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Abstract

ECG is an indispensable tool for diagnosing cardiovas-
cular diseases because it can quickly and non-invasively
monitor heart rhythms. Recent research has demonstrated
that innovative AI approaches have great potential to
advance ECG interpretation. Despite these advances,
widespread application of such techniques is hindered by
several factors such as digital copies of ECGs remain un-
available in many resource-limited areas. Additionally,
ECGs scanned from paper contain noise such as shad-
ows or creases, which are often not accounted for in dig-
ital approaches. Furthermore, contemporary research is
concentrated on detecting single conditions or diseases,
despite the possibility of their co-occurrence. To address
these shortcomings, this work investigates the application
of pretrained CNNs by fine-tuning popular models such as
AlexNet and ResNet separately for multi-label classifica-
tion of realistic and noisy ECG images. The results un-
derscore the potential for the improvement of image-based
models and suggest that future research should target this
approach to provide a scalable method for interpreting
ECG images. Our Team name is ECG UVA and got the
classification F-measure of 0.516, achieving a rank of 5/16
on the leaderboard on the hidden dataset in the official
phase of the ‘Digitization and Classification of ECG Im-
ages:George B. Moody PhysioNet Challenge 2024’.

1. Introduction

Heart disease is one of the world’s leading cause of
death. Detection of heart rhythm abnormalities is criti-
cal in efforts to treat heart disease. The electrocardiogram
(ECG) has proven to be an indispensable pre-screening
tool for cardiovascular diseases (CVDs) [1]. ECGs are
widely used to observe heart behavior, mainly due to their
non-invasive nature, reliability, and minimal risks. With
the advancement of technology and artificial intelligence
(AI) techniques, much innovation has been made in the

medical field, including the automatic interpretation and
classification of ECG waveforms. In some studies, deep
learning methods even rival or surpass individual cardiolo-
gist performance when diagnosing ECG signals [2]. These
advancements are both impressive and promising; how-
ever, they are not without exclusion or constraint. Firstly,
the majority of research published on the topic regards dig-
ital ECG representations, referring to raw signal data. Dig-
ital ECG representations are not yet used universally. In
many areas, printed-out paper ECGs or digital images re-
main the standard, especially in the global south. In ad-
dition, remote regions, where digital ECGs are often not
available, are more likely to suffer from a scarcity of expert
or specialist medical opinion [3]. As such, direct image-
based methods of classification could best fill the needs of
many areas [4]. Secondly, contemporary research is con-
centrated on diagnosing single cardiovascular conditions,
while multiple may exist in a single ECG. A few stud-
ies such as [5] demonstrate that models that are able to
predict more than one label can rival models that predict
only a single label. Digitizing and interpreting ECGs is
challenging both in terms of hardware and computation,
demanding powerful resources and therefore further hin-
dering its global accessibility. Hence, there is a need for
low-cost multi-label classification of realistic paper ECG
image representations, which is the focus of this work.

2. Related research

The field of automatic ECG interpretation is rapidly de-
veloping. The majority of research in this area is on some
form of CNN, but recent advances have shifted focus to
the utilization of hybrid-CNN methods and other models
including LSTMs (Long Short Term Memory).

The work done by [2] is one such study that achieves
impressive performance with a deep 1D CNN. Utilizing
a large, novel dataset of raw ECG signals, annotated by
at least 6 cardiologists, it achieves an F-score of 0.837 on
the classification of 12 rhythm classes. In the domain of
two-dimensional approaches, [6] emphasizes the viability
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of image-based deep CNNs in clinical ECG diagnosis. The
study demonstrates through grad cams that a pre-trained
CNN, fine-tuned to ECG images, is capable of detecting
meaningful features and patterns that a cardiologist might
interpret similarly. By employing numerous threshold-
ing techniques on input data, their ImageNet pre-trained
VGG16 architecture achieves a near-perfect AUPRC when
classifying some individual pathologies.

ECGs in practice are often either printed or scanned as
images, due to habit or the inaccessibility of resources.
This limits the utility of signal-based models. Therefore,
this work focuses on a 2D image-based approach. While
less common than 1D methods, 2D techniques have seen
varied research. The task is to classify ECGs into 1 or
more of 11 different categories, one of which is the ”nor-
mal” class.

3. Materials and Methods

3.1. Dataset Preprocessing

This work utilizes the PTB-XL annotated dataset [7],
ECG-Image-Kit: A Synthetic Image Generation Toolbox
to Facilitate Deep Learning-Based Electrocardiogram Dig-
itization[8]. The data was constructed from the large, pub-
licly available PTB-XL electrocardiography dataset [7].
This dataset contains 21799 clinical 12-lead ECG signals,
annotated by at least one and sometimes two cardiologists.

From the PTB-XL time-series data, synthetic images
can be generated using ECG-Image-Kit [8]. Images gener-
ated from signal data originally have a size of 2200 × 1700
pixels. This volume of data [9] can be difficult for a model
to process and can drive up the complexity, especially for
heavier models [10]. Thus, the images used in this research
are always cropped to remove the top and subsequently re-
sized. The image sizes used vary across different models,
as lighter models can accommodate larger images. In or-
der to simultaneously remedy the class imbalance in the
PTB-XL dataset, ECGs with rarer conditions are separated
and more synthetic images are generated specifically for
these uncommon labels. Several image sizes were tested
to find a balance between training time/cost and image de-
tail, eventually ending on a shape of 1065 by 560 pixels.

3.2. Model architecture and training

CNNs are the most commonly used Deep Neural Net-
work approach [11], particularly in tasks performed on vi-
sual data, such as classification, segmentation, or object
detection. A CNN is constructed of several different lay-
ers, which the input data passes through sequentially. The
outputs of the final layer form the model’s final decision(s).
For the task of classification, this final output comes in the
form of a list of probabilities for each class being present in

the image. From these probabilities, a final classification
can be inferred.

In this work, multiple models and training variations
were utilized and tested. The Adam optimizer was em-
ployed for all model training [12]. Unless mentioned oth-
erwise, a starting learning rate of 0.0001 and a batch size
of 40 were applied, training for 60 epochs with early stop-
ping. With a patience of 10, the model stops training if the
validation loss has not improved in the last 10 epochs. The
model weights with the best performance on the validation
set are then saved. All training is performed on GPUs pro-
vided by the Snellius supercomputer system.

The final model has a VGG16 architecture introduced
by [13] with ImageNet pre-trained weights and some slight
adjustments. The final fully connected layer of the model
is replaced with a dropout layer and a classification layer
with 11 outputs, one for each class. Because this is a
multi-label problem, the classification layer is succeeded
by a sigmoid activation [14], rather than the usual softmax.
This ensures every class is evaluated separately, and mul-
tiple labels can be obtained simultaneously. If the final ac-
tivation were a softmax, all label probabilities would sum
to 1.0, meaning only one class is finally predicted. An-
other model using Resnet-50 architecture from [15] is also
trained and evaluated for this task because it is a deeper
model, but less computationally demanding. Similar mod-
ifying steps are taken for this model, such as pre-training
on ImageNet [16], replacing the last classification layer,
and assigning a final sigmoid activation function.

The binary cross-entropy loss function was used during
training [17]. The model must assign a probability be-
tween 0 and 1 to every class for every data sample. This
essentially transforms the problem into one of 11 binary
classifications. For the same reason, a sigmoid activation
function is employed, rather than a softmax, which would
be more applicable to a multiclass problem where each
sample has only one label.

The aforementioned models are very proficient on their
own. However, they are significantly heavier than the
simple CNN used as the baseline. ResNet50 has ap-
proximately 25.6 M trainable parameters and VGG16 has
around 138 M. To decrease training time and computa-
tional load, improve performance, and enhance general-
ization, transfer learning is employed in this work.

The pre-trained models are trained on ImageNet images
that have dimensions of 224×224 pixels. Consequently,
when preprocessing ECG data for transfer learning, it is
resized to match this same 224×224 shape. Several com-
binations of frozen layers were tested: specifically freez-
ing no layers, freezing all extraction/convolutional layers,
and freezing most extraction/convolutional layers. The lat-
ter configuration is used for the remainder of the research,
though more experimentation is possible in this area. Un-
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freezing some feature layers is likely effective for this case
due to there being enough training data to learn some more
specific features during extraction.

3.3. Evaluation measurements

This work employs a range of evaluation metrics, in-
cluding (macro) F-measure, Precision, Recall, Perfect Ac-
curacy, Capture Accuracy, Hamming Accuracy, and Speci-
ficity [18]. The most comprehensive metric and the one
used by Physionet is the F-measure. Specifically, the
macro-F-measure is used in the case of multi-label data.
For the multi-label case, the individual F-measures of all
classes are averaged. The challenge opts for the macro-
averaging method, where all the classes are viewed as
equally important, regardless of appearance frequency.

4. Results and Discussion

The model that achieved the highest performance is the
VGG16-based model, which proved capable of recogniz-
ing patterns in new, unseen data. It managed to attribute
multiple classes to ECGs that exhibit more than one con-
dition, whilst achieving an overall macro-F1-score of 0.61
on the validation dataset. Of the held-out subset of the
training set, 51% of ECG images were classified perfectly,
meaning all 11 conditions (including normal) were cor-
rectly predicted to be present or absent. In terms of catch-
ing present conditions, the model achieves a capture ac-
curacy of 63%, meaning that in 63% of ECGs, all present
conditions were correctly identified. In addition, the ham-
ming accuracy was 92%. This is the accuracy per label on
all labels in the test set. Note that this is expected to be
very high, as the correctly predicted negative/absent labels
also contribute to the majority of this metric.

The model further reaches a precision of 0.653 and a re-
call/sensitivity of 0.593, meaning the model is slightly on
the conservative side when it comes to predicting positive
instances. Seeing as the recall is the proportion of positive
occurrences caught by the model, one would expect it to
be higher than the capture accuracy of 63%, because the
catching accuracy requires all present labels to be caught.
The reason this is not the case is that 0.593 is the macro-
recall also used to calculate the macro-F-measure, hence
the class imbalance is weighing it down. The micro re-
call, precision, and F-measure are 0.708, 0.728, and 0.717
respectively. Lastly, the model has a specificity of 0.951.
This is the proportion of correct negative predictions in re-
lation to the total negative cases. Similar to the hamming
accuracy, this is high because individual classes are absent
most of the time. As is expected with higher precision,
the model makes very few false positive errors compared
to false negatives. The submitted model received an F-
measure of 0.516 on the Physionet validation data. Table

1 shows an overview of model measurements. The base-
line model from The George B. Moody PhysioNet Chal-
lenge 2024 [1, 19, 20] achieves an F1-score of 0.323. The
F-measure of 0.613 dropped to 0.516 when tested by Phy-
sionet (Table 2). This demonstrates that, although model
performance declines on new data, the model can still
adapt with a degree of success to real and unpredictable
data.

4.1. Future work and improvements

There is a clear correlation between class frequency and
performance, highlighting the remaining negative effects
of class imbalance in the training process. Despite the
additional image generation for rarer classes, the data re-
mains unbalanced. There are several ways this could be
improved with more time and attention spent on the chal-
lenge. Firstly, more data could be generated to balance out
the dataset. Generating augmented data with Image Kit
is a lengthy and expensive process. Given more time and
resources, images could be properly generated in propor-
tion to their class frequencies. Performance on perfectly
evenly represented data could be worth testing. Perfectly
even data for this challenge might not be desirable though,
as the normal class being equally common as Acute MI
for example is not very indicative of realistic applications.
Regardless, this work has shown that making the dataset
more equitable results in model improvement.

Other methods of handling class imbalance that are
worth exploring further in this task are using specific class
weights or further investigating Focal loss. During this re-
search, class weights were not utilized. Because the test set
the challenge uses is not public, it is unclear whether class
frequencies, which are used to determine these weights,
are similar across datasets. Class weights are still usable
in the setting of this challenge, as they could be coded to
adapt to the properties of the Physionet training set during
their evaluation.

5. Conclusions

This work evaluates the various pre-trained deep learn-
ing methods for classifying realistic multi-label ECG im-
ages. Specifically, it focused on techniques utilizing pre-
trained convolutional neural networks, although there exist
valid and promising strategies outside of this architecture.
This work has found that CNNs are capable of identifying
multiple simultaneous abnormalities in distorted, realistic
images of electrocardiograms. The best model trained in
this work achieved an F-measure of 0.613 on our private
set. Further analysis indicates that this score could be sig-
nificantly higher with some improvements such as class
imbalance. In spite of its limitations, there are a range of
reasons for people to specifically require this form of tech-
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Task : Classification F-measure* Rank Precision* Recall* Perfect Acc Capture Acc Hamming Acc Specificity
VGG16 0.613 0.653 0.593 0.509 0.627 0.924 0.951

Resnet-50 0.562 0.571 0.564 0.461 0.610 0.915 0.943
Resnet-50-Focal-Loss 0.545 0.607 0.514 0.466 0.580 0.915 0.948

Challenge Baseline 0.323

Table 1. Model scores on various evaluation metrics. Perfect accuracy refers to the correct classification of every label for
an ECG while catching accuracy refers to correctly labeling all present conditions, and hamming accuracy is the accuracy
on all labels combined. For Focal loss α = 0.5 and γ = 2.0 were used. * In metrics where averaging is necessary for
multi-label assessment, macro-averaging is applied.

Task Score Rank
Classification 0.516 5/16

Table 2. Model F-measure score using the VGG16 model
on th physionet validation dataset.

nology, such as paper ECG tradition, low budgets, and/or
limited access to specialists.
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