
 

 

 

Abstract—— Feature extraction of ECG signals is important 

issue on ECG based heart rhythm analysis. The classification of ECG 

signals has been performed using features extracted from ECG 

signals. Many features have been proved to be unique enough to use 

in all heart related medical application. ECG signals can be classified 

using a set of features. In this research, fifteen-features are used to 

improve the performance of ECG signals. Moreover this paper 

suggests a parallel intelligent method for classification of 

electrocardiogram (ECG) beats. In this method employing different 

cores for feature extraction and using various neural networks in 

parallel increase the speed of classification process. We applied stack 

generation method to combine the output of each neural network. 

 

Keywords— ECG signals, cardiac arrhythmia, classifiers’ 

combination, ECG parallel processing. 

I. INTRODUCTION 

EART disease which is cussed by heart arrhythmia is one 

of the most common causes of death in many countries. 

Therefore, rapid diagnosis of this disease has an important role 

for reducing this kind of death. Heart arrhythmia is any 

abnormal cardiac rhythm which results from any disturbance in 

the rate, regularity and sit of origin or conduction of the 

cardiac electric impulse [1]. Today's continues record of vital 

signals such as ECG signals is a common way for detecting 

heart arrhythmia. These signals provide useful information 

about the functional aspects of the heart and cardiovascular 

system. We must save the ECG signal in order to determine 

different types of the heart disease. Since analysis and 
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classification of ECG can be very helpful in diseases diagnose, 

numerous researchers developed [4, 3] various algorithms to 

improve  the detection and classification of the ECG signals. 

The more the better performance depends on features and the 

method of classification. 

Methods of classification are mostly based on artificial 

neural networks (ANNs) [6], fuzzy logic [15], support vector 

machine [8-9], Ant colony optimization [10], k-nearest 

neighbour [11]. Among them, Artificial Neural Networks have 

been used in a great number of medical diagnostic decision 

systems [12, 13]. The most popular neural network is Multi-

Layer Perceptron (MLP) [16]. Combination of neural network 

is an approach to improve the performance in classification 

particularly for difficult problems such as those involving a 

considerable amount of noise, limited number of patterns, high 

dimensional feature sets, and highly overlapped classes. Javadi 

et al have shown than stack generalization and modified stack 

generalization reduce the error rate in comparison with best 

popular combining methods [12]. 

Feature extraction has an important role in each 

classification task. Morphological, timing, wavelet base [6], 

nonlinear dynamic parameters [4] and statistical features [15] 

are being extracted in ECG signal. These features describe 

some information like: basic shape, position frequency and etc. 

of the signal. The number of feature is another factor which 

can affect the result. For instance in [4] 11 features consist of 

morphological and timing have been extracted and similarly in 

[15] 18 timing feature has been used. In addition using the 

parallel mode Chen shown efficiency of detection and analysis 

of ECG will be improved [3]. 

In this study we improve the performance of ECG 

classification by using fifteen effective timing features of the 

ECG signals. In order to decrease the processing time of 

feature extraction, we implemented the algorithm in a parallel 

mode on different cores. The classifier part contains of 3 

different expert neural networks.  According to the [12] we 

applied stack generation method to combine the output of the 

experts. 
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II. MATERIAL AND METHODS  

A. ECG signal features 

Heart electrical signals have been included of many parts 

which show parts of heart cells electric activity. Three basic 

activities consist of P, T, QRS waves. All these characteristic 

points should be detected. 

 (P wave) is a trial depolarization, (QRS complex) is 

ventricular depolarization and (T wave) is ventricular 

repolarization. QRS wave group has the biggest slop in ECG. 

This is an important ECG component [12]. The first point 

before R, which slop less than zero is Q. The first point after R 

which slop less than zero is S.  

T=(R-(Q+S)/2)*0.3+(Q+S)/2 

The line between QRS-complex and T wave, is called ST 

piece which shown the start of repolarization. QT distant is 

beginning of QRS-complex to end of T wave which shows the 

time for all of the ventricular activity during a circular. RR is 

distance between one R-peak and the former. Among the 

various abnormalities related to functioning of the human heart 

premature ventricular contraction (PVC) is one of the most 

important arrhythmias. Figure 2 shows the normal and 

abnormal rhythm signals. 

B. Filtering  

As any other analogs signals, ECG also has much of 

interference, often come in from electricity, environment and 

so on. There are a lots of filtering algorithm. The first filter is 

an infinite impulse response (IIR) notch filter and the second 

filter is finite impulse response (FIR). As a matter of fact, 

features which have been extracted in this article are 

morphology and time. Therefore we use moving average filter. 

The moving average is the most common filter in DSP, mainly 

because it optimal for a common task: reducing random noise 

while retaining a sharp step response. Upon having a clean 

ECG signal the quantities properties of the data are determined 

from the IIR filtered ECG signal. This includes the PR, QRS 

and ST intervals along with the PR and ST segments. 

C. Database Collection  

The MIT–BIH arrhythmia database [17] was used as the 

data source in this study. The database contains 48 recordings 

each of which has a duration of 30 minutes and includes two 

leads. The sampling frequency is 360 Hz; the data are band-

pass filtered at 0.1–100 Hz and the resolution is 200 samples 

per mV. Twenty-three of the recordings are intended to serve 

as are preventatives sample of routine clinical recordings and 

25 recordings contain complex ventricular, junctional and 

supra ventricular arrhythmias. We used a total of seven records 

marked as: 100, 101, 102, 104, 105,106, and 107 in the 

database. We extracted a total of 15,566 beats: 8390 normal 

beats, 627 abnormal PVC arrhythmia beats, and 6549 other 

arrhythmia beats. In fact we divide database into three class: 

normal, PVC, and others of all these 15566. 

D. Figure extraction 

Fifteen time features are used to improve the performance of 

ECG signals. These features have been shown in the table1.  
 

TABLE I 

TEMPORAL AND MORPHOLOGICAL EXTRACTED FEATURES FROM ECG 

Feature name 

P-Peak 

P-Position 

Q-Valley 

Q-Position 

R-Peak 

R-Position 

S-Valley 

S-Position 

T-Peak 

T-Position 

PQ-Interval 

QR-Interval 

RS-Interval 

ST-Interval 

QRS-Interval 

 

III. PARALLEL COMPUTING  

As it is well known, one of the main issue, using artificial 

neural networks, is the computational processing time. Parallel 

computing can provide a better performance in terms of 

processing time. It is a form of computation in which many 

calculations are carried out simultaneously [13]. This fact, 

combined with the large amount of natural parallelism that 

characterizes a neural network, leads to the utilization of a 

parallel system for the simulation of the networks. Parallelism 

 

 

 
 

Fig. 1 Wave form of ECG signal. 

 
Fig 2. ECG signals: (a) Normal Sinus rhythm beats; (b) 

Premature Ventricular contraction beats; (c) other 
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of the network structures can fall into one of the following 

types: 

1. Training session parallelism (simultaneous execution of 

deferent sessions)  

2. Training set parallelism (simultaneous learning of different 

training sets)  

3. Layer parallelism (parallel execution of learning within a 

network) 

4. Node parallelism (parallel execution of a nod for a single 

neuron) 

5. Weight parallelism (simultaneous weight summation within 

a node) 

This categorization is applied to back-propagation feed-

forward networks, but it can be extended to cover other 

network types. The assignment of the several of structures to 

the elements of parallel system depends on the system type and 

selected programming model. There are two architectures that 

can be used in such an approach: the data parallel architecture 

characterized by the simultaneous process of the data sets 

using centralized flow control (SIMD-based systems) and 

control-parallel architecture that performs parallel processing 

in a decentralized manner, allowing different programs to be 

executed on different processor (MIMD-based system). In this 

model, there is a single thread of control and all the processors 

execute the same program, but on different parts of the data 

space. 

IV. COMBINING METHODOLOGY 

From a computational viewpoint, according to the principle 

of divide-and-conquer, a complex computational task is solved 

by dividing it into a number of computationally simple tasks 

and then combining the solutions of those tasks. In supervised 

learning, computational simplicity is achieved by distributing 

the learning task among a number of experts, which in turn 

divides the input space into a set of subspaces.  

There are generally two types of combining strategies: 

selection and fusion [19]. The selection paradigm is based on 

the assumption that each of the base experts is specialized in a 

particular local area of the problem space. There can be one 

specific expert nominated to make the decision in each 

subspace, as was done by Rastrigin and Erenstein [20]. In 

some cases one can devote more than one local expert to a 

local area, as was done by Jacobs, Jordan, Nowlan, and Hinton 

[21] as well as Alpaydin and Jordan [22]. Expert fusion 

assumes that all experts are trained over the whole problem 

space, and are therefore considered as competitive rather than 

complementary. 

The combination methodology are different, some of the most 

important method are divided in to bellows categories: 

Mean Rule (Averaging): The support for vj , is obtained as 

the average of all classification. 

Minimum/Maximum/Median Rule: As the name simply, 

these functions simply take the minimum, maximum or the 

median among the classifiers’ individual outputs. 

Product Rule: In product rule, supports provided by the 

classifiers are multiplied. This rule is very sensitive to the most 

pessimistic classifiers. 

Majority Voting: Majority voting follows a simple rule: it 

will vote for the class which is chosen by maximum number of 

individual classifiers. 

Stacked Generalization Method: Stacked generalization is a 

technique proposed by Wolpert [7] that extends voting in the 

sense that the learners (called level-0 generalizers) are not 

necessarily combined linearly. 

V. PROPOSED MODEL 

In order to more accuracy and more speed we parallel 15 

feature has been extracted according to data decomposition 

method. In this article we applied MIMD-based system and the 

parallel operation method has been shown in figure 3: 

Fig. 3 Diagram of the parallel method suggested. 

 

Since the speed of classification in the real time procedure 

play an important role, we use 2 cores in parallel mode for 

feature extraction. In the first time we divide signal in to five 

segments. Segment with P information content and segments 

with R, S, T, Q similarly. P, R, T as a features has been 

extracted by first core. Any part execute on the one core for 

the first time. In the second time the signal is being divided in 

to 2 segments so that each segment is being ran on the various 

cores. Table2 shows average processing times. 

 
TABLE II 

AVERAGE TIME PROCESSING WITH DIFFERENT CORES. 

 
We expect a decrement in average processing time as the 

number of cores increase. However according to the table we 

can observe when we use 2 cores instead of 3 or 4 and 5 (not 

shown in table) the result will be better. As the number of 

cores exceed 2, times for feature extraction increase more. 

This happen due to the increasing time of sending and 

receiving data between the cores.  

In order to achieve higher accuracy, we have used a 

combination of classifiers. When we have vast data for feature 

extraction, proposed strategy will be useful in real time 

Preprocessing  

Extract the first feature 

P,R,T 

On the first core 

 

Extract the first feature 

Q,S 

On the second  core 

 

Third neural network 
 

Second neural network First neural network 
 

Combining  

Neural network 

Test a trained result 
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purpose. For the first time the ―trainlm‖ algorithm employed 

with 30 neuron, 35 neuron then 40,45,50,55   in the hidden 

layer. The best result achieved with 45 neuron. The experiment 

were repeated with ―trainscg‖ and ―trainrp‖. The 

experimentation has been shown in the below table. 

 
TABLE III 

COMPRATIVE RESULTS FOR DIFFERENT NEURAL NETWORKS WITH DIFFERENT 

TRAINING ALGORITHM. 

 

 

According to the above table, we can observe ―trainscg‖ 

algorithm is better in comparison with other algorithms.   

VI. CONCLUSION 

As discussed before we extract 15 feature from time domain 

of the signals. This feature fed the three MLP as their input 

data. MLPs were trained by different algorithm. Then a final 

MLP as combiner neural network used the output of previous 

MLPs to determine the beats class. In order to achieve high 

accuracy we applied combiner classifier. Combining strategies 

was fusion method to improve the performance in 

classification. Fusion assumes that all experts are trained over 

the whole problem space. Neural networks learned with 

―trainscg‖ algorithm used as final decision maker to determine 

the types of the beats. Another advantage of our method is that 

it is less time consuming, even for long-term signals. Feature 

extraction has been done on the 2 core instead of 1 core. 

proposed algorithm gives very good classification percentages: 

95.62% which has been shown in table 3.                                           
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Training 

algorithm 

Training 

accuracy  

Numb

er of 

iterati

on  

Neuron 

 in hidden layer 

Test 

accuracy 

Trainlm 98.05 1000 45 95.05 

Trainscg 95.62 1000 45 95.62 

Trainrp 93.65 1000 45 95.24 
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