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Abstract: This study proposes a deep learning-based Capsule Network (CapsNet) model for five-class ECG rhythm 

classification using one-dimensional heartbeat segments derived from the MIT-BIH Arrhythmia Database. The analysis 

focused on five clinically significant rhythm classes: Normal sinus rhythm (N), supraventricular premature beat (S), 

premature ventricular contraction (V), fusion beat (F), and unclassifiable beat (Q). In the preprocessing stage, raw 

ECG recordings were segmented into fixed-length heartbeat samples of 300 points based on annotation positions. To 

reduce the negative impact of class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was applied 

before model training. The Capsule Network architecture proposed in this study is designed to allow feature extraction 

from ECG data while distorting the structural features of the data. Classification results were evaluated using F1 

Score, Sensitivity and Recall, and Accuracy metrics. The studies showed that the proposed architecture achieved an 

overall success rate of 99% in both training and test datasets. Class-based sensitivity, recall, and F1-score values 

generally ranged from 0.98 to 1.00. Even with erroneous classification transitions between structurally similar 

classes, the proposed architecture demonstrated sufficient classification performance for ECG rhythm classification. 
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I. INTRODUCTION 

Arrhythmias detection using electrocardiography (ECG) signals is important for differentiating cardiovascular 

diseases and planning timely clinical intervention. ECG-based assessment is one of the accessible and widely used diagnostic 

tools in this process. In clinical situations where long-term EEG recordings are required, manual evaluation by specialists 

can be time-consuming. Therefore, the need for computer-aided systems capable of performing automatic and reliable 

rhythm classification from ECG signals has become increasingly evident [1]. Considering the clinical consequences of rhythm 

disorders, automatic classification is not only a technical pattern recognition problem but also an important decision-support 

application [2,3]. There are several factors that make ECG-based arrhythmia classification difficult. The main reasons 

include electromagnetic interference, muscle noise, changes in electrode contact, and the fact that the signal may vary both 

across individuals and from beat to beat within the same individual. These factors can reduce signal quality and adversely 

affect classification performance [2,4]. A considerable portion of the fundamental studies on ECG arrhythmia classification 

has been based on signal processing methods such as windowing, filtering, and wavelet transform. In studies carried out 

with these methods, performance often remained sensitive to manually defined features, fixed decision rules, or selected 

transformation parameters. Although these methods may achieve satisfactory performance on specific datasets, they are 

often insufficient for handling ECG signals with different morphological characteristics. In recent years, deep learning-based 

architectures such as 1D CNN, U-Net, and BiLSTM have been employed to learn feature extraction directly from data, thereby 

partially reducing the dependency on manually designed processing steps [4–6]. 

Deep learning architectures achieve good results in learning the distinctive features of raw or simply pre-processed 

ECG signals. However, the success of deep models largely depends on the amount of available data, the evaluation strategy 

employed, and the extent to which the model can utilize temporal context. In small or imbalanced datasets, the risk of 

overfitting increases, while models focusing only on local morphological information may fail to adequately represent inter-

beat rhythm relationships. Therefore, ECG classification requires consideration not only of individual waveform patterns but 

also of structural and temporal relationships among samples [1,2,4]. Capsule Networks have emerged as a remarkable 

alternative to conventional convolution-based architectures. Instead of examining a single feature, the Capsule Network 

architecture uses features along with their hierarchical relationships and spatial representation. The literature emphasizes 

that this architecture has the potential to reduce the loss of positional information caused by pooling operations and to 

preserve the relationships among features more consistently. In signals such as ECG, where morphological patterns contain 

subtle differences, this representational capability may be beneficial for multi-class rhythm discrimination [7]. 
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The MIT-BIH Arrhythmia Dataset is one of the most commonly used benchmark resources in ECG classification 

research. Containing the Q, F, V, S, N classes, the dataset is widely preferred in the literature due to its clinical relevance. 

However, significant differences in sample counts across classes and the morphological similarity between some classes 

make the classification of different ECG beats more challenging [3,8–9]. It is evident from the literature that many deep 

learning-based approaches developed on the MIT-BIH database have achieved high performance. While one study using 

transfer learning-based ResNet50 and AlexNet reported an F1-score of 99.2% for a three-class structure [10], another 

DenseNet-based study reported an F1-score of 98.91% under imbalanced data conditions [8]. In another approach 

combining hybrid LSTM and 1D convolutional layers, a performance level of 98.24% was achieved across different datasets 

[11]. A more recent five-class LSTM study also reported results in the range of approximately 97%–98% accuracy based on 

patient-wise cross-validation and AAMI classification [3]. In their study, Xiang et al. demonstrated that morphological 

features at different levels of detail could be learned automatically using a two-level 1D CNN approach, thereby reducing the 

need for manual feature design [5]. In another study, the combination of U-Net and bidirectional LSTM was found to be 

sensitive., local morphological information and contextual sequential information were jointly utilized, achieving 98.29% 

classification performance in QRS detection [6]. Li et al. reported that a probabilistic approach explicitly incorporating 

rhythm information through RR interval distribution could provide substantial robustness, particularly in noisy 

environments and real-time applications [4]. According to this corpus of work, ECG analysis necessitates structures that not 

only attain high accuracy but also maintain structural relationships, take advantage of temporal context, and withstand 

noise. In this study, one-dimensional heartbeat segments from the MIT-BIH database were used to train a deep learning-

based Capsule Network model for five-class ECG rhythm categorization. The study's primary goals were to assess Capsule 

Networks' ability to automatically extract features from 1D ECG data and to look at how well this architecture performed in 

differentiating five clinically significant rhythm classes. 

II. MATERIALS AND METHODS 

This study's suggested method was created to process ECG recordings from the MIT-BIH Arrhythmia Database in 

order to accomplish five-class rhythm categorization. The raw ECG signals were initially preprocessed and segregated at the 

heartbeat level after the database's records were integrated into the system. In this case, a standardized representation 

appropriate for model input was created by segmenting each heartbeat into 300 sample points. The detrimental impact of 

class imbalance in the dataset on classification performance was then mitigated by applying SMOTE-based balancing. A deep 

learning-based Capsule Network model was then fed the balanced data structure to automatically extract and classify 

features. In the last phase, the system generates the output over the Q, F, V, S, and N classes after classifying the input ECG 

segment as one of five distinct rhythm classes. Thus, the resulting pipeline presents data preparation, class balancing, deep 

feature learning, and multi-class decision-making steps within a single integrated framework. The block diagram illustrating 

the general operation of the system is presented in Figure 1. 

 
Figure 1: General block diagram of the proposed five-class ECG rhythm classification system.  

A. Mit-Bih Dataset 

The MIT-BIH Arrhythmia Database is frequently preferred in ECG-based arrhythmia classification applications. Due 

to its long-standing open-access status, the MIT-BIH Arrhythmia dataset has been used to test numerous classification 

algorithms. This makes it a preferred dataset for historical comparisons in current studies. In this study, the MIT-BIH 

Arrhythmia Database was used to test the proposed classification technique. Its widespread acceptance over the years stems 

from the fact that it has established a common basis for evaluation in automated arrhythmia analysis [12,13]. 48 half-hour 

two-channel ECG recordings from 47 people make up the MIT-BIH Arrhythmia Database. The recordings were captured 

with 11-bit resolution and digitized at a sample frequency of 360 Hz. During the construction of the database, the recordings 

were selected not only from random examples but also to include clinically important yet relatively less frequent rhythm 
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patterns. This makes the database particularly valuable for ECG classification studies, as it allows both common classes and 

more difficult-to-distinguish arrhythmic examples to be examined together [12,14–15]. In this study, five main rhythm 

classes that cover clinically meaningful rhythm disorders in the MIT-BIH dataset and are widely used in the literature were 

considered. Information regarding these classes and the sample distribution within each class is presented in Table 1. The 

data used in this study were downloaded from the Physionet database [16]. 

Table 1. Distribution of ECG rhythm classes in the MIT-BIH Arrhythmia Dataset 

Class Description Number of Sample 

N Normal Sinus Rhythm 90,000 

S Supraventricular Premature Beat 2,781 

V Premature Ventricular Contraction 7,236 

F Fusion of Ventricular and Normal Beat 803 

Q Unclassifiable Beats 9,905 

 

B. Preprocessing and Beat Segmentation 

The MIT-BIH Arrhythmia dataset's raw ECG recordings were preprocessed in this study to create pulse-level 

samples appropriate for the suggested Capsule Network model. In this case, every recording in the dataset was analyzed in 

conjunction with the annotation files that went with it. Figure 2 shows the pseudocode methods for importing the recordings 

into the system and processing them at the pulse level. 

 
Figure 2: Pseudocode flow for ECG record reading and beat segmentation  

As shown in Figure 2, the record list was first created by scanning the header files in the data folder. Then, the ECG 

signal corresponding to each record and its annotation information were read. In this way, the continuous ECG recordings 

and the position and class information of each heartbeat were obtained simultaneously. The main operation in this stage was 

the segmentation of the ECG signal at the heartbeat level. By taking the annotation positions as reference points, a fixed-

length window was defined for each beat, and each heartbeat was represented by 300 sample points. Thus, the continuous 

ECG recording was transformed into standard-length heartbeat segments suitable for model input. During segment 

extraction, only the beats that remained within the signal boundaries were included in the dataset. The main purpose of beat 

segmentation was not only to isolate individual heartbeats, but also to establish a consistent input format for the 

classification model. For this reason, each extracted heartbeat segment was added to the dataset together with its 

corresponding annotation label. In this way, the raw ECG data at the record level were converted into labeled and 

standardized samples at the heartbeat level. An example of a fragmented ECG signal is given in Figure 3. 
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Figure 3: Example of a fragmented ECG signal  

C. SMOTE-Based Data Balancing 

One of the main challenges in the dataset used in this study is the imbalance among class distributions. As shown in 

the class distribution table, the N class contains a substantially larger number of samples than the remaining rhythm classes. 

Such an imbalanced structure may cause the classifier to become biased toward the majority class and may reduce its ability 

to learn the characteristic patterns of minority classes effectively. For this reason, a data balancing procedure was required 

before the model training stage. The Synthetic Minority Over-sampling Technique (SMOTE) was used to solve this issue. 

SMOTE is a data level balancing technique designed to reduce class imbalance in datasets with class imbalance. This 

technique achieves class imbalance by generating synthetic data instead of copying pre-existing data [17]. The risk of 

overfitting the classification algorithm is a problem to be solved in enhancements achieved with data enhancement 

techniques. It is suggested that the SMOTE technique can enrich data samples by using interpolations in the feature space, 

thereby reducing the risk of overfitting [17,18]. 

Algorithm-level approaches, data-level resampling approaches, and cost-sensitive learning approaches are the main 

categories into which imbalance managing techniques can be divided [17]. Among data-level techniques, random 

oversampling may continue to be unsuccessful since it merely replicates preexisting minority samples, while undersampling 

may eliminate important information from the majority class [17,19]. SMOTE, on the other hand, generates additional 

synthetic samples between nearby minority examples, making it a better choice when the goal is to maintain existing data 

while enhancing the representation of underrepresented classes [17,18]. Equation 1 gives the basic mechanism of the SMOTE 

technique. When SMOTE works, for each minority class, the nearest minority neighbors are determined and a synthetic 

sample is created along the line segment connecting the two samples [19]. 

     (    )                        (1) 

When u is a random coefficient, x is the chosen minority class sample, and     is one of its closest minority 

neighbors. As a result, the generated sample is a new point in the feature space between two minority samples rather than a 

perfect replica of the original instance [16,18]. Therefore, in order to lessen the detrimental impact of class imbalance, 

SMOTE was applied to the input dataset as a preprocessing step prior to training the Capsule Network model. By decreasing 

the dominance of the majority class, it was intended to help the model acquire discriminative rhythm patterns and to boost 

the representation of data classes with a small number of samples. 

D. Capsule Network-Based Classification Model 

In this study, the Capsule Network (CapsNet) shown in Figure 4 was used as the classification model. Capsule 

networks are a deep learning architecture developed to reduce some of the limitations of conventional convolutional neural 

networks, particularly in representing spatial and hierarchical relationships [20]. The main difference in this structure is 

that, instead of producing scalar outputs as in classical neurons, groups of neurons called capsules produce vector outputs. A 

capsule output vector's direction expresses properties including position, scale, and orientation, while its length indicates the 

likelihood that the associated feature will be present [20, 21]. 
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Figure 4: Proposed CapsNet Architecture  

In this study, the first layer is the convolutional layer. The primary capsule layer receives the features extracted from 

the input data. The general expression for the convolutional layer's output is given in Equation 2. 

             (2) 

Here, x denotes the input data, W denotes the convolution kernel, and b denotes the bias term. The activations 

obtained as a result of this operation are then transformed into capsule structures and converted into vector representations 

[20,21]. The most fundamental component of capsule networks is the dynamic routing mechanism, which enables 

information transfer from lower-level capsules to higher-level capsules. The aim of this mechanism is to iteratively 

determine which upper capsule should receive a greater contribution from the output of a lower capsule [20,21]. The 

dynamic routing process begins by initializing the coupling logits to zero, as shown in Equation 3: 

             (3) 

In this case, the initial coupling logit between the i-th lower-level capsule and the j-th upper-level capsule is denoted 
by    . Next, the softmax function provided in Equation 4 is used to calculate the coupling coefficients, which establish the 

degree to which each lower-level capsule is coupled to upper-level capsules. 

    
    (   )

∑     (    )
      (4) 

The weight of the data transmitted from the i-th lower level and the k-th upper level of the capsule is denoted by    . 

The sum of the connections from a lower level to all upper levels is 1 because the softmax function is used [20,21]. Equation 

5 shows that the prediction vector is formed by transforming the output of each lower-level capsule with a weight matrix 

before it is projected into the higher-level capsule space. 

 ̂               (5) 

Here,    is the output vector of the lower-level capsule, and     is the transformation matrix that goes from lower-

level capsule i to upper-level capsule j. Equation 6 [20,21] shows how the coupling coefficients weight these prediction 

vectors to find the total input to the upper-level capsule: 

   ∑     
 ̂               (6) 

This total vector is then passed through the squashing function to obtain the final capsule output, as shown in 

Equation 7: 

   
    

 

      
 

  

    
          (7) 
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The length of the capsule output vectors is compressed by this function to fall between 0 and 1. Consequently, short 

vectors are pushed closer to zero, while strong and meaningful representations are pushed closer to one. As a result, the 

length of the vector   can be interpreted as a probability value [20,21]. In the next routing stage, the coupling logits are 

updated using the formula from Equation 8. 

         ̂               (8) 

This update is performed according to the agreement between the prediction vector of the lower-level capsule and the 

actual output of the upper-level capsule. Here, the scalar product indicates how consistent the lower-level capsule’s 

prediction is with the output of the upper-level capsule. As the agreement increases, the corresponding connection becomes 

stronger, so in subsequent iterations the information is transferred to the same upper-level capsule with a higher weight 

[20,21]. The main advantage of this structure is that the model can learn not only the presence of features, but also the 

relationships among these features [21]. 

E. Performance Metrics  

In classification problems, the F1 score, recall, and accuracy metrics are used to analyze the results. The ratio of TP 

predictions to the sum of TP and FP predictions gives the accuracy metric. The equation required to calculate the accuracy 

metric is given in Equation 9 [22,23]. 

           
  

     
      (9) 

where FP stands for false positives and TP for true positives. The recall rate is calculated from the ratio of the sum of 

true positive estimates, false negative estimates, and TP estimates. Equation 10 provides an evaluation of the model's 

capacity to find all pertinent cases [22,23]. 

        
  

     
       (10) 

where the number of false negatives is denoted by FN. The F1 score is a metric that represents the balance between 

precision and recall. The F1 score plays an important role in examining unequal class distributions. Equation 11 is used to 

calculate the F1 score [22, 23]. 

               
                  

                
      (11) 

Performance metrics play a significant role in the analysis of classification problems. Recall shows how well the 

system captures class differences, while the sensitivity metric shows how consistent the positively realized predictions are. 

The F1 score, derived from recall and sensitivity metrics, provides an objective evaluation of the system [22, 23]. 

III. RESULTS AND DISCUSSION  

 

The effectiveness of the Capsule Network-based model for five-class ECG rhythm classification was assessed in this 

study using the MIT-BIH Arrhythmia Dataset. Five clinically significant rhythm classes—Q, F, S, V, and N—were used for the 

model's training and testing procedures. As a result, the study concentrated on precisely identifying various arrhythmia 

patterns within their respective classes in addition to assessing whether the beat was normal or pathological. 

A. Experimental Results 

In this study, parametric adjustments were made to the Capsule Network structure, but the basic architectural 

structure was preserved. The best performing parametric values were determined as a result of the experimental studies. In 

contrast to the last work, the model was intended to be trained for 150 epochs during the training phase. However, early 

halting and the best model checkpoint procedures were used to provide a more controlled training procedure because it was 

possible that such a lengthy training period could result in overfitting. In this case, the option that restores the best weights 

was enabled, the patience value was set to 10, and validation loss was chosen as the monitoring criterion. Therefore, the 

training process was automatically stopped and the model was kept with its optimal weights when no improvement in the 

validation loss was seen for ten epochs. This tactic caused training to end at the 132nd epoch rather than the intended 150 

epochs. Additionally, the checkpointing method stored the best-performing model that was discovered during training 

independently. In addition to reducing the possibility of overfitting, this strategy made sure that the best model was used for 

the final assessments. 
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The confusion matrix for the training set is presented in Figure 5. Examination of the matrix shows that the correct 

classifications are largely concentrated along the diagonal. A total of 71,641 correct predictions were obtained for class N, 

71,593 for class S, 72,105 for class V, 71,887 for class F, and 71,928 for class Q. This distribution indicates that the model 

learned all classes with a high level of accuracy on the training data. Nevertheless, a limited degree of confusion between 

classes was also observed. In particular, some samples belonging to class N were predicted as class S (437 samples), and 

some samples belonging to class F were confused with class V (187 samples), suggesting that the model may produce errors 

in patterns that are morphologically more similar to each other. However, these deviations remain low relative to the total 

number of samples. 

 
Figure 5: Confusion matrix of the Capsule Network model on the training set  

Table 2 shows the measures of how well the training went. As the table shows, the precision, recall, and F1-score 

values for classes N and S are all 0.99. The F1-score for class V was 1.00, the recall was 1.00, and the precision was 0.99. For 

class F, the precision, recall, and F1-score were 1.00, 0.99, and 1.00, respectively. For class Q, all of these values were 1.00. 

The model learned all the classes equally well, not just the most important ones. This is shown by the training set's overall 

accuracy of 0.99 and the weighted-average and macro-average F1-scores being at the 0.99 level. 

Table 2: Training performance metrics of the Capsule Network model 

Class Precision Recall F1-Score Accuracy 

N 0.99 0.99 0.99 0.99 

S 0.99 0.99 0.99 0.99 

V 0.99 1.00 1.00 0.99 

F 1.00 0.99 1.00 0.99 

Q 1.00 1.00 1.00 0.99 

 

The confusion matrix for the test set is shown in Figure 6. The preservation of diagonal dominance in the test results 

indicates that the model did not merely memorize the training data, but also exhibited a similar classification behavior on 

unseen data. In the test set, 17,608 correct predictions were obtained for class N, 17,964 for class S, 17,885 for class V, 17,981 

for class F, and 18,142 for class Q. When the distribution of errors across classes is examined, it is noteworthy that 33 

samples belonging to class Q were classified as N, and 45 samples belonging to class F were predicted as V. This suggests 

that, particularly between certain classes, pattern similarities may create examples that are more difficult for the model to 

distinguish. Nevertheless, the proportion of these misclassifications within the total number of test samples remained 

limited. 
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Figure 6: Confusion matrix of the Capsule Network model on the testing set  

Performance metrics for each arrhythmia class are given in Table 3. Examining the metric values, the sensitivity 

value for classes N, S, and V of the proposed classification model was calculated as 0.99, while for classes F and Q it was 1.00. 

The sharpness value for classes S and F was calculated as 0.99, while for classes V and Q it was 1.00. The sharpness value for 

class N was found to be 0.98. The F1 score was obtained as 0.99 for classes S and V, 1.00 for classes F and Q, and 0.98 for 

class N. The analysis performed on the test set resulted in an accuracy of 99%. Examination of the confusion matrix 

indicates that the model performed well across all classes. 

Table 3: Testing performance metrics of the Capsule Network model 

Class Precision Recall F1-Score Accuracy 

N 0.99 0.98 0.98 0.99 

S 0.99 0.99 0.99 0.99 

V 0.99 1.00 0.99 0.99 

F 1.00 0.99 1.00 0.99 

Q 1.00 1.00 1.00 0.99 

 

When the training and test results obtained from the classification are examined, it is seen that similar performance 

metrics are obtained in both datasets. When the metrics and class distributions are examined, it is seen that the results are 

consistent for 5 different rhythms. The F1 score, sharpness, and precision values are obtained within the range of 0.98 to 

1.00. The limited difference between the training and test results also suggests that the generalization capability of the model 

is at an acceptable level. Therefore, the findings indicate that the Capsule Network-based structure achieved acceptable 

results on the five-class ECG rhythm classification problem. 

A. Discussion 

In the study conducted, when the classification performance of the training and test datasets was examined, it was 

observed that 5 different classes of ECG rhythms were classified with an acceptable level of performance. The fact that the 

overall accuracy was maintained at the 0.99 level in both the training and test sets suggests that the model not only achieved 

a high level of fit on the training data but also maintained a similar classification behavior on the test data. The basic 

structure of the capsule network used in the study was preserved, with some limited modifications made to achieve high 

performance in classification. To prevent overlearning during the training process, loss of validation criteria were used as 

early stopping and monitoring criteria. The limit value here was chosen as 10. As a result of these parameter settings, the 

training process was completed in 132 iterations instead of the planned 150 iterations. This approach is considered to have 

contributed to a more stable training process by limiting the risk of overfitting. Analysis of the confusion matrices shows that 

the correct prediction classes are correctly classified in the diagonal plane in both the training and test classification results. 

This indicates that the proposed CapsNet architecture achieves an acceptable level of classification performance. 
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Nevertheless, a limited number of confusions between some classes were also observed. In the training set, misclassifications 

were particularly noticeable between the N-S and F-V class pairs, while in the test set, errors were again observed between 

F-V and Q-N. These observations may be related to the fact that these classes contain morphologically similar patterns. 

However, since the proportion of these confusions remained low within the total number of samples, it can be said that they 

did not substantially weaken the overall performance of the model. 

 

As a result, it may be stated that this capsule network-based approach provides an applicable method for the five-

class ECG rhythm classification problem. The obtained performance values indicate that the model is capable of producing 

balanced results in terms of both overall accuracy and class-based metrics. Although limited, the observed erroneous 

classifications between classes are thought to stem from morphological similarities in the data. Future studies could explore 

this as a potential area for addressing water problems. 

 

IV. CONCLUSION  

In this study, a Capsule Network-based method was developed for classifying five different ECG rhythm types using 

the MIT-BIH Arrhythmia Dataset. The study subjected the dataset to training and testing processes using rhythm classes Q, 

F, V, S, and N, which are considered significant. During the analysis process, ECG data were divided into predetermined 

lengths of samples corresponding to each heartbeat and then grouped. The SMOTE method was applied to reduce imbalance 

between classes. According to the results of the study, the proposed capsule network architecture achieved a satisfactory 

level of performance in both training and test data. The experimental study yielded an accuracy rate of 99%. Metrics derived 

from the confusion matrix used in the classification process—sharpness, precision, and F1 score—were obtained between 

98% and 100%.These results demonstrate that the proposed capsule network architecture is highly effective in 

distinguishing ECG rhythms in five different classes. However, the very low error rates among some morphologically similar 

rhythm groups suggest that the model's method for distinguishing these classes needs to be examined in more detail. 

Accordingly, future studies could utilize more advanced feature extraction methods or explore different model architectures 

that can better distinguish similar ECG rhythms. 
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