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Synthetic Electrocardiogram Spectrogram Generation
Using Generative Adversarial Network-Based Models:

A Comparative Study

Giovanny Barbosa-Casanova,* Norelli Schettini, Winston Percybrooks,

and Begoria Garcia-Zapirain

According to the World Health Organization, cardiovascular diseases are the
leading cause of death worldwide. The electrocardiogram (ECG) is a widely used
noninvasive method for detecting these conditions. However, analyzing long-
duration ECG signal recordings can be highly time-consuming for medical
professionals. Machine learning and deep learning techniques have emerged as
valuable tools to assist in diagnosis. However, class imbalance in medical
datasets poses a significant challenge. This work presents a comparative analysis
of three generative adversarial network (GAN)-based models—deep convolu-
tional GAN, conditional GAN, and Wasserstein GAN with gradient penalty
(WGAN-GP)—to generate synthetic ECG spectrograms. The proposed models
are evaluated using the Fréchet inception distance and structural similarity index
measure. The results indicate that WGAN-GP models outperform the other
two models in terms of intraclass diversity and data quality. These findings
suggest that GAN-generated spectrograms can help mitigate data imbalance

issues and improve ECG classification models.

1. Introduction

Cardiovascular diseases (CVDs) are a group of disorders
affecting the heart and blood vessels. Most are related to
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atherosclerosis, a condition that develops
when plaque accumulates in the arterial
walls, narrowing them and restricting
blood flow."™! According to data from the
World Health Organization (WHO), CVDs
are the leading cause of death in the
world™ In 2019, these diseases caused
32% of all global reported deaths. Of these
deaths, 85% were due to heart attack and
stroke. Low- and middle-income countries
are particularly ill-prepared to face the chal-
lenge of CVDs mainly due to the absence of
early detection programs and timely access
to treatment.")

One widespread method used to detect
abnormalities in the behavior of the heart
is the electrocardiogram (ECG), a noninva-
sive test that records the heart’s electrical
activity through electrodes positioned on
the body surface.”® The standard ECG is
a test that lasts ~10 min, and during it,
the morphology and the waveform of the ECG signal are evalu-
ated. However, due to the short duration of the test, some abnor-
malities may not be detected. Ambulatory monitoring techniques
such as Holter or cardiac event monitors are used in these cases.
Nevertheless, for long-term monitoring, ECG signal analysis is
tedious and highly time-consuming for specialists.”~'% Therefore,
techniques for analysis, abnormalities detection, and classification
of ECG signals based on machine learning (ML) and deep learning
(DL) methods are valuable tools for supporting diagnostic tasks.
However, one of the leading challenges in developing these tools
is the requirement of a large amount of labeled data.'*™**! In the
particular case of ECG signals, publicly available databases are
highly imbalanced, which affects the performance in detecting
or classifying minority classes.”) Multiple works focused on detect-
ing ECG signal abnormalities have been developed,*®%**"1 and
among them, those that employ convolutional neural networks
(CNNs) and spectrograms extracted from the raw ECG signals
have shown better classification performance.l*?**”) However,
most of these works mainly use the MIT-BIH Arrhythmia
Database,” which is highly imbalanced since more than 80%
of their data correspond to the majority class.”?®!

The aforementioned shows the necessity of acquiring a larger
quantity of ECG signals to balance the databases used for train-
ing of the ML and DL models. Nevertheless, gathering medical
data, especially ECG signals, requires specialized staff to acquire,
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label, and preprocess the data.’ Furthermore, acquiring data
from sudden cardiac events such as heart attacks, or isolated
events, such as some arrhythmia types is challenging."” On
the other hand, when working with medical data regulations
related to ethical considerations, privacy, and protection of
clinical data, must be considered.[”'?>13? Eyen when data are
available, legal requirements for acquisition often involve
time-consuming processes that delay research progress.*) To
address the above, many studies suggest the usage of synthetic
ECG data, which allows for increasing the diversity and quantity
of available data for training ML and DL models.P**32%:30]
Similarly, these studies indicate the existence of various data gen-
eration techniques. Among them, those based on the utilization
of generative adversarial networks (GANs) have been success-
fully employed in the generation of medical data.

This work presents a performance comparison of three types
of GAN-based models for generating synthetic ECG spectro-
grams. The models implemented are the deep convolutional
GAN (DCGAN), conditional GAN (CGAN), and Wasserstein
GAN with gradient penalty (WGAN-GP). These models were
trained on spectrograms derived from time-domain ECG signals.
The performance of the models was evaluated using the struc-
tural similarity index measure (SSIM) and the Fréchet inception
distance (FID) score. This work addresses a fundamental gap in
medical data augmentation by introducing the first comparative
study of GAN-based ECG spectrogram generation. The contribu-
tions of this work are as follows: 1) Pioneer application of three
GAN architectures (DCGAN, CGAN, and WGAN-GP) specifi-
cally adapted for synthetic ECG spectrogram generation—a
completely unexplored application domain. 2) First systematic
evaluation of GAN models for time—frequency ECG representa-
tion synthesis, providing crucial insights for future medical data
augmentation strategies. 3) Empirical validation that GAN-
generated spectrograms effectively improve classification perfor-
mance in imbalanced cardiac datasets, opening new avenues for
robust diagnostic system development.

While GAN architectures are established, their application to
ECG spectrogram synthesis represents a novel paradigm that
addresses critical limitations in current medical data augmenta-
tion approaches.

The remainder of this article is structured as follows: Section 2
presents related works. Section 3 describes the proposed
approach, including the dataset employed, data preprocessing,
the generative models developed, and the experimental setup.
Section 4 presents the experimental results, and Section 5 pro-
vides the conclusions.

2. Related Works

2.1. Spectrogram-Based Methods for ECG Signal Analysis

Farag!® developed a self-contained CNN that integrates short-
time Fourier transform (STFT) computation directly within its
architecture for arrhythmia detection from ECG signals. Unlike
conventional approaches requiring external preprocessing, the
proposed STFT-CNN automatically learns discriminative time—
frequency features during training. The model was implemented
on a resource-constrained edge device using data from the
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MIT-BIH Arrhythmia Database, targeting real-time inference.
Performance evaluation showed that the STFT-CNN achieved
up to 99.1% accuracy and 95% F1-score at the edge with a maxi-
mum model size of 90 KB, an average inference time of 9 ms,
and a maximum memory usage of 12 MB. These results demon-
strate that embedding STFT within CNN layers enables efficient
and accurate ECG classification, making the approach particu-
larly suitable for portable and wearable healthcare devices.

Safdar et al.?! proposed an ECG classification method that
combines wavelet-based denoising, frequency filtration, and
STFT to generate spectrograms as inputs to a CNN. Using the
PTB-XL dataset, the authors focused on distinguishing normal
signals from anteroseptal myocardial infarction. Preprocessing
involved the discrete wavelet transformation to remove noise
and a cutoff frequency of 2 Hz to reduce data size without losing
diagnostic information. Spectrograms (64 x 64 grayscale images)
were then created and classified using a CNN with four convolu-
tional layers. Experimental results showed that spectrogram-
based inputs achieved higher performance (99.06% accuracy,
100% precision, and 99.83% sensitivity) compared to raw signal
inputs while also halving memory usage. The study highlights
that spectrogram representations provide more distinguishable
features than time-domain signals, enabling simpler CNN
architectures to achieve state-of-the-art accuracy in ECG
classification.

Alqudah et al.”" conducted a comparative study evaluating
four spectrum-based ECG representations—log-scale STFT,
mel-scale STFT, bispectrum, and third-order cumulant—
combined with four CNN architectures: AOCT-Net, MobileNet,
SqueezeNet, and ShuffleNet. The experiments used 10 502 beats
from the MIT-BIH Arrhythmia Database, covering six classes
(N, LBBB, RBBB, PVC, APB, and aAP). Results showed that
the best-performing CNN was MobileNet with an overall accu-
racy of 93.8%, while the bispectrum achieved the highest repre-
sentation performance with an overall accuracy of 93.7%. These
findings demonstrate that spectral representations offer strong
discriminatory power for arrhythmia classification when com-
bined with lightweight CNNs suitable for mobile and embedded
systems.

Eleyan et al.*? proposed a spectrogram-based arrhythmia clas-
sification framework that integrates feature fusion through a
three-channel deep learning model. In this approach, ECG sig-
nals are transformed into spectrograms using the STFT, while
additional visual features are extracted via histograms of oriented
gradients and local binary patterns. Each representation is proc-
essed by a dedicated 2DCNN, and the resulting feature maps are
concatenated and fed into a gated recurrent unit (GRU) for tem-
poral modeling and final classification. The method was evalu-
ated on the MIT-BIH and BIDMC ECG datasets, considering
both three-class and five-class classification tasks. Experimental
results demonstrated that the proposed model outperformed
existing baseline methods, achieving higher accuracy and robust-
ness, thus highlighting the benefits of combining spectrogram
and handcrafted visual features within a unified deep learning
architecture.

Krél-Jozagal®®! investigated atrial fibrillation (AF) detection
using CNNs applied to three 2D ECG representations: spectro-
grams, scalograms, and attractor reconstruction (AR). The study
employed 5s raw ECG segments from the MIT-BIH Atrial
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Fibrillation Database (AFDB), without preprocessing or handcrafted
feature extraction. The CNN architecture was trained and evalu-
ated on both balanced and unbalanced datasets using cross-
validation and train-test splits. Results showed that scalograms
achieved the best performance with an F1-score of 94%, followed
by spectrograms (93%) and AR (89%). These findings demon-
strate that short ECG segments transformed into 2D representa-
tions can enable effective AF detection with CNNs.

Siekierski and Siwek**! presented a heartbeat classification
method that leverages multisignal ECG spectrograms alongside
a CNN enriched with residual blocks. Utilizing data from the
MIT-BIH Arrhythmia Database, the authors transformed ECG
signals into spectrogram representations and trained a residual
CNN architecture to distinguish between different heartbeat
types. Results showed that the proposed method achieved an
overall accuracy of 98.37%.

Wei et al.*) introduced a fast and automated DL method for
detecting AF using ECG-derived spectrogram representations. In
their approach, raw ECG signals undergo preprocessing, are con-
verted into spectrograms, and subsequently fed into a fine-tuned
EfficientNet-BO0, a pretrained CNN architecture. Evaluated on AF
detection tasks, the model achieved impressive performance with
an Fl-score of 88.2% and an overall accuracy of 97.3%. These
results show that combining time—frequency representations
with a pretrained CNN architecture enables efficient and highly
accurate AF detection.

Singhal and Kumar®® proposed GSMD-SRST, a multilevel
ECG arrhythmia classification framework that integrates Group
Sparse Mode Decomposition (GSMD) with the Superlet
Transform (SRST). GSMD decomposes ECG signals into constit-
uent sparse modes, improving separation of morphological and
rhythmic components, while SRST generates high-resolution
time—frequency spectrograms that are subsequently processed
by deep CNN architectures, including VGG19, ResNet-18,
GoogleNet, and AlexNet. The authors validated their approach
using five databases: MIT-BIH Atrial Fibrillation, MIT-BIH
Malignant Ventricular Ectopy, Creighton University Ventricular
Tachycardia, MIT-BIH Arrhythmia, and Mendeley-II databases.
Their proposed method, along with the VGG19 model, achieved
an overall accuracy of 99.2%.

Gupta et al.””! introduced CardioNet, a lightweight DL frame-
work for myocardial infarction (MI) detection using ECG sensor
data. Their approach transforms filtered ECG sensor data into
time—frequency spectrograms using three methods: the STFT,
the Gaussian window-based S-Transform (ST), and the Smoothed
Pseudo-Wigner—Ville Distribution. These spectrograms are
then processed by several models—benchmark networks such
as SqueezeNet and AlexNet, as well as the CardioNet architec-
ture. The study, evaluated on the PTB-ECG dataset, reported an
average classification accuracy of 99.82%, a specificity of
99.57%, and a sensitivity of 99.97%. These results demonstrate
that the proposed system is suitable for use in wearable devices
combined with a cloud-based algorithm for automatic heart dis-
ease screening.

Table 1 provides a systematic comparison of spectrogram-
based ECG studies, summarizing methodological approaches,
datasets utilized, performance metrics, and key findings from
the reviewed literature.
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2.2. GAN-Based Methods for Synthetic ECG Data Generation

Safdar et al.*" proposed a data augmentation method in which
the new synthetic ECG signals are generated from the original
signals. In this method, the original ECG signals, extracted from
the PTB-XL ECG dataset, are divided into segments, and then
these segments are rearranged. The authors defined two classes
of segments: the host and the guest. The first ones are segments
that remain in their original place. These segments can be mor-
phologically adapted to integrate with the guest segments. On the
other hand, the guest is a segment that is displaced during the
rearranged process. The similarity between the generated and
the original ECG signals was evaluated by converting the signals
into images and computing the SSIM.

Zubair et al." proposed an oversampling strategy to address
the problem of imbalanced data. This strategy consists of two
steps. First, samples corresponding to the majority class (normal
beat) from the MIT-BIH Arrhythmia Database are selected.
These samples must be highly similar to samples from the
minority class (supraventricular ectopic beat). Then, the selected
samples are transformed into samples from the minority class
using a translation loss function. To evaluate the effect of the
proposed strategy, the authors trained two classification models,
the first one with imbalanced data and the other one with data
balanced with the proposed method. The metrics employed dur-
ing the tests were accuracy, sensitivity, specificity, and positive
productivity. The results of the tests demonstrated improved clas-
sification performance for the model trained with data balanced
using the proposed method.

Adib et al.®! assessed the capacity of five GAN-based models to
generate synthetic ECG signals. All these models were trained
using signals corresponding to the majority class (normal) from
the MIT-BIH Arrhythmia Database. The performance of the
models was evaluated using five methods proposed by the
authors. The results of the tests show that all models can gener-
ate heartbeats with similar morphological features. However, in
terms of visual inspection, the models, bidirectional long short-
term memory deep convolutional GAN (BiLSTM-DC GAN),
GAN, and Wasserstein GAN (WGAN), obtained the best results.
On the other hand, among these models, the classical GAN
obtained the best productivity rate.

Bechinia et al.®! proposed using a variant of GANs known as
auxiliary classifier GAN as a data augmentation method. The
generated data correspond to images representing three types
of time-domain ECG signals from the MIT-BIH Arrhythmia
Database. The authors trained two different models using both
an imbalanced dataset and a balanced dataset created with the
proposed method to compare the performance of their approach.
The metrics used in this work were accuracy, precision, recall,
and F1 score. The results of the tests showed that the models
trained with a balanced dataset using the proposed method out-
performed the models trained with the imbalanced dataset.

Wulan et al.?? presented a WaveNet-based model and two
GAN-based models for generating synthetic ECG signals corre-
sponding to normal, left bundle branch block, and right bundle
branch block beats. The models were trained using data from the
MIT-BIH Arrhythmia Database. The GAN-Train and GAN-Test
scores were used to evaluate the performance of the models. The

© 2025 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH

8509017 SUOWIWOD dANERID d|qedtjdde auy) Aq peusenoB a2 saoie WO ‘8sn J0 S3INI 10} AleiqiT8UIUO AB|1A UO (SUONIPUOD-PUB-SLUBI WD A3 1M Afeq)1puljuo//Sdiy) SUONIPUOD pue S 1 U1 39S *[9202/60/ST] Uo Ariqiaulluo A8 |IM ‘0Isned ap PepiseAILN B| 8P edaslol|qid AQ S0L005202 AS1e/200T OT/10p/wod’ A3 1M Afeiq Ui juo"peoUeApe//SANY WO.) papeoiuMod ‘2 ‘9202 ‘L9SK0v9Z


http://www.advancedsciencenews.com
http://www.advintellsyst.com

ADVANCED

SCIENCE NEWS

www.advancedsciencenews.com

Table 1. Overview of spectrogram-based approaches in ECG studies.
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Reference

Method

Database

Metrics

Comments

Farag!®

Safdar

et a2

Alqudah

et a2

Eleyan

et a2

Krél-

J6zagal®®!

Siekierski
and
Siwek!?

et al.?®

Singhal
and
Kumar!2¢!

Gupta

et al.?”)

Proposed
method

STFT-CNN model

CNN model

AOCT-Net,
MobileNet,
SqueezeNet, and
ShuffleNet models

2DCNN-GRU
model

CNN model

CNN + Residual
Blocks model

Fine-tuned
EfficientNet-BO
model

VGG19, RESNET-
18, GoogleNet, and
Alexnet models

Cardionet model

GAN-based models

The MIT-BIH Arrhythmia Database

The PTB-XL Dataset

The MIT-BIH Arrhythmia Database

The MIT-BIH Arrhythmia Database and the BIDMC
Congestive Heart Failure Database

MIT-BIH Atrial Fibrillation Database

The MIT-BIH Arrhythmia Database

The PhysioNet Computing in Cardiology Challenge
2017 Database

The MIT-BIH Atrial Fibrillation Database, the MIT-BIH
Malignant Ventricular Ectopy Database, the Creighton
University Ventricular Tachycardia Database, the MIT-
BIH Arrhythmia Database, and the Mendeley-II
Database

The PTB-ECG dataset

The MIT-BIH Arrhythmia Database

Accuracy, recall,
precision, and F1-score

Accuracy, sensitivity,
specificity, and precision

Precision, specificity,
sensitivity, accuracy, F1-
score, and Matthews
correlation coefficient
(MCQ)

Accuracy, Recall,
Precision, and Fl-score

Precision, Recall,
Accuracy, Area Under the
ROC Curve (AUC), and
F1-Score

Accuracy, Sensitivity, and
Specificity

Precision, recall,
specificity, accuracy, F1-
score, MCC, and AUC

Accuracy, sensitivity,
specificity, precision, and
F1-score

Precision, accuracy, F1-
score, sensitivity, and
specificity

SSIM and FID

In this study, spectrogram-based representations of
ECG signals were utilized to train a classification
model capable of discriminating among five beat
classes. The study does not address the issue of

inbalanced classes (It does not explore data
augmentation).

In this study, spectrogram-based representations of
ECG signals were utilized to train a classification
model capable of discriminating among five beat

classes. The study addresses the issue of inbalanced

classes, but it does so by applying horizontal flipping
and image contrast enhancement.

In this study, four spectral representations of ECG
signals were utilized to train four classification models,
per representation, designed to discriminate between
six ECG beat classes. The study does not address the
issue of inbalanced classes (It does not explore data

augmentation).

In this study, spectrograms extracted from ECG signals
along with visual features were utilized to train
classification models designed to discriminate

between three or five ECG signal classes. The study

does not address the issue of inbalanced classes (It
does not explore data augmentation).

In this study, spectrograms and two other 2D
representations extracted from ECG signals were used
to train representation-based classification models
designed to detect AF from ECG signals. The study
does not address the issue of inbalanced classes (It
does not explore data augmentation).

In this study, spectrograms extracted from ECG signals
were utilized to train a classification model capable of
discriminating among five beat classes. The study
addresses the issue of inbalanced classes, but it does
so by duplicating four times the samples of the
minority class.

In this study, spectrograms extracted from ECG signals
were used to train a classification model designed to
detect AF from ECG signals. The study addresses the
issue of inbalanced classes, but it does so by creating
and adding another set of spectrograms with
a different set of parameters.

In this study, spectrograms extracted from ECG signals

were utilized to train a classification model designed to

discriminate between three ECG signal classes. The

study does not address the issue of inbalanced classes
(It does not explore data augmentation).

In this study, spectrograms extracted from ECG signals
were used to train a classification model designed to
detect MI from ECG signals. The study addresses the
issue of inbalanced classes, but it does so by rotating
the spectrograms within a range of —5° to 5°.

In this study, spectrograms extracted from ECG signals
were used to train GAN-based models designed to face
the imbalanced datasets problem by generating
synthetic ECG spectrograms.
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tests performed by the authors show that the data distribution of
the signals generated by the GAN-based models is more closely
approximated to the distribution of actual data.

Hazra and Byun® presented SynSigGAN, a GAN-based
model that enables the generation of synthetic signals corre-
sponding to encephalograms, electromyographic, photoplethys-
mography, and 17 ECG types. The training and validation of
the model were performed using four biomedical signals data-
bases, including the MIT-BIH Arrhythmia Database. A bidirec-
tional grid long short-term memory (BiGridLSTM) architecture
was used for the generator, and a CNN architecture was used for
the discriminator. The metrics root mean square error (RMSE),
percent root mean square difference (PRD), mean absolute error
(MAE), Fréchet distance (FD), and Pearson’s correlation coeffi-
cient (PCC) were utilized in this work.

Nankani and Dutta Baruah™" proposed a deep convolutional
CGAN for generating three types of cardiac beats following the
Association for the Advancement of Medical Instrumentation
recommendations. Four standard public databases were employed:
MIT-BIH Arrhythmia Database, MIT-BIH Supraventricular
Arrhythmia Database, St. Petersburg INCART 12-lead Arrhythmia
Database, and China Physiological Signal Challenge 2020. The
authors utilized Gaussian noise as latent input to the generator,
the binary cross-entropy loss function for the discriminator, and
soft labels for faster convergence during training. The model’s
performance was evaluated using five quantitative metrics:
FD, dynamic time warping (DTW), RMSE, maximum mean dis-
crepancy (MMD), and time warp edit distance (TWED). For eval-
uating the impact on classification performance, the authors
implemented a parallel CNN that achieved an accuracy of 0.950,
specificity of 0.955, precision of 0.853, and sensitivity of 0.901.

Neifar et al.* proposed a GAN-based approach for ECG sig-
nal synthesis that incorporates statistical shape priors to better
capture the dynamics of ECG signals. In this method, ECG wave-
forms are represented as 2D shapes modeling both temporal and
amplitude variations, and statistical shape models are con-
structed through clustering, alignment, and principal compo-
nent analysis of ECG signals. The generator then leverages
these priors to produce synthetic signals that preserve realistic
morphology. The MIT-BIH Arrhythmia Database was used for
evaluation, considering normal, premature ventricular contrac-
tion, and fusion beats. The performance of the approach was
assessed through qualitative analysis, including cardiologist eval-
uation of real versus synthetic beats, and quantitative experi-
ments measuring classification improvements and metrics such
as RMSE, MAE, earth mover’s distance (EMD), and DTW.
Results demonstrated that the proposed method generates ECG
signals with morphology closer to real signals compared to state-
of-the-art GAN baselines.

Rai et al.™! proposed GAN-SkipNet, a framework designed to
mitigate class imbalance in ECG-based arrhythmia detection.
Using the MIT-BIH Arrhythmia Database, the authors employed
a Bi-LSTM-based GAN to generate synthetic signals for the
minority supraventricular (S) and fusion (F) classes. Signal qual-
ity was assessed through MSE, SSIM, and PCC with real ECGs.
To evaluate the impact on classification performance, the authors
introduced three models: SkipCNN, SkipCNN + LSTM, and
SkipCNN + LSTM + Attention, which were further enhanced
via an ensemble approach. Furthermore, they employed the
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evaluation metrics: precision, recall, and Fl-score. The results
confirmed that GAN-SkipNet not only balances imbalanced data-
sets but also significantly improves arrhythmia classification per-
formance, showing strong potential for clinical application in
real-time ECG monitoring.

Yang et al.’? introduced CECG-GAN, a CGAN enhanced
with transformer modules, to address class imbalance and wave-
form artifacts in ECG-based diagnostics. Using the MIT-BIH
Arrhythmia and CSPC2020 datasets, the model employs an
encoder—decoder structure to map ECG signals into low-
dimensional latent spaces, enabling controlled generation of
scarce abnormal beats. Transformer-based parallel processing
reduces the waveform jitter and accelerates training compared
to recurrent neural network- and CNN-based GANs. Evaluation
included quantitative metrics such as PRD, FD, RMSE, and MAE,
as well as classification experiments with ResNet50. Results
showed that CECG-GAN significantly improved the recognition
of minority classes, achieving F1-scores above 98% for arrhythmia
categories after dataset augmentation, while maintaining high
fidelity between synthetic and real ECGs. These findings highlight
the model’s capacity to mitigate dataset imbalance and enhance
diagnostic performance in cardiac health monitoring.

Despite the significant advances in GAN-based synthetic ECG
generation demonstrated by the aforementioned works, a critical
limitation emerges that constrains the full potential of these
approaches: all existing methods focus exclusively on generating
time-domain ECG signals, completely overlooking time-
frequency representations such as spectrograms. This represents
a substantial gap in the current literature, particularly consider-
ing that recent studies have consistently shown that CNN models
trained on ECG spectrograms achieve superior classification per-
formance compared to those operating directly on raw time-
domain signals./®2°-%"!

The absence of spectrogram generation capabilities in existing
ECG-related GAN frameworks is especially problematic given
that: 1) spectrograms capture both temporal and frequency-
domain characteristics often overlooked in time-domain repre-
sentations, 2) they provide complementary and potentially more
robust features for arrhythmia classification, and 3) they enable
better visualization and interpretation of cardiac abnormalities.
Furthermore, while data augmentation through synthetic time-
domain ECG generation has shown promise, the potential for
ECG spectrogram-based data augmentation remains unexplored.
This is particularly noteworthy since GAN-based spectrogram
generation has already been successfully employed in other
fields, such as speech synthesis,**** speech emotion recogni-
tion,** animal sound classification,***”) seismic waveform syn-
thesis,®® heart sound classification,*® and human activity
classification,*”! where it has proven effective for improving data
diversity and model performance. Hence, extending these advan-
ces to ECG represents a significant missed opportunity to
address dataset imbalance issues more effectively. It is also
important to note that conventional image augmentation techni-
ques (e.g., rotation, flipping, cropping) cannot be directly applied
to spectrograms, since such transformations distort the underly-
ing temporal and frequency axes, thereby altering the physiolog-
ical meaning of the signal and introducing artifacts that
compromise diagnostic validity.**!
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Metric Description

SSIM This metric quantifies the structural similarity between two images®"

Accuracy Ratio between the number of correctly classified samples and the total of samples!**]

Sensitivity Proportion of actual positive samples that are correctly classified. This metric is also known as Recall or the True Positive Rate (TPR)*!
Specificity Proportion of actual negative samples that are correctly classified. This metric is also known as the True Negative Rate (TNR)!*
Positive Proportion of positive predictions that are correctly classified. This metric is also known as Precision®®!

productivity

F1-score It is a metric that combines Precision and Recall into a single value by calculating their harmonic mean!®®

GAN-Train This metric is computed by training a classification model on data generated by a GAN and testing its performance on real datal®®
GAN-Test This metric is computed by training a classification model on real data and testing its performance on data generated by a GANP%
RMSE This metric measures the square root of the average squared differences between the predicted values and the actual values!®*!

PRD This metric quantifies the distortion or difference between two signals by measuring the relative error!®

MAE This metric measures the average of the absolute differences between the predicted values and the actual values!®’]

FD Geometric measurement used to quantify the similarity between continuous curves or trajectories!®”!

PCC It measures the strength and direction of the linear relationship between two variables!®’!

DTW It is a method employed to compare two-time series®®!

MMD It quantifies the mean discrepancy of two data distributions in kernel spacel®”!

TWED It measures the similarity between two given time series, considering both the alignment of their elements and the temporal differences between them!®®!
EMD Also known as Wasserstein Distance, it is a metric that quantifies the minimum cost to transform one probability distribution into another?®®

Table 2 provides an overview of the performance metrics men-
tioned earlier in this subsection.

3. Experimental Section

3.1. Proposed Approach

This section introduces the proposed approach for comparing
the performance in the generation of ECG spectrograms of three
GAN-based models. Figure 1 presents an overview of the pro-
posed approach. In the initial phase of the methodology, 10s
samples of ECG signals corresponding to five types of beats
are extracted from the MIT-BIH Arrhythmia Database. Then,
the samples are grouped into the “normal” and “abnormal” clas-
ses. Next, each time-domain ECG signal is transformed into a 2D
time—frequency spectrogram through the STFT. The spectro-
grams are saved as image files and are used to train the networks:
DCGAN, CGAN, and WGAN-GP. The models’ performance in
generating synthetic spectrograms is measured using the SSIM
and the FID score. Furthermore, the models that generated the
synthetic spectrograms with the highest quality per class were
used as a data augmentation method to balance the datasets
employed for training 2D-CNN classifier models.

3.2. The Dataset

Several publicly available ECG databases have been widely used
for training ML and DL models to detect ECG signal abnormali-
ties.I*! Among the most prominent datasets are the MIT-BIH
Arrhythmia Database,®® the PTB-XL Database,* the St.
Petersburg INCART Database,*’) and the AFDB."** Table 3
presents relevant information about these databases.

Adv. Intell. Syst. 2026, 8, €202500705 €202500705 (6 of 17)

In this work, the MIT-BIH Arrhythmia Database was selected
to train the generative models due to its status as the gold stan-
dard for arrhythmia classification, its well-established ground
truth annotations validated by cardiologists, and its extensive
use in benchmark studies that facilitate performance compari-
sons,*!! ensuring that our synthetic-spectrogram-based ECG
sample generation results can be contextualized within existing
performance benchmarks that contribute to the cumulative
knowledge base in this field. This database contains 48 half-hour
excerpts of two-channel ambulatory ECG recordings digitized at
a sampling rate of 360 Hz, with each beat having a respective
validated label.l*®

Five types of beats were extracted from this database: normal
beat (N), left bundle branch block beat (L), right bundle branch
block beat (R), premature ventricular contraction beat (V), and
atrial premature beat (A). Ten second ECG samples from each
type were extracted following the methodology described in
ref. [45]. These five beat types were subsequently grouped into
two classes: “normal” and “abnormal.” Table 4 presents a
detailed description of the information extracted from the
MIT-BIH Arrhythmia Database.

3.3. ECG Data Preprocessing

The function “specgram” from the Matplotlib Python Library!*®
was used to transform the time-domain ECG signals into 2D
time—frequency spectrograms. This function takes the input sig-
nal, computes its STFT, and generates a spectrogram. The
parameters used in this work were NFFT set to 512, Fs set to
360, Window set to Hanning, and Noverlap set to 128. The gen-
erated spectrograms were stored as 256 x 256 color images in
PNG format. An example of a spectrogram for each class is pre-
sented in Figure 2.
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Figure 1. Proposed approach.

Table 3. Characteristics of prominent ECG databases for cardiovascular
signal analysis.

Database Release  Number of Sampling Number of Recording
year channels  rate [Hz]  records duration

MIT-BIH Arrhythmia 2005 2 360 48 30 min

Database

PTB-XL Database 2020 12 500 21837 10s

St. Petersburg INCART 2008 12 257 75 30 min

Database

Atrial Fibrillation 2000 2 250 23 10h

Database (AFDB)

Table 4. Data extracted from the MIT-BIH Arrhythmia Database.

MIT-BIH Arrhythmia Record Number Samples Class
Database Code

N 100, 101, 105, 115, 122, 215 1980 Normal
L 109, 111, 214 540 Abnormal
R 118, 124, 212 540 Abnormal
\Y 106, 223 360 Abnormal
A 207, 209, 232 540 Abnormal

3.4. Generative Models

GANs are a framework proposed by Goodfellow et al.*”! for
generating synthetic data. GAN architecture consists of two
networks: the generator (G) and the discriminator (D). The func-
tions of G are to capture the real data distribution and generate
synthetic (fake) data. In turn, the function of D is to determine if

Adv. Intell. Syst. 2026, 8, €202500705 €202500705 (7 of 17)
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Training generative models

l

the input data correspond to real or synthetic data. In this frame-
work, both models compete against each other during the train-
ing process. G tries to fool D, and D tries to assign the correct
label to input data. The loss function used in this framework is
defined as follows:

rrgnn})axV(D, G) =E, .5 llog D(x)]

+ B, (»[log(1 — D(G(2)))]

1)

where z is a random noise vector, x is the real data, pgai () is the
real data distribution, D(x) is the output of the D for a real data
sample x, p.(2) is the prior distribution used by the G, G(z) is the
output of the G for an input z, and D(G(z)) is the output of the D
for a generated data sample G(z).

In this work, we implemented three models—DCGAN,
CGAN, and WGAN with gradient penalty (WGAN-GP)—to gen-
erate synthetic ECG spectrograms. The DCGANS, originally pro-
posed by Radford et al.,*® are variations of the original GANs
that use a convolutional architecture for the G and the D.
Likewise, the CGANs, proposed by Mirza and Osindero,*”
are an extension of the original GANs that introduce the concept
of additional information y, which conditions both the G and the
D. The loss function of this type of network is defined as follows:

ménrngle(D, G) =Eypy(xllog D(x[y)]

+ By o log(1 — D(G(z]y))] “

In ref. [50], Arjovsky et al. presented the WGANS, which are
variations of the original GANs, that use the EMD (also called
Wasserstein-1) as the loss function to improve learning stability
and address mode collapse. Furthermore, the D is replaced by a
network called the critic that estimates the EMD between real
data distribution and synthetic data distribution.
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Figure 2. Spectrograms of ECG signals corresponding to normal and abnormal classes.

In this work, the WGAN version presented by Gulrajani
et al.® called WGAN with gradient penalty (WGAN-GP) was
implemented; consequently its loss function takes the form of
the EMD plus a penalty that is expressed as follows:

L=Ez _ p, (D) ~Ey . p [DE)] +1E; _ p,

A( 3)
% [(IVD(&)l, — 17
where ¥ is the generated sample, P, is the generated data distri-
bution, D(%) is the output of the D for a generated sample %, x is
the real sample, P, is the real data distribution, D(x) is the output
of the D for a real sample x, 4 is the gradient penalty coefficient, %
is interpolated samples between real samples x and generated
samples %, P; is the interpolated samples distribution, and
|IV:D(%)]|, represents the norm of the gradient of the D regard-
ing % inputs.

The generative models developed in this work are adaptations
of the architecture presented in.’? This architecture was origi-
nally designed to generate 64 x 64-pixel color images of human
faces from a random noise vector of dimensions 100 x 1 x 1.
Table 5 provides comprehensive architectural specifications,
including layer-wise parameter distributions and the total train-
able parameters. Figure 3 illustrates the tensor transformation
pipeline throughout the models. For the present study, this
baseline architecture underwent substantial modifications to

accommodate spectrogram synthesis of ECG signals at
256 x 256-pixel resolution while maintaining the original latent
space dimensionality. The DCGAN and WGAN-GP models used
spectrograms of the “normal” and “abnormal” classes separately
during the training, whereas the CGAN models used both classes
simultaneously. All models used a batch size of 128 and were
trained for 1000, 2000, and 3000 epochs. The learning rate for
DCGAN and CGAN models was 0.0002, and for WGAN-GP
models was 0.0001. Table 6-8 detail the complete architectural
specifications for each GAN-based model, including layer-wise
parameter counts. Figure 4—6 provide corresponding tensor flow
visualizations demonstrating dimensional transformations
across the models’ pipeline.

3.5. Experimental Setup

The GAN-based models presented in this work were coded using
the Python programming language and the PyTorch framework
and were trained on an Ubuntu 22.04.4 LTS operating system
running on the g6.12xlarge instance provided by Amazon
Elastic Compute Cloud (EC2). This instance is equipped with
four NVIDIA L4 Tensor Core GPUs, each with 24 GB of RAM.

The generation of spectrograms and the testing of the devel-
oped models were performed on a computer with an Ubuntu 22.04.4
LTS operating system, 32 GB of RAM, Intel Core i9-9900 K CPU,

Table 5. Original architecture of the DCGAN model. Adapted from ref. [52].

Layer Generator

Discriminator

1 ConvTranspose2d (100, 512) BatchNorm2d(512) ReLU
ConvTranspose2d (512, 256) BatchNorm2d(256) RelLU
ConvTranspose2d(256, 128) BatchNorm2d(128) RelLU
ConvTranspose2d (128, 64) BatchNorm2d(64) ReLU

[, I NV )

Number of trainable parameters 3576 604

ConvTranspose2d(64, 3) Tanh

Conv2d(3, 64) LeakyReLU(0.2)
Conv2d(64, 128) BatchNorm2d(128) LeakyReLU(0.2)
Conv2d(128, 256) BatchNorm2d(256) LeakyRelLU(0.2)
Conv2d(256, 512) BatchNorm2d(512) LeakyRelLU(0.2)

Conv2d(512, 1) Sigmoid ()
2765568
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Figure 3. Baseline DCGAN architecture overview with tensor dimension flow.

and two NVIDIA GeForce RTX 2080 Super GPUs, each with
8 GB of RAM. The Python programming language and the
PyTorch framework also were used.

4. Experimental Results

4.1. Evaluation Metrics

The SSIMP? and the FID score® were used to assess the perfor-
mance of the generative models. The SSIM quantifies the struc-
tural similarity between two images by comparing their
luminance, contrast, and structure.’**® This metric has been
shown to correlate with human visual perception. The values of
this metric range from 0 (images are different) to 1 (images are
equal) and are calculated for two given images x and y as follows:

(Zﬂxﬂy + Cl)(zaxy + CZ)
(% 4+ p + C1)(02 + 07 + Cy)

SSIM(x,y) = 4

where y is the mean intensity, o is the standard deviation, o, is the
covariance, and C; and C, are constants to avoid instability.

Adv. Intell. Syst. 2026, 8, €202500705 €202500705 (9 of 17)

The FID score is a metric that computes the Fréchet Distance
between the feature representations of the real and generated
samples extracted using the Inception-V3 model.** This metric
is widely used to assess the quality of samples generated by GAN-
based models, as it has been shown to correlate well with human
judgment of visual quality.”® A lower FID score indicates better
performance in sample generation. For two sets of real and gen-
erated samples, this metric is calculated as follows:

FID(x’g) = me - mg”% + (Cx + Cg - Z(Cxcg)l/z) (5)

where m, and C, are the mean vector and covariance matrix of
feature representations of real samples, respectively; mg and C,
are the mean vector and covariance matrix of feature represen-
tations of generated samples, respectively; and Tr is the matrix
trace.

4.2. Generative Model Performance

To evaluate the performance of the models, each of them gener-
ated the same quantity of spectrograms that they used during
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Table 6. DCGAN model architecture.
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Layer Generator Discriminator

1 ConvTranspose2d (100, 4096) BatchNorm2d(4096) ReLU Conv2d(3, 128) LeakyReLU(0.2)

2 ConvTranspose2d (4096, 2048) BatchNorm2d(2048) RelLU Conv2d(128, 256) BatchNorm2d(256) LeakyRelLU(0.2)
3 ConvTranspose2d (2048, 1024) BatchNorm2d(1024) ReLU Conv2d (256, 512) BatchNorm2d(512) LeakyReLU(0.2)
4 ConvTranspose2d (1024, 512) BatchNorm2d(512) RelLU Conv2d(512, 1024) BatchNorm2d(1024) LeakyRelLU(0.2)
5 ConvTranspose2d (512, 256) BatchNorm2d(256) RelLU Conv2d(1024, 2048) BatchNorm2d(2048) LeakyRelLU(0.2)
6 ConvTranspose2d (256, 128) BatchNorm2d(128) ReLU Conv2d (2048, 4096) BatchNorm2d(4096) LeakyReLU(0.2)
7 ConvTranspose2d(128, 3) Tanh Conv2d (4096, 1) Sigmoid()

Number of trainable parameters 185358 080 179013 632

Table 7. CGAN model architecture.

Layer Generator Discriminator

1 ConvTranspose2d (200, 4096) BatchNorm2d(4096) ReLU Conv2d(6, 128) LeakyRelLU(0.2)

2 ConvTranspose2d (4096, 2048) BatchNorm2d(2048) RelLU Conv2d (128, 256) BatchNorm2d(256) LeakyReLU(0.2)
3 ConvTranspose2d (2048, 1024) BatchNorm2d(1024) RelLU Conv2d(256, 512) BatchNorm2d(512) LeakyReLU(0.2)
4 Conv2d(512, 1024) BatchNorm2d(1024) LeakyReLU(0.2) ReLU ConvTranspose2d(1024, 512) BatchNorm2d(512)

5 ConvTranspose2d (512, 256) BatchNorm2d(256) ReLU Conv2d(1024, 2048) BatchNorm2d(2048) LeakyReLU(0.2)
6 ConvTranspose2d (256, 128) BatchNorm2d(128) RelLU Conv2d (2048, 4096) BatchNorm2d(4096) LeakyReLU(0.2)
7 ConvTranspose2d(128, 3) Tanh Conv2d (4096, 1) Sigmoid ()

Number of trainable parameters 191915776 180782976

Table 8. WGAN-GP model architecture.

Layer Generator Critic

1 ConvTranspose2d (100, 4096) BatchNorm2d(4096) ReLU Conv2d(3, 128) LeakyRelLU(0.2)

2 ConvTranspose2d (4096, 2048) BatchNorm2d(2048) RelLU Conv2d(128, 256) InstanceNorm2d(256) LeakyRelLU(0.2)
3 ConvTranspose2d (2048, 1024) BatchNorm2d(1024) RelLU Conv2d(256, 512) InstanceNorm2d(512) LeakyRelLU(0.2)
4 ConvTranspose2d (1024, 512) BatchNorm2d(512) ReLU Conv2d(512, 1024) InstanceNorm2d(1024) LeakyRelLU(0.2)
5 ConvTranspose2d (512, 256) BatchNorm2d(256) RelLU Conv2d (1024, 2048) InstanceNorm2d(2048) LeakyReLU (0.2)
6 ConvTranspose2d (256, 128) BatchNorm2d(128) RelLU Conv2d (2048, 4096) InstanceNorm2d(4096) LeakyReLU(0.2)
7 ConvTranspose2d (128, 3) Tanh Conv2d (4096, 1)

Number of trainable parameters

185358 080

179 054 464

their training, i.e., 1980 per class. A visual comparison between a
spectrogram sample extracted from the training dataset and the
spectrograms generated by different GAN architectures for 1000,
2000, and 3000 training epochs for “normal” and “abnormal”
classes is presented in Figure 7 and 8, respectively. These images
show the variation of the generated samples and the models’ per-
formance across the training epochs. The intraclass diversity of
the data generated by each model was measured using the struc-
tural similarity obtained by comparing each spectrogram against
the others employing the SSIM. The function “structural_simi-
larity” from the scikit-image library®”’ was used to compute this
metric per model, and the results are presented in Table 9.
Values close to 1 in the “Average” column indicate mode col-
lapse. The values in the “Maximum” column show the highest

Adv. Intell. Syst. 2026, 8, €202500705 €202500705 (10 of 17)

degree of similarity obtained between two spectrograms gener-
ated by each model, whereas values in the “Minimum” column
show the lowest. Based on these values, it is observed that the
WGAN-GP models for 1000 and 2000 epochs and the
DCGAN model for 3000 epochs, trained on “abnormal” data,
are experiencing mode collapse. Meanwhile, the models trained
on “normal” data with the highest SSIM value in the “Average”
column are CGAN for 2000 epochs and DCGAN for 1000
epochs. On the other hand, the models that generate the spectro-
grams with the best intraclass diversity, i.e., with the lowest SSIM
value in the “Average” column, are WGAN-GP for 1000 epochs
trained on “normal” data and WGAN-GP for 3000 epochs trained
on “abnormal” data. Furthermore, the models with the lowest
SSIM value in the “Maximum” column are WGAN-GP for
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Figure 4. DCGAN architecture overview with tensor dimension flow.

2000 epochs trained on “normal” data and WGAN-GP for 3000
epochs trained on “abnormal” data.

The quality of the data generated by each model was measured
using the FID calculated through the “Pytorch-fid” package.®
Typically, this metric is computed utilizing the “pool_3”" layer
from the Inception V3 model. However, to employ this layer,
the sample size per class, including both real and generated data,
should be greater than 2048, corresponding to the dimensionality
of the “pool_3" layer. Using a reduced number of samples results
in complex numbers and NANs in the covariance calculation.”®
Because the number of training samples was 1980, and following
the methodology in refs. [60,61] the “pre-aux” layer, with 768-
dimensional features, was used to compute the FID. The results
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obtained per model are presented in the “FID” column of Table 9.
Values close to 0 indicate similarity between the feature represen-
tation of the generated samples and the feature representation of
the data used during the training of the models, i.e., higher data
quality and better model performance. Based on the values pre-
sented in Table 9, it is observed that between the models trained
on “normal” data, the WGAN-GP model for 2000 epochs has the
lowest FID value, i.e., the best performance in quality of the data
generated. In turn, between the models trained on “abnormal”
data, the WGAN-GP model for 3000 epochs has the best perfor-
mance. On the other hand, it is important to emphasize that using
a layer from the Inception V3 model different from “pool_3”
restricts the comparisons between the FID values obtained and
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Figure 5. CGAN architecture overview with tensor dimension flow.

the FID values from other works.®®! A correct comparison would
require the other works to employ the same “pre-aux” layer.
The computational cost of training each model was measured
in terms of runtime and GPU memory usage, employing the
Python “time” module and the “nvidia-smi” command, respec-
tively. The results for each model are presented in Table 10.
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These results indicate that the training of WGAN-GP models
has the highest GPU memory usage. In turn, the models with
the highest runtime are the CGAN. Nevertheless, it is relevant
to consider that these models employ both “normal” and “abnor-
mal” data during the training. On the other hand, in Table 10 it
can be observed that, for the DCGAN and WGAN-GP models,
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Figure 6. WGAN-GP architecture overview with tensor dimension flow.

there are differences in the runtime according to the class of data
used during the training.

4.3. Impact on Classification Performance

The effect of the generated samples on the classification perfor-
mance of a 2D CNN (2DCNN) model was evaluated by compar-
ing the results obtained when training the model on various
datasets using the same hyperparameters (batch size of 256
and 25 epochs). Initially, the model was trained on two imbal-
anced datasets, one per class, and tested on a balanced test
set. Subsequently, two GAN-based models, one per class, were
selected based on previous quality assessments to balance the
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imbalanced datasets. Specifically, the WGAN-GP model trained
for 2000 epochs and the WGAN-GP model trained for 3000
epochs were chosen to balance the “normal” and “abnormal”
classes, respectively. Each model generated the necessary sam-
ples to create ten balanced training datasets from the two original
imbalanced datasets. Finally, the 2DCNN model was trained on
the GAN-balanced datasets and evaluated on the same balanced
test set. The architecture of the 2DCNN model, along with a
description of the training and testing datasets, is provided in
Table 11 and 12.

The metrics precision (Pr), recall (Re), F1-score (F1), and accu-
racy (Acc) were used to evaluate the classification performance of
the 2DCNN model. The “metrics” module from the Sklearn
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(b) (d)

(9)

Figure 7. Comparison of original and GAN-generated spectrograms for the “normal” class. a) Spectrogram sample extracted from the training dataset.
b) Spectrogram generated by the CGAN model trained for 1000 epochs. c) Spectrogram generated by the DCGAN model trained for 1000 epochs.
d) Spectrogram generated by the WGAN-GP model trained for 1000 epochs. e) Spectrogram generated by the CGAN model trained for 2000 epochs.
f) Spectrogram generated by the DCGAN model trained for 2000 epochs. g) Spectrogram generated by the WGAN-GP model trained for 2000
epochs. h) Spectrogram generated by the CGAN model trained for 3000 epochs. i) Spectrogram generated by the DCGAN model trained for 3000
epochs. j) Spectrogram generated by the WGAN-GP model trained for 3000 epochs.

(b) (c) (d)

Figure 8. Comparison of original and GAN-generated spectrograms for the “abnormal” class. a) Spectrogram sample extracted from the training dataset.
b) Spectrogram generated by the CGAN model trained for 1000 epochs. c) Spectrogram generated by the DCGAN model trained for 1000 epochs.
d) Spectrogram generated by the WGAN-GP model trained for 1000 epochs. e) Spectrogram generated by the CGAN model trained for 2000 epochs.
f) Spectrogram generated by the DCGAN model trained for 2000 epochs. g) Spectrogram generated by the WGAN-GP model trained for 2000
epochs. h) Spectrogram generated by the CGAN model trained for 3000 epochs. i) Spectrogram generated by the DCGAN model trained for 3000
epochs. j) Spectrogram generated by the WGAN-GP model trained for 3000 epochs.

Python library!®? was employed to compute these metrics. Pr, Re,  arithmetic mean and standard deviation of the results from
and F1 were calculated for each class, while Acc was calculated ~ the models trained on GAN-balanced datasets. These results
across both classes. Table 13 presents the results obtained by the  indicate that the models trained on datasets where the “normal”
models trained on the imbalanced datasets, as well as the class was balanced using GANs demonstrate superior
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Table 11. 2DCNN model architecture.

Type of Epochs  Generated SSIM FID
network sample
Maximum Minimum Average
CGAN 1000 Abnormal 0.9950 0.4132 0.7328 1.0275
Normal 0.9958 0.4125 0.7957 1.0648
2000 Abnormal 0.9943 0.3587 0.7420  0.9900
Normal 0.9977 0.3992 0.8854 0.9694
3000 Abnormal 0.9966 0.2886 0.6533  2.4594
Normal 0.9977 0.2972 0.7817 2.4348
DCGAN 1000 Abnormal 0.9876 0.5691 0.7606 0.4785
Normal 0.9918 0.6939 0.8321 1.2210
2000 Abnormal 0.9959 0.7507 0.8632 0.6992
Normal 0.9902 0.5260 0.7420 1.4592
3000 Abnormal 0.9974 0.8765 0.9526 1.6102
Normal 0.9926 0.5307 0.7246 1.5553
WGAN-GP 1000 Abnormal 0.9998 0.9992 0.9996 3.2806
Normal 0.8949 0.4993 0.6182 0.2733
2000 Abnormal 0.9996 0.9976 0.9991 2.9621
Normal 0.8439 0.6537 0.7260 0.1745
3000 Abnormal 0.7533 0.4938 0.5919 0.2907
Normal 0.8538 0.7012 0.7621 0.1831

Table 10. Computational cost.

Type of Epochs Class GPU Memory Runtime
network usage [GB]
CGAN 1000  Abnormal/Normal NVIDIA L4 16.769 21:00:18.89
2000  Abnormal/Normal NVIDIA L4 16.769 41:59:23.68
3000  Abnormal/Normal NVIDIA L4 16.769 60:55:52.77
DCGAN 1000 Abnormal NVIDIA L4 16.622 09:58:13.49
Normal NVIDIA L4 16.622 10:03:18.52
2000 Abnormal NVIDIA L4 16.622 19:55:25.78
Normal NVIDIA L4 16.622 20:11:40.06
3000 Abnormal NVIDIA L4 16.622 31:11:40.63
Normal NVIDIA L4 16.622 30:21:21.50
WGAN-GP 1000 Abnormal NVIDIA L4 23.182 15:08:21.10
Normal NVIDIA L4 23.182 15:20:08.96
2000 Abnormal NVIDIA L4 23.182 30:14:07.93
Normal NVIDIA L4 23.182 30:39:35.43
3000 Abnormal NVIDIA L4 23.182 45:00:11.62
Normal NVIDIA L4 23.182 46:25:24.12

classification performance compared to the model trained on
the imbalanced “normal” class. Likewise, the model trained
on the imbalanced “abnormal” class achieved classification per-
formance above 85% across all metrics. This may be due to
the extracted features from both classes being sufficiently
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Layer Classifier

1 Conv2d(3,8) ReLU MaxPool2d(2,2)
2 Conv2d(8,16) ReLU MaxPool2d(2,2)
3 Conv2d(16,32) ReLU MaxPool2d(2,2)
4 Flatten

5 Dropout(0.2)

6 Linear(28 800 128) RelLU

7 Linear(128,1) Sigmoid

Number of trainable parameters 3689257

Table 12. Summary of the datasets used for training and testing the
2DCNN model.

Dataset Number of Number of
abnormal normal
samples samples

Training dataset with the “abnormal” class imbalanced 324 1188

Training dataset with the “normal” class imbalanced 1188 324

Training dataset 1 with the “abnormal” class balanced 1188 1188

using GAN

Training dataset 2 with the “abnormal” class balanced 1188 1188

using GAN

Training dataset 3 with the “abnormal” class balanced 1188 1188

using GAN

Training dataset 4 with the “abnormal” class balanced 1188 1188

using GAN

Training dataset 5 with the “abnormal” class balanced 1188 1188

using GAN

Training dataset 1 with the “normal” class balanced using 1188 1188

GAN

Training dataset 2 with the “normal” class balanced using 1188 1188

GAN

Training dataset 3 with the “normal” class balanced using 1188 1188

GAN

Training dataset 4 with the “normal” class balanced using 1188 1188

GAN

Training dataset 5 with the “normal” class balanced using 1188 1188

GAN

Testing dataset with both classes equally balanced 396 396

representative to enable classification despite the imbalance.
However, more tests are necessary to determine the reasons
for these results. Additionally, it is important to note that
the “abnormal” class comprises samples corresponding to left
bundle branch block beats (L), right bundle branch block beats
(R), premature ventricular contraction beats (V), and atrial pre-
mature beats (A). On the other hand, the models trained on
datasets where the “abnormal” class was balanced using
GANs show only a modest improvement in classification per-
formance compared to the model trained on the imbalanced
“abnormal” class.
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Table 13. Comparison of classification performance between models trained on imbalanced and GAN-balanced datasets.

Model trained on a dataset with Metrics
Abnormal class Normal class Acc
Pr Re F1 Pr Re F1
The imbalanced abnormal class 98.8% 85.9% 91.9% 87.5% 99.0% 92.9% 92.4%
The imbalanced normal class. 59.0% 98.0% 73.6% 94.0% 31.8% 47.5% 64.9%

Abnormal class GAN-balanced 99.5% (£+0.4%)

69.8% (1.4%)

86.6% (+£1.5%)

Normal class GAN-balanced. 98.4% (+0.4%)

92.6% (+0.7%)
81.6% (£0.8%)

88.1% (£1.1%)
97.3% (£0.6%)

99.6% (-£0.4%)
57.3% (2.9%)

93.5% (0.5%)
72.1% (2.2%)

93.1% (£0.6%)
77.9% (£1.3%)

5. Conclusion

The imbalance in available medical datasets is one of the primary
challenges researchers face when developing ML models for
detecting abnormalities in ECG signals. GAN-based methods
offer a promising approach to address this issue. This article pre-
sented a performance comparison of three GAN-based models—
DCGAN, CGAN, and WGAN-GP—for generating synthetic
spectrograms corresponding to “normal” and “abnormal” ECG
signals. The intraclass diversity and quality of generated data
were measured using the SSIM and the FID score, respectively.

The results demonstrate that WGAN-GP consistently achieves
superior performance across both metrics. Specifically, WGAN-
GP models trained for 1000 epochs (“normal” data) and 3000
epochs (“abnormal” data) yielded the highest intraclass diversity.
Similarly, optimal data quality was achieved by WGAN-GP mod-
els trained for 2000 and 3000 epochs on “normal” and “abnor-
mal” data, respectively. However, training these models requires
significant computational resources.

Furthermore, data augmentation experiments demonstrate
that classification models trained on GAN-balanced datasets
improved performance, compared to those trained on imbal-
anced data, though gains varied by class.

The motivation driving this research—addressing the critical
gap in spectrogram-based medical data augmentation—has been
successfully validated through our comprehensive experimental
framework. Our work demonstrates that the transition from
time-domain to time—frequency synthetic data generation is
not only a methodological advancement but also a paradigm shift
toward more effective cardiac diagnostic systems. The clinical
implications are substantial: improved classification perfor-
mance for minority cardiac abnormalities directly translates to
better patient outcomes, particularly in resource-constrained
healthcare environments where dataset imbalance severely limits
diagnostic accuracy.

This research establishes the foundation for a new direction in
medical data augmentation, proving that GAN-based spectro-
gram generation can effectively bridge the gap between data scar-
city and clinical need. The superior performance of WGAN-GP
models in generating high-quality synthetic spectrograms pro-
vides a concrete pathway for researchers and clinicians to develop
more robust, balanced datasets for CVD detection.

Future work will explore several directions: 1) validation using
additional databases such as PTB-XL, St. Petersburg INCART, or
AFDB, 2) development of GAN-based models for generating

Adv. Intell. Syst. 2026, 8, €202500705 €202500705 (16 of 17)

spectrograms of specific abnormalities, and 3) investigation of
methods to transform time—frequency spectrograms back into
time-domain ECG signals.
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