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Abstract

The electrocardiogram (ECG) is a ubiquitous tool for
the assessment of heart disease. While considerable ef-
fort has been directed at ECG digitization to facilitate ar-
tificial intelligence applications, limitations persist in the
generalizability of existing methods. As part of the ‘Dig-
itization and Classification of ECG Images: The George
B. Moody PhysioNet Challenge 2024’, we present WAVIE,
a fully-automated, modular, and open-source framework
for ECG digitization to handle the heterogeneity of real-
world data. Using the PTB-XL dataset, synthetic paper
ECGs were generated with known variations and artifacts.
Our team, wavie ABI, developed a three-stage framework
consisting of deep-learning models for orientation correc-
tion, object detection, and waveform extraction. Inference
on the hidden test set for the digitisation task produced a
mean signal-to-noise ratio (SNR) of 5.469 (ranked 3rd of
16 teams). WAVIE provides a comprehensive and general-
izable baseline that can be reconfigured and fine-tuned for
specific ECG digitisation tasks, ensuring adaptability for
future research applications.

1. Introduction

The electrocardiogram (ECG) is a frontline test for rapid
and non-invasive assessment of the electrical activity of the
heart. In practice, the majority of ECGs are stored as pa-
per records or captured as images, which are subsequently
manually interpreted by a physician. A large amount of
data has been acquired to date, which may be leveraged for
the development of computer-aided approaches for ECG
interpretation [1]. Such advancements have the potential
to improve ECG-based cardiovascular disease prediction
and facilitate widespread screening.

In a real-world scenario, the storage of ECGs in paper or
image formats can result in various artifacts such as creas-
ing, stains, or the addition of pen marks, which may distort
or obscure the underlying signal of interest. Furthermore,
the layout of ECG data is not necessarily uniform across
all systems, producing inconsistencies in various elements

such as grid size, colouring, padding, and the presence of
additional headers or patient information. Consequently,
considerable effort has been directed at extracting digital
waveforms from paper-based records in order to enable au-
tomated analyses and the application of modern artificial
intelligence techniques for disease prediction.

To overcome these challenges and limitations with exist-
ing tools, the George B. Moody PhysioNet Challenge 2024
provides a platform to advance the field of ECG-based di-
agnosis by inviting teams to digitize and classify ECGs
captured from images or paper printouts [2, 3]. In con-
tribution to this challenge, we present WAVIE, a fully au-
tomated, modular, and Python-based framework for ECG
digitization that can handle the heterogeneity of real-world
ECG formats.

2. Methods

This section describes the processes relevant to synthetic
ECG data generation and the application of several es-
tablished open-source deep learning models to carry out
various tasks related to digitization. Figure 1 provides an
overview of the modules within the WAVIE framework.

2.1. Data Preparation

The PTB-XL [4, 5] dataset consisting of 21799 records
of 12-lead ECG waveform was used to train our model. A
held-out subset of the dataset was randomly created using
a 90/10 split (19628/2170) (one record was excluded due
to a metadata failure).

Synthetic paper ECGs with known waveforms and lead-
specific bounding boxes were generated through the use
of the synthetic image generation toolbox, ECG-Image-Kit
[6, 7]. To validate the methods on a broad range of varia-
tions and artifacts, five different generation configurations
(shown in Table 1) were used for the training data and ten
for the held-out data. Six of the ten held-out configurations
were unseen, allowing for the evaluation of model perfor-
mance on novel data (containing new records, noise, and
artifacts) to assess generalizability.

Two minor modifications were made to the ECG-Image-
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Figure 1. Overview of WAVIE framework consisting of open source modules for ECG digitization from natural and
synthetic paper ECGs.

Kit source code. First, a condition was added to the rhythm
lead selection process. If the selected rhythm lead was less
than 10 seconds, the default rhythm lead (’II’) was used.
Second, it was ensured that two-column images were only
generated in the case where each signal lead was at least
5 seconds long. These conditions prevented the creation
of unrealistic partial signals on synthetic paper ECGs. It
is also of note that no rotations were applied using ECG-
image-Kit. Instead, a subset of 113 images from the held-
out set (∼5%) was rotated externally between -30 and 30
degrees to simulate a realistic range of rotations and with
random border colours.

A preprocessing step handled image conversion to
.JPEG and created a training-validation split for the rota-
tion and bounding box detection models. The training set
described previously was further divided into training and
validation sets with a ratio of 80/20, resulting in 15702
training images and 3926 validation images. The lead
bounding boxes were padded vertically by ±6 pixels to
capture the entirety of the signal.

Ground truth labels for the segmentation model were
prepared by creating a binary mask of the image. Each
lead signal was masked using the plotted pixel field gener-
ated by ECG-Image-Kit and overlaid onto the full image.
The mask was then dilated with a 2x2 square kernel to pre-
serve peak morphology.

2.2. Digitization Modules

2.2.1. Rotation correction

Deep Image Orientation Angle Detection [8] is a deep
neural network designed to estimate the rotation angle of
natural images. During training, the images are rotated
on the fly, and the network predicts the estimated angle of

rotation. We modified the rotation distribution from the
default uniform sampling between 0 and 360 degrees to
normal distribution sampling, returning a higher number
of samples at low angles (µ = 0, σ = 25.2).

Due to the hypothesis that real-world images were more
likely to be scanned with smaller rotation angles, with the
observation that the model otherwise tended to overfit on
larger rotation angles. The inverse of the predicted angle
was subsequently applied to the image to align it, some-
times resulting in signal cropping. This step ensured that
the next modules were trained on images with a standard-
ized orientation.

2.2.2. Signal segmentation

nnU-Net is an open-source self-configuring U-Net op-
timised for medical image segmentation [9]. A major ad-
vantage of nnU-Net is that network topology and hyper-
parameter selection are automatically chosen based on the
characteristics of the training data. We trained an out-of-
the-box 2D nnU-Net for 250 epochs, and an initial learn-
ing rate of 0.01 decreased according to the polyLR sched-
ule [10]. On-the-fly augmentations, including rotation,
downsampling, and mirroring, were carried out to improve
model robustness. The trained model took in the output
of the rotation network and returned a mask containing all
lead signals in the ECG image.

2.2.3. Detection of lead bounding boxes

YOLO (You Only Look Once) [11] is a well-established,
open-source model for end-to-end object detection and
classification. YOLOv5 [12], proposes a good trade-off
between accuracy and complexity and is implemented in
Pytorch, a well-documented open-source framework for
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Parameter Train
1

Train
2

Train
3

Train
4

Train
5

Held-
out 1

Held-
out 2

Held-
out 3

Held-
out 4

Held-
out 5

Held-
out 6

Held-
out 7

Held-
out 8

Held-
out 9

Held-
out 10

Random padding TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE - TRUE - TRUE
Pad inches 2 2 2 2 2 2 2 2 2 2 2 - 2 - 2
Random print header 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 0.5 - 0.5
Random grid colour TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE - TRUE
Random resolution TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE - - TRUE
Resolution 200 200 200 200 200 200 200 200 200 200 200 200 40 - 200
Random grid present 1 1 0 1 1 1 1 0 1 1 0 1 1 - 1
Calibration pulse 0.5 1 0.5 0.5 0.5 0.5 1 0.5 0.5 0.5 0.5 0.5 0.5 - 1
Number of columns 4 4 4 4 4 2 4 4 4 4 4 4 4 - 4
Add QR code - - - - TRUE - - - - TRUE - - - - -
Full mode - - - V1 - - - - V1 - - - - - I
Wrinkles - TRUE TRUE TRUE TRUE - TRUE TRUE TRUE TRUE TRUE - - - -
Crease angle - 45 75 135 90 - 45 75 135 90 135 - - - -
No of vertical creases - 15 5 20 10 - 15 5 20 10 20 - - - -
No of horizontal
creases

- 15 5 20 10 - 15 5 20 10 20 - - - -

Augment - TRUE TRUE TRUE TRUE - TRUE TRUE TRUE TRUE TRUE TRUE TRUE - -
Noise level - 37 25 12 50 - 37 25 12 50 50 15 5 - -
Cropping - - - - - - - - - - - 0.08 - - -
Handwritten text - - - - TRUE - - - - TRUE - - - - TRUE
No of words to add - - - - 10 - - - - 10 - - - - 10
X offset - - - - 400 - - - - 400 - - - - 400
Y offset - - - - 400 - - - - 400 - - - - 400

Table 1. Parameters used for ECG-Image-Kit for generation of synthetic ECG images for training and held-out sets.

machine learning applications. YOLOv5 applies augmen-
tation techniques such as random flipping, affine transfor-
mation, and mosaic augmentation to improve generaliz-
ability. We trained the model for 300 epochs using the
pre-trained weights of YOLOv5s (YOLOv5 implemented
with small architecture) and the optimized YOLOv5s hy-
perparameters of the pre-trained model [12]. The small ar-
chitecture was selected for its low computational resource
demand and fast inference times. The ground truth con-
sisted of lead bounding boxes surrounding the signals and
bounding boxes for the lead names to detect the lead name
class. A post-processing step was implemented to en-
sure that only the 13 lead bounding boxes (12-lead ECG
and one rhythm lead) were retained based on class confi-
dence, overlap, and location, ensuring a 4×3 layout. The
rhythm lead name was assigned using the closest lead
name bounding box to the rhythm lead bounding box. The
other lead names were assigned according to the ECG 4×3
template. Finally, the lead bounding boxes were converted
to their initial format (x min, y min, x max, y max).

2.2.4. Signal digitization

The bounding boxes predicted by YOLOv5 were used
to separate the nnU-Net predicted signal mask into sepa-
rate leads for digitization. For each lead, the signal mask
was extracted from its bounding box and contoured using
OpenCV [13]. After removing extraneous contours, the
median of the signal contour set at each column in the
mask was taken as the signal position and converted into
a voltage and time value (scaled using the standard ratio
of 0.1mV/0.04s). The baseline position within each mask
was approximated using a sliding window approach with

the baseline set as the centre of the window with maximum
standard deviation. The signal was then interpolated to the
target length using a Piecewise Cubic Hermite Polynomial
(PCHIP) interpolation scheme (to preserve peak morphol-
ogy) and smoothed using a 1D cubic spline with a smooth-
ing coefficient of 0.1.

3. Results

For the ECG digitisation task, our selected entry
achieved an SNR of 5.469 on the hidden test set of the of-
ficial phase of the challenge [14], placing our submission
in third place as shown in Table 2. On our held-out set, we
achieved an SNR of 1.676.

Task Score Ranking
Digitization SNR: 5.469 3/16

Table 2. Signal-to-noise ratio (SNR) for our selected entry
(team wavie ABI) on the digitization task, including the
ranking of our team on the hidden test set.

The challenge’s evaluation code provided four addi-
tional metrics: the median SNR, the KS metric (a met-

SNR mSNR KS ASCI WAD
Shift 1.676 7.857 0.936 -0.229 0.078

No shift 0.431 3.846 0.880 -0.846 0.123

Table 3. Additional metrics calculated on our held-out
set with and without shift correction. SNR: signal-to-noise
ratio, mSNR: median SNR, KS: Kolmogorov-Smirnov in-
spired metric, ASCI: adaptive signed correlation index,
WAD: weighted absolute difference.
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ric inspired by the Kolmogorov-Smirnov test statistic), the
adaptive signed correlation index (ASCI) and the weighted
absolute difference (WAD). These metrics were calculated
on our held-out set with and without shift correction. The
results are shown in Table 3. Furthermore, the digitization
of one case took 30 seconds (wall clock).

4. Discussion and Conclusions

Our submission exhibited good results in terms of SNR,
median SNR, WAD, and KS metric with shift correction,
demonstrating the performance of WAVIE assessed using
metrics related to both absolute errors and shape similar-
ity of the reconstructed and reference waveform. Scores
were decreased when shift correction was not applied due
to the reduction in point-to-point correspondence, which is
assumed to be strong in these metrics. However, strong re-
sults are still seen with respect to the KS metric, returning
a value of 0.88 and the WAD, returning 0.123; combined,
these show strong levels of shape similarity in the signals
and errors of less than 13% in actual value.

A benefit of the modular nature of this workflow is
demonstrated by the difference between shift-corrected
and non-shift-corrected performance. This highlights the
potential for a module that can accurately correct for dis-
tortions in vertical and horizontal shifting. Furthermore,
compared to other solutions that are provided on an as-is
basis, WAVIE can be readily reconfigured to meet project-
specific requirements by incorporating modules to address
dataset-related characteristics.

Future work will explore weaknesses and potential fail-
ure modes within the individual modules and address them
through additional data augmentation, optimization of fea-
ture spaces, and consideration of additional modules when
appropriate.
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