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A cardiac illnesses, mainly ischemic cardiac conditions, are a primary factor
behind global fatality rates. Clinical diagnosis generally relies on manual
interpretation of Electrocardiogram (ECG) signals, which is subjective and
time-consuming, compounded by the challenge of limited access to raw ECG
data on commercial devices. This research focuses on designing an automated

diagnosis system based on ECG image analysis using the VGGI16
Convolutional Neural Network (CNN) architecture through a knowledge
transfer method. A total of 8,268 ECG images from 689 patients, divided into
three categories Normal, Abnormal Heartbeat, and History of Myocardial
Infarction (MI) were evaluated in this study. Test results demonstrated that the
VGG16 architecture integrated with Random Forest produced the most
optimal performance, with a test accuracy of 93.27%, an F1-Score of 93.25%,
along with an Area Under the Curve (AUC) value of 0.991. This combined
model successfully detected Normal images without any prediction errors.
This computational image feature extraction approach has proven effective in
reducing diagnostic subjectivity and holds strong potential for application as
a fast and consistent clinical decision support system across various healthcare
facilities. Nevertheless, multicenter validation on a more diverse population is
still required to ensure the model's clinical generalizability.
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1. INTRODUCTION

Cardiac illnesses, mainly ischemic cardiac conditions, are a primary factor behind global fatality rate.
According to the WHO, around 17.9 million fatalities per year or 32% of total worldwide fatalities are caused
by cardiovascular diseases [1]. In Indonesia, there are 651,481 deaths per year due to this disease, with 245,343
of them caused by coronary cardiac illness [2]. Ischemic heart conditions appear due to insufficient blood
delivery to the cardiac muscle and can progress to angina pectoris or life-threatening myocardial infarction

MD[3].
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The electrocardiogram (ECQG) is the primary method for non-invasively diagnosing myocardial
ischemia [4]. In ischemic conditions, ECG signals exhibit characteristic changes, such as abnormalities like
ST-segment decline or elevation and T-wave abnormalities [5] [6]. Despite its clinical use, manual ECG
evaluation needs professional skills, is relatively slow, and is susceptible to inter-physician variability.
Furthermore, most commercial ECG devices provide only visual images without access to raw numerical data
[7], necessitating an image-based analysis approach for the establishment of a more comprehensive automated
diagnostic system.

The evolution of deep learning techniques, particularly Convolutional Neural Network (CNN)-based
models, has proven effective in automatically and accurately deriving features from medical images [8] [9].
Systematic reviews also confirm the performance of deep learning in comprehensive analysis of medical
images and signals [10] [11]. The VGG16 architecture, utilizing a transfer learning approach, has been
implemented for various medical image analyses with promising results [12] [13]. This approach has also
proven effective in transfer learning-based ECG image classification with consistent performance [14] [15].
Several related research has further shown the effectiveness of CNNs for ECG image categorization [16] [17].
Other research further confirms the potential of CNN-based methods for detecting heart disease via ECG [18]
[19]. Recent studies also show similar results in multi-class ECG classification using image-based approaches
[20][21]. Based on this, this study is intended to design an ECG image-based classification model for ischemic
heart disease using the VGG16 architecture with a transfer learning approach combined with machine learning
classification methods, to produce a clinical decision support system that is fast, consistent, and independent
of raw ECG signal data.

This study was conducted through a series of systematic stages designed to identify ischemic cardiac
conditions using ECG data images. Broadly speaking, the research workflow consists of six main stages,
namely: (1) dataset collection, (2) data preprocessing, (3) feature extraction using the VGG16 CNN, (4)
classification model design (VGG16 Full Model and hybrid VGG16+ML), (5) model training and testing, and
(6) performance assessment. Each stage is interrelated and plays a crucial role in producing an optimal
classification model. Unlike previous studies that apply VGG16 solely as an end-to-end classifier, this study
addresses a critical clinical and technical gap by proposing a two-stage hybrid pipeline. The novelty lies not
merely in combining methods, but in specifically utilizing VGG16 exclusively as a deep feature extractor to
bypass the black-box limitations and overfitting risks of pure CNNs on limited medical data, feeding directly
into a Random Forest ensemble. Furthermore, this specific hybrid architecture is applied to multi-class chronic
ischemic heart disease ECG images, overcoming the common limitation of commercial ECG machines that do
not export raw signal data. This combination and clinical application have not been previously reported in the
literature.

Therefore, the main contributions of this study are threefold. First, we design a novel hybrid pipeline
that integrates VGG16 as a deep feature extractor with Random Forest as the final classifier, specifically
optimized for multi-class ischemic heart disease detection. Second, we conduct a rigorous comparative
evaluation of three modeling approaches (VGG16 Full Model, VGG16+SVC, and VGG16+Random Forest)
using a standardized dataset to identify the most robust architecture. Third, we demonstrate that the proposed
VGG16+Random Forest hybrid achieves superior performance with 93.27% accuracy, a 93.25% F1-Score,
and an Area Under the Curve (AUC) of 0.991, significantly outperforming single CNN-based approaches and
offering a highly viable tool for clinical decision support.

2. METHOD
Dataset

The dataset used is the Cardiac Patient ECG Image Collection (Version 2, CC BY 4.0 license) [22].
This dataset was developed at the Ch. Pervaiz Elahi medical cardiology institution in Multan, Pakistan, and
initially comprised four classes of cardiac conditions: Normal, Abnormal Cardiac Rhythm, Previous
Myocardial Infarction, and Acute Myocardial Infarction (AMI). Prior to data cleaning, the original dataset
totaled 928 patients and 11,136 ECG images. To align the dataset strictly with the research scope, a deliberate
data cleaning process was performed to exclude the AMI class, as acute conditions were irrelevant to our focus
on chronic ischemic conditions. After this targeted removal, the refined dataset utilized in this study comprised
689 patients with a total of 8,268 ECG images (12 images per patient, representing the 12 standard ECG leads).
The data is divided into three classes: Normal, Abnormal Heartbeat, and History of Myocardial Infarction (MI).
The final distribution of the research dataset is presented in Table 1. To provide visual context for the dataset,
Figure 1 presents representative ECG image samples from each of the three classes included in this study.
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Panel (a) shows a normal ECG trace characterized by regular rhythm, normal PR interval, and physiologically
normal ST-T segments. Panel (b) illustrates an abnormal heartbeat with evident conduction irregularities and
morphological deviations from the normal sinus rhythm. Panel (c) displays a typical ECG recording from a
patient with a history of myocardial infarction (MI), often featuring pathological Q waves, ST-segment
elevation or depression, and T-wave inversions. These visual examples highlight the subtle yet distinguishable
morphological differences between classes that the proposed classification model aims to learn and
differentiate.

Table 1. Distribution of ECG image data across each class

Class Number of Patients Number of Images Percentage (%)
Normal 148 1,776 21.48
Abnormal Heartbeat 207 2,484 30.05
History of MI 334 4,008 48.47
Total 689 8,268 100.00
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Figure 1. Representative ECG image samples from each class: (a) normal, (b) abnormal heartbeat, and (c)
history of myocardial infarction (mi).

Data Preprocessing

Data preprocessing was carried out in five main stages. First, data splitting was performed with a ratio
of 70% for training, 15% for validation, and 15% for testing with stratified splitting to maintain class
proportionality. Second, all ECG images were resized to 224x224 pixels using the cv2.resize() function, in
accordance with the VGG16 architecture’s input dimension requirements (224x224x3) as defined in this
study’s code implementation. Third, the pixel data were normalized within the interval [0, 255] to [0, 1] to
accelerate training convergence. Fourth, label encoding (Normal=0, Abnormal Heartbeat=1, History of MI=2)
and one-hot encoding are applied for the VGG16 Full Model. Fifth, on-the-fly data augmentation includes 10-
degree rotation, 10% width/height shift, and horizontal flipping to reduce the risk of overfitting [23]. The
mathematical formulations and transformation matrices of each augmentation technique applied in this study
are explicitly described as follows. Image resizing transforms each ECG image (I) to a fixed dimension of
224x224 pixels, expressed in equation (1). Rotation applies a 2D transformation matrix with a rotation angle
6 = 10° to each pixel coordinate (x, y), generating new coordinates (X', y') as in equation (2). Width shift
translates pixel coordinates horizontally by a random offset Ax within 10% of the total image width W, as
shown in equation (3). Height shift translates pixel coordinates vertically by a random offset $\Delta y$ within
10% of the total image height H, formulated in equation (4). Horizontal flipping mirrors the image along the
vertical axis. Assuming zero-based indexing, it maps each pixel coordinate as in equation (5). These
augmentation techniques are applied strictly on-the-fly during the training phase to increase data variability
without permanently modifying the original dataset.

rmzed = resize(l, 224 X 224) (1)
cosf —sinf

[ ] [smH cos 6 ] [y] ()

x'=x+Ax, Ax €[-0.1W,0.1W] 3)

vy =y+Ay, Ay€[-0.1H,0.1H] 4)

X'=W-x-1, y' =y (5)

Feature Extraction Using the VGG16 CNN

VGG16 is a CNN model from Oxford University's Visual Geometry Group, consisting of 16 trained
layers (13 convolutional + 3 fully connected) utilizing consistent 3x3 convolutional kernels [14]. The
architectural configuration applied in this study is detailed in Table 2. This research utilizes VGG16 weights
previously trained on the ImageNet dataset via a transfer learning approach. The VGG16 base layers are loaded
without the fully connected head (include top=False), and a Global Average Pooling layer is appended to
decrease the spatial feature dimensions into a flat 512-dimensional vector. This extracted vector serves as the
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direct input for both the VGG16 Full Model's custom head and the hybrid models (SVC and Random Forest)
[24].

Table 2. VGG16 architectural structure

Block Layer Filter/Unit Output Shape Activation
Block 1 Conv2D x2 + MaxPool 64 112x112x64 ReLU
Block 2 Conv2D x2 + MaxPool 128 56x56x128 ReLU
Block 3 Conv2D x3 + MaxPool 256 28x28x256 ReLU
Blocks 4 & 5 Conv2D x3 + MaxPool 512 7x7x512 ReLU
Output* GlobalAvgPool2D 512 1x512 -
Model Training

The experimental design involves three classification setups, as summarized in Table 3. The VGG16
Full Model utilizes a fine-tuning strategy by freezing the initial layers of VGG16 and retraining only the last
10 layers, alongside a custom classification head (Dense 256, Dropout 0.3, and a 3-class Softmax activation).
The VGG16+SVC hybrid model employs a Support Vector Classifier with a Radial Basis Function (RBF)
kernel (C=10, gamma='scale') following feature standardization. Finally, the proposed VGG16+Random
Forest model relies on an ensemble of 100 decision trees (n_estimators=100) with a maximum depth of 15
(max_depth=15), intended to produce more stable predictions by reducing variance [25].

Table 3. Model configuration

Model Description Key Parameters
VGG16 Full Model Fine-tuned VGG16 with custom classification head | Last 10 layers trainable, Dense (256), Dropout (0.3)
VGGI16 + SVC VGG16 feature extraction + SVM classifier Kemel = RBF, C = 10, gamma = 'scale’'
VGG16 + Random | VGGI16 feature extraction + Random Forest n_estimators = 100, max_depth =15
Forest

Training Implementation

The models were trained and tested using the finalized dataset of 8,268 ECG images, allocated into
5,779 training images, 1,241 validation images, and 1,248 testing images. The VGG16 Full Model was
constructed using TensorFlow 2.x, utilizing the Adam optimizer with a starting learning rate of 1x1074,
Categorical Cross-entropy as the loss function, and a batch size of 32. Training was configured for a maximum
of 50 epochs alongside the EarlyStopping callback (patience=10) to mitigate overfitting, and the
ReduceLROnPlateau callback (factor=0.2, patience=5, min_Ir=1x1077) for adaptive optimization [16]. This
network comprises 14,846,787 parameters, out of which 13,701,379 parameters in the last 10 layers are
trainable. The hybrid models (VGG16+SVC and VGGI16+Random Forest) were trained via scikit-learn
utilizing the 512-dimensional feature vectors extracted by the VGG16 base, with random_state=42 set to
guarantee reproducibility. The core Python implementation snippet is depicted in Figure 2, and a visual
summary of the entire systematic workflow is presented in Figure 3.

rain_int

features)

Figure 2. Code implementation snippet of the proposed model
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Figure 3. Block diagram of the proposed methodology

Model Performance Evaluation

The performance of the evaluated models is quantified using standard classification metrics derived
from the confusion matrix, including Accuracy, Precision, Recall (Sensitivity), and the F1-Score, as
mathematically defined in Table 4. In addition to these scalar metrics, the confusion matrix is utilized to
identify specific misclassification patterns among the classes. Furthermore, Receiver Operating Characteristic
(ROC) curves and the AUC are calculated using a One-vs-Rest (OVR) approach to evaluate the multi-class
discriminative capacity of each model [26] [27]. A notable limitation of this current experimental design is the
reliance on a single train-validation-test split without cross-validation, combined with the image-wise splitting
approach. These factors limit the ability to fully guarantee model stability and pose a potential risk of data
leakage. To definitively validate the clinical generalizability and stability of the reported performance metrics,
future work must incorporate rigorous patient-wise k-fold cross-validation.

Table 4. Model performance evaluation metrics

Metric Formula Description

Accuracy (TP +TN)/ (TP + FP + FN + TN) Proportion of correct predictions out of all data
Precision TP/ (TP + FP) The model’s positive prediction accuracy
Recall TP /(TP + FN) Ability to identify all positive cases

F1-Score 2 x (Precision X Recall) / (Precision + Recall) Harmonic mean of precision and recall

3.  RESULTS AND DISCUSSIONS

Performance evaluation was carried out on 104 test images that the model had never seen before. The
metrics involved include sensitivity, precision, F1 Score, test accuracy, and generalization capability analysis
via the Confusion Matrix along with the ROC curve for three modeling scenarios: VGG16 Full Model, VGG16
integrated with Support Vector Classifier (SVC), and VGG16 integrated with Random Forest (RF). Training
the VGG16 Full Model demonstrated highly stable convergence. Training data accuracy consistently increased
to 92.93% by the end of the epoch, in line with validation accuracy reaching 87.50%. The loss value was
significantly reduced from 1.10 to 0.23 on the training data and to 0.41 on the validation data. Overfitting was
effectively prevented through the implementation of the EarlyStopping and ReduceLROnPlateau callbacks,
which adaptively reduced the learning rate from 1x10"(—4) to 4x10"(—6) [16]. This parameter adjustment
strategy proved to optimize the convergence process without triggering a spike in error during the validation
stage. The comparison results confirm that the VGG16 hybrid architecture integrated with Random Forest
outperforms the others, achieving a test accuracy of 93.27% and an average F1 score of 93.25%. The reliability
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of this ensemble approach is demonstrated by achieving perfect sensitivity (100%) for identifying Normal
images and perfect precision (100%) for the Abnormal Heartbeat class. In terms of computational efficiency,
the hybrid models (SVC and Random Forest) demonstrated a substantial advantage, requiring only 0.2 and 0.5
seconds for training respectively, compared to 255.5 seconds for the VGG16 Full Model, highlighting that
feature extraction prior to classification significantly reduces training overhead without compromising
accuracy.

Table 5. Training and Validation Results of Each Model

Model Training Accuracy (%) | Validation Accuracy (%) Test Acc (%) | AUC Training Time (s)
VGG16 Full Model 92.93 87.5 95.00 0.991 255.5
VGG16 + SVC 91.35 91.35 91.35 0.990 0.2
VGG16 + Random Forest | 93.27 93.27 93.27 0.991 0.5
VGG16 full model

The VGG16 Full Model reached an accuracy rate of 92.93% on the training data and 87.50% on the
validation data. The loss value was successfully reduced from 1.10 to 0.23 on the training data and to 0.41 on
the validation data. Figure 4 shows the accuracy and loss graphs during training, which consistently converged.
The classification report shows macro-average precision, recall, and F1-Score of 0.95, 0.94, and 0.94,
successively. The best performance was achieved in the Abnormal Heartbeat class (F1-Score 0.96), followed
by Normal (0.95), while History of MI recorded the lowest F1-Score of 0.88. The confusion matrix
demonstrates that prediction outputs predominantly appear on the main diagonal with an overall accuracy of
95%. Classification errors primarily occur in the History of MI class, which is sometimes classified as Normal
or Abnormal Heartbeat due to overlapping feature patterns. Figure 5 presents the ROC curves for the VGG16
Full Model (left) and VGG16 + SVC (right). The VGG16 Full Model achieved a Macro AUC of 0.991 with
class-specific AUCs: Normal 0.993, Abnormal Heartbeat 1.000, and History of MI 0.975. VGG16 + SVC
achieved a Macro AUC of 0.990 with AUCs of: Normal 0.996, Abnormal Heartbeat 0.991, and History of MI
0.978.

VGG16 Full Model - Accuracy VGG16 Full Model - Loss

—— Training Loss
— Validation Loss

0.2

= Training Accuracy
= Validation Accuracy

0.0

o 5 10 15 20 25 0 5 10 15 20 25
Epoch

Figure 4. VGG16 full model accuracy and loss graph

ROC Curve - VGG16 Full Model ROC Curve - VGG16 + SVC
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Figure 5. ROC curves for the VGG16 full model (left) and VGG16 + SVC (right)
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VGG16 +SVC

The VGG16 + SVC model uses 512-dimensional features extracted from VGG16 as input for the
Support Vector Classifier with an RBF kernel (C=10, gamma='scale'). This model attained an accuracy of
91.35% on the test data. The VGG16 + SVC classification report shows macro-average precision, recall, and
F1-Score 0f 0.91, 0.91, and 0.91, successively. The ROC curve in Figure 5 (right panel) demonstrates excellent
discriminatory performance across all classes, with a Macro AUC of 0.990.

VGG16 + Random Forest

The VGG16 + Random Forest model is a hybrid method that integrates deep visual features of VGG16
with the Random Forest ensemble algorithm (100 trees, max depth=15). This model obtained the top test
performance with an accuracy of 93.27% with an average F1-Score of 93.25%. The classification report shows
superior precision, recall, and F1-Score values, including perfect sensitivity (100%) for the Normal class and
perfect precision (100%) for the Abnormal Heartbeat class, demonstrating the reliability of the ensemble
approach in minimizing prediction errors. Figure 6 presents the confusion matrix for VGG16 + Random Forest.
The model successfully classified all 43 Normal images correctly (0 errors), 32 out of 35 Abnormal Heartbeat
images, and 22 out of 26 History of MI images. Figure 7 shows the ROC curve for VGG16 + RF, which
achieved a maximum Macro AUC of 0.991. AUC per class: Normal 0.993, Abnormal Heartbeat 0.995, and
History of MI 0.978. This achievement surpasses previous research results, which generally fall within the
range of 0.94-0.98 for cardiac ischemia detection [6][28].

Confusion Matrix - VGG16 + Random Forest ROC Curve - VGG16 + Random Forest
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Figure 6. Confusion Matrix for VGG16 + RF Figure 7. ROC Curve for VGG16 + RF

Comparison with Previous Studies

The outcomes of this study were contrasted with several previous studies that used a similar approach
in classifying ECG images or heart disease using deep learning. Table 6 presents a comparison of the results
of the best-performing model from this study with relevant prior studies. Based on the comparison in Table 6,
this study obtained an accuracy of 93.27%, exceeding the results of the three compared studies that used the
VGG16 architecture or other combinations of CNN transfer learning. The main difference in this study lies in
the use of a hybrid approach combining VGG16 as a feature extractor and Random Forest as the final classifier
for multi-class classification of cardiac ischemia ECG images. This approach is able to improve the stability
and performance of classification compared to the use of a single CNN model [25], thus demonstrating that the
integration of deep feature extraction and ensemble machine learning is effectively applied to the classification
of ECG images of heart disease [24] [25].

Table 6. Comparison with previous studies

Title Year Method Differences Dataset Sample Accuracy
(%)
Rizaqi & Tahyudin: 2025 | Comparing VGG16 and ResNet50 as ECG Images Cardiac 81.0
Comparative analysis of VGG16 single CNN models without separate Dataset ECG Images
and ResNet50 in cardiac ECG feature extraction or ensemble (Mendeley)
image classification [29] classifiers
Azizah et al.: Implementation of | 2024 | Single VGG16 with Attention Kaggle Chest Chest X-ray | 78.75
VGG16 for Cardiomegaly Mechanism for Binary Classification X-Ray images
Detection on Chest X-Rays of Cardiomegaly Based on Chest X- Cardiomegaly
rays Dataset
Berliani et al.: Comparison of 2023 | Transfer learning of VGG16 and COVID-19 Lung X-ray | 91.45
Lung X-ray Image Classification ResNet50 for multi-class classification | Radiography images
using ResNet-50 and VGG-16 of lung X-ray images Dataset
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Proposed Method (This Study) 2025 | VGG16 + Random Forest (hybrid ECG Images 8,268 ECG 93.27
feature extraction + ensemble) (Mendeley) images

Discussion

The experimental results demonstrate that the VGG16 + Random Forest hybrid model achieved the
best overall performance with an accuracy of 93.27%, an F1-Score of 93.25%, and an AUC of 0.991. These
findings align with transfer learning principles, which state that pre-trained weights on large-scale datasets
such as ImageNet can be effectively adapted for medical image classification tasks with limited training data
[24]. The superiority of the hybrid approach over the VGG16 Full Model can be attributed to the
complementary strengths of deep feature extraction and ensemble learning. While VGG16 effectively captures
hierarchical visual features from ECG images through its 16-layer architecture trained on ImageNet, Random
Forest provides robust decision boundaries through ensemble averaging of 100 decision trees, thereby reducing
variance and improving generalization [25]. This is consistent with Napitupulu et al. [25], who reported that
ensemble-based classifiers significantly improve prediction stability in ECG signal classification. The perfect
sensitivity for the Normal class (100%) indicates that the model successfully identifies all healthy cases,
minimizing false negatives that could lead to missed diagnoses. The perfect precision for the Abnormal
Heartbeat class (100%) indicates that when the model predicts an abnormal heartbeat, it is always correct,
minimizing false positives that could lead to unnecessary interventions.

The VGG16 + SVC model achieved a competitive accuracy of 91.35%, indicating that support vector
classifiers are also capable of leveraging VGG16 features effectively. However, its performance was slightly
lower than Random Forest, likely due to the sensitivity of SVM to high-dimensional feature spaces without
further dimensionality reduction. The RBF kernel with C=10 and gamma='scale' provided reasonable decision
boundaries, but the maximum margin principle of SVM may have been less effective than the ensemble
averaging approach of Random Forest for this particular feature distribution. Compared to previous studies,
the proposed model surpasses Rizaqi & Tahyudin [29] (81.00%), Azizah et al. [13] (78.75%), and Berliani et
al. [14] (91.45%), confirming the advantage of combining VGG16 feature extraction with an ensemble
classifier for multi-class ischemic heart disease classification. While Makhir et al. [6] reported a slightly higher
accuracy of 94.20%, their study used raw ECG signal data rather than ECG images, making direct comparison
inappropriate given the different input modalities. The proposed method's independence from raw signal data
represents a practical advantage for deployment with existing commercial ECG devices. The confusion matrix
analysis reveals that misclassification primarily occurred in the History of MI class, with 4 out of 26 images
misclassified. This is likely due to overlapping visual feature patterns between History of MI and Abnormal
Heartbeat classes, as both conditions may present similar ST-T wave changes on ECG images [30]. This
challenge is also reported by Makhir et al. [6], who noted that chronic ischemic conditions often share visual
characteristics with arrhythmia patterns in image-based analysis. Future work should investigate class-specific
feature weighting or attention mechanisms to better distinguish these overlapping patterns. Despite these
promising results, several limitations were identified. First, the model was trained and evaluated on a single
dataset from one medical institution, which may limit its generalizability across different ECG devices and
patient populations. Second, the absence of cross-validation means that model stability across different data
splits has not been fully verified. Third, the image-wise splitting approach, while practical for lead-level
analysis, may not fully reflect patient-level generalizability. Multicenter validation with a more diverse patient
population and implementation of patient-wise cross-validation are therefore recommended to ensure the
clinical applicability of the proposed system.

4. CONCLUSION

This study successfully developed an ECG image-based ischemic heart disease classification system
using the VGG16 architecture with a transfer learning approach. The VGG16 + Random Forest hybrid model
yielded the best performance with an accuracy of 93.27%, an F1-Score of 93.25%, and an AUC of 0.991, and
was able to identify all images in the Normal class without any prediction errors. This approach has proven
effective as a clinical decision support system that does not rely on raw ECG signal data. Future studies are
encouraged to explore more modern architectures such as EfficientNet or Vision Transformer and to conduct
multicenter validation to ensure the model’s clinical generalization.
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