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Abstract 

ECG analysis is a major research interest in biomedical signal processing because of the rapid growth in cardiac health care 

activities all over the world. The rapid progress in computer technology plays an important role in detecting various stages of 

disease from bio-signals. The assessment process of this technology is more accurate and reliable in clinical therapy. In this 

paper a method of analysis (ECG) signals using fractal features and support vector machine (SVM) technique has been 

proposed and some practical experiments have been done to verify this method and it provides a satisfying electronic diagnose 

paragon for cardiac heart disease so that it can be used by a specialist doctor to diagnose various types of cardiac diseases with 

an average accuracy of 89.33%. Matter of fact that ECG signals indicate a fractal prototype, it has been tried to discover the 

fractal dimension (FD) of the ECG time series in a feature extraction phase. Concurrently the Power Spectrum Method (PSM) 

has been implemented to four kinds of abnormal and normal waveforms. Here PSM can detect abnormal and normal 

waveforms and all ECG signals has been acquired from the Massachusetts Institute of Technology (BIH) arrhythmia database. 

Finally, multi-SVM classifier has been constructed and fed by a vector of an ECG signals. The obtained results using SVM 

classifier confirm the superiority of this classifier for identifying cardiac arrhythmia as compared to conventional one which is 

analyses of ECG signals based on morphology features and three ECG temporal features, i.e., the complex duration of QRS, 

the interval between RR and the average interval of RR over last ten beats. 

Keywords 

Heart, Power Spectrum Method, Support Vector Machine 

Received: September 19, 2017 / Accepted: November 19, 2017 / Published online: December 9, 2017 

@ 2017 The Authors. Published by American Institute of Science. This Open Access article is under the CC BY license. 

http://creativecommons.org/licenses/by/4.0/ 

 

1. Introduction 

Electrocardiography handles the electrical operation of the 

heart. Monitored by placing sensors at the limb extremities of 

the subject [1]. As shown in Figure 1 [2] Electrocardiogram 

(ECG) is a faithful record of the origin and propagation of 

the electric capability over heart muscles. It is considered as 

a representative signal of cardiac physiology effective in 

diagnosing cardiac disturbance. The cardiac cycle 

predominantly structures of three electrical elements 

representing the activation and deactivation of the atria and 

ventricles, and of the blood-pumping chambers of the heart. 

During each cardiac cycle, the atria contracts in diastole to 

complete the ventricles which then convenient during systole 

to supply blood to the lungs and the systemic circulation. 

Diminution of the atria and ventricles is closely coordinated 

by a wave of depolarization spreading through the muscular 

walls of these chambers. The depolarization ripple reflects 
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movement of charge across myocyte membranes and is in 

effect of an electrical current spreading through the heart. 

Following contraction, cardiac muscle returns to a resting 

state and this is cooperated with alternative movement of 

charge across the myocyte membranes, this second wave of 

electrical activity is termed cardiac repolarization. The leads 

of the ECG machine are designed to detect and record these 

two waves of cardiac electrical activity. The depolarization 

wave spreads through the heart in a highly predictable pattern 

and to catchthe ECG readout, the pattern of expansion of 

cardiac depolarization needs to be understood. The deflection 

createdby atrial depolarization is called a P wave while 

ventricular depolarization produces the QRS complex. The 

diffuse deflection made by ventricular repolarisation is 

termed a T wave. The nomenclature of the QRS complex can 

cause some chaos but is materially quite straightforward. 

Within the QRS complex, any positive deflection, that is a 

deflection over the isoelectric line, is termed an R wave. Any 

negative deflection which follows an R wave is termed an S 

wave. However, if the primary deflection of the QRS 

complex is negative this deflection is termed a q wave [2]. 

The section of the ECG recording connecting the end of the 

QRS complex and the beginning of the T wave is termed the 

ST segment 

 

Figure 1. Heart and ECG. 

2. Methodology 

2.1. PSM Methodology 

Fractals are applicable when the underlying process being 

mathematically modeled has a similar appearance regardless 

of the scale over which it is observed. It turns out that many 

of natural signals can be modeled using fractals. Many 

signals observed in nature are random fractals including 

biomedical signals such as ECG time series signal. [3] 

Random Scaling Fractal (RSF) signals are those signals 

whose probability distribution function (PDF) has the same 

‘shape’ irrespective of the scale over which they are 

observed. Accordingly, random fractal signals are statistically 

self-similar (self-affinity), they are self-similar in a statistical 

sense [4]. However, ECG time series signal exhibits the 

features [5] of self-affinity, so it can be considered as an 

example of RSF signals. RSF signals are characterized by 

power spectra whose frequency distribution is proportional to

1
qf  

where is the frequency and q > 0 is the ‘Fourier 

Dimension’. The power spectrum of such a signal can be 

written as P(f ) = ( ) 2
x f  where X(f ) is Fast Fourier 

Transform (FFT) of the time series in frequency domain ( i.e. 

X(f ) = fft(X(t))). For such time series the power spectrum, 

P(f ) obeys the RSF model P(f) = 
q

c

f
, Figure 4 and 

Figure 5 show examples of different plots of the measured 

power spectrum of normal and abnormal ECG signal, 

respectively, over different window size. These figures give 

the evidence that the power spectrum of the ECG time series 

signals [6] obeys the RSF model. The behavior of ECG 

signals can be characterized through estimating the parameter 

q in the proposed model where the estimated values of this 

parameter reflect the degree of self-similarity (fractality) in 

ECG signals. To do this the least square technique is applied 

to the measurements of ECG signals as follow: 



 American Journal of Circuits, Systems and Signal Processing Vol. 3, No. 3, 2017, pp. 12-22 14 

 

Let X1, X2, X3,..., XN (N being a power of 2) be sample 

points of an ECG signal. By considering the case in which 

the digital power spectrum Pi = P(fi ) is given by utilizing a 

FFT to this time series. This data can be estimated by: 
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Hence the power spectrum of actual signals of size N is 

symmetric about the DC level, where the DC level is 

captured to the midst (N/2)+1 of the array, so in practice only 

the data ( N/2) that lies to the right of DC. 

 

Figure 2. (Left) Normal Sinus Rhythm ECG signal of size 1024, (right) Zoom in edition of Normal Sinus Rhythm ECG signal of size 512. 

 

Figure 3. (left) Atrial Premature Arrhythmia ECG signal of size 1024, (right) Zoom in version of Atrial Premature Arrhythmia ECG signal of size 512. 
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Figure 4. Measured power spectrum of Normal Sinus Rhythm ECG signal (left-to-right and top-to-bottom) for window size 1024; 512; 256; 128. 

 

Figure 5. Measured power spectrum of Atrial Premature ECG signal (left-to-right and top-to-bottom) for window size 1024; 512; 256; 128. 

2.2. SVM Methodology 

Finding arrhythmia characteristics similar to Premature 

Ventricular Contraction (PVC), Atrial Premature (AP), and 

Bundle-Branch Block (BBB) [7] from ECG recording have 

taken considerable attention in recent years. Differences in 

normal and abnormal ECG signals can’t be easily determined 

especially with human eyes. Developing an intelligent 

method for identification of such cardiac diseases is very 

helpful in biomedical field, as it will be an aid to clinical staff 

in the absence of doctor, It will also help doctor to diagnose 

and act faster in case of emergency conditions. 

Support Vector Machine (SVM) has advantages of very 

accurate ability of classification, simple architecture as well 

as less overfitting and robust to noise. Fractal Dimension can 

quantitatively describe the non-linear behavior of signals, 

thus it can be used as features for diagnosing ECG 

Arrhythmia. 

The support vector machine usually deals with pattern 

classification which means classifying the different types of 

patterns. There are different types of patterns i.e. Linear and 

non-linear. Linear patterns are patterns that are freely 

distinctive or can be easily separated in low dimension 

whereas non-linear patterns are patterns that are not 

spontaneously distinguishable or cannot be easily separated 

and hence these types of patterns need tobe further operated 

so that they can be easily isolated. Figure 6 [8] shows the 

main idea of SVM which is the formation of an optimal 

hyper plane, which can be used for classification, for linearly 

separable patterns, that maximizes the edge of the hyper 

plane i.e. the distance from the hyper plane to the nearest 



 American Journal of Circuits, Systems and Signal Processing Vol. 3, No. 3, 2017, pp. 12-22 16 

 

point of each pattern. The main objective of SVM [9] is to 

maximize the margin so that it can correctly classify the 

given patterns i.e. larger the margin size, it classifies the 

patterns more correctly. The equation shown below is the 

hyper plane representation: 

aX + bY = C 

Figure 7 shows the basic idea of the hyper plane in a three 

dimension when it is used to separate two different patterns. 

Basically, this plane comprises three lines that separate two 

different patterns in 3-D space, mainly marginal line and two 

other lines on either side of marginal lines where support 

vectors are located. 

 

Figure 6. SVM Model. 

 

Figure 7. Hyper Plane. 

For non-linear separable patterns, the given patterns are 

mapping into new space usually a higher dimension space so 

that they become linearly separable. This aim was done by 

using kernel function, (x), i.e. x→ 0 (x). 

Selecting different kernel functions is an important aspect in 

the SVM-based classification, usually used kernel functions 

take in: Linear, Polynomial (Poly) and Radial Basis Function 

(RBF). 

Different Kernel functions originate different mapping for 

creating non-linear separation surfaces. Therefore, the 

problem of solving optimal grouping now interprets into 

solving quadratic programming problems. It is to seek a 

partition hyper plane to make the binary blank area (2/||w||) 

maximum, where w is a weight vector. Which means we 

have to maximize the weight of the margin? It is expressed 

as: 

Min (x) = ½ ||X||2= ½ (w, w), 

Such that: 

Yi (W, Xi + b) ≥ 1 

The SVM technique was originally proposed essentially for 

binary classification. But, the classification of ECG signals 

often involves the simultaneous segregation of numerous 

data classes. In order to face this issue, a number of 

multiclass classification strategies can be adopted [8], [10]. 

The most popular methods based on combining binary SVM 

are: one-against-all (OAA) and the one-against-one (OAO) 

policies. The former involves a reduced number of binary 

decompositions (and thus, of SVMs), which are, however, 

more difficult. The latter needs a shorter training time but 

may incur conflicts between classes because of the nature of 

the score function used for the decision. Both strategies 

generally lead to similar results in terms of classification 

accuracy. In this thesis, the OAA strategy has been 

considered. Briefly, this strategy is based on the following 

procedure. Let Ω= { W1, W2, W3......., WT} be the set of T 

possible labels (information classes) associated with the ECG 

beats that we desire to classify. First, a group of T SVM 

classifiers is trained. Each classifier target at solving a binary 

classification problem defined by the discrimination between 

one information class Wi (i =1, 2... T) Against all others (i.e., 

Ω -{Wi }). Then, in the classification phase, the “winner-

takes-all” rule is used to determine which label to give to 

each beat. This means that the winning class is the one that 

corresponds to the SVM classifier of the group that shows the 

highest output (discriminant function value). 

3. Algorithm 

3.1. PSM Methodology Algorithm 

ECG time series signal exhibits the features [11] of self-

affinity, so it can be considered as an example of RSF 

signals. To estimate the fractal parameter in this series I 

converted it to frequency domain in which I assumed that the 
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empirical power spectrum of each series has an envelope 

Power Spectrum Density Function (PSDF) which is given as 

the RSF model P(f) = 
q

f
−

. By using Moving Window 

technique, I choose a window of size N to move over the 

points of the time series to be analyzed. From each window 

segment, I applied the PSM to estimate the Fourier 

Dimension q, after implementing normalizing and 

transformation to a spectral domain on the given segment. 

The following algorithm summarizes the steps of the 

Methodology Process used, which is explained in block 

diagram in Figure 8. 

Step 1: Use a window of size N = 512 over the points of a 

given ECG time series to extract a signal array of points, say, 

Xi, i = 1, 2, 3......., N. This process is applied to 38720 

cardiac beats for 31 persons. 

Step 2: Normalize the signal achieved in Step1: Yi = Xi /max 

(Xi ). 

Step 3: Compute the Discrete Fourier Transform (DFT) of 

using a Fast Fourier Transform (FFT) and with special 

shifting yield Zi = fit shift (ft(Yi)). 

Step 4: Compute the empirical power spectrum of Zi, i.e. p = 

2
Z i  

Step 5: Extract the right half of the computed power 

spectrum. 

Step 6: Compute the parameter q using the computational 

formula of the PSM given in equation (20). 

Step 7: Iterate Step1 through to Step6 until the end of the 

time series. 

Step 8: Compute the Fractal Dimension D, where D = 5 – 2q 

 

Figure 8. Estimate the Fourier Dimension q of ECG Signal. 

3.2. SVM Methodology Algorithm 

Using OAA SVM based on fractal features to diagnose ECG 

Arrhythmia involves extracting ECG fractal features [12] 

using (PSM), forming training vector, establishing OAA 

SVMs, training the OAA SVMs and diagnosing Arrhythmia. 

Figure 9 gives the block diagram of the proposed technique 

which can be epitomized as follows: 

Step 1. Extracting features: Fractal dimension [13] can reflect 

the fractality features of ECG signals. Different types of ECG 

signals have different values of fractal dimension [14] when 

PSM applied to it. In this step, ECG Arrhythmia is deduced 

from different ranges of FD for healthy and non-healthy 

persons. A PSM is applied to 38720 cardiac beats for 31 

persons. The response of selected beats is sampled by 

applying windowing technique with 512 window size and the 

feature using fractal dimension [15] is extracted. This process 

is repeated for all 31 persons. 

Step 2. Establishes the multi-class OAA SVM [16] networks 

based on Arrhythmia classes and trains it: In this step, the 

structure of SVM classifier is built by the following steps: 

1. Load the dataset as a vector of points, which represents a 

total of 122 FD [17] points estimated by PSM that was 

measured in Step1 for 31 persons. 

2. Create a two-column matrix containing the FD vector as 

the first column, and labels corresponding to the FD 

values estimated in Step1 as a second column. i.e: Normal 

Sinus Rhythm:1, Ventricular Premature Arrhythmia:2, 

Atrial Premature:3, Right bundle-branch block:4, Left 

bundle-branch block:5. 

3. Create a new column vector, groups, to classify data into 

only two groups, by applying the OAA strategy. 

4. Create a 5-fold cross-validation to randomly select training 

and testing points from the groups to feed SVM model. 

i.e.: indices = crosswind('Kfold' groups, 5);for i = 1:5 test 

= (indices == i); train = ~test. 

5. Use the svmclassify Matlab built in function to classify the 

test set vector, with the use of:Linear, Poly and Rbf kernel 

functions. 

6. Evaluate the performance of the classifier. 

7. Repeat steps (3-6) after exchanging the two groups to 

apply all diseases labels. 

Step 3. Diagnosing Arrhythmia with trained OAA SVM: In 

this step, the trained OAA SVM is used to diagnose the 

unknown Arrhythmia. It starts with extracting fractal features 

from testing samples using PSM. Then fractal features are 

brought to the trained multi-class OAA SVM classifier and 

diagnosis results are obtained. 
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Figure 9. SVM method using fractal features for ECG Arrhythmia diagnosis. 

4. Experimental Evalutione 

4.1. Data Set Description of Experimental 

Evaluation 

In this work, a fractal dimension (FD) for 31 datasets of ECG 

signals has been determined in the frequency domain, then 

ranges of FD is established for a healthy person and persons 

with various cardiac diseases. The pattern of ECG signals for 

the present study is obtained from MIT/BIH database via 

Physionet website [18]. The MIT-BIH database contains both 

normal and abnormal types of ECG signals. In this study, the 

deliberated beats deliver to the following classes: Normal 

Sinus Rhythm (N), Premature Ventricular Contraction (PVC), 

Atrial Premature (AP), Right Bundle-Branch Block (RBBB), 

and Left Bundle-Branch Block (LBBB). The beats were 

selected from the recordings of 31 persons, which correspond 

to the following files: 17052m, 16420m, 19088m, 19093m, 

16265m, 16483m, 16273m, 16549m, 16539m, 16795m, 

17453m, 18177m, 18184m, 19090m, 19830m, 16786m, 

16277m, 16792m, and 16272m for Normal Sinus Rhythm 

(N). 200m, 208m, and 215m for Premature Ventricular. 

Contraction (PVC). 100m, 209m, and 223m for Atrial 

Premature (AP). 124m, 231m and 232m for Right Bundle-

Branch Block (RBBB) and 214m, 109m, and 217m for Left 

Bundle-Branch Block (LBBB). The properties of these 

signals are described in Table 1. 

Table 1. Description of the used dataset. 

Signal type No.of sample/signal Sampling frequency Sample intervals 

Ventricular Premature Arrhythmia 3600 360 Hz 0.65 sec 

Atrial Premature Arrhythmia 3600 360 Hz 0.65sec 

Right bundle-branch block 3600 360 Hz 0.65 sec 

Left bundle-branch block 3600 360 Hz 0.65 sec 

Normal Sinus Rhythm 1280 128 Hz 0.11sec 

 

Figure 10. Normal sinus rhythm. 
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Figure11. Premature Ventricular. 

 

Figure 12. Atrial Premature. 

 

Figure 13. Right bundle-branch block. 

 

Figure 14. Left bundle-branch block. 

4.2. Extraction of Fractal Features 

The FD feature from each class of ECG time series signal has 

extracted using a nonoverlapping window of size 512 points. 

Table 2 shows the results obtained for the estimation of FD 

from the Normal heart rhythm signals, which prove that the 

healthy heart is the fractal heart; since the value of FD lies 

between 1 and 2. 

Table 2 also show the results attained for the evaluation of 

FD from the pathological signals, it is clearly observed from 

the output of the table that PSM can distinguish obviously 

between healthy and non-healthy persons by putting each of 

them in distinct FD range. On the other hand, Table 2 shows 

the average of FD values for each of ECG signal type along. 

With PSM method that have been used. For the PSM we note 

that the average FD value for Normal Sinus Rhythm is 

1.522589. During the other heart arrhythmias, Left Bundle 

Branch Block, Right Bundle Branch Block, Atrial Premature 

and Ventricular Premature Arrhythmia the values are lower 

and are equal to 0.742733, 0.438833, 0.249733, and 

0.082267 respectively. There is a decrement in the average of 

FD value, this decrease in the FD value indicates a decrease 

in the heterogeneity of the cardiac recording [19]. 

Meanwhile, it is compared the average FD value of Normal 

heart rhythms with Abnormal heart rhythms that are obtained 

by frequency domain method (i.e., PSM), it is clear that the 

PSM has an advantage of distinguishing between the normal 

condition and abnormal condition. So it can be said that the 

PSM can provide a significant clinical advantage where it 

can readily be incorporated ’online’ to provide (and to 
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possibly control) the opening of a pathological condition, 

which is indicated by a drop in the FD value. 

Table 2. The Estimated FD Values for Normal Sinus Rhythm Signals and 

abnormal signals. 

The estimated FD values Data set PSM 

Normal Sinus Rhythm 

(1280 beats) 

1 17052m 1.1819 

2 16420m 1.4657 

3 19088m 1.9838 

4 19093m 1.9392 

5 16265m 1.7882 

6 16483m 1.2708 

7 16273m 1.4580 

8 16549m 1.4893 

9 16539m 1.6843 

10 16795m 1.4527 

11 17453m 1.8547 

12 18177m 1.9123 

13 18184m 1.6968 

14 19090m 1.1478 

15 19830m 1.5554 

16 16786m 1.1189 

17 16277m 1.1617 

18 16792m 1.1955 

19 16272m 1.5722 

Ventricular Premature 

Arrhythmia signal(3600 beats) 

20 200m 0.0774 

21 208m 0.0349 

22 215m 0.1345 

Atrial Premature Arrhythmia 

signal(3600 beats) 

23 100m 0.2436 

24 209m 0.2266 

25 223m 0.2790 

Right Bundle Branch Block 

Arrythmia signal(3600 beats) 

26 124m 0.3902 

27 231m 0.4104 

28 232m 0.5159 

Left Bundle Branch Block 

Arrythmia signal(3600 beats) 

29 214m 0.8321 

30 109m 0.6954 

31 217m 0.7007 

Table 3. Distinct Range of FD values for sample ECG signals using PSM. 

Signal Type Range 

Ventricular premature Arrhythmia 0.0349-0.1345 

Atrial Premature 0.2266-0.2790 

Right Bundle Branch Block 0.3902-0.5159 

Left Bundle Branch Block 0.6954 -0.8321 

Normal Sinus Rhythm 1.1189-1.9838 

 

Table 4. Average of the Estimated FD Values. 

Signal Type PSM 

Ventricular Premature Arrhythmia 0.082267 

Atrial Premature 0.249733 

Right Bundle Branch Block 0.438833 

Left Bundle Branch Block 0.742733 

Normal Sinus Rhythm 1.522589 

4.3. Classify Normality and Abnormality 

Using SVM 

In order to obtain reliable assessments of the classification 

accuracy of the investigated classier, five different trials have 

been carried with the use of OAA SVM [20] procedure, each 

with a new set of randomly selected testing and training 

values in which each of them represents the value of PSM-

FD for each type of disease. The results of these five trials 

obtained on the test set were thus averaged. The detailed 

numbers of ECG beats according to PSM-FD for each class 

used in the experiment with a comparison of average run 

time needed for each are reported in Table 5. Classification 

performance summarized in Table 6 was evaluated in terms 

of two measures, which are: 1) the accuracy of each class that 

is the percentage of correctly classified beats among the beats 

of the considered class. The accuracy of PSM FD - SVM 

has %100 for Normal Sinus Rhythm with the use of all 

kernels used in the experiment, this means that the proposed 

method has an advantage of distinguishing between the 

normal condition and the pathological clearly. So that the 

PSM can provide a significant clinical advantage where it can 

readily be incorporated ’on line’ to provide (and to possibly 

control) the onset of a pathological condition, which is 

indicated by a high accuracy rates shown in Table 6 which 

had achieved by the experiment 2) the average accuracy 

(AA), which is the average over the classification accuracies 

obtained for the different classes. 

Table 5. Number of ECG Beats According to PSM - FD Used in the Experiment with a Comparison of Average Run.Time Needed for Each. a Comparison of 

Average Run Time. 

Class N A V RBBB LBBB Total Average Run-Time(second) 

ECG Beats 24150 338 4039 3789 1801 34117 313200 

PSM FD 38 21 21 21 21 122 2.93333 

Table 6. Class Percentage Accuracy Achieved on the Testing PSM – FD Value with a Total Number of 122 PSM - FD Training Values. 

Methods AA N A V RBBB LBBB 

SVM-linear 78.90 81.42 80.25 74.84 82.53 72.58 

SVM-poly 85.75 85.74 83.19 84.48 92.03 89.94 

SVM-rbf 87.48 88.69 87.39 81.48 95.98 87.49 

PSM FD - SVM-linear 85.41 011 81.97 80.33 82.79 81.96 

PSM FD - SVM- poly 87.97 100 85.25 89.87 82.79 81.96 

PSM FD - SVM- rbf 89.33 011 89.94 89.97 82.79 83.97 
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As reported in Table 6, the AA accuracies achieved with the 

proposed PSM -FD - SVMclassifier based on the Gaussian 

kernel (SVM–rbf) on the test set are equal to 89.33%. This result 

is better than those achieved by the SVM-linear and the SVM-

poly. Indeed AA accuracies are equal to 85.41 % for the SVM-

linear classifier, and 87.97 % for the SVM-poly classifier. 

 

Figure 15. Class Percentage Accuracy. 

This experiment appears to confirm what is observed in other 

utilization fields, i.e., the supremacy of SVM based on the 

Gaussian kernel as compared to traditional classifiers when 

dealing with feature spaces of very high dimensionality. In 

addition to previous accuracies results showed in Table 6 for 

the proposed PSM-FD - SVM classification system with the 

low average run-time shown in Table 5 and Table 6. They 

provide a reference classification in order to quantify the 

capability of the proposed system to further improve these 

results. 

5. Conclusion 

In this paper, an enhanced diagnosis method for identifying 

cardiac ECG Arrhythmia using OAA SVM classifier based 

on fractal dimension have been presented. The proposed 

method at first extracts the features of ECG Arrhythmia 

based on fractal theory and secondly frequency domain 

method have been used to estimate the fractal dimension 

values for the normal and different pathological conditions 

which established different ranges of FD [21] for each 

specific disease. Such intervals are utilized to distinguish 

clearly between healthy and non-healthy persons by putting 

each of them in distinct FD range. This should facilitate in its 

application as a supplemental method to support the 

diagnosis of a pathological or normal heart condition. The 

Power Spectrum Method (PSM) shows a better distinguish 

between the ECG signals for healthy and non-healthy persons 

versus the other methods. The results also suggest that FD is 

a practical tool for identification of abnormality characteristic 

in the ECG recordings. 

After fractal features had extracted, the OAA SVM [22] 

classifier was trained by these features in order to recognize 

and classify the ECG beats. Compared with the diagnosis 

method which had been used based on ECG morphology 

features and three ECG temporal features, i.e., the QRS 

complex duration, the RR interval (the time span between 

two sequent R points representing the distance between the 

QRS peaks of the present and preceding beats), and the RR 

interval averaged over the ten last beats, the proposed method 

has advantages of simple architecture and global optimum 

ability. The OAA SVM tool trained with simulated data was 

found to be capable of predicting ECG Arrhythmia classes 

accurately when the beats data were presented to the trained 

OAA SVM for prediction. The result of simulation for 

confirmation shows that the accuracy ratio of the proposed 

method in diagnosis using OAA SVM classifier based on 

fractal dimension is high, with an average accuracy of 

89.33%. 

From the obtained experimental results, it can strongly 

recommend the use of the SVM [23] based on fractal features 

approach for classifying ECG signals as an alternative 

diagnosis to the traditional diagnosis methods of cardiac 

Arrhythmia, on account of their superior generalization 

ability as likened to traditional classification techniques. This 

capability generally provides them with higher classification 

accuracies and a lower overfitting with a robust to noise. For 

future work, researchers verify that when increasing the 

number of training beats, the classification accuracies 

increase and the differences between the classifiers appear 

less pronounced. It would be interesting more to analyze 

another feature of cardiac signals such as the Heart Voice 

signal, Heart Variability Beat (HRV) signal. 
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