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Abstract 

This paper presents a hybrid approach for classifying 
electrocardiogram (ECG) papers in the George B. Moody 
PhysioNet Challenge 2024 by integrating Deep Residual 
Networks (ResNet) and Random Forest (RF) algorithms. 
Two distinct pipelines were developed to enhance 
classification accuracy and efficiency. The first pipeline 
(RRF) utilizes ResNet50 to directly extract features from 
ECG paper, which are subsequently classified using an RF 
model. The second pipeline (YRRF) employs the YOLO 
object detection model to segment ECG papers into 12 
individual leads before feature extraction with ResNet50, 
followed by classification with RF. The accuracy, F1 
score, and area under the receiver operating 
characteristic curve (AUROC) were 79.8%, 78.26%, and 
0.89, and 73.74%, 71.11% and 0.81 for the RRF and YRRF 
models respectively. These were trained on two classes 
(normal and abnormal). This demonstrated that the lead-
specific feature extraction approach was not helpful in this 
study because it caused a reduction in the performance of 
the hybrid model. Our team, Leicester Fox had an 
F_measure score of 0.068 for an official phase using the 
RRF classification model when trained on 12 classes. This 
study underscores the effectiveness of hybrid modelling 
techniques in medical image analysis and sets the stage for 
future research in automated cardiovascular diagnostics. 

 
1. Introduction 

The electrocardiogram (ECG) is a non-invasive way of 
measuring the electrical activity of the human heart and 
represents an essential pre-testing tool that helps in the 
diagnosis of different cardiovascular diseases (CVDs). 
Since Willem Einthoven invented it in 1895, ECG devices 
have developed from big equipment to portable ones, 
which were introduced by General Electric in 1927[1]. By 
1948, these ECG devices were able to print ECG 

waveforms on paper [1]. Recently, researchers have 
developed several algorithms which can interpret the ECG 
waveforms, and different companies have introduced 
digital ECG devices that can record the digital forms of the 
ECG signals. These developments have helped to enhance 
and improve the possibility of diagnosing of CVDs based 
on ECG waveforms [2]. Despite the advent of these digital 
systems, paper ECG has been a staple to care for patients 
in the world. This has been around for a century and it is 
still common, with billions existing today in the Global 
South. These ECG records reflect the extent of the 
diversity and development of CVDs across populations 
over time [3]. However, organisations with large digital 
data banks that provide accessibility to their data require 
technologies or specific licences to access and process this 
data. This creates a barrier for researchers or health 
institutions, who may lack the resources to participate 
which may lead to difficulties in the ability to use these 
vital data and share it for medical search and innovations. 
Several algorithms have been suggested for ECG paper 
classification, including those that work with grayscale and 
colour images [4]. Classical image processing techniques, 
however, are often sensitive to low-quality or distorted 
ECG papers. Recently, deep learning-based algorithms 
have been proposed to improve the performance of ECG 
paper classification models [3, 5]. 

Our team, Leicester Fox, proposed work aims to build 
and compare two approaches for classifying ECG papers 
in the George B. Moody PhysioNet Challenge 2024 [6-9]. 
The first approach involves directly extracting features 
from the ECG paper, while the second involves cropping 
the ECG images into 12 individual segments (representing 
the 12 leads) before feature extraction.  

 

Computing in Cardiology 2024; Vol 51 Page 1 ISSN: 2325-887X DOI: 10.22489/CinC.2024.343



2. Materials and Methods 

2.1.      ECG Papers Dataset 

The PTB-XL ECG dataset was used for this analysis. It’s 
comprised of a substantial database containing 21,799 
clinical 12-lead ECG obtained from 18,869 patients. Each 
ECG recording has a duration of 10 seconds [6, 9]. The 
unprocessed signal data was captured and saved in a 
compressed format exclusive to the organization. It offered 
12 leads (I, II, III, AVL, AVR, AVF, V1, V2, V3, V4, V5 
and V6) for all signals, with the reference electrode on the 
right arm. The relevant demographic information such as 
(age, sex, weight, and height) was stored in a database. The 
challenge data was annotated. For the analysis, each ECG 
record was converted into a paper image for training and 
testing the model [3, 10]. 

2.2. Pipeline Architecture  

    Two pipelines were adopted for the classification 
process. These pipelines included the image cropping 
capability of You Only Look Once (YOLO) model, the 
feature extracting capabilities of Deep Residual Network 
(ResNet), and the classifying efficacy of Random Forest 
(RF). YOLO is a real-time object detection system [11]. It 
is a single neural network that divides an image into 
sections and predicts the bounding boxes and probabilities 
of each section. This assists in recognising which section 
represents which leads. ResNet is a convolutional neural 
network architecture that utilises residual connections to 
skip certain layers to bypass the potentially diminishing 
effect of deep layers [12]. Particularly, ResNet50 which is 
composed of 50 layers including convolution, pooling, and 
fully connected layers, pre-trained on a large-scale image 
dataset was used for this work. Lastly, the RF classifier is 
an ensemble learning method that utilizes multiple 
decision trees to classify data [13]. It leverages the power 
of averaging and feature randomness and can handle high-
dimensional data. This makes it able to capture complex 
relationships between features and class labels. 

The first pipeline (denoted by ResNet50-RF (RRF)) 
proposed was to directly extract features from the ECG 
images using ResNet50. The ResNet50 was re-trained to 
extract features from the ECG papers. The features 
extracted were used to train RF model to classify the papers 
(Figure 1A). For the second pipeline (denoted by YOLO-
ResNet50-RF (YRRF)), we used the YOLO model to crop 
the ECG images into 12 images, representing the 12 leads 

extracted from the image. Features were then extracted 
separately.  This was done to ensure that features were 
extracted from only the relevant parts of the images. The 
features extracted from each lead were then combined to 
form a unified feature set for an image, which could be 
used to train the RF model for classification (Figure 1B). 

 

  
2.3. Performance Metrics 

For comparison, accuracy, F1 score and Area Under 
Receiver Operating Characteristic Curve (AUROC) were 
used. They are defined mathematically below. 
 

Accuracy=
TP+TN

TP+TN+FP+FN
  …  (1) 

Precision=
TP

TP+FP
  …  (2) 

Recall=
TP

TP+FN
   …  (3) 

FPR=
FP

FP+TN
    …  (4) 

F1 Score=2* Precision*Recall
Precision+Recall

     …  (5) 

AUROC= ∫ Recall(t)d(FPR(t))
1

0
    …  (6) 

 
Figure 1: Pipeline for the classification of ECG 
images. A. Feature extraction without cropping the 
image (RRF). B. Feature extraction with cropping the 
image into various leads (YRRF). 
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Where:  
 
TP = True Positives (correctly predicted positive 
instances). 
TN=True Negatives (correctly predicted negative instance). 
FP=False Positives (incorrectly predicted positive 
instances). 
FN=False Negatives (incorrectly predicted negative 
instances). 

 
3. Results  

One thousand ECG clean papers were used to train and 
test the RRF and YRRF models on two classes (normal and 
abnormal). The data was split into 90% as training set and 
10% as testing set (unseen papers) to assess the 
performance of the models. 

3.1.  Performance Evaluation 

To evaluate the performance of the proposed 
approaches, five metrics including accuracy, sensitivity, 
specificity, precision, and F1_score were used. The 
accuracy for RRF and YRRF was 79.8% and 73.74%, 
respectively. The other performance metrics ranged 
between (70-90%) and (62-86%) for RRF and YRRF 
models, respectively. Figure 2 shows the performance 
assessment of the methods. The official phase results for 
the RRF classification model are shown in the table 1. 

 

Table 1. Official results for the classification RRF model. 

Task       Score Rank 
Classification  F_measure: 0.068 15/16 

3.2.  CM and the ROC 

The confusion matrix (CM) is the fundamental tool for 
visualizing and evaluating the classification model's 
performance. A high performance was obtained from the 
RRF in comparison to the YRRF approach (Figure 2). In 
addition, RRF method made the balance between the 
normal and abnormal subjects. Figure 3 shows the CMs for 
the proposed methods. A receiver operating characteristic 
(ROC) was also used to evaluate the model performance 
by representing the trade-off between TPR and FPR at 
various decision thresholds. Figure 4 shows the ROCs and 
the area under curves (AUCs) for both classifiers. The 
AUC values for RRF and YRRF models were 0.89 and 
0.81, respectively. It can be seen the AUROC for the RRF 
model was higher than YRRF by around 0.08. Moreover, 
the processing time of RRF model was shorter than YRRF 
for training the results which took around thrice the amount 
of time while running on the same computing system.  

 
(A)   (B) 

Figure 3: CMs for (A) RRF and (B) YRRF model 
 

4. Discussions  

The low performance of the YRRF model might be 
related to the high number of features that resulted from 
cropping the ECG papers to the 12 small segments (12 
leads). Therefore, the number of features extracted using 
the YRRF was 12 times more than the RRF. The RF 
classifier is prone to overfitting when the number of 
features exceeds the number of samples (ECG papers) 
[14]. This might be the main reason for the higher 
performance for the RRF over the YRRF model. 

The official score (for the George Moody Physionet 
Challenge), which was trained to classify the 12 classes, 
had an F1 score of 0.068 for the submitted RRF 
classification model. This lower score might be due to the 
larger number of classes being predicted and the variation 

 
Figure 2: Performance evaluations for the models 
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in noise level of the ECG paper images. 
 

 
Figure 4: The ROCs for the proposed models. 

 
5. Conclusions 

Two proposed approaches (RRF and YRRF) were used 
to classify the ECG clean papers into normal and abnormal 
classes. The high performance was obtained from the RRF 
model with an accuracy, sensitivity, specificity, precision 
and F1_score of 79.8%, 70.59%, 89.58%, 87.8%, and 
78.26%, respectively. Furthermore, the RRF took a third of 
the processing time compared to YRRF. Also, we obtained 
an AUROC of 0.89 for the RRF model, which was higher 
than AUROC of the YRRF model by 0.08.  Our official 
score was 0.068 using the RRF classification model. 
Further study should be considered with other types of 
noisy ECG papers and different machine learning 
classifiers.  
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