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Abstract 

Automatic abnormal beat detection reduces the time and cost for signal analysis by a cardiologist because 

abnormal beats rarely occur in an electrocardiogram (ECG) signal. However, the characteristics of normal and 

abnormal beats vary by individuals, which leads to misdetection. In this study, instead of directly training the 

input beats, we combine the input beats with corresponding reference normal beats and train the difference 

within combined beats. We can classify normal and abnormal beats through this approach, even if various types 

of individual normal and abnormal beats are mixed. The proposed comparative learning has the advantage of 

being able to classify multiple records using only one neural network. In experiments with learning five records, 

including premature ventricular contraction beats, we achieved 99.47% sensitivity and 99.28% accuracy for 30 

records, with only one comparatively trained neural network. In addition, we confirmed that real-time 

processing is possible with an average processing time of 20.87 ms per beat. 
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1. Introduction 

The recent development of bio-signal monitoring systems has become more important in healthcare to 

address increases in mortality due to heart disease and loneliness in the aging population [1, 2]. In 

addition, bio-signals such as electrocardiograms (ECGs), electroencephalography (EEG), and 

photoplethysmography (PPG) are widely used for security, human activity, and other applications [3, 4]. 

ECG signal analysis is an important research field because an arrhythmia due to heart disease is 

represented as an abnormal beat in the ECG signal [5–13]. 

In an ECG signal, a normal beat with a similar, periodically repeating waveform occurs throughout 

most of the signal, whereas an abnormal beat with a deformed waveform or period rarely occurs. 

Therefore, an accurate diagnosis relies on a signal measured over an extended time, which requires 

extensive time and cost for diagnosis by a cardiologist. 
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Recent developments in hardware and software technology have made it possible for ordinary people 

to measure ECG signals in their daily life. Accordingly, the demand for ECG diagnosis is rapidly 

increasing, and research is being conducted to automate the steps of ECG signal analysis to reduce the 

diagnosis time and cost. Machine learning-based classifiers are more effective than knowledge-based 

classifiers in classifying ambiguous data by better imitating human intuition [14–17]. In particular, 

because ECG signal classification depends significantly on cardiologist intuition, many studies are 

underway to replace existing knowledge-based classification. However, because the distribution of 

normal and abnormal beats in ECG signals varies by individual, the accuracy of the classifier is greatly 

reduced when similar beats are trained in several classes during the training process.  

In this study, we propose a binary classification algorithm based on comparative learning by using a 

corresponding reference normal beat determined by a template cluster. 

 

1.1 Motivation 

It is difficult to classify given data accurately, but it is relatively easy to determine which data are 

closer to a given class by comparing two data points [18, 19]. Comparative region convolutional neural 

networks have been proposed to do this for age classification [20–22]. 

Similarly, it is difficult to determine whether a given beat in an ECG signal is normal or abnormal, but 

it is relatively easy to compare and determine whether the corresponding reference normal beat is 

provided. Therefore, instead of training a single input beat, we propose combining the input beat and 

corresponding reference normal beat and training using it. In contrast to the existing neural network for 

classifying beats by extracting and analyzing the feature values of the input beats, the proposed neural 

network learns by comparing the differences within the combined beats. This process makes it possible 

to imitate human intuition more effectively. 

 

 

Fig. 1. Comparison between the existing and proposed classifiers. 

 

1.2 Contribution 

In general, because ECG signals have various types of beats according to the individual, the shape of 

both normal and abnormal beats may appear mixed. Learning these mixed data reduces the reliability of 
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the neural network. However, generating a separate neural network for each individual would require 

significant cost and time. Therefore, the proposed comparative learning method trains the differences within 

the combined beats based on acquiring a reference normal beat determined by a template cluster. Through 

this, we can generate a classifier applicable to various individuals, even with a single neural network. 

Fig. 1 shows the comparison between the existing classifier with multiple neural networks and the 

proposed classifier with a single neural network. 

This paper is organized as follows. Section 2 introduces related studies on ECG signals, deep learning, 

and template clusters, and Section 3 introduces the proposed comparative learning-based classifier. After 

describing the experiments to confirm the performance of the method in Section 4, we conclude in Section 5. 

 

2. Related Work  

2.1 ECG Signal 

2.1.1 Composition of an ECG signal 

ECG signals are obtained by measuring electrical signals generated during the contraction and 

relaxation of the atria and ventricles. The contraction of the atria generates a P wave, and the contraction 

and relaxation of the ventricle generate a QRS complex and T wave, respectively [23]. When an 

arrhythmia occurs in the contraction and relaxation of the atrium or ventricle, the shape or period of the 

corresponding waveform is deformed. 

Knowledge-based signal analysis detects the fiducial points, onset (start point), offset (endpoint), and 

peak. Then, it acquires feature values using the time or amplitude difference between the fiducial points 

and analyzes the deformation of the shape and period of the waveform.  

Fig. 2 shows the fiducial points of the ECG signal and widely used feature values. 
 

 

Fig. 2. Composition of an ECG signal. 

 

As shown in Fig. 2, intervals, duration, and segment features are acquired by using the fiducial points 

of P wave, QRS complex, and T wave. Among features, the RR interval is an important feature used to 

diagnose abnormal beats related to premature contractions, such as premature ventricular contraction 

(PVC) and premature atrial contraction (PAC), and the PR interval is used to classify premature 

junctional contraction (PJC) caused by P wave abnormalities. 

 

2.1.2 Abnormal beat 

Arrhythmias are classified by the site of the occurrence and cause, and the characteristics of the 

corresponding abnormal beat vary. The American Medical Association’s ANSI/AAMI EC57:1998 

classified such beats into five categories according to their location: a normal beat (N), upper ventricular 

arrhythmia beat (S), ventricular arrhythmia beat (V), mixed arrhythmia beat (F), and unclassified beat 

(Q). PhysioNet provides a variety of arrhythmia databases and categorizes the beats using 19 categories. 

Table 1 shows the distribution of beats occurring in the 19 beat classifications and 48 measurements from 

the MIT-BIH arrhythmia database (MIT-BIH ADB) dataset used in this paper [24]. 
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R peak
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Among the classes, the bundle branch block beat (L, R) and paced beat (/, f) periodically occur in place 

of a normal beat. In this study, we aim to detect PVC (V), which has the highest rate among all abnormal 

beats except the bundle branch block beat and paced beat.  

 

Table 1. Classification of beats and distribution in MIT-BIH ADB 

Code Total number Description Class 

N 75,052 Normal beat Normal 

L 8,075 Left bundle branch block beat Bundle branch block 

R 7,259 Right bundle branch block beat  

B 0 Bundle branch block beat  

A 2,546 Atrial premature beat Premature 

a 150 Aberrated atrial premature beat  

J 83 Junctional premature beat  

S 2 Supraventricular premature beat  

V 7,130 Premature ventricular contraction  

r 0 R-on-T premature ventricular contraction  

F 803 Fusion of ventricular and normal beat  

e 16 Atrial escape beat Escape 

j 229 Junctional escape beat  

n 0 Supraventricular escape beat  

E 106 Ventricular escape beat  

/ 7,028 Paced beat Paced 

F 982 Fusion of paced and normal beat  

Q 33 Unclassifiable beat Else 

? 0 Beat not classified during learning  

 

According to Table 1, about 68% of the beats are normal, and when considering that L, R, and / beats 

are also normal, about 89% of all the beats are normal. Therefore, we propose a comparative learning 

method through the acquisition of a representative normal beat using template clustering based on the 

characteristics of the ECG signal, in which the majority of beats appear as normal beats. 

 

2.1.3 Beat separation 

The ECG signal requires long-term measurement, and thus many beats are stored. Each beat is 

classified based on the detection of the QRS complex or R-peak. This is because the amplitude change 

of the QRS complex is significant, with the amplitude of the R-peak generally the largest.  

Fig. 3 shows the two methods of beat separation. 

 

  

(a) (b) 

Fig. 3. Two beat-separation methods: (a) RR interval and (b) centering on the R-peak. 

 

275ms

375ms

R-peak
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In general, the R-peak-to-R-peak interval is divided into beats based on the detected R-peaks as shown 

in Fig. 3(a). This has the advantage of not losing any of the sample, but the problem is that the length of 

each interval is not constant, so information from two beats is mixed in one interval. To improve this, the 

region from 275 ms before to 375 ms after the R-peak includes the P wave, QRS complex, and T wave, 

which are mainly used for ECG signal analysis as shown in Fig. 3(b) [25]. Thus, this region is generally 

used to extract fiducial points based on the R-peak. 

 

2.2 Deep Learning in MATLAB 

Deep learning has recently been used in various fields. In MATLAB, pre-trained neural network 

models can be used by the deepNetworkDesigner tool, including SqueezeNet, GoogLeNet, ResNet-50, 

EfficientNet-b0, DarkNet-53, and others, and various additional models can be installed and used. 

Fig. 4 shows an example of GoogLeNet generated by the deepNetworkDesigner tool in MATLAB. 

In general, a fully connected vector of trained data is obtained from the input data through a 

convolutional neural network (CNN) model, and the loss between them is calculated. Then, the training 

data with the lowest loss are searched, and the classification is performed. 

 

 

Fig. 4. GoogLeNet in MATLAB deepNetworkDesigner. 

 

2.3 Problem 

Fig. 5 shows a schematic for conventional classification. 

 

 

Fig. 5. Conventional classification scheme. 
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A feature vector of an input beat is obtained by using a previously generated CNN model. Using the 

same CNN model, a feature vector and contrastive loss corresponding to N learning beats are calculated, 

respectively. Then, the class of the input beat (Output) is determined by following the classification result 

of the beat with the minimized loss. 

Fig. 6 depicts an example of the training and classification process in the ECG signal.  

 

 

Fig. 6. Example of the training and classification process in an ECG signal. 

 

Depending on the class of the abnormal beat, each beat forms different clusters in the feature space. Then, 

the input beat is classified according to the class of the beat closest to the feature vector of the input beat. 

However, in the process of training a neural network, when data of different classes are trained in the 

same class, similar shapes may cause misdetection, as shown in Fig. 7. 

To address this, in this study, we acquired a reference normal beat and combined it with the input beat, 

and the difference within a combined beat was trained to minimize false detection. 

 

 

Fig. 7. Example of misdetection in conventional classification. 

 

2.4 Template Cluster 

The basic reference normal beat can be generated using the average and median of the beats acquired 

over a long time. However, the average is significantly affected by distortion caused by abnormal beats. 
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In addition, the median requires extensive memory and processing time for the sorting operation. Lee and 

Park [8, 9] proposed a method to generate a template cluster to obtain a reliable template of normal beats. 

 

2.4.1 Pearson similarity 

The Pearson similarity is well known in statistics as the Pearson correlation coefficient, which is a 

value quantified for linear distributions for two distributions X and Y, with a value between 1 and -1. The 

value indicates perfect positive linear correlation at 1, no linear correlation at 0, and perfect negative 

linear correlation at -1. The Pearson similarity is the value obtained by the covariance of two distributions 

X and Y, which is divided by the product of the standard deviations as shown in (1). 
 

𝜌(𝑋, 𝑌) =
1

𝑁 − 1
∑ (

𝑋 − 𝜇𝑋

𝜎𝑋

𝑌 − 𝜇𝑌

𝜎𝑌

 )

𝑁

𝑖=1

 (1) 

 

As shown in (1), by subtracting the mean and dividing by the standard deviation, the Pearson similarity 

is robust to baseline movements and amplitude scale changes. Thus, it is suitable for measuring the 

similarity of ECG signals. 

 

2.4.2 Template cluster generation 

The template cluster uses the Pearson similarity to generate templates, and it updates the matched 

templates in real time according to the input beat using a weighted mean. In this case, the weight used 

for the weighted mean is the number of updates. If there is no sufficiently similar template, the input beat 

is added as a new template to minimize the effect on the existing templates. Because normal beats 

periodically repeat with a similar shape and occupy most of the signal, the template with the highest 

number of updates in the template cluster represents the normal beat. Thus, we selected it as the reference 

normal beat. 

Fig. 8 explains the steps of initializing, updating, and determining the reference normal beat of the 

template cluster. 

 

 
Fig. 8. Reference normal beat determination scheme. 

 

From the first input signal, the shape of the first beat are input as the first data point of the first cluster 

of templates, and the counting number of the first template is initialized to 1. The counting number 

indicates the weight of the weighted mean in the template update process and it is used to determine the 

reference normal beat.  

After entering the initial template, clusters are updated from the sequentially input beats. The input 

beats measure shape similarity with each template in the template cluster using (1). Then, a template with 

the highest shape similarity among templates is detected. If shape similarity exceeds the threshold, then 
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the matched template is updated using weighted mean, otherwise, the input beat is added as a new 

template. 

The ECG signal is mostly composed of a normal beat and has a characteristic that similar shapes are 

repeated. Therefore, the template having the highest count can represent the normal beat, and thus we 

determined it as the reference normal beat. 

Fig. 9 shows an example of a reference normal beat determination process. 

 

 
Fig. 9. Reference normal beat determination process: (a) initialize, (b) update, and  

(c) determine the reference normal beat. 

 

In Fig. 9(a), the first input beat was a PVC abnormal beat. In Fig. 9(b), the template cluster of normal 

beat and abnormal beat was separated through the update process, and the template with the highest count 

(975) was determined as the reference normal beat as shown in Fig. 9(c). Although the first input beat was 

an abnormal beat, we confirmed that the normal beat is stably determined as the reference normal beat. 

In addition, as described above, it is possible to minimize the memory and execution time by using the 

template cluster with weighted mean to obtain a reliable reference normal beat with minimal distortion. 

 

3. Proposed Method  

In the proposed method, instead of directly learning a single beat, learning uses the beat information 

combined with a reference normal beat acquired using a template cluster. Fig. 10 shows a conceptual 

diagram of the proposed algorithm. 

 

 

Fig. 10. Diagram of the proposed method. 



Human-centric Computing and Information Sciences                                                                                                                          Page 9 / 17 

 

The ith normal beat is similar to the jth abnormal beat, and in the existing method shown in Fig. 7, it is 

trained in the same class and causes a false detection. However, in the proposed method, the reference 

normal beat is combined, data of the same class as the reference normal beat are trained as normal, and 

data of a class not identical to the reference normal beat are trained as abnormal. In this way, the proposed 

method makes it possible to train different classes of similarly shaped beats correctly into different 

classes. 

The deepNetworkDesigner tool provided by MATLAB is used in the proposed method, and training 

is carried out using GoogLeNet. A column vector consisting of 235 samples of input beats, as shown in 

Fig. 3, is represented by a combination of a reference normal beat and an input beat. The beats are 

normalized, combined, and duplicated to a 235×34 matrix for use with the GoogLeNet model. 

Normalization is performed so that the minimum and maximum amplitude values of the representative 

normal beat become 0 and 255, respectively. Then, the amplitude value of the input beat is normalized 

using the weight used to normalize the representative normal beat. If the converted amplitude has a 

saturated value outside the range 0–255, it is adjusted to 0 or 255. 

Fig. 11 shows the imaging process of the combined beat. 

In this way, the reference normal beat is combined and imaged with the input test beat, and 

classification is performed. 

 

 

Fig. 11. Example of an imaged combined beat for comparative learning. 

 

4. Experiment 

4.1 Test Data 

In this study, we trained and classified normal beats and PVC abnormal beats. The data used in the 

experiment are from MIT-BIH ADB, provided by PhysioNet. MIT-BIH ADB consists of 48 records, 

each measuring about 30 minutes in length, and the class of each beat is annotated by a cardiologist. We 

excluded 13 records in which each bundle branch block beat and the paced beat replaced the normal beat 

from the experiment: records 102, 104, 107, 109, 111, 118, 124, 207, 212, 214, 217, 231, and 232. In 

addition, five records, which were difficult to compare to the reference normal beat, were excluded 

because the shape or amplitude change of the beats was very irregular: records 106, 108, 203, 222, and 

230. Thus, out of 48 records, the experiment was conducted on 30 records, excluding 18 records. 

We evaluated the classification performance by measuring the sensitivity and specificity according to 

the true positive (TP), true negative (TN), false positive (FP), and false negative (FN). TP and TN are 
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correct classification results of abnormal and normal beats, respectively. Conversely, FP and FN are 

misclassification results for normal and abnormal beats, respectively. Sensitivity, specificity, and 

accuracy measure the non-detection rate, over-detection rate, and correct total beat detection rate, 

respectively, as shown in (2): 
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
,   𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
,   𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (2) 

 

4.2 Experiments  

4.2.1 Abnormal beat detection 

The experiment was conducted in five stages: (1) classification rate as the size of the imaged signal 

increases, (2) classification rate as the number of records used for training increases, (3) classification 

rate with a reduced number of epochs, (4) classification rate based on the amount of training data with a 

non-uniform ratio, and (5) classification rate when the number of abnormal beats was increased to equal 

the number of normal beats, and the comprehensive comparison to previous results. 

 

Test 1: From datum 119, 10 normal and 10 abnormal beats were trained. The classification results by 

image size are shown in Table 2. 

This experiment showed that the non-detection rate tends to decrease as the image size increases. 

However, an excessively large image size significantly increases the over-detection due to 

overfitting for an abnormal beat. 

In subsequent experiments, the experiment was performed after fixing the image size at 34. 

 

Table 2. Classification results by the image size of the combined beat 

Image 

size 

Total 

beats 

PVC 

beats 
TP FN TN FP 

Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

34 

68,614 5,454 

5,375 79 62,112 1,048 98.55 98.34 98.36 

84 5,407 47 60,766 2,394 99.14 96.21 96.44 

134 5,417 37 60,195 2,965 99.32 95.31 95.62 

184 5,428 26 60,448 2,712 99.52 95.71 96.01 

234 5,414 40 60,667 2,493 99.27 96.05 96.31 

 

Test 2: The number of records used for training was increased. The first row in Table 3 shows the training 

and classification results using Record 119. Additional records were added with each table row in 

the order 200, 208, 221, and 233, including multiple PVCs. Table 3 shows the training and 

classification results according to the number of training records. 

Adding one record greatly reduced the non-detection rate, and adding additional records reduced 

over-detection by additionally learning the variance in the shape of the normal beat. 

 

Table 3. Classification results according to the number of training records 

# of 

records 

Total 

beats 

PVC 

beats 
TP FN TN FP 

Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

1 

68,614 5,454 

5,375 79 62,112 1,048 98.55 98.34 98.36 

2 5,446 8 59,791 3,369 99.85 94.67 95.08 

3 5,441 13 60,680 2,480 99.76 96.07 96.37 

4 5,442 12 61,284 1,876 99.78 97.03 97.25 

5 5,442 12 61,348 1,812 99.78 97.13 97.34 
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Test 3: In this test, we lowered the number of epochs to eight and compared the results to those of Test 

2, which used 20 epochs. Table 4 shows the classification results with a reduced number of epochs. 

In this experiment, the non-detection rate decreased, but the over-detection rate increased. In 

general, non-detection of abnormal beats affects misdiagnosis. 

In subsequent experiments, training based on eight epochs was performed using these five records. 

 

Table 4. Classification results with a reduced number of epochs 

# of 

records 

Total 

beats 

PVC 

beats 
TP FN TN FP 

Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

1 

68,614 5,454 

5,417 37 61,215 1,945 99.32 96.92 97.11 

2 5,446 8 59,168 3,992 99.85 93.68 94.17 

3 5,446 8 59,168 3,992 99.85 93.68 94.17 

4 5,444 10 60,742 2,418 99.82 96.17 96.46 

5 5,445 9 60,867 2,293 99.83 96.37 96.64 

 

Test 4: This experiment was based on changing the amount of training data. In the previous tests, 10 

normal and 10 abnormal beats from each record were used for training. In this test, the experiment 

was conducted using 100 normal and 10 abnormal beats for training. Conversely, the experiment 

was also conducted using 10 normal and 100 abnormal beats for training. Tables 5 and 6 show the 

experimental results for each case. 

This experiment showed that as the data distribution in the training class changed, FP decreased 

and FN increased, and vice versa. In particular, when only Record 119 was used for training, FN 

was greatly reduced by increasing the number of abnormal beats in the training data. 

 

Table 5. Classification results with 100 normal and 10 abnormal beats used in training 

# of 

records 

Total 

beats 

PVC 

beats 
TP FN TN FP 

Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

1 

68,614 5,454 

5,187 267 62,551 609 95.10 99.04 98.72 

2 5,367 87 61,652 1,508 98.40 97.61 97.68 

3 5,336 118 62,050 1,110 97.84 98.24 98.21 

4 5,265 189 62,897 263 96.53 99.58 99.34 

5 5,333 121 62,815 345 97.78 99.45 99.32 

 

Table 6. Classification results with 10 normal and 100 abnormal beats used in training 

# of 

records 

Total 

beats 

PVC 

beats 
TP FN TN FP 

Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

1 

68,614 5,454 

5,445 9 60,150 3,010 99.83 95.23 95.60 

2 5,451 3 58,906 4,254 99.94 93.26 93.80 

3 5,447 7 58,425 4,735 99.87 92.50 93.09 

4 5,448 6 59,378 3,782 99.89 94.01 94.48 

5 5,447 7 60,008 3,152 99.87 95.01 95.40 

 

Test 5: The same experiment was conducted after adjusting the training data to use half the number of 

abnormal beats, and the results were compared by synthesizing the previous results (Table 7). 

Over-detection was greatly reduced by adjusting the number of abnormal beats used for training 

to half the number of abnormal beats in the data. Although the non-detection rate increased slightly, 

the classification was effective when compared with the total number of beats. 

As such, we confirmed that the proposed comparative learning can be applied to various records 

even with one neural network. In particular, in existing experiments to classify beats, 80% of about 



Page 12 / 17                     Comparative Neural Network Based on Template Cluster for Automated Abnormal Beat Detection in Electrocardiogram Signals 

100,000 data records from MIT-BIH ADB were used for learning, and 20% were used for testing, 

with learning carried out with more than 100 epochs [26, 27]. In contrast, it was confirmed that the 

proposed method has an excellent detection rate for 68,614 heartbeats, despite learning a total of 

100 small beats for up to five records with a low repetition rate of 8 or 20 epochs. 

 

Table 7. Summarized classification results  

Test 

method 

Total 

beats 

PVC 

beats 
TP FN TN FP 

Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

DB1 

68,614 5,454 

5,442 12 61,348 1,812 99.78 97.13 97.34 

DB2 5,445 9 60,867 2,293 99.83 96.37 96.64 

DB3 5,333 121 62,815 345 97.78 99.45 99.32 

DB4 5,447 7 60,008 3,152 99.87 95.01 95.40 

DB5 5,425 29 62,696 464 99.47 99.27 99.28 

DB1–DB4 correspond to Row 5 in Tables 3–6; DB5, all five records using training data with half the number of abnormal 

beats in each record. 

 

4.2.2 Processing time 

Abnormal beat detection is performed in two steps: (1) reference normal beat determination using 

template clusters and (2) combined beat image generation for input beats with the reference normal beat 

and classification. We measured the processing time for the 30 records used in Section 4.2.1. The 

experiments were conducted on 64-bit Windows 10 running on an Intel i5-10400, 2.90-GHz CPU with 

32 GB DDR4 RAM and MATLAB R2021a. 

Fig. 12 shows the processing time of the reference normal beat determination for 30 records and the 

average processing time. 

When the number of templates generated in the template cluster is large, the number of comparison 

operations increases, and the processing time likewise increases. However, even in the longest record 

(Record 200), the processing time was less than 5 seconds. Thus, we confirmed that the result is excellent, 

considering that the length of each record is about 30 minutes and 2,300 beats. Furthermore, the weighted 

mean used in the template cluster generation process minimizes memory usage, so real-time processing 

in low-memory embedded devices is anticipated. 

 

 
Fig. 12. Processing time to acquire the reference normal beat using template clusters. 

 

Fig. 13 shows the processing time to generate the combined beat with the reference normal beat and 

classify abnormal beats. 

The data in Fig. 13(a) and Fig. 13(b) confirm that the total processing time increases in proportion to 

the number of beats. Fig. 13(c) shows that the performance is stable and fast when converted to 

milliseconds per beat, at 20.82 ms. In particular, it can be seen that the average processing time for each 

record is stable at approximately 1 ms. In future studies, if a lightweight neural network other than 

GoogLeNet is applied and the process of combining the input data is simplified, we expect that both 

learning and classification will be possible through lightweight embedded devices. 
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(a) 

 
(b) 

 
(c) 

Fig. 13. Processing time to detect abnormal beats: (a) processing time for whole beats,  

(b) number of beats, and (c) average processing time per beat. 

 

4.3 Discussion of Over-detection  

There are records with a high over-detection rate, such as Records 105, 116, and 202. Analyzing their 

characteristics reveals the following. In Record 105, ventricular fibrillation irregularly distorts the 

surrounding normal beats, resulting in over-detection. In Record 202, the shape of the normal beat is 

changed during the measurement, or the shape of the normal beat is significantly changed due to 

tachycardia and noise. In Record 116, an interval occurs in which the signal is very weak, and as the P 

and T waves are restored more quickly than the QRS complex when the signal amplitude is restored, the 

beats are classified as abnormally large P or T wave beats, resulting in over-detection. 

As the amount of training data increases, such over-detection can be significantly reduced, as shown 

in Table 7, by recognizing the wider beat shape changes. However, this also results in abnormal beats 

with minimal shape changes classified as normal beats. In the proposed comparative learning, because 

the increase in non-detection is minimal compared to over-detection, we can confirm that a stable 

classification rate is maintained. 
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4.4 Comparison with Related ECG Classification Methods 

A comparison between the proposed ECG classification method and other method is conducted in 

Table 8 [28–33]. Some existing methods have classification results other than PVC, but we only 

considered the classification performance of normal beat and PVC. 

Most of the papers are using MIT-BIH ADB for testing except support vector machine (SVM) method. 

By analyzing the experimental results, we confirmed that the performance of the proposed method is the 

best in all performance except for sensitivity (specificity) of AdaBoost method. In particular, we 

confirmed that it has better performance on a large number of test data even with a small number of 

learning compared to other methods. 

Also, in the case of the CNN method, by applying the comparative learning scheme, the generation of 

the neural network is effectively made even with a small number of training, so that more effective 

detection is possible. Thus, we confirmed that the proposed comparative learning method is a useful 

approach for grafting lightweight embedded devices in the future works. 

 

Table 8. Comparison with related ECG classification methods 

Method Dataset Train Test 
Sensitivity 

(%) 

Specificity 

(%) 

Accuracy 

(%) 

Oh et al. [28] U-Net MIT-BIH ADB 90% of 

dataset 

10% of 

dataset 

92.81 98.98 98.49 

Chen et al. [29] KNN MIT-BIH ADB Approx. 

50,000 

Approx. 

50,000 

99.05 96.01 96.26 

He et al. [30] SVM CHN, Incartdb, 

EDGAR 

35,202 506 97.70 96.70 97.20 

Krishnan et al. [31] Fuzzy logic MIT-BIH ADB N/A 3,880 95.60 96.80 96.60 

Malik et al. [32] AdaBoost MIT-BIH ADB 51,021 49,712 93.82 99.65 99.27 

Wang et al. [33] CNN MIT-BIH ADB 148,901 2,187 95.47 97.72 98.25 

Proposed method Comparative 

CNN 

MIT-BIH ADB 5,454 68,614 99.47 99.27 99.28 

 

5. Conclusion 

Using the proposed comparative learning, it was possible to classify various records with one neural 

network. A reliable reference normal beat was obtained using the template cluster, resulting in effective 

comparison and excellent classification results obtained with only a small amount of trained data from a 

single record. Through various experiments based on the number of records and amount of data used for 

learning, the recognizable range of beat variations increased, thereby reducing false detections. As such, 

it was possible to confirm the excellent abnormal beat classification results using comparative learning. 

If a reference normal beat was not stably obtained, comparative learning was not performed correctly, 

resulting in erroneous detection. However, by minimizing non-detection, it is possible for a cardiologist 

to provide the correct classification, and it is expected that sufficient cost and time savings are possible 

compared to the total amount of data. 

In future research, we will search for CNN models other than GoogLeNet that are effective for 

comparative learning, and we will also study classification methods other than PVC. As the types of 

abnormal beats to be classified increases, it is expected that an approach such as fuzzy-set theory will be 

effective for classification. In addition, through research on local noise suppression and local 

representative normal beat acquisition, we will research how to adaptively handle changes in the shape 

of a normal beat during long-term ECG measurement. 
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