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ABSTRACT 

Electrocardiogram (ECG) analysis plays an important role in the early 
diagnosis of cardiovascular diseases. However, the complexity of ECG 
waveforms presents significant challenges for automated classification. 
This paper proposes a novel Hybrid CNN-ViT framework for cardiovascular 
disease classification, where one-dimensional ECG signals are transformed 
into three complementary two-dimensional representations: Gramian 
Angular Field (GAF), Recurrence Plot (RP), and Markov Transition Field 
(MTF). The proposed framework combines CNN-based local feature learning 
and Transformer-based global contextual modeling through an Adaptive 
Attention Fusion mechanism to effectively capture complementary ECG 
characteristics. In addition, a Cross-Channel Attention (CCA) mechanism is 
introduced to model inter-representation dependencies and enhance 
discriminative feature interactions among GAF, RP, and MTF 
representations. Experiments conducted on the PTB-XL dataset 
demonstrate that the proposed Hybrid CNN-ViT framework achieves a 
sensitivity of 89.12% and a specificity of 80.38%, outperforming 
conventional CNN-based models, Transformer-based models, and a recent 
state-of-the-art (SOTA) method. The results confirm that combining 
multiple 2D ECG representations with Hybrid CNN-ViT learning and Cross-
Channel Attention significantly improves cardiovascular disease 
classification performance while maintaining a balanced trade-off between 
sensitivity and specificity, which is critical for biomedical diagnostic 
applications. 
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1. INTRODUCTION 

Cardiovascular diseases remain one of the leading 
causes of mortality worldwide [1]. Early and accurate 
diagnosis of cardiac disorders through ECG signals plays 
a crucial role in timely detection and effective treatment 
of cardiovascular conditions. However, manual ECG 
analysis largely depends on clinicians’ expertise and is 
susceptible to noise as well as inter-individual 
physiological variations [2]. Consequently, the 
application of artificial intelligence (AI) and deep learning 
techniques for ECG signal classification has emerged as a 
prominent research trend in recent years [3, 4]. 

CNNs have been widely employed for ECG feature 
extraction due to their strong capability in learning local 
patterns [5, 6]. Nevertheless, the convolutional 
mechanism inherently focuses on local receptive fields, 
which limits CNNs in modeling global dependencies and 
long-range correlations within ECG signals. In contrast, 
Transformer-based models, particularly ViTs [7], leverage 
self-attention mechanisms to capture global 
relationships among feature elements and have 
demonstrated remarkable performance in image 
processing and medical diagnosis tasks [8, 9]. Although 
Vision Transformers are effective in modeling global 
contextual dependencies through self-attention 
mechanisms, they may overlook fine-grained local 
morphological structures that are important for ECG 
analysis. Therefore, combining CNNs and Transformers 
within a hybrid framework provides a promising strategy 
for jointly exploiting local and global ECG characteristics. 

In addition, transforming one-dimensional ECG 
signals into two-dimensional representations has been 
shown to be an effective strategy for exploiting the 
strengths of 2D deep learning models [10, 11]. 
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Techniques such as GAF, RP, and MTF have proven 
effective in characterizing global relationships, recurrent 
structures, and state transition probabilities of ECG 
signals [12, 13]. These representations enable models to 
learn not only morphological features but also the 
dynamic characteristics of cardiac rhythms. 

However, when jointly processing multiple ECG 
representations (GAF, RP, MTF) or multiple ECG channels, 
existing models often struggle to effectively capture 
inter-channel correlations. Suboptimal feature fusion 
may lead to information dilution or suppression of critical 
patterns. To address this limitation, this paper proposes a 
model incorporating a CCA mechanism, which enables 
the network to automatically learn correlations among 
feature channels and amplify relevant information during 
inference. 

Unlike conventional self-attention mechanisms that 
operate independently within each channel, the 
proposed CCA facilitates cross-channel interactions 
among feature representations derived from different 2D 
ECG images. When integrated with 2D CNNs (ResNet50) 
and a Vision Transformer (ViT-B/16), the proposed Hybrid 
CNN-ViT framework simultaneously exploits CNN-based 

local morphological learning and Transformer-based 
global contextual modeling through an Adaptive 
Attention Fusion mechanism. 

The proposed model consists of three main stages: 
(1) transforming 1D ECG signals into three 2D 
representations, namely GAF, RP, and MTF; (2) parallel 
feature extraction using CNN and ViT-B/16 branches; 
and (3) feature fusion via a CCA block, followed by 
classification using a softmax layer. Experimental results 
on the PTB-XL dataset [14] demonstrate that the the 
proposed Hybrid CNN-ViT framework achieves a 
sensitivity of 89.12% and a specificity of 80.38%, 
outperforming ResNet50+CCA, and the method 
proposed by authors in [16], which reports 
corresponding values of 72.3% and 73.9%. These results 
confirm that combining 2D ECG representations with 
cross-channel attention constitutes an effective 
approach, offering strong generalization capability and 
high reliability for ECG-based cardiovascular disease 
recognition. These results demonstrate that combining 
CNN-based local feature learning and Transformer-
based global dependency modeling provides 
complementary ECG representations for cardiovascular 
disease classification. 

2. MATERIALS AND METHODS 

2.1. Optimization framework 

Figure 1. Our proposed ECG-based framework for cardiovascular disease 
classification model 
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The proposed Hybrid CNN-ViT framework (Figure 1) is 
designed to detect and classify abnormal cardiac 
conditions based on ECG signals. The one-dimensional 
ECG signal is first transformed into three image-based 
representations: (1) the GAF, which captures global 
relationships among signal points; (2) the RP, which 
characterizes signal recurrence patterns and dynamic 
structures; and (3) the MTF, which encodes the state 
transition probabilities between signal amplitude levels.  

For each representation branch, the generated 2D 
image is simultaneously processed by both a CNN 
encoder and a Vision Transformer (ViT) encoder to extract 
complementary local and global ECG features. The CNN 
branch focuses on learning fine-grained local 
morphological patterns, while the ViT branch captures 
long-range contextual dependencies through self-
attention mechanisms. Subsequently, an Adaptive 
Attention Fusion block dynamically combines the CNN 
and ViT features to generate a hybrid feature 
representation for each ECG modality. 

The resulting hybrid features from the GAF, RP, and 
MTF branches are then normalized and passed through 
the proposed Cross-Channel Attention (CCA) mechanism 
to model inter-representation correlations and enhance 
discriminative feature interactions across multiple ECG 
representations. Finally, the fused feature vector is 
forwarded to a fully connected dense layer followed by a 
Softmax classifier to predict four cardiovascular conditions: 
myocardial infarction (MI), ST/T change (STTC), conduction 
disturbance (CD), and hypertrophy (HYP). 

2.2. Transformation of ECG Signals into 2D Image 
Representations 

Converting ECG signals from a one-dimensional time 
series is described as follows. Let the ECG signal at an 
arbitrary channel be denoted as � =  {��,��,… ,��}. 
Three types of 2D image representations are then 
generated as follows: 

a) Gramian Angular Field (GAF): This representation 
captures the global relationships among signal points. 
First, the signal is mapped from the normalized value 
domain [-1, 1] to the corresponding phase angles, as 
defined in Eq. (1): 

� � = arccos(��), �� =  
�

�
                                                   (1)  

Subsequently, the GAF matrix is computed according 
to Eq. (2) as follows: 

���� = cos��� +  ��� 

          =  ���� −  � (1 −  ��
�)�1 −  ��

��                           (2)  

This ��� matrix represents the pairwise correlations 
between all signal elements in terms of their phase angles. 

b) Recurrence Plot (RP): This representation 
describes the recurrence behavior and dynamical 
structure of the signal. Specifically, the RP depicts the 
reappearance of signal states in phase space, as defined 
in Eq. (3): 

��� =  � �� −  ��� −  ����                                                 (3) 

Where �  denotes the Heaviside step function and � is 
the distance threshold.. 

c) Markov Transition Field (MTF): This 
representation encodes the transition probabilities 
between signal amplitude levels. The MTF models 
transitions among discrete states and is formulated as 
shown in Eq. (4): 

���� =  ���,��
,���ℎ ��,�� ∈  {1,2,… ,�}                     (4) 

2.3. ECG Feature Extraction 

After transforming the 1D ECG time series into 2D image 
representations, features are extracted independently from 
each channel, as illustrated in Figure 2. 

After generating the three 2D images, each input 

image ��
(�)(3 × 256 × 256) ∈ {���� , ��� , ���� } is fed into a 

feature extractor implemented using either a CNN and a 
ViT-B/16 model, as Eq. (5) and Eq. (6) follow: 

��� = ���� ���
(�)(3 × 256 × 256)�                                (5) 

�� =  ����� � /�� ���
(�)(3 × 256 × 256)�                        (6) 

In the proposed framework, local features extracted 
by the CNN branch are denoted as ������, while global 
contextual features learned by the Vision Transformer 
branch are represented as �������. Instead of directly 
concatenating these feature vectors, this study employs 
an Attention-based Fusion mechanism to adaptively 
learn the contribution of each feature type. Specifically, 
the two feature vectors are first combined and projected 
through a learnable attention layer as Eq. (7) follows: 

� = Softmax(�[������= ��;������� = � ])                 (7) 

where �denotes a learnable weight matrix and  
� = [��,��] represents the attention coefficients 
corresponding to the local and global features, 
respectively. The fused GAF, representation is then 
computed as Eq. (8) follows: 

���� = ��������+ ���������                               (8) 
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Figure 2. The feature extraction block for one 1D ECG channel 

This mechanism enables the model to automatically 
determine the relative importance of CNN-based local 
morphological features and ViT-based global contextual 
dependencies according to the characteristics of each 
ECG sample. Consequently, the proposed adaptive fusion 
strategy effectively exploits both fine-grained local 
patterns, such as QRS complexes and ST-segment 
variations, and long-range global relationships within 
ECG signals. This Adaptive Attention Fusion mechanism 
enhances feature representation capability and improves 
the overall performance of ECG-based cardiovascular 

disease classification. Thus from ��
(�)

∈ �� =

{���� ,��� ,���� } is hybrid feature vector that combined 
of CNN feature and ViT feature.  

Feature vectors (��_���
(�)

) are normalized from  

��
(�)

∈ ��; � = (1,… ,3) as follows: 

��_���
(�)  ∈ �� =

��
(�)

� ∑ ��
�
(�)

�
�

�
�� �

                                                   (9) 

Three feature vectors are then passed through an 
attention block to generate three attention coefficients 
as follows: 

�� = ������� ��[�����

(�)
,�����

(�)
,�����

(�)
]� 

� = (1,… ,3)                                                                        (10) 

The feature vector of the ith channel is then fused as 
follows: 

�(�) ∈ �� =
�

�
∑ ��

�
��� ��_���

(�)                                          (11) 

2.4. Cross-Channel Attention Across Feature Channels 
(CCA) 

For each channel, after feature extraction, the 
resulting feature vector is denoted as �(�)(i = (1,…,3)). In 
the dataset used in this study, three 1D ECG channels are 
available. Therefore, before fusing the three feature 
vectors as illustrated in Figure 1, a set of Query (Q), Key 
(K), and Value (V) representations is constructed. For each 
branch i, the feature vector is projected into three 
different subspaces through learned weight matrices as 
follows: 

�(�) =  �(�)��
(�)

,     �(�) =  �(�)��
(�)

, 

�(�) =  �(�)��
(�)                                                                  (12) 

With three channels, each channel is used as the 
Query once, while the remaining two channels serve as 
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the Key and Value. The general formulation of the cross-
attention mechanism is given in Eq. (10) as follows: 

�� ��(�)| ��(�)�
���

� 

=  ������� �
�(�)��(��),�(��)�

�

���
� ��(��),�(��)�               (13) 

The resulting cross-attended feature vector is 
computed according to Eq. (11) as follows: 

������
(�)

=  ∑ �����(�(�),�(�))���                                      (14) 

The fused representation is obtained using feature 
concatenation as follows: 

� = ������ �������
(�)

,������
(�)

,������
(�)

�                               (15) 

The classification process is performed according to 
Eqs. (13), (14), and (15) as follows: 

� =  �� +  �                                                                      (16) 

ŷ =  �������(�)                                                              (17) 

� =  − ��� log(ŷ�)                                                             (18) 

3. RESULTS AND DISCUSSION 

The experiments were conducted on a workstation 
equipped with an NVIDIA GPU with 11 GB of VRAM, 
ensuring efficient parallel training and inference for deep 
learning models. All models were implemented in Python 
and executed using the PyTorch framework, which 
facilitates computational optimization and provides 
flexibility for constructing custom neural network 
modules. Training and evaluation were performed on the 
PTB-XL dataset [14], a large-scale, multi-label ECG 
database that is widely used in automated cardiovascular 
diagnosis research. Three evaluation settings were 
considered in this study: 

- 2D ECG representations with self-attention, 
designed to assess the model’s ability to extract deep 
spatial features and to analyze its capacity for learning 
local dependencies. 

- 2D ECG representations with Cross-Channel 
Attention, where a 2D CNN model (ResNet-50) or a 
Transformer-based model  with ViT-B/16 is combined 
with channel-wise attention and cross-channel attention 
mechanisms. This setting is used to evaluate the model’s 
capability to learn both local dependencies and global 
dependencies in ECG signals. 

- A Hybrid CNN-ViT framework with Adaptive 
Attention Fusion and Cross-Channel Attention, where 
CNN branches are utilized to capture fine-grained local 
morphological patterns while Vision Transformer 

branches are employed to model long-range global 
dependencies. The extracted local and global 
representations are adaptively fused to enhance 
complementary feature learning and improve 
cardiovascular disease classification performance. 

3.1. 2D ECG Representations with a Self-Attention 
Module 

We evaluate a 2D CNN model (ResNet-50) and a 
Transformer-based model (ViT-B/16), Hybrid CNN-ViT, 
each integrated with an attention module. The 
evaluation results are presented in Figure 3. 

 
Figure 3. Results of 2D CNN/ViT Models with Self-Attention  

The results reported in Table 1 reveal notable 
differences among Transformer-based models, CNN-
based models, and the proposed Hybrid CNN-ViT 
framework for cardiovascular disease classification using 
2D ECG representations. As illustrated in Figure 3, several 
important observations can be drawn. 

- Transformer-based models generally outperform 
conventional CNN-based architectures in both sensitivity 
and specificity. In particular, ViT-B/16+AT achieves a 
sensitivity of 82.32% and a specificity of 69.49%, while 
Swin-B/16+AT attains 77.42% sensitivity and 61.35% 
specificity. These results demonstrate the strong 
capability of Transformer architectures to capture global 
contextual dependencies and long-range relationships 
across different regions of ECG image representations 
through the self-attention mechanism. 

- CNN-based models exhibit comparatively lower 
performance. ResNet50+AT achieves a sensitivity of 
80.15% and a specificity of 60.55%, whereas 
MobileNet+AT records substantially lower values of 
63.18% and 52.62%, respectively. Although ResNet50 
benefits from deep convolutional structures and residual 
connections that effectively preserve local morphological 
information, CNN-based architectures remain inherently 
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constrained in modeling long-range global 
dependencies due to their localized convolution 
operations. In contrast, MobileNet prioritizes 
computational efficiency and lightweight deployment, 
but its limited representational capacity reduces its ability 
to capture subtle and complex ECG patterns. 

- The proposed Hybrid CNN-ViT framework achieves 
the best overall performance, obtaining a sensitivity of 
84.46% and a specificity of 75.38%, outperforming both 
pure CNN-based and pure Transformer-based models. 
These improvements indicate that combining CNN-
based local feature learning with Transformer-based 
global contextual modeling provides complementary 
information for ECG classification. Specifically, the CNN 
branch effectively captures fine-grained local 
morphological characteristics, such as QRS complexes 
and ST-segment variations, while the ViT branch models 
long-range dependencies and global contextual 
relationships across ECG representations. 

Furthermore, the Adaptive Attention Fusion 
mechanism enables the network to dynamically 
determine the relative importance of local and global 
representations according to the characteristics of each 
ECG sample. This adaptive fusion strategy enhances 
feature representation capability and improves the 
robustness of cardiovascular disease classification. 

The results in Figure 3 suggest that neither purely 
convolutional architectures nor purely Transformer-
based architectures alone are sufficient to fully capture 
the complex local-global characteristics of ECG signals. 
Instead, the proposed Hybrid CNN-ViT framework 
effectively exploits the complementary strengths of both 
architectures, resulting in more stable and discriminative 
feature representations. These findings demonstrate that 
transforming 1D ECG signals into 2D representations and 
jointly leveraging CNN-based local learning and 
Transformer-based global modeling constitutes an 
effective strategy for cardiovascular disease recognition 
and classification. 

Based on these observations, subsequent evaluations 
will focus on the proposed Hybrid CNN-ViT framework 
combined with the Cross-Channel Attention (CCA) 
mechanism, as presented in Section 3.2. 

3.2. 2D ECG Representations with cross-channel 
attention 

In this section, we evaluate the 2D CNN model 
(ResNet-50) and the Transformer-based model (ViT-B/16) 
and Hybrid CNN-ViT, which achieved higher performance 

as reported in the previous section. These models are 
further combined with channel-wise attention and CCA 
across channels. The evaluation results are presented in 
Figure 4. 

 
Figure 4. Results of 2D CNN/ViT Models with Self-Attention and CCA  

The results shown in Figure 4 demonstrate that both 
the proposed Cross-Channel Attention (CCA) mechanism 
and the Hybrid CNN-ViT framework contribute 
significantly to improving cardiovascular disease 
classification performance from 2D ECG representations. 

- For the Transformer-based model, incorporating the 
CCA block into ViT-B/16 improves sensitivity from 82.32% 
to 87.31% and specificity from 69.49% to 75.35%. These 
improvements indicate that the proposed CCA 
mechanism effectively enhances inter-representation 
feature interactions and enables the Transformer 
architecture to better capture informative global 
contextual dependencies across ECG representations.  

- For the CNN-based model, integrating CCA with 
ResNet50 increases sensitivity from 80.15% to 84.81% 
and specificity from 60.55% to 73.62%. The improvement 
is particularly significant in specificity, demonstrating 
that CCA effectively suppresses irrelevant feature 
responses and reduces false positive predictions, thereby 
improving diagnostic reliability.  

- The proposed Hybrid CNN-ViT framework achieves 
the best overall performance, obtaining 89.12% 
sensitivity and 80.38% specificity, outperforming both 
the standalone CNN-based and Transformer-based 
architectures, including their CCA-enhanced variants. 
These results demonstrate that combining CNN-based 
local morphological learning with Transformer-based 
global contextual modeling provides highly 
complementary feature representations for ECG analysis.  

Furthermore, the Adaptive Attention Fusion 
mechanism allows the network to dynamically balance 
local and global features according to the characteristics 
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of each ECG sample. Consequently, the proposed hybrid 
architecture can simultaneously capture fine-grained 
local waveform structures, such as QRS complexes and 
ST-segment variations, as well as long-range 
dependencies and global contextual relationships across 
ECG representations. 

The integration of the proposed Cross-Channel 
Attention (CCA) mechanism and the Hybrid CNN-ViT 
framework not only improves overall classification 
performance but also provides a better balance between 
sensitivity and specificity, which is particularly important 
for biomedical diagnostic applications where incorrect 
predictions may lead to serious clinical consequences. 

As shown in Table 1, incorporating the CCA 
mechanism significantly enhances the performance of 
both CNN-based and Transformer-based architectures. 
Specifically, ViT-B/16 combined with CCA improves 
sensitivity from 82.32% to 87.31% and specificity from 
69.49% to 75.35%, while ResNet50 combined with CCA 
increases sensitivity from 80.15% to 84.81% and 
specificity from 60.55% to 73.62%. These improvements 
demonstrate that the proposed CCA mechanism 
effectively strengthens inter-representation feature 
interactions and enables the models to learn more 
discriminative ECG characteristics. 

Furthermore, the proposed Hybrid CNN-ViT 
framework achieves the best overall performance, 
obtaining 89.12% sensitivity and 80.38% specificity. The 
superior performance of the hybrid architecture indicates 
that combining CNN-based local morphological learning 
with Transformer-based global contextual modeling 
provides highly complementary information for ECG 
classification. In particular, the Adaptive Attention Fusion 
mechanism enables the network to dynamically balance 
local and global feature representations according to the 
characteristics of each ECG sample, resulting in more 
robust and stable classification performance across 
different ECG patterns. 

When compared with the existing method proposed 
by Quancheng Geng et al. [16], which reports a sensitivity 
of 72.3% and a specificity of 73.9%, the proposed Hybrid 
CNN-ViT framework achieves substantial improvements 
of approximately 16.8% in sensitivity and 6.5% in 
specificity. These results confirm the effectiveness, 
robustness, and strong generalization capability of the 
proposed framework compared with existing state-of-
the-art methods. 

Table 1. Comparison results between our method and SOTA method 

Model Sensitivity Specsitivity 

ViT-B/16 + AT 82.32 69.49 

ViT-B/16 + CCA 87.31 75.35 

Resnet50 + AT 80.15 60.55 

ResNet50 + CCA 84.81 73.62 

Hybrid CNN-ViT 89.12 80.38 

Quancheng Geng et al. [16] 72.3 73.9 

5. CONCLUSION 

This paper presents a novel Hybrid CNN-ViT 
framework for cardiovascular disease classification using 
ECG signals transformed into multiple 2D 
representations, including GAF, RP, and MTF. The 
proposed framework combines CNN-based local feature 
learning and Transformer-based global contextual 
modeling through an Adaptive Attention Fusion 
mechanism, enabling effective extraction of 
complementary ECG characteristics. In addition, the 
proposed Cross-Channel Attention (CCA) mechanism 
enhances inter-representation feature interactions and 
improves discriminative feature learning from ECG 
signals. Experimental results on the PTB-XL dataset 
demonstrate that the proposed Hybrid CNN-ViT 
framework achieves superior performance compared 
with conventional CNN-based models, Transformer-
based models, and existing state-of-the-art methods 
while maintaining a favorable balance between 
sensitivity and specificity. In future work, we will focus on 
extending the proposed framework to multi-lead ECG 
datasets and incorporating multi-task and self-supervised 
learning strategies to further improve generalization 
capability and practical deployment in real-world 
healthcare applications. 
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