented

as ΣAL
= [diag{σAL1

, σAL2
, · · · , σALm

} : 0] = [Σ̂AL
: 0], σAL1

≥ σAL2
≥ · · · ≥ σALm

> 0. Consequently,

the p−m rows of the unitary matrix will have no effect in the product of unitary matrix with the singular

value matrix (3.6). Hence, V can be replaced with V̂ by removing p − m columns. The reduced SVD

can be expressed as

AL = UAL
Σ̂AL

V̂T
AL

Dj = UDj
Σ̂Dj

V̂T
Dj

(3.7)

where V̂AL
, V̂Dj

∈ �p′×m and Σ̂AL
, Σ̂Dj

∈ �m×m. The reduced right singular matrix is represented

as V̂ = [V̂AL
; V̂DL

; · · · ; V̂D1
], V̂ ∈ �p×m. This reduction in the dimension of V helps improve the

processing speed.

The DEC matrix is encoded in the V̂ matrix [112]. U represents the space onto which the DEC

matrix in V̂ is projected i.e. it contains orthonormal singular vectors of the transposed DEC matrix [132,

Ch. 5, pp. 151]. Dimension reduction in U and V̂ can be achieved by exploiting the inter-lead and

the intra-beat correlations present in the wavelet transformed the MECG data. The truncation of σi’s

of each singular value matrix, on the basis of their energy message, induced to discard the redundant

column vectors of U and V̂.

The energy of a data matrix is represented as the sum of squared SVs. The energies of the ap-

proximation and the detail subbands are hence given as EAL
=
∑m

i=1 σALi

2 and EDj
=
∑m

i=1 σDji

2,

respectively. The relative energy of a subband can be used as a measure to discriminate ECG infor-

mation and noise contained in the subbands. In this regard, multiscale relative energy density (MRED)

for the approximation and the details subbands can be defined as
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Table 3.2: Multiscale Relative Energy Density

Subbands A6 D6 D5 D4 D3 D2 D1

Max. Freq.
3.906 7.812 15.625 31.25 62.5 125 250

(in Hz)

Healthy 39.36 18.52 27.74 11.45 2.75 0.175 ≈ 0

Pathological 45.53 20.58 19.77 11.21 1.82 1.089 ≈ 0

values show the average MRED of 80 healthy (1st row) and 469 pathological (2nd row) datasets
for PTB

MREDAL
=

EAL

EAL
+
∑L

j=1EDj

MREDDj
=

EDj

EAL
+
∑L

j=1EDj

(3.8)

Table 3.2 shows the average MRED values for different subband matrices. It is estimated for

normal and pathological datasets. Decomposition level is chosen as L = 6. Maximum frequency of the

subband matrices A6,D6, · · · ,D1 are 3.906, 7.812, ..., 250 Hz, respectively. The subband matrices

A6,D6, · · · ,D3 together contribute 98.91% of total energy. It indicates that the energy content in these

subband matrices is due to the presence of morphological ECG features. The frequency contents of

D1 and D2 subbands are outside the normal ECG spectrum [96]. At the same time, the MRED value

of D2 subband matrix for pathological cases (1.089) is high compared to normal cases (0.175). It

may be due to pathological high frequency QRS components, and notches and slurs of J-point. Low

or almost zero MRED values of D1 for both normal and pathological data are due to absence of

the major diagnostic components. The dimension of these subband matrices may be truncated to

eliminate redundancies and noise components. An optimal reduction or compression will, in turn,

require a suitable threshold of the SVs.

3.2.3 Thresholding of singular values

By selecting the singular vectors corresponding to the K highest SVs, dimensionality reduction with

maximum retention of the information could be achieved. These singular vectors form the bases

of desired low dimensional subspace. Wei et al. [21] used a hard threshold technique for selecting

SVs. Truncating SVs based on energy information of time-domain signal may lose ECG morphological

features as discussed earlier in this section. This is also clearly reflected from the reconstructed ECG

signals in [21, cf. Figs 8 and 12]. Later, some subband energy-based thresholding techniques were

proposed [16, 18, 96, 97]. The relative diagnostic information across the subbands is assumed to
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be constant [96, 97]. Challenge is still there to select the K number of SVs for different subband

matrices such that pathological information is retained fully. In view of the relative significance of

diagnostic information in subbands, a subband energy-based threshold for eigen values was proposed

[16]. In that paper, the principal components (PCs) selected for high frequency subband matrices

(D1, D2 and D3) are more compared to other subband matrices ( [16, cf. TABLE II]) though these

have less significant information. It requires more floating point operations if selected PCs are more

from high frequency subbands. This is because number of wavelet coefficients in these subbands

is more compared to low frequency subbands. It would be advantageous if number of PCs can be

reduced from these high frequency subband matrices without disturbing diagnostic information. Also,

it has been discussed in Table 1 that the relative energy of subbands varies in pathological conditions.

Hence, in some sense, existing thresholding techniques are not based on the variation of relative

energy across the subbands. It will be useful to have a threshold which can account for the variations

in different subbands. Sharma et al. [16] proposed the AFEC thresholding technique to threshold

the eigenvalues of different subbands (Ref: 2.16). To overcome the issues discussed above, in this

work, a new thresholding technique based on multiscale root fractional energy contribution (MRFEC)

is introduced with a purpose to threshold the SVs depending on the variation of energy in different

subbands. The MRFECs of the Lth approximation and the jth details subband matrices are defined

as

ηAL
=

[

1

m

( ∑m
i=1 σ

2
ALi

∑m
i=1 σ

2
ALi

+
∑L

j=1

∑m
i=1 σ

2
Dji

)]1/ν

(3.9)

ηDj
=

[

1

m

( ∑m
i=1 σ

2
Dji

∑m
i=1 σ

2
ALi

+
∑L

j=1

∑m
i=1 σ

2
Dji

)]1/ν

(3.10)

where ν is the threshold parameter, ν = 1, 2, 3, · · · . Due to energy variations in different subbands,

the value of ν has been altered. The SVs are selected if they are greater than ηAL
or ηDj

. During

thresholding process, the number of SVs selected depends on the value of ν. Figure 3.4 shows the

average number of SVs selected for different value of ν. With increase in value of ν, the drop in

selected SVs is quite high in case of high frequency subband matrices. For D1 D2 and D3, the

selected SVs drop from 7.09, 6.47 and 6.41 to 0.00, 0.13 and 3.02, respectively. In contrast to this,

the decay of selected SVs for low frequency subband matrices A6 D6 and D5 is marginal and is

from 6.82, 6.53 and 6.93 to 5.70, 5.19 and 5.18, respectively. The proposed thresholding technique

selects the SVs based on the variation of energy contents across the subband matrices. In other

words, less number of SVs is selected from the high frequency subbands and vice versa. The energy

content of the high frequency subband matrices is comparatively very low than the total subband
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Figure 3.4: Average number of SVs selected for different values of ν. With increase in ν, the drop in selected
SVs for low frequency subband matrices A6, D6 and D5 is marginal and is opposite to high frequency subband
matrices D1, D2 and D3, where the decay of selected SVs is quite high.

energy. On increasing the value of ν, the MRFEC values grow faster for these matrices than that

of low frequency subband matrices. This thresholding technique helps discard more number of SVs

and their corresponding singular vectors of the former subband matrices. Consequently, the on-board

computations will decrease due to reduction in large number of samples. Another advantage of using

this variable thresholding technique is that the value of ν can be altered to control the CR and the

diagnostic distortion measures. The comparison performances of the proposed thresholding method

with some existing threshold techniques are discussed in Sections 3.3 and 3.4.

The MSVD transformed coefficients are quantized and encoded according to the requirement of the

application. All thresholded nonzero coefficients corresponding to unitary matrix U of all subbands are

collected in one vector. The same procedure is used for the unitary matrix V̂ and the singular matrix

Σ̂. This results in three vectors containing nonzero elements only. These are uniformly quantized and

Huffman encoded. As these vectors contain only nonzero coefficients, it is required to encode their

indexes in a separate codebook. For this, only minimum and maximum values of each nonzero zone

of each subband are determined. On the other hand, if original matrices (coefficients with zeros) are

encoded directly, memory requirements and computation time to encode these coefficients would be

more. Algorithm 1 briefly describes the steps of the compression method.
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Algorithm 1 Multiscale SVD Compression

Input: Preprocessed the MECG data matrix X, threshold parameter ν (=5), Fs (=500 Hz)
Output: Compressed Huffman encoded bits
begin

Stage 1: Wavelet decomposition
Determine number of levels, L = ⌊log2Fs − 2.96⌋
Perform the 1-D DWT of each lead or column of X at level L

[A1, D1] = dwt(X, ‘bior4.4’) % Biorthogonal wavelet filter
for i = 2 : L

[Ai, Di] = dwt(Ai−1)
end

Stage 2: Apply SVD and reduced SVD on each subband matrix
[UAL

, Σ̂AL
, V̂AL

] = svd(AL, ‘econ’); % Produces reduced SVD directly in MATLAB
[UDj

, Σ̂Dj
, V̂Dj

] = svd(Dj, ‘econ’); j = 1, 2, · · ·L
Stage 3: Thresholding

Select the SVs of Σ̂AL
and Σ̂Dj

based on MRFEC (Eqs. 3.9 and 3.10)
Select columns of each orthonormal subband matrix corresponding to selected SVs

Stage 5: Collect all thresholded nonzero coefficients of left orthonormal matrix of all subbands in a
single vector

Repeat Stage 5 for right orthonormal matrix and singular value matrix of all subbands
Stage 6: Perform quantization and Huffman encoding for the above generated three vectors

end

After recovering the MECG data, the other dependent leads (III, aVR, aVL and aVF) can be recon-

structed from leads I and II using the mathematical relations as III = II − I, aV R = −(I + II)/2,

aV L = I − II/2 and aV F = II − I/2. Performance of the proposed method is evaluated using

diagnostic distortion measures like weighted diagnostic distortion (WDD) [134, 135] and wavelet en-

ergy based diagnostic distortion (WEDD) [96] and non-diagnostic measures like percentage root mean

square difference (PRD) [104].

3.3 Performance Measures and Comparative Analysis

In this section, data dimensionality reduction performance of the proposed method in terms of CR

and different distortion measures with a comparative study on few existing compression methods are

presented. For evaluation purpose, the MECG data is taken from the PTB Diagnostic ECG database

[136]. Details about the database is discussed in Chapter 2.6.1. Each ECG data has been resampled

to 500 Hz as the effectiveness of the proposed method will be compared with existing CS-based

methods, and sampling frequency seldom exceeds 500 Hz in these methods [131]. To make a fair

comparison, ECG signals are resampled. Only eight independent leads with a data dimension of

8 × 4096 are processed.

The dimensionality reduction performances in terms of CR and distortion measures are assessed
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Table 3.3: Average number of singular values selected for p = 5

Diagnostic Class Subjects D6 D5 D4 D3 D2 D1

Healthy Control 80 3.9 4.3 3.9 2.3 0.09 10−4

Myocardial Infarction 367 5.5 5.4 4.2 3.1 0.13 10−3

Other Pathologies 102 5.1 5.1 4.0 3.2 0.1 10−3

Average 549 5.19 5.18 4.12 3.00 0.12 10−3

for number of frames of each dataset over the entire signal. The resulting frame-wise the MECG

data are concatenated, and then compared with the original the MECG data. The results, henceforth,

shown are the average values of all frames.

3.3.1 Dimensionality reduction performance

Singular value decomposition is carried out for subband matrices. To avoid any loss of diagnostic in-

formation, all SVs are considered for A6 subband matrix as it contains more than 45% of energy (Ref:

Table 3.2). For D6, · · · ,D1 subband matrices, the SVs are selected using the proposed thresholding

technique. The compression performance is evaluated for different values of the threshold parameter

(ν). Table 3.3 shows the average number of SVs selected with ν = 5 for all datasets. It is observed

that, the SVs are selected depending on the diagnostic importance of the subbands i.e. more number

of SVs is selected from the low frequency detail subband matrices (D6, D5: > 5) and less number of

SVs is selected from the high frequency subband matrices (D3, D2: < 3). A few SVs corresponding to

high frequency subband matrix D1 are chosen for some datasets (67 out of 549). This is so because,

it does not carry any diagnostic information and has almost zero MRED value. Overall diagnostic

information of the processed signal will not be affected by discarding this subband information if the

threshold parameter is chosen appropriately. This also helps fast processing as a minimum of 50%

of wavelet transformed coefficients are eliminated which are present in this subband. Hence, during

real-time transmission, there is no need to perform SVD of D1 subband matrix. Reduction in number

of SVs with corresponding left and right singular vectors of the high frequency subbands will result in

faster processing during encoding and transmission. This thresholding technique gives a significant

sample-wise reduction of 2.43:1, 3.15:1, 4.27:1 and 6.22:1 before coding for ν = 2, 3, 4, 5. For loss-

less compression, the selected MSVD transformed coefficients are uniformly quantized with varying

quantization bits/sample followed by Huffman encoding. 1

1Huffman encoding has been adopted for comparison purpose as it is being used for WBSN systems by different
authors [130,137].
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Figure 3.5: Compression ratio, quantization bits/sample and distortion measures, (a) CR vs quantization
bits/sample (b) APRD, AWEDD vs CR

3.3.1.1 Compressed MECG performance measure

The compression performance is evaluated using average CR and aforementioned distortion mea-

sures like PRD, WDD, and WEDD. CR is given as

CR =
Bo

Bc
=

Bo

BNZSV D +Bdict +Bsm +Bh
(3.11)

where Bo and Bc are the total number of bits required to represent the original and the compressed

signal, respectively, BNZSV D is the number of bits required to represent nonzero MSVD coefficients,

Bdict is the number of bits used to represent the dictionary information (symbols information with

length of codeword to represent each symbol), Bsm and Bh are the number of bits used to code the

significance map and the header, respectively. The header consists of minimum and maximum values

of three vectors (Ref: Subsection 3.2.3, last paragraph), and the maximum value of each lead.

The significant singular vector coefficients (vectors containing nonzero elements of U, Σ̂ and V̂)

are uniformly quantized with number of quantization bits (q) ranging from 4 to 10, and corresponding

CR values are calculated. To minimize the quantization error, the vector containing nonzero indices of

Σ̂ matrix is quantized with 13 bits. The variation of CR value with quantization bits/sample is shown in

Figure 3.5 (a). As the value of q increases, CR decreases significantly. At the same time, the average

distortion measures (PRD, WDD and WEDD) increase with CR values as shown in Figure 3.5 (b).

Therefore, a trade-off among quantization bits, CR and distortion measures is required. The CR value

depends on the number of quantization bits. During the simulation, it is observed that the computation

time increases drastically beyond q = 9 which may not be suitable for WBSN applications. Hence, the
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maximum number of quantization bits is selected as q = 8.

3.3.1.2 Distortion measure evaluation

It is required to evaluate the compression performance in diagnostic terms with respect to the thresh-

old parameter ν. To verify how well the diagnostic morphological features are preserved after com-

pression, the diagnostic distortion measures namely WDD and WEDD along with a non-diagnostic

distortion measure (PRD) are evaluated for three different values of ν. For WDD evaluation, same fea-

tures (the duration, the shape and the amplitude parameters) and penalty matrices with same diagonal

matrix of weights are considered as in [135]. It is evaluated for each beat. Then, for any specific lead

(of a dataset), this measure is averaged over all beats. The average values of the distortion measures

for whole datasets are listed in Table 3.4. An 8 bit quantization level is used for these evaluations.

It is observed that the chest leads (V2−V6) have very low PRD values. For ν = 4 and ν = 5, these

values fall under either ‘excellent’ or ‘very good’ category [104]. The PRD values of bipolar leads are

higher compared to the chest leads. This may be due to the presence of motion artifacts or noise. The

WDD values falling in the ‘very good’ category (0 − 2.3 [135]) suggest the preservation of diagnostic

information. The high WDD values (> 2.3) corresponding to leads II (2.45), aVR (2.63) and V1 (2.38)

fall in the ‘good’ category. The inaccurate detection of P-wave characteristics due to the presence of

noise leads to high WDD values in these leads. There is a small difference in WEDD values between

the bipolar and the chest leads. This small difference indicates that the loss of diagnostic information

is similar for both types of leads. These WEDD values are in the ‘excellent’ category [96]. This sug-

gests that the proposed method with the thresholding technique can help the retention of diagnostic

information. From these results, it is observed that there are significant changes in PRD and WEDD

values while moving from ν = 5 to ν = 6. This is because a few SVs are selected for ν = 6. Hence, ν =

5 is appropriate to threshold the SVs at multiscale level.

Subjective measure is also important as these give the true quality of the compressed signal. It is

carried out using the mean opinion score (MOS) of five evaluators. They include two medical doctors

and three researchers who are working in the ECG signal processing area. MOS represents the visual

inspection comparison of the original and the compressed signals. A semiblind test is conducted for

MOS evaluation [16, 104, 135]. A detail procedure on how to conduct this test can be found in [135].

In this evaluation, the compressed signals with ν = 5 are compared with the original signals. Features

considered for this test include P-wave, PR-segment, QRS-complex, ST-segment, QT-interval and T-

wave. Evaluators were asked to give a score based on the likeliness of these features between the

original and the compressed signal. Quality ratings are 5 (excellent), 4 (very good), 3 (good), 2 (not
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Table 3.4: Distortion measures with CR for p = 4, 5, 6 (PTB Database)

ν Metric I II III aVR aVL aVF V1 V2 V3 V4 V5 V6 CR

4

PRD 3.85 5.98 3.92 7.75 4.07 3.87 5.18 3.25 3.49 2.99 3.78 3.52
15.54

WDD 1.57 2.45 1.78 2.63 2.07 1.59 2.38 0.99 1.39 0.83 1.53 1.31
(93.56%)

WEDD 2.08 2.27 2.74 2.30 2.90 2.30 2.69 2.15 2.24 2.05 2.49 2.23

5

PRD 4.01 6.18 3.92 7.87 4.59 4.11 5.61 3.67 3.79 3.09 4.01 3.85
19.34

WDD 1.61 2.74 1.80 2.89 2.09 1.63 2.57 1.35 1.39 1.01 1.59 1.43
(94.83%)

WEDD 2.11 2.29 2.80 2.39 2.92 2.37 2.75 2.27 2.31 2.06 2.49 2.27

6

PRD 6.02 8.37 6.10 10.15 6.91 6.69 7.39 6.48 6.88 5.49 6.77 5.92
22.10

WDD 1.95 4.55 2.27 5.29 2.68 2.21 4.01 1.97 2.05 1.58 1.96 1.54
(95.47%)

WEDD 2.59 2.63 3.27 2.93 3.27 2.82 3.43 2.57 2.59 2.29 2.61 2.65

The values shown in the table are for 8 bit quantization level.

bad) and 1 (bad).

The MOS of an ECG signal is defined as follows

MOS =
1

NeNf

Ne∑

e=1

Nf∑

f=1

Q(e, f) =
1

Nf

Nf∑

f=1

(

1

Ne

Ne∑

e=1

Q(e, f)

)

(3.12)

where Ne is the number of evaluators and Nf is the number of features considered. Q(e, f) is the

quality rating of the f th feature by the eth evaluator. The factor inside the bracket in (3.12) represents

the MOS value of the f th feature, i.e. MOS(f) =
1

Ne

∑Ne
e=1Q(e, f). The gold standard diagnostic MOS

errors for each feature and overall ECG signal are given as

MOSfe =
(

1 − MOS(f)

5

)

× 100%

MOSe =
(

1 − MOS

5

)

× 100%

(3.13)

Table 3.5 shows the MOS errors for selected ECG features and overall compressed signals for

leads I, III, aVF and V5. Some features like P-wave, PR-segment and QRS-complex of lead III have

MOSfe of 9.33, 9.33 and 8.00, respectively. Presence of noise in this lead (Ref: Figure 3.7 (a))

may be the reason for low rating by the evaluators which implies high errors. Also, leads I and V5

have the lowest MOSe. Finally, based on the MOS error criteria, the values related to MOS errors of

compressed ECG features and overall leads fall under ‘excellent’ category [96].
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Table 3.5: MOS error (in %) for compressed ECG

MOS error for selected ECG features

Features I III aVF V5

P-wave 4.00 9.33 8.00 4.00

PR-segment 2.67 9.33 5.33 4.00

QRS-complex 4.00 8.00 1.33 5.33

ST-segment 5.33 6.77 6.77 2.67

QT-interval 2.67 2.67 5.33 6.67

T-wave 6.67 4.00 6.67 2.67

MOS error for ECG signal

Overall ECG 4.22 6.67 4.56 4.22

3.3.2 Comparison with existing methods

Performances of the proposed method and the existing compression techniques are compared as

shown in Table 3.6. CR depends on factors such as number of leads, Fs, and quantization bits/sample,

and types of correlations exploited, etc. Compression methods exploiting intra- or inter-beat correlation

for single lead ECG result in high CR and less PRD. But, the computational complexity in processing

the MECG data using single lead ECG compression schemes will increase as sequential period nor-

malization of each lead is required. To the best of our knowledge, a robust and fast MECG compression

algorithm has not been developed. Hence, it is difficult to compare the compression performance of

the proposed method with others. For fairness in the comparison, same amount of samples from the

PTB database are processed by implementing the existing algorithms. Its effectiveness for WBSN has

been evaluated in the next Section.

It is observed that the CR value decreases when the MECG data is processed. The linear transform

based KLT and DCT methods by Cetin et al. obtained a CR value of 7.25:1 with a PRD value of

3.81% for eight leads [48]. An average CR and PRD values of 7.68:1 and 2.96% are obtained using

MSPCA method [16] for twelve lead ECG data. These (single- or multi-lead compression) methods

may not be suitable for the MECG data in WBSN applications as these require more computations.

The computational timing characterization of different methods are discussed in the Subsection 3.4.2.

The proposed method achieved an average CR and PRD values of 19.34:1 and 3.05% respectively.

The high CR value may be due to exploitation of both intra-beat and inter-lead correlation present

across the samples and among the leads respectively.
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3.4 Simulation Study of the Proposed Method for WBSN Applica-
tions

This Section discusses the effectiveness of the proposed method in terms of fast processing nature for

WBSN applications. Transmission of the generated bit-streams, after Huffman encoding of the MECG

data from the central control unit (CCU) to the personal server (Figure 3.6, dotted mark) is carried out.

This figure represents a typical telemedicine system. Wireless sensors, placed on the human body,

acquire and send the biomedical data to the CCU which is placed on or close proximal to the human

body. It processes and sends the data to a personal server for further processing and transmits to

doctors’ site.

Wireless Data
Transmission medical Data

Biomedical Data
Sense Individual

Acquire Bio−

Compression
and Encoding

Reconstruction
and Decoding

Display Bio−
medical Data

Hospital/

Physician

Wireless Sensor Central Control Unit Smartphone/Laptop

Figure 3.6: Block diagram of a typical telemedicine system

3.4.1 Transmission of Huffman encoded MECG bit-stream

Each bit of the compressed ECG binary bit-stream is represented as number of pulses. For transmis-

sion of these bits, pulse amplitude modulated (PAM) direct sequence UWB1 (DS-UWB) technique is

adopted [141], which can be stated as

s(t) =
∞∑

j=−∞

(2aj − 1) cj g(t − jTs) (3.14)

where each bit of the original binary stream is represented by number of repeated pulses for Np times

and is symbolized as a, c composed of ±1’s and Ts is the average pulse repetition period. Every bit is

represented by a Gaussian doublet pulse, g(t) [140], which at any time t is given as

g(t) =

[

1 − 4π
( t

τm

)2
]

e−2π(t/τm)2

(3.15)

1UWB technology is suitable for physiological signals as it requires lower transmission power than Bluetooth, Zigbee,
WLAN [138,139]. It has less interference [140] which is highly essential while dealing with different physiological signals.
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Figure 3.7: (a), (b): Original signals and (c), (d) (e) and (f): Reconstructed Signals at Ex/No = 8 dB and 10
dB of Lead-III and V5 respectively, Dataset: s0008_rem, PTB Diagnostic ECG Database. Description: Female,
Age 81, Acute myocardial infarction

where τm is the spreading factor or duty cycle. Each pulse duration is considered to be Ts ns with a

very small duty cycle. The bit-stream of each data block can be transmitted using burst transmission

technique. After each data block transmission, CCU sensor node will go into an inactive mode until

the next data block transmission which will save energy [139]. To transmit the compressed binary

bit-stream using PAM DS-UWB, the following parameters are considered: Ts = 2 ns (3.14), τm=0.25

ns (3.15) and Np = 3.

During real-time transmission, signals get corrupted due to presence of noise. It will be useful to

evaluate the performance of compression scheme with noisy data. In order to estimate the minimum

energy of the signal at the transmitter for reliable reception, additive white Gaussian noise (AWGN)

with zero mean is added to the bit-stream. Different values of Ex/No (in dB) where Ex is the received

single pulse energy and No is the standard deviation of the AWGN are employed. The value of Ex/No

resulting an error free bit-stream is chosen to be optimal. As the quantized coefficients are produced

by Huffman encoding method, a complete error free binary bit-stream is mandatory at the receiver. To

estimate the bit-stream at the receiver, the following two steps are employed. First a correlator mask is

generated; then each bit is detected over a bit period of time NsTs [141]. The compressed the MECG

data is recovered by following the reverse procedure as shown in Figure 3.3(b).

Figure 3.7 shows the original and the compressed ECG signals (Dataset: s0008_rem, Lead-III
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Table 3.6: Comparison of compression performance and average computational timing characterization

Data Quantization DS-UWB PRD
Method

Processing
Ns

& Encoding Transmission
Total CR

(in %)

No
- 3.276E4 16.3 s 41.9 s 58.2 s 3.01

-

Compression

Proposed O(MN2)

Method 23.5 ms
5.27E3 1.05 s 1.82 s 2.90 s 19.34 3.05

Sharma [16]
O(MN2)

1.66E4 7.45 s 15.01 s 22.49 s 7.68 2.96
31.7 ms

mO(N2)
Cetin [48]

20.1 ms
1.83E4 7.91 s 16.47 s 24.40 s 7.25 3.81

CSBP [130]
8O(N)

8×1.64E3 3.67 s 7.51 s 11.19 s 8.74 -
8×1.6 ms

8O(N)
CSBSBL [131]

8×0.59 ms
8×1.56E3 2.84 s 5.22 s 8.066 s 9.39 -

† All algorithms computed in same environment (MATLAB, i5 CPU, 3.2 GHz processor) with same number of
MECG samples (8 × 4096) of PTB database

† Example: Ns = 3.276E4 = 3.276×104

and V5) when Ex/No is 8 dB and 10 dB. The AWGN distribution prevails over the ECG signal for

modest Ex/No values which causes high bit error probability. The received bit-stream is completely

error free for 10 dB [Figure 3.7(c, d)]. High distortion in Figure 3.7(e, f) are due to the fact that few

wrongly estimated bits decode new symbols during Huffman decoding. Hence, it is necessary to

receive an error free bit-stream at the receiver. Simulation studies on different MECG records indicate

that a minimum of 10 dB is required for better performance. It can be noticed that the proposed

method eliminates the high noise artifacts present in the original ECG signal as in Lead-III. It preserves

the pathological information like biphasic QRS complex, T-wave inversion. One of the issues in the

proposed method is the initial delay during the first frame data acquisition.

3.4.2 Computational complexity measure

The proposed method comprises of data processing steps like preprocessing, DWT, MSVD, quantiza-

tion with Huffman encoding, and DS-UWB. This requires more on-board memory and computations

prior to quantization compared to CS based techniques [101, 130, 131]. Also, this method discards

a large number of components from high frequency subbands and some non-diagnostic components

from low frequency subbands. It reduces the computation burden during quantization, Huffman en-

67

TH-1744_11610236



3. Multiscale SVD Analysis for Multilead ECG Data

coding, and transmission.

The complexity is evaluated by implementing the proposed method in MATLAB environment in a

personal computer (i5 CPU, 3.2 GHz processor). The decompressed the MECG data of 4096 × 8

samples (corresponding to a duration of 8 s and Fs = 500 Hz) takes about 58.2 s for encoding and

DS-UWB modulation technique. This is because a large amount of samples are to be encoded and

the encoded bits are to be transmitted using the modulation technique. The execution time indicates

the necessity of large number of on-board computations, and consequently, will increase the energy

consumption. The proposed method helps in transmitting the data with fewer bits, and with less

computations by compressing the MECG data. The DWT using Daubechies Biorthogonal filter takes

about 9.7 ms to estimate the DEC matrix with 6 decomposition levels. The computational complexity

of SVD of a matrix Xm×n is O(4m2n + 8mn2 + 9n3) [142, Ch. 7, pp. 392] for m ≫ n. It takes about

14 ms (MSVD: 4.2 ms, thresholding: 1.8 ms, matrix dimension reduction: 7.7 ms) to compute the

MSVD and formation of dimension reduced matrices after thresholding. The computational complexity

for uniform quantization of the three reduced singular matrices of size m× n would be O(mn logmn).

However, this can be solved efficiently with complexity O(Ns logNs) by collecting significant nonzero

coefficients of each singular matrix in a single vector, where Ns (Ns ≪ mn) is the number of nonzero

coefficients before encoding. It takes about 1.05 s for quantization and Huffman encoding of the three

vectors. The individual time requirement from three stages (DWT, MSVD, quantization with encoding)

suggests that more computations are required during quantization and encoding.

In the DS-UWB modulating technique, each bit of the binary bit-stream is represented as number

of pulses. In (3.14), s(t) is the convolution of an exponential function with the function representing

the number of pulses. With the aforementioned parameters, there are 12 coefficients to represent

the Gaussian doublet pulse. This modulation technique has computational complexity of O(12NP );

NP = Np×Nb is the total number of pulses to be transmitted for each frame, whereNb is the number of

bits required to representNs non-zero coefficients. Hence, it is certain that the number of computations

increases with number of non-zero coefficients to be encoded (Ns). It takes about 1.82 s for DS-UWB

modulation process after Huffman encoding.

On an average, our non-optimized MATLAB program takes approximately 2.90 s for transmitting the

encoded bit-stream, starting from the DWT computation. This time complexity can be further reduced

by an efficient implementation of the proposed algorithm. In the following, we present a comparative

study based on code execution time with other methods.

Table 3.6 shows the average execution time comparison among MECG and CS-based single lead
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ECG compression algorithms. As mentioned earlier, more computations are needed during the en-

coding and bit transmission stages as this depends on the number of samples to be encoded, Ns. In

other words, number of computations will increase with the number of samples. It may be one of the

reasons why most of the energy consumption takes place during the communication process. The

code execution time suggests that it takes more than 70% of total time for DS-UWB modulation for de-

compressed data, and is well in accordance with the literature [129]. From the table, it is clear that the

proposed method performs better than the existing MECG compression techniques [16,48] in terms of

code execution time (24.40 s, 22.49 s) and storage volume capacity (7.68, 7.25). In the literature, the

CS based ECG compression techniques [130, 131] are widely used for telemonitoring systems. But

these methods require a lot of computations during encoding and transmission, and may consume

more energy for MECG compression at the CCU. The results presented in this work indicate that the

proposed method can be executed at least 2.7 times faster than the existing CS-based techniques

with better storage volume capacity.

3.5 Summary

In this chapter, the MECG data dimensionality reduction was carried out by exploiting both intra-beat

and inter-lead correlations present across samples and among leads, respectively, in wavelet domain.

For fast and effective computation, the MECG data was represented in a 2-D array. After decomposing

the MECG data into different subbands, subband matrices were constructed by considering wavelet

coefficients as matrix elements. The proposed MSVD method was applied on these subband matrices.

A new variable thresholding technique for selecting SVs of subband matrices was also suggested. A

simulation study was carried out to show the fast processing nature, by evaluating timing character-

ization of individual steps, of the proposed method. A CR of 19.34 with average PRD value of 3.05

% is obtained. One of the limitation in this work is that inter-beat correlation present in the MECG

data, which is a huge source of redundancy, has not been exploited. Next chapter focuses this by

introducing a new representation of the MECG data. Also features are extracted from the dimension

reduced data for MI classification.
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4. MECG Analysis and MI classification using Multiscale HOSVD

This chapter introduces a third-order tensor representation of MECG data, decomposition of MECG

tensor using multiscale higher-order SVD (MHOSVD) and a feature extraction technique for classifi-

cation (both detection and localization) of MI. Tensors (multidimensional arrays) are used to represent

and analyze multidimensional data simultaneously [143,144]. Though there are several tensor-based

applications for different purposes in chemometrics, psychometrics, numerical analysis, data mining,

computer vision, target detection, signal and image processing, and many more for high-dimensional

data analysis [128, 145–154], its application for ECG signal is limited in the literature [93, 155–158].

Use of tensors for the MECG data allows to combine and analyze the information present in heart-

beats of all leads. There are three types of correlations, namely intra-beat, inter-beat and inter-lead

correlations present in the MECG data. In the previous chapter, efforts were made to exploit both

intra-beat and inter-lead correlations using MSVD method, but not all. This is one of the objectives of

this third-order tensor representation for the MECG data.

It was observed in the previous chapter that, SVD on multiscale matrices has advantages in di-

mensionality reduction and faster processing while preserving diagnostic information. The HOSVD, an

analogue of SVD, has been applied on multidimensional array (as SVD cannot be used directly on the

same) in different branches of science for dimensionality reduction [144,148], texture synthesis [146],

detection [150], classification [145], etc. In this work, HOSVD has been adopted to decompose third-

order multiscale tensors. Dimensions along different modes of subband tensors are truncated based

on energy content of mode singular values (MSVs). Details about modes, MSVs, and other terms

related to tensor are discussed in subsequent Sections.

Further, in addition to exploitation of all types of correlations, a feature extraction technique for

MI detection and localization from the reduced MECG tensor is proposed. From Chapter 2, we can

observe that most of the articles focused for detection of MI only, and very few articles were proposed

for both detection and localization. Also, extraction of features in two stages (for detection and then

for localization) as was in [68], may require more computations. The proposed algorithm selects

features from the subband core tensors that are formed after dimensional reduction of the MECG

tensor, and features for both stages are extracted simultaneously which makes it more efficient than

other algorithms. The objectives in this work are data dimensionality reduction by exploiting all types

of correlations and feature extraction for MI classification using set of more discriminative features.

The rest of this chapter is organized as follows. A brief review on tensor notations and conventions

is presented in Section 4.1, followed by HOSVD in Section 4.2. Proposed method for dimensionality

reduction and feature extraction is discussed in Section 4.3. Sections 4.4 and 4.5 present experimental
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Figure 4.1: A 3-array representation and its flattening into three slices (matrices)

observations for dimension reduction and classification performances, respectively. Also, comparisons

with the state-of-the-art methods are discussed in these sections. Finally, summaries are drawn in

Section 4.6.

4.1 Tensor Notations and Conventions: A Preview

Before applying different signal processing tools on tensors, it is worthwhile to discuss what is a tensor

and related notations used henceforth. A tensor is a multidimensionalN th order array where the order

is the number of its modes or dimensions. A third-order tensor of size I × J × K is written with a

calligraphic letter X , and its elements as xijk, i = 1, · · · , I, j = 1, · · · , J and k = 1, · · · ,K.

The other two terminologies, which are used extensively in this thesis, associated with a tensor are

fibers and slices. A fiber is defined by fixing the index in all modes except one. The mode-1 fiber of a

tensor is the column vector and denoted as x:jk. Mode-2 and mode-3 fibers are the row and the tube

vectors and are represented as xi:k and xij:, respectively.

Slices of a tensor are obtained by fixing all but two indices, and its structure is similar to a matrix. A

third-order tensor comprises of three types of slices, namely ‘horizontal’, ‘vertical’ and ‘frontal’ slices.

The ‘horizontal’ slice where index i is fixed is denoted as Xi::. Other two slices, keeping j and k fixed,

are represented as X:j: and X::k, respectively.

Two common operations associated with a tensor are flattening and mode-n product. Flattening

is transforming a tensor into matrix and is a very useful operation during decomposition. A tensor of

order N can be unfolded or flattened in N different ways. Flattening of a tensor X in its mode-n is

symbolized by the matrix X(n)1. An example to show the flattening process of a third-order tensor is

1superscript n inside a bracket indicates mode-n
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Table 4.1: Basic tensor notations

XI×J×K Third-order tensor

xijk Tensor elements

x:jk Fibers (analogous to vectors) of X
obtained by fixing all but one index

X::k Matrix slice of X obtained by fixing

all but two indices

Y = X ×n A n-mode product of a tensor X with

a matrix A

shown in Figure 4.1. The mode-n flattening is adopted from [147]. The mode-n fibers are columns of

the mode-n flattened matrix.

The mode-n product of a tensor X ∈ RI1×I2×···In with a matrix A ∈ RJ×In is represented as

Y = X ×n A. In terms of the flattened tensors, the product can be expressed as Y(n) = AX(n). A

summary on basic tensor notations are given in Table 4.1.

4.2 Higher-Order SVD

In the last Chapter, we have seen that SVD decomposes a matrix X into two orthonormal matrices

and a diagonal matrix as X = UΣVT. Considering the matrix as a second-order tensor, SVD in terms

of n-mode product can be rewritten as X = Σ ×1 U ×2 V.

The SVD of a matrix can be generalized to a tensor of any order using HOSVD [128,153]. HOSVD,

an analogue of SVD, is used to decompose a multidimensional array. We have limited our discussion

to a third-order tensor Xm×n×p, which can be decomposed using HOSVD as

X = S ×1 U ×2 V ×3 W (4.1)

where U ∈ Rm×m, V ∈ Rn×n and W ∈ Rp×p are orthonormal matrices. For quick understanding

purpose, visualization and approximation of HOSVD is presented in Figure 4.2. These matrices (U, V

and W) as they represent the left singular matrices of X(n), n = 1, 2, · · · , 3 are computed using SVD

as follows

X(1) = UΣ(1)V(1)T

X(2) = VΣ(2)V(2)T

X(3) = WΣ(3)V(3)T

(4.2)

without forming the V(j)’s explicitly. This saves a large number of floating point operations. After

obtaining the orthonormal matrices, the core tensor S is computed as S = X ×1 UT ×2 VT ×3 WT .
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Figure 4.2: HOSVD visualization and approximation for a third-order tensor)

Although it corresponds to the singular value matrix of conventional 2-D SVD, it does not have a simple

diagonal structure [112].

The core tensor S has the dimension as that of X . Typical rank of a tensor (X ) of size m × n × p

with mn ≤ p is mn [147]. Hence, first p′ = mn frontal slices of the core tensor have significant nonzero

values, and rest p− p′ frontal slices have entries in the order of 10−12 or less, which can be set to zero.

The effective dimension of core tensor S is m× n× p′, and it satisfies following properties [128]:

• all-orthogonal, i.e. any two slices in a fixed mode are orthogonal.

• ordered, i.e. the norms of the slices along any mode are ordered in decreasing manner. For

example,

1st mode : ||S(1, :, :)|| ≥ ||S(2, :, :)|| ≥ · · · ≥ 0

2nd mode : ||S(:,1, :)|| ≥ ||S(:,2, :)|| ≥ · · · ≥ 0

3rd mode : ||S(:, :,1)|| ≥ ||S(:, :,2)|| ≥ · · · ≥ 0

(4.3)

The above ordered property informs about the energy of the core tensor that is concentrated in the

s111 element. This is the reason why HOSVD is used for data dimension reduction.

As discussed earlier for SVD case, the mode matrices U, V and W contain the orthonormal
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vectors. These vectors span the column space of three different types of slices that resulted from

the flattening of X along different modes. For example, the left orthogonal matrix U is calculated by

applying SVD on the m×npmatrix, which is obtained by mode-1 flattening of X . These mode matrices

are regularized by the core tensor S.

One of the motives in this work as stated earlier is the low rank approximation of the tensor X ,

which makes use of the redundancies present in different modes. To have the core tensor S as a

compressed form of X , reduced dimensions can be chosen as M ≪ m, N ≪ n and P ≪ p′. Hence,

X can be approximated as

X ≈ Ŝ ×1 Û ×2 V̂ ×3 Ŵ (4.4)

where Ŝ ∈ RM×N×P , Û ∈ Rm×M , V̂ ∈ Rn×N and Ŵ ∈ Rp′×P respectively.

4.3 Proposed MHOSVD-based Method

The overall block diagram of the proposed MHOSVD-based method for third-order MECG tensor is

sketched in Figure 4.3(i). It comprises of number of steps including dimensionality reduction, feature

extraction, and detection and localization of MI. A detailed block diagram for tensor dimensionality

reduction is shown in Figure 4.3(ii). The encoder part comprises of preprocessing, MECG tensor

formation, multiscale HOSVD. Exploitation of three types of correlations is achieved by representing

MECG data in third-order tensor form. Then MHOSVD is applied on MECG tensor. This turns out to

achieve a high data reduction volume without loss of any clinical information. Figure 4.3(ii)(b) shows

the decoder part of the proposed method. It follows the reverse process i.e. decoding, HOSVD

restoration, IDWT, third-order tensor representation followed by period recovery and postprocessing.

Details on these steps are discussed in following subsections.

4.3.1 Signal preprocessing

In the preprocessing stage, all leads are preprocessed to remove baseline-wander which helped all

ECG leads bring to their iso-electric level. Isoelectric line is the baseline that is recorded in the TP

interval. It is necessary to detect onset and offset of the fiducial points accurately. The isoelectric line

for other portion of the heartbeat except the TP interval was estimated using cubic-spline interpolation

technique in most of the articles. Problem with this interpolation technique is that, if some of the end

points just before the onset of P-wave are monotonically increasing or decreasing, then the baseline

cancellation process using cubic-spline interpolation gives erroneous results. In this work, baseline-

wander removal is performed by passing each ECG signal through a digital Butterworth high-pass filter
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Figure 4.3: (i) Block diagram of MECG tensor dimension reduction and feature extraction for MI detection
and localization

with cut-off frequency fc = 0.5 Hz. To get zero-phase shift, the filtered signal is passed through the

“Zero-phase forward and reverse digital filter” [100].
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4.3.2 Construction of third-order MECG tensor

The MECG data is a 2-D matrix data where rows represent number of leads and samples of each

lead correspond to number of columns. It can be laid out, however, as a third-order tensor by stacking

vertical slices side-by-side, since the timing information across all the leads is same. Each vertical

slice represents a beat period of all leads. This is done by following R-peak detection, segmentation

and period normalization. To reduce the computational complexity, R-peaks of two leads (V2 and V10)

are detected by following the Pan-Tompkin’s algorithm [13]. Reason behind choosing these leads is

that the PTB database, considered in this work, has less noise in the precordial leads. The R-peak

detection of a single lead may be sufficient, but two leads are processed to avoid detection of missing

R-peaks in some pathological cases.

An ECG beat period comprises of a P-wave, followed by a QRS-complex, and finally a T-wave. The

duration of PR interval (on-set of P-wave to the beginning of the QRS complex) is 120 to 200 ms. Each

beat period has length of consecutive R-peaks, but segmenting beats just at R-peaks is not an effective
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way to represent an ECG beat. Hence, each beat in the tensor is spanned 200 ms (200 samples) left

from the current R-peak to 200 ms left from the next R-peak. After detection of R-peaks, each lead is

segmented and normalized to number of beat periods. In literature, cubic spline interpolation and cut-

and-align [19] beats techniques were used widely for period normalization. Problem with cubic spline

technique is the same what we encountered during baseline cancellation, i.e. if some of the samples

before end of the segment of a beat are monotonically increasing or decreasing, then amplitude of

end samples of the resulting normalized segment is quite high that suppress the ECG signal. This

outcomes poor performance and requires more computations. Hence, the cut-and-align technique is

used in this work. Each beat period of a lead (V2 or V5), followed by beat periods of other leads, is

normalized to same length (p). While following the cut-and-align method, appropriate number of zeros

are padded to end of each beat to match their lengths. Then, the MECG data is arranged as a third-

order tensor X ∈ Rm×n×p, where the dimensions m, n, and p correspond to number of leads, heart

beats, and consecutive samples of period normalized heartbeat, respectively. The horizontal slices of

X (keeping index m fixed, while other indices, n and p, are free) represent each ECG lead, and each

vector of a horizontal slice represents the consecutive beats of a lead. For example, the horizontal

slice X1:: represents Lead I while the vector x11: represents the first beat period of Lead I and so on.

However, for visualization of a third-order MECG tensor with each frontal slice that corresponds to a

beat period of all leads is shown in Figure 4.4, but in the proposed work, each vertical slice contains a

beat period of all leads as mentioned earlier.

4.3.3 Multiscale decomposition of the MECG tensor

It was discussed in the last chapter that the WT has better time-frequency resolution property and can

segment ECG morphological features into different subbands, and hence, same is applied in this work

also. The third-order MECG tensor Xm×n×p is wavelet decomposed using 1-D DWT. It is applied on the

mode-3 fibers (xmn:) (by varying m and n with fixed p) to generate p-dimensional wavelet coefficients.

Note that the 1-D DWT can be applied on a vector only. The resulted L+1 subband tensors comprised

of one approximation (AL) and L number of details (DL, · · · ,D1) subband tensors. The dimensions of

these tensors, AL and Dj, j = L, · · · 1, are given as m× n× p/2L and m× n× p/2j , respectively.

4.3.4 HOSVD application on subband tensors

After constructing the subband tensors, HOSVD (Section 4.2) is applied on these subband tensors for

dimensionality reduction. Discussions and properties of HOSVD presented earlier are applicable for
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Figure 4.4: Visualization of tensor represented MECG Data (Leads×Samples×Beats). However, unlike the
way tensor MECG is shown in this figure, each vertical slice contains each beat period of all leads in our work.

each subband tensor. HOSVD decomposes these subband tensors as

AL = SAL
×1 UAL

×2 VAL
×3 WAL

(4.5)

Dj = SDj
×1 UDj

×2 VDj
×3 WDj

(4.6)

where UAL
, VAL

, and WAL
are orthonormal matrices of approximation subband tensors, and UDj

,

VDj
, and WDj

are that of details subband tensors. These correspond to mode-1, mode-2, and mode-

3, respectively.

Due to multiresolution property of DWT, the morphological features of ECG signal are grossly seg-

mented into different wavelet subbands depending on their frequency content. Hence, the significant

information of each beat of different leads are encoded in different orthonormal subband matrices. The

column vectors of UAL
and UDj

span the lead space in respective subbands. The column vectors

of VAL
and VDj

span the beat space, and the column vectors of WAL
and WDj

span each beat

samples space in respective subbands [112]. This can be verified by considering, say, approximation
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subband tensor. Computation of three orthonormal matrices (UAL
,VAL

and WAL
) is given as

AL
(1) = UAL

Σ(1)V
(1)
AL

T

AL
(2) = VAL

Σ(2)V(2)
AL

T

AL
(3) = WAL

Σ(3)V(3)
AL

T

(4.7)

Rows of the matrix AL
(1) ∈ Rm×np′

consist of wavelet coefficients corresponding to leads whereas

columns consist of wavelet coefficients of all beat samples. Hence, the matrix AL
(1), as discussed in

Section 3.1, is encoded in the left orthonormal matrix UAL
. Similarly, rows of the matrices AL

(2) ∈

R
n×p′m and AL

(3) ∈ Rp′×mn consist of wavelet coefficients corresponding to beats and samples, re-

spectively. And hence, matrices AL
(2) and AL

(3) are encoded in the left orthonormal matrices VAL

and WAL
. In this way, these three matrices span the lead space, the beat space, and the samples

space in approximation subband. Similar deductions are also applicable to other (details) subbands.

4.3.5 Thresholding of mode singular values

After performing MHOSVD on subband tensors and obtaining core subband tensors, dimensionality

reduction is performed using an energy based thresholding technique. Energy of a tensor that cor-

responds to the squared Frobenius-norm of core tensor is calculated for all subband tensors. These

subband tensors (D5 · · · D2) are processed further for dimensionality reduction. This has been per-

formed by measuring the quality of approximation of these tensors. The decreasing nature of the

MSVs along different modes of each subband tensor can be used as a measure for the approxima-

tion [128, Property 10]. Frobenius-norm based dimensionality reduction was used in [144]. Likewise,

the squared MSVs (that represent energy of a subband tensor) along different modes are proposed

here for the thresholding process.

The MSVs, denoted as σ(n), for all decomposed tensors AL and Dj ’s are given by

σ
(1)
k =

√
√
√
√

p
∑

i=1

q
∑

j=1

s2
ijk, k = 1, · · · r

σ
(2)
j =

√
√
√
√

p
∑

i=1

r∑

k=1

s2
ijk, j = 1, · · · q

σ
(3)
i =

√
√
√
√

q
∑

j=1

r∑

k=1

s2
ijk, i = 1, · · · p

(4.8)

where p, q and r are size of n-mode dimensions, and sijk’s are elements of each subband core tensor.

Value of r varies depending on the size of core subband tensor. Because of the ordering property (4.3)

of the norms of slices, each multiscale tensor can be approximated by discarding non-significant SV
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of core tensors and corresponding vectors of orthonormal matrices. Hence, the values of M , N and

P (Section 4.2) for each multiscale tensor can be chosen using the following thresholding technique:

η
(k)
j =

Ik∑

i=1

(
σ

(k)
i

)2

||SDj
||2F

> 0.95 (4.9)

where j = 1, 2, · · · , 7 for respective subband tensors, Ik = M or N or P depending on the mode and

||SDj
||2F =

∑m
i

(
σ

(1)
i

)2
=
∑n

i

(
σ

(2)
i

)2
=
∑p′

i

(
σ

(3)
i

)2; p′ is the 3rd-order dimension of each multiscale

tensor. The value of p’ depends on the value of p and is equal to p/2L or p/2j , j = 1, 2, · · ·L for

approximation and details subbands, respectively.

4.3.6 Feature selection

After obtaining core subband tensors (SAL
and SDj

’s), MSVs of selected subband tensors were com-

puted. We learned in last chapter how the ‘PQRST’ morphological changes reflected by sum of

squared SVs. Similarly, the MSVs (4.8) carry the information of different subband tensors in wavelet

domain. Figure 4.5 shows the variation of MSVs for a healthy control (HC) case and two MI (antero-

septal and inferior) cases. In case of HC (1st row panels), subband tensor D6 has highest MSV along

any mode, followed by A7, D5, and so on. This is because QRS complex being the highest amplitude,

is more dominant in D6 subband. In case of ASMI (2nd row panels), we can observe few things: a

large drop of MSVs between D6 and D5, and unlike in case of HC, D7 and D5 have higher magnitude

than A7. This is because of pathological Q-wave, whose energy spectrum prevails over D7,D6 and

D5. In IMI case (3rd row panels), MSVs of A7 attains highest value, and D7 has higher magnitude than

D5. This is due to ST-segment elevation in the dataset. Hence, it is expected that the morphological

variations in different pathological conditions are reflected by MSVs.

Also, we can observe that the decreasing trend of MSVs for HC follow a particular trend. The

general trend of MSVs for HC case is D6 > A7 > D5 > D7 > D4 for 1st set of SVs, and trends for

other set of SVs can be depicted from Figure 4.5 (a-c). However, this trend is deviated in MI cases

depending on the change in morphologies (pathological Q-wave, ST-segment elevation or depression

and T-wave inversion) in different subbands. For instance, in case of ASMI and IMI, MSVs follow the

trend D6 > D5 > D7 > A7 > D4 and A7 > D6 > D7 > D5 > D4 for 1st set of MSVs, respectively.

These trends follow in most cases. Comparing these results, the mode-1 and the mode-2 (Figure 4.5

(a, d, g) and (b, e, h)) SVs can be used as discriminating features for MI and HC.

Also, these values, as expected, decay fast for mode-2 indicating presence of high inter-beat cor-

relations because of high similarity in beat morphologies. Slow fall-off of mode-1 and mode-3 SVs
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Table 4.2: Average MSVs selected along different modes of subband core tensors

Modes SA7
SD7

SD6
SD5

SD4

mode-1 (P=) 3.7 3.2 3.4 4.3 5.2

mode-2 (Q=) 3.6 3.4 3.8 4.7 4.7

mode-3 (R=) 3.6 3.5 4.4 5.3 6.3

suggest large morphologic variability due to variation among different leads and significant change in

wave shapes (P-wave, QRS-complex, and T-wave), respectively. Average MSVs selected along differ-

ent modes of subband core tensors, after approximation of subband tensor (Section 4.2), are shown

in Table 4.2. For a particular subband tensor, the average MSV along a mode is calculated as the

ratio between sum of the number of selected MSVs along that mode of all frames and total number of

frames. The average results shown in this table are of all considered frames of all records. Selection of

MSVs are based on the energy contribution in a particular subband tensor and is based on the results

from earlier sections. Hence, for the feature vector that is to be used during training and testing, we

have considered the floor1 value of these average values. For example, first three, three, three, four,

and five mode-1 SVs of SA7
, SD7

, SD6
, SD5

and SD4
, respectively, are being selected. Similarly, in

case of mode-2 and mode-3, the respective dimensions are three and three, three and three, three

and four, four and five, and four and six, respectively for above subband core tensors. Reason behind

choosing these subbands (A7, D7, · · ·D4) is that these contain ‘PQRST’ segmented information, and

rest hardly contain any useful information.

For localization, the normalized multiscale wavelet energy (NMWE) and mode-3 SVs are consid-

ered as features. This is because only MSV features are not able to localize subgroups of MI accu-

rately. Reason behind choosing mode-3 SVs as features is that these convey the message of sample

space variability. However, mode-1 and mode-3 SVs can be used as feature vectors alternately for

detection and localization process, but during simulation we observed 2% higher accuracy if former

one is chosen for detection process. The NMWE of the approximation or the details subband tensors

along mode-3 is given as

E
(3)
s,l =

∑∑
[Wl::]

2

qr
=

q∑

j=1

( r∑

k=1
w2

l,j,k

)

qr
, l = 1, · · · , 12 (4.10)

where Wl:: contains wavelet coefficients of a particular lead and each vector w represents wavelet rep-

resentation of a beat. In this equation, r corresponds to number of wavelet coefficients in a particular

1round the element to the nearest integer towards minus infinity
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subband, and s = 1, · · · , 5 stands for selected subbands (Table 4.2), used for classification purpose.

This forms a 60(= 12 × 5)-dimensional NMWE feature set. Due to the presence of different types of

correlations in the MECG signal, it is certain that the resulting NMWE features are also correlated.

Also, a high-dimensional feature set requires more computations, thus by increases computational

time. The student’s t-test, a filter-based feature selection algorithm, can be used to reduce the feature

length dimension, based on feature correlation criteria, to remove redundant features [159, 160]. The

dimension of NMWE features is reduced to 6 × 5 = 30, after performing this test. Then these NMWE

and mode-3 SVs are used as features for discriminating different subgroups of MI.

4.4 Dimensionality Reduction Performance Evaluation

In this section, dimensionality reduction performance of the proposed method and a comparative study

with few existing methods are presented. For evaluation purpose, the MECG data from the PTB

database is used. The MECG data of standard 12-leads are used. This work is a frame-wise pro-

cessing of ECG beats where each frame contains B = 10 number of beats, and frames of limited

records have been considered as shown in Table 4.4. Reason behind considering 10 beats in a frame

is discussed in next section. Number of frames considered from different diagnostic classes for this

analysis is shown in this table.

The MHOSVD is applied on each subband tensor as described in Section 4.3.4. To avoid any

loss of low frequency characteristics in ECG, dimension of core tensors corresponding to A7, D7

and D6 are kept as it is. This is because these tensors contribute approximately 84% (A7: 36.47%,

D7: 24.82%, and D6: 22.61%) altogether of the total relative energy. This is based on the relative

energy of a particular tensor with respect to the total energy. It is observed that the relative energy

of core tensor D1 is 0.06% as this subband has frequency information from 250 Hz to 500 Hz and

hardly contain any significant information. Hence, this subband core tensor is discarded, and overall

diagnostic information of the processed signal has not been affected much by discarding this subband

tensor. This also helps fast processing as a minimum of 50% of wavelet transformed coefficients

are eliminated which are present in this subband tensor. The dimension of other core tensors are

reduced using the thresholding technique given in (4.9). It is observed that the mode-1 and the mode-

2 dimensions of core tensors (SD5
, · · · SD2

) reduce to 7.3 and 6.7 (on an average) from 12 and 10

respectively. Also there is a large dimensional reduction in mode-3 dimension of SD3
and SD2

core

tensors.

Let us discuss with an example. Say, the original ECG tensor size is 12 × 10 × 867, (number of

85

TH-1744_11610236



4. MECG Analysis and MI classification using Multiscale HOSVD

Table 4.3: An example showing tensor dimension size during MHOSVD decomposition

Original tensor
Subband Expected Actual dimensions Dimensions after

core tensors dimensions due to rank property thresholding

X12×10×867

SA7
12 × 10 × 15 12 × 10 × 15 12 × 10 × 15

SD7
12 × 10 × 15 12 × 10 × 15 12 × 10 × 15

SD6
12 × 10 × 22 12 × 10 × 22 12 × 10 × 22

SD5
12 × 10 × 35 12 × 10 × 35 8 × 7 × 6

SD4
12 × 10 × 62 12 × 10 × 62 8 × 6 × 7

SD3
12 × 10 × 116 12 × 10 × 116 7 × 6 × 8

SD2
12 × 10 × 223 12 × 10 × 120 7 × 5 × 5

SD1
12 × 10 × 438 12 × 10 × 120 None

† The above numbers are taken directly from MATLAB for the record s0004_rem of the PTB database.
Theoretically, D1 subband has 434 coefficients if 867 samples are wavelet decomposed using multiscale analysis.
Similarly, 217 coefficients in D2 subband, and so on. But in MATLAB, these values go up to 438 in D1 and 223
in D2, and so on

leads: 12, frames processed: 10, and maximum length of a single beat period: 867). Table 4.3 shows

dimension of each core tensor. We can observe that dimension along mode-3 of SD2
and SD1

, due to

rank property, is reduced to 120 (=12×10) from 223 and 438, respectively. However, after thresholding

the MSVs, there is great reduction in dimensions (from 35, 62, 116 and 223 to 6, 7, 8 and 5) along

mode-3 of SD5
, · · · ,SD2

. Number of samples in original tensor is 12 × 10 × 867 = 1, 04, 040. After

thresholding, number of coefficients in all subband core tensors is 12 × 10 × (15 + 15 + 22) + 3 × 8 ×

7 × 6 + 7 × 5 × 5 = 7423. Effective number of coefficients in orthonormal matrices (UAL
, VAL

and

WAL
) is 12 × 10 + 10 × 15 + 15 × 12 = 450. Similarly, effective number of coefficients in orthonormal

matrices corresponding that to other subbands is 450 + 604 + 146 + 146 + 146 + 95 = 1587. Total

number of coefficients required to represent the original tensor after thresholding is 7423+450+1587 =

9460. The proposed MHOSVD technique gives a sample-wise reduction of approximately 11:1 before

coding stage. For lossless compression, selected MHOSVD transformed coefficients are uniformly

quantized with 8 quantization bits/sample followed by Huffman encoding. Then the reverse procedure

to reconstruct the MECG data is performed as shown in Figure 4.3. It follows Huffman decoding,

MHOSVD restoration, inverse DWT, compressed MECG tensor formation, and period recovery.

Figure 4.6 shows the original (upper row) and the compressed (lower row) ECG signals of leads I,

aVR and V6. It is clear that ECG characteristic waves are well preserved. Also, in leads I and aVR,

noise has been reduced significantly in the compressed signals. This is due to application of multiscale
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Figure 4.6: (a)-(c): Original and (d)-(f): Compressed ECG signals of Leads I, aVR and V6

DWT where noise content in high frequency subband tensors has been reduced.

4.4.1 Performance measures

To evaluate the dimensionality reduction performance of the proposed method, different quantities like

average CR and three distortion measures (PRD, WDD and WEDD) are assessed. Bits for reduced

data size include the number of bits required to represent nonzero coefficients, dictionary information,

corresponding significance map and header information [161]. The significant singular vector coef-

ficients (vectors containing nonzero elements of U, V, W and S) are uniformly quantized with 8-bit

quantization level, and corresponding CR values are calculated. The vector containing nonzero in-

dices of core tensor S are quantized with 14 bits whereas the vectors containing nonzero indices of

U, V, W are quantized with 8 bits.

To verify how well the clinical morphological features are preserved after compression, the distor-

tion measures, namely PRD, WDD and WEDD are evaluated. In [118], authors considered eighteen

features (six each from the duration, the shape and the amplitude parameters) and a penalty matri-

ces with a weighted diagonal matrix for WDD evaluation. Same procedure has been adopted in this

work. First, WDD is evaluated for each beat. Then these values are averaged for different leads. The

average values of the distortion measures with CR for some datasets are enlisted in Table 4.4. Data

shown here are of average values from different diagnostic classes. It is observed that chest leads

(V2-V6) have less PRD and WEDD, and fall under ‘excellent’ (0-4.33) or ‘very good’ (4.33-7.8) cate-

gory [104]. In any diagnostic class, we can observe that the PRD values of bipolar and augmented
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Table 4.4: Average CR and distortion measures of different diagnostic classes

Diagnostic classes frames Metric I II III aVR aVL aVF V1 V2 V3 V4 V5 V6 CR

Myocardial Infarction 20
PRD 11.85 5.98 3.92 28.75 7.07 24.87 5.18 3.25 3.49 2.39 4.23 3.52

46.3
WEDD 4.39 2.56 2.29 6.57 2.64 5.48 3.51 2.37 2.91 1.88 2.27 2.92

Cardiomyopathy 17
PRD 9.71 4.53 2.49 27.42 3.72 23.19 3.82 2.54 2.96 2.99 3.77 3.28

42.6
WEDD 3.81 2.51 2.17 6.79 2.44 5.26 3.07 2.16 2.43 1.99 2.11 2.81

Bundle branch block 17
PRD 10.55 4.13 2.19 27.56 4.72 25.47 4.19 2.64 3.28 2.97 3.61 3.34

45.7
WEDD 4.07 2.60 2.15 6.03 2.06 5.20 3.14 2.14 2.29 2.10 2.31 2.02

Dysrhythmia 16
PRD 12.81 5.84 3.29 29.53 4.28 26.71 4.17 3.57 3.91 2.94 3.76 3.94

26.3
WEDD 4.79 4.36 3.85 8.72 4.84 5.41 3.68 3.49 3.82 2.74 2.90 3.05

Healthy control 17
PRD 9.12 3.97 2.89 27.18 4.11 26.69 3.26 3.13 2.41 2.38 4.19 3.17

49.1
WEDD 3.24 2.16 2.08 5.61 2.33 4.66 2.74 1.91 2.04 1.42 1.83 2.62

The values shown in the table are for 8 bit quantization level.
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leads are higher than the chest leads which may be due to the presence of motion artifacts and noise.

The high PRDs (> 24) in leads aVR and aVF does not signify poor reconstruction quality rather it

is due to removal of noise in these leads (Figure 4.6). Discussing about the WDD, values those are

smaller than 2.3 suggest the preservation of clinical information. These fall under ‘very good’ category

(0 − 2.3 [118]). Some leads (I, aVR and aVF) have high WDD values that fall under ‘good’ category.

These high values are due to the inaccurate detection of some characteristic features in those noisy

leads. The low WEDD values in these leads indicate the good reconstruction quality. These values

fall in the ‘very good’ (4.51-6.91) category. With this acceptable distortion ranges, the CR in different

diagnostic classes is more than 45:1. However, for dysrhythmia class, CR reduced to approximately

25:1. This may be due to irregular nature of heart beat where the QRS detection algorithm fails to

detect the exact R-peaks. This causes the number of beats to be very high, considering the same

number of ECG samples i.e. value of becomes more than 70 instead of 8 to 20. This problem can be

solved by an efficient QRS detection algorithm for dysrhythmia or similar type of diagnostic classes.

4.4.2 Comparison with existing data reduction methods

Comparison performance of the proposed method and the existing compression techniques is carried

out and is shown in Table 4.5. CR depends on factors such as correlation, number of leads, sampling

frequency, and quantization bits/sample. There are limited work available in literature for the MECG

data. The compression performance has been carried out with different databases. Hence, direct

comparison of the proposed method with others may not be appropriate. For fairness in comparison,

same number of frames are processed by simulating the existing algorithms. Values shown in this table

are average of 87 subjects (from different diagnostic classes of the PTB database). The average PRD

and WEDD measures shown in this table are of a single lead (V4). During simulation, it is observed

that CR value decreases when number of ECG signals are increased. The KLT and DCT based

method has a CR of 7.25 with a PRD and WEDD of 3.18% and 3.10% respectively. The truncated

SVD algorithm has a CR of 15.7 with a PRD and WEDD of 2.83% and 2.73% respectively. But one

can mark significant deviations in characteristic waves like P-wave, ST-segment and T-wave of original

and compressed signal [21]. This may be due to poor handling of ECG characteristic waves. Wavelet

based LP model [40] has a good data reduction capability (CR = 22.70) but has high distortion errors

(PRD = 10.25% and WEDD = 6.81%). The multiscale based PCA algorithm has less CR (12.61%) but

has a good reconstruction quality with PRD and WEDD of 2.66% and 2.18% respectively. From this

table, it is clear that our proposed method outperforms the existing techniques [16, 48]. It achieved

a minimum CR value of 45 (except dysrhythmia class) with PRD and WEDD of 2.71% and 2.09%

89

TH-1744_11610236



4. MECG Analysis and MI classification using Multiscale HOSVD

Table 4.5: Comparison with existing ECG compression methods

Method
Type of

CR
PRD WEDD

Correlation (in %) (in %)

Cetin et al. [48]

(KLT and DCT)
intra-beat 7.25:1 3.18 3.10

Wei et al. [21]
inter-beat 15.7:1 2.83 2.73

(Truncated SVD)

Ramakrishnan et al. [40]

(Wavelet based LP)
inter-beat 22.70:1 10.25 6.81

Sharma et al. [16]
inter-lead 12.61:1 2.66 2.18

(DWT based MSPCA)

Padhy et al. intra-beat

(MSVD) & inter-lead
19.34:1 3.05 2.92

Proposed Method
All > 45:1 2.71 2.01

Multiscale HOSVD

† All algorithms computed in same environment (MATLAB, i5 CPU, 3.2 GHz processor) with equal MECG
frames (B = 10)

respectively.

4.5 MI Classification Performance Evaluation

In this section, the MI classification performance is discussed. To evaluate the same, different param-

eters like Sensitivity (Sen), Specificity (Spe) and Accuracy (Acc) measured. In the literature, most of

the authors have considered MIT database for classification. We have considered the PTB database

as it has number of well classified (though not annotated) records related to MI. Data of 12-lead ECG

corresponding to MI and HC diagnostic classes are used in this work. Out of 549 records available

in this database, 369 records are related to MI subjects and 79 records are of healthy subjects. Ap-

proximately twelve records including one from healthy subjects are incomplete or irregular (difficult to

process), and these have not been considered in this experiment. In cardiac diagnosis, MI has been

categorized into different groups depending on the location of infarction in the myocardium [2]. In this

experiment, five groups of MI (AMI, ALMI, ASMI, IMI and ILMI) have been considered since other

groups have very limited number of ECG records for training and testing the classifier. Number of

frames and beats of different MIs and healthy subjects (HS) used in the present experiment are shown

90

TH-1744_11610236



4.5 MI Classification Performance Evaluation

4 6 8 10 12
80

85

90

95

100

Number of Beats

A
cc

u
ra

cy
 (

in
 %

)

 

 
Detection
Localization

Figure 4.7: Frame size selection

Table 4.6: Number of instances of different types MIs and HC during training and testing

Type AMI ALMI ASMI IMI ILMI HC Total

#records 49 42 74 92 55 78 390

#beats 6656 5622 10644 12313 6491 9966 51692

#frames 656 546 970 1192 627 982 4973

Training

#records 10 9 9 10 11 40 89

#frames 115 104 108 112 106 501 1046

Testing

#records 39 33 65 82 44 38 301

#frames 541 442 862 1080 521 481 3927

in Table 4.6. Number of frames depends on the total number of beats of an ECG signal in each dataset

and is given as No. of frames = ⌊(total no. of beats)/B⌋. The classification performance degrades

when the value of B chosen is less than 10. Figure 4.7 shows the detection and localization accuracy

(in %) for different frame sizes. We can observe that the accuracy is more than 97% when the value

of B = 10 or more (which will be discussed later in this subsection), and it dropped to less than 95%

when the value of B is less than 10. It may be due to the fact that 10 beats or more are able to capture

the ECG information efficiently. This is the reason why value of B is kept 10 for both dimensionality

reduction and classification purpose.
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4. MECG Analysis and MI classification using Multiscale HOSVD

Table 4.7: Cross-validation Result of SVM Classifier for MI Detection

Classifier Measures Fold1 Fold2 Fold3 Fold4 Fold5 Avg

Polynomial

Sen(%) 91.3 92.5 89.4 91.8 91.6 91.3

Spe(%) 91.9 93.3 90.4 92.6 92.8 92.2

Acc(%) 88.4 90.4 87.5 88.3 89.7 88.9

RBF

Sen(%) 95.3 95.7 96.8 95.7 94.4 96.1

Spe(%) 95.8 94.7 96.1 96.2 94.3 95.4

Acc(%) 96.5 95.2 94.3 95.8 96.1 95.6

χ2

Sen(%) 98.8 99.5 98.1 99.7 99.1 99.1

Spe(%) 98.8 99.4 96.7 98.5 99.1 98.5

Acc(%) 99.1 98.8 97.6 98.6 99.4 98.7

4.5.1 MI detection

The detection of MI is considered as a two class classification problem with MI and HC as two

classes. LIBSVM, an integrated software for support vector classification is used to classify these two

classes [?]. The significant MSVs (mode-1 and -2) corresponding to A7, D7, D6, D5 and D4 subband

tensors are considered as features. In the earlier Section 4.3.6, we discussed about the dimension of

feature vector for the classifier. A 35-dimensional feature set (mode-1: 18 and mode-2: 17 MSVs) is

considered as the input to the SVM classifier. Each feature set of a frame corresponds to an instance.

Total respective number of instances of MI and HC are 3991 and 982 when B = 10. These instances

are divided into training and testing sets.

As these two classes have different number of instances (heartbeat frames), the classification

problem is performed with same number of instances from each class, considering a balanced one.

For training purpose, 500 instances, each from MI and HC classes, are selected. Random selection

may chose the instances from the same subject during training and testing process. To avoid this

over-fitting problem in this work, instances from set of subjects are considered during training. Then

remaining instances of other subjects only are used for testing purpose. For example, 500 instances

are selected from 40 subjects out of 78 in case of HC. Similar approach is followed for MI instances.

Number of instances processed during training and testing are listed in Table 4.6.

Different SVM kernel parameters (d, γ, and C) are chosen that achieve an optimal performance, by

following a grid-search using cross-validation. A five-fold cross-validation process is performed, and

the best results for the kernel functions, namely polynomial, RBF and χ2 are reported in Table 4.7.

Parameters for these kernels are set as following − polynomial: C = 26, γ = 2−5, d = 2, RBF: C = 25,

γ = 2−5, and χ2: C = 25, γ = 2−4. The SVM classifier with polynomial kernel function has an Acc of
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Table 4.8: Confusion matrix and MI Detection performance with optimal kernel parameters; Total instances
= 980

Kernel type Polynomial RBF χ2

❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵

Predicted
Actual

MI HC MI HC MI HC

MI 429 57 460 29 473 19

HC 71 423 40 451 27 461

TPR FPR TPR FPR TPR FPR

85.8% 11.9% 92.0% 6.1% 94.6% 3.9%

FNR TNR FNR TNR FNR TNR

14.2% 88.1% 8.0% 93.9% 4.4% 96.0%

Acc Acc Acc

86.93% 92.95% 95.30%

88.9%, and Sen and Spe of 91.3% and 92.2%, respectively. The classifier with RBF kernel function

achieve Acc, Sen, and Spe of 95.6%, 96.1%, and 95.4%, respectively, and the corresponding values

with χ2 kernel function are 98.7%, 99.1%, and 98.5%, respectively. It is clear from these results that

SVM classifier with χ2 kernel function performs better than the other two kernels. After obtaining the

best kernel parameters, the whole training set is trained again to generate the final classifier. Then

the classifier is tested with remaining 480 HC and randomly chosen 500 (100 from each subgroup)

MI instances, those kept for testing purpose. These instances are from those subjects that have not

been considered during training process. The TPR or Sen, TNR or Spe, FPR, FNR, and Acc for

different kernels are shown in Table 4.8. The classifier with polynomial and RBF kernels give accuracy

of 86.93% and 92.95%, respectively. But χ2 kernel function outperforms these two in every aspect and

gives better Acc of 95.30%. In this case, 473 MI instances have been classified correctly with a Sen

of 94.6% and Spe of 96.0%. All experiments in this work are performed using MATLAB R2012b in a

personal computer with CPU @3.20 GHz and 8 GB RAM.

4.5.2 MI localization

After detecting the presence of infarction, MI localization is an important task as it informs about the

injury on which side of the heart wall or myocardium. In this work, five types of MI, namely AMI, ALMI,

ASMI, IMI and ILMI are considered for localization process. It is a multi-class classification problem.

The publicly available MSVMpack [162], an open source package dedicated to multi-class support

vector machines is used for localization. The MSVs of SA7
, SD7

, SD6
, SD5

and SD4
along mode-3,

evaluated after applying HOSVD on different subband tensors, are considered as the features for MI
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Table 4.9: Performance comparison of subgroups with χ2 kernel function SVM classifier; Total tested instances
= 2922

❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵
❵

Actual
Predicted

AMI ALMI ASMI IMI ILMI HC

AMI (500) 489 1 8 0 0 2

ALMI (442) 2 438 2 0 0 0

ASMI (500) 9 2 488 0 0 1

IMI (500) 1 0 2 487 9 1

ILMI (500) 1 2 0 7 490 0

HC (480) 1 1 2 0 0 476

localization. As described in Section 4.3.6, 51-dimensional feature set is considered as the input to the

MSVM classifier. This 51-dimensional feature set constitutes 21-MSVs and 30 NMWE features along

mode-3.

During training of MSVM classifier, 100 instances each from five subgroups of MI are considered as

five classes with same kernel parameters. Remaining unknown instances are tested with the training

model. Five MI classes have different instances and are listed in Table 4.6. We considered 500

instances randomly from ASMI and ILMI to make a bias free classifier. Hence, number of instances

considered from AMI, ALMI, ASMI, IMI, ILMI and HC are 500, 442, 500, 500, 500 and 480, respectively,

with a total of 2922 instances. Table 4.9 shows the localization performance for different MI subgroups

with χ2 kernel function. ALMI and HC classes are accurately classified with Acc equal or more than

99%. In case of AMI and ASMI classes, we can observe more number of mis-classifications. Of 500

AMI testing instances, 8 are classified as ASMI. Similarly, 9 are classified as AMI out of 500 ASMI

testing instances. It is due to MI morphological changes in common leads V3 and V4. Similar reason

can be concluded for other two MI subgroups, IMI and ILMI.

4.5.3 Comparison performance

A comparative study on Sen, Spe and Acc are presented in Table 4.10. Most of the algorithms re-

ported in the literature are beat-specific [65–67, 72, 163, 164], and focus only on detection of MI from

HC. The method described in [66] was able to perform both detection and localization, and achieved

a good localization accuracy of 98.8%. Similarly other methods also achieved good classification per-

formance. One of the limitation with these methods [66, 68, 72, 163] is that the experimentation is too

over-fitted to the dataset, i.e. the heartbeats from the same subjects have been used during both the

training and the testing sets. This, in turn, results high Sen, Spe and Acc. We have performed the

experiments with and without over-fitting the training and the testing data. Results of Table 4.10 convey
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Table 4.10: Comparison of classification performance with existing methods

❳
❳
❳
❳
❳
❳
❳
❳
❳❳

Params
Methods

Proposed Sharma [68] Arif [66] Sun [67] Jayachandran [72] Nugent [65] Heden [164]

χ2 χ2 RBF RBF RBF KNN

Detection

Sen 94.6 98.2 92.0 97.2 93.0 97.2 92.6 NA 78.0 95.0

Spe 96.0 98.7 93.9 96.7 99.0 99.6 82.4 NA 97.3 86.3

Acc 95.3 98.8 92.7 96.9 96.0 NA NA 95.9 NA NA

Localization Acc 98.1 99.3 94.0 98.4 99.6 98.8 NA NA NA NA

Comments NO O NO O O O NO O Not clear

∗ NO: No over-fitting O: Over-fitting

that Sen, Spe and Acc values got lowered by 4-5% with RBF and 3-4% with χ2 kernel function when

the classifier is performed without over-fitting the data.

Without over-fitting the datasets, we still achieve better classification results. Sen (94.6%) and

Spe (96.0%) of the proposed method during detection has been enhanced by 2% and 13% [67] when

training and testing datasets are not over-fitted. Similarly, detection Sen and Acc (98.2% and 98.8%)

with the recent work (93% and 96%) [68] has been enhanced by 5% and 2.8%, respectively, with

over-fitting the datasets. Moreover, this method has two advantages. First, the dimension of feature

set for classification is very small which may help fast processing. This is because the feature set has

been extracted from the reduced MECG data. This method takes 0.23 s and 0.021 s, on an average,

for detection and localization, respectively, during testing compared to 0.44 s and 0.025 s in [68]. Both

methods have been executed under same environment. Second, detection and localization of MIs are

being done simultaneously.

4.6 Summary

In this chapter, a third-order tensor representation of MECG data was proposed that helped exploit

intra-beat, inter-lead with inter-beat correlations. The MHOSVD was applied to reduce the tensor data

dimension. The storage efficiency was enhanced 45 times or more with acceptable distortion level

using the proposed method.

Also some discriminative features were extracted from the reduced dimension of MECG data for

detection and localization of MI. Results showed that the proposed tensor-based method performed

better than the existing vector- or matrix-based methods. Another thing that had been followed in this

work was that the training and the testing datasets were not over-fitted, i.e. datasets from some set

of subjects were reckoned for training purpose, and datasets from other set of subjects, those were
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not considered during training, were considered for testing purpose. Also during classification, it was

observed that SVM classifier with the chi-square kernel function had better accuracy compared to the

polynomial and RBF kernel function based classifier. In the next chapter we will discuss a study on

how the MI progresses in different leads over period of time. This study will be performed by analyzing

TWA.
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5. T-Wave Alternans Analysis for Acute MI Progression

The development of reliable indicators of the sudden cardiac death (SCD) risk in patients with ischemic

heart disease is one of the most important challenges for modern cardiology. Recent reports guide

to study of T-wave alternans (TWA) as a promising indicator of an increased risk of life-threatening

arrhythmias [165]. TWA is an electro-physiological phenomenon that appears in the ECG as an alter-

nating pattern of ST-T-wave morphologies on alternate beats. TWA magnitude reflects a continuum of

cardiac electrical instability; higher TWA levels indicate greater cardiac risk. TWA is considered as a

prior prognosticator of SCD after acute MI, and same has been mentioned in [121] that the µ-TWAs

are the risk factors for SCD after MI. In other words, it is most often used in patients who have had

MI or other heart damage to see if they are at high risk of developing a potentially lethal cardiac ar-

rhythmia. However, there is no quantitative study reported in the literature on how the TWA amplitude

progresses in different leads over a period of time. This needs more information regarding the timing

of the recording. In Chapter 4, detection and localization of acute MIs was proposed, but not their

progression. To study this, first, it is essential to detect presence of TWA and estimate its amplitude

and validate with synthetic and real datasets. The objective of this chapter is to introduce a new TWA

detection and estimation method, followed by TWA amplitude progression in different leads for different

types of acute MI over period of time.

A number of methods have been proposed for TWA detection over the past three decades. These

methods range from the widely-used spectral analysis [88] to the recently proposed non-parametric

signal processing technique [76] and template matched-filter-based scheme [77]. An excellent clas-

sification with a broad methodological review on TWA detection can be found in [74]. The continu-

ous wavelet transform-based method [121] analyzed the TWA detection performance under Gaussian

noise at different SNR levels. It results in more false positives or negatives in the presence of high-level

of noise. Burattini et al. [75,166] performed the TWA analysis to investigate the effect of interferences

like residual noise, respiration modulation, replaced and missed beats and T-wave misalignments, etc.

with synthetic and clinical signals. Some of the limitations of the previous methods as given in [76] are

as follows: 1) the performance of the earlier methods requires proper conditioning of the signal before

the TWA analysis, 2) the non-optimized parameters of the respective methods need to be tuned for

different databases. However, the method in [76] used a number of stages for TWA detection and

estimation. Inclusion or exclusion of some processing stages will alter the detection and estimation

results for different databases. It is a difficult task to select which processing stages are to be included

or excluded for a certain database. Also, these algorithms perform well when the TWA level is high,

and they have less sensitivity to low-level TWA [59].
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Figure 5.1: Visualization of TWA in some leads (I, V1, V2, and V5). Average heart rate = 113.705 beats/min
over a 32-beat analysis window. Sampling frequency = 500 Hz

It is reported in [59,95] that most of the existing methods proposed earlier either analyzed a single

lead ECG or applied to each lead individually. As the TWA level is lead dependent, it may not be

identified in a single lead or in a specific lead of the multilead ECG (MECG) system unless it is analyzed

in all leads. Authors in [167] demonstrated that TWA analysis in all leads provides better and more

reliable results than the single lead system. Figure 5.1 shows varying TWA amplitude levels in different

leads of a single subject. In V5, there is a high level of TWA present, whereas a moderate level

can be observed in V1 and V2, and less or no TWA in lead-I. Since last decade, authors have put

research interest on multilead TWA analysis. Principal component analysis (PCA)-based multilead

TWA analysis scheme [59] was proposed to improve the TWA analysis performance by exploiting the

spatial redundancy of MECG data. A tensor-based TWA detection in MECG data was proposed in [93].

This method was based on extracting information from the time-domain T-wave signal and was tested

with few datasets where either macroscopic TWA or no sign of TWA were considered. It is difficult

to find exact locations of fiducial points in adverse conditions while dealing with time-domain-based

methods. Also, a benchmark evaluation of study for TWA detection is not presented in [93].

To overcome the issues like parameter tuning and low sensitivity to low-level alternans and to

enhance the TWA analysis for MECG data, a simple and robust TWA detection algorithm based on

tensor applications, MAS, and HOSVD is proposed in Section 5.1. The first aim is to extract the

only T-wave morphology from ECG signal even in noisy conditions. Multiscale analysis alleviates this

problem by grossly segmenting the ECG morphological features where signal information and noise

are placed into different subbands. The HOSVD is adopted with a hypothesis that TWA analysis

can be improved by exploiting both temporal and spatial correlations of MECG data in the wavelet

domain. The two types (semi-synthetic and real TWA) of datasets used for this analysis are discussed

in Section 5.2. The proposed algorithm is tested with these data sets and experimental results are

discussed in Section 5.3 and 5.4. Study on progression of MI in different leads over period of time
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Figure 5.2: Block diagram for TWA detection using multiscale analysis and synthesis with HOSVD

using TWA analysis is carried out in Section 5.5. Finally, summaries are drawn in Section 4.6.

5.1 Proposed MAS-HOSVD-based Method

A block diagram for TWA detection scheme based on MAS-MHOSVD is outlined in 5.2. It consists of

steps such as preprocessing, tensor MECG formation, MAS on tensor MECG, HOSVD on subband

reconstructed T-wave tensor. These steps have been shown in grey colored boxes, whereas the white

color filled box is intermediate step for temporal analysis. Detail procedure is presented in the following

subsections. In the detection stage, it is decided whether there is TWA in the signal or not, and in the

estimation stage the amplitude and/or the waveform of TWA is estimated. Depending on the specific

method, detection and estimation can be performed simultaneously or consecutively, or one of them

may be omitted. From here on, we will use the term ‘analysis’ to denote both detection and estimation

as a whole.

5.1.1 Signal preprocessing

In the preprocessing stage, all independent eight leads are preprocessed to remove baseline-wander.

During the TWA analysis, baseline-wander cancellation is an essential step and is considered as a ma-

jor issue for Holter recordings [168]. In literature, baseline-wander was removed using different filtering

and interpolation techniques [74]. In the preprocessing stage of the current work, baseline-wander of

each lead was removed by passing each ECG signal through a digital sixth-order Butterworth high-

pass filter with cut-off frequency fc = 0.3 Hz. To get the zero-phase shift, the filtered signal was passed

through the “Zero-phase forward and reverse digital filter” [16].
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5.1.2 Tensor MECG formation

To analyze the beat-to-beat variations, i.e. the ‘ABAB’ pattern of T-wave, we restructured the 2-D

MECG data into a third-order tensor, after R-peak detection and ST-T alignment. This representation

helps all ECG leads process simultaneously while looking at different heartbeats. The T-wave align-

ment of beats was performed by maximizing their cross-correlation [?, 74, 168] with the beat having

the highest length from a number of beats (frames of 32-beats were used). Then, zeros were padded

at the beginning and end of each beat to match their lengths.

5.1.3 T-wave reconstruction using multiscale analysis-by-synthesis

After third-order tensor MECG formation, it is decomposed using discrete wavelet transform (DWT) to

know exactly the spectro-temporal distribution of ECG morphologic features. As discussed in earlier

chapters, the MRA property of the DWT grossly segments these features into different frequency

subbands depending on their frequency content. These morphologic features have different spectral

distributions over different subbands. T-waves have significant proportion of their energy only up to 10

Hz. The TWA is associated with the cardiac repolarization, and the ST-T interval (the interval between

the starting of ST-segment and the end of the T-wave) represents the repolarization activity of the

heart. Hence, the signal of interest, is concentrated in the frequency range of 0.3 and 15 Hz [169].

The DWT is applied on the mode-3 fibers (xmn:) (by varying m and n with fixed p) of the third-order

MECG tensor Xm×n×p. It results in L + 1 subband tensors with L = 6 [104] that comprise of one

approximation (AL) and L number of details (Dj , j = 6, · · · 1) subband tensors with dimensions m ×

n×p/2L and m×n×p/2j, respectively. The maximum frequency of the subbands A6,D6,D5, · · · ,D1

are 3.906, 7.812, 15.624, · · · , 250 Hz, respectively, if sampling frequency of the signal is 500 Hz. As

discussed in the earlier paragraph, the T-wave information is retained in subbands A6, D6, and D5.

To obtain the T-waves’ information only, multiscale synthesis of lower frequency subband tensors

A6, D6, and D5 along mode-3 fibers is performed. The recombination of the wavelet coefficients to

reconstruct the original signal is basically a synthesis problem. The reconstructed samples are added

to obtain the T-wave tensor R as follows

R = rij: = a6ij: + d6ij: + d5ij:, i = 1 : m

j = 1 : n

(5.1)

where a6ij:, d6ij:, and d5ij: are the reconstructed samples of A6, D6, and D5. Note that A6, D6, and

D5 have the same dimensions. The resulted mode-3 fibers that contain the T-wave and some part of

P-wave information are noise free and suitable for analysis of TWA detection. Durations of PR interval
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and QRS complex are, respectively, 120 to 200 ms and 80 to 100 ms. Hence, an interval of 320

ms, after 200 ms from the beginning, is considered. This segment contains the ST-segment and the

T-wave of an ECG beat. The dimension of the T-wave tensor R turns out to be m× n× p′ where p′ is

the number of samples corresponding to the only T-wave.

5.1.4 TWA analysis using HOSVD on T-wave tensor

The third-order T-wave tensor Rm×n×p can be decomposed using HOSVD as

R = S ×1 U ×2 V ×3 W

=
m∑

i=1

n∑

j=1

p′

∑

k=1

Sijkui ⊗ vj ⊗ wk

(5.2)

where U ∈ Rm×m, V ∈ Rn×n and W ∈ Rp′×p′

are orthonormal matrices. S (analogous to Σ of linear

SVD) is the core tensor which controls interaction between orthonormal matrices. Unlike Σ, it does

not have a simple, diagonal structure. The matrices (U, V and W) depict the space variabilities along

different modes. In other words, the column vectors of U, V and W span the lead, beat and beat

samples space variabilities. Details on computing orthonormal matrices and the core tensor are given

in [99]. The core tensor S is calculated as S = R ×1 UT ×2 VT ×3 WT .

Then the TensorTinfo (T ) was determined as

T = S ×3 W ≈ Ŝ ×3 Ŵ (5.3)

where Ŝ and Ŵ are the dimension reduced versions (of the corresponding original core tensor and or-

thonormal matrix, respectively), after retaining the T-wave information. This truncation process based

on the thresholding of mode singular values preserves 95% energy of the tensor along any mode. A

detailed discussion can be found in [?,99]. As dimension reduction of a tensor is beyond the scope of

this study, readers are encouraged to refer these materials for details. The TensorTinfo describes how

the lead and the beat variation parameters interact. The presence of TWA or ‘ABAB’ pattern across

beats of a lead can be recognized from the vector t which was computed as

tlb = T ×1 UT
:l ×2 VT

:b (5.4)

where U:l and V:b are desired lead and beat representation vectors, respectively. Information in t was
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Algorithm 2 µ-TWA detection using MAS with HOSVD on third-order MECG tensor

Input: Preprocessed MECG data matrix X, Fs (=1000 Hz)
Output: Detect the presence of TWA or not
begin

Stage 1: Form the 3-array MECG tensor, X
Stage 2: T-wave reconstruction using MRA

Apply L-level wavelet decomposition on mode-3 fibers of X to form L+ 1 subband tensors
Reconstruct the subband tensors using multiscale synthesis on mode-3 fibers of A6 and D6

Add the reconstructed samples to get T-wave tensor, R = rij: = a6ij: + d6ij: + d5ij:, i = 1:m, j = 1:n

Stage 3: HOSVD on T-wave tensor (R)
T-wave tensor is decomposed to provide the lead, beat, and sample space variabilities using HOSVD as

R = S ×1 U ×2 V ×3 W
TensorTinfo is represented as T = S ×3 W = R ×1 UT ×2 VT

Vector t that helps recognize the presence of TWA or not is given as t = T ×1 uT ×2 vT

end

concatenated and presented in a matrix form as follows

T =







t11t21 · · · tm1
︸              ︷︷              ︸

B1

t12t22 · · · tm2
︸              ︷︷              ︸

B2

· · · t1jt2j · · · tmj
︸              ︷︷              ︸

Bj







(5.5)

where columns of matrix B contains T-wave information in t of respective leads, and j represents the

number of beats considered for analysis (here j = 32). In [59, 95], TWA detection was performed on

the transformed data, whereas in the proposed work, it was performed in the time-domain. The TWA

information in tensor T (5.3) was transformed back to the time-domain in terms of vectors in t (5.4).

As t is in time-domain, detrending can be applied on it to cancel the ST-T complexes. So, the TWA

difference matrix D was computed by differencing conjugate beats, i.e. second beat information from

the first beat, the third beat that from the second beat, and so on, which is given as

D = [Bi − Bi+1] , i = 1 : j − 1 (5.6)

This matrix was used for evaluation of detection and estimation. Also, the TWA or ‘ABAB’ pattern can

be distinguished visually by observing the difference matrix. An algorithmic procedure of our proposed

method for tensor based TWA is presented in Algorithm 2.

5.1.5 TWA detection decision and estimation

To decide the presence of TWA or not, we measured two parameters, namely the TWA ratio (TWAR)

[88] and the probability p-value by following the Wilcoxon rank-sum test [121]. TWAR measure is

based on the spectral analysis, which has been described elsewhere [88]. In brief, power spectra of

each beat-to-beat samples of ST-T complex are computed using the fast Fourier transform. The TWA

detection statistic (Z) is given by the composite spectrum of summed power spectral at each time point
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whose spectral magnitude is 0.5 cycles/beat (cpb). Mathematically, TWAR is given as

TWAR =
Z − µ

σ
(5.7)

where µ and σ are the mean and the standard deviation of the spectral noise measured in the spectral

window (0.33-0.48 cpb). The TWAR is compared to a fixed value of the threshold (γ). In this case,

γ ≥ 3 signifies the presence of TWA, or otherwise [59, 74, 76, 80, 88, 92, 170]. The estimated TWA

amplitude is given as

V =
√

Z − µ. (5.8)

For evaluation of p-value, the maximum T-wave amplitude of each T-wave in T (5.5) was considered

for the rank-sum test. These 32 values of a frame were separated into two groups, corresponding to

even and odd beats. The Wilcoxon rank-sum test was applied to these two groups, each containing

16 entries, to compute the p-value. Then, the groups whether come from the same population or not

was decided based on the calculated p-value with a confidence level of 95% (p <0.05).

�

In temporal approach (Figure 5.2), the TWA analysis was carried out with the time-domain ECG

signal. This approach was being evaluated to compare with the proposed method. After MECG tensor

formation, ECG beats along mode-3 were segmented. A segmentation window of 320 ms, after the

end of the QRS complex, was selected for the TWA analysis.

5.2 Datasets

5.2.1 Semi-synthetic dataset

To validate and compare the proposed method in different scenarios and with other state-of-the-art

methods, a semi-synthetic database by adding known and different amount of alternans to alternate

heartbeats of ECG signals is first re-created. These ECG signals are considered from the healthy

subjects of the PTB database [171]. This database contains 52 healthy subjects’ data with each

having one to three records; a single record corresponding to each subject is considered in our work.

Each signal is digitized at 1000 samples per second, resolution of 16 bit with 0.5 µV/LSB. To keep

a constant sampling frequency over the other database considered in this work, we resampled each

ECG signal to 500 Hz. Only eight independent leads out of the 12-lead set were processed.

Different TWA amplitude levels ranging from 0 to 100 µVs are added to every other T-wave of the

records under consideration. Addition of alternate waveforms is carried out with selected but randomly
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chosen leads rather than with all 8-leads. Further, to experience a high degree of realism, four types

of noise are considered: Gaussian (gs), Laplacian (lp), electrode motion (em), and muscular activity

(ma). Different levels of gs and lp noise with SNRs ranging from 0 to 50 dB in interval of 5 dB were

added to each of ECG leads of all records. Real noises for ECGs such as em and ma, obtained from

the MIT-BIH Noise Stress Test Database [172], are added randomly to MECG records as follows. As

the clean and the noise signals are sampled with different sampling frequencies, the noise signals

were resampled to 500 Hz. To add the noise signal with the clean signal, a noise segment of length

equal to that of the clean signal was extracted. For each MECG record, each noise signal of two-lead

noise records are paired with four ECG signals but with different multiplicative scale factors [173].

5.2.2 Physionet TWA database

The other database considered in this work is from the TWA/CinC challenge database. A detailed

description on this database is discussed in 2.5.2. In the present analysis, records of the standard

12-lead ECGs only (72 out of 100 records) are considered, and the proposed algorithm is evaluated

with independent 8-lead ECG signals.

5.3 Experiments on 8-lead Semi-synthetic Signals

5.3.1 Observations with temporal method

Temporal analysis for TWA detection is carried out as shown in Figure 5.2. The consecutive beats

are considered directly after ECG segmentation during temporal analysis. This approach is somehow

similar to the temporal analyzing schemes proposed in the literature. Table 5.1 shows the p-value and

TWAR for different comparative studies. The algorithm classifies correctly with p < 0.05 when there is

either no TWA present or TWA amount is more or equal to 100 µV. But for other alternan amplitude

levels, the classifier performance degrades to 83.9%, 72.5%, and 65.7% when the amplitude levels

are 50, 20, and 10 µV, respectively. With TWA amplitude of 10 µV, the value of TWAR (less than

3) signifies the absence of TWA. For TWA amplitude of 20 µV, the results of the TWAR and the p-

value (p < 0.05) are contradictory in nature. We can observe in this case is that the algorithm is able

to classify only 72.5% where TWAR is greater than 3. This is because that the noise has prevailed

over the low-voltage TWA, and the detection algorithm using the temporal method fails to notice the

microscopic TWA.

The TWA detection performance when ECG records are added with different SNRs (30, 20, 10, and

5 dB) is presented in Table 5.1. The study under noisy conditions are shown with two TWA amplitude
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levels (20 and 50 µV) for each SNR. We can observe that the detection performance is 71.1% when

SNR is 50 dB and added TWA amplitude is 20 µV, and it goes down as the SNR level decreases. Also

for a particular SNR, the algorithm performs well when the alternan level is more or equal to 50 µV, but

it fails if this level is less than 20 µV.

5.3.2 Observations with MAS method

Similar test analysis is accomplished for multiscale synthesis. For TWA analysis, T-wave information

is obtained directly from the T-wave tensor (5.1) without performing HOSVD and used to evaluate

the difference matrix D. During this test procedure, the p-value and the TWAR are evaluated from

consecutive beats directly after multiscale synthesis and before applying HOSVD (Ref: 5.2). The

results of Table 5.1 suggests that there is an improvement in TWA detection using the multiscale

synthesis over the temporal analysis. This is because the high-frequency noise gets suppressed due

to the multiresolution analysis by synthesis. The algorithm able to classify (p < 0.05) 50 µV alternans

with 95.2%, but it still fails to detect low amplitude alternan levels.

The TWA detection performance gets improved till moderate levels of noise (SNR up to 20 dB) are

added. When SNR is 20 dB or below, detection performance is improved by more than 12% compared

to the temporal scheme.

5.3.3 Observations with MAS-HOSVD method

We can observe that the multiscale synthesis method is able to detect the TWA presence when the

alternan level is 50 µV or more with SNR up to 20 dB. This method fails in adverse conditions like when

the alternan amplitude level is 20 or 10 µV, or the SNR goes below 20 dB. As like in [59] where PCA

was used for multilead TWA analysis, we adopted HOSVD in this work as 2-D PCA or SVD cannot be

applied to the third-order T-wave tensor. Transformation scheme using MAS-HOSVD has improved the

TWA detection performance. The algorithm classified (p < 0.05) TWA amplitude levels of 50 and 100

µV accurately. The detection performance has been improved significantly for TWA amplitude levels

of 10 and 20 µV. Also, the estimated TWA amplitudes are almost same with a maximum deviation

of 0.8 µV when added Valt = 10 µV. With different levels of noise, the estimation performance is also

accurate; the maximum deviation is 2.0 µV for 10 dB SNR signals when added Valt = 20 µV. In addition,

the mis-classifications with the temporal method has been improved using the MAS-HOSVD method.
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Table 5.1: Average Wilcoxon rank-sum test probability (p-value), TWARs and average Valt for different TWA amplitude levels and SNRs of semi-synthetic signals

temporal analysis MAS MAS with HOSVD

p <0.05 TWAR Avg Valt p <0.05 TWAR Avg Valt p <0.05 TWAR Avg Valt

A
m

p
li
tu

d
e

(µ
V

) 0 100% 0.07±0.003 0.1 100% 0.21±0.008 0.1 100% 0.98±0.004 0.0

10 65.7% 1.25±0.005 15.6 79.1% 3.58±0.015 11.5 95.2% 4.93±0.011 10.8

20 72.5% 3.89±0.017 25.8 80.6% 4.95±0.013 18.7 98.5% 7.71±0.018 20.5

50 83.9% 5.03±0.009 45.6 95.2% 8.82±0.019 51.9 100% 15.65±0.022 50.1

100 99.8% 9.18±0.117 106.1 100% 13.68±0.017 101.5 100% 18.29±0.029 100.1

S
N

R
(d

B
)

50
20µV 71.1% 5.17±0.020 29.7 96.4% 5.91±0.071 24.4 99.1% 8.28±0.070 20.7

50µV 81.2% 8.03±0.009 57.1 98.5% 9.73±0.009 53.1 100% 14.16±0.020 49.8

30
20µV 78.9% 6.42±0.049 32.9 93.1% 8.38±0.020 24.1 96.2% 8.49±0.098 21.3

50µV 82.6% 9.72±0.068 45.3 94.7% 10.02±0.053 47.2 98.6% 15.01±0.020 50.9

20
20µV 76.2% 7.09±0.071 33.6 90.1% 8.19±0.290 25.5 94.5% 7.94±0.031 21.6

50µV 81.5% 10.49±0.025 59.6 93.4% 10.49±0.054 46.7 95.9% 14.88±0.047 51.2

10
20µV 69.8% 7.48±0.021 32.4 86.9% 9.01±0.008 27.0 92.3% 8.09±0.049 22.0

50µV 71.7% 10.76±0.034 60.2 88.2% 11.41±0.041 54.8 92.7% 15.18±0.067 51.7

Note: Values shown here are averaged over all 8-leads

1
0
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5.3.4 Comparison with the state-of-the-art methods

Due to the unavailability of clinical gold standards for TWA, it is difficult to compare and validate the

proposed method with most of the existing methods. However, for a fair comparison, the proposed

method was compared with three (the classical modified moving average (MMA) [89], the wavelet-

based [121] and the multi-PCA [59]) methods, considering the same database. We implemented the

wavelet-based [121] and the multi-PCA [59] methods and used the TWAnalyser toolbox [174] for the

MMA method. Semi-synthetic signals were processed with these methods using a 32-beat analysis

window.

To compare the proposed method with the multi-PCA, parameters like the probability of detection

(PD) and probability of false alarm (PFA) were evaluated. Following the conventional definitions of

detection theory, the PD and PFA were defined as

PD =
number of positive TWA detections with a given Valt

total number of detections

PFA =
number of positive TWA detections when the added Valt = 0

total number of detections

The detection performance was evaluated from the receiver operating characteristic (ROC) curve as

shown in Figure 5.3. It shows the variation between PD and PFA for different detection threshold γ.

The PD and PFA were evaluated by considering 194 frames of semi-synthetic dataset described in

Section 5.2.1. We can observe that the PD value increases with lowering the γ value, but the PFA value

gets increase simultaneously. To have a minimum PD value of 0.95, we chose the PFA = 0.01 and the

corresponding threshold γ was selected for detection. This procedure was followed for different added

SNR levels for a particular type of noise.

Figure 5.4 shows the comparison plots of the resulting PDs vs input alternans level. For the TWA

amplitude range of 10 to 60 µV, the MAS-HOSVD method detects alternans with at least PD = 0.197

higher than the multi-PCA method. With the TWA amplitude of 10 µV , the proposed method attains

the PD = 0.857, whereas the multi-PCA method attains the PD = 0.422 for the same level of TWA

amplitude. Results with lp noise at SNR = 20 dB are also shown in this figure. Decrease in PD for

a given Valt of the MAS-HOSVD method is lower than the multi-PCA method. For example, when

Valt = 10 µV , the PD changes from 0.857 to 0.627 and 0.422 to 0.147 for MAS-HOSVD and multi-PCA

methods, respectively.

To analyze the behavior of the methods under different noise conditions, the above considered four

types of noise were added to the semi-synthetic datasets with different SNR levels. For each case,

the γ was selected so that PFA = 0.01 and the corresponding PD was evaluated and compared. Figure
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5.3 Experiments on 8-lead Semi-synthetic Signals
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Figure 5.3: Variation of PD vs PFA for SNR = 20 dB
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Figure 5.4: Variation of PD vs Valt (semi-synthetic datasets with lp noise of SNR = 20 dB) for multi-PCA and
MAS-HOSVD techniques

5.5 shows PD of the three methods versus SNR for gs, lp, em and ma types of noise. For a certain

PD (say, PD = 0.95), the SNR level in case of gs noise is at least lower by 10 dB for the MAS-HOSVD
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Figure 5.6: Comparison performance of MAS-HOSVD with MMA using the r2 correlation coefficient values
of all leads.

method compared to the multi-PCA method. In case of lp and ma noises, the proposed method attains

the said PD at the SNR level lower by 5 dB compared to the other method. The detection performance

degrades for em noise. The proposed method achieves the PD ≥0.9 for SNR = 45 dB or more, and it

performs better than the multi-PCA method.

Further, comparing the p-value results with the wavelet-based method [121], a significant improve-

ment in detection performance is observed. The algorithm in [121] classifies (p <0.05) 81%, 86%,

98%, and 100% TWA signals when the alternan amplitude levels are 10, 20, 50, and 100 µV, re-

spectively. The proposed MAS-HOSVD method classifies (p <0.05) 95.2%, 98.5%, 100%, and 100%
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5.4 Experimental Observations on 8-lead TWA ECG signals
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Figure 5.7: Variation in row vectors of D for different leads (a) I, (b) V1, (c) V2, (d-f) V4-V6. Note that the
normalized amplitude is in the range of ±1 for all leads.

of TWA signals for the respective alternan amplitude levels. These two methods were executed and

compared using the same semi-synthetic signals.

To compare with the MMA method [89], r2 correlation coefficient between estimated and input

alternans level is evaluated. Figure 5.6 shows the r2 correlation values of all leads for comparison

purpose. The MAS-HOSVD method results r2 values in the range 0.9997 to 0.9999 for all leads. The

r2 values obtained using the MMA method comparatively lower than the MAS-HOSVD method for all

leads. It is due to the difference between estimated and input alternans level in the range 10 µV to 40

µV.

5.4 Experimental Observations on 8-lead TWA ECG signals

In this section, experimental observations on TWA/CinC database are presented. Experiments are

carried out with 8 independent leads.

5.4.1 Observations with MAS-HOSVD method

As mentioned earlier, the ‘ABAB’ pattern across beats of a lead is reflected in the row vectors of matrix

D (5.6). Figure 5.7 shows the information in row vectors of matrix D for different leads. For better

visualization, information of ten beats is concatenated and shown in this figure. These plots are for

the T-waves of the same dataset as shown in Figure 5.1. Leads with high TWA or ‘ABAB’ pattern have

high fluctuations and amplitude (Figures 5.7(c-f)). Consecutive beat amplitudes differ substantially.

Unlike to this, leads with less TWA as in Lead-I and V1 (Figure 5.1) have low amplitude levels which

indicates the absence of TWA in these leads. For the sake of comparison, all sub-panels of this figure

are kept at the same scale, and the normalized amplitude of these vectors is in the range of ±1 for all

leads.
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Figure 5.8: ECG fragments of two chest leads (V4 and V5). (a) and (b): baseline removed original ECG
fragments, observed TWA amplitudes in V4 and V5 are 61.5 and 24.6 µV , respectively (c) and (d): ECG
fragments of (a) and (b) with SNR of 20 dB, (e) and (f): two consecutive superimposed beats, (g) and (h): Plots
showing the observed and estimated TWA amplitude during time-domain analysis, (i) and (j): reconstructed
beats using multiscale synthesis of lower subband tensors A6, D6, and D5, (k) and (l): TWA detected beats in
vectors t extracted from TensorTinfo. The observed and estimated TWA amplitudes are in accordance with each
other. Dataset: twa66, TWA/CinC challenge database

The overall performance on two chest leads (V4 and V5) during different stages of the proposed

algorithm is shown in Figure 5.8. Original ECG fragments are plotted in Figure 5.8 (a) and (b). T-wave
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5.5 Study of MI Progression using TWA Analysis

amplitude values of consecutive beats are shown with MATLAB data tips. Observed TWA amplitude

levels in these two leads are 61.5 (= (1388−1265)/2)1 and 24.6 µV in V4 and V5, respectively. These

fragments are added with SNR of 20 dB, and resulting ECG fragments are shown in Figure 5.8 (c) and

(d). TWAs are hardly observable to naked eye as TWA has a relatively small amplitude than signal

noise. To appreciate the observed TWA amplitude difference, two consecutive beats from these two

leads are superimposed and plotted in Figure 5.8 (e) and (f). Time-domain based results for TWA

detection and estimation are pictured in Figure 5.8 (g) and (h). Neither the observed (77.0 and 46.6

µV ) nor the estimated (62.7 and 25.9 µV ) alternan amplitude levels in V4 and V5 are close to the

original levels (61.5 and 24.6 µV ). This is because of the presence of noise that alters these levels.

However, the proposed MAS-HOSVD method is able to detect the presence of TWA and also helps

quantify the TWA amplitude level. The TensorTinfo information of leads V4 and V5, after applying

MAS-HOSVD, are shown in Figure 5.8 (k) and (l), respectively. Both observed (59.0 and 23.8 µV ) and

estimated (60.8 and 24.1 µV ) levels are nearly same and in well accordance with the original levels.

Note that the estimated values shown in subplots (Fig. 5.8 (g), (h), (k) and (l)) are not the maximum

instantaneous difference between even and odd beats rather these are the maximum values occurring

at the same location from the global estimation distribution (5.8).

5.4.2 Comparison using Kendall rank correlation coefficient

As discussed in Chapter 2, a number of methods were proposed for TWA analysis in the PhysioNet

/CinC Challenge 2008. Records were ranked according to their estimated TWA amplitudes. Then

the rankings from different methods were compared using the Kendall rank correlation coefficient. In

this work also, records were sorted according to the estimated TWA amplitudes of the MMA, wavelet-

based, multi-PCA and MAS-HOSVD methods. Also, records were sorted according to their true TWA

content. Then, each resulting ranking by each method was compared with the actual ranking. The

Kendall rank correlation coefficients between the estimated and true rankings are 0.774, 0.739, 0.758,

and 0.812 for the MMA, wavelet-based, multi-PCA and MAS-HOSVD methods, respectively.

5.5 Study of MI Progression using TWA Analysis

After validating TWA analysis with synthetic and real ECG signals, in this section, we study the TWA

progression in different leads over a period of time, in patients with prior MI. In MI or other cardiac

patients, TWA analysis is in great care attention to check their progression towards lethal cardiac

1Data recorded with the resolution of 0.5 µV /LSB or 2000 A/D units per mV
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5. T-Wave Alternans Analysis for Acute MI Progression

arrhythmia. In [121], authors have mentioned that the µ-TWAs are risk factors for SCD after MI.

A prospective study for prediction of SCD in patients after acute MI using TWA was carried out in

[85, 87, 175, 176]. However, there is no quantitative study reported in the literature on how the TWA

amplitude progresses in different leads over a period of time.

For evaluation purpose, datasets are considered from the PTB database (2.5). However, to study

the TWA progression in MI cases over period of time, it is required to have the records of a subject

which are recorded in different days. The subjects (MI and HC) with multiple records of this database

are chosen, as it has information about the date of acute infarction, date of recording, and types of

MI. This database contains MI (148) and HC (52) subjects, and each subject is represented by one

to five records. Exclusion criteria are as follows: (1) subjects with no acute MI in MI subjects, (2)

subjects with single record only, (3) subjects with multiple records but recorded on same day, (4)

age 80 years or greater [87]. Records available on consecutive weeks with deviation of 3 to 4 days,

after acute MI, are considered, while records with a lag of two weeks or more are not considered.

Moreover, the MI subjects are having different types of acute MIs, namely anterior (AMI), antero-septal

(ASMI), antero-lateral (ALMI), inferior (IMI), lateral (LMI), infero-lateral (ILMI), and infero-postero-lateral

(IPLMI). Number of subjects for these HC and MI types are: HC – 6, AMI – 12, ALMI – 9, ASMI – 18,

ASLMI – 1, IMI – 22, LMI – 1, ILMI – 9, and IPLMI – 6. A total of 286 records from 82 subjects are

finally selected for this study, and number of records varied among the subjects.

TWA analysis is carried out in all leads (I, II, V1 – V6) of HC and MI subjects using the MAS-

HOSVD method. Figure 5.9 shows the bar plots of TWA amplitudes for different leads. The mean

Valts in consecutive weeks are stacked for a particular lead. Subplot in Figure 5.9(a) corresponds

to HC case, whereas other subplots correspond to different types of MIs. The 1.9 µV cutpoint was

established in previous studies for positive TWA. However, the Valts of HC suggest that leads V3 and

V4 have TWA amplitudes > 1.9 µV. Hence, in this study, Valt = 4.91 µV and Valt = 4.62 µV are

considered as the cutpoints for these two leads, respectively. Some salient observations regarding

TWA progression in different MI cases noticed from this figure are as follows:

• In case of AMI (Figure 5.9(b)), positive TWA is found to be appear in anterior leads V3 (Valt =

5.48 µV ) and V4 (Valt = 8.24 µV ) initially, and it increases over time with mean TWA amplitude

levels of 24.9 and 28.2 µV in these leads. There is no sign of TWA in lateral leads (V5) during

first two weeks, and it starts appearing from the 3rd week onwards. This happens probably due

to the gradual occlusion of blood flow, starting from the anterior portion of the heart to the lateral

portion.
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5. T-Wave Alternans Analysis for Acute MI Progression

• In case of ALMI (Figure 5.9(c)), sign of positive TWA appears initially in anterior (V3, 5.29 µV )

lead, and it gradually increases over time with TWA amplitude levels of 12.84 and 15.38 µV in V3

and V4, respectively. Later, significant TWAs are observed in lateral leads (V5 and V6) after two

weeks. Then prominent TWA amplitudes are observed in these leads after 3rd week. Similarly, in

case of ASMI (Figure 5.9(d)), TWA amplitudes are seen in anterior and septal (V1 and V2) leads.

The first positive sign of TWA appears in V2 (5.09 µV ). Over time, TWA amplitudes are visible in

septal and anterior leads. Compared to septal leads, high amount of TWA is observed in anterior

leads. The high standard deviation in V4 and V5 of ALMI case and V2, V3 and V4 of ASMI case

is due to the presence of prominent TWA amplitude (Valt > 47 µV ) in some subjects. The 47 µV

cutpoint was established in previous study [176] for SCD, and this may be an indication of SCD

in those subjects.

• In case of IMI (Figure 5.9(e)), sign of positive TWA is observed in limb lead II. Also it is observed

in anterior chest leads, V3 and V4. One thing can be noticed that, the TWA amplitude is very

high in some subjects during initial stages (Valt = 12.22 µV ), and then it gets lower down after

four days, and again increases in a week. This may be due to absence of sustained TWA. In

case of another subject, we observed that TWA amount gets increase till one week and remains

almost same during the second week. Meanwhile, TWA appears in leads V3 and V4. These type

of behavior can be noticed from the mean and standard deviations of TWA amplitudes during

couple of weeks. The high standard deviations in V5 and V6 indicate that positive sign of TWA

appears in some subjects after 12-14 days. In case of ILMI (Figure 5.9(f)), sign of positive TWA

is observed in limb lead II and chest leads V5 and V6. This is also observed in anterior lead V3

and V4 after a week. Unlike to IMI case, sustained TWA is experienced in some subjects due to

the infarction in lateral wall of the ventricle.

Some of the insights which are deduced from the above observations are as follows:

• The presence of TWA (change in amplitude) is more prominent in different chest leads depending

on the type of acute MI. This may be due to different viewing angles of chest leads.

• In either of anterior associated MI cases (AMI, ALMI, or ASMI), the TWA amplitude increases

rapidly after second week, which is reflected in V3 and V4 leads. This may be due to the pres-

ence of sustained TWA in these patients.

• Different subplots in this figure suggest that MI progresses rapidly after 10-14 days. Also, acute

MI appearing in anterior wall of the ventricles affect the lateral wall of left ventricle within two
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5.6 Summary

weeks.

• Also we have observed that subjects with infarction in the anterior or in the lateral wall have

high amount of sustained TWA than subjects with infarction in the inferior or in the septal wall

(non-sustained TWA). There is no sight of TWA in limb lead I except in IMI case.

5.6 Summary

TWA detection still remains a challenging task because of its small amplitude (which might sometime

suppressed in the presence of noise). In this chapter, an initial step for detection and estimation of

TWA from the third-order MECG tensor was proposed. MAS was employed to reconstruct the T-wave

from lower frequency subbands. Then, the HOSVD was applied on the T-wave tensor to extract the

TensorTinfo and TWA detecting vector. The MAS-HOSVD method outperformed the temporal and

MAS scheme during TWA detection.

After TWA detection with synthetic and real ECG signals, a study on TWA progression with few

subjects having MI was carried out. The algorithm preformed well with these subjects. It detected and

quantified correct TWA amplitudes in different leads. The TWA measure can help identify the type of

MI in a subject during on-set of acute MI.
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6. Conclusions

In this thesis, some of the MECG data processing methodologies using SVD and HOSVD in multiscale

domain are investigated. These methods are designed for three interconnected topics, viz. dimension-

ality reduction, feature extraction from reduced MECG volume for MI classification (both detection and

localization), and a study on progression of MI in different leads over period of time using TWA analy-

sis, all by exploiting spatio-temporal correlations of MECG data. Solutions proposed in this work were

shown to provide appreciable improvements in various MECG processing applications.

Chapter 1 presents a general introduction to single and multilead ECG signals, significance of

ECG diagnostic features, and various data processing applications. Literature surveys on three topics,

viz. correlation exploitation, feature extraction for MI classification, and TWA analysis methods are

discussed. Chapter 2 presents the reviews on above three topics along with on multiscale analysis. It

is difficult to present a review on these topics altogether, hence, these have been reviewed separately.

Correlation exploitation methods using data dependent transforms like PCA or SVD are reviewed in

the light of the three-stage unified framework. MI classification methods have been reviewed and

discussed in view of features being extracted whether in time- or transform-domain and dimension

of feature set. Some salient points are observed from these two chapters: proper arrangement of

ECG/MECG data helps exploit one or two types of correlations, wavelet coefficients of multileads at

each scale are also spatially and temporally correlated, SVD or its higher-derivative can be combined

with multiscale analysis and synthesis signals to process the MECG data.

The low complex MSVD method is proposed in Chapter 3 for MECG dimensionality reduction by

exploiting both intra-beat and inter-lead correlations. For fast and effective computation, MECG data

is represented in a 2-D array. After decomposing the MECG data into different subbands, subband

matrices are constructed by considering wavelet coefficients as matrix elements. The proposed MSVD

method is applied on these subband matrices, and it exploits the correlations present in the wavelet

coefficients. The MRFEC, a multiscale energy-based thresholding technique, is applied to select SVs

of subband matrices. An effective value of the threshold parameter, ν = 5 is chosen after perform-

ing subjective and objective distortion measures. Subjective evaluation is accomplished by taking

opinions from experts (doctors and researchers) and measuring the MOS. Based on the MOS error

criteria, the reconstructed ECG segments and signals (Table 3.5) falls under ‘very good’ category. The

compression performance and objective distortion measures of the proposed method are evaluated

by measuring average CR, PRD, WEDD, and WDD. The results are compared with the state-of-the-art

techniques. Some clear advantages of the proposed method are its fast processing nature and stor-

age efficiency. The proposed MSVD method achieves an average SRR and CR of 6.22:1 and 19.34:1,
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respectively, for ν = 5 with an average PRD value of 3.05%. This high dimensionality reduction is

possible because of exploitation of both types of correlations. Also this method executes at least 2.7

times faster than the existing techniques. One of the limitation in this work is that inter-beat correlation

present in MECG data, which is a huge source of redundancy, has not been exploited.

The MHOSVD method was proposed in Chapter 4 for dimensionality reduction and MI classification

by exploiting all three types, viz. intra- and inter-beat and inter-lead of correlations. The MECG data

is laid out in a third-order tensor form (leads×beats×samples). The 1-D DWT is applied to the mode-

3 fibers of the tensor, and subband tensors are formed by considering wavelet coefficients as array

elements. The MHOSVD method is applied to each subband tensors. An energy-based thresholding

technique is suggested to truncate the dimensions along different modes of subband tensors. The

dimensionality reduction performance and distortion measures of the proposed method are evaluated

by measuring average CR, PRD and WEDD. Exploitation of all three types of correlations results an

outstanding CR of approximately 45:1, which is the highest till date, with acceptable distortion levels.

A set of new discriminant mode (MSV- and NMWE-based) features is extracted for the automatic

detection and localization of MI. The selected feature set dimension for detection (35) and localization

(51) has been reduced compared to the state-of-the-art techniques, and this helps the algorithm com-

pute faster. Another thing that has been followed in this work is that the training and the testing datasets

are not over-fitted. The extracted set of features is shown to lead to a significant improvement in both

detection and localization, while its performance is comparable to other methods with over-fitting the

training and the testing datasets. It is also observed that SVM classifier with the chi-square kernel

function has better accuracy compared to the polynomial and RBF kernel function based classifiers.

The method achieves the detection Acc, Sen and Spe levels of 95.3, 94.6, and 96.0%, respectively,

without over-fitting the dataset, while its localization Acc is 98.1%. Results show that the proposed

tensor-based method performs better in terms of both dimension reduction and MI classification than

the existing vector- or matrix-based methods.

In Chapter 5, a new method based on MAS and HOSVD is proposed for detection and estimation

of TWA from the third-order MECG tensor. The MAS is employed to reconstruct the T-wave by syn-

thesizing the lower frequency subbands. Then, the HOSVD is applied on the T-wave tensor to extract

the TensorTinfo and a TWA detecting vector. The MAS-HOSVD method outperforms the temporal

and MAS scheme during TWA detection. Then, presence of TWA is estimated by evaluating TWAR.

To validate the proposed MAS-HOSVD method, experiments are conducted with both synthetic and

real datasets, by adding different TWA amplitude levels at different SNRs. The MAS-HOSVD method
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6. Conclusions

detects TWA and estimates its amplitude in all leads simultaneously. Also this method is tested to be

accurate in TWA analysis of MECG data. A clear advantage of the proposed approach is its robust-

ness to different types of noise added. Detection accuracy is 100% when TWA amplitude level is 50

µV or more, and it is still more than 95% when TWA amplitude level is less than 50 µV.

After TWA detection with synthetic and real ECG signals, a study on TWA progression with few

subjects having MI has been carried out. From this study, we conclude that infarction in the anterior

or lateral wall show sustained TWA than infarction in the inferior or septal wall (non-sustained TWA).

The algorithm performed well with these subjects. It detects and quantifies correct TWA amplitudes in

different leads, and in the future, the proposed algorithm can be extended with other subjects having

MI of the PTB database for further analysis.

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

1. Exploitation of both intra-beat and inter-lead correlations using multiscale SVD.

2. Thresholding technique that accounts variation of relative energy across subbands.

3. Novel representation of MECG data in a 3-dimensional tensor structure

4. Exploiting all three types of correlations using multiscale HOSVD.

5. A set of discriminant features (MSVs and NMWE) is extracted for detection and localization of

MI.

6. Validating TWA analysis using MAS-HOSVD with semi-synthetic and real ECG signals.

7. Study on acute MI progression in different leads over period of time using TWA analysis.

6.1 Scope for the Future Work

The thesis points to some interesting future work.

• Study and compare other tensor decomposition methods, and evaluating comparison perfor-

mance with regard to accuracy and error.

• µ-volt TWAs have been proposed as a risk factor for SCD after MI. But there is no study that

analyzes this problem. The present study is limited to few datasets. A detailed progression of MI

towards SCD remains still an interesting study where it can be explored.
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6.1 Scope for the Future Work

• The MAS-HOSVD-based TWA analysis method can be extended for cases with variable QRS-

duration. The present study (Chapter 5) assumed a fixed width for the QRS complex. This can

lead to error when the QRS-duration is longer in patients with high cardiac risk.

• The joint analysis of QT-interval and TWA may increase the prognosticative value of TWA test.

• Combining PPG and HRV study with ECG to get better analysis on cardiac health. TWA analysis

can be extended for shape variation during heart-rate variability and for amplitude transition

during respiration.
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6. Conclusions
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A. ECG Morphology Segmentation in Different Subbands

ECG is a low frequency containing signal. The most significant information lies in the frequency range

0.05−60 Hz, and it may be up to approximately 100 Hz in pathological cases. From the study of

cardiac electrical activity, QRS complex is the most significant component, and is characterized by

sharp slopes in ECG signal. Spectral distribution ranges between 1 and 40 Hz, and even more if

these waves have very sharp morphologies. The P and T waves have significant proportion of their

energy only up to 10 Hz [96]. Frequency distribution of T wave is below 6 Hz. There is an overlapping

problem of the P and T waves’ spectral components. Figure A.1 shows this overlapping problem for L

= 5. Details are to be followed. Due to multiresolution decomposition of an ECG signal (with sampling

frequency Fs), morphological PQRST features are segmented into L+ 1 subbands. The level j = 1, 2

· · · L is associated with frequency band, ∆F, is given by

2−j−1Fs ≤ ∆F ≤ 2−jFs (A.1)

Depending on frequency span of these features, Al-Fahoum [104] heuristically determined the

formula L = ⌊log2Fs − 2.96⌋ for decomposition level. The maximum frequency content of different

subbands is reported in Table 1 for Fs =500 Hz in our manuscript.

For an example, an ECG signal sampled with Fs =500 Hz and L = 6, subband A6 includes most

of the T-wave contribution and some of the P-wave contribution. Subband D6 includes most of the

P-wave contribution and part of the T-wave contribution. It will be difficult to segment P-wave and

T-wave information if the value of L is small. To have a better resolution of these waves, it is essential

to have high value of L i.e. L = 6 is most appropriate. Going beyond sixth level decomposition is not

necessary. Figure A.1 shows the information in different subbands for different values of L of an ECG

signal sampled with Fs = 500 Hz. It is clear that with L = 5, information in P and T-wave is not able to

segment properly.

Let us discuss about the factor 2.96 and flooring operation that is used in this formula [104]. Gen-

erally, ECG signals are sampled with 250 Hz or more. Values of L for different factors are given as

below:

L = ⌊log2(250) − 2.95⌋ = 5 L = ⌊log2(250) − 2.96⌋ = 5 L = ⌊log2(250) − 2.97⌋ = 4

L = ⌊log2(500) − 2.95⌋ = 6 L = ⌊log2(500) − 2.96⌋ = 6 L = ⌊log2(500) − 2.97⌋ = 5

L = ⌊log2(1000) − 2.95⌋ = 7 L = ⌊log2(1000) − 2.96⌋ = 7 L = ⌊log2(1000) − 2.97⌋ = 6

We can observe that the value of L gets decrease by 1 when this negative factor becomes more

than 2.96. It is worth necessary to decompose the signal with proper and smaller values of L. Perhaps

the factor 2.96 and flooring operation help for the same. Selecting a smaller value L than the value
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obtained using this formula may not be able to segment P-wave and T-wave information properly as

discussed earlier. This may be the reason why the factor 2.96 has been used.
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