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ABSTRACT

This paper introduce a new technique for autonsiit accurate detection of heart attack which is kf®wn as
Myocardial Infarction. The ECG signals may be cpted with different types of noises. So an effitianise removal
technique is inevitable. In this paper, we use @odgng technique using wavelet transform which sabm estimate the
signal of interest from the composite signal. Festiare extracted using polynomial fitting algaritand classification of
ECG beats is done by using an SVM (support vectachime) classifier. The proposed algorithm is cépédr automatic

detection of heart attack and also improves thesdiaation quality.
KEYWORDS: Myocardial Infarction, Wavelet Transform, Polynoirfting, Support Vector Machine

INTRODUCTION

Electrocardiogram (ECG) is graphical representation graphical representafiatypical ECG waveform is shown in
Figure 1 consist of P, QRS and T waves. In 24 haamsECG can record over one lakh heartbeats &ngle patient.
Analysis of these signals manually is a diffictling for the diagnosis of certain cardiac diseaSesautomated analysis of
long term ECG can help physicians to understandateemt’s physiological state. Automated tools aeeded for
cardiologists to analyze ECG data accurately. imadl application, automated classification ofdoduration ECG signal
is essential. Previous methods to tackle this isgre supervised learning approaches[2]-[3], tiajpés some supervised
methods. In [8], the analysis is based on the etdcafeatures such as Hermite coefficients andahewetwork based
methods are used for classification. ECG recordoags be processed by using these supervised Iganméthods[3] but
they do not yield good quality results. These tégpins only take the difference between labels efahtire ECGs but not
consider the difference between the labels of Hesats within the ECG. Semi supervised Learning{S$iategies[4]-[6]
are introduced to address this problem. This ambredll select a subset of heartbeats from theningi set of ECG data,

manually labeled by cardiologists and at last wadssifiers on them.
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Figure 1: A Typical Electrocardiogram
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A multiple instance learning strategy for ECG cifisationlis proposed in [1]. This method is morengplex for
the analysis of long term ECG data[7]. In this pap& propose an efficient classification systeat improves the quality
of Multiple instance learning. An efficient waveleased filtering methods and SVM classificatiomsed. The proposed
algorithm achieves good performance on classificatif ECGs related to Myocardial Infarction.

The reminder of this paper is organized as follo@sction Il briefly describes about myocardial mfeon.

Section 1ll describes the methodology. Section lweg the simulation results and finally section Mgents conclusions
and gives directions for future work.

MYOCARDIAL INFARCTION

In recent years, Myocardial Infarction(MI) is onétbe heart diseases causing very high death r8@st is
essential to recognize and locate Ml in ECGs. Ortbemajor indications of myocardial infarctiontise elevation in the
ST segment which is shown in Figure 2. Our maik taghis paper is to detect MI from ECG. MI occwken blood flow

stops to part of the heart causing damage to the hmiscle.

Myocardial Infarction
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Figure 2: Indication of MI from Patient’'s ECG

METHODOLOGY

Our proposed system contains three main phases: E@@ng (Preprocessing), Feature extraction and
classifica-tion. The methodology used in this papeahown in Figure 3

o 1 II Wavelet based 1 .’ Peak detecion & |
== ! moise removal i | Polynomial fitting i
| using SVM i

Figure 3: Block Diagram
ECG Filtering
The aim of this paper is to classify heartbeatdofeperforming this task, several preprocessimpsstwere
performed on the ECG raw data. Skin electrodesisee for capturing ECG signal. They are prone tttarnination by

various types of artifacts or noise. Usually twanpipal sources of ECG signal can be distinguish@de is due to

physical parameters of the recording equipment thiedsecond one is the baseline wander. ECG is atatmnary

Impact Factor (JCC): 3.6986 NAAS Rating.06



Wavelet Based Analysis of ECG Signal for the Detdon of Myocardial Infarction Using SVM Classifier 11

biosignal corrupted by noise. . It is proved thaawtlet Transform[9] can be used as an efficient fimodenoising such

signals.

The aim of this denoising process based on wawelas-form is to estimate the signal of interegt fs¢m the
com-posite signal f(i) by eliminating the noise)ediven that the composite signal f(i) = s(i) +)e{The noisy signal
decom-position is done by using discrete wavelangform(DWT) using the Daubechies wavelet. The inbth
coefficients are passing through a threshold[1@ setting certain values to zero. The denoisedasignrecovered by
taking the inversediscrete wavelet transform(IDWBY. zeroing the scaling coefficients of DWT, thesbeline drift also
can be removed. This is equivalent to filtering B@G signal with a high pass filter having a cutfodquency of 2.8 Hz.

Feature Extraction

Ml is usually indicated by the ST segment of ECGnal. Peak detection algorithm[11] is used to detke
characteristic points such as R, S and T pointerA3T segment is extracted from the ECG signdlnomial fitting
algorithm on the ST segment is applied for extracfieatures from it. The fitted curves are simtlarthe original ST
segments, so the information in the ST segments asievidth, shape etc., are expressed by a fewmpuolial coefficients.
Usually n+1 coefficients are there for n ordeririit The elevation in QRS peak is also an indicafior myocardial

infarction. So the height of QRS peak is also ideldias a feature for the classification.
Classification

A frame work of classification is shown in Figure Al beats in the training set is first groupedoirdifferent
clus-ters by using k-means clustering algorithmisTalgorithm utilizes the swarm intelligence alglon particle swarm
opti-mizer(PSO)[5] to find a set of optimal variabeights.

Figure 4: Block Diagram for Classification

Each cluster is characterized by a Gaussian kernel
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RBF. =exp B . R
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where L4 is the center of the Ith cluster, determined liynig the mean value of heartbeats in the cluster

S dist( - w)

: (2)
where is the user-defined scale factor. Featurtorecare extracted by analyzing the clustardweart beats
and finally single instance classifier such as supypector machine classifier (SVM)[9] is used &tassification.

SIMULATION RESULTS

To illustrate the performance of the proposed systege conducted a series of experiments on the didghostic
ECG database. First in the pre-processing stagengiut ECG signal is filtered by using a wavelasdd filter. Compared

with conventional filtering methods, this waveletsed filter has advantages because of less mearesguor value.
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Figure 5: Original ECG
The original ECG signal is shown in figure 5. ahd filtered ECG signal is shown in figure 6.

In previous work, all ECG signals are processedaiyCT based band pass filter whose pass band i® set

frequency interval [f1 f2 ] so as to eliminate thuence of both low-and high-frequency artifacts.

In this paper, all the noise and baseline drifteisoved by using a discrete wavelet transform bditteding
technigue which is more reliable and having lesam&guare error value compared to that of DCT bhaedpass filter.
The performance comparison of the two filteringragghes is shown in Figure 7. Next step is to dd®eS and T points
in the filtered ECG. Figure 8 shows the detectibR@nd T points in the filtered ECG signal. A pdaiding algorithm is
used to detect the characteristics points in therdid ECG signal.

SVM classifier is used for classification. A disorhant function f:X— R classifies an observatioreX into one

of two classes, labeled +1 or -1. The equationS#orsitivity, Specificity and Accuracy are showiolne
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Figure 6: Filtered ECG
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Figure 7: Performance Comparison
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Peak detection
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Figure 8: Detection of R, S and T Points

TP+TN

Accuracy = S

®)

where TP, TN, FP, FN, P and N are true positivee thegative, false positive, false negative, pasiand
negative respectively. Compared to other classieich as knn(k-nearest neighbor) classifier, S\Adsifier yields better

results in the classification of ECG signals anthoted a classification accuracy of 91 %.

Table 1: Performance Comparison of KNN and SVM Clasifier

Sensitivity | Specificity | Accuracy
KNN 85 % 80 % 84 %
SVM 91 % 88 % 91 %

Figure 9 shows the performance comparison of KNN @M classifiers plotted by taking the sensitivitpd

specificity values for different scale factors Ggnsitivity and specificity are higher for largmke factors.

CONCLUSIONS

In this paper, we proposed an automated classditaf ECG beats using SVM classifier. The proposgstem
accomplishes preprocessing effectively by usingrdie wavelet transform, which is an efficient tdot denoising
biological signals. A set of features are exploitectharacterize each beat. The proposed systerasstie problem of

automatic detection of MI from patients ECG. Thigppr consider both intra and inter ECG differenfigsbetter

classification.

Impact Factor (JCC): 3.6986 NAAS Rating.06



Wavelet Based Analysis of ECG Signal for the Detdon of Myocardial Infarction Using SVM Classifier 15

Performance Curve
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Figure 9: Performance Comparison

When tested on real ECG datasets from the PTB d&gndatabase, our method achieves better perfarena

than previous algorithms. The proposed systemrig neich useful in clinical application for the detien of myocardial

infarction. Of course, there is a scope for improget. That is further tuning of the parameters yidld better results.
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