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Abstract

INTRODUCTION: Clinical 12-lead Electrocardiogram (ECG) image ¢’ .ific. = faces key = .ations, including
insufficient capture of fine-grained waveform details, compromised integcation ot  al-global rhythmic contexts, and
suboptimal modeling of multi-lead spatial relationships.

OBJECTIVES: This study aimed to propose Swin-LGF-FPN, ar .cuu,.nt image class, ~tion model based on Swin
Transformer architecture, to address these challenges and imp’ .e the accuracy of ECG imnage classification for early
cardiovascular disease screening.

METHODS: The enhanced framework integrated multi-scale F« ure Pyramid N¢ rork (FPN) modules with an improved
Swin Transformer backbone to effectively fuse local and globay atures. Axial :mporal Attention was incorporated to
strengthen temporal feature extraction across ECG w~veforms. Gra. +weigh* Class Activation Mapping (Grad-CAM)
visualizations were used to demonstrate feature sal. «_ ~“e model w.. sdated on two publicly available datasets: the
ECG Images dataset of Cardiac Patients and PTB- ", wi.. “aormance compared against baseline models including
ResNet-34 and Vision Transformer (ViT).

RESULTS: The results indicated that Swi» ™ GF-FPN s v _antly outperformed baseline models in key metrics, including
overall accuracy and Fl-score. Grad-C~ . vi. ‘izations -owed significantly enhanced feature saliency in critical regions,
as evidenced by heatmaps superimp .d on ori 1al imagt

CONCLUSION: The Swin-LGF-~ N'modelr _ctively cla fies ECG images, showing robust performance and promising
translational potential for earl” cai.  ascr’ ... .ning.

echocardiography, cardiac MRI, CT) and laboratory
. . biomarkers [2]. As a non-invasive cardiac signal recording
fiovascular diseases (CVDs), the leading global cause of technique, ECG is essential for early screening, disease
ty, claim approximately 17.9 million lives annually —qcocsment, and treatment monitoring, given its painlessness,
to the World Health Organization. Early 5 oot operational simplicity, and clinical availability.
\ ¥n and appropriate intervention for CVDs are critical  Tpece advantages underpin its status as a first-line diagnostic
to improve prognosis in high-risk populations [1]. Current (1 ondorsed by clinical guidelines [3,4].

CVD detection spans imaging modalities (ECG,
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Conventional ECG analysis depends on physician-based
manual interpretation, entailing significant time and resource
expenditures. With advances in artificial intelligence (Al),
machine learning (ML) increasingly enables automated ECG
abnormality detection [5,6]. Existing ML-based ECG
analysis techniques primarily process raw temporal data from
single-lead or multi-lead signals [7], categorized into two
paradigms:

(1) Feature-engineering-based methods, which require
expert-guided manual annotation of key characteristic points
(e.g., R-peaks, QRS onset/offset) to build classification
models [8];

(2) End-to-end deep learning approaches that directly learn
abstract representations from raw signals or transformed
images, thus minimizing human intervention [9].

Feature-engineering-based methods primarily employ
composite features from specific waveforms, intervals,
segments, or peaks [10,11]. Liu [12] developed an arrhythmia
classification framework combining an enhanced dual-branch
SE-ResNet with expert-defined features. Kraft [13]
implemented a 1D U-Net architecture using convolutional
blocks for QRS complex detection in normal sinus rhythm
and premature ventricular contractions. Wu [14] achieved
high-precision R-peak detection by applying a squared
window variance transform to enhance QRS complexes and
suppress noise, coupled with adaptive thresholding.
Katamreddi [15] employed dual-tree complex wame
transforms to extract morphological features and iso
peaks. Abdel-Rahman [16] adapted Faster R-C

Compared with the substanti
engineering on expert priors

Mantravadi [17] dev
network (CLINe

omplex temporal
1 cross-attention network. Ahmad
into three representations:
ence plots, and Markov
dual multimodal fusion
eimann [20] improved atrial
performance by 6.57% through
large-scale raw ECG datasets with
thing. Zhou [21] integrated hybrid-scale
es with lead-encoder attention (LEA) mechanisms to
rphological-temporal information.

pugh raw ECG signal-based classification achieves
high precision, it faces two fundamental constraints. First, the
scarcity of high-quality labeled datasets arises from stringent
patient privacy regulations and ethical barriers, limiting
publicly available resources. Existing databases typically
have restricted sample sizes. For instance, the MIT-BIH
Arrhythmia Database includes just 47 patient records [22],
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while the American Heart Association (AHA) database
contains only 154 subjects [13]. Second, printed or digital
ECG images are ubiquitous in medical institutions owing to
universal applicability and archival convenience [23],
offering a practical data source overcoming limitations in
ECG anomaly classification.

Recent research has prioritized deep
computer vision techniques for direct diagngg
extraction from ECG images. Jothiaru
MobileNet-FPN architecture combining
maps with single-shot detector;

monitoring
modules for

ao [28] proposed a weakly supervised
ntifying abnormalities in unprocessed
image-level annotations. Fatema [29]
oval preprocessing to enhance ECG
nstructing an InResNet-106 architecture
InceptionV3 and ResNet50. Khalid [30]
ECGConVT, fusing CNNs with Vision
ransformers for myocardial infarction and arrhythmia
classification via multilayer perceptron fusion. Ma [31]
developed Mamba-RAYOLO, incorporating multi-branch
feature extraction, dynamic attention mechanisms, and spatial
fusion for real-time ECG image classification.

Although existing ECG image classification methods
enhance feature extraction capabilities, they typically suffer
from poor interpretability and frequently neglect spatial
correlations across multi-lead configurations. Crucially,
classification performance depends on precise fusion of local
waveform details with global rhythm patterns, while
confronting challenges such as lead spatial misalignment,
limited image resolution, information loss, and interference
from clinical annotations [28]. These factors substantially
increase feature extraction and classification complexity.

To address these limitations, we developed Swin-LGF-
FPN, an enhanced ECG image classification model based on
Swin Transformer. The proposed model offers a novel
approach for Al-assisted ECG interpretation, demonstrating
potential for integration into clinical workflows. The
principal contributions were:

(1) To enhance the model's capacity for perceiving details in
key ECG waveforms and for integrating multi-scale features,
the model incorporated a deep integration of the hierarchical
windowed attention mechanism from the Swin Transformer
and leveraged the strengths of the Feature Pyramid Network
(FPN) in multi-scale feature extraction.

(2) The proposed ECG-LGF module enhanced local-global
feature integration via an Axis-aware Temporal Attention
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(ATA) mechanism, which sharpened the model's focus on
diagnostically salient temporal features in ECG waveforms
and augmented its overall feature extraction power.

(3) The model demonstrated superior performance across
multiple evaluation metrics on two independent public ECG
datasets, quantitatively confirming its efficacy in ECG image
classification. Furthermore, Grad-CAM visualizations
revealed that the model's decisions were consistently driven
by pathologically critical features.

2. Proposed Methodology

The overall workflow of this study is schematically
illustrated in Figure 1. Figure 2 depicts the architecture of the
proposed Swin-LGF-FPN model. This model was designed
to improve discriminatory accuracy for pathological
categories through the extraction and fusion of features across
multiple spatial scales and hierarchical levels in ECG images.
An optimized Swin Transformer backbone was g
extract multi-level features, which werg
enhanced by an ECG-LGF module angd
multi-scale feature pyramid via an F
classification output was generated §
class imbalance in the dataset, Fog
training, while translation
mitigate overfitting.
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Figure 2. Structure of the proposed Swin-LGF-FPN model
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Figure 3. Workflow of Image Preprocessing

2.1 Image Preprocessing

Before model input, raw ECG images were processed
through a preprocessing workflow (Figure 3) to remove
redundant components, including background grid lines
and header/footer annotations. This process mitigated
noise interference in feature extraction, prevented feature
and reduced prediction distortion,
the of ECG

classification [29]. Following vertical-edge cro

acquisition bias,

consequently  improving accuracy
canny edge detection was applied to precisely ide
This

computing gradient magnitude and g

ECG waveform boundaries. step

& edge smoothness and continuity. This
acess utilizes closing to fill internal cavities and opening
to ove isolated noise points. The combined operation
is mathematically defined in Equation (3).

Ienhancea = [Ucanny @ Bs) © Bs| © Bs @ Bs  (3)
where Ionnancea 1S the image after closing-opening
operations, I.gnny is the canny edge detection result,

and &

< EAI

represent dilation and erosion operators,

essed Images

ined through inter-class variance

ulated in Equation (4).

o(M w1 (T) (1o (T) — 1 (T))?]
Ienhanced (x, Y) >T" (4)
0 otherwise

T) is the proportion of pixels in the background
T) is the proportion of pixels in the waveform
area, [y(T) is the average gray level of the background
area, U (T) is the average gray level of the waveform area,
and Iring (x,y) is the value of the binarized image at
position (x, y).

Computational efficiency and ECG waveform edge
feature preservation were balanced by resizing pre-
processed ECG images to 640 pixels via image scaling.
This

subsequent model training.

standardization optimized input quality for

2.2 Swin Transformer Backbone Network

Functioning as the backbone network, the optimized Swin
Transformer balanced computational efficiency and global
modeling capability using Window Multi-Head Self-
Attention (W-MSA) and Shifted Window Multi-Head Self-
Attention (SW-MSA). Hierarchical feature maps were
generated through a four-stage downsampling, with an
enhanced Local-Global Feature Fusion Module (ECG-
LGF Module) integrated at each stage terminus to augment

ECG waveform feature extraction.
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Following Patch Embedding, preprocessed ECG images
were processed through the four-stage Swin Transformer
backbone. Three critical operations enabled hierarchical
feature extraction:

(1) Intra-stage computation: Multiple consecutive Swin
Transformer blocks per stage facilitated cross-window
global context modeling with reduced computational
complexity. Figure 4 illustrates the core architecture,
where W-MSA and SW-MSA [32] underwent alternate
computation governed by Equations (5)-(8), where F;_,
denotes the input features to the Swin Transformer block,

and F;,, represents the output features from the block.

Fioq = W — MSA(LN(F;3)) + Fi_, (5)
F; = MLP(LN(F;-1)) + Fi—4 (6)
Fiyp = SW — MSA(LN(F)) + F; (7)
Fiya = MLP(LN(Fi41)) + Fiyq (®)

(2) Inter-stage downsampling: A Patch Merging layer was
employed to connect consecutive stages, halving spatial
resolution while doubling channel depth to generate
downsampled features for the next stage.

(3) Stage-terminal enhancement. An ECG-LGF Module
was integrated following each stage, taking the ;
Transformer block's output features as input to fuse

features with global rhythm patterns.

2.3 ECG-LGF Module

proposed, with its detailed architecture depicted in Figure
5. This module consisted of two parallel pathways defined
by Equation (9) and Equation (10):

(a) Local pathway: Depthwise separable convolution
(DWConvsy3) extracted local features, succeeded by 1x1
convolution for channel adjustment, Grouplg

GELU activation.
Local(x)

through 1x1 convolution
Global(x) = Upsa

gions along the ECG image's horizontal
sino adaptive weighting. Spatial weight mappings
ere acquired by two successive 1x1 convolutional layers
separated by GELU activation. The axial temporal
attention weight map is generated through a Sigmoid
function (o), which modulates the feature tensor f; by

element-wise multiplication (©):
Axial_Attn

= £,00(Convy, (GELU (Convy (£))) (13

F;' i+1 FJ+2

LayerNorm |—P MLP }—b%

F
LayerNorm H SW-MSA —@-'—W‘—v{ MLP —b@—b

Figure 4. Structure of Swin Transformer Block.
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Figure 5. Structure of ECG-LGF Module.
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The ATA-weighted features were combined w
module's original input via residual connection, yie

enhanced output features as formulated in Eguation (14
Foue = Axial_Attn + x
Integrating local morphologg

rhythm patterns, and the ATA m®8

Module produced optimize

to the FPN neck,
improving disca extraction of key

delivered spatially

aid Network (FPN) integrated multi-level
ures optimized by the ECG-LGF Module from the
bone, transmitting deep-layer semantic information to
high-resolution features. This constructed a
feature pyramid with complementary spatial resolution and
semantic content, as illustrated in Figure 6.

(1) Channel alignment transformation: A dual-path

residual architecture was employed. The primary path

< EAI

out
F§

via 1x1 convolution. Both paths fused outputs

through eclement-wise addition, mitigating gradient
vanishing while enhancing information integrity through
original feature preservation. For each hierarchy level i, the

channel alignment transformation followed Equation (15):
F; = ReLU (BN (Convs,3(F{™))) (15)

+ BN (Convy x4 (F™))

Where F; denotes the transformed output, FI" denotes the
input feature map, and BN denotes Batch Normalization.

(2) Top-down feature fusion: Utilizing aligned multi-scale

features, this module is initiated from the highly abstract

top-level features (F,). It upsampled features to match

adjacent lower-level spatial dimensions via bilinear

interpolation (Equation (16)), then fused the upsampled

results with current-level aligned features (F3) through

element-wise addition. The fused features (F3,) iteratively

propagated downward for subsequent layer-wise
integration.
UE) = ) > Fle k] Blh - aph')
4 (16)
: ﬁ(w - a(uw,)

Where c is the number of feature channels, h”is the time
axis coordinate of the feature map, and w is the lead axis
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coordinate of the feature map, ay, is the time axis scaling
ratio, and «,, is the lead axis scaling ratio.

The top-down fusion module produced three
hierarchical outputs (Equations (17)-(19)). High-level
features encapsulated global rhythm characteristics, while
low-level features preserved local waveform morphology.
Their element-wise summation intrinsically combined

rhythm and morphological information across scales.

F34=U(F4)+F3 (17
Fyza = U(F34) + F, (18)
Fio34 = U(Fp34) + Fy (19)

(3) Feature refinement module: This module suppressed
discontinuous artifacts from direct cross-scale fusion by
optimizing the spatial smoothness of fused features. The
refined output produced the feature pyramid's final feature
map FP'"* as defined in Equation (20)-(23).
FP*t = ReLU(Convsy3(BN(F,))) (20)
F9* = ReLU(Convsy3 (BN (U(F,) + F3))) 21
F{* = ReLU(Convsus(BN(U(F54) + F2)))  (22)
F{** = ReLU(Convsxs(BN(U(Fy34) + F1)))  (23)
These
morphological details and encoded global rhgthm

refined feature maps preserved critical

semantics, constituting a hierarchical
representation. Cross-scale fusion amplified patholo
signatures across resolutions, enhancingasaotability
lesion size variations while delivey

features for classification.

2.5 Training process optimization

< EAI

During model training, Focal Loss, an AdamW optimizer
coupled with a linear Warm-up Cosine Annealing
scheduler, and translation augmentation were employed to
mitigate class imbalance and overfitting risks while
enhancing model accuracy.

Focal Loss modified the standard Cross-Eg

defined in Equation (25).
Focal_Loss(p;) = —«

enhance regularization in

verfitting [34]. Equation

mathematically defines this training-specific

m

(\/m + /19t—1> (26)

t decay coefficient 1=0.05, the initial
te n=3e-5, 0; denotes the model parameter at
step ¢, € is a numerical stability constant, and m; , U;
represent bias-corrected first-moment and second-moment
estimates, respectively.

The learning rate was dynamically adjusted during training

via a Cosine Annealing scheduler with linear warmup

(Equation (27)):
Nt
( 1 t
3 Nmin + E(n - nmin) m t< Twarm (27)
= 1 T
Nmin + 5 (1 = Mmin) [1 + COS( warm)] else
2 Tnax

where the minimum learning rate 7),,,;, is set to 0.001 times
the initial learning rate, the warmup period T,,4m 1S 30
epochs, and the cosine decay period Ty, ., accounts for 70%
of the total epochs. Empirical results demonstrate that
AdamW with this scheduler reduced overfitting while
maintaining stable convergence.

This study employed translation augmentation to
enhance the ECG image dataset. This approach boosted
model generalization, reduced overfitting risks, and
preserved critical waveform attributes (morphology,
amplitude, duration). During training, images were

randomly translated along temporal and voltage axes by
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<10% of image dimensions, simulating natural variations The second dataset, PTB-XL, was a large-scale public
such as temporal phase shifts and electrode-induced ECG database that contained 21,837 clinical 12-lead
baseline drift. Original ECG images are shown in Figure recordings from 18,885 patients, each spanning 10 seconds
7a, while the augmented results are displayed in Figure 7b. [36]. Its multi-label coexistence and broad age/gender

distribution reflected real-world complexity, although the

original data were in digital signal format.

| o eqe . .
LJVLNL,% ﬂwwwﬁuﬁﬂﬁfﬂﬁﬂ,u}fw, compatibility with image-based models
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Figure 8. Sample images from the ECG Images
dataset of Cardiac Patients
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Figure 9. Sample images converted from the PTB-
, the ECG Images dataset of Cardiac XL dataset

ficnts, was a public repository curated by the Ch. Pervaiz
b Institute of Cardiology, Multan, Pakistan [35]. It

ged 928 patient records spanning four diagnostic

Table 1. Summary statistics of the two datasets

categories, featuring 12-lead ECG images acquired via

tele-health diagnostic tools. All images exceeded 800 KB Dataset Number of Class Name Total

Classes Samples

in file size, with representative samples illustrated in

Figure 8.
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ECG Images Abnormal Heartbeats, The core evaluation metric for ROC curves is the Area
g Myocardial Infarction, .
Dataset of 4 History of Myocardial 928 Under the Curve (AUC), representing the area beneath the
Cardiac Infarction. Normal ROC curve, defined by Equation (35).
Patients ; 1
Heartbeats
Normal, Myocardial AUC = J- TPR(FPR) dFPR (35)
Infarction, ST-T 0
PTB-XL 5 Changing, Conduction 21837

Disturbance, 3.2 Experimental Setup
Hypertrophy

DIA GeForce

Experimental hardware comprised an
Both datasets underwent stratified random sampling RTX 4070 Ti GPU (16GB V
without replacement: 20% per class was allocated to Core 1i5-14600KF process

validation sets, while the remaining 80% was used for

training. Fixed random seeds ensured reproducibility of training, each epoch
this split. the training set
Comprehensive evaluation of Swin-LGF-FPN on the validation se

ECG Images Dataset of Cardiac Patients and PTB-XL across all

datasets utilizes standard classification metrics: Overall

Accuracy, Specificity, Recall, Precision, and F1 Score. crease parameter update

Mathematical definitions are given by Equation (28)-(32): celerates convergence but extends

TP+ TN

Overall accuracy = P TIN T FP TN (28) 1 i ile larger batches demand greater

Specificity = maintained an optimal balance between

ficiency and model effectiveness.
Recall =

To prevent overfitting and enhance generalization, an
early stopping criterion was implemented to terminate
training if the validation loss failed to decrease for 15

consecutive epochs. The embedding dimension was set to
where TP, TN, FP, and F, NY0sitives, True

Negatives,

96 to fully characterize ECG signal details and higher-

Negatives, False order features. Preliminary experiments had established 96

respectively. as the optimal value for preserving critical features while
controlling model complexity. To accelerate computation,
enhance training stability, and reduce memory footprint,
the proposed model adopted mixed-precision training
(FP16) with L2-norm gradient clipping at a maximum

threshold of 0.5, thereby preventing gradient explosion.

3.3 Performance comparison of ECG image
classification

To validate the superior ECG image classification

discriMinative capacity for distinguishing positive and performance of Swin-LGF-FPN and assess feature fusion

negative samples [38]. efficacy, we benchmarked against established state-of-the-
TPR(z) = Lie positiv; ;ar-rll_pl;]sv [(si27) (33) art image classification models: ResNet-34, Vision
3, je negative samptes | (57 = T) Transformer (ViT), MobileViT, and ConvNeXt. As

FPR(7) = TN + FP (34) evidenced in Table 2 and Table 3, the proposed model
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consistently significantly surpassed all baselines across class imbalance in PTB-XL, the model maintained robust
every metric on both datasets. generalization capability and high performance levels. To

The proposed model achieved an overall accuracy of visually demonstrate cross-model performance disparities,
0.9945 and an Fl-score of 0.9945 in Table 2, with Figures 10 and 11 compare overall accuracy and F1-scores

specificity reaching 0.9983. In Table 3, notwithstanding across models on both datasets.

Table 2. Comparison with baseline methods on the ECG Images dataset of the Cardiac Patieg

Method a(c)c‘llf::il)f Specificity Recall
Resnet-34 0.9672 0.9889 0.9607
Tr;’;;gf{;ler 0.9727 0.9907 0.9652
MobileViT 0.9781 0.9925 0.9781
Swin Transformer 0.9891 0.9966 0.9891
ConvNeXt 0.9891 0.9964 0.989
Our Model 0.9945 0.9983
Table 3. Comparison with baseline m@hods on the -XL dataset
Method Overall Precision F1-Score
accuracy
Resnet-34 0.7698 0.7717 0.7604
Tra\;‘ssfl:r?ner 0.7713 0.7690 0.7630
MobileViT 0.7700 0.7676
Swin Transformer 0.7804 0.7764
ConvNeXt 0.7752 0.7733
Our Model 0.7840 0.7842

. Ablation study of different components on the PTB-XL dataset

Overall

Specificity Recall Precision F1-Score
accuracy

0.7779 0.9334 0.7779 0.7804 0.7764

0.7843 0.9326 0.7843 0.7788 0.7797

0.7819 0.9267 0.7819 0.7761 0.7694

without 0.7860 0.9314 0.7860 0.7829 0.7804

Refinement

oposed Method 0.7894 0.9336 0.7894 0.7840 0.7842
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hation studies validated the necessity of each
component by sequentially removing the ECG-LGF
Module, FPN Neck Network, and Feature Refinement
Module, using the Swin Transformer backbone-only as the
baseline reference (Table 4). Considering the limited data

volume of the ECG Images Dataset of Cardiac Patients
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Figure 13. Ablation model performance comparison
(Accuracy & F1) on the PTB dataset

(928 images), which was insufficient for thoroughly
validating model components in complex diagnostic
environments, the PTB-XL dataset was selected as the
primary ablation platform due to its advantages in clinical
complexity and annotation scale. Figure 13 visually
compares performance disparities (overall accuracy and
F1-score) among the ablation variants on PTB-XL.

The results demonstrated that the full model (Proposed
Method) achieved optimal metrics. Removing any
component degraded performance, confirming the
architectural integrity and effectiveness. Although all
ablation variants surpassed the backbone-only baseline in
overall accuracy, the variant without the FPN Neck
Network exhibited a 0.7% F1-score reduction versus the
backbone and a 1.48% decline relative to the full model,

representing the most significant performance drop. This
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evidenced the critical role of FPN in multi-scale feature

integration.

3.4 Grad-CAM-Enhanced Decision
Interpretability

Grad-CAM localized model decision-critical regions by

computing target-class gradients relative to final

convolutional features, generating weight coefficients
through global average pooling, linearly combining

weighted feature maps with ReLU activation, and up-

sampling to input resolution. Figure 14 visugl

To enhance model interpretability and clinical
credibility, this study employed Grad-CAM, a gradient-
based visualization technique [39]. The computation

followed Equation (36) and Equation (37):
1 Your
c__ _Jout
ag zzizj aAi'(j (36)

LGrad—cam = ReLU(Zkali A{'{j (37)

where Y, is the prediction score of the target class c, Ai-‘]-
is the k-th feature map, aj, is the importance weight of
feature map k for class ¢, and LG,;4_can 1S the class

activation map with original resolution.
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Figure 15. Examples of attention overlay visualization generated by Swin-LGF-FPN.
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4. Conclusions

(1) This work proposed the Swin-LGF-FPN, a Swin

Transformer-based architecture for ECG image classification.

The backbone network extracted multi-scale features from
preprocessed ECG images, which were enhanced by the
ECG-LGF Module to refine waveform-specific feature
representation. A Feature Pyramid Networks (FPN) served as
the neck network, fusing multi-scale features to preserve local
morphology and capture axial-temporal dependencies
through global context modeling, thus enabling intelligent
ECQG classification.

During training, Focal Loss was employed to mitigate
class imbalance, while the AdamW optimizer with a Warmup
Cosine Annealing scheduler was used to ensure stable

convergence and prevent overfitting.  Translation
augmentation of ECG images was applied to enhance model
generalization.

Evaluations on public ECG datasets (the ECG Images
Dataset of Cardiac Patients and PTB-XL) showed that the
proposed model achieved efficient classification with
superior performance across all key metrics compared to
baseline methods. ROC curves on PTB-XL confirmed robust
generalization under complex data distributions, while
ablation studies validated the essential contributions of each
architectural ~ component.  Grad-CAM  visualizations
demonstrated that, in contrast to the dispersed at
patterns of baseline models, our model exhibit
concentrated focus on pathological regions within
waveforms, enhancing interpretability.

The findings suggest that this model & atential

multi-label datase we emphasize that it

ct tool rather than a
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