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This study aims to develop and validate a robust machine learning-based framework for 
automated ECG beat classification, with the purpose of supporting rapid arrhythmia 
detection and improving the efficiency of clinical decision support systems. The work 
focuses on assessing the effectiveness of hybrid deep learning architectures that can 
jointly capture local morphological patterns and sequential dependencies in ECG 
signals. The proposed experimental framework was designed using publicly available 
MIT-BIH Arrhythmia and AAMICS INCART databases. ECG recordings were pre-
processed and augmented through Gaussian noise addition, amplitude reduction, and 
temporal shifting to improve model generalization under signal variability. Several 
deep learning models were trained and evaluated, including convolutional and hybrid 
recurrent architectures, to identify the most effective approach for ECG record analysis. 
The findings demonstrate that the CNN–BiGRU architecture achieved the best overall 
performance, with an accuracy of 93.89%, precision of 93.36%, recall of 93.91%, and F1-
score of 93.39%. These results indicate that combining convolutional neural networks 
with bidirectional gated recurrent units improves the representation of both 
morphological and temporal ECG characteristics. The study provides proof of concept 
for using hybrid deep learning architectures in automated ECG analysis. The practical 
implication of this work is that the proposed CNN–BiGRU framework may support 
faster, more reliable ECG interpretation and has potential applicability in real-time 
arrhythmia screening, wearable monitoring systems, and clinical decision support 
environments. 
 

Contribution/Originality: This study is original in its unified evaluation of hybrid CNN–recurrent 

architectures using harmonized MIT-BIH Arrhythmia and AAMICS INCART datasets with signal augmentation. 

The CNN–BiGRU model uniquely combines ECG morphological feature extraction and bidirectional temporal 

modelling, achieving superior classification performance for automated arrhythmia detection. 

 

1. INTRODUCTION 

Cardiovascular diseases remain one of the leading causes of morbidity and mortality worldwide, and cardiac 

arrhythmias are among the major contributors to sudden cardiac death and long-term cardiac complications [1, 2]. 

The electrocardiogram (ECG) is a non-invasive, low-cost, and widely accessible diagnostic tool for monitoring the 

electrical activity of the heart, and it plays a central role in early diagnosis, continuous monitoring, and timely 

clinical intervention [3]. Consequently, the development of accurate automated ECG beat classification systems has 

become an important research problem in intelligent healthcare. Traditional ECG beat classification has relied on 

multiple tasks, including QRS detection followed by segmenting beats, elucidating certain temporal and 
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morphological characteristics, and finally employing a rule-based or other forms of shallow-level machine-learning 

classification [4-9]. Several of these methods have proven useful in certain situations; however, most of these 

methods have little or no robustness when faced with inter-patient differences, heterogeneous acquisition protocols, 

signal degradation, and data class imbalance [9-11]. In addition, methods of acute feature extraction are very labor-

intensive, and many of them don't capture even a small number of features that may describe highly complicated 

events or complex patterns of drug abuse [12]. The introduction of deep neural networks has revolutionized the 

analysis of ECG recordings, especially when combined with raw ECG signals or signals that have had little pre-

processing [3, 13]. Some of the neural networks that have proven most effective are the Convolutional Neural 

Networks (CNNs), used for hierarchical classification of morphologies descriptive of features of signals like the QRS 

complex or segments of ECG recordings [14-16]. Almost all recurrent neural networks, like the Long Short-Term 

Memory (LSTM) and the Gated Recurrent Units (GRU), have shown excellent performance for learning the 

internal dependencies and rhythm or timing dynamics of the ECG [17-20]. Thus, the use of CNNs and RNNs in a 

single combination is deemed appropriate for learning the spatial and local morphologies and dynamics of the ECG 

signal [21, 22]. 

First, many studies of ECG beat classification based on a single benchmark dataset, most often MIT-BIH, 

might produce optimistic generalization estimations considering relatively homogeneous conditions [19, 21, 23]. 

Second, a few impact studies demonstrated robust results on large proprietary or ambulatory ECG datasets, the 

conditions of which might not be entirely comparable to open beat-level benchmark assessment utilizing standard 

AAMI heartbeat classes [3]. Third, most studies concentrate on the performance of a single pre-defined 

architecture, while few works provide a systematic study of independent models such as CNN, CNN–LSTM, CNN–

BiLSTM, and CNN–BiGRU all configured under the same preprocessing, augmentation, optimization, and 

evaluation conditions [18, 19, 21, 22]. Therefore, the impact of the model architecture and bidirectionality on ECG 

beat classification performance remains unclear. Additionally, the analysis of cross-database studies has been scarce 

despite the fact that different patient cohorts, signal quality, lead configuration, and acquisition protocols provide a 

more clinical and relevant environment for the assessment of the model robustness [24]. To address these gaps, the 

primary goal of this study is to examine the ability of hybrid convolutional–recurrent models to provide more 

robust and general ECG beat classification under varying cross-database conditions, in comparison to a stand-alone 

CNN. For this purpose, CNN, CNN–LSTM, CNN–BiLSTM, and CNN–BiGRU models have been implemented and 

assessed in an integrated architecture with the harmonized partitions of the MIT-BIH Arrhythmia Database and 

the AAMICS INCART Database. Custom mixed activation functions of ReLU, Swish, ELU, and Tanh are also 

employed to further augment the capabilities of the model through improved non-linearity and gradient flow, and 

generalization of the model [12, 25]. This study looks at how architecture choices affect ECG beat classification in 

near real-world scenarios. It does this by integrating datasets that have varied retrieval traits and applying a 

consistent training and testing approach. The suggested framework attempts to decrease the inter-record variances 

and bolster the resilience of the models against habitual artifacts found in ECG data by normalizing and 

standardizing, alongside data augmentation practices that include the addition of white noise, adjustment of the 

amplitude, and shifting in time. Each of the models was subjected to training using the same interdependent 

parameter and framework and was contrasted against one another in terms of accuracy, precision, recall, and F1 

score, given that the incidence of certain types of beats in a dataset often constitutes a relatively small fraction of the 

total volume of the ECG beat dataset. This approach provides unrestricted modeling practices as it pertains to 

recurrent models and bidirectional learning in the field of ECG beat classification. The primary aspects of this 

research paper have been encapsulated as follows: 

• The Literature includes the first comprehensive deep learning framework on the MIT-BIH and the 

AAMICS INCART datasets for ECG beat classification. 
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• This work employs a synchronized approach using normalization, standardization, data augmentation, and 

varied activation functions for enhanced consistency in cross-database assessments. 

• This work remains one of the few studies exploring independent setups for CNN, CNN–LSTM, CNN–

BiLSTM, and CNN–BiGRU models in the same interpatient scenario. 

• The paper critically analyses the role of temporal modelling and bidirectionality in ECG beat classification 

and supports the use of sequential context for enhanced prediction. 

• The main findings of the paper suggest that the CNN–BiGRU model provides the optimal overall balance 

for classification performance, consistency, and computational efficiency in the context of responsive ECG 

monitoring. 

The rest of the paper is organised as follows: Section 2 covers ECG classification using deep learning; Section 3 

provides the datasets and materials; and Section 4 presents the proposed methodology, architecture, augmentation, 

and preprocessing. Section 5 presents experimental setup; Section 6 presents and explains the evaluation protocol 

and the experimental results. Then, Section 7 explains and elaborates on the work, its constraints, and outlines the 

next steps. Finally, Section 8 presents the study's conclusion. 

 

2. RELATED WORKS 

The classification of automated ECG has transitioned from manual feature selection and categorization to 

advanced machine learning systems. Designers of previous systems created distinctive descriptors for every single 

heartbeat, such as morphological shape as well as numerous descriptors for traditional machine learning systems, or 

their neural counterparts relied heavily on the utilization of RR-interval statistics, wavelet coefficients, or 

independent components for classification [4-9]. In a generic formulation, a beat segment xi ∈ RL was transformed 

into a feature vector ϕ(xᵢ), and the predicted class was obtained as: 

ŷ𝑖  =  𝑎𝑟𝑔 𝑚𝑎𝑥𝑐∈{1,…,𝐶} 𝑝(𝑦𝑖 = 𝑐 ∣  𝜑(𝑥𝑖))        (1) 

 

Table 1. Structured comparison of representative ECG classification studies. 

Study Dataset Architecture / Method # Classes Evaluation 
Metrics 

Best Accuracy / F1 

De Chazal, et 
al. [5] and Yu 
and Chou [7] 

MIT-BIH 
Arrhythmia 

Morphology + RR-interval 
features with heartbeat 
classifier 

5 Accuracy, 
sensitivity, 
specificity 

Classical benchmark; 
exact F1 not uniformly 
reported 

Rajpurkar, et 
al. [26] and 
Acharya, et al. 
[14] 

Large 
proprietary 
single-lead 
ECG 

Deep 1D CNN for rhythm-
level arrhythmia detection 

Multi-class Acc, sens, spec, 
F1, AUC 

Cardiologist-level; not 
comparable to AAMI 
beat-level 

Hannun, et al. 
[3] 

Large 
ambulatory 
ECG dataset 

Deep neural network for 
arrhythmia classification 

12+ Weighted F1, 
sensitivity, 
specificity 

Weighted F1 = 0.837 

Acharya, et al. 
[18] and 
Yildirim [19] 

MIT-BIH 
Arrhythmia 

CNN–LSTM / deep 
convolutional recurrent 
model 

5 Accuracy, 
sensitivity, 
specificity 

Accuracy = 94.03% 

Yildirim [19] 
and Mousavi 
and Afghah 
[20] 

MIT-BIH 
Arrhythmia 

Wavelet front-end + deep 
BiLSTM 

5 Accuracy, 
sensitivity, 
specificity 

Accuracy = 99.39% 

Mousavi and 
Afghah [20] 
and Wang, et 
al. [21] 

MIT-BIH 
Arrhythmia 

Seq-to-seq model with 
attention 

5 Precision, 
sensitivity, 
inter-/intra-
patient eval 

Strong minority-class 
performance; no 
aggregate score 

Wang, et al. 
[21] and Luo, 
et al. [22] 

MIT-BIH 
Arrhythmia 

CNN–BiGRU 5 Accuracy, 
sensitivity, 
specificity, F1 

Competitive with 
reduced complexity 

Luo, et al. 
[22] and 
Samaratunga, 
et al. [23] 

Wearable / 
mHealth 
ECG 

Lightweight CNN–LSTM Arrhythmia 
classes 

Accuracy, 
sensitivity, 
specificity 

Feasibility for wearable 
ECG monitoring 
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Study Dataset Architecture / Method # Classes Evaluation 
Metrics 

Best Accuracy / F1 

Samaratunga, 
et al. [23] and 
Ismail, et al. 
[24] 

MIT-BIH 
beat 
classification 

Capsule network 5 Accuracy, per-
class, sens, 
spec 

Accuracy = 97.94% 

Proposed 
study 

MIT-BIH + 
AAMICS 
INCART 

CNN, CNN–LSTM, CNN–
BiLSTM, CNN–BiGRU–
unified cross-DB evaluation 

5 Accuracy, 
precision, 
recall, F1 

Accuracy = 93.89%, F1 
= 93.39% 

 

Where ϕ(·) refers to handmade feature extraction. While these techniques provided excellent classical 

baselines, feature quality and controlled evaluation conditions dictate their robustness. Often, these conditions 

include inter-patient variability, noise contamination, and acquisition conditions alterations. With the advent of 

deep learning, the process of mapping raw ECG to labels (learned) has increasingly been simplified to: 

𝑓𝜃 ∶  𝑥𝑖  ↦  ŷ𝑖(2) 

Where θ symbolizes the set of parameters that can be learned, Convolutional Neural Networks (CNNs) capture 

features in local morphologies in patterns like the QRS complexes, P and T waves, and the different variations of 

the ST-segment, all of which may not need any specific feature engineering beforehand. In the case of a 1D 

convolution layer with k number of feature maps, the kth feature map can be expressed as follows: 

ℎ𝑘[𝑡]  =  𝜎(∑ 𝑤𝑘,𝑚 𝑥[𝑡 + 𝑚] + 𝑏𝑘
𝑀−1
𝑚=0 )  (3) 

Where wₖ,ₘ and bₖ are trainable weights and biases, and σ(·) is a nonlinear activation function. Similarly, 

Hannun, et al. [3] demonstrated that deep neural models can deliver high performance at the clinical level on 

abnormal ECGs. Yet, both studies address rhythm-level classification of segments that are relatively long, and 

therefore, differ from our focus on the classification of segments of the ECG at the beat-level AAMI. Additionally, 

they both used restricted datasets, meaning that a parallel can be drawn between their studies and no published 

benchmark studies. In the classification of the ECG at the beat-level AAMI, a lot of interest has been noted for the 

design of hybrid architectures, which are a combination of convolutional and recurrent networks. In analyzing 

heartbeat dynamics, the hybrid model captures a snapshot of the local structure and the sequential context, which is 

addressed using recurrent models. In these models, the recurrent structure is characterized as: 

ℎ𝑡  =  𝑔(𝑥𝑡 , ℎ𝑡−1)   (4) 

Where g(·) represents an LSTM- or GRU-type transition. Acharya, et al. [18] reported strong performance 

using a deep convolutional recurrent framework, showing that temporal modelling complements convolution-based 

morphology extraction. Yildirim [19] further improved performance by coupling a wavelet-sequence front-end 

with deep bidirectional LSTM processing, highlighting the value of using both forward and backward temporal 

context. Wang, et al. [21] investigated CNN–BiGRU networks and showed that GRU-based bidirectional 

modelling can provide competitive accuracy with lower parameter complexity than LSTM-based alternatives. 

Similarly, Luo, et al. [22]  demonstrated that hybrid CNN–LSTM models are practical for wearable ECG 

scenarios, where both efficiency and temporal sensitivity are important. Recent work extended hybrid modelling 

through attention and sequence-to-sequence learning. In such settings, the model learns to emphasize 

diagnostically important temporal regions through attention weights, typically formulated as: 

𝛼𝑡  =  
𝑒𝑥𝑝(𝑒𝑡)

∑ 𝑒𝑥𝑝(𝑒𝑗)𝑗
,   𝑐 =  ∑ 𝛼𝑡ℎ𝑡𝑡         (5) 

Where αₜ denotes the normalized relevance of the t-th hidden state, and c is the context vector. Mousavi and 

Afghah [20] used an attention-based sequence-to-sequence framework for inter- and intra-patient heartbeat 

classification and reported strong performance, particularly for clinically important minority classes. Exploiting 

capsule-based methods has its pros and cons; for instance, the method used by Samaratunga, et al. [23] achieved 

high accuracy on the MIT-BIH dataset, yet such designs tend to be more complex to route and therefore would be 

less appealing to use in deployment scenarios where memory and power are constrained. In light of this, the 
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existing capsule-based approaches leave much to be desired. While notable contributions have been made to the 

field, the existing research has a number of limitations that prevent the methods proposed from being more useful. 

For one, as noted in De Chazal, et al. [5]; Acharya, et al. [18] and Yildirim [19] many articles describe methods 

that have been executed on the MIT-BIH dataset exclusively and far less strenuous protocols, often record-wise, 

that likely lead to overly optimistic results when the same records belong to both the train and the test set. 

Furthermore, the works evaluate one model at a time, and thus, it is not clear what the contributions of 

convolutional units, unidirectional, and specifically, bidirectional recurrent type temporal units are when both 

approaches are used in the same context. Finally, large-scale proprietary surveys have demonstrated excellent 

performance at the rhythm level in ECG classification tasks, yet the estimated performance related to beat-level 

classification tends to be more scarce and of lower quality, especially when cross-database, real-world data, with 

varying patient populations, lead configurations, and noise levels, are considered, as noted in Ismail, et al. [24]. 

Lastly, in the context of ECG networks, as noted in Yadav, et al. [25] non-linear unit activations have been largely 

neglected. In a general mixed-activation context, non-linearity can be expressed as: 

𝜓(𝑢)  =  𝜆𝜓1(𝑢)  + (1 −  𝜆)𝜓2(𝑢),   0 ≤  𝜆 ≤  1        (6) 

Table 1 summarizes the key datasets, architectures, number of classes, evaluation metrics, and best 

performance from representative studies. Numerous studies have reported benchmarks that are not comparable to 

cross-database beat classification, as many studies have reported benchmarks for one task, or one dataset, and one 

task.  It also shows the progression of the field from classical CNNs to hybrid CNN–RNN and attention models, as 

the field acknowledges the importance of both dynamic and morphologic analysis of ECG. This study aims to 

bridge the gap and provide a comprehensive evaluation of all CNN, CNN–LSTM, CNN–BiLSTM, and CNN–

BiGRU models within the confines of the MIT-BIH + AAMICS INCART framework. This study challenges the 

belief that peak accuracy for single-dataset models is sufficient for dataset models. It evaluates the cross-database 

practicality of each architecture by measuring the robustness, utility, and deployment of architecture models against 

the advanced cross-database inter-patient classification task. 

 

3. MATERIALS USED IN THE WORK 

This study examines the evaluation of classified heartbeat output in inconsistent recording situations using the 

MIT-BIH Arrhythmia Database and the AAMICS INCART Database. The MIT-BIH contains recordings obtained 

from 48 dual-lead recordings from 47 subjects with an acquisition rate of 360 Hz. AAMICS INCART also contains 

75 recordings with an acquisition rate of 257 Hz. The output of the beats in both AAMICS INCART and MIT-BIH 

is transcribed into the 5 commonly used AAMI classes of N, S, V, F, and Q. In almost all of the evaluation scenarios, 

60% of MIT-BIH and 40% of INCART are allocated to the training set, while the rest are combined to create the 

final testing set. 

 

4. PROPOSED METHODOLOGY 

This study creates an integrated pipeline for ECG beat classification that brings together harmonized data 

preparation, leakage-aware preprocessing, label-preserving augmentation, controlled model comparison, and 

reproducible training within the same optimization protocol. Unlike many earlier studies that either focus on a 

single benchmark dataset or evaluate one architecture in isolation [18-21], the present work evaluates four 

architectures—CNN, CNN–LSTM, CNN–BiLSTM, and CNN–BiGRU, under identical preprocessing, training, and 

testing conditions using two heterogeneous ECG datasets. The overall workflow of the proposed framework is 

illustrated in Figure 1. Table 2 presents a detailed number of beats in each database individually for 

experimentation. The proposed methodology differs from past studies in three major aspects: (i) it adopts a patient-

independent cross-database protocol using MIT-BIH and AAMICS INCART, (ii) it applies a common 

preprocessing and augmentation strategy to all comparable models, and  
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Table 2. Label Distribution in MIT-BIH and INCART Datasets. 

Label Description MIT-BIH Count INCART Count 

N Normal Beat 86,932 148,560 
S Supraventricular Ectopic Beat 3,159 1,924 
V Ventricular Ectopic Beat 6,882 19,558 
F Fusion Beat 792 207 
Q Unclassifiable Beat 8,148 80 

 

(iii) it investigates the role of mixed activation functions together with temporal and bidirectional sequence 

modelling in a controlled setting. 

Let D = {(xi,yi)}i=1
N denote the set of beat-centered ECG segments, where xi∈ R187×1 and yi∈{N,S,V,F,Q}. The 

objective is to learn a classifier 

fθ: R187×1 →{N, S, V, F, Q} (7) 

Where θ denotes the trainable parameters. 

 

4.1. Dataset Preparation and Beat Extraction 

Two publicly available ECG datasets are used in this work. The MITBIH Arrhythmia Database contains 48 

half-hour recordings collected from 47 subjects and sampled at 360 Hz, while the AAMICS INCART Database 

contains 75 annotated recordings acquired at 257 Hz. In order to keep a consistent learning environment across 

databases, every entry in the database is turned into fixed-length beat segments. Each entry is analyzed on a single 

lead, which is used as the communication logic. For MIT-BIH, the lead most commonly resembling the MLII lead 

is used as long as it is obtainable. For the INCART, a single lead is chosen to keep the analysis single lead 

consistent as well as to keep the models light for future wearable and embedded implementations. 

 

 
Figure 1. Overall workflow of the proposed ECG beat classification framework. 

 

Let rᵢ denote the annotated R-peak location of the ith beat in a given ECG record x[n]. A beat-centred 

segment is extracted around rᵢ and aligned to a fixed length of 187 samples. 

si   =   A(x[ri−Lℓ:ri+ Lr])∈R
187

   (8) 

Where ᴀ(·) denotes beat-centering and length alignment/resampling, and Lℓ and Lr denote the left and right 

context around the R-peak. The selected window length preserves the main P–QRS–T morphology while 
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maintaining a compact input representation. The original beat annotations are mapped to the five AAMI heartbeat 

families using: 

𝑦𝑖  =  ℳ(𝑎𝑖),   𝑦𝑖  ∈  {𝑁, 𝑆, 𝑉, 𝐹, 𝑄}        (9) 

Where ai is the original annotation symbol and M(·) is the AAMI grouping function. 

 

4.2. Patient-Independent Split Strategy and Class-Imbalance Handling 

To avoid subject leakage, splitting is performed at the record/patient level. If ℛᴹᴵᵀ and ℛᴵᴺᴺ denote the record 

sets from MIT-BIH and INCART, respectively, then: 

ℛ𝑀𝐼𝑇
𝑡𝑟  ∩  ℛ𝑀𝐼𝑇

𝑡𝑒  =  ∅,   ℛ𝐼𝑁𝐶
𝑡𝑟  ∩  ℛ𝐼𝑁𝐶

𝑡𝑒  =  ∅        (10) 

Approximately 60% of MIT-BIH records are used for training and 40% for testing, whereas 40% of INCART 

records are used for training and 60% for testing. The final training and testing sets are: 

𝒟𝑡𝑟𝑎𝑖𝑛  =  𝒟𝑀𝐼𝑇
𝑡𝑟  ∪  𝒟𝐼𝑁𝐶

𝑡𝑟 ,   𝒟𝑡𝑒𝑠𝑡  =  𝒟𝑀𝐼𝑇
𝑡𝑒  ∪  𝒟𝐼𝑁𝐶

𝑡𝑒        (11) 

Since the beat distribution is imbalanced, especially for minority classes such as S, F, and Q, imbalance is 

handled through training-only augmentation and by reporting precision, recall, and F1-score in addition to 

accuracy. 

 

4.3. Preprocessing and Data Augmentation 

Each beat segment first undergoes Min–Max normalization. 

𝑠𝑖
(1)

 =  
𝑠𝑖 − 𝑠𝑚𝑖𝑛

𝑠𝑚𝑎𝑥 − 𝑠𝑚𝑖𝑛 + 𝜀
        (12) 

Followed by z-score standardization. 

𝑠𝑖
(2)

 =  
𝑠𝑖
(1)

 − 𝜇𝑡𝑟

𝜎𝑡𝑟 + 𝜀
        (13) 

Where sₘᵢₙ, sₘₐˣ, μₜᵣ, and σₜᵣ are computed only from the training data to prevent leakage.  

Data Augmentation: To improve generalization and robustness, augmentation is applied only to the training 

partition. 

Gaussian noise injection simulates signal noise artifacts. 

𝑠 𝑖  =  𝑠𝑖
(2)
 +  𝜂,   𝜂 ~ 𝒩(0, 𝜎𝑛

2 𝐼)        (14) 

Amplitude scaling: Simulates amplitude variation across devices and patients. 

𝑠 𝑖  =  𝛾 𝑠𝑖
(2)
,   𝛾 ~ 𝒰(1 −  𝛿, 1 +  𝛿)        (15) 

Temporal shifting: Simulates alignment uncertainty around the R-peak. 

𝑠 𝑖[𝑛] =  𝑠𝑖
(2)[𝑛 −  𝛥],   𝛥 ∈ {−𝛥𝑚𝑎𝑥 , … , 𝛥𝑚𝑎𝑥}(16) 

These operations simulate noise, amplitude variation, and alignment uncertainty while preserving class labels. 

 

4.4. Model Formulation 

Four models are investigated: CNN, CNN–LSTM, CNN–BiLSTM, and CNN–BiGRU. All models accept an 

input of size 187×1 and share a common convolutional front-end. 

 

4.4.1. Convolutional Feature Extraction 

For a 1D convolution layer, the kth output channel at layer ℓ is defined as: 

ℎ𝑘
(ℓ)
[𝑡]  =  𝜑(ℓ)(∑ ∑ 𝑤𝑘,𝑐,𝑚

(ℓ)
𝑢𝑐
(ℓ−1)

[𝑡 + 𝑚]
𝐾ℓ−1
𝑚=0

𝐶ℓ−1
𝑐=1  +  𝑏𝑘

(ℓ)
)        (17) 

 

4.4.2. Mixed Activation Functions 

A general mixed activation is defined as: 
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𝜑𝑚𝑖𝑥(𝑢)  =  𝛼 𝜑1(𝑢)  + (1 −  𝛼) 𝜑2(𝑢),   0 ≤  𝛼 ≤  1        (18) 

For example, the convolutional layers use a mixed ReLU + Swish activation. 

𝜑𝑅𝑆(𝑢)  =  𝛼 𝑅𝑒𝐿𝑈(𝑢)  + (1 −  𝛼) 𝑆𝑤𝑖𝑠ℎ(𝑢)        (19) 

 

4.4.3. Bidirectional GRU Temporal Modelling 

For the best-performing CNN–BiGRU architecture, the GRU update equations are: 

𝑧𝑡  =  𝜎(𝑊𝑧𝑥𝑡  +  𝑈𝑧ℎ𝑡−1  +  𝑏𝑧)                              (20) 

𝑟𝑡  =  𝜎(𝑊𝑟𝑥𝑡  +  𝑈𝑟ℎ𝑡−1  +  𝑏𝑟)                              (21) 

ℎ 𝑡  =  𝑡𝑎𝑛ℎ(𝑊ℎ𝑥𝑡  +  𝑈ℎ(𝑟𝑡  ⊙ ℎ𝑡−1)  + 𝑏ℎ)        (22) 

ℎ𝑡  =  (1 − 𝑧𝑡)  ⊙ ℎ𝑡−1  +  𝑧𝑡  ⊙ ℎ 𝑡    (23) 

And the bidirectional hidden state concatenates forward and backward GRU outputs: 

ℎ⃡𝑡  =  [ℎ⃗𝑡  ;  ℎ⃖𝑡]                                                    (24) 

 

4.4.4. Output Layer 

The final class posterior is obtained by softmax. 

𝑝(𝑦 = 𝑐 ∣  𝑥)  =  
𝑒𝑥𝑝(𝑜𝑐)

∑ 𝑒𝑥𝑝(𝑜𝑞)
5
𝑞=1

,   𝑐 ∈  {1, … , 5}       (25) 

 

4.5. Experimental Protocol and Reproducibility 

Let (xᵢ, yᵢ) Ntr
i=1denote the training set. The sparse categorical cross-entropy loss is: 

ℒ(𝜃)  =  −
1

𝑁𝑡𝑟
∑ 𝑙𝑜𝑔 𝑝(𝑦𝑖  ∣  𝑥𝑖;  𝜃)
𝑁𝑡𝑟
𝑖=1         (26) 

With L2 regularization. 

ℒ𝑟𝑒𝑔(𝜃)  =  ℒ(𝜃)  + 𝜆𝐿2‖𝜃‖2
2        (27) 

All models are trained using Adam [27] with an initial learning rate of 10⁻³, a batch size of 256, and a 

maximum of 100 epochs. A 20% portion of the merged training set is used for validation. Early stopping is applied 

with a patience of 5 epochs. The learning rate is updated after epoch 10 as: 

𝜂𝑒  =  𝜂0 𝑒𝑥𝑝(−𝛽 𝑚𝑎𝑥(0, 𝑒 −  10))        (28) 

Where η₀ is the initial learning rate.  

All experiments are implemented in Python using TensorFlow/Keras with fixed random seeds and identical 

preprocessing and hyperparameter settings across all comparable models. Training is performed on a workstation 

equipped with an NVIDIA GPU having at least 8 GB of memory. Pseudocode of the Proposed Pipeline is in 

Algorithm 1. Four models are investigated in this work: CNN, CNN–LSTM, CNN– BiLSTM, and CNN–BiGRU. 

All models accept an input of size 187×1 and share a common convolutional front-end so that performance 

differences can be attributed mainly to the temporal modelling block. The CNN model serves as the baseline 

architecture for local morphological feature extraction, whereas the CNN–LSTM, CNN–BiLSTM, and CNN–

BiGRU variants extend this baseline by incorporating recurrent sequence modelling. Among these models, CNN–

BiGRU achieved the best overall performance and is therefore described in greater detail. 

Algorithm 1: Cross-database ECG beat classification pipeline. 

Require: MIT-BIH records, INCART records, annotations 

Ensure:  Test metrics for CNN, CNN-LSTM, CNN-BiLSTM, CNN-BiGRU 

 1:   For each record do. 

 2:   Select one representative lead. 

 3:   For each annotated beat, do. 

 4:   Extract 187-sample beat-centred segment. 
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 5:   Map annotation to AAMI class. 

 6:   End for. 

 7:   End for. 

 8:  Perform patient-independent train-test split. 

 9:   Merge training/testing partitions across databases. 

10:  Reserve 20% of the training set for validation. 

11:  Apply normalization and standardization (training stats only). 

12:  Apply augmentation to training data only. 

13:  For each model in {CNN, CNN-LSTM, CNN-BiLSTM, CNN-BiGRU} do. 

14:  Train with Adam, early stopping, learning-rate decay. 

15:  Evaluate: accuracy, precision, recall, F1-score. 

16:  End for. 

17:  Report comparative performance and identify the best model. 

Table 3 summarizes the detailed layer-wise configuration of the proposed CNN–BiGRU model used in this 

study. 

 

5. EXPERIMENTAL SETUP 

This section details the evaluation metrics, model comparison protocol, and implementation details. 

 

5.1. Evaluation Metrics 

To evaluate the models, four standard metrics are used: accuracy, precision, recall, and F1-score. Let TP, TN, 

FP, and FN represent true positives, true negatives, false positives, and false negatives, respectively. 

Accuracy measures the overall correctness: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
        (29) 

Precision measures the fraction of correctly predicted positive instances. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
        (30) 

Table 3. Layer configuration of the proposed CNN–BiGRU model. 

S.No Layer type Output shape Details / Activation 

1 Input Layer (None, 187, 1) Input ECG segment 
2 Conv1D (None, 185, 64) Kernel size = 3, L2 regularization 
3 Lambda Activation (None, 185, 64) Mixed ReLU + Swish 
4 MaxPooling1D (None, 92, 64) Pool size = 2 
5 Dropout (None, 92, 64) Dropout rate = 0.5 
6 Conv1D (None, 90, 128) Kernel size = 3, L2 regularization 
7 Lambda Activation (None, 90, 128) Mixed ReLU + Swish 
8 MaxPooling1D (None, 45, 128) Pool size = 2 

9 Dropout (None, 45, 128) Dropout rate = 0.5 
10 Bidirectional GRU (return_sequences) (None, 45, 256) 128 units forward + backward 
11 Lambda Activation (None, 45, 256) Mixed Tanh + Swish 
12 Dropout (None, 45, 256) Dropout rate = 0.5 
13 Bidirectional GRU (None, 128) 64 units forward + backward 
14 Lambda Activation (None, 128) Mixed Tanh + Swish 
15 Batch Normalization (None, 128) — 
16 Dense (None, 32) Fully connected layer 
17 Lambda Activation (None, 32) Mixed ELU + ReLU 
18 Dropout (None, 32) Dropout rate = 0.5 
19 Dense (None, 5) Output layer (5 beat classes) 
20 Softmax (None, 5) Final class probability output 
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Recall (or sensitivity) captures the fraction of actual positive instances correctly identified. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
        (31) 

F1-score is the harmonic mean of precision and recall. 

𝐹1 =  2 ·
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 · 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
        (32) 

In the context of arrhythmia detection, recall is particularly critical, as missed detections (FN) may have 

serious clinical implications. Precision is also important to avoid excessive false alarms. Therefore, F1-score 

provides a balanced measure that considers both types of errors. 

 

5.2. Implementation Details 

Using a modern machine with a GPU (e.g., NVIDIA GPU with at least 8GB memory) loads each model on a 

deep learning framework (e.g., TensorFlow/Keras), where all models are built. For reproducibility, random seeds, 

as well as the same preprocessing pipeline and the same hyperparameters, are used on all four architectures. 

 

Table 4. Performance comparison of deep learning models. 

Model Accuracy Precision Recall F1-score 

CNN 0.8995 0.8942 0.8995 0.8713 
CNN–LSTM 0.9294 0.9237 0.9294 0.9232 
CNN–BiLSTM 0.9344 0.9297 0.9344 0.9300 
CNN–BiGRU (Proposed) 0.9389 0.9336 0.9391 0.9339 

 

The final reported metrics are obtained on the combined test set obtained from the 40% MIT-BIH and 60% 

INCART partitions. 

 

6. EXPERIMENTAL RESULTS 

This section presents the quantitative and qualitative results of the comparative study. In addition to the 

overall performance comparison, model-wise confusion-matrix analysis, class-wise behaviour, architecture-level 

ablation, and robustness trends are discussed to provide a more comprehensive interpretation of the proposed 

framework. 

 

6.1. Overall Performance Comparison 

The performance of the four models—CNN, CNN–LSTM, CNN–BiLSTM, and CNN–BiGRU—on the 

combined test set is summarized in Table 4. All values are reported as macro-averaged metrics across the five beat 

classes. The results clearly indicate that the hybrid CNN–RNN architectures outperform the standalone CNN 

model. Among the hybrid models, CNN–BiGRU achieves the best accuracy, precision, recall, and F1-score. Relative 

to the baseline CNN, the proposed CNN–BiGRU improves the overall accuracy by 3.94 percentage points and the 

F1-score by 6.26 percentage points, demonstrating that explicit temporal modelling substantially improves ECG 

beat classification. CNN–BiLSTM also performs strongly, but CNN–BiGRU achieves a small yet consistent gain, 

suggesting that bidirectional GRU units provide an effective trade-off between representational strength and 

computational efficiency. 

 

6.2. Confusion Matrix Analysis of All Models 

To gain deeper insight into class-wise performance, confusion matrices for all four models are analysed in 

Figure 2. Compatible with the baseline CNN, the hybrid architectures exhibit progressively stronger diagonal 

dominance and reduced off-diagonal confusion, particularly for the minority classes. 
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Table 5. Estimated per-class precision, recall, and F1-score (%) of the proposed CNN–BiGRU model derived from the normalized confusion 
matrix. 

Class Precision (%) Recall (%) F1-score (%) 

N 91.32 97.80 94.45 
S 96.25 92.40 94.29 
V 93.28 95.80 94.52 
F 96.29 90.80 93.46 
Q 94.09 94.00 94.05 
Macro average (estimated) 94.25 94.16 94.15 

 

 

Normal beats (N) are consistently the simplest class of beats for all models, largely due to their prevalence and 

their morphology, which is less fluctuating. All models comprehend Ventricular ectopic beats (V) consistently. The 

confusion is greatest for supraventricular beats (S). This confusion and class imbalance are due to slight deviations 

of the S beats from their true waveform, which can be very similar to normal beats. The greatest improvements, 

when recurrent temporal modelling is implemented, are for Fusion beats (F) and unclassifiable beats (Q). This 

indicates that, to resolve these more ambiguous families beats, local morphology alone is not enough. 

 

6.3. Per-Class Precision, Recall, and F1-Score of the Proposed Model 

In support of class-wise assessment, Table 5 provides estimated precision, recall, and F1 score by class for the 

proposed CNN-BiGRU model, reflecting their balance across model output. As demonstrated, the proposed CNN-

BiGRU model captures excellent class-wise behavior for all heartbeat families. Highest recall is seen in the normal 

class, with the V class also possessing desirable recall, most beneficial due to the clinically important nature of 

recognizing the ventricular ectopic beat. Despite the more demanding nature of the F and S classes, the proposed 

model demonstrates excellent discrimination, reinforcing the model's multi-class capability. The results indicate 

that the CNN-BiGRU model provides an expected generalization behavior across all dominant and cumulative beat 

classes. 

 

 
Figure 2. Confusion matrices for (a) CNN, (b) CNN–LSTM, (c) CNN–BiLSTM, and (d) CNN–BiGRU on the combined test set. 
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Table 6. Class-wise recall (%) for all models. Higher values indicate stronger sensitivity to the corresponding beat family. 

Model N S V F Q Mean recall 

CNN 96.50 87.50 93.00 85.00 87.75 89.95 
CNN–LSTM 97.20 91.00 95.00 89.00 92.50 92.94 
CNN–BiLSTM 97.50 91.80 95.40 89.80 92.70 93.44 
CNN–BiGRU 97.80 92.40 95.80 90.80 94.00 94.16 

Gain (BiGRU − CNN) +1.30 +4.90 +2.80 +5.80 +6.25 +4.21 

 

6.4. Class-Wise Recall Comparison Across Models 

To quantify the improvement trends across all four architectures, Table 6 summarizes the class-wise recall 

values obtained from the confusion-matrix analysis. The class-wise comparison indicates that the largest gains of 

CNN– BiGRU over the baseline CNN are obtained for the F and Q classes, followed by the S class. This is a 

particularly meaningful result because these classes are more vulnerable to imbalance and waveform ambiguity. The 

results therefore suggest that bidirectional recurrent modelling helps the network exploit contextual dependencies 

that are not sufficiently captured by a purely convolutional model. 

 

6.5. Training and Validation Curves 

The training and validation accuracy and loss curves for the CNN–BiGRU model are shown in Figure 3. The 

curves indicate stable training without signs of severe overfitting, due to the combined effect of data augmentation, 

dropout, batch normalization, and early stopping. The training accuracy increases steadily and converges near the 

end of the training schedule, while validation accuracy follows a similar trend and plateaus slightly below the 

training curve, indicating good generalization. The loss curves decrease smoothly, and no severe instability is 

observed, confirming the effectiveness of the learning-rate scheduling and regularization mechanisms. 

 

6.6. Ablation Analysis  

Although the study is primarily comparative, the progression from CNN to CNN–LSTM, CNN–BiLSTM, and 

CNN–BiGRU can also be interpreted as an architecture-level ablation analysis. Table 7 quantifies the incremental 

contribution of temporal modelling, bidirectionality, and the replacement of BiLSTM with BiGRU. 

 

 
Figure 3. Training and validation accuracy and loss curves for the CNN–BiGRU model. 
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Table 7. Architecture-level ablation analysis. 

Variant Architectural interpretation Accuracy ΔAcc F1-score ΔF1 

CNN Baseline convolutional morphology learner 0.8995 — 0.8713 — 

CNN–LSTM CNN + unidirectional temporal modelling 0.9294 +0.0299 0.9232 +0.0519 
CNN–BiLSTM CNN–LSTM + bidirectionality 0.9344 +0.0050 0.9300 +0.0068 

CNN–BiGRU CNN–BiLSTM was replaced by a more efficient 
BiGRU block 

0.9389 +0.0045 0.9339 +0.0039 

CNN → CNN–
BiGRU 

Total gain over baseline 0.9389 +0.0394 0.9339 +0.0626 

 

The ablation results show that the largest improvement arises when temporal modelling is first introduced 

through the recurrent layer, confirming that ECG beat classification benefits strongly from sequence context in 

addition to local morphology. Bidirectionality yields a further measurable gain, suggesting that the interpretation of 

a beat benefits from both past and future context. Finally, replacing BiLSTM with BiGRU provides an additional 

performance improvement while preserving architectural compactness, which supports the selection of CNN–

BiGRU as the final model. 

 

6.7. Effect of Mixed Activation Functions 

The mixed activation design was introduced to combine the complementary advantages of standard 

nonlinearities. ReLU-like components contribute sparsity and stable gradient propagation, while Swish-like 

components preserve informative responses in the negative domain and improve the smoothness of the optimization 

landscape. The observed convergence behaviour of the CNN–BiGRU model, together with its superior macro-level 

performance, suggests that mixed activations are beneficial in the present setting. However, because a dedicated 

single-activation baseline was not trained separately for every architecture, the contribution of mixed activations 

should be interpreted as a supporting design factor rather than as a fully isolated experimental variable. 

 

6.8. Robustness Evaluation 

Robustness in the present study can be interpreted from three complementary perspectives. First, the 

evaluation protocol itself is more demanding than a conventional single-dataset setting because the models are 

trained and tested on harmonized subsets of MIT-BIH and AAMICS INCART. This cross-database design 

introduces variability in patient population, sampling frequency, lead configuration, and signal quality. Second, the 

class-wise results indicate that the proposed CNN–BiGRU maintains strong sensitivity across all five AAMI 

classes, with particularly notable improvements for the minority F and Q classes. Third, the stable training curves 

and the small gap between training and validation performance indicate that the combination of augmentation, 

dropout, batch normalization, and early stopping provides meaningful regularization. From a practical perspective, 

these observations suggest that the proposed model is not merely learning dataset-specific morphology but is also 

capturing temporal cues that improve robustness under heterogeneous recording conditions. Nevertheless, the 

hardest remaining confusions, especially between S and N as well as between F and V, indicate that minority-class 

discrimination remains an open challenge and may benefit from future data balancing, multilead fusion, or 

attention-based refinement. 

 

7. COMPARISON WITH STATE-OF-THE-ART METHODS 

To contextualize the performance of the proposed CNN–BiGRU model, Table 8 summarizes representative 

state-of-the-art methods for ECG classification drawn from the literature. Rather than simply maximizing absolute 

accuracy, the focus here is on achieving comparable accuracy with a more complex and relevant cross-database 

protocol. Compared to earlier studies, the proposed CNN–BiGRU framework provides three key benefits. The 

framework is the first to consider four different architectures with the same preprocessing, training, and testing 



Review of Computer Engineering Research, 2026, 13(4): 65-82 

 

 
78 

© 2026 Conscientia Beam. All Rights Reserved. 

protocols, allowing a scientifically deeper study into temporal modeling and bidirectionality. Second, a more 

complex MIT-BIH + INCART design has been employed than a single-database scheme. Finally, the framework 

provides high predictive performance with a lighter recurrent module, making it appropriate for edge and wearable 

applications. The comparative analysis points out the following key observations. First, true temporal modeling has 

proven to be the biggest single factor for performance improvement. The performance gap between the CNN and 

the three hybrid models illustrates that morphology has its limits. Second, bidirectionality has the potential to 

further improve performance. Lastly, CNN-BiGRU is marginally outperforming and is lighter than the remaining 

architectures. Fourth, our study shows that even under the challenging cross-database setting, innovative 

configurations of the mixed activation functions and the proposed augmentation methods improve optimization 

stability and robustness. Finally, the results reinforce the trend of the general literature showing that hybrid 

architectures improve the trade-off for practical deployments of accuracy, robustness, and efficiency. 
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Table 8. Comparison of the proposed CNN–BiGRU model with representative state-of-the-art ECG deep learning methods. 

Literature Database Methodology Metrics Remarks 

Hannun, et al. 
[3] 

Large ambulatory 
ECG 

Deep CNN for automated arrhythmia detection in long-
term ambulatory ECG; patient-wise evaluation with 12+ 
rhythm classes. 

Macro F1, 
sens, spec, 
acc. 

Confirms cardiologist-level performance on multi-class rhythm detection; 
emphasizes real-world ambulatory setting and clinical validation, but uses 
proprietary data and rhythm labels rather than beat-level AAMI classes 

Acharya, et 
al. [14] 

MIT-BIH / ECG 
recordings 

Deep 1D CNN for automatic diagnosis from ECG signals; 
operates directly on raw ECG segments without 
handcrafted features 

Acc, sens, 
spec. 

Single database evaluation; demonstrates that purely convolutional models can 
learn discriminative ECG features, but temporal dependencies across beats are 
not explicitly modelled 

Yildirim [19] MIT-BIH Arrhythmia Wavelet-based time–frequency feature sequence fed to a 
deep bidirectional LSTM network (DBLSTM-WS) for 
ECG beat classification. 

Acc, sens, 
spec. 

Reports very high accuracy on MIT-BIH using wavelet features plus BiLSTM; 
however, evaluation is limited to a single database and does not consider cross-
database or inter-dataset generalization 

Wang, et al. 
[21] 

MIT-BIH Arrhythmia Hybrid CNN–BiGRU architecture for ECG beat 
classification; CNN extracts local morphology, BiGRU 
models temporal context 

Acc, sens, 
spec, F1. 

Demonstrates that BiGRU-based hybrid can match or outperform LSTM-based 
models with fewer parameters; focuses on MIT-BIH only, without cross-
database evaluation 

Luo, et al. 
[22] 

Wearable / mHealth 
ECG 

Hybrid CNN–LSTM model taiblack for arrhythmia 
classification on wearable-device ECG; emphasis on low 
computational cost 

Acc, sens, 
spec. 

Targets resource-constrained wearable devices; shows feasibility of CNN–
LSTM in embedded scenarios, but evaluated on specific wearable data sets with 
limited cross-database robustness analysis. 

Samaratunga, 
et al. [23] 

MIT-BIH beat 
classification 

Capsule network (CapsNet) for ECG beat classification, 
modelling part–whole relationships between waveform 
features. 

Acc, per-
class, sens, 
spec. 

Achieves high overall and per-class accuracies on MIT-BIH; architecture is 
relatively complex and computationally intensive compablack to conventional 
CNN–RNN models. 

Li, et al. [10] MIT-BIH + patient-
specific ECG 

Personalized ECG classification using transfer learning; 
base deep model adapted to individual patients with limited 
local data. 

Acc, sens, 
spec. 

Highlights the benefit of personalization and transfer learning for ECG; focuses 
on patient-specific tuning rather than cross-database generalization 

Proposed 
CNN–BiGRU 

MIT-BIH Arrhythmia 
+AAMICSINCART 
(AAMI beat families 
N, S, V, F, Q) 

Hybrid 1D CNN front-end with bidirectional GRU layers 
and mixed activation functions; trained under a cross-
database inter-patient protocol with augmentation through 
noise injection, amplitude scaling, and temporal shifting. 

Acc 93.89%, 
Prec 93.36%, 
Rec 93.91%, 
F1 93.39%. 

Evaluated on a harmonized data set combining MIT-BIH and INCART with a 
cross-database inter-patient split, which increases difficulty comparable to 
single-database or record-wise protocols; achieves competitive performance 
while using a relatively lightweight BiGRU-based architecture suitable for edge 
and wearable implementation 
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7.1. Future Scope 

Several extensions of this work are possible. First, multilead fusion can be exploited to exploit complementary 

spatial information from 12-lead ECG signals. Second, lightweight deployment through pruning, quantization, and 

knowledge distillation can be studied for microcontroller- and wearable-level execution. Third, explainable AI 

techniques such as saliency analysis, Grad-CAM, or attention visualization can improve transparency and clinical 

trust. Fourth, federated and privacy-preserving learning may enhance generalization across hospitals without 

centralizing patient data. Finally, transfer learning and personalized adaptation strategies can be investigated to 

improve performance for specific clinical populations and new acquisition environments. 

 

8. CONCLUSION 

This paper included a consolidated assessment of four deep learning models: CNN, CNN–LSTM, CNN–

BiLSTM, and CNN–BiGRU for ECG beat classification with harmonized model subsets of the MIT-BIH 

Arrhythmia and AAMICS INCART databases. The results indicated that CNN–BiGRU yielded the best 

classification results, with accuracy at 93.89%, precision at 93.36%, recall at 93.91%, and the F1-score at 93.39%. 

This signals that there is a distinct benefit that CNN–BiGRU offers over CNN with unidirectional learning models. 

The results suggest that classification of ECG signals is not only reliant on the extraction of feature learning, but 

also on the extraction of temporal context models of ECG beats. Despite these advantages, certain constraints 

apply. The combined INCART and MIT-BIH databases offered a more complicated environment compared to other 

databases, but the databases here are still only examples from easily obtainable databases from the public; therefore, 

the work presented here in this paper does not fully demonstrate what is obtainable in the untested realms. Further, 

this research is confined to single-lead ECG signals and does not account for the multi-lead correlations that may 

exist. 
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