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ABSTRACT

Cardiovascular diseases remain a leading global health concern, necessitating advanced methods for early 
detection of cardiac anomalies. This study proposes a hybrid model combining Adversarial Autoencoders 
(AAE) and Gated Recurrent Units (GRU) to improve anomaly detection in Electrocardiogram (ECG) signals. 
The AAE module extracts robust latent representations of normal ECG patterns, while the GRU captures 
temporal dependencies within the signal. Experimental results demonstrate superior performance compared 
to existing methods, achieving 98.6% accuracy, 97.7% recall, 98.2% F1-score, 98.8% precision, and 99.1% 
AUC-ROC. The proposed framework reduces false positives and enhances diagnostic reliability, offering a 
promising tool for automated cardiac monitoring. 
Keywords: ECG, Anomaly Detection, Adversarial Autoencoder, GRU, Deep Learning 

1. INTRODUCTION 

Electrocardiogram (ECG) signals are essential for 
diagnosing and monitoring a wide array of cardiac 
abnormalities, including arrhythmias, myocardial 
infarctions (heart attacks), and atrial fibrillation. 
These conditions remain a leading cause of death 
worldwide, contributing to over 17 million deaths 
annually. Early detection of these cardiac anomalies 
is crucial for improving patient outcomes, as timely 
medical intervention can significantly reduce the risk 
of life-threatening events. However, traditional ECG 
analysis relies on manual interpretation by clinicians, 
a process that is not only time-consuming but also 
prone to human error due to the complex and noisy 

nature of ECG data. As a result, automated ECG 
analysis systems are being increasingly sought after 
to augment the diagnostic capabilities of healthcare 
professionals and enable continuous, real-time 
monitoring of patients [1]. 

The Figure 1 illustrates a typical ECG 
(electrocardiogram) waveform, representing the 
electrical activity of the heart during one cardiac 
cycle. The P wave signifies atrial depolarization, 
leading to atrial contraction. The PR segment reflects 
the delay at the AV node, allowing blood to flow from 
the atria to the ventricles. The QRS complex 
indicates rapid ventricular depolarization, triggering 
ventricular contraction. 
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Figure 1: ECG Signal [5] 

Following this, the ST segment represents the early 
phase of ventricular repolarization. The T wave 
shows the ventricles returning to their resting state. 
The PR interval spans from the beginning of the P 
wave to the start of the QRS complex, and the QT 
interval extends from the beginning of the QRS to the 
end of the T wave, representing total ventricular 
activity. This waveform helps diagnose various 
cardiac conditions, including arrhythmias and 
myocardial infarction [16]. 

Traditional ECG analysis methods, including rule-
based systems and shallow machine learning models 
like SVMs and decision trees, face limitations in 
detecting subtle or complex abnormalities. These 
approaches depend heavily on handcrafted features 
and domain expertise, reducing their generalizability 
across diverse patient populations or novel 
arrhythmias [21]. They also struggle to capture 
temporal dependencies in ECG signals, often 
missing rare or evolving cardiac events and 
increasing the risk of misdiagnosis or false alarms 
[2]. 

Deep learning overcomes traditional ECG analysis 
limitations by learning features directly from raw 
data. Models like CNNs and GRUs effectively 
capture spatial and temporal patterns in ECG signals 
[22]. CNNs extract local features, while GRUs 
model sequential dependencies for accurate 
classification. However, real-world deployment is 
challenged by class imbalance and signal noise, 
which can hinder performance—especially in 
unsupervised settings with limited labelled data [3]. 

This study presents a hybrid model combining an 
Adversarial Autoencoder (AAE) and a Gated 
Recurrent Unit (GRU) to enhance ECG anomaly 
detection. The AAE learns the distribution of normal 
signals in an unsupervised manner, enabling it to 
detect rare or evolving anomalies [20]. Adversarial 
training improves robustness by generating features 

that mimic normal data. The GRU captures long-
term temporal patterns, allowing for the 
identification of subtle changes in cardiac activity 
[4]. This approach addresses challenges like class 
imbalance and signal noise in real-world ECG 
analysis. 

By combining AAE and GRU, the proposed hybrid 
model achieves high anomaly detection accuracy 
while remaining robust to noise and minimizing false 
positives. This is critical for real-time monitoring 
systems where timely detection can improve patient 
outcomes. The AAE enables unsupervised learning, 
enhancing adaptability to new patient data and 
reducing reliance on large labeled datasets [23]. Our 
results show that the model outperforms traditional 
methods and offers a scalable solution for real-world 
ECG analysis [5]. 

Cardiovascular diseases (CVDs) constitute the major 
cause of mortality in the world and early and precise 
identification of ECG abnormalities is critical to 
treating this condition. The manual and rule-based 
analysis of ECG is prone to errors and noise, 
imbalance between classes, and time dependencies. 
Though deep learning algorithms like CNNs and 
RNNs are better, they need huge labeled datasets and 
cannot be used well in unsupervised tasks. 
Autoencoders and standalone recurrent models also 
do not provide sufficient structure to latent 
representations and represent long-term cardiac 
dynamics. In order to overcome these shortcomings, 
this paper provides a hybrid Adversarial 
Autoencoders-Gated Recurrent Unit (AAE-GRU) 
network to unsupervised ECG anomaly detection. 
The model adapts strong latent behaviour of normal 
ECG behaviour, lowering false positives and 
enhancing detection and generalisation of various 
patterns of ECG. 

This paper will hypothesize that Adversarial 
Autoencoders combined with Gated Recurrent Units 
(AAE-GRU) are significantly better in detecting 
ECG anomalies by learning adversarial regularized 
latent representations of normal cardiac events. 
Another assumption is that the GRU-based temporal 
modeling boosts the detection of latent and dynamic 
abnormalities to the ECG by effectively learning 
long-term dependence in sequential signals. The 
analysis of reconstruction-error and latent-space 
discrimination combined is likely to decrease the 
false positives in the context of noisy and imbalanced 
conditions. In general, it is hypothesized that the 
AAE-GRU model will be more successful in 
comparison with the traditional deep learning 
models, such as CNN-LSTM, in regard to Accuracy, 
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F1-score, and AUC-ROC, on regular ECG 
datasets[24]. 

2. LITERATURE REVIEW 

The methods of ECG anomaly identification vary 
between traditional statistical models to the 
advanced deep learning tools, but these two classes 
have significant weaknesses. The classical 
approaches to machine learning including Support 
Vector Machines and Random Forests have moderate 
performance (approximately 85 percent accuracy) 
and are highly dependent on the hand crafted features 
and signal stationarity. As a result, they have trouble 
with non-stationary ECG signals, inter-patient 
variability and are limited in terms of their use in 
constant and real-world cardiac monitoring. 
Recurrent network models like LSTM enhance the 
temporal dependency modeling, and are found to be 
more accurate (up to 92%), but are supervised and 
prone to imbalance in the classes, which limits 
scalability in unlabeled clinical context. Equally, 
CNNs are good enough in identifying local 
morphological characteristics but not long-range 
temporal dependencies that are important to identify 
anomalies at rhythm level [17]. 

The Adversarial Autoencoders (AAEs) proved to be 
useful in medical anomaly detection through latent 
distribution regularization, enhancing the separation 
of normal and abnormal patterns. Simultaneously, 
GRUs are also effective in sequencing data with 
reduced case of vanishing gradient. Whereas recent 
combinations of autoencoders and recurrent 
networks have shown better performance (up to 94% 
AUC-ROC) these networks do not have adversarial 
regularization of the latent space, leading to worse 
representation robustness and increased false 
positive rates in rare or changing arrhythmias. This 
weakness shows that there is a major research gap in 
the collaboration of adversarial regularization with 
temporal modeling in the detection of ECG 
anomalies [18]. 

A number of studies based on CNN indicate high 
accuracy of classification when benchmark datasets 
are used. As an example, the 1D-CNN networks 
trained on the MIT-BIH Arrhythmia Database 
responded to greater than 91 percent of the cases with 
high specificity indicating fewer false alarms in a 
controlled setting [19]. Nevertheless, these models 
are mainly oriented to the supervised classification 
process and learning local features and, therefore, 
they are not as useful in identifying unseen or hidden 
anomalies. Equally, deep CNN models are better at 
rhythm classification than human cardiologists, thus 
highlighting their diagnostic capabilities, but are not 

as robust in long-term monitoring conditions due to 
their high instructions of large labeled datasets and 
continuous time modeling [7]. 

There is continual learning, which overcomes 
catastrophic forgetting and enhances flexibility over 
time, but adds extra model complexity and 
computational cost, which is difficult to implement 
in real-time healthcare systems [8]. Different patients 
populations are strongly associated with better 
generalization of models being trained with large-
scale ECG datasets, as it was demonstrated in the 
examples of particular patients [9], [10]. However, 
dataset improvements are not the solution to inherent 
architectural weaknesses on the latent space 
structure, noise resilience and unsupervised anomaly 
recognition. 

Hybrid and ensemble deep learning models, such as 
CNN-LSTM, all demonstrate high accuracy, 
sensitivity and specificity in various cardiac 
conditions. Such models are useful in capturing 
spatial and temporal ECG characteristics and are 
resistant to noise and variations in signal [11], [13], 
[14]. Although they perform well, the majority of 
hybrid architectures are still supervised and do not 
provide principled latent space regularization and, 
therefore, do not have the capacity to detect rare, 
changing, or never-before-seen anomalies. 
Transformer models also enhance the long-term 
dependency modeling, but with high computation 
and memory costs which may not be practical to use 
in long-term monitoring of ECG continuously [12]. 

The sequence-to-sequence models are more effective 
in inter-patient generalization and are very sensitive 
in the detection of critical arrhythmias like PVCs 
[15]. Nevertheless, their functions usually rely on 
large amounts of training data and a controlled 
experimental setting, which would be questioned 
regarding the practice of generalization in real 
clinical settings. On the whole, the literature 
indicates that deep learning models with excellent 
classes are often unaware of unsupervised 
adaptability, learned latent representation, and 
reduction of false positives. These loopholes inspire 
why a cohesive AAE-GRU architecture is required 
which combines adversarial latent space control with 
socially effective temporal modelling to convey 
powerful, scalable and clinically dependable ECG 
anomaly detection. 

The reliability of the traditional and shallow methods 
is limited because noise, class imbalance, and limited 
labeled data make the correct detection of ECG 
anomalies difficult. Though deep learning algorithms 
like CNN-LSTM are more effective, they require a 
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massive amount of labeled data and cannot be used 
in unsupervised cases. The current autoencoders as 
well as recurrent methods lack the simultaneous 
enforcement of both the latent space regularization 
and long-term modeling of the time. The paper 
evaluates the hypothesis of whether a hybrid 
Adversarial AutoEncoder-GRU (AAE-GRU) can be 
trained to learn strong representations of normal 
ECG dynamics, minimize false positives by learning 
representations with combined reconstruction and 
latent-space analysis, and improve Accuracy, F1-
score and AUC-ROC on test ECGs. 

In comparison to the previous studies on ECG 
anomaly detection, where the use of supervised 
CNN, LSTM, or CNN-LSTM models is used, the 
current study uses a fully unsupervised AAE-GRU 
framework, which minimizes reliance on labeled 
data. Current autoencoder-based approaches do not 
use adversarial regularization of the latent space, 
whereas this paper imposes a Gaussian prior of the 
regularization of well-structured representations of 
normal ECG signals. In comparison to the isolated 
RNN or LSTM models, the suggested solution 
combines the distributional learning (AAE) and 
long-term temporal modeling (GRU). Moreover, this 
work is the first study, which integrates 
reconstruction error and discriminator-based latent 
evaluation, and considerably minimizes false 
positives in noisy and disproportional data. 
Consequently, the proposed model is always 
competitive in terms of Accuracy, F1-score, and 
AUC-ROC on ECG datasets used as benchmarks. 

3. PROPOSED METHODOLOGY 

The Figure 2 illustrates Proposed Methodology, a 
hybrid anomaly detection framework for ECG 
signals, combining Adversarial Autoencoders (AAE) 
and Gated Recurrent Units (GRU). The process 
begins with raw ECG data, which undergoes 
preprocessing to remove noise and artifacts. After 
that, feature extraction is performed to obtain 
relevant signal characteristics. These features are fed 
into the AAE model for encoding and reconstruction, 
which helps in learning the underlying data 
distribution. The output is then passed to the GRU 
model, which captures the temporal dependencies. 
Finally, an anomaly detection mechanism evaluates 
the sequence and generates the output, indicating 
normal or abnormal cardiac patterns. 

 

 

Figure 2: Proposed Methodology 

A. ECG Data 

The MIT-BIH Arrhythmia Dataset is a widely used 
benchmark in biomedical signal processing, 
especially for research involving ECG signal 
analysis and arrhythmia detection. It was created by 
the Massachusetts Institute of Technology (MIT) and 
Beth Israel Hospital (BIH). The dataset contains 48 
half-hour ECG recordings from 47 different 
individuals, sampled at 360 Hz with annotations for 
over 100,000 heartbeats classified into different 
arrhythmia types. It includes recordings from both 
healthy individuals and patients with various cardiac 
abnormalities, making it highly suitable for training 
and evaluating models for ECG anomaly detection. 

Electrocardiogram (ECG) waveforms of heartbeats 
(in both the normal case and the instances affected by 
various arrhythmias and myocardial infarction) are 
reflected in the signals. Each segment of these 
signals represents a single heartbeat during 
preprocessing. There are 87554 samples in all, and 
10 features to analyse. The dataset is divided into 
80% and 20% ratios, used for training and testing.  

B. Preprocessing 

In the data preprocessing stage, the raw ECG signals 
are loaded from the MIT-BIH Arrhythmia Dataset. 
These signals often contain various types of noise, 
including baseline wander, powerline interference, 
and muscle artifacts, which can hinder accurate 
anomaly detection. To address this, noise removal 
techniques are applied typically a Butterworth 
bandpass filter is used to retain frequencies within 
the physiological range of ECG signals (e.g., 0.5–40 
Hz), and wavelet denoising helps preserve important 
signal features while reducing high-frequency noise. 
After denoising, the continuous ECG recordings are 
divided into fixed 10-second windows, allowing the 
model to process consistent-length input segments. 
These segments are then normalized to the [0, 1] 
range, which helps stabilize and accelerate the 
training of deep learning models by ensuring that all 
features contribute equally during learning. 
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C.Feature Extraction 

After preprocessing, the ECG signals are divided into 
fixed 10-second windows, and relevant features are 
extracted from each segment to represent the 
underlying cardiac activity. The feature extraction 
process focuses on capturing both time-domain and 
frequency-domain characteristics of the signal. 
Morphological features, such as the duration and 
amplitude of P, QRS, and T waves, and intervals like 
PR and QT, are also extracted. When applicable, RR 
interval features like SDNN and RMSSD are 
computed to assess heart rate variability. These 
diverse features form a compact 10-dimensional 
vector per segment, providing rich input to the AAE 
for learning the data distribution. Feature 
normalization ensures uniform scale across inputs, 
which enhances model training efficiency. 

D.AAE Model 

The Adversarial Autoencoder (AAE) architecture 
Figure 3 integrates an encoder, decoder, and 
discriminator to learn robust ECG signal 
representations. The encoder processes input ECGs 
first through a Conv1D layer (64 filters) to capture 
local features, followed by a GRU layer (128 units) 
to model temporal dependencies, ultimately 
producing a latent vector z. Symmetrically, the 
decoder aims to reconstruct the original ECG from z. 
It employs a GRU layer (128 units) to process the 
latent vector's sequential information, which then 
feeds into a Conv1D Transpose layer to unsampled 
and generate the reconstructed ECG.  

 

Figure 3: AAE Model 

Crucially, a discriminator, built with dense layers, 
distinguishes between these generated latent vectors 
z and samples drawn from a predefined Gaussian 
prior distribution. This adversarial process compels 
the encoder to map inputs to a latent space that 
closely mimics the desired prior, ensuring a well-
regularized and meaningful representation, 
facilitating both accurate reconstruction and 
effective data generation or analysis tasks. 

E.GRU Model 

The Gated Recurrent Unit (GRU) illustrated in 
Figure 4 processes sequential latent vectors to 
effectively capture inter-segment dependencies in 
time-series data. Within the green-highlighted GRU 
unit, input vectors (x₍ᵗ₎) are processed sequentially 
alongside previous hidden states (h₍ᵗ₋₁₎) to generate 
the current hidden state (h₍ᵗ₎) and output (o₍ᵗ₎). The 
internal architecture employs two critical gating 
mechanisms: the reset gate (R₍ᵗ₎) which controls how 
much previous state information is forgotten, and the 
update gate (Z₍ᵗ₎) which determines how much 
previous state is preserved. A candidate hidden state 
(marked by purple "x" circles) is computed using the 
current input and the reset-modified previous state, 
while the tanh activation function (orange box) 
introduces essential non-linearity 

 

Figure 4: GRU Model 

This sophisticated structure allows the GRU to 
selectively retain or discard information across time 
steps, making it particularly effective for modelling 
long-range dependencies in sequential data where 
each hidden state encodes cumulative information 
from the entire preceding sequence, enabling the 
model to learn complex temporal patterns and 
relationships between segments. 

F. Anomaly Detection 

The anomaly detection system operates on ECG 
sequences x=[x₁,x₂,…,xₜ]∈Rᵀˣᵈ, where T represents 
the temporal length and d denotes the feature 
dimensionality of the electrocardiogram data. The 
architecture employs a GRU-based encoder Eθ that 
compresses the input sequence into a lower-
dimensional latent representation z∈Rᵏ, capturing 
essential temporal patterns and dependencies within 
the cardiac signals. This latent code z is then 
processed by a GRU-based decoder Dφ to 
reconstruct the original sequence as x̂∈Rᵀˣᵈ, enabling 
the system to learn normal ECG patterns through the 
reconstruction objective. A discriminator network 
Dψ evaluates the latent representations, outputting a 
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probability score in (0,1) that distinguishes between 
normal and anomalous patterns in the latent space. 
The framework incorporates a Gaussian prior 
distribution p(z)=N(0,I) over the latent variables, 
enforcing regularization and ensuring that normal 
ECG patterns are encoded near the center of the 
latent space. Anomalies are detected when the 
reconstruction error between x and x̂ exceeds a 
threshold, or when the discriminator assigns low 
probability to the latent representation, indicating 
deviation from learned normal patterns. This dual-
detection mechanism leverages both reconstruction 
quality and latent space density estimation to identify 
cardiac abnormalities, making it particularly 
effective for detecting rare arrhythmias and other 
ECG anomalies that deviate from the normal sinus 
rhythm patterns captured during training. 

Arrhythmia Dataset of MIT-BIH provides 
consistency of the signals by denoising and 
segmenting the signals of the Arrhythmia Dataset. 
Adversarial Autoencoder can also be used to learn 
and train discriminative morphological and temporal 
characteristics on normal ECG data and learn a well-
regularized latent space. Gated Recurrent Unit is 
later used to model latent feature sequences to learn 
long run temporal features. The joint analysis of 
reconstruction error and discriminator confidence is 
used to detect the anomalies. The framework is 
demonstrated to have Accuracy, Precision, Recall, 
F1-score and AUC-ROC and it is compared to CNN-
LSTM models to demonstrate strong results and 
reproducible results. 

4. RESULTS AND ANALYSIS 

Evaluating classification model performance 
requires understanding key metrics derived from 
confusion matrix elements: True Positives (TP), True 
Negatives (TN), False Positives (FP), and False 
Negatives (FN). Accuracy measures overall 
correctness as the ratio of correct predictions to total 
predictions, while Precision evaluates the reliability 
of positive predictions by calculating correctly 
predicted positives among all positive predictions. 
Recall assesses completeness by measuring how 
many actual positive cases the model successfully 
identified. In imbalanced datasets, Accuracy can be 
misleading since models may achieve high scores by 
favoring majority classes while missing minority 
ones. The F1 Score solves this by harmonically 
averaging Precision and Recall, creating a balanced 
metric that weighs both prediction quality and 
completeness equally. These metrics enable 
practitioners to identify model strengths and 
weaknesses, facilitating informed decisions about 

model optimization and deployment. This 
comprehensive evaluation framework proves 
essential in applications where classification errors 
carry different costs or consequences. 

Performance Metrics: 

Accuracy= (TP+TN)/(TP+TN+FP+FN) 

Precision= TP/(TP+FP) 

Recall= TP/(TP+FN) 

F1 Score= 2*((Precision*Recall)/(Precision + 
Recall)) 

Where:  TP (True Positives), TN (True Negatives) 

 

Figure 5: Confusion matrix 

This confusion matrix in Figure 5 displays the 
performance of an AAE-GRU model on a binary 
classification task with approximately 87,554 total 
samples. The model demonstrates excellent 
performance with high accuracy, correctly 
classifying 42,800 positive cases and 43,174 
negative cases, which represents the vast majority of 
predictions. The error rates are relatively low, with 
only 977 false positives (actual positive cases 
misclassified as negative) and 603 false negatives 
(actual negative cases misclassified as positive). The 
model shows balanced performance across both 
classes, with similar numbers of correct predictions 
for positive and negative cases. The darker blue 
coloring in the diagonal cells (true positives and true 
negatives) compared to the lighter off-diagonal cells 
(errors) visually confirms the model's strong 
classification capability. Overall, the AAE-GRU 
model appears to be well-trained and effective for 
this binary classification problem, with both 
precision and recall likely being quite high based on 
the distribution of predictions shown in the matrix. 
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Table 1: Comparison of AAE-GRU with CNN-LSTM 

Metric AAE-GRU CNN-LSTM 

Accuracy 98.6% 94.2% 

Recall 97.7% 92.1% 

F1-score 98.2% 93.5% 

Precision 98.8% 94.8% 

AUC-ROC 99.1% 96.3% 

 

 

Figure 6: Accuracy comparison of AAE-GRU with CNN-
LSTM 

Figure 6 compares the accuracy performance of two 
machine learning models - CNN-LSTM (blue solid 
line) and AAE-GRU (orange dashed line) - across 
different dataset sizes ranging from 5,000 to 40,000 
data samples. The AAE-GRU model consistently 
outperforms CNN-LSTM across all dataset sizes, 
starting at 94% accuracy with 5,000 samples and 
reaching approximately 98.5% with 40,000 samples, 
while CNN-LSTM begins at 90% accuracy and 
achieves around 94% at the maximum dataset size. 
Both models demonstrate the typical machine 
learning pattern where accuracy improves with 
increasing training data, but AAE-GRU maintains a 
consistent 4-5% accuracy advantage over CNN-
LSTM throughout all dataset sizes, suggesting it may 
be better suited for this particular task or dataset type. 

 

Figure 7: Recall comparison of AAE-GRU with CNN-
LSTM 

Figure 7 illustrates the recall performance of two 
machine learning models - CNN-LSTM (blue solid 

line) and AAE-GRU (orange dashed line) - evaluated 
across varying dataset sizes from 5,000 to 40,000 
data samples. The AAE-GRU model demonstrates 
significantly superior recall performance, starting at 
approximately 92% with 5,000 samples and climbing 
to nearly 98% with 40,000 samples, showing a steep 
upward trajectory. In contrast, the CNN-LSTM 
model exhibits much more modest recall 
improvements, beginning at 90% and reaching only 
about 92% at maximum dataset size, with relatively 
flat performance gains. The performance gap 
between the two models is substantial, with AAE-
GRU maintaining a consistent 5-6% advantage in 
recall throughout all dataset sizes. Both models show 
the expected pattern of improved performance with 
increased training data, but AAE-GRU's dramatic 
improvement curve suggests it is far more effective 
at correctly identifying positive cases in this 
particular classification task. 

 

Figure 8: F1_Score comparison of AAE-GRU with CNN-
LSTM 

Figure 8 is a line graph comparing the F1 scores of 
two models—CNN-LSTM and AAE-GRU—across 
varying numbers of data samples, ranging from 
5,000 to 40,000. The x-axis shows the number of data 
samples, while the y-axis represents the F1 score in 
percentage, from 90% to 100%. The CNN-LSTM 
model is depicted with a blue solid line and circular 
markers, whereas the AAE-GRU model is shown 
with an orange dashed line and square markers. Both 
models demonstrate improved performance with 
more data, but AAE-GRU consistently achieves 
higher F1 scores than CNN-LSTM at every data 
point. This suggests that AAE-GRU is more effective 
in handling increasing data volumes. 
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Figure 9: Precision comparison of AAE-GRU with CNN-
LSTM 

Figure 9 presents a comparative analysis of precision 
performance between two models—CNN-LSTM 
and AAE-GRU—across varying data sample sizes 
ranging from 5,000 to 40,000. The vertical axis 
shows precision in percentage, while the horizontal 
axis indicates the number of data samples 
considered. The AAE-GRU model (represented by 
the orange dashed line) consistently outperforms the 
CNN-LSTM model (represented by the solid blue 
line) in terms of precision at all data sample sizes. 
Notably, AAE-GRU achieves nearly 99% precision 
with 40,000 samples, whereas CNN-LSTM reaches 
around 94.8%. This suggests that AAE-GRU is more 
effective and scalable in terms of precision as the 
dataset size ncreases.

 

Figure 10: AUC Curve comparison of AAE-GRU with 
CNN-LSTM 

The Figure 10 displays an AUC (Area Under the 
Curve) comparison between the CNN-LSTM and 
AAE-GRU models based on their ROC (Receiver 
Operating Characteristic) curves. The horizontal axis 
represents the False Positive Rate, while the vertical 
axis shows the True Positive Rate. The AAE-GRU 
model, represented by the orange dashed line, 
achieves a higher AUC of 99.1%, indicating superior 
classification performance compared to the CNN-
LSTM model, which has an AUC of 96.3% (blue 
solid line). The ROC curve of AAE-GRU rises more 
steeply and remains closer to the top-left corner, 
signifying better sensitivity and specificity. Overall, 
AAE-GRU demonstrates a stronger ability to 
distinguish between classes. 

 

Figure 11: AAE Training Loss 

The Figure 11 illustrates the training loss of an 
Adversarial Autoencoder (AAE) over 100 epochs. 
The y-axis represents the loss, while the x-axis shows 
the number of training epochs. Initially, the training 
loss is around 0.10, but it rapidly decreases within the 
first 10 epochs, indicating fast learning and model 
convergence. After about 20 epochs, the loss 
stabilizes and remains close to zero, suggesting that 
the AAE has effectively minimized reconstruction 
error and reached optimal performance. The smooth 
and consistent decline implies a stable training 
process without signs of overfitting. 

 

Figure 12: GRU Training Loss 

The Figure 12 shows the training loss progression of 
a Gated Recurrent Unit (GRU) model over 150 
epochs. The y-axis represents the loss, while the x-
axis indicates the number of training epochs. The 
training loss starts at approximately 0.014 and 
gradually decreases throughout the training process, 
demonstrating consistent learning. Although the 
curve exhibits some fluctuations, the overall trend is 
downward, suggesting steady improvement in model 
performance. By the end of training, the loss reduces 
to around 0.0035, indicating effective convergence. 
The small oscillations are typical in GRU training 
due to the recurrent nature of the model. 

The research objectives are strictly confirmed by the 
results of the experiment. The high Accuracy 
(98.6%), F1-score (98.2%), and AUC-ROC (99.1%) 
indicate that the suggested AAE-GRU framework 
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manages to learn powerful and adversarially 
regularized latent feature of regular ECG patterns, 
which is the objective of reliable unsupervised 
anomaly detection. Recall (97.7) is improved, which 
confirms that GRU-temporal modeling is an efficient 
way to capture long-term dependencies, which 
allows identifying minor and changing ECG 
anomalies. Moreover, the desired outcome to 
combine reconstruction error with discriminator-
based latent space evaluation is justified by the fact 
that the false positives are reduced considerably with 
the help of high Precision (98.8%). Lastly, the stable 
performance improvement over CNN-LSTM in all 
the metrics prove that the proposed model achieves 
the goal of superior generalization and diagnostic 
reliability on the benchmark datasets of ECGs. 

5. CONCLUSION 

This paper has introduced an unsupervised hybrid 
AAEGRU-based ECG anomaly detector that 
successfully overcomes the key drawbacks of other 
systems such as sensitivity to noise, imbalanced 
classes, inadequate regularization of the latent space 
and inadequate temporal processing. Adversarial 
autoencoding can be used to learn compact and 
structured latent representations of normal ECG 
patterns and GRU-based temporal modeling can 
learn long-term dependencies necessary to identify 
subtle and changing abnormalities. The method of 
dual detection with reconstruction error and the 
latent space discrimination substantially decreases 
false positives and increases the reliability. Testing 
on the MIT-BIH Arrhythmia Dataset obtained 98.6% 
accuracy, 97.7% recall, 98.2% F1-score, 98.8% 
precision and 99.1% AUC-ROC, surpassing CNN -
LSTM baselines. The next round of work will be to 
incorporate the method of explainability, implement 
privacy-sensitive and federated learning models, and 
test the model on multi-lead and real-time clinical 
ECG data. 

Despite the excellent performance of the proposed 
AAE-GRU model, the assessment has been 
conducted on the MIT-BIH dataset only, without 
verifying the cross-dataset and real-life 
generalizability of the model. The model 
interpretability, which is a requisite of clinical trust 
and adoption, is not discussed in the study. It did not 
consider computational complexity and the ability to 
deploy it in time on resource-constrained devices. 
Also, the framework can only conduct binary 
anomaly detection without the differentiation of 
particular forms of arrhythmia, and its stability in the 
presence of extreme noise and long-term patient 
variations is a research gap. 
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