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Abstract— Sudden Cardiac Death (SCD) is an unexpected RR Interval

death caused by loss of heart function when the electrical im ~- -3

: ; . R R
pulses fired from the ventricles become irregular. Most commn
SCDs are caused by cardiac arrhythmias and coronary heart PR segmenit] ST segment Isoelectric line
disease. They are mainly due to Acute Myocardial Infarction o ] T T P T
(AMI), myocardial ischaemia and cardiac arrhythmia. This paper T\ . /\
aims at automating the recognition of ST-segment deviatiamand _../‘hj w— T l/<\ e
transient ST episodes which helps in the diagnosis of myocdial QY Q s J Point
ischaemia and also classifying major cardiac arrhythmia. Qir | 9= >~

. Lo . g ST Interval

approach is based on the application of signal processing dn .
artificial intelligence to the heart signal known as the ECG PR Interval QRS Interval | -
(Electrocardiogram). We propose an improved morphologich
feature vector including ST-segment information for heart beat QT Interval  TQ Interval

classification by supervised learning using the support veor

machine approach. Our system has been tested and yielded an
accuracy of 93.33% for the ST episode detection on the Europ@ . .
ST-T Database and 96.35% on MIT-BIH Arrhythmia Database €@l time [3]. In this paper, we focus on automated ST-segmen

for classifying six major groups, i.e. Normal, Ventricular, Atrial, ~ analysis and automated arrhythmia classification.

Figure 1. Sample two cycle ECG recording with fiducial pointarked.

Fusion, Right Bundle and Left Bundle Branch Block beats. Our contribution towards diagnosis of cardiac abnormesiti
is two-fold. First, we propose a simplified real time algionit
|. INTRODUCTION based on wavelet processing for the detection of ST-segment

] ) and ST-deviation changes, which further help in identifyin
Coronary Heart Disease (CHD) (also known as ischemignsient ST-episodes. This would give an immediate evalua

heart disease) is caused when the coronary art_eries canff of the patient's condition in emergency, independent o
supply enough blood to the heart due to clogging. It caRe patient history. Second, we introduce a novel approéich o
become catastrophic resulting in myocardial ischemia agding the ST-analysis features and correlation matrix betw
infraction with affected myocgrdium that is reflected in th@egrt peats for classifying each beat by supervised legnin
occurrence of lethal arrhythmias. Our classifier distinguishes six classes, i.e. the NormalisSi
The Electrocardiogram (ECG) is an electrical recordingyythm and five most common arrhythmia categories. Every
of the heart behavior and is crucial to investigating cardigeart beat/ training instance of the classifier is represtwith
abnormalities in a human. The ambulatory ECG recordingstotal of 203 features (morphological features and discret
are typically examined visually by a physician for impottanyavelet coefficients). Our contribution is in employing add
features. Figure 1 shows a two cycle ECG recording with thgynal morphological features of ST-segment and cormati
fiducial points of importance; P wave, QRS complex and doefficients for each arrhythmia class template. In terms of
wave. practical use of our approach, our automated detectioemsyst
The heart diseases are clinically diagnosed by the stugiin help in indicating any possibility of SCD, much ahead

of ST-T complex [1]. The changes in amplitudes, times angt time. Thus facilitating with wider time-frame for relavia
duration on the ST-T can indicate an electrical instabilile treatment and effectively reduce the SCDs.

to increased susceptibility to ventricular fibrillationdathus
leading to sudden cardiac death. In particular, the ST-segm Il. PRIOR WORK
is the most diagnostic parameter as it represents a state dbeveral techniques have been introduced for ECG beat
unchanged polarization. It begins at the offset of depodaion classification in general, and ST-segment analysis of ECG
(QRS) and ends at the onset of depolarization (T wave), in thaves in particular. Authors in [4] developed a ST-segment
ECG. Any significant change of this ST-segment level fromecognition system based on neural networks with large data
the isoelectric line indicates an ischemic or infractedrheasets for training and obtained an average accuracy of 95.7%
condition [2]. within a 10ms error. However, a large amount of memory is
In view of the length of each recording and the number afeeded for their learning phase. The work in [5] described
recordings in real time clinical cardiology, manual intemtion a hardware configuration for an ECG monitoring device and
is very time consuming. Automated analysis of the ECG coutde detection of ST pattern change. A small dataset of four
therefore be a useful technology, especially when perfdrime records from the European ST-T database are used for pattern



matching and for evaluating their system. Authors in [GMMMLMMML

also proposed an algorithm for ST-segment analysis usiag f '
multi-resolution wavelet approach, achieving an accurafcy i i ‘ |

C s . . . 31 sec of Arbitrary Length 31 sec of conslam‘ Arbitrary Length 31 sec of
97.3% within an error margin of 8ms. Our system indicated asT Devl<0-1my IST Devl>0.1mV / |ST Dev<0.1mv

better accuracy using the discrete wavelet transformation First |ST Dev| <005 t=0 First |ST Dev| <0.05
As for beat classification, the approach described in [7] ST Episode Begin ST Episode End
. . . . . Backward Search Forward Search
classified only four types of arrhythmia, with a hierarchibe:
cision tree by grouping similar classes together and briagch Figure 2. ST-Episode Detection

down to finer granularity of classification. A knowledge-eds
method was proposed in [3] for arrhythmic beat classificatio
arrhythmic episode detection and classification using timdy

The level is determined based on the frequency sub-band to
be extracted from the ECG signal. The transform is applied at

RR-interval signal. It classified only four classes based dA€ Scales of 2and 2. The isoelectric line is determined by
only RR features. In [8], the authors proposed a |eamiﬁé)prOX|mat|ng each beat with thé 8cale transform. A search
algorithm for analyzing the gray relations between tempjatmethOd is used to find the most stable zero crossings between

and test data set. The database of templates used in {H%P and T waves. This IS obtained by using the windowing
work was large and the system only classified two class@d backwar_d s_earch algorithms for the signal before the QR_S
De Chazal et al. classified the beats by analyzing the FRMPIEX. This is repeated for 20 beats and the average is
intervals and ECG morphology features along with heafgtermined as the isoelectric line. ,

beat segmentation information [9]. They combined two Imea The ‘]_ point is detected from the’ Zcale transforma_non.
discriminant classifiers to make the final decision. The WorTJﬂ“_S p9|nt corresppnds to the _peak _after _the_ S pomt._ On
presented in [10] uses a hybrid of fuzzy clustering and aidifi estimating the J point, the ECG inflection point is deterrdine

neural networks to discriminate between different classfes O the denoised signal before applying transformation.
beats. The ST-segment is defined as the part of the ECG signal

between the J point and the onset of the T wave. This is
_ . achieved by the Windowing Technique. On thé fale, a
The analy5|s of the. EC,G ST—segmgnt mvolves. three majos jowed search is implemented from the S point. The region
parts which we describe in the following subsections. where the slope of the signal is maximum is determined and a
A. ST-segment Detection backward search starts from the local maximum till the point

To identify the ST-segment in an ECG signal, accura here the signal is minimal. This point is fixed as the T onset.

detection of the isoelectric line, the J point and the hea{ ttr;]er_e IS nﬁ Io_I(_:aI maximum or m:jmmt:am In tEe ‘\]Nlr;((j)owmg
rate are required. Thisoelectric lineis the baseline of the technique, the T onset Is estimated to be at the point.

electrocardiogram, typically measured between the T wape ST-Segment Deviation Measurement
offset and the preceding P wave onset. It indicates no maiscul

activity in the heart at a particular point of time. This lirge deviation i d. The ST-deviation i lati ¢

used as a reference to measure ST-segment deviation. Thee\ﬂatlon IS measured. 1he -.eV|at|or? Is relative to a ret
o ; . : . erence waveform for each subject. This reference level is

point is the inflection point at which the QRS complex changes ,

Do . computed from the first 30 seconds of the ECG data. The

its direction of propagation. It occurs after the offset bé t uation for the measurement is as follows:

QRS point within a window of 20-50 samples at the rate st ’

250 Hz of sampling, as shown in Figure 1. Our recognition ST Deviation= [ST Level Reference ST level (1)

algorithm involves applying three major functions; Didere ST level function is the measured difference between the

Wavelet Transformation (DWT), Windowing Technique, anisoelectric line and the ECG amplitude during the ST-segmen

Slope Detection; on each ECG cycle. at a given time. Reference ST level is the average ST level
Discrete Wavelet Transform (DWT) which is of great imfunction during the first 30 seconds of the ECG. The equation

portance in analyzing biomedical signals, represents & E calculates the ST-Deviation as the difference of the STlleve

signal in both time and frequency domains through timend the Reference ST level. This ensures that any changes in

windowing function. The length of the window indicates ahe ST level due to unwanted factors such as noise, movement

constant time and frequency resolution. The wavelet taansf of the electrodes or patient, electrical axis shift and more

decomposes the ECG signal into different scales with differ importantly, non-ischemic ST changes are excluded. In the

levels of resolution by scaling it to a single prototype whicabove formulation, if the ST deviation for a beat is greatent

has a zero net area, called the mother wavelet. DWT makes 1mv thenST-Elevatioris said to occur. If the ST deviation

use of multiresolution analysis which enables the signdieo is less than -0.1mv theS8T-Depressiofs said to occur.

analyzed in different frequency bands by passing the signal ) ]

into cascaded levels of high-pass and low-pass filtersitiegu C- ST-Episode Detection

in detailed and approximate coefficients. The level at which Once the absolute value of the ST-deviation is found to

the coefficients are obtained is called scale, represerstéi abe no less than 0.1mv, the ST Episode detection begins. It

for n-stage/level filtering. involves a series of backward searches and forward searches
In this work, a single UWLT (Undecimated) Decompositiorirom the critical point (see Figure 2). The algorithm invedv

is implemented with Db4 (Daubechies) as the mother wavel#ie following steps:

Ill. ST-SEGMENT ANALYSIS

From the detected J point and the ST-segment, the ST-



« Interval Verification Each episode lasts at least 30 secsignal with the db2 mother wavelet. These coefficients are
onds for which the absolute deviation is greater thamased on the 180 samples taken to represent each heart beat.
0.1mv. A forward search for 30 seconds verifies thig/e train six classifiers, each for identifying one arrhytami
condition. type and using all the heart beats in our databank for trginin

« Episode Begin Annotatior\ backward search takes placeand testing. The six single beat classifiers are: N vs. All, V
for the first beat occurrence with absolute deviation less. All, A vs. All, L vs. All, R vs. All and F vs. All.
than 0.05mv and for which the previous 30 seconds have éEach data sample (heart beat) is represented by its class
absolute deviation less than 0.1mv. This beat is annotaledel and all 191+12=203 feature values, including the mor-
as ‘Begin’. phological and DWT features. Since we perform five-fold

« Episode End Annotatio forward search takes place forcross validation experiments, we use four folds of the data
which the absolute ST deviation first exhibits less thafor training the classification system. In particular, wairr
0.05 mv and for which the absolute deviation for nexsix classifiers, one for identifying a particular type of bea
30 seconds is less than 0.1mv. This beat is annotateduging the one-versus-all scheme, resulting in six binagt be
‘End’. classifiers. After training, the test data set from the rernai

TransientST-segment episodes are the few time intervaleld (i.e., the fold not used for training) is given to the

during which an abnormal/crucial ST deviation is observeglassification system.

As they occur as only a few bursts in time, they are called The classification is a two stage process. During the first
episodes. These episodes vary anywhere between one mistage, the training data is generated with the featurestsele

to several minutes and do not persist for hours togetheceneWVe have divided the ECG beats into five sets of equal number
they are termed as transient. of beats. One out of the five sets is randomly selected and
labeled asTest Data SetThe remaining four sets are labeled
asTraining Data Setsind are passed into the feature extraction

Our heart beat classification system is implemented Byodule where each beat is represented with the 203 features.

the Support Vector Machine (SVM) approach. It is a SUFhe sets thus obtained are used to train the learning aigorit
pervised learning framework which performs classificatiogy/m, which results in a SVM model file containing all the
by constructing arN dimensional hyper-plane that optimallypeats which form the hyper plane for classification. In the
separates the data into two categories [11]. It is one of ésé bsecond stage, the SVM model file and the Test Data Set are
learning algorithms that gives the flexibility for the cheiof given as the input to the SVM classifier tuned to the selected

the kernel and performs training in less time when comparggdrameters. The output of the classifier gives the predicifo
to other learning algorithms like neural networks. Evergthe the class for each beat in the Test Data Set.

beat is represented as a row in the data set with its feature TABLE |
values _and its class label. SVM aims to fmd_ the (_)ptlm_aIOVERALL RESULTS OFST-ANALYSIS FOREUROPEANST-T DATABASE
separating plane and the data points that determine thequosi

IV. BEAT CLASSIFICATION

and the orientation of the plane are called the support v&cto || Parameter Accuracy in % ||
The system was designed to classify six major arrhythmia ST-segment Detection 9857

most commonly observed by the cardiologists. The classes ST-Deviation Measuremenf 97.34

include Normal (N), Premature Ventricular Contraction ,(V) ST-Episode Detection 93.33

Premature Atrial Contraction (A), Fusion (F), Right Bundle

Branch Block (R), and Left Bundle Branch Block (L). We V. EXPERIMENTAL SETUP AND RESULTS

use two types of features to describe each heart beat or ongpe European ST-T database, an open-source database in
cardiac cycle, i.e. Morphological Features, and DWT Fe&&Ur {he MIT Physionet databank, was used for evaluating our ST-
We use 12 morphological features, which give the timingnalysis system. Each record in the database has the anno-
area, energy and correlation information of the signal. Otions of ST-change and maximum ST-deviation observed in
method uses the ST-segment features, i.e. the slope of the § episode. The ECG recordings were first down sampled to
segment, the ST-deviation measurement and the correlatiofy Hz and passed through a signal processing module which
coefficients of the signal with the templates of each classerforms the QRS extraction [13]. The resulting signal has
Each class is represented by a template manually chosen fig@ paseline wandering excluded and denoised using wavelet
the MIT-BIH database [12]. The correlation coefficient liegansforms [14]. The QRS fiducial features thus obtained
between 0 and 1, the higher the coefficient is, the more likef¢e ysed for further processing of the ST-segment and beat

it is for the signal to belong to that class. _ classification. The results presented below are for 27 dscor
Twelve morphological features used here areQS Width, containing 75 episodes.

(i) Pre RR Interval,i{i) Post RR Interval, i) QR Width,
(v) RS Width, ¢i) Mean Power Spectral Densityii) Area
Under QR, Viii) Area Under RS, i) Autocorrelation Value,
(X) ST-segment Deviationx{) Slope of ST, Xii) Correlation We have conducted several experiments for ST-segment
coefficient with class template. analysis by first detecting the ST-segment and measuring the
We use 191 DWT (Discrete Wavelet Transform) coeffideviation for each record of the European ST-T databasée Tab
cients, which are obtained by a 4 level decomposition of theshows the overall accuracies obtained for all €0103-€0147
records.

3

A. ST Extractor and Episode Detector



TABLE Il
OUR CLASSIFIERPERFORMANCE

Arrhythmia Total No. of TP TN FP FN (S) % | (S) % | (Acc) %
Type Beats
Normal: N 67932 66492 [ 17276 | 1730 | 1440 97.88 | 90.89 96.35
Ventricular: V 2848 2319 | 75214 | 8876 | 529 81.43 89.44 89.18
Atrial: A 2394 1925 | 80573 | 3971 | 469 | 80.41 | 953 94.89
Fusion: F 385 169 | 72615 | 13938 | 216 | 43.89 | 83.89 83.71
RBBB: R 7136 6919 | 71272 8530 | 217 | 96.96 | 89.31 89.94
[BBB: L 6243 6074 | 16621 | 2385 | 169 | 97.29 | 87.45 89.88
B. Beat Classification into six major categories. The ST-segment analyzer gave an

We evaluated our classification system on the MIT-Bligccuracy of 98.57% in ST-recognition, 97.34% in ST-devrati
arrhythmia database, involving 48 records of 30 minutes. \fgéasurement and 93.33% in ST-episode detection, which are
have used Thorsten Joachim’s SVa0 software, which is a C indicative of higher accuracies as compared to the priokwor

implementation of the Support Vector Machines (SVM) [15]i,n this field. The beat classifier gave an overall high acourac
for the training and classification of the data. of 96.35% in classifying the six classes; Normal, Vent@éecyl

In the experiments, we have used the Radial Basis Functfoffial, Fusion, Right Bundle and Left Bundle Branch Block
kernel with different width g-gamma and different tradé-of?€ats-
values between training error and margin C. C ranges from
0.1 to 10 and gamma ranges from 0.1 to 1. To evaluate REFERENCES
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