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Abstract

Cardiovascular diseases (CVDs) are the leading cause of high mortality rates in India
due to unhealthy lifestyles and lack of daily exercise. The continuous recording and
monitoring of 12-lead ECG data are highly required for the diagnosis of CVDs. A huge
volume of data is produced during the continuous recording of 12-lead ECG data from
the subject for arrhythmia monitoring in the intensive care unit (ICU). Therefore,
efficient methods for automated analysis of the huge volume of 12-lead ECG data
are required for the accurate detection of CVDs. This thesis work documents the
development of tensor domain machine learning approaches for automated detection
of different CVDs using longer duration 12-ECG recordings.

There are five major contributions. The first contribution is the multi-lead fusion
(MLF) algorithm for accurately detecting the QRS complex. The QRS complex is
dominant in the cardiac cycle or beat. Hence detection of the QRS complex is the first
step in automated ECG signal analysis algorithms. The second contribution proposes
a third-order tensor-based cardiac disease detection method. The 12-lead ECG beats
are decomposed into modes by multivariate projection-based fixed boundary empiri-
cal wavelet transform (MPFBEWT). Th 3D tensor formed contains the information
of lead, modes and samples. This 3D tensor is fed to a deep Convolutional neural
network (CNN) to classify various classes of cardiac diseases. This 3D tensor contains
the information of a beat only. For the patient-specific model, where complete patient
information can be processed, a higher-order tensor is required. The third contribu-
tion proposes a patient-specific fourth-order tensor-based approach for the detection of
Myocardial Infarction (MI). A fast and adaptive multivariate empirical mode decompo-

sition (FA-MVEMD) is used to decompose the 12-lead ECG data into the modes. A 4D
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tensor containing the information of lead, beat, mode and sample has been formulated.
The tensor domain feature extracted after multi-linear singular value decomposition
(MLSVD) is further classified by the KNN, SVM and stacked autoencoder-based deep
neural network (SAE-DNN). The proposed 4D tensor-based approach shows improved
performance over the existing method for MI detection. The fourth contribution of
this thesis proposes a fifth-order tensor base bundle branch block detection method
using multivariate fast-iterative filtering (MVFIF) decomposition method, continu-
ous wavelet transform (CWT) and Bi-LSTM based classifier. The fifth-order tensor
contains the information of the lead, beat, mode, frequency and sample. The fifth
and final contribution of this thesis proposes a projection-based multivariate empirical
Fourier decomposition (PMVEFD) technique for the decomposition of non-stationary
multi-channel signals. The Proposed PMVEFD technique is used to detect atrial fib-
rillation (AF) in 12-lead ECG signals. The chirplet transform (CT) is used for the
time-frequency-phase (TFP) analysis. A sixth-order tensor containing the information
of the lead, beat, mode, frequency, phase and sample is formulated. The tensor domain
features extracted after MLSVD are classified by the ensemble learning-based classifier
into healthy and AF patients.

In summary, the primary objective of this thesis is to propose an accurate framework
for cardiac abnormalities detection in 12-lead ECG using higher-order tensor-based
machine learning and signal processing techniques. This tensor-based method enables
the implementation of a patient-specific framework in which multiple signal-processing
techniques can be used to extract the maximal amount of information from a 12-lead
ECG recording of a patient. The framework based on higher-order tensors proposed

in this thesis may be applied to other non-stationary multichannel data.
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K-Nearest Neighbour

Left Bundle Branch Block

Low Pass Filter

Leave One Out

Long Short-term Memory

Low-to-high

Myocardial Infarction

Multi-lead Fusion

Multi-layer Perception

Multi-linear Singular Value Decomposition
Multivariate Projection based Fixed Boundary Empirical Wavelet Transform
MultivariatenFast Iterative Filtering

Optimum Direction Cosine

Order Static Filter

Projection-based Multivariate Empirical Fourier Decomposition
Right Bundle Branch Block

Rectified Linear Unit

Residual Neural Networ

Recurrent Neural Network

Sensitivity

Specificity

Sinoatrial

Stacked Autoencoder

Stacked Autoencoder based Deep Neural Network
Stochastic Gradient Descent with Momentum
Singular Value Decomposition

Support Vector Machine

Time-Frequency
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TFP

VMD
WHO
WVD
ZPFB

Time-Frequency-Phase
Variational mode decomposition
World Health Organization
Wigner-Ville distribution

Zero Phase Filter Bank
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