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Abstract

This study proposes a multi-model fusion approach for
digitization and classification of paper electrocardiograms
(ECGs). We employ You Only Look Once version 10
(YOLOv10) for ECG signal area detection, DPLinkNet34
for image binarization, and GoogLeNet for multi-label
classification. Our method excels in processing ECG im-
ages of varying quality, particularly those with noise and
distortions. In the official phase of the TimeBeater team,
on the hidden test data, we obtained a signal-to-noise ra-
tio (SNR) of -0.056 for the digitization task, ranking 8th out
of 16 teams, and a macro F-measure of 0.183 for the clas-
sification task, ranking 13th out of 16 teams. These scores
are consistent with the published scores on the Challenge
website. Additionally, on 5-fold cross-validation of the
training set, we achieved an SNR of 7.273 and a macro F-
measure of 0.833, though these cross-validation results are
not comparable to the official challenge scores. This study
is part of the ”Digitization and Classification of ECG Im-
ages: The George B. Moody PhysioNet Challenge 2024 .

1. Introduction

Electrocardiogram (ECG) analysis plays a crucial role in
cardiovascular disease diagnosis, but the digitization and
classification of paper ECG records remain challenging.
This study presents ECGFusion, an innovative deep learn-
ing framework for digitization and classification of paper
ECGs. Our approach integrates advanced computer vision
and signal processing techniques, utilizing tools and tech-
nologies provided by ECG-Image-Kit[1] and leveraging
resources from PhysioNet[2—4].
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For the digitization task, we designed an ECG signal
area detection model based on YOLOv10[5], introducing a
dynamic threshold selection mechanism to improve signal
localization accuracy in complex backgrounds. Addition-
ally, we developed an improved DPLinkNet34 model[6]
for ECG image segmentation and binarization, and imple-
mented a weighted average path algorithm to effectively
handle noise and signal interruptions. For the classifica-
tion task, we proposed a multi-label classification model
based on GoogLeNet[7], combining MultiLabelBinarizer
and adaptive loss functions to significantly enhance the ac-
curacy of ECG multi-pathology state classification. No-
tably, we designed an innovative HWDownsampling layer
based on Haar wavelet transform[8] for image downsam-
pling, effectively preserving key features of ECG signals.
By implementing an innovative multi-model fusion strat-
egy, we successfully integrated these components, achiev-
ing end-to-end processing from ECG images to multi-lead
signal reconstruction and classification. These innovations
fully utilize the advantages of deep learning in image pro-
cessing and classification tasks, providing a comprehen-
sive and efficient solution for ECG analysis.

2. Methods

This chapter provides a detailed description of our pro-
posed method for intelligent digitization and classification
of paper-based ECGs. Our system comprises two main
modules: an ECG digitization module and an ECG im-
age classification module. The digitization module, being
the core of the system, incorporates multiple sub-models
and complex processing workflows, while the classifica-
tion module focuses on multi-label image classification
tasks.
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Figure 1. Overview of Key Architectures in Our ECG Classification and Digitization Framework. (a) Classification module
with Wavelet-GoogLeNet. (b) YOLO ECG Detection module. (¢) DPLinkNet Segmentation module. (d) Detailed view of
the HDC-SPP Module Architecture within DPLinkNet. This framework integrates advanced techniques for comprehensive

ECG analysis and processing.

2.1. Dataset and Pre-processing

We utilized the ECG-Image-Kit[1] to generate a diverse
dataset of 50,000 ECG images, including clean, noise-
induced, and artifact-induced variations. The dataset was
annotated for multiple tasks: YOLOv10 (bounding boxes
for ECG signal regions and lead labels), Lead Recogni-
tion (individual lead images with corresponding identi-
fiers), DPLinkNet34 (clean, binarized images for segmen-
tation ground truth), and Classification (multi-label anno-
tations for cardiac conditions). Pre-processing involved
image standardization, noise reduction, contrast enhance-
ment, and data augmentation techniques.

2.2.  System Architecture

Our system adopts a modular design, consisting of two
core components: a multi-model fusion architecture for
ECG signal digitization and a deep learning model for
ECG image classification. The digitization module inte-
grates object detection, lead recognition, image segmen-
tation, and signal processing techniques, while the clas-
sification module concentrates on multi-label image clas-
sification tasks. This design allows for independent op-
timization of both modules while enabling them to work
collaboratively within the overall system. Figure 1 il-
lustrates our system’s overall architecture, including key
steps in the digitization module and the structure of the
classification module. Specifically, Figure 1(a) shows

the Wavelet-GooglLeNet architecture of the classification
module, while Figures 1(b)-(d) detail the YOLO ECG de-
tection, DPLinkNet segmentation, and HDC-SPP module
architectures within the digitization module.

2.3. ECG Digitization

The ECG digitization module employs a multi-stage
processing pipeline, combining computer vision and
signal processing techniques. This module incorpo-
rates YOLOvV10 for ECG signal region localization[5], a
convolutional neural network for lead recognition, and
DPLinkNet34 for image segmentation and binarization[6].
We preprocess the input image, including skew correction
using a Fourier transform-based method[9] and adaptive
compression to standardize the image size.

As shown in Figure 1(b), we employ an improved
YOLOV10 model for ECG signal region localization. This
model implements a dynamic threshold selection mecha-
nism, optimizing detection results by iterating through dif-
ferent confidence thresholds. Concurrently, we integrate a
specialized lead recognition network, a critical step in the
digitization process. This network is designed with two
convolutional layers, two max-pooling layers, a fully con-
nected layer, and finally, an output layer with 12 neurons
corresponding to 12 lead labels. Trained on a large cor-
pus of synthetic data, this model not only enhances accu-
racy and robustness in recognizing various lead labels but
also confirms the specific lead of the region localized by
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YOLO detection, providing crucial information for subse-
quent signal processing.

The detected ECG regions are subsequently processed
by the DPLinkNet34 model for segmentation and binariza-
tion, as illustrated in Figure 1(c). The DPLinkNet34 model
combines depth-wise separable convolutions and a Spatial
Pyramid Pooling (SPP) module, effectively enhancing fea-
ture extraction capabilities and receptive field. Figure 1(d)
showcases the model’s core components: the HDC (Hier-
archical Dilated Convolution) module and the SPP mod-
ule, which jointly enhance the model’s ability to process
multi-scale features[6]. The forward propagation of the
HDC module can be represented as:

HDC(x) = = + Dy (z) + D2(D1(x)) + D3(D2(D1(x)))
ey
where Dy, Do, and D3 represent convolution operations
with different dilation rates. In the signal extraction phase,
we developed a weighted average path-based algorithm to
effectively handle noise and signal interruptions. The ex-
tracted signals undergo smoothing using a Savitzky-Golay
filter and voltage calibration based on pre-computed unit
information, ensuring signal precision.

2.4. ECG Image Classification

The ECG classification module uses an improved
GoogLeNet architecture[7] for multi-label image classifi-
cation tasks. The preprocessing pipeline includes image
preprocessing, cropping, binarization, and resizing. We
introduce a Haar wavelet transform-based HWDownsam-
pling layer for efficient downsampling while preserving
key features[8]. HWDownsampling can be expressed as:

HWDownsampling(xz) = Conv(DWT(z)) )

The GoogleNet model architecture includes initial con-
volution layers, Inception modules, global average pool-
ing, and fully connected layers. The model’s output layer
is designed to accommodate multi-label output, with its
dimensions matching the predefined number of ECG cate-
gories. We utilize MultiLabelBinarizer for label encoding,
effectively handling the common occurrence of multiple
pathological states in ECGs.

2.5. Model Training

We designed unique training strategies for the digitiza-
tion and classification modules to address the character-
istics and challenges of their respective tasks. The train-
ing of the digitization module is divided into multiple
phases, optimizing YOLOvV10, lead recognition network,
and DPLinkNet34 separately.

YOLOV10 employs a novel consistent dual assignments
strategy, combining one-to-many and one-to-one label as-
signment methods. During training, the one-to-many
branch provides rich supervisory signals, while the one-to-
one branch is used for efficient end-to-end inference. This
approach maintains competitive performance with low in-
ference latency.

The DPLinkNet34 model uses dice_bce_loss as its loss
function, which is a combination of Dice loss and binary
cross-entropy loss[10]:

Lgice bee = L gice + (1 - Q)Lbce 3

The lead recognition network utilizes a classification
cross-entropy loss function and is trained on a large corpus
of synthetic data to ensure accuracy in real-world applica-
tions. The classification cross-entropy loss function for the
lead recognition network can be expressed as:

12
L==> y;log(ii) “)
=1

where y; is the true label and g; is the model’s predicted
probability.

The classification module adopts a cross-validation
strategy, utilizing the AdamW optimizer[11] with an ini-
tial learning rate of 0.001 and weight decay of le-5. We
implement a cosine annealing strategy for dynamic learn-
ing rate adjustment:

1 Teur
Mt = Mmin + 7("7mam - nmln)(l + COS(*T{')) (5)

2 max

where 7, is the learning rate at time t, 7, and Nz
are the minimum and maximum learning rates, 7., is the
current epoch, and 7,,,,. is the total number of epochs.

Through this meticulously designed training process,
our models are capable of addressing complex ECG im-
age digitization and classification tasks.

3. Results

Our method was evaluated on the hidden test set and
the public training set. Table 1 summarizes our Challenge
scores for the digitization and classification tasks on the
hidden test set.

Task Score Rank
Digitization SNR: -0.056 8/16
Classification | F-measure: 0.183 | 13/16

Table 1. Signal-to-noise ratio (SNR) and macro F-measure
of our team’s (TimeBeater) model on the hidden test data
for the digitization and classification tasks, respectively.
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These scores are consistent with the published scores on
the Challenge website.Additionally, we performed 5-fold
cross-validation on the public training set. The results are
presented in Table 2.

Task Cross-validation Score
Digitization SNR: 7.273
Classification F-measure: 0.833

Table 2. 5-fold cross-validation results on the public train-
ing set for our team’s (TimeBeater) model.

It is important to note that these cross-validation results
are not comparable to the official challenge scores and are
provided only for additional context and insight into our
method’s performance on the training data.

4. Discussion and Conclusions

This study introduced ECGFusion, a multi-model ap-
proach for paper ECG digitization and classification. Our
results highlight both the method’s potential and limita-
tions in real-world applications.

We achieved strong performance on the public train-
ing set using 5-fold cross-validation (SNR: 7.273 for dig-
itization, F-measure: 0.833 for classification). However,
performance dropped significantly on the hidden test set
(SNR: -0.056, rank 8/16; F-measure: 0.183, rank 13/16),
indicating challenges in generalization.

Our method’s strengths include its modular design and
innovative components like dynamic threshold selection
in YOLOvVI10 and the HWDownsampling layer. Despite
strong training set performance, the test set results reveal
potential overfitting and computational complexity issues.

Future work should focus on expanding the dataset,
implementing advanced augmentation techniques, explor-
ing transfer learning, and developing lightweight architec-
tures. These improvements could enhance ECGFusion’s
clinical utility, potentially improving cardiovascular dis-
ease diagnosis accuracy and efficiency.
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