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Abstract— Cardiac arrhythmia indicates abnormal electrical 

activity of heart that can be a great threat to human. So it 

needs to be identified for clinical diagnosis and treatment. 

Analysis of ECG signal plays an important role in diagnosing 

cardiac diseases. An efficient method of analyzing ECG 

signal fusion and predicting heart abnormalities have been 

proposed in this paper. In the proposed scheme, at first the 

signal components have been extracted from the noisy ECG 

signal by rejecting the background noise. The final task is to 

classify the heart abnormalities according to previous 

extracted features. The Neural Network trained feed-forward 

neural network has been selected for this research. Here, data 

used for the analysis of ECG signal are from database. 
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I. INTRODUCTION 

According to World Health Organization (WHO) 

cardiovascular diseases (CVD) are the prime cause of more 

than one third of global death [1]. Cardiac arrhythmia or 

abnormal heart rhythm is a very common cardiac disorder, 

which can get aggravated to lead to a sudden cardiac death 

(SCD). Early detection and treatment of cardiac arrhythmia is 

essential. Electrocardiography (ECG) is most popular and 

low cost tool to diagnose the cardiac arrhythmias. Arrhythmia 

monitoring requires prolonged (36-48h) ECG recording, 

either using wearable recorders, or remote acquisition using 

wire [2] or wireless systems [3]-[4]. This generates huge 

volume of ECG data, which requires data compression for 

their effective storage [5]. Manual diagnosis of abnormal 

ECG from long duration records is time consuming process 

and more prone to inter-observer variation. Hence, 

computerized analysis was introduced in ECG analysis for 

rapid screening of ECG data. The abnormalities are 

manifested in ECG wave morphologies, which are described 

by various time and transformed domain features. Typically, 

a computerized ECG analysis system consists of a feature 

extractor and classifier [6]. ECG arrhythmia refers to 

irregular beat pattern where the QRS complex morphology is 

mostly affected. Thus, the first stage of computerized 

arrhythmia detector is accurate delineation of QRS regions. 

 The miniaturization of portable powerful devices 

that can be used in measuring electrocardiogram (ECG) 

signals has made it possible for integrating classification 

models that can potentially enhance or improve the accuracy 

of heartbeat abnormalities. One of these models is the use of 

artificial neural networks, a widely applied approach across 

many research areas such as pattern recognition, geometric 

shape identification, decision support and industrial 

monitoring, among many others. Due to the usefulness of 

artificial neural networks that has been exhibited across many 

applications, our proposed method applies neural networks 

for the automatic classification of ECG signals. 

 Classifying ECG signals is an active area of research 

in the biomedical engineering field and requires extensive 

knowledge in the area of bio-signal processing. There have 

been a number of researchers that explored the use of various 

complex analysis and diagnosis algorithms for identifying the 

correct type of ECG signal. For examples, the authors in [1, 

2] introduced a method that utilizes power spectrum analysis 

for ECG signals. Other studies focused on other techniques 

such as the principle component analysis for measuring ECG 

signals [3], Hilbert transform analysis [4], and adaptive 

filtering [5], among many others. Other research efforts 

focused on the application of advanced feature extraction 

techniques such as template matching [6], markov models 

[7], neural networks [8] and among many other recognition 

algorithms [9-11]. 

 The extraction of key information from ECG signals 

constitutes an integral phase in the ECG analysis process. For 

example, the PQRST complex provides important 

information about the R wave which considered a significant 

point in the determination of an ECG rhythm. Without 

considering this key point in ECG signals, for example, can 

potentially lead to inaccurate analysis or diagnosis. However, 

examining a single R wave is not sufficient. That is, the 

analysis of the R wave requires the collection of a subset of 

critical points during a sampling period. This translates into 

having more than ECG wave collected throughout time. The 

more information that can be collected, the more details we 

can gather about the ECG rhythm. Although more data 

provides a greater level of accuracy, this often leads to more 

data processing during the analysis process. Furthermore, 

analyzing the R wave may not always provide all the details 

required for the diagnosis of abnormal heartbeat behavior. 

Hence, many of the existing systems that examine ECG 

signals required additional information beyond the R wave 

such as auxiliary waves and other features such as the T and 

P waves, the ST segment. 

 In an effort to solve existing research problems and 

limitations with the current state-of-the-art, we introduce an 

artificial neural network solution that can detect ECG 

heartbeat abnormalities while reducing to a great extent the 

magnitude of features required for ECG analysis. By reducing 

the number of features to a great extent, this study 

investigates which features are essential for ECG diagnosis 

while maintaining high quality performance level in terms of 

the accuracy rate of our classification model. The rest of this 

paper is organized as follows. In Section II, we describe the 

related work. Section III describes the methodology applied 

in this research work. Section IV provides performance 

analysis of our results by applying the neural network 

solution to the dataset used. Finally, a conclusion and future 

work directions are provided in Section V. 
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II. RELATED WORK 

A strategy for automatic detection of arrhythmias using the 

Fractional Order Integration (FOI) and the learning based 

intelligent classifier was developed by Lin et al., (2018). The 

FOI procedure with the specific fractional order is utilized to 

extract the QRS (various peaks of the heartbeat) highlights 

with the limited calculations. The learning based intelligent 

classifier is utilized to distinguish the irregular classes, 

comprising of a deep multilayered network and a few agent 

networks. The developed intelligent classifier exhibited more 

prominent proficiency and promising outcomes in normal 

exactness, positive predictive value, and genuine negative 

rate for perceiving electrocardiography signals. In this 

investigation, the source of the data was acquired from the 

MIT-BIH arrhythmia database. The developed model 

acquires an accuracy score of 91.38% [2]. The FOI method 

requires large amount of sampling data which will not be 

available in case of ECG data. Using support vector machines 

classifiers, different methods for finding parameters of ECG 

was developed by Atienza et al., (2013). A sum of 13 

parameters were found accounting for temporal 

(morphological), spectral and complexity of the ECG signal. 

 Temporal/Morphological parameters - It can be 

arranged into crossing sample count, Standard exponential, 

Modified Exponential, Mean absolute value. Spectral 

parameters - It can be arranged into 3 classifications namely 

VF filter, Spectral algorithms, Median Frequency. 

Complexity parameters - It can be arranged into 4 

classifications namely Complexity measurement, Phase 

space reconstruction, Hilbert Transform, Sample entropy. 

The developed model obtains an accuracy score of 95.27% 

[3]. 

 Comparison of techniques such as Principal 

Component Analysis (PCA), Fuzzy C-Means Clustering 

(FCM) and Wavelet Transform (WT) for the classification of 

ECG arrhythmia using artificial neural network was 

developed by Ceylan et al., (2007). PCA and WT are popular 

techniques for feature extraction. In this paper, four different 

structures, FCM-NN, PCA-NN, FCM-PCA-NN and WT-NN 

are formed by using these two methods and fuzzy c-means 

clustering. The ECG signals which were taken from MITBIH 

ECG database have been utilized in classifying ten distinct 

arrhythmias. Before testing, the structures were trained by 

back propagation algorithm. The outputs of all self-

organizing neurons (the cluster centers) form the input for 

PCA. The output data of principal component analysis form 

the input for MLP (Multi-Layer Perceptron). MLP sub 

network is accountable for the final classification of the ECG 

beat. The developed model obtains an exactness of 92.30% 

[4]. A method for finding the onset of cardiac Arrhythmia 

using CNN ( 34 layered architecture ) which maps a series of 

ECG samples to a series of rhythm classes was developed by 

Rajpurkar, et al., (2017). It incorporates the use of a CNN for 

the series to series learning task. The network takes the time 

series data of raw ECG signals as input, and yields a grouping 

of label predictions. The CNN architecture consists of 33 

convolution layers followed by a fully connected layer and a 

softmax layer. This model acquires an average accuracy of 

93.65% [5]. 

 A ECG-based algorithm for the retrospective and 

automatic classification of resurgence cardiac rhythms was 

developed by Rad et al., (2017). The data set consists of 1631 

3-s ECG segments with rhythm annotations, obtained from 

two ninety-eight cardiac arrest patients (outpatients). 

Altogether, forty-seven wavelet-and time-domain features 

were processed from the ECG data. A set of thirty-two 

features based on the Discrete Wavelet Transform (DWT) 

was extracted and combined with twelve classical features for 

shock/no-shock classification, and three features derived 

from R wave detection. The results were obtained for ANN 

classifier with Bayesian regularization back propagation 

algorithm with fourteen features, which forms the developed 

algorithm. The overall exactness for the proposed algorithm 

was 78.5% [6]. 

 A simplified bio metric sample extraction technique 

for ECG samples with irregular cardiac conditions to improve 

the person recognition process was developed by Sidek et al., 

(2014). Varied numbers of enlistment and QRS complex were 

utilized to test the strength of the method. The methods that 

get utilized are Signal acquisition and bio metric feature 

extraction. The experimental results show that the bio metric 

technique outperforms existing methods which lacks the 

ability of extracting features for bio metric matching.The 

method acquired an accuracy of 96.4% for SVDB, 96.7% for 

MITDB, and 99.3% for DiSciRi. Moreover, high specificity, 

sensitivity, positive predictive value, and Youden Index’s 

values further verifies the reliability of the developed method. 

This procedure proposes the possibility of improving the 

classification performance utilizing ECG recordings with low 

sampling frequency and increased number of ECG signals 

[7]. Acharya et al., (2017) developed a predictive model 

based on nine-layer deep convolutional neural network to 

recognize ECG beats. This model categorizes dataset into five 

different classes of ECG signals namely fusion, nonectopic, 

supraventricular ectopic, ventricular ectopic and unknown 

beats which perceived accuracy of 94.03% and 93.47% with 

and without noise removal respectively [8]. 

 Andersen et al., (2019) proposed a model for real 

time detection of atrial fibrillation using convolutional neural 

network and recurrent neural network. This model was well 

established to predict past and future inputs. It has shown 

sensitivity and specificity of 98.98% and 96.95%, 

respectively with three different classes of ECG datasets. This 

method has proven that implementation of this method was 

less efficient if the recorded data contains sudden 

introduction of new arrhythmias [9]. Even though, the patient 

suffers from cardiac arrhythmia, the frequency of arrhythmia 

associated beats will be very low. This leads to an uneven 

distribution of samples in the heartbeat classes. To avoid the 

uneven distribution of samples, data augmentation was used. 

III. PROPOSED METHODOLOGY 

The schematic representation of proposed work is presented 

in figure 1. The dataset requirement is fulfilled by taking 

normal and abnormal cardiac records from standard 

arrhythmia database MIT/BIH [7]. The required ECG beats 

are extracted from these .dat files as shown in Table 1. The 

used sampling frequency for these records is 360 Hz and ECG 
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Holter recording is done for 30 minutes. In total, 1200 beats 

are involved, 600 beats from each section. 

 
Fig. 1: Proposed system Block Diagram 

A. DataSet 

DATASETS We used MIT-BIH and PTB Arrhythmia 

Database in this paper. MIT-BIH database contains 48 

records of heartbeats for approximately 30 min of 47 different 

patients by the BIH Arrhythmia Laboratory between 1975 

and 1979. The recordings were digitized at 360 samples per 

second per channel with 11-bit resolution over a 10 mV 

range.  

Table 1: Principle types of heartbeat existed in MIT-BIH 

database 

Each record contains two ECG leads and in the majority of 

them the principal lead (lead A) is a modification of lead II 

(electrodes on the chest). The other lead (lead B) is usually 

lead V1, modified, but in some records, this lead is known to 

be V2, V5 or V4 (ref: ecg basic). We only used lead II to 

classify arrythmatic classifications of the beats. In all of our 

experiments, we have used ECG lead II re-sampled to the 

sampling frequency of 125Hz as the input. Each beat is 

annotated by at least two cardiologists. We use annotations in 

this dataset to create five different beat categories in 

accordance with Association for the Advancement of Medical 

Instrumentation (AAMI) EC57 standard. See Table 1 for a 

summary of mappings between beat annotations in each 

category. 

B. Preprocessing 

The steps included in pre-processing stage are normalization 

and noise filtration from raw ECG signal. The normalization 

reduces amplitude variance by making mean to zero and 

standard deviation to unity. For denoising of normalised ECG 

signal, an enhancement over DWT i.e. DTCWT is used [8]. 

Obtain the analysis FIR filters for consecutive stages of 

multiresolution operations. Then decompose DTCWT down 

to level 1. After that reconstruct the original ECG signal 

according to set threshold i.e. the second level detail 

coefficients. 

1) Signal filtering: The ECG signals are filtered by using a 

band-pass filter with a minimum-order FIR filter (due to 

the input signal is long enough) [20], and in range of 0.5-

40 Hz, in order to remove wander and high frequency 

noise. 

2) QRS complex detection and heartbeat segmentation: One 

cycle of an ECG signal consists of three component 

waveforms: QRS comples, P-wave and T-Wave. The 

accurate locations of the signal peaks, beginning and end 

points of these component waveforms are used to 

segment hearbeats [8]. In order to detect the QRS 

complexes and locating the beginning, peak as well as 

the end of the P, QRS, and T waves, the WFDB Toolbox 

in Physionet is used [17], [21]. Next, the signals are 

segmented into beats, which means that it starts from P-

wave onset and ends at T-wave offset. If P-wave is not 

present, then each segment start from QRS onset and end 

at T-wave offset. 

C. Feature Extraction 

Discrete Wavlet Based Method (DWT): In contrast with the 

Fourier Transform, the DWT provides information about 

both the time and frequency (scale) domain instantaneously. 

In simple terms, the DWT decomposes the signal into levels 

by passing the signal into banks of low pass and high pass 

filters. The low pass and high pass filter are called the scaling 

and wavelet filters respectively. By convolving the input 

signal with the scaling filter, an approximation of signal is 

obtained. On the other hand, the detail signal is obtained by 

convolving the input signal with the wavelet filter. This 

procedure is followed by down-sampling because of the 

reduction in the bandwidth. By repeating the above 

procedures with different frequency bands, several WT levels 

as well as different detail and approximation coefficients are 

generated. The basic idea of the ECG feature extraction using 

the DWT relies on using the different components to extract 

the QRS parameters. For example, the R waves can be 

detected by locating the maximum amplitudes at large signal 

levels (scales) by keeping detailed coefficient 3 up to 5 (D3-

D5) of the input signal [17, 20]. For optimum detection of the 

Q and S waves, all detailed coefficients of the signal from D1 

to D5 are removed followed by locating the minimum 
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amplitude of the input signal within 100ms with respect of the 

R wave. 

D. Non-subsampled Directional Filter Bank 

The NSDFB is constructed by eliminating the downsamplers 

and upsamplers of the DFB by switching off the 

downsamplers/upsamplers in each two channel filter bank in 

the DFB tree structure and upsampling the filters accordingly 

[2]. The outputs of the first level and second level filters are 

combined to get the four directional frequency 

decomposition. The synthesis filter bank is obtained 

similarly. All filter banks in the NSDFB tree structure are 

obtained from a single NSFB with fan filters. To obtain 

multidirectional decomposition the NSDFBs are iterated and 

to get the next level decomposition all filters are up sampled 

by a quincunx matrix. The NSCT is obtained by combining 

the 2-D NSPFB and the NSDFB. The resulting filtering 

structure approximates the ideal partition of the frequency 

plane. It must be noted that different from the contourlet 

expansion the NSCT has a redundancy. 

E. Classification 

The application of artificial neural networks for the efficient 

classification of ECG signals involved two main stages: (a) 

preprocessing stage and (b) a classification stage. Figure 1 

presents an overall architecture for our proposed neural 

networks solution. The preprocessing stage focuses on the 

analysis of ECG signals and detecting information considered 

to be critical for ECG diagnosis (i.e. QRS complexes). To 

achieve this, data about the Q-, R- T- and Uwaves are 

extracted. Once these critical points are extracted, we use this 

information to identify the intervals (i.e. RRinterval, PR-

interval, QRS duration). 

 We implemented a backpropagation neural network 

(BPNN) algorithm for the implementation of our ECG 

classification model. The main focus of this BPNN 

classification model is to correctly classify ECG signals with 

the minimal number of features required while maintaining a 

high quality performance rate in terms of accuracy. Through 

this classification model, it is then possible to determine the 

type of heartbeat (e.g. normal, tachycardia or bradycardia). In 

addition, we applied a non-causal approach for our neural 

network such that the analysis of the ECG signals includes 

current and future signals. That is, we examine the current 

Rwave in addition to the next ECG signal‟s R-wave to be able 

to properly construct the RR-interval. The addition of the 

RRinterval can provide additional helpful information that 

can be used to fine-tune or enhance the accuracy of our neural 

network based solution. The BPNN algorithm uses this 

information extracted (i.e. features) from an ECG signal to 

then classify whether an ECG signal is normal or abnormal. 

In specific, the BPNN attempts to identify the type of ECG 

signal or classify it as either a (a) sinus rhythm, (b) 

bradycardia or (c) tachycardia. 

IV. RESULTS AND DISCUSSION 

Using the MIT/BIH Arrhythmia Database, three types of 

arrhythmias were considered including Sinus Rhythm, 

Bradycardia and Tachycardia. We examined a total of 74182 

total ECG signals readings obtained from the dataset. Each 

sample consists of a single ECG heartbeat with a template 

vector that includes nine different features. The class label 

(i.e. truth value) was obtained from the annotations supplied 

in the dataset and is the last element in this feature vector. 

This label was used to train and evaluate our BPNN approach. 

To determine the effectiveness of using a BPNN in 

classifying ECG heartbeats into one of the three classification 

types, we use the Equation 1 for measuring classification rate 

(CR). 

 We used a learning rate of 0.1, a momentum of 0.1, 

a convergence factor of 0.005, a threshold scope of [-0.7 0.7] 

and a stopping criteria (epochs) of 700. We applied this 

BPNN configuration having fourteen hidden nodes to train all 

of the samples in the dataset, or the 74182 heartbeats (or 

readings). We used a subset of the readings for testing. In 

particular, we used 53388 readings out of the 74182 (or 72%) 

for testing in which a classification rate of 98.70% was 

achieved. 

 In order to maximize the efficiency of classifying a 

heartbeat, we include the relationships of the heartbeats with 

earlier ones but also ones that occur before earlier heartbeats 

(i.e. a window that spans across two heartbeats backward). 

Similarly, the relationship between the current beat and the 

next two beats (i.e. a window of two beats afterward) is taken 

into consideration. This enables the construction of the 

features including a wider combination of chronological 

RRintervals. In addition, identifying the correct type of 

arrhythmia is a challenging task mainly due to variations in 

the input data, number of features extracted and 

crosscorrelation between multiple heartbeats. To this extent, 

we apply a single hidden layer in this feed forward neural 

network. 

 
Fig. 2: Fused Signal Output 
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Fig. 3: Classification Result 

V. CONCLUSION 

In this paper, we presented a feed forward back propagation 

neural network which will correctly classify abnormalities in 

heartbeats. Especially, this BPNN system is employed for 

arrhythmias detection. We used MIT/BIH Arrhythmia 

Database because the data source. The feature set included 

RRinterval for 2 beats prior and before the present beat being 

examined so as to seek out any relationship or information 

which will be useful when classifying arrhythmias. the typical 

performance of arrhythmia classification is shown to be 

98.70% and is like other approaches that used an equivalent 

data source. The high performance of the present system was 

tested against the set of features chosen and results show that 

the addition of features like examining two beats ahead and 

before the present beat being examined significantly 

improves the system by quite 4.0%. For future work, we 

decide to build this neural network on a physical portable 

device which will detect and classify ECG signals in real-

time. 
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