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Abstract

Despite the rise of digital electrocardiogram (ECG)
technology, paper-based ECGs continue to be prevalent,
especially in underrepresented and underserved commu-
nities. This paper presents the DSAIL team’s participa-
tion in the George B. Moody PhysioNet Challenge 2024
to develop an open-source algorithm for classifying ECG
images. We fine-tuned a pre-trained InceptionV3 model
on the PTB-XL dataset, comprising 21,799 12-lead ECG
recordings, supplemented with synthetic ECG images from
the ECG-Image-Kit. The model was trained using 80% of
these images, reserving 20% for validation. Our choice of
the InceptionV3 architecture leverages its capability to ef-
fectively capture local and global features, which is cru-
cial for the inherent variability in ECG image patterns.
The model achieved a validation macro F-measure score
of 0.429 on a dataset accessible only to the organizers, se-
curing 6th place on the official classification leaderboard.
However, the algorithm struggled with mobile phone im-
ages of stained, deteriorated, and cleaned ECGs, yielding
a low F-score of 0.08. In contrast, it performed signifi-
cantly better on color scans of clean and deteriorated pa-
per ECGs, achieving an F-score of 0.5. Although further
improvements are necessary, neural network-based algo-
rithms demonstrate promising potential for enhancing ac-
cess to ECG-based diagnosis and cardiac care.

1. Introduction

Cardiovascular diseases (CVDs) are the most common
cause of mortality globally, with an estimated 17.9 mil-
lion deaths in 2019. CVDs account for 32% of all global
deaths, of which 85% were due to heart attacks and strokes.
Over three-quarters of these deaths occurred in low and
middle-income countries, underscoring a stark disparity in
health outcomes and access to care [1]. This prevalence
highlights a critical need for scalable and efficient diag-
nostic tools, particularly in regions with limited health-
care resources. Electrocardiograms (ECGs) are crucial for
CVD diagnosis, but traditional manual analysis is time-
consuming and resource-intensive [2-5]. However, the
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recent advancements in artificial intelligence, particularly
deep learning, have shown promise in automating ECG
analysis, offering potential solutions for improving effi-
ciency and accuracy.

Researchers have explored various methods for detect-
ing atrial fibrillation (AF), a common arrhythmia, from
ECG recordings. These include improved neural networks
and classifiers, such as random forest classifiers and deci-
sion tree ensembles. The use of techniques such as con-
volutional neural networks (CNNs), recurrent neural net-
works (RNNs), deep belief networks, and stacked auto-
encoders for patient-specific ECG classification has also
been investigated, emphasizing the importance of multi-
level features and advanced algorithms for accurate detec-
tion [5-9].

Studies have demonstrated the effectiveness of deep
learning in ECG classification for diagnosing various car-
diovascular conditions [10]. Preserving temporal informa-
tion in ECG signals has been found crucial for accurate
diagnosis. Specifically, long short-term memory (LSTM)
networks, have achieved high accuracy in classifying dif-
ferent heartbeat types, showcasing the potential of auto-
mated feature extraction without the need for extensive
preprocessing [11].

This paper builds upon this literature, presenting our
contribution to the George B. Moody PhysioNet Challenge
2024 [12]. We leverage InceptionV3, a state-of-the-art
deep learning architecture, for the classification of ECG
images. The focus is on creating an open-source algo-
rithm that can classify ECGs from both conventional paper
printouts and digital platforms. Through the integration
of CNN-based technologies, this research seeks to provide
robust, scalable, and precise ECG analysis tools, bridging
the gap between traditional analysis techniques and mod-
ern digital solutions. These innovations hold particular
promise for enhancing cardiac care in resource-limited en-
vironments, making accurate diagnostics more accessible.

2. Method

We fine-tuned an Inception V3 [13] model, a convolu-
tional neural network architecture, to classify ECG images
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into 11 classes. This work was done in PyTorch and the
code is open-sourced and published on GitHub '.

2.1. Data

We utilized waveform and label data from the pub-
licly available PTB-XL dataset [14—17], which comprises
21,799 12-lead ECG recordings.

To augment the training dataset, we employed a syn-
thetic ECG image generator from ECG-Image-Kit[18,19],
to generate synthetic ECG images from time-series ECG
data, including various artifacts such as one shown in fig-
ure 1. The generated images were then used to fine-tune
the InceptionV3 model and the labels.

Figure 1. An example of an ECG image generated using
ECG-Image-Kit

2.1.1. Data pre-processing

All input images were resized to uniform dimensions
of 425x550 pixels to standardize the input size across the
dataset. Additionally, we converted all images to the RGB
colour space, ensuring consistent colour representation.
The dataset was divided into distinct training and valida-
tion sets, with the training data comprising 17,418 samples
and the validation data divided into two folds: fold 9 with
2,183 samples and fold 10 with 6,198 samples. Each sam-
ple within these folders was structured to include a header,
a PNG image file, and an associated data file.

2.2. Classification model development

We employed the InceptionV3 architecture as illustrated
on figure 2. The InceptionV3 model is well-regarded for its
optimization of depth and width, making it particularly ef-
fective for image recognition tasks. It was originally devel-
oped to address challenges where computational resources
are limited. InceptionV3 incorporates multiple kernel sizes

LGitHub link of the code https://github.com/vickruto/ph
ysionet-challenge-2024-dsail-full-dataset.git

within its convolutional layers, enabling it to capture spa-
tial hierarchies in images across different scales. This ar-
chitecture enhances its ability to recognize complex pat-
terns with improved efficiency.

For the ECG image classification task, we adapted In-
ceptionV3 by adding another linear layer on top of the
model to allow for the classification of the 11 types of car-
diac conditions represented in our dataset. We conducted
a fine-tuning process of the pre-trained model using the
PTB-XL dataset, enhanced with synthetic images gener-
ated by the ECG-Image-Kit to represent a wider variety of
ECG signal conditions, including artifacts.

The training was conducted over 20 epochs using the
Adam optimizer with a weight decay of 0.0001 and binary
cross-entropy loss to handle the multi-label classification
task. The model’s efficacy was validated through a strati-
fied 10-fold cross-validation process, allowing us to assess
its performance across different subsets of data, optimizing
generalizability and reducing overfitting risks. The experi-
ment was run on a Kaggle notebook with an accelerator on
for 4 hours.
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Figure 2. Workflow of ECG Image Classification Using
InceptionV3.

2.2.1. Testing other architectures

Furthermore, we finetuned additional architectures: Ef-
ficientNet [20], EfficientNetV2 [21], Swin Transformer V2
[22], and ResNeXt [23] chosen based on their documented
performance metrics and parameter efficiency as reported
in PyTorch’s documentation. These models were assessed
under similar training conditions as InceptionV3 described
above to understand their respective efficacies in classify-
ing ECG images. The variations in architecture offered in-
sights into the trade-offs between computational demand
and diagnostic performance, crucial for deploying these
models in resource-constrained environments. Compara-
tive performance metrics of these models are discussed in
the results section.
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3. Results

The performance of the evaluated models is summarized
in Table 1, which includes F-scores from our local valida-
tion folds, batch size, and GPU time on a P100 GPU in
Kaggle. Table 2 shows a hidden dataset’s official evalua-
tion from PhysioNet organizers.

EfficientNetBO achieved the highest F-score in our local
validation set. However, it did not surpass InceptionV3 on
the organizers’ training set: An F score of 0.359 against
Inception’s of 0.429. Other variants of EfficientNet archi-
tecture performed relatively in the same range.

Conversely, Swin Transformer V2 recorded the lowest
F-score. This underperformance could be attributed to
the model’s complexity and the need for more extensive
fine-tuning to adapt to the specific challenges presented by
ECG image classification.

Table 1. Different models and validation results and the
various hyperparameters we tested

Model Batch size  F-score (fold 9/10)  GPU time (hrs)
InceptionV3 32 0.610, 0.598 4.8
EfficientNetBO 32 0.630, 0.622 4.7
EfficientNetB5 8 0.565, 0.582 6.1
EfficientNetV2s 24 0.601, 0.582 5.3
EfficientNetV2m 8 0.555, 0.545 6.1
Swin 8 0.056, 0.056 7.9
ResNeXt 8 0.533, 0.526 5.0

From the submissions to the organizers, table 2 is the
performance of the InceptionV3 against different types of
ECG images.

Table 2. F-measure scores of the InceptionV3 for different
types of ECG images

ECG Image Type F-measure
Leaderboard F-measure 0.429
Color scans of clean papers 0.502
Black-and-white scans of clean papers 0.118
Mobile phone photos of clean papers 0.072
Mobile phone photos of stained papers 0.080
Mobile phone photos of deteriorated papers 0.078
Color scans of deteriorated papers 0.463
Black-and-white scans of deteriorated papers 0.093
Screenshots of computer monitor 0.104
Official Rank 6 out of 16
4. Discussion and Conclusion

This study illustrates the potential challenges of utiliz-
ing deep learning models for classification of ECG im-
ages. InceptionV3, among other tested models, has shown
promising results, suggesting that deep learning could sig-
nificantly enhance diagnostic accuracies in cardiac care,

especially in resource-limited settings. The observed vari-
ability in model performance across different architectures
underscores the absence of a universal solution, necessitat-
ing careful selection of model architecture tailored to spe-
cific clinical needs and dataset characteristics.

Overall, integrating Al into healthcare, through projects
like this one offers a promising avenue to address some
of the pressing challenges in global health, particularly in
enhancing the accessibility and quality of diagnostic ser-
vices.

5. Future Work

Future work could focus on exploring the integration of
ensemble techniques and expanding the dataset variabil-
ity to include more diverse and larger datasets to enhance
the generalizability of the models. Additionally, we plan
to explore more advanced pre-processing techniques for
ECG images. For instance, we experimented with detect-
ing all leads using YOLOvV8 [24] with oriented bounding
boxes (OBB). After cropping the detected leads, we ap-
plied Otsu’s method to binarize the images, and then com-
bined the binarized leads into a new composite image, as
shown in Figure 3. While we ran out of time to fully imple-
ment and test this approach before the challenge submis-
sion, we believe that this data pre-processing step could
significantly enhance the performance of fine-tuned mod-
els.
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Figure 3. Future pre-processing steps
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