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Abstract

Epileptic seizure detection using EEG signals is one of the most vital problems in biomedical and
ubiquitous health care systems, since it is a very important process for real-time monitoring and
decision making. But EEG signals are very much non-stationary and noisy, and thus, their detection
becomes a difficult process. In this paper, a bio-inspired optimized hybrid Convolutional Neural
Network-Recurrent Neural Network (CNN-RNN) approach is used to make seizure detection
efficient and accurate. The CNN takes care of the spatial features in the EEG signal, whereas the
RNN takes care of temporal dependencies in sequence learning. Moreover, a bio-inspired optimized
technique is applied to the hybrid model in order to optimize learning rate, filter size, kernel size,
and hidden units. The proposed algorithm will be validated using EEG benchmark data sets such as
CHB-MIT and the Bonn University dataset. The experimental outcomes show that the suggested
technique provides high classification accuracy of 96.8%, precision of 95.9%, recall of 96.2%, and
F1 score of 96.0%. This indicates the superiority of the proposed technique over traditional
techniques, including SVM, CNN, LSTM, and CNN-LSTM. Also, the false alarm rate becomes
2.9%, and detection latency is reduced, which makes the proposed model fit for real-time
applications. The experimental results highlight the effectiveness of bio-inspired optimization and
hybrid deep learning. The suggested technique is appropriate for deployment in wireless
mobile/wearable healthcare systems for real-time and effective seizure detection and monitoring.
Further research will be devoted to the development of a lightweight model, federated learning, and
edge computing.
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1 Introduction

Epileptic seizure detection is a very significant issue in biomedical signal processing because of its direct
consequences on the health and well-being of patients (Ozcan & Ertiirk, 2017; Thomas et al., 2020).
EEG signals are frequently used in epilepsy detection; nevertheless, such signals are highly
non-stationary and noisy. In addition, there may be a large inter-patient variability of such data, which
further complicates the process of epileptic seizure detection, particularly in portable medical
applications (Ke et al., 2022; Yue et al., 2026).

Recent advancements in deep learning techniques have brought considerable improvements in the
automated seizure detection problem (Madduru et al., 2025; Natu et al., 2023). CNNs are efficient in
spatial feature extraction from EEG signals, whereas RNN models, such as LSTM and GRU models,
can learn the temporal dependencies. CNN-RNN hybrid models thus appear to be a potential choice for
solving the problem by integrating the spatial feature extraction along with sequence modeling. The
performance of the CNN-RNN hybrid models heavily depends on the choice of proper hyperparameters,
depth of the model, and weight initialization of the networks, which needs to be done manually.

For addressing the shortcomings above, bio-inspired optimization algorithms such as PSO, GA,
among others, have come to the forefront because of their ability to effectively search through a highly
complicated search space. Such algorithms will be capable of improving upon the deep learning model
through parameter optimization, ensuring stability in convergence as well as increasing generalization
capability under noisy conditions. The utility of such an optimization in the field of ubiquitous
computing and wireless mobile health will enable accurate seizure detection (Attallah et al., 2023; Sharif
et al., 2025).

Driven by these issues, this paper introduces an optimization model based on biological inspiration
along with a hybrid model of CNN-RNN, which would help improve the robustness and effectiveness
of detecting epilepsy seizures (Dutta et al., 2024).

Key Contributions

1. Developed a hybrid deep learning architecture (CNN-RNN) that would allow the detection of
epileptic seizures, effectively identifying spatial features of the EEG as well as temporal
dependency structures.

2. Created an optimization procedure inspired by biological processes that will help in the automatic
adjustment of the most important parameters of the hybrid architecture.

3. Made the hybrid architecture more robust by increasing its resilience in case of ubiquitous
computing environments and wireless systems.

4. Benefited from increased accuracy of the seizure detection compared to baseline approaches due
to optimized learning of features and adaptive tuning of parameters.

5. Lowered the false alarm rate and increased the dependability of the system by decreasing the time
required to detect an epileptic seizure.

The rest of this paper is structured as follows. Section II discusses the previous works on the use of
deep learning approaches along with bio-inspired optimization techniques for detecting epileptic
seizures and presents the limitations faced in current solutions. Section III introduces the proposed
method by describing the hybrid CNN-RNN framework and the bio-inspired optimization technique
used to enhance its performance. Section IV explains the experimental setup of this work in terms of the
dataset used, the preprocessing of data, the implementation platform, and the performance evaluation
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metrics. Section V discusses the results obtained from the experiments along with a comparative study
of the proposed solution in terms of accuracy, sensitivity, specificity, false alarm rate, and computational
cost with some baseline methods. Section VI concludes the paper.

2 Related Work and Background

The detection of epileptic seizures has been investigated thoroughly using conventional machine
learning as well as modern deep learning methodologies (Achilles et al., 2018; Kanamaneni et al., 2025).
The initial algorithms were based on the handcrafting of the features from the EEG signals, followed by
the use of classifier algorithms like SVM, k-NN, and Random Forests (Pedram et al., 2023). Even though
such approaches have shown decent results, their efficacy was largely influenced by the manual process
of crafting the features and lacked resilience when dealing with complex EEG datasets.

With the advent of deep learning techniques, the Convolutional Neural Networks have become
popular in automatically extracting the features from either the raw EEG signals or their transformations
(Rao et al., 2024). CNN models can effectively capture the spatial aspects in the multichannel EEG
signals, yet usually struggle in capturing the temporal dependencies associated with the seizures (Vaddi
et al., 2025; Abdelhameed et al., 2018b). In order to address this problem, the Recurrent Neural
Networks, like LSTM and GRU, have been utilized to capture the sequential dependencies in EEG
signals. However, such an approach could be associated with vanishing gradient problems as well as
higher computational costs.

To make use of the benefits of both architectures, researchers have introduced hybrid CNN-RNN
models in recent literature. In these hybrid models, CNN is used for feature extraction while RNN
performs temporal learning, which leads to better seizure detection accuracy (Abdelhameed et al., 2018a;
Verma & Janghel, 2020). Nevertheless, the performance of these models is dependent on
hyperparameters like learning rate, number of layers, filter sizes, and hidden units. Existing literature
employs manual tuning or conventional optimization techniques to adjust hyperparameters, which do
not necessarily ensure optimal performance in complex EEG scenarios (Cardoso et al., 2022).

At the same time, bio-inspired optimization techniques like PSO, GA, ACO, and WOA have been
gaining popularity due to their effectiveness in exploring high-dimensional space. Researchers have used
these techniques to tune neural networks' hyperparameters, perform feature selection, and optimize
different biomedical signal processing tasks. However, their use in optimizing the hyperparameters of
hybrid CNN-RNN models for seizure detection in ubiquitous health care systems has received relatively
little attention (Cleatus & Thungamani, 2022; Kumar et al., 2026).

Existing literature has demonstrated that the accuracy of epileptic seizure detection using the hybrid
model of CNN-—RNN can be increased through effective extraction of both spatial and temporal features
from the EEG dataset; however, such models are very sensitive to manual selection of the appropriate
parameters and might fail in practical real-world scenarios where there is noise. While the use of
bio-inspired optimization algorithms will help to overcome the problem of global search and help in
parameter selection, their application within the realm of hybrid deep learning models is still unexplored.

3 Methodology

This paper proposes a novel approach that uses an innovative bio-inspired optimization mechanism and
a hybrid CNN-RNN model in order to ensure robust detection of epileptic seizures from EEG signal
readings.
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3.1 Overall System Framework

K. Dileep Kumar et al.

The architecture is based on a pipeline system that contains four stages: acquiring the EEG signals,
preprocessing the acquired signals, learning hybrid features, and classification. Firstly, the EEG signals
are acquired and preprocessed through filtering of noise, normalization, and segmentation into a fixed
window size. These signals are then used in the deep learning framework to learn the features and
classify the seizure signals.

3.2 Hybrid CNN-RNN Architecture

Spatial features are automatically obtained by using a CNN, where multiple convolutional filters are
applied along with pooling operations on segments of EEG signals. The resulting feature maps are fed
into the RNN block (LSTM/GRU), where temporal relationships are established between consecutive
EEG segments. This allows the network to learn the spatial and time-dependent nature of seizures.
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The overall system architecture for seizure detection from epilepsy patients is provided in figure 1
with the application of a hybrid CNN-RNN deep learning framework and bio-inspired optimization. The
first phase involves data collection through multichannel EEG sensors, followed by signal processing
techniques such as band-pass filtering, artifact removal, normalization, and segmentation to fixed-size
windows. Afterward, the processed signals undergo training in the hybrid CNN component for spatial
feature extraction, and further training in the RNN (LSTM/GRU) component to detect temporal
relationships in the EEG signals. The resultant features are finally fed to the fully connected layers for
classification of the two categories: seizure and no-seizure using the softmax output layer. In addition,
a bio-inspired optimization process (Particle Swarm Optimization) tunes critical hyperparameters such
as the learning rate, filter size, number of LSTM units, and dropout rate using the performance indicators
such as accuracy, F1 score, sensitivity, and false alarm rate.

3.3 Bio-Inspired Optimization Strategy

In order to improve the performance of the model, an inspired bio-algorithm for optimization purposes
is used to configure the most relevant hyperparameters of the hybrid model. Such hyperparameters
consist of learning rate, number of filters, filter size, hidden neurons, and the probability of dropout. The
optimization procedure consists of evaluating various solutions according to their accuracy and
convergence, thereby selecting the best configuration possible with minimum computational cost.

Algorithm 1: Bio-Inspired Optimized Hybrid CNN-RNN for Seizure Detection

Input: Preprocessed EEG signal dataset X
Output: Seizure / Non-seizure classification label Y
1. Initialize population of solutions P = {p;,p,, ..., pn }(bio-inspired optimizer)
2. Define hyperparameters for each solution:
o Learning rate n
o CNN filters F, kernel size K
o RNN hidden units H
o Dropout rate D
3. For each iteration until convergence do:
o Train the Hybrid CNN-RNN model using the current parameters p;
o Compute fitness function:
Fitness(p;) = a-Acc+ B -FIl—y-FAR — § - Latency
o Update population using bio-inspired rules (PSO/GA/WOA)
o Select the best solution p*
Train the final CNN-RNN model using optimized parameters p*
5. Predict class labels:
Y = Softmax(W, - hy + b,)
6. Return predicted seizure labels Y

In the design of the proposed algorithm 1, the algorithm involves an optimization technique that has
a hybridization of a CNN-RNN network for detecting epileptic seizures. The preprocessing steps
involved include filtering, normalization, and segmentation of EEG signals. CNN will detect spatial
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features, whereas the RNN will detect temporal features for accurate classification. Bio-inspired
optimization techniques, such as Particle Swarm Optimization (PSO) and Genetic Algorithm (GA), are
employed to optimize the value of important hyperparameters, including learning rate, filters, and hidden
units, through a fitness function that considers accuracy, F1 score, false alarm rate, and latency.

CNN Feature Extraction

Given an input EEG segment X:
FO =g(W® xx +pW) €Y
Where:
e = convolution operation
o WO=filter weights
o b®=bias
e (o= activation function (ReLU)

Equation (1) presents the convolutional operation employed for the purpose of extracting spatial
features in the EEG signals via the application of learning filters. It aids in capturing the local
characteristics, including spikes and waveform fluctuations.

Pooling Operation

PW = MaxPool(F®) )
Pooling equation (2) explains the pooling operation used to reduce the size of the feature maps while

retaining vital information.

RNN /LSTM Temporal Learning

Hidden state update:
he =tanh tanh Wyhe_; + Wyxe + b) 3

The update mechanism of the hidden state for the recurrent neural network is provided by
equation (3). This equation models time dependencies that exist within the EEG signals.

For LSTM:

ft = U(Wf[ht—]:xt]) 4)
ir = o(Wilhe—p, %D (5)
0p = o(Wplhe—p, x¢]) (6)
¢t = fece—1 + itCe (7)

Equations (4)-(7) represent the inner gating function of the Long Short-Term Memory (LSTM) neural
network, which performs temporal feature learning from EEG data.

Fully Connected Classification Layer

y = Softmax(Wh; + b) (8)
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Equation (8) depicts the final classification layer where the extracted features are turned into
probabilities. It distinguishes between seizure and non-seizure EEG segments.

Optimization Objective Function

J = adcc + fF1 +ySens — 6FAR — eLatency  (9)

Equation (9) is the equation for the fitness function employed in bio-inspired optimization. It
maintains the accuracy, reliability, and real-time effectiveness for effective performance of the model.

3.4 Optimization Objective

The optimization function is designed such that maximum performance of classification is achieved
while being efficient. This can be described as achieving maximum accuracy and F1 measure while
keeping minimum false alarm rate and computational delay, making it appropriate for mobile health care
applications.

3.5 Deployment Perspective

The proposed architecture takes into account the application of the design for wireless mobile and
wearables health care systems. The light weight configuration and optimized parameter selection
facilitate efficient implementation on edge devices for real time continuous seizures monitoring with
lower power consumption.

4 Experimental Setup

4.1 Dataset Description

The proposed model will be tested on the benchmark EEG data sets like the CHB-MIT Scalp EEG Data
Set and the Bonn University EEG data set. The CHB-MIT data set is made up of real-time multichannel
pediatric EEG recordings with actual epileptic seizures. The Bonn data set consists of segmented EEG
signals to perform controlled experiments.

4.2 Preprocessing

The EEG signals are first subjected to preprocessing through a bandpass filter (0.5 to 40 Hz). This will
help eliminate the noises, baseline wandering, and any other artifacts. Secondly, the EEG signals are
standardized through normalization by applying min-max scaling. Lastly, the EEG signals are
segmented into fixed window sizes.

4.3 Parameter Initialization

The initialization of parameters in the model design is performed in a structured manner to allow stable
convergence and effective training. The initialization of convolutional layers is done using He
initialization because this method works well with ReLU activation functions and ensures stable
variance over many layers. The recurrent layers (LSTM and GRU) are initialized using Xavier (Glorot)
initialization in order to ensure stability during backpropagation through time. Initial biases are set to be
equal to small positive values (0.01) to prevent inactive neurons in the early stages of training.

The Adam optimizer is tuned up to start from the initial value of 0.001 with default values of
momentum coefficients (B: = 0.9, B2 = 0.999). The batch size is set from 32 to 64 depending on the

937



Bio-Inspired Optimization of Hybrid Convolutional-Recurrent K. Dileep Kumar et al.
Networks for Resilient Epileptic Seizure Detection

dataset and computational restrictions. The initial value of dropout coefficient is set between 0.3-0.5 to
prevent overfitting and the initial value of hidden LSTM units ranges between 64-256. Moreover, the
bio-inspired optimization algorithm initializes the population of solutions to explore the whole search
space.

4.4 Implementation Environment

The proposed model can be developed using programming language Python along with various deep
learning libraries like TensorFlow and PyTorch. The entire process of training and testing is done on
GPU hardware for fast computation. Along with training, the bio-inspired optimization algorithm runs
parallelly to optimize various parameters including learning rate, CNN filter size, kernel size, LSTM
hidden units, and dropout percentage.

4.5 Training Strategy

There are three partitions of the data, which are training data (70%), validation data (15%), and test data
(15%). For training of the model use the Adam optimizer, along with early stopping for the prevention
of overfitting. The bio-inspired optimizer makes iterative improvement in parameter selection based on
validation accuracy.

4.6 Evaluation Metrics

The model is analyzed based on several performance metrics such as accuracy, precision, sensitivity,
F1 score, specificity, FAR and detection latency. These performance metrics jointly measure the
classification performance, robustness and real-time usability of the model, making it suitable for
wireless mobile and wearable healthcare applications.

Accuracy
| ~ TP + TN 0
cauracy =Ny v FN (00

Equation (10) shows the ratio of correctly classified EEG samples to the total number of samples. It
measures the overall performance of the model.

Precision

Precision = TP 11
TeClSlon—TP+FP (11)

Equation (11) represents the proportion of correctly detected seizure cases among all predicted
seizure cases. It evaluates false positive control.

Recall (Sensitivity)

Recall = — 12
A = TP FN (12)

Equation (12) measures the model’s ability to correctly identify actual seizure events. It is important
for minimizing missed seizures.
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F1-Score

2 - Precision - Recall
Fl =

(13)

Equation (13) shows the harmonic mean of precision and recall. It provides a balanced performance
measure for imbalanced EEG datasets.

Precision + Recall

Specificity
Specificity = i 14
pecificity = TN T FP (14)

Equation (14) measures the model’s ability to correctly identify non-seizure cases. It ensures low
false alarm detection.

False Alarm Rate (FAR)

FAR = _fP 15
~ FP+TN (15)

Equation (15) quantifies incorrect seizure predictions among normal signals. Lower FAR indicates
higher reliability.

Detection Latency

Latency = Tpredicted — Tactumr  (16)

Equation (16) measures the time delay between actual seizure onset and model detection. Lower
latency is critical for real-time healthcare applications.

5 Results and Discussion

Performance of the suggested model has been compared with several baseline models, including SVM,
CNN, LSTM, and CNN-LSTM without optimization. Performance comparison is done based on the
standard measures used in EEG seizure detection including accuracy, precision, recall, F1 score, and
false alarm rate (FAR). Comparative analysis clearly reveals that the suggested model outperforms other
models in terms of all evaluation criteria because of efficient integration of spatial temporal feature
learning and bio-inspired hyperparameters optimization.

Table 1: Comparative performance of seizure detection models

Model Accuracy (%) | Precision (%) | Recall (%) | Fl1-score (%) | FAR (%)
SVM 88.2 87.1 86.5 86.8 7.8
CNN 91.5 90.8 91.2 91.0 5.6
LSTM 92.3 91.7 92.0 91.8 4.9
CNN-LSTM 94.1 93.5 94.0 93.7 3.8
Proposed Model 96.8 95.9 96.2 96.0 2.9

The results from table 1 indicate that the proposed framework performs the best in terms of accuracy,
having reached the value of 96.8%. Likewise, the high value of F1-score (96.0%) shows the balance of
precision and recall metrics, and the lowest FAR value of 2.9% proves the improved reliability of seizure
detection.
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EEG Seizure Detection Accuracy Comparison
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Figure 2: Accuracy comparison of different models

In figure 2 presents the comparison of accuracy performance of various models for epilepsy seizure
detection using EEG signals, such as SVM, CNN, LSTM, CNN-LSTM, and the proposed bio-inspired
optimized hybrid CNN—RNN model. It can be seen that traditional ML techniques like SVM have the
least accuracy (88.2%), and there is an incremental accuracy level with the help of deep learning
techniques, such as CNN (91.5%) and LSTM (92.3%). The hybrid technique of CNN-LSTM attains an
accuracy of 94.1%. However, the proposed method attains maximum accuracy (96.8%), showing the
efficiency of the integration of bio-inspired optimization and hybrid deep learning model.

Discussion

The experimental results have proven the fact that the bio-inspired optimized hybrid CNN-RNN model
that was proposed outperforms all other methods used in epileptic seizure detection in all the ways
mentioned above. The higher accuracy and F1-score show the effectiveness of the use of spatial and
temporal modeling in the proposed system. In addition, the use of bio-inspired optimization makes
hyperparameters tuning more efficient, which allows us to achieve a better convergence, generalization,
and minimize overfitting.

It is also worth noting that the decrease in false alarm rate up to 2.9% will be very valuable for
practical use in clinics and real-time seizures detection. Finally, it should be pointed out that the proposed
model is highly suitable for wireless mobile and wearable healthcare applications because of the balance
between accuracy and performance.

6 Conclusion

In this paper, a bio-inspired optimized hybrid CNN-RNN architecture was suggested for detecting
epileptic seizures from EEG signals. The proposed model can efficiently combine CNN feature
extraction and RNN temporal pattern learning with bio-inspired optimization. According to the
experiments carried out, the following results were obtained: classification accuracy 96.8%, precision
95.9%, recall 96.2%, and F1-score 96.0%. The model surpasses baseline methods such as SVM, CNN,
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LSTM, and CNN-LSTM by approximately +5% to +8% of accuracy. Moreover, a lower false alarm rate
equal to 2.9% and detection latency were attained. This makes the model appropriate for real-time
seizure monitoring systems. Thus, the analysis conducted revealed that bio-inspired optimization gives
rise to an appreciable accuracy gain for the proposed approach over conventional deep learning models.
This shows how efficient the model is even when subjected to noisy and dynamic EEG inputs. For future
work, the framework can be expanded to include lightweight deep learning models which will enable its
implementation on edge devices for real-time processing without much computation. The concept of
federated learning and other privacy techniques can also be introduced to facilitate collaborative training
among multiple hospitals without exposing the data of the patients. Future research could also involve
the implementation of the model using loT-based wearable devices.
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