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Abstract. In this research, Automatic techniques to detect diseases have been developed 

because of requirements of continuous attention to patient having heart diseases. This 

research deals with implementation of Artificial neural network methods for analyzing 

ECG (Electrocardiogram) signals with a focus on early and accurate detection. Feature 

extraction of ECG signal plays vital role in cardiovascular diseases. ECG signal is de-

composed using wavelet transform and then feature extracted of decomposed ECG sig-

nal are given as input to Neural Network. The wavelets used for decomposition are 

Daubechies and Symmetric. The selection of detail coefficient d4 had been done based 

on the following important parameters i.e. Energy, Frequency and Correlation. The 

overall of detection using db6 and sym11 were 96.65% and 84.37%. In this work, study 

of the classification of ECG signal has been done in detail by using computational 

methods effectively for early cardiovascular diagnosis. Coefficients of discrete wavelet 

transforms are used for analyzing ECG signals in conjunction with the Artificial Neural 

network (ANN). Three different types of ECG data have been used normal sinus 

rhythm, supra ventricular arrhythmia and atrial fibrillation. Decomposition and Classi-

fication of ECG signals using discrete wavelet transform and Artificial Neural Network 

have been successfully designed. The method has been implemented on 18 subjects. 

The results show that proposed method is effective for classification of normal and 

cardiac arrhythmia with an overall accuracy of 97.5%  

Keywords: ECG, Neural Network, Wavelet, Feature Extraction, Morphological 

Features, Statistical Features. 

1 Introduction 

1.1 A Subsection Sample 

This paper focuses to extract morphology and statistical parameters from the ECG 

signal using the Discrete Wavelet Transform and Artificial Neural Network technique. 

ECG signal is decomposed using discrete wavelet transform then features of Decom-

posed ECG signal are extracted and these features are trained using back propagation 

neural network. 

ECG is a diagnostic methodology that records the biological signals activity of heart 

from the chest. It's a common and painless test used to quickly detect heart problems 

and monitor the heart's health. ECG is used to find heart problems and health of heart 

in very quick way. This is non- invasive and painless test. ECG may be used to find 
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Arrhythmias, coronary artery diseases and heart attack. During the process of diagnosis, 

many electrodes are used on human limbs [1]. These electrodes in pairs are called lead. 

Analysis of ECG signal systems have a vital role in assisting medical staff by for fast 

treatment in hospitals and enhancing quality of life by finding abnormality at an early 

age. ECG signals have been used by doctors to find diseases like arrhythmia and myo-

cardial infarction An ECG signal has P, QRS complex, and T waves as shown in Fig. 

1. The P wave shows atrial depolarization. The QRS complex reflects ventricular 

depolarization. The T wave shows ventricular repolarization. Cardiac diseases are de-

tected by analyzing these waves. Spikes can be seen in waves due to artifacts. Such 

artifacts are in waves due to movements in body of patients and electrode and interfer-

ences [2]. So, these noise and artifacts should be filtered from ECG signals so that ac-

curate analysis of ECG signal can be done. For removing noise, different time and fre-

quency domain transforms have been used. Previous research involves Discrete Wave-

let Transform, Hermitian Basis and other methods but now a days Wavelet transform 

is most widely used [3]. 

 
Fig. 1. ECG Waveform.  

2 Methodology 

Various methodologies of automatic diagnosis have been done. Neural network and 

wavelet tool box has been used for decomposition of ECG and its classification .Data 

acquisition has been done from MIT-BIH data base available at physionet.org for 

performance evaluation. For the analysis of signal various tools are used such as 

wavelet, neural network. During the analysis of ECG signals, variations in features of 

ECG signals is the main problem. Such  variations occur not only in different patients 

or group of patients but also with in the same patient . In our present research, different 

ECG samples of different diseases have been taken.In order to classify ECG signals 

based on diseases, following ECG signal analysis pipeline will be done:Selections of 

wavelet, particular detailed coefficient, feature extraction, process of classification 

using ANN. 

2.1 Data Acquisition 

It is mandatory that Standard database should be selected to analyze ECG signal. ECG 

signals used in this paper were taken from Physionet MIT-BIH.ECG signals are 
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denoted  by header file and  a mat file [4]. Header file has detailed information about 

sampling frequency, number of ECG leads,  and  information about patient.ECG signals 

used in this paper are: MIT BIH Normal, Atrial fibrillation and super ventricular 

arrhythmia. 6 subjects of Normal ECG, Atrial fibrillation and Supra ventricular is taken, 

half of them have been used for training and remaining for testing. All classes, sampling 

frequency of each class, number of samples are shown in Table 1. Data base contains 

total 18 records of 1 min recording. 1024 samples of each record have been taken in 

this paper. 

Table 1. Data 

Classes Sampling frequency Gain (mv) 

N (Normal) 

 

128 Hz 200 

SV (Supra Ventricular Ar-

rhythmia) 

128 Hz 200 

AF (Atrial Fibrillation) 250 Hz 200 

 

2.2  Wavelet Transform 

Wavelet transform deals with processing method for non-stationary signals with 

enough scale values and shifting in time. The wavelet transform represents signals in 

different resolutions by dilating and compressing in different functions. The wavelet 

transform is considered a valuable tool to analyse data from different fields such as 

biomedical, mathematics, mechanics etc. It has now been applied to a different types 

of biomedical signals: the ECG, EMG, EEG, image compression. It is very important 

to select mother wavelet for preprocessing of ECG. There are different basis wavelets 

for example Symmlet, Harr, Daubechies wavelets etc. The main advantage of wavelet 

method is the availability of wavelet functions, so making easy to choose the most 

suitable for the signal under investigation.  

There are some predefined criteria to select optimal wavelet transform. Suitable wavelet 

for ECG signal is Daubechies wavelet. This wavelet families have similarity with QRS 

complex and energy spectrums of Daubechies wavelets are concentrated around low 

frequencies[5]. The generated cross correlation coefficient of the ECG signal with 

various wavelet filters is shown in Fig. 2. Results strengthens the suitability of 

Daubechies wavelet filter of order 8 is an optimal one for the ECG signal processing. 

So, in this paper, Daubechies wavelet is used for ECG signal processing. 

After the selection of a particular wavelet, ECG signal is decomposed using discrete 

wavelet transform. As ECG signal is decomposed in to six detailed coefficients then 

Entropy criteria is used in this paper to select one detailed coefficient. The detailed 

coefficient which shows highest energy with lowest entropy is chosen for feature 

extraction and classification.  
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Fig. 2. Correlation between different wavelet and ECG signal 

2.3 Feature extraction 

Human can perform the process of analysing and extracting Morphology and statistical 

features of ECG signals. Wave peaks (amplitude) as well as time durations(intervals) 

consist of clinically useful information present in ECG signal [6]. 

Morphological features were found as the most important for arrhythmia classification. 

Morphological features are calculated by signal processing methods while statistical 

features are calculated mathematically. In this paper, features which have been 

extracted are R wave amplitude, RR interval, standard deviation, variance, etc. These 

features are calculated by given formulae. 
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2.4 Artificial Neural Network (ANN) 

ANN used in this paper has 9 neurons in input layer, 1 hidden layer with 15 neurons 

and 3 neurons in output layer. Learning rate of 0.2, momentum factor of 0.5, error goal 
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of 10-5, 100 epochs and batch size of 1 were used during the training. Mean Square 

Error (MSE) has been used as the loss function of the ANN.  

Once the features are extracted, normalization is done in such a way that each data 

should fall within ranging from 0 to 1[7]. As the values of features may vary, it is im-

portant to normalize all the features to same level and to obtain optimal results. Formula 

for normalization is given by equation (5), 

 

              𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 = 0.1 + [
{(𝐴𝑐𝑡𝑢𝑎𝑙 𝑉𝑎𝑙𝑢𝑒−𝑀𝑖𝑛𝑖𝑚𝑢𝑚 𝑉𝑎𝑙𝑢𝑒) 𝑋 0.8}

{𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑉𝑎𝑙𝑢𝑒−𝑀𝑖𝑛𝑖𝑚𝑢𝑚 𝑉𝑎𝑙𝑢𝑒}
]                (5) 

  

Back propagation algorithm is used for training the ANN. MSE is reduced between the 

real output (actual output) and desired output by adjustment of weights using gradient 

descent search by back propagation. Flow chart of back propagation algorithm is shown 

in Fig. 3. 

 

 
Fig. 3. Flow Chart of EBP algorithm 

 

The basic steps used in back propagation algorithm are described below: 

1. Find the different learning parameters based on predefined network structure, 

involving input, output and hidden layer, error measurements and learning 

rate[8]. 
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2. Provide input and target vector. 

3. Start learning and follow given steps: 

Amount proportional to multiplication of error signal on the unit k and output of 

unit j adjust the weight of connection given below: 
p

j

p

kjkp yw =                                                                          (6) 

Error signal for output unit is given by equation: 
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Find the derivation of activation function 
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In such way that error signal is given for output unit 
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a. Error signal for hidden layer is calculated in term of error signals of di-

rectly connected units and their weights. For sigmoid function: 
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b. If we make changes in weight dependent of past weights with the help of 

adding momentum then oscillations can be avoided. 
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Every time new sample is entered till error requirement is not achieved. Re-random 

order is needed for input order during training [9]. When network response is obtained 

then error of the last output layer is found only, this error is recalculated according to 

instructions given on previous layers. The base of Neural Networks is back propagation 

algorithm[10]. Computation of error is done again and again for fast and accurate re-

sults. Error function is minimized in this algorithm. 

3 Results and Discussion 

3.1 Selection of detailed coefficient 

In this paper, initially ECG signal is decomposed in to different detailed coefficients 

using DWT.A particular detailed coefficient is chosen on the basis of entropy criteria. 

Figure 4, 5 & 6 shows the entropy of different detailed coefficients for Normal, Supra 

ventricular (SV) and Atrial fibrillation (AF) respectively. It also indicates that detailed 

coefficient of level 3 for normal, level 1 for supra ventricular and level 3 for atrial 

fibrillation should be selected to extract features as it represents minimum entropy. 
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Fig. 4. Entropy Plot of Detailed Coefficient of Normal ECG 

 

 
Fig. 5.  Entropy Plot of Detailed Coefficient of Supra Ventricular 
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Fig. 6. Entropy Plot of Detailed Coefficient of Atrial Fibrillation 

3.2 Feature Extraction & Normalization 

There are two types of features (Statistical and morphological features) have been 

extracted for all three types of signals. After that they are normalized to obtain the 

optimum results. Table 2 shows the different normalized statistical features.  These 

features provide information regarding cardiac health condition[11]. All these 

parameters are useful for discrimination between normal and arrhythmia patients. 
Different statistical features are calculated from  normal, atrial fibrillation and supra 

ventricular ECG signals. Different  statistical features calculated in this paper are max-

imum peak value, minimum peak value, mean, standard deviation, variance,entropy 

and mode. 

 

Table 2. Normalized Statistical Features 

Selected-detailed coefficients 

for Different ECG Signal 

Mean 

(mv) 

Mode entropy 

Detailed coefficient of third level 

for normal ECG signal 1 

0.1139 0.1012 0.2665 

Detailed coefficient of third level 

for normal ECG signal 2 

0.1134 0.1095 0.8686 

Detailed coefficient of third level 

for normal ECG signal 3 

0.1135 0.1000 0.2661 

Detailed coefficient of third level 

for normal ECG signal 4 

0.1135 0.1072 0.7745 
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Detailed coefficient of third level 

for normal ECG signal 5 

0.1133 0.1085 0.8696 

Detailed coefficient of third level 

for normal ECG signal 6 

0.1134 0.1088 0.8813 

Detailed coefficient of first level 

for SV ECG signal 1 

0.1135 0.1084 0.1000 

Detailed coefficient of first level 

for SV ECG signal 2 

0.1136 0.1119 0.7965 

Detailed coefficient of first level 

for SV ECG signal 3 

0.1134 0.1118 0.5470 

Detailed coefficient of first level 

for SV ECG signal 4 

0.1134 0.1110 0.9000 

Detailed coefficient of first level 

for SV ECG signal 5 

0.1134 0.1120 0.8392 

Detailed coefficient of first level 

for SV ECG signal 6 

0.1135 0.1125 .8331 

Detailed coefficient of third level 

for AF ECG signal 1 

0.1134 0.1095 0.8632 

Detailed coefficient of third level 

for AF ECG signal 2 

0.1134 0.1085 0.8629 

Detailed coefficient of third level 

for AF ECG signal 3 

0.1134 0.1053 0.7669 

Detailed coefficient of third level 

for AF ECG signal 4 

0.1134 0.1103 0.8809 

Detailed coefficient of third level 

for AF ECG signal 5 

0.1134 0.1119 0.8959 

Detailed coefficient of third level 

for AF ECG signal 6 

0.1134 0.1087 0.8471 

Selected-detailed coefficients 

for different ECG signals 

Max.  

(mv) 

Min. 

(mv) 

SD 

(mv) 

  Var.   

  (mv) 

Detailed coefficient of third level 

for normal ECG signal 1 

0.123 0.101 0.116 0.754 

Detailed coefficient of third level 

for normal ECG signal 2 

0.117 0.109 0.114 0.163 

Detailed coefficient of third level 

for normal ECG signal 3 

0.125 0.100 0.117 0.900 

Detailed coefficient of third level 

for normal ECG signal 4 

0.119 0.107 0.115 0.282 

Detailed coefficient of third level 

for normal ECG signal 5 

0.116 0.108 0.114 0.195 

Detailed coefficient of third level 

for normal ECG signal 6 

0.116 0.108 0.114 0.165 

Detailed coefficient of first level 

for SV ECG signal 1 

0.117 0.108 0.114 0.152 

Artificial Neural Network Based ECG Feature Extraction Using Wavelet Transform



10  P. Agrawal, V. Arun and A. Basu 

Detailed coefficient of first level 

for SV ECG signal 2 

0.117 0.111 0.114 0.136 

Detailed coefficient of first level 

for SV ECG signal 3 

0.115 0.111 0.113 0.119 

Detailed coefficient of first level 

for SV ECG signal 4 

0.116 0.111 0.113 0.125 

Detailed coefficient of first level 

for SV ECG signal 5 

0.115 0.112 0.113 0.118 

Detailed coefficient of first level 

for SV ECG signal 6 

0.118 0.112 0.114 0.139 

Detailed coefficient of third level 

for AF ECG signal 1 

0.118 0.109 0.114 0.163 

Detailed coefficient of third level 

for AF ECG signal 2 

0.119 0.108 0.114 0.183 

Detailed coefficient of third level 

for AF ECG signal 3 

0.120 0.105 0.115 0.301 

Detailed coefficient of third level 

for AF ECG signal 4 

0.116 0.110 0.114 0.152 

Detailed coefficient of third level 

for AF ECG signal 5 

0.115 0.111 0.113 0.120 

Detailed coefficient of third level 

for AF ECG signal 6 

0.118 0.108 0.114 0.205 

 

Since most of the diagnostic information lies around the R peak of the ECG signal, 

hence a portion of signal before it and a portion of signal after it are selected for 

processing[12]. So After the extraction of statistical parameters, different 

morphological parameters like R wave amplitude, RR Interval are extracted.[13]  Now 

the morphological features are normalized which are shown in table 3. 

 

Table 3. Normalized Morphological Features 

Selected detailed coefficient for 

different ECG signals 

R Wave Amplitude 

(mv) 

RR Interval 

(seconds) 

Detailed coefficient of third level 

for normal ECG signal 1 

0.8679 0.1095 

Detailed coefficient of third level 

for normal ECG signal 2 

0.4204 0.1259 

Detailed coefficient of third level 

for normal ECG signal 3 

0.900 0.1101 

Detailed coefficient of third level 

for normal ECG signal 4 

0.5503 0.1095 

Detailed coefficient of third level 

for normal ECG signal 5 

0.4641 0.1058 

Detailed coefficient of third level 

for normal ECG signal 6 

0.4600 0.1080 
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Detailed coefficient of first level 

for SV ECG signal 1 

0.5145 0.1000 

Detailed coefficient of first level 

for SV ECG signal 2 

0.4537 0.1012 

Detailed coefficient of first level 

for SV ECG signal 3 

0.5551 0.1055 

Detailed coefficient of first level 

for SV ECG signal 4 

0.5076 0.1061 

Detailed coefficient of first level 

for SV ECG signal 5 

0.4378 0.1070 

Detailed coefficient of first level 

for SV ECG signal 6 

0.7434 0.1043 

Detailed coefficient of third level 

for AF ECG signal 1 

0.5044 0.1022 

Detailed coefficient of third level 

for AF ECG signal 2 

0.5076 0.1026 

Detailed coefficient of third level 

for AF ECG signal 3 

0.6173 0.1033 

Detailed coefficient of third level 

for AF ECG signal 4 

0.6066 0.1003 

Detailed coefficient of third level 

for AF ECG signal 5 

0.4759 0.1041 

Detailed coefficient of third level 

for AF ECG signal 6 

0.5139 0.1019 

 

R Peaks have been detected in normal ECG, super ventricular ECG and Atrial Fibrilla-

tion ECG and they have been marked by star using MATLAB. 
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Fig. 7. Detection of R peak in Normal E 

 
Fig. 8. Detection of R peak in Super Ventricular ECG 

 
Fig. 9. Detection of R peak in Atrial Fibrillation ECG 
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3.3 Back Propagation (BP) Algorithm 

Multi layered feed forward network with BP algorithm is used during training and 

testing phase. Mean square error (MSE) is employed as error function [14]. But in this 

paper, Network is trained with momentum factor 0.5, learning rate 0.2, number of 

iterations 1000 and error goal 10-5. As total selected decomposed coefficients are 18 

and 9 features of each coefficient is determined so 9x9 matrix (9 features and 9 signals) 

are given as input of neural network for training purpose and another 9x9 matrix are 

used for testing purpose. Variation in MSE provides training performance with different 

iterations. Figure 10 shows the performance graph: 

 

 

 
Fig. 10.  Performance Analysis 

The accuracy during the testing of the network is found to be 97.5% (only 2 out of 81 

returned the negative results). The error performance goal is obtained at the eight 

epochs as shown in above figure. Accuracy can be increased by varying the network 

parameters (iterations, momentum factor, learning rate, number of inputs to the network 

and error goal). 
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4 Conclusion 

The methodology used in this paper has been applied on 18 patients. The results of 

this work produced an accuracy of 97.5% .The result obtained in the paper shows that 

data base can be classified using ANN. Architecture for feature extraction of 18 ECG 

signals and their classification have been developed successfully. 

This paper presents the use of wavelet transform and Multi-Layer neural networks for 

classification of normal and disease subjects. A classifier expert system for ECG signals 

can also be developed by using Fuzzy logic and Genetic algorithm. Features extracted 

from the program can be used for training purpose, concludes the dissertation indication 

for its utility in the field of Biomedical & future scope for further work. One step can 

also be added that features will be extracted by decomposition of ECG signal by WT, 

the feature selection will be done by Genetic Algorithm then more reduced features will 

be given to input of ANN for classification. Further, research is required in order to 

enhance in the field of clinical applications of signal processing methodology. 
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