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Abstract

This study presents the ISIBrno-AIMT team’s approach
to addressing the George B. Moody PhysioNet Challenge
2024 [1][2]. The solution devised for the challenge’s digi-
tization task involves a sequential application of three neu-
ral networks: lead detection, classification, and digitiza-
tion. Digitization of the leads is performed by a neural net-
work comprising 2D convolutional layers and gated recur-
rent units (GRU). The pipeline initially identifies bounding
boxes encompassing lead signals and their correspond-
ing names. Subsequently, the lead names are cropped and
classified, while the lead signals are extracted using the de-
tected bounding boxes and digitized by the third network.
In the final step, the lead names and signals are linked via
bounding box intersection, completing the digitization pro-
cess. In this task, our team achieved a score of -0.675 SNR.

The classification task to 11 different classes was
addressed using a model developed for the Phys-
ioNet/Computing in Cardiology Challenge 2021, which
incorporates convolutional neural network (CNN) layers
and an attention mechanism. We applied this model to
digitized ECG signals obtained from the preceding digi-
tization task. The model was fine-tuned in two stages: ini-
tially, using augmented oracle signals, and subsequently,
using signals digitized by our digitization model. Our ap-
proach resulted in an F1-measure score of 0.306.

1. Introduction

Measured 12-lead ECG signal recordings have com-
monly been stored in printed paper form for nearly a cen-
tury. Therefore, billions of ECG recordings around the
world contain information about the evolution of cardio-
vascular diseases at different times, in different demo-
graphics, and in different parts of the world. As artificial
intelligence methods are increasingly used to process and
analyze ECG signals [3] [4], it is beneficial to be able to
digitize the printed recordings or analyze them directly.

The difficulties of digitizing the ECG signal from

printed paper form are scanning the paper, where differ-
ent angles can appear. Other difficulties can be a signal
resolution, horizontal shift, or signal scale. Next, to these
difficulties, the signal is commonly printed in form, with a
2.5s cut of the signal from each lead and one or more full
10s recordings of the signal. However, this form is used
by physicians to analyze the signal; for the signal process-
ing methods, this brings new challenges where there are
sections of the missing signals from most channels.

Nevertheless, the image processing methods that use
deep learning methods have developed significantly in past
years. It was shown that it is possible and beneficial to use
them for ECG signal digitizing [5].

2. Method

In this paper, we present a pipeline shown in Figure 1
designed to detect and digitize signals from the commonly
printed format of 12-lead electrocardiograms (ECGs) and
fine-tuned and robusted PhysioNet Challenge 2021 model
for the classification task.

The digitization process begins with the detection of
bounding boxes for ECG signals and lead names on
the printed medium, utilizing a pretrained and fine-tuned
Faster R-CNN detection model [6].

The detected ECG signal bounding boxes are catego-
rized into two groups based on signal duration: long (10-
second signals) and short (2.5-second signals). These
bounding boxes are then associated with the corresponding
lead name bounding boxes using Euclidean distance. Any
ECG signal bounding boxes that are not matched with lead
name bounding boxes are placed in a separate stack for
further processing.

Subsequently, the lead names are classified from images
cropped using the detected lead name bounding boxes.
This classification is performed using a ResNet classifier
[7], which accepts an image as input and assigns it to one
of the 12 lead name classes. In cases of classification du-
plicity, the model’s probability outputs are utilized, where
the most probable classification of two samples is retained
as the primary one. The most probable class is subtracted
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Figure 1. Pipeline for digitizing 12-lead ECG images into digital signal form. Firstly, the bounding boxes of the signals
and lead names are detected. In the next step, they are assigned to each other. Finally, the signals are digitized, and signals
with non-assigned leads are heuristically assigned to the final Signals array.

from the classification results of the second sample, and
the new most probable class is selected as the result.

The third stage involves signal digitization, employing
a convolutional neural network (CNN) model that is pre-
trained on generated images containing random signals
and fine-tuned on cropped ECG signals from printed ECG
images. The model inputs a single lead ECG image and
outputs a time series with a length of the image’s width.
Subsequently, the output signal is resampled to the desired
sampling frequency.

In the final steps, unmatched signal boxes are assigned
to missing lead names according to the most common for-
mat of the printed ECG to minimize data loss. For leads
containing both short and long signals, only the long sig-
nals are utilized due to their higher information content.

Following signal digitization, the estimated signals are

fed into the classification model. This model is based on
the winning entry from the PhysioNet Challenge 2021 [8],
which consists of the convolutional layers used as an en-
coder followed by the attention layer. The output of the
attention layer is then pooled using the maximum pool-
ing and used as an input for the final linear layer. The
model is initially pretrained on the PhysioNet Challenge
2021 dataset [3], after which the output layers are replaced
with new layers suited for the current 11-class classifica-
tion task. The model is then fine-tuned using the current
challenge data and digitized signals.

3. Training

The training process for the digitization task involves
the sequential training and fine-tuning of the models within
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the pipeline described in Section 2. All models are trained
using artificially generated ECG signal images, formatted
as printed records, derived from the PTB-XL dataset sig-
nals [9] and annotated using the PTB-XL+ dataset [10].
The image generation process follows the parameters es-
tablished by the code in [11][12], which were configured
to operate under fully random conditions while being en-
hanced to provide detailed information regarding bounding
boxes.

The detection model [13] utilizes pretrained weights
from the COCO dataset [14] and is subsequently fine-tuned
with bounding boxes provided by the image generation al-
gorithm.

The second model, responsible for lead classification, is
trained using cropped segments from the generated images
in conjunction with the bounding boxes, followed by con-
ventional classifier training.

The digitization model is trained on randomly generated
signals produced by a random walk, which are then pro-
cessed using a low-pass filter (40Hz). These random sig-
nals are augmented by adding peaks that mimic QRS com-
plexes, and the images are enhanced with various light-
ing effects and blurring techniques. The signals are then
overlaid onto images with varying background colors and
spatial grids. These images, along with the correspond-
ing time series data, are used to train a neural network to
reconstruct the original signal from the augmented image.

The classification model was pretrained using the data
for the PhysioNet Challenge 2021 and the training codes
for the winning model. The model was then finetuned in
two stages with different output layers to the current clas-
sification task. The first stage uses the original PTB-XL
signals with augmentation of randomly cutting the signals
to 2.5s segments in multiple leads to simulate digitized
signals from the paper form. The second stage uses the
trained digitization model and trains the classification task
on the digitized signals by this model to make the model
more robust towards the digitization model outputs.

4. Results

A signal-to-noise ratio (SNR) score of -0.675 was ob-
tained for the digitization task on the PhysioNet Challenge
hidden data [15]. This result indicates the digitization al-
gorithm’s suboptimal performance. However, it is impor-
tant to note that the SNR metric is highly sensitive to the
signal’s scale. Consequently, even when the ECG signal is
digitized correctly, but with a different scale, the approach
would achieve a low SNR metric score.

For the classification task, an F1 score of 0.306 was
achieved on the PhyisoNet Challenge hidden data. The F1
score, calculated from true positive and false negative sam-
ples, is sensitive to the selection of classification thresh-
olds. However, no threshold selection algorithm was im-

Table 1. Result on the digitization task

Task Score Rank
Digitization -0.675 12/16
Classification 0.306 11/16

plemented in our approach. Therefore, incorporating such
an algorithm could potentially enhance the classification
performance.

5. Discussion

The digitization task on the PhysioNet Challenge hidden
data did not yield a satisfactory SNR score. This outcome
could be attributed to two primary factors. First, the algo-
rithm may inaccurately estimate the signal’s scale, despite
generating a signal with appropriate morphology. Such a
discrepancy in scale could adversely affect the SNR met-
ric.

Second, errors in correctly associating signal and lead
name bounding boxes could result in signal misalignment.
This is critical, as incorrectly matched leads could cause
the SNR to be calculated between disparate leads, thereby
reflecting the shortcomings of the detection and assigning
algorithm rather than the digitization model.

The appropriateness of the SNR metric in this context is
debatable, given its sensitivity to factors that are not neces-
sarily critical for ECG signal analysis. Specifically, SNR is
affected by variations in signal scale as well as vertical and
horizontal shifts. The PhysioNet Challenge team has ad-
dressed these shifts using an alignment algorithm based on
correlation and autocorrelation techniques. Nevertheless,
the scale was not addressed, and involving a new metric
for this task could be beneficial.

Our classification task relies on digitized signals, mak-
ing the performance of the classification model contingent
on the efficacy of the digitization algorithm. An alternative
approach would involve using ECG images directly as in-
put for classification, potentially improving results. How-
ever, implementing this approach would require a signifi-
cant revision of our architecture.
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