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Abstract

ECG of a person is being recorded for diagnosis of
heart diseases, regular checkups, fitness and many other
diseases also. Hence, huge amount of ECG data is being
generated daily in hospitals. ECG recording and
monitoring consume lots of memory space of digital
computers. Data compression plays a vital role in
reducing storage space and utilizing transmission
bandwidth effectively. Objective of the research work is to
propose a robust and effective method for ECG signal
compression.

This paper includes extraction of key morphological
features, statistical features from decomposed signal,
analysis in wavelet domain and classification of feature
set. To reduce dimensionality of feature set, principle
component analysis (PCA) is applied. Accuracy achieved
with 15 principle components is same as pure wavelet
transform with significant improvement in compression
ratio (CR) by a factor of 4:1. MITBIH Arrhythmia
database is used for experimentation. Accuracy obtained
with K nearest neighborhood (KNN) classifier is 82.60%
and sensitivity 92.30%. Research work carried out here is
an improvement in the existing telemedicine technology.

1. Introduction

As per recent study by the Registrar General of India
(RGI) and the Indian Council of Medical Research
(ICMR), nearly about 25 percent of deaths occur because
of heart diseases. Now a day, telemedicine has taken
shape in biomedical signal processing field. Since
patients are able to get quick decisions from medical
experts, it helps to save life of people in emergency,
remote places. Electrocardiograph (ECG) is a
physiological parameter which represents electrical
activity of Heart. A 12 channel ECG recording and
monitoring system requires nearly 512MB of storage
disks daily for signals sampled at 360Hz sampling
frequency and 11 bit resolution. As digital technology is
moving ahead at a rapid pace, data storage is becoming a
critical issue. ECG compression is active area of research
in biomedical field.
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It has been observed that many algorithms are
presented in the literature for compression of ECG
signals. They are categorized into three different types:
Direct time domain, transform based and parametric
techniques [1][2][3]. In recent years wavelet based
compression methods have taken sharpen edge especially
in biomedical signal processing applications.

The optimal zonal wavelet-based ECG data
compression (OZWC) algorithm [1] achieved a maximum
compression ratio of 18: 1 with low percentage root mean
square difference (PRD). The wavelet filters based on
beta function [4] and their derivatives, improve the
compression of signal as well as minimize distortion. the
optimal zonal wavelet coding (OZWC) method and the
wavelet transform higher order statistics-based coding
(WHOSC) can contribute to and enhance the medical data
compression performance suitable for a hybrid mobile
telemedical system especially in low bandwidth mobile
systems [5]. Multiscale principal component analysis
(MSPCA) based on average fractional energy
contribution of eigenvalue in a data matrix [6] is
implemented using uniform quantizer and entropy coding
of PCA coefficients. compression ratio of 5.98:1 is found
with PRD value 2.09% .

Raeiatibanadkooki, et al. proposed a compression
method by focusing on compressing the ECG signal with
no loss of essential data and also encrypting the signal to
keep it confidential from everyone, except for physicians.
Mobile processors were used and there was no need for
any computers to serve this purpose [7]. After initial
preprocessing such as removal of the baseline noise,
Gaussian noise, peak detection and determination of heart
rate, the ECG signal is compressed. Then, Huffman
coding with chaos for compression and encryption of the
ECG signal were used.

It is found that there is a scope to study the effect of
CR and PRD on obtained features and also sensitivity,
accuracy after classification to make a closed loop system
for validation of compression algorithms. Proposed work
focuses on Compression of ECG signal, extraction of
features from decompressed signal, principle component
analysis for further data compression and validation using
a classifier.

In telemedicine, recorded data of patients is
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transferred over long distances for medical expert’s
opinion. Proposed work is an improvement in the existing
telemedicine technology as it also provides first aid
analysis to both medical experts and patients. It will help
experts in taking quick decisions. It may save life of
human being in emergency cases, heavy rain, traffic, rural
areas, long distance healthcare  unavailability.
Compression is required for reducing memory size, cost
and time of data transmission. Availability of bandwidth
is crucial in rural areas. Main aim of compression is to
utilize bandwidth effectively. This research paper focuses
on comparative study of lossy Compression methods
based on wavelet and PCA. For validation of heart
abnormality, accuracy, sensitivity and specificity
parameters are calculated. For classification KNN
classifier is used.

2. Work Methodology

This paper demonstrates the new improved ECG signal
lossy compression methodology based on wavelet and
principle component analysis (PCA).

2.1.  Preprocessing

ECG signal is preprocessed first before applying
compression  method.  Preprocessing  consists  of
normalization, mean removal. Due to normalization and
mean removal, the number of significant wavelet
coefficients gets reduced and maximum amplitude is
made less than one.

2.2.  Compression algorithm

ECG signal is compressed using wavelet transform
[8][9]. One of the Best Choice of mother wavelet [10][11]
for ECG signal processing is Bior4.4. This mother
wavelet is chosen on the basis of filter length, matching
of shape of mother wavelet with the signal to be
decomposed and energy spectra range. QRS complex
normal frequency range of 20 Hz to 60 Hz lies in the
fourth decomposition level. So signal is decomposed into
approximation and detail coefficients upto fourth level.

2.3.  Feature extraction

Key Morphological features include Q, R and S
detection, amplitudes and intervals [12], heart rate. After
Reconstruction of the ECG signal, fourth level detail
coefficients are extracted. To find R peak positions, zero
crossing detection of first order derivative of these fourth
level detail coefficients is performed. The correct location
of R peaks on original time domain signal is found by
multiplying the extracted R peak positions with a scale
factor 2*. The exact R peak is located by finding

maximum peak in chosen sliding window. Once the
correct R peak positions are located, then Q and S peak
positions are found as the highest negative peaks in a
sliding window.

Mean, mode, variance and higher order statistical
measures like skewness and kurtosis of approximation
and detail coefficients are also calculated. Standard
Deviation gives the measure to quantify the amount of
variation or dispersion of a set of data values from the
mean. Kurtosis is a measure of whether the data are
peaked or flat relative to a normal distribution. Data with
high kurtosis tend to have a distinct peak near the mean,
decline rapidly and has heavy tails. Skewness indicates
asymmetry and deviation from a normal distribution.

2.4.  Classification

KNN classifier is used for to check heart abnormality.
K-Nearest Neighbor (KNN) classification is a very
simple, yet powerful classification method. It became
popular due to its simplicity and relatively high
convergence speed. When dealing with continuous
attributes the difference is calculated as the Euclidean
distance. If the first instance is (ai, a,, as... a,) and the
second instance is (b, b,, bs...b,) the distance between
them is calculated by the following formula:

D=1/(a,-b,)* +(a, -b,)* +..(a, -b,)*

Continuous attributes are normalized to have the same
influence on the distance measured between instances.
The weighing scheme of the class numbers is often a
majority rule, but other schemes are conceivable. The
number of the nearest neighbor’s k, should be odd in
order to avoid ties, and it should be kept small, since a
large k tends to create misclassifications unless the
individual classes are well-separated. The performance of
a KNN classifier is always at least half of the best
possible classifier for a given problem. One of the major
drawbacks of KNN classifiers is that the classifier needs
all available data. This may lead to considerable
overhead, if the training data set is large. 50% dataset is
used for training.

2.5. Performance measures

Quantitative measures of performance used are
accuracy, sensitivity and specificity. The detection is said
to be true positive (TP) if the algorithm correctly detects
the normal signal, true negative (TN) if the algorithm
correctly detects the abnormal signal, false negative (FN)
if algorithm detects normal signal as abnormal, and false
positive (FP) if the algorithm detects abnormal signal as
normal. The parameters which are used to evaluate the
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performance of classifier are: sensitivity, specificity and
accuracy [9][14]. Average Performance parameters are
calculated after applying on all 47 records of MITBIH
database.

They are calculated using following equations:

TP+TN

Accuracy = 2
TP+TN +FP +FN
.. TP
Sensitivity = ——
M= ®)
e - TN
Specificity = ———— 4
pecificity TN FP 4)

N

> (x(n) = x'(n)?

n=1
PRD ZN 2 ) (%)

n=1

x(n)- original signal
x’(n)- reconstructed signal,
N- Length of the signal over which the PRD is calculated.

3. Experimental Results
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Figurel: Error signal after compression of ECG using
wavelet transform for record 103 from MITBIH database

The compression algorithm is tested on all records of
MITBIH Arrhythmia database. Lead Il Recordings of 10
sec of 47 patients with sampling frequency 360 Hz and 11
bit resolution is used for experimentation. ECG signal
decomposed upto 4™ level using Bior4.4 mother wavelet.

Reconstruction error is very less in the order of 10 as
shown in Figurel.
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Figure2: zero crossing detection of first order derivative
of fourth level detail coefficients

R peak positions are found and marked on 4™ level
detail wavelet coefficients as shown in figure2. After
multiplying these positions by 274 and using a suitable
sliding window, Exact Q, R and S peak positions are
found and marked on reconstructed ECG signal as shown
in Figure3.
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Figure3: QRS detection on Record number 103 of
MITBIH Arrhythmia database

Research work presented in this paper is compared
with existing algorithms mentioned in [13] in terms of CR
and PRD. Table 1 clearly shows PRD value in case of
proposed algorithms is much less than others.

Tablel. CR and PRD comparison of different existing
algorithms

Algorithm | Record CR PRD(%0)
Lu et. al 117 8:1 1.18

Hilton 117 8:1 2.6

Djohan 117 8:1 3.9
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et.al

Wei et.al 117 10:1 1.18
Proposed 117 8:1 2.2389e-10
ASEC 119 21.6:1 5.5

Lu et.al 119 21.6:1 5.0
Proposed 119 8:1 2.3126e-10

To reduce dimensionality of feature set, principle
component analysis (PCA) is applied. Performance of
wavelet transform method is compared with PCA of
wavelet coefficients having 15 and 5 components as best
and worst case respectively. By considering 5 principle
components, classification accuracy is degraded by 2 %
as that of wavelet transform. Sensitivity is very important
evaluation parameter in biomedical signal processing and
medical diagnosis. Accuracy obtained with KNN
classifier is 82.60% and sensitivity 92.30%. Proposed
work is an improvement in the existing telemedicine
technology.

Table2. Performance comparison

Compression Lossy Lossy Lossy
method

Compression 4:1 8:1 14:1

ratio

Computational N2 N’+NM2+N? N’+NM2+N?
complexity

Accuracy% 82.60 82.60 80.43
Sensitivity% 92.30 92.30 88.88
specificity% 70 70 68.42

4, Conclusion

In this Research work, key morphological features of
ECG signal and statistical features of wavelet coefficients
are considered for classification. Principle Component
Analysis implementation on wavelet features gives
satisfactory results in terms of compression ratio,
accuracy of classification and sensitivity. By considering
15 principle components, classification metrics give same
results as wavelet with significant improvement in
compression ratio by a factor of 4:1 as shown in Table2.
Proposed Work is an improvement in the telemedicine as
it includes compression of data and first aid analysis.
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