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Abstract
Electrocardiogram (ECG) beat classification is a significant application in computer-aided analysis and diagnosis technolo-
gies. This paper proposed a method to detect, extract informative features, and classify ECG beats utilizing real ECG signals 
available in the standard MIT-BIH Arrhythmia database, with 10,502 beats had been extracted from it. The present study 
classifies the ECG beat into six classes, normal beat (N), Left bundle branch block beat, Right bundle branch block beat, 
Premature ventricular contraction, atrial premature beat, and aberrated atrial premature, using Gaussian mixture and wavelets 
features, and by applying principal component analysis for feature set reduction. The classification process is implemented 
utilizing two classifier techniques, the probabilistic neural network (PNN) algorithm and Random Forest (RF) algorithm. The 
achieved accuracy is 99.99%, and 99.97% for PNN and RF respectively. The precision is 99.99%, and 99.98% for PNN and RF 
respectively. The sensitivity is 99.99%, and 99.81% for PNN and RF respectively, while the specificity is 99.97%, 99.96% for 
PNN and RF respectively. It has been shown that the combination of Gaussian mixtures coefficients and the wavelets features 
have provided a valuable information about the heart performance and can be used significantly in arrhythmia classification.
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Introduction

Electrocardiograph (ECG) beat detection, segmentation, and 
classification are vital and crucial for accurate diagnosis, 
and consequently, affect the treatment of patients in inten-
sive care units (ICU) and cardiac care units (CCU) [1, 2]. 
Accurate detection of localization and precise segmentation 
algorithms of ECG beats were developed and validated with 
high level of performance. The current trend in the related 
literature is to optimize the classification performance of the 
acquired ECG signal, where the improved classifiers preci-
sion is reflected in the accuracy of patient’s heart diagnosis 
and consequently decreases the mortality rate due to cardio-
vascular disorders. In Automatic ECG beat classification, the 
accuracy mainly depends on high accurate selection of the 
extracted features from each beat [2, 3]. In any classification 
system, noise filtration from the recorded ECG signal such 
are those due to motion, respiration, power line interference, 

and baseline wandering are common. Various methods for 
noise reduction were introduced in the literature [5–7].

ECG beat separation is crucial stage in features extraction 
which are exploited for the ECG signal analysis. The pro-
cess of separating ECG beats is performed using the method 
proposed by Alqudah [3], which is based on calculating the 
cumulative area of the ECG trace, then resetting the cumula-
tive area of the ECG trace to zero by finding a ten-consecu-
tive point with approximately zero changes in between after 
removing all noises and using moving window technique [3].

After separating the ECG beats, the analysis is followed 
by implementing extraction of Gaussian mixtures model-
ling coefficients, and discrete wavelet transform (DWT) 
coefficients. The Gaussian mixtures model of the ECG 
beat is built after separating the beat into three main com-
ponents; baseline, positive, and negative parts, then mod-
eling each part as a sum of scaled and shifted Gaussians. 
Gaussian model provides a valuable morphological feature 
of the ECG beat under study. DWT analysis is mathemati-
cal tool to analyze the signal and extract information in 
frequency domain from biomedical signals, especially 
ECG signals. Wavelets analysis can provide information 
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about both time–frequency plane and extend frequency 
analysis to the notion of scale as well [6].

The literature surveyed emphasized on low detection 
error rate in ECG beats segmentation and classification 
or in beats from cardiac-related signals as well, such as 
photoplethysmography (PPG) and arterial blood pressure 
(ABP). Also, the literature surveyed focus on combining 
current features rather than investigating new features and 
without reducing the classification complexity.

This paper proposes the mixture of Gaussian and DWT 
as a set of features to accurately classify the extracted ECG 
beats, available in the MIT-BIH database, using two types 
of classifiers. The proposed classifiers in this study are 
probabilistic neural network (PNN) and Random Forest 
(RF). The extracted features are then fed into the principal 
component analysis (PCA) algorithm to identify the most 
significant features, which are in turn fed into the classifi-
ers. Finally, the accuracy, sensitivity, precision, and speci-
ficity of each classifier are evaluated to test and validate 
the performance of each classifier individually.

Methods

The proposed method consists of four main parts: (1) ECG 
preprocessing, (2) ECG beat segmentation, (3) ECG beat 
feature extraction, and (4) classification of ECG beat using 
different classifiers, and finally the comparison is made 
between the proposed techniques. The block diagram of 
the proposed methodology is shown in Fig. 1.

Database

The present study used the MIT-BIH arrhythmia database 
for evaluating and validating the proposed methodology 
for ECG beats classification. This database contains 48 
ECG recordings, each consists of 30 min segment selected 
from 24-h recordings of 48 patients [3, 7]. It is available 
in the MIT repository of (http://physi​onet.org/cgi-bin/
atm/ATM) which contains different types of arrhythmias. 
In this study, the normal and arrhythmia beats are anno-
tated based on AAMI standard. The present methodology 
is designed to classify the beats into six classes: normal 
(N), left bundle branch block (LBBB), right bundle branch 
block (RBBB), premature ventricular contraction (PVC), 
atrial premature beat (APB), and aberrated atrial prema-
ture (aAP) [7]. 10,502 beats have been extracted using 
the ECG beat segmentation method suggested by Alqudah 
[3], then these beats are split into training and test sets 
with ratio of 75% and 25% respectively. The distribution 
of beat arrhythmia types in the selected database is listed 
in Table 1.

ECG signal processing and beat segmentation

In this part, the preprocessing techniques on ECG signal 
from MIT-BIH database was performed. The ECG signal 
preprocessing is executed by applying Butterworth band-
pass filter with frequency range of 0.1 and 100 Hz to elimi-
nate the baseline wandering and the high-frequency noise. 
Next, moving average filter has been applied for smoothing 
the ECG signal [8–12]. Figure 2a, b show the ECG before 
and after the preprocessing techniques respectively.

For segmentation purposes, the ECG signal is ini-
tially normalized then passed to ECG beats segmenta-
tion algorithm which is based on using cumulative area 
as explained in the introduction part. Figure 3 shows an 
example of the segmented ECG beats using the approach 
of [3].

ECG Record from MIT-BIH Database

ECG Signal Processing and 
Beat Segmenta�on

ECG Beat Modelling Using 
Gaussian Mixture

Gaussian Features

Wavelet Analysis

Wavelet Features

Mixtures of Features

PCA

Classifica�on 

Results Evalua�on

Fig. 1   Block diagram of the proposed method

Table 1   Distribution of ECG records of six different ECG beats

Beat Type Record Number

Normal 103, 113, 115, 123, 220, 234
LBBB 109, 111, 207, 214
RBBB 118, 124, 212, 231
aAP 113, 201, 202, 210, 213
APB 209, 222, 232
PVC 106, 116, 119, 200, 203, 

208, 210, 213, 215, 221, 
233

http://physionet.org/cgi-bin/atm/ATM
http://physionet.org/cgi-bin/atm/ATM
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Gaussian mixtures features

Gaussian mixtures modeling features are morphological fea-
tures, where each ECG beat is separated into three parts; base-
line, positive, and negative parts for morphological features 
extraction. After that, each part is modeled using Gaussian 
mixtures modeling technique as a summation shifted and 
scaled Gaussian functions, as shown in Eq. 1 [3]. Figure 4 
shows the block diagram steps of extracting features using 
gaussian modeling technique.

(1)model(t) =

N
∑

n=1

Gaussainn =

N
∑

n=1

Wne
−

(

t−Sn

SCn

)2

The number of used Gaussians in our proposed model is 
equal to N = 7.The number 7 was chosen because the gauss-
ian models with this number of mixtures give the least root 
mean square error (RMSE) [3]. The Wn , Sn , and Scn values of 
seven gaussians of each part (positive, negative, and baseline) 
are stored in a vector. Next, for features extraction purposes, 
a statistical analysis is performed for each part (positive, 
negative, and baseline). The proposed statistical features 
are mean, standard deviation, energy, entropy, skewness, 
and variance [9, 13–16]. Consequently, each ECG beat will 
have 18 statistical gaussian based features set which are more 
informative than the raw Gaussian function coefficients.

Wavelet analysis feature

Wavelet analysis provides coefficients about the details of 
the signal. The detail coefficients D1 is the result of high-
pass filter, where the approximation coefficients A1 repre-
sents the low-pass filter results. This kind of discretization 
of the wavelet has the form [17–19]. Figure 6 shows the 
decomposition of ECG beat into four levels and extracting 
the corresponding features from the required levels (D1, D2, 
D3, D4, and A4).

where � (t) is a window of finite length, v is window transla-
tion parameter, and u is the contraction parameter.

Applying DWT on the signal y(t) gives the high-pass and 
low-pass filter outputs as follows:

(2)Ψu,v(t) =
1
√

u
Ψ

�

t − u

v

�

(3)y(u, v) =

∞
∑

t=−∞

y(t) × Ψu,v(t)

(4)zlow(t) =

∞
∑

k=−∞

y(k) × h(2t − k)

(5)zhigh(t) =

∞
∑

k=−∞

y(k) × g(2t − k)

Fig. 2   ECG beat before and after preprocessing

Fig. 3   Examples of segmented ECG beats

Fig. 4   Block diagram of extract-
ing features using Gaussian 
modeling

Segmented ECG 
beat

Separate ECG into three 
components: baseline, 

posi�ve, and nega�ve parts

Modelling baseline part 
using Gaussian 

Mixtures

Sta�s�cal Features 
Extrac�on

Modelling posi�ve part 
using Gaussian 

Mixtures

Sta�s�cal Features 
Extrac�on

Modelling nega�ve part 
using Gaussian 

Mixtures

Sta�s�cal Features 
Extrac�on
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where h(t) is the low pass filter kernel, g(t) is the high pass 
filter kernel, and k is the shifting factor.

The high-pass and low-pass filters are applied at each 
level, the details and approximations coefficients are cal-
culated. The details-signal is then separated again using 
low-pass and high-pass filters until the required resolution 
is achieved.

In the proposed methodology, each ECG beat is decom-
posed to 4 levels using db4 mother wavelet. The details 
coefficients at each level are named D1, D2, D3, and D4 as 
shown in Fig. 5. In addition to the last approximation coef-
ficients, A4 is exploited in the proposed approach. Figure 6 
shows the decomposition of the ECG beat. The extracted 
statistical features from each decomposed signal are; energy, 
variance, standard deviation, and waveform length.

Segmented ECG 
Beat

D1 Feature extrac�on

D2 Feature extrac�on

D3 Feature extrac�on

D4 Feature extrac�on

A4 Feature extrac�on

Fig. 5   Block diaram of extracting features using DWT

Fig. 6   The decmposition of ECG beat using 4 level DWT using db4 mother wavelet
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Feature selection using PCA

PCA is a technique used to reduce the number and order of 
the extracted features [20]. The PCA technique uses the cor-
relation matrix instead of the covariance matrix for features 
ordering and selection criteria. After implementing this opera-
tion and the calculation of eigenvalues and variances, a set 
of main components is obtained and arranged based on their 
ability to distinguish between classes [21]. The features in the 
present study are extracted from the two techniques (gaussian 
features and wavelet features) which are then fed into PCA for 
dimensionality reduction, where some of the extracted features 
are dependent/correlated to some extent on/to each other and 
therefore, and their contribution are ineffective on the accuracy 
of the proposed classifiers and their elimination will reduce the 
computational complexity.

Random Forest (RF) classifiers

Random forests (RF) classifier, first proposed by Breiman [22], 
is one of the most popular classification tools and excellent 
ensemble machine learning techniques. The main idea of RF 
classifier is to build classification trees, based on some ran-
domly selected features from randomly selected samples with 
bagging strategy. The built trees are used to vote for a given 
input vector to get a class label. RF classifiers are constructed 
by many base learners, where each base learner is an inde-
pendent binary tree adopting recursive partitioning. RF has 
many advantages; it provides higher accuracy than other clas-
sifiers, efficient on large-scale data, does not overfit, and can 
be easily applied in multi-class inputs. RF classifier has shown 
a superior performance in classification over other proposed 
methods since it was proposed.

Probabilistic neural networks (PNN)

Probabilistic neural networks (PNN) classifier uses Parzen 
windows to provide an estimation of the probability density 
functions (PDF) required in Bayesian rule step [23]. PNN con-
sists of four main parts, the input, pattern, summation, and out-
put parts. All four parts are fully interconnected, and the pat-
tern parts are activated using an exponential function instead 
of a sigmoidal activation function which is usually used in 
other types of neural network. The pattern part function is 
used to compute the distances of the input vector to the train-
ing input vectors. When an input vector is generated, it will 
produce a vector with values that provide an indication about 
how close the input is to be a training input. The summation 
part sums the contributions of each inputs class and produces 
a single output, which is called a vector of probabilities. From 
the maximum of these probabilities, the output units produce 

a ‘1’ for that class and a ‘0’ for other classes using a complete 
transfer function.

Results

The PCA extracted significant features vector, is fed into 
RF and PNN as input, where at each time the seven most 
significant features are fed into the classifiers according to 
their PCA ordering.

The main problem in using the PNN is selecting the 
spread constant. Since the spread constant is used to deter-
mine the receptive field size of the PNN kernel, its misse-
lection could cause PNN overfitting or underfitting. There-
fore, the variation of accuracy over the spread constant 
is analyzed for spread constant selection. The analysis is 
done by testing the performance of the spread constant 
over the range 0.1 to 1 with step of 0.1 as shown in Fig. 7. 
Based on the output results, the spread constant 0.2 will 
be chosen in the PNN classifiers.

The performances of PNN and RF classifiers are 
described using the confusion matrix and statistical 
parameters. The confusion matrix represents the results 
of classification using a certain classifier. After calculat-
ing the statistical parameters, namely false positive (FP), 
false negative (FN), true positive (TP) and true negative 
(TN), the heartbeat classification effectiveness are com-
pared using the four statistical indices: sensitivity, speci-
ficity, precision and accuracy. The performance evaluation 
results of RF and PNN classification for the six types of 
ECG beats arrythmia (N, LBBB, RBBB, PVC, APB, and 
aAP) using the full set of features are shown in Table 2. 
The confusion matrix of PNN and RF are shown in Figs. 8 
and 9 respectively.

Comparison of feature effect on classification 
output

To investigate the efficiency of the extracted features, 
the PNN, and RF via three set of features (Gaussian and 
Wavelet) are demonstrated. Figure 10 illustrates the accu-
racy, sensitivity, specificity, and precision rates of PNN 
classifier. Figure 12. illustrates the accuracy, sensitivity, 
specificity, and precision rates of RF classifier. According 
to the results in Figs. 10 and 11, employing each feature 
separately will provide good classification rates (PNN: 
98.83% for Gaussian, and 95.89% for Wavelet; RF: 97.36% 
for Gaussian, and 91.86% for Wavelet). While the combi-
nation of the Gaussian features with the Wavelet features 
gives higher rates (PNN: 99.99%; RF: 99.97%).

Finally, using the combination of two types of features, 
including Gaussians and Wavelets provides the highest 
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percentage of classification rates comparing with the rates 
using single set of features either the Gaussians or the 
Wavelets.

Fig. 7   Spread constant versus 
accuracy performance of PNN 
classifier

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Accuracy 99.99045 99.99045 99.96181 99.87587 99.80903 99.704 99.62761 99.50349 99.4271 99.33161
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Table 2   Classification result of the features full set using RF and 
PNN

Classifier Accuracy 
(%)

Precision 
(%)

Sensitivity 
(%)

Specificity 
(%)

Random 
Forest

99.97 99.98 99.81 99.96

PNN 99.99 99.99 99.99 99.97

Fig. 8   The accuracy of classifying six types of beats probabilistic 
neural network (PNN) classifier

Fig. 9   The accuracy of classifying six types of beats using Random 
Forest (RF) classifier

80

85

90

95

100

Accuracy Sensi�vity Specificity Precision

Features Effect On PNN Classifica�on Results

Gaussian Wavelet Gaussian and Wavelet

Fig. 10   Comparison the selected features effective on the PNN clas-
sification results
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Comparison of PCA features ordering classification 
results

To compare the results of the proposed method, a different 
set of features ordered by PCA are selected. The total feature 
set length per ECG beat is 38. The selected features, 5, 10, 
15, 20, 25, 30, and 38 in PCA order, are then fed into PNN 
and RF classifiers and the performance measurements are 
calculated and stored.

The results show that the accuracy, sensitivity, preci-
sion, and specificity for both PNN and RF forest classifiers 

are increased by including more features. Figures 11 and 
12 show the calculated accuracy, sensitivity, precision, and 
specificity for PNN and RF classifiers using 5, 10, 15, 20, 
25, 30, and 38 features in PCA order.

We can conclude from the results shown in Figs. 12 
and 13 that the performance measurements increase rap-
idly and saturate at 25 features. Therefore, PCA technique 
reduces the number of features by 34.21% with small 
impact on the performance of both classifiers.

Discussion

The present study aimed to investigate the impact of gauss-
ian mixtures features and their combinations with other 
features, on the accuracy of ECG beat classification. In the 
beat-based training scheme, our method achieved better 
classification results using two types of classifiers compar-
ing to what is available in the literatures. PCA technique is 
used to reduce the number of features used in the classifi-
cation process. The results show that the used classifiers 
still show high accuracy even when using few number of 
features.

Comparing the results of the proposed method with 
other methods in the literature are shown in Table 3. The 
listed research studies in Table 3 have used the same MIT-
BIH arrhythmia database that we used in our study. It is 
noted that they used different number of classes, records, 
and features set. These factors can affect the performance 
of the used classification methods significantly. However, 
most of the listed methods in the literature have achieved 
high recognition rates, greater than 90%.

As we can notice from Table 3, the wavelet and mor-
phological features are the most widely extracted features 
from the ECG beat, and the techniques of support vector 
machine (SVM) and neural network (NN) are the most 
used classifiers. In addition, most of these methods used 
the PCA for features dimensionality reduction and there-
fore, to increase the classifiers speed. It is worth noting 
that most of these classifiers classify the ECG beats into 6 
main classes, while single method has 16 classes.

In general, the extracted features focused on both 
time and frequency domains, where time domain fea-
tures include time difference between the main compo-
nents of the ECG beat (P, R, Q, and S) positions, while 
in frequency domain the DWT and higher order spectrum 
(HOS) are used. All other features are morphological fea-
tures where those features are the second most widely used 
features after those extracted from the DWT features.

The proposed system shows that both the new provided 
gaussian mixture feature or the used wavelets feature have 
high classification rates compared to other methods, while 
the combination of them provides higher classification 

75
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100

Accuracy Sensi�vity Specificity Precision

Features Effect On RF Classifica
on Results

Gaussian Wavelet Gaussian and Wavelet

Fig. 11   Comparison the selected features effective on the RF classifi-
cation results
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Fig. 12   The variation of performance measurements over selected 
number of features fed to probabilistic neural network (PNN) classi-
fier
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Fig. 13   The variation of performance measurements over selected 
number of features fed to RandomForest (RF) classifier
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rates over other literature methods using PNN or RF 
classifier.

The system is tested for time consumption in n intel 
core i7-6700/3.4 GHz and 16.384 Gb of RAM desktop 
computer using MATLAB 2017b. The system shows that 
the time required for modelling and extracting the required 
features from each tested ECG beat is 1.6093 s. Figure 14 
shows the time required for feature extraction, and clas-
sification using different principal components numbers.

Conclusion

A new method is proposed for classifying ECG heartbeats 
based on the beat’s gaussian mixtures modeling and DWT 
coefficients. To enhance the classifiers performance, PCA 
technique is applied for feature dimension reduction, where 
the most significant features obtained from PCA are fed to 
the PNN and RF classifiers. Experimental results show that 
the proposed method achieve very high accuracy when nor-
mal with other five types of abnormal beats are classified, 
and therefore, the proposed method may be used effectively 
in cardiovascular diseases diagnosing and treatment. By 

Table 3   Comparison between the related works and the proposed method

Reference Features Set Classifier Feature 
selec-
tion

Classes Accuracy (%)

[10] Morphological Radial basis function neural network 
(RBFNN)

No 6 95.78

[11] Morphological and timing Negative correlation learning (NCL), and 
mixture of experts (ME)

No 3 96.02

[12] DWT Combining NN No 4 96.94
[13] DWT, HOS, and independent component 

analysis (ICA)
Support vector machine radial base func-

tion (SVMRBF) and neural network 
(NN)

Yes 5 SVM 98.91
NN 98.90

[14] Morphological and timing Modified Artificial Bee Colony (MABC) No 7 99.30
[16] DWT (Frequency, Power, Entropy) SVM Yes 6 95.75
[19] HOS, Mixture Model, and R-R time Ensemble learners No 5 96.15

16 99.70
[24] Temporal, morphological, and empirical 

mode decomposition (EMD)
RBFNN and PNN No 6 RBFNN 99.89

PNN 99.54
[25] Geometrical SVM, k-NN, and BPNN No 7 98.06
[26] DWT, and morphological Linear Discriminant analysis Yes 3 94.00
[27] Cross correlation Neural network (NN) No 3 95.24
[28] Low-dimensional Wavelet SVM Yes 6 99.70
[29] Hermit function, and coefficient and 

temporal
BBNN No 5 97.00

[30] Mahalanobis distance Neural network (NN) No 2 95.14
Euclidean distance 81.83

Proposed Method Gaussian mixtures and DWT PNN Yes 6 99.99
Random Forest 6 99.97
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Fig. 14   Classification running time at different selected number of 
features
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comparing the proposed method with other methods in the 
literature, the present method is proven to be more effective 
and can provide a powerful tool for automatic ECG signal 
classification in daily ECG monitoring.
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