
 Introduction
According to the World Health Organisation (WHO),

cardiovascular-related mortalities and morbidities are

responsible for ~30% of global deaths.1 One key factor

causing these cardiovascular-related abnormalities is

termed 'arrhythmia' which might occur when electrical

impulses, which coordinate with heart beats, are delayed

or blocked, causing the heart-beat to become too slow

(i.e., bradycardia), too fast (i.e., tachycardia) or uneven.

Main types of arrhythmias include premature atrial and

ventricular contractions, ventricular fibrillation and Wolff-

Parkinson-White syndrome, and can appear in the form of

fluttering in chest, sudden cardiac arrest, syncope,

palpitations or no symptoms at all.2 Cardiac arrhythmia

generates changes in the morphological structure of

cardiovascular time series and can be diagnosed by the

analysis of electrocardiogram (ECG), electrophysiology or

head-up tilt test.3

It is widely accepted that the significant information

related to heart rhythm and its functionality is embedded

in ECG time series,4 which might be useful for the

automatic diagnosis and classification of heart

abnormalities. Recent studies5,6 have prompted the

utilisation of many signal-processing approaches,

including morphological parameters, beat-to-beat time

interval analysis,7 frequency based approaches and

principal component analysis8 for characterisation of ECG

dynamics. These techniques have capability to provide

information of either temporal or frequency components

only and assume the underlying time series to be

stationary. However, electrical activity of heart is highly

dynamic and generates non-stationarities in the ECG

signal. Therefore, the precise nature of time-varying ECG

can be characterised using time-frequency

transformation e.g., short-time Fourier transform and

wavelet decomposition.9

The current study was planned to propose a wavelet

decomposition-based template matching technique to

extract features for automatic classification of non-

stationary ECG signals of normal and arrhythmic

individuals. We hypothesised that the frequency patterns

of ~1Hz in arrhythmic individuals have differentiating

parameters in terms of phase difference indices and

magnitude of wavelet cross-spectrum (WCS) to

discriminate from the normal ECG time series. To place

our proposed methodology in the context of

conventional approaches, we also adopted cross-

correlation analysis.
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Materials and Methods
The study was conducted from December 2014 to

December 2015 at the Department of Electrical

Engineering, Institute of Space Technology, Islamabad,

Pakistan. ECG signals analysed in study were taken from

the freely available database www.physionet.org.

Wavelet-based cross-spectrum and phase difference

indexes (PDI) were evaluated as classification parameters

to delineate between normal and arrhythmic ECG

patterns. The ECG data was taken from the Massachusetts

Institute of Technology-Beth Israel Hospital (MIT-BIH)

Arrhythmia Laboratory ECG arrhythmia database.10 The

data for normal subjects was taken from the MIT-BIH

normal sinus rhythm database. This data is freely available

to analyse without any restrictions since the PhysioNet's

inception in September 1999 and is updated regularly.

The MIT-BIH arrhythmia database contains 48 half-hour

excerpts of two-channel ambulatory ECG recordings,

collected from 15 patients under observation of the BIH

arrhythmia laboratory. In both cases, the extraction of

ECG recordings was carried out by the standard 12-lead

ECG system. The ECG recording of 60 seconds was

selected for each subject for subsequent analyses. 

The major problem in analysis of non-linear and non-

stationary ECG is to remove the embedded noise e.g.,

power line interference, instrumentation noise, motion

artefacts, muscle artefact, baseline wander and

electromyogram, and to get its noise-free smoothed

version. For this purpose, we adopted a newly developed

signal processing tool, namely complete ensemble

empirical mode decomposition (CE-EMD),11 which

decomposes a signal into a small number of intrinsic

mode functions. Next, we selected only those modes

which carried useful information about the ECG

characteristics and combined them to give a smoothed

noiseless version of the original ECG signal. In this study,

we removed the first 2 modes, having high frequency

contents, of the recorded ECG signals and the remaining

modes were combined to get the noise-free signal. 

All values were represented as means± standard

deviation (SD) unless otherwise stated. Phase difference

index values were arcsine, and cross-correlation values

were Fisher transformed to get asymptotical distributions.

The normal distribution was determined by the Shapiro-

Wilk test.12 For ease of interpretation, all values were

presented in standard units. All comparisons were

performed using unpaired t-tests with Welch's correction

to determine if the significant differences were present.

P<0.05 was considered significant.

Wavelet transform is an analytical tool which is used to

analyse a non-stationary signal having time-varying

frequency contents.13 This technique has been used in

many applications including biomedical images, speech

and audio signals, geophysics, image and video processing,

and provides the time-frequency representation of signals;

the time localisation of spectral components embedded in

non-stationary time series (Appendix).

WCS is a representation of distribution of power between

two time series, and is a frequency domain analogous of

cross-correlation. Mathematical details of WCS are

provided in Appendix.

Results
Of the 30 subjects, 15(50%) were normal and 15(50%)

were diseased. Smaller PDI values at higher frequencies
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and higher PDI values at lower frequencies were observed

for both normal and arrhythmic subjects. PDI values for

arrhythmic subjects were found to be significantly higher

(0.25±0.04 vs. 0.08±0.07, arrhythmic vs. normal; p<0.05)

than that of normal individuals within the frequency

range of 0.9-1.1 Hz. However, no significant differences

was found for cross-correlation values between

arrhythmic and normal subjects (0.41±0.10 vs. 0.36±0.21,

arrhythmic vs. normal; p>0.05) (Figure-1). 

A representative example of the magnitude and phase of

WCS of template ECG with the normal and arrhythmic

ECGs is also shown (Figure-2). The colour bars show the

assignment of magnitude and phase values of WCS to

various colours. Briefly, it is a representation of the time-

localisation of frequency patterns of the magnitude and

phase variations. We observed periodic patterns of higher

modulus of WCS values with slow variations for

arrhythmic ECG (specifically at frequency range of 0.2-1

Hz). However, these periodic patterns of higher modulus

of WCS values have faster variations for normal ECG

(specifically at frequency range of 0.2-1 Hz). We observed

slow variations in phase for normal ECG at higher

frequencies (i.e., 0.2-10 Hz) while high variations were

observed for arrhythmic ECG. However, the phase
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ECG: Electrocardiogram

Figure-1: Group-averaged phase difference index of Template ECG with Normal and

Arrhythmic ECGs. *P < 0.05 using unpaired-t test with Welch's correction for the

frequency range of 0.9-1.1 Hz. AU; arbitrary units.

ECG: Electrocardiogram

Figure-2: A representative example for magnitude and angle of WCS of template ECG with normal and arrhythmic ECGs. WCS, wavelet cross-spectrum.

Figure-3: Scatter-plot of computed phase difference index and magnitude of WCS for

frequency range of 0.9-1.1 Hz for normal and arrhythmic subjects. The classification line

has been obtained by Bayesian linear classification algorithm. WCS, wavelet cross-

spectrum.



patterns remained similar at lower frequencies.    

The scatterplot between the phase difference index and

magnitude of WCS for the frequency range of 0.9-1.1 Hz

revealed that satisfactory delineation was achieved

between normal and arrhythmic individuals (Figure-3).   

Discussion
In the current study, we proposed the application of a

wavelet decomposition-based template matching

technique for delineation of normal and arrhythmic ECG

dynamics. The main finding of the present study is that

~1Hz frequency contents of arrhythmic ECG time series

have differentiating parameters, in terms of phase

difference indices and the magnitude of WCS, to

discriminate from the normal ECG time series. 

Reduction of mortality from cardiac causes depends on the

timely detection and accurate classification of ventricular

tachycardia (VT) and ventricular fibrillation (VF) arrhythmias.

Conventional algorithms14 made use of surface ECG

monitors and implantable cardioverter/defibrillators and

relied on simple heart rate for detection and classification

purposes. In a study,15 a sequential probability ratio test

(SPRT)14 was proposed to measure the surface ECG for the

discrimination of VT and VF. The algorithm used a novel

regularity measure, namely blanking variability, derived

from threshold crossings of the measured ECG.14

The current literature also makes use of the information

embedded in QRS (Q, R and S waves) structure of ECG signal

to examine its basic characteristic features. However, the

fundamental issue in analysis of QRS features is the

accurate detection of R-peaks of the ECG. A wealth of

different approaches used for QRS detection are discussed

in a study,16 including neural networks, filter banks, wavelet

transforms and methods based on non-linear transforms.

In previous studies, fast Fourier transform (FFT)-based

analyses have been adopted and verified with a

computer-generated mathematical model to detect the

pre-disposition of VT. In this proposed method, a priori

filter is used as a low- and high-pass filter when a priori

knowledge is required for extraction of the frequency

contents of the signal. This approach17 is commonly

preferred to avoid the time-domain analysis by allowing

the inherent limitation of high-gain amplification.17

In recent studies,18 wavelet decomposition has been used

to describe and identify the isolated cardiac beats. First,

six types of ECG signal beats including normal beats,

paced beats, atrial premature beats, right and left bundle

branch block beats and premature ventricular contraction

beats19 are detected using neural network-based

classifier. Next, continuous wavelet transform is employed

to extract significant features. This approach was adopted

for arrhythmia classification and provides sharp threshold

between tachycardia, bradycardia and normocardia

conditions.18 Similarly, an adaptive wavelet network

method has also been used for the ECG heartbeat

recognition and detection. In this method, Morlet wavelet

and probabilistic neural network20 are used to enhance

the features from each heartbeat and to perform

subsequent recognition tasks. The adaptive wavelet

network works in dynamic environment, because of

parameter tuning and automatic target adjustment.20

In the present study, we have suggested the use of

wavelet-based cross-spectrum and PDI values for the

classification and automatic detection of arrhythmic ECG

signals. A template matching scheme has been proposed

to extract distinguishing features to delineate between

normal and arrhythmic conditions. Our results show that

frequency contents of ~0.9-1.1Hz have differentiating

parameters, in terms of PDI and magnitude of WCS, to

discriminate from the normal ECG time series. 

The previous studies20,21 employing frequency-domain

based approaches have reported the power spectra

variations of individual QRS complex in the range of 0-20

Hz. Lin et al.21 found that the frequencies of VF were

concentrated in the range of 4-7 Hz. VT was observed in

two distinct frequency bands of 2-5 Hz and 6-8 Hz, while

atrial fibrillation was found in the frequency range of 2-10

Hz. Similarly, the respiratory sinus arrhythmia was found

having spectral power in the frequency range of 0.15-0.5

Hz.21 Collectively, these studies suggest that the

arrhythmia-related abnormalities might be associated

with the frequency contents of 0-10Hz. The results of the

present study are consistent with the findings of current

literature because we found that ~0.9-1.1 Hz frequency

contents of arrhythmic ECG are different from the normal

ECG time series, and this frequency range lies in the

frequency interval where arrhythmia is thought to be

distinct from normal ECG dynamics.

The proposed methodology employing wavelet transform

has the ability to capture non-linear and non-stationary

dynamics of the cardiovascular activity occurring over

beat-to-beat interval as a function of both time and

frequency. Moreover, this technique also provides an

increased degree of freedom to capture the temporal

dynamics of the non-stationary time series by dividing the

data into small windows (i.e., wavelets). However, it is

worth mentioning that this approach cannot explicitly

quantify the magnitude of non-stationarity nor can it

characterise the nature of non-linear features.22
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The preliminary results of the current study were

promising, but the study had its limitations as well. The

findings were inevitably affected by various factors,

including the choice of template ECG signal. To be

rigorous in our analysis, we made use of various normal

ECG signals as a template and found that the proposed

methodology worked appropriately. 

Additionally, our sample size was insufficient to prove the

clinical utility of the reported ECG analyses; however, it

might be useful to relate the proposed model to the

current framework of ECG diagnosis in clinical and

research practice. Of note, the proposed technique can

also be adopted to explore arrhythmic features using

other variants, for example, electroencephalogram

(EEG)23 and magnetoencephalography (MEG).24

Conclusion
Wavelet decomposition-based template-matching

technique achieved satisfactory delineation of normal

and arrhythmic ECG dynamics. Moreover, ~1Hz frequency

contents of arrhythmic ECG time series had differentiating

parameters, in terms of phase difference indices and

magnitude of WCS, to discriminate from the normal ECG

time series. 
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