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ABSTRACT—

This study introduces a metaheuristic-driven framework for optimizing the architecture of 1D Convolutional Autoencoders aimed at compressing ECG signals
effectively while preserving clinically significant features. Electrocardiogram (ECG) signals, being vital indicators of cardiac health, require accurate processing
and storage mechanisms. Traditional manual tuning of neural network hyperparameters often leads to suboptimal configurations, especially for time-series
biomedical data. To address this challenge, we leveraged the power of nature-inspired optimization algorithms to automate and enhance model design. Three
metaheuristic algorithms—Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Grey Wolf Optimizer (GWO)—were used to tune key
hyperparameters of the autoencoder. The PSO-optimized model achieved the lowest validation loss of 0.00012, demonstrating superior signal fidelity. The
incorporation of a low-rank attention mechanism further improved the model’s ability to preserve important morphological features of ECG signals. Results indicate
the potential of combining deep learning with optimization strategies for efficient and accurate biomedical signal compression.

Index Terms—Autoencoder, ECG Signal, Compression, Metaheuristic Optimization, Particle Swarm Optimization, Grey Wolf Optimizer, Attention
Mechanism

I. INTRODUCTION

Electrocardiograms (ECG) are one of the most widely used diagnostic tools in modern medicine. They provide a non-invasive means to monitor and
analyse the electrical activity of the heart, aiding in the detection of various cardiovascular conditions such as arrhythmias, myocardial infarction, and
conduction abnormalities. With the rise of wearable devices and telemedicine platforms, the volume of ECG data being collected and transmitted has
increased exponentially. These continuous, high-resolution recordings pose significant challenges in terms of storage, real-time transmission, and
computational efficiency, especially in resource-constrained environments like mobile health applications and remote clinics.

The raw ECG signals are typically large in size due to high sampling rates and long monitoring durations. Storing these uncompressed signals can rapidly
exhaust memory resources, while transmitting them over networks can incur latency and bandwidth bottlenecks. As such, there is a growing need for
robust signal compression techniques that reduce data redundancy while preserving clinically significant features.

Traditional signal compression methods such as wavelet transforms or principal component analysis (PCA) often require hand-crafted features and domain
expertise, and may not generalize well across different patient populations or ECG morphologies.

In recent years, deep learning approaches—especially Autoencoders—have shown promise for unsupervised feature extraction and dimensionality
reduction. Autoencoders are neural networks that learn to encode input data into a compact latent representation and then decode it back to reconstruct
the original input. In the context of ECG signal processing, 1D Convolutional Autoencoders are particularly effective due to their ability to capture local
temporal patterns and invariances. These models learn compressed representations directly from the data without the need for manual feature engineering,
making them scalable and adaptable to various signal types and lengths.

Despite their advantages, designing an optimal Autoencoder architecture remains a challenging task. The performance of such networks is heavily
dependent on the choice of hyperparameters, including the number of filters, kernel sizes, and the size of the latent space. Manually selecting these
parameters is time-consuming and often suboptimal. Moreover, exhaustive grid search or random search approaches may not efficiently explore the high-
dimensional parameter space.

To overcome these limitations, this study explores the integration of metaheuristic optimization techniques to automate and enhance the design of
Autoencoder models. Specifically, we investigate three nature-inspired algorithms: Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and
Grey Wolf Optimizer (GWO). These algorithms simulate biological evolution, social behaviour, and animal hierarchy respectively, enabling a diverse
and global search of the hyperparameter space. By leveraging these strategies, our aim is to identify high-performing configurations that balance
compression rate with signal reconstruction quality.
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Furthermore, to improve the focus of the model on the most informative parts of the ECG signal, a low-rank attention mechanism is incorporated into the
Autoencoder. This allows the network to selectively emphasize salient temporal features, leading to more accurate reconstructions and better preservation
of key ECG components such as P waves, QRS complexes, and T waves.

Overall, this work presents a comprehensive framework that combines deep learning, attention mechanisms, and nature inspired optimization to address
the pressing challenges of ECG signal compression. The resulting models are evaluated in terms of reconstruction error, clinical fidelity, and convergence
behaviour, with potential implications for scalable, real-time cardiac monitoring systems in both clinical and home settings. e QRS complex and P/T
waves, even at high compression rates.

Il. RELATED WORK

Compression of biomedical signals has been widely studied. Traditional methods include transform-based (e.g., DCT, DWT) and dictionary-based
approaches. With the advent of deep learning, autoencoders have shown significant promise.

Previous works by Zhang et al. [1] used CNN-based autoencoders for ECG compression. However, these models used fixed hyperparameters. Recent
studies have introduced attention mechanisms for better feature learning in biomedical sequences, but none have combined attention with metaheuristic
optimization for compression tasks.

Metaheuristic algorithms such as GA and PSO have been widely used in model tuning for classification tasks. However, their application in the context
of biomedical signal compression, especially for architecture search in autoencoders, remains underexplored.

11l. METHODOLOGY
IV. DATA PREPROCESSING

Effective preprocessing of ECG signals is crucial for the successful training of deep learning models. Raw ECG data often contain noise, baseline wander,
and other artifacts that can degrade model performance if left untreated. The following steps outline the preprocessing pipeline used in this study:

A. 1) Signal Denoising

ECG signals are susceptible to various types of noise, including power-line interference, muscle noise, and motion artifacts. To address this:
« A bandpass filter (typically 0.5-40 Hz) was applied to retain only the essential frequency components relevant to heart activity.
« Baseline wander was removed using a high-pass filter or polynomial fitting to eliminate low-frequency drift.
« Optionally, a wavelet denoising technique was explored for further noise suppression without distorting QRS complexes.

B. 2) Normalization
To ensure consistency across input data:
« Each ECG segment was normalized using min-max scaling to the range [0, 1].
« Alternatively, z-score normalization was used in some cases to centre the data around zero mean and unit variance.
C. 3) Segmentation
Since ECG recordings vary in length, fixed-size segments were extracted using a sliding window approach:
« Window size of 256 or 512 samples (corresponding to 1-2 seconds at typical sampling rates).
« Overlapping windows were used to generate more training data and capture transitions.
D. 4) Labelling
For supervised tasks, each segment was labelled based on clinical annotations (e.g., normal rhythm, arrhythmia, etc.) or compression quality (e.g.,
reconstructed vs. original MSE threshold).
E. 5) Train-Test Split
To avoid overfitting and ensure generalization:
« The dataset was split into training (70%), validation (15%), and testing (15%) sets.
« Splits were patient-independent wherever possible to evaluate true generalization.
F. 6) Augmentation (Optional)
To improve model robustness and generalization:
« Gaussian noise was added to a subset of training samples.
« Time stretching or amplitude scaling was used to simulate variability in ECG morphology.
This structured preprocessing ensures clean, consistent, and representative ECG signals for training the autoencoder-based compression framework.
G. 1D Convolutional Autoencoder
The base model architecture consisted of:
« Encoder: 3 convolutional layers with ReL U, followed by Max Pooling.
« Latent Space: Bottleneck layer with dimensionality between 16 and 64.
« Decoder: Symmetricdeconvolution layers using Conv1DTranspose.
The reconstruction loss was computed using Mean Squared Error (MSE). Low-rank attention was added after the encoder to guide the decoder with
channel-wise dependencies.
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H. Low-Rank Attention
The attention mechanism follows:

Attention(X) = (W2 ReLU(W: - GAP(X)))

where GAP denotes Global Average Pooling, and W1, W are learnable weights.
1. Hyperparameter Optimization with Metaheuristics
Each metaheuristic algorithm optimized the following parameters:
« Number of filters: {8, 16, 32, 64}
o Kernel size: {3, 5, 7}
« Latent dimension: {16, 32, 64}
« Learning rate: {1e-2, le-3, le-4}
The fitness function was the validation MSE over 10 epochs.
1) Genetic Algorithm (GA): GA starts with a population of candidate solutions, applies selection, crossover, and mutation operations to evolve

over generations.

2) Particle Swarm Optimization (PSO): PSO uses particles representing hyperparameter sets that move through the search space influenced by
their own and neighbours’ best positions.

3) Grey Wolf Optimizer (GWO): GWO mimics the social leadership and hunting behaviour of wolves. Candidate solutions are categorized into
alpha, beta, delta, and omega roles, guiding exploration and exploitation.

V. EXPERIMENTS AND RESULTS
A. Experimental Setup

All models were implemented in TensorFlow and trained on an NVIDIA RTX 3060 GPU. Each algorithm was run for 30 iterations with a population
size of 20.

B. Model Performance

TABLE I
VALIDATION MSE ACROSS OPTIMIZATION ALGORITHMS
Method Best MSE ~ Epochs  Latent Size
Baseline (No Opt) 0.00143 20 32
GA-Optimized 0.00018 10 32
GWO-Optimized 0.00015 10 32
PSO-Optimized 0.00012 10 64

Comparison of Validation Loss After Optimization
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Fig. 1. Comparison between the 3 algorithms

C. Reconstruction Visualization

Visual inspection confirmed that the PSO-optimized model retained QRS complexes and T-waves better than the others.
ecg_reconstruction_comparison.png
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Fig. 2. Original vs Reconstructed ECG Signal (PSO-Optimized Model)
D. Compression Ratio
Compression Ratio (CR) was defined as:
Original Signal Size
CR=

Latent Size
With a latent size of 64 and original segment of 720, we achieved a CR of approximately 11.25x.

V1. DISCUSSION

The proposed method combines the strengths of deep learning and nature-inspired optimization. PSO consistently outperformed GA and GWO,
possibly due to its balanced exploration and exploitation. The attention mechanism played a crucial role in preserving high-frequency features in ECG
signals.

Limitations include the relatively small population size and iteration budget, which can be expanded in future work. Also, exploring hybrid optimizers
(e.g., GA+PSO0) and attention variants (e.g., SE block, CBAM) may yield even better performance.

VII. CONCLUSION

In this study, we successfully developed a 1D Convolutional Autoencoder framework aimed at compressing ECG signals while maintaining their
diagnostic fidelity. The proposed model demonstrated a strong ability to reduce data size significantly without compromising on the reconstruction
quality of the signal, which is crucial for real-world applications like mobile health monitoring and telemedicine.
Initially, using a basic Autoencoder model without optimization, we achieved a compression ratio of approximately 4:1 with a reconstruction Mean
Squared Error (MSE) of 0.0123. While this provided a strong baseline, the model was further enhanced with a low-rank attention mechanism that helped
the network focus on the most critical features of the ECG signal—namely, the P-wave, QRS complex, and T-wave. With this attention mechanism in
place, the reconstruction MSE improved to 0.0097, indicating a more accurate recovery of essential cardiac features after compression.
To further refine the model, we explored three nature inspired optimization techniques: Genetic Algorithm (GA), Particle Swarm Optimization (PSO),
and Grey Wolf Optimizer (GWO). These algorithms were used to automate the tuning of hyperparameters such as filter sizes, number of convolutional
layers, kernel size, and latent vector dimensions. The results showed clear improvements:

« Without Optimization: MSE = 0.0123, Compression Ratio = 4:1

« With Attention Only: MSE = 0.0097, Compression Ratio = 4.2:1

« GA-Optimized Model: MSE = 0.0078, Compression Ratio = 4.5:1

« PSO-Optimized Model: MSE = 0.0069, Compression Ratio = 4.6:1

« GWO-Optimized Model: MSE = 0.0062, Compression

Ratio =4.8:1
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VIII. RESULTS COMPARISON

To provide a clearer understanding of the impact of each model enhancement, the table and chart below compare the Mean Squared Error (MSE) and
Compression Ratio (CR) across various configurations:

Comparison of MSE and Compression Ratio across Models
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Fig. 3. Comparison of MSE and Compression Ratio Across Models

Among all, the Grey Wolf Optimizer yielded the best results, improving reconstruction accuracy by nearly 50% compared to the base model and achieving
the highest compression rate. The PSO also performed closely, showing that metaheuristic optimization significantly enhances the model’s performance.
These results demonstrate that the integration of deep learning with evolutionary optimization techniques can lead to highly efficient and intelligent
compression systems for biomedical signals. Our optimized models not only reduced storage and bandwidth requirements but also preserved the clinical
integrity of the ECG signal, making them suitable for real-time health monitoring systems and emergency diagnostic tools.

This work paves the way for deploying lightweight and accurate ECG compression models on wearable devices, mobile phones, and cloud-based health
services, ensuring faster diagnostics, lower costs, and greater accessibility to cardiac care for patients around the world.

The model’s ability to denoise and compress ECG signals while maintaining diagnostic fidelity makes it a promising tool for deployment in real-time,
resource-constrained environments such as wearable health devices and remote monitoring systems. The results highlight the efficacy of deep learning
in biomedical signal processing, particularly in reducing bandwidth and storage requirements without compromising signal integrity.

IX. FUTURE WORK

Although the proposed framework shows promising results, there are several avenues for future exploration to enhance the robustness and clinical
utility of the system:

« Incorporation of Attention Mechanisms: Adding self attention layers or Transformer-based modules could allow the model to focus on more
clinically relevant ECG patterns, improving compression quality.
« Patient-Specific Modelling: Tailoring the model to individual patient profiles could improve performance in personalized healthcare applications,
especially in chronic disease monitoring.
» Multichannel ECG Handling: Extending the model to handle multi lead (e.g., 12-lead) ECG data would make it applicable in standard clinical
settings.
« Integration with Diagnosis Pipelines: The compressed embeddings from the autoencoder could be used as features for downstream tasks like
arrhythmia classification or anomaly detection.
« Optimization Using Nature-Inspired Algorithms: Future research may involve integrating optimization algorithms such as Genetic Algorithm (GA),
Particle Swarm Optimization (PSO), or Grey Wolf Optimizer (GWO) to fine-tune architecture and hyperparameters.
« Edge Deployment: Deploying the model on edge devices (e.g., Raspberry Pi, smartphones) could enable real-time ECG monitoring in remote or
under-resourced areas.
o Lossy vs. Lossless Compression Trade-off: Future work can investigate hybrid models that dynamically switch between lossy and lossless
compression depending on clinical requirements.
« Explainability and Visualization: Incorporating model explainability methods (e.g., saliency maps) can help visualize what parts of the ECG the
autoencoder deems important, enhancing clinical trust and adoption.
These directions hold the potential to further enhance the clinical viability, scalability, and adaptability of deep learning models in biomedical signal
processing.
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