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Abstract: In high-dimensional EEG representations derived from multi-stage decomposition and feature-

extraction pipelines, many variables are redundant and weakly informative and can lead to increased 

computation and reduced classifier generalization. We propose a metaheuristic feature-selection 

framework for a 168-dimensional EEG representation derived from Discrete Wavelet Transform (DWT), 

Empirical Mode Decomposition (EMD), and Variational Mode Decomposition (VMD). We propose two 

optimization methods: Hybrid Grey Wolf Optimizer–Particle Swarm Optimization (HGWO-PSO), which 

selectively refines GWO leader solutions based on PSO velocity and memory; and an Improved Aquila 

Optimizer (IAO) using opposition-based learning, Lévy-flight perturbation, and chaotic sigmoid binary 

encoding. A bi-objective fitness function minimizes both classification error and feature-subset 

cardinality. The improved Aquila method obtained the highest overall performance with 38 features and 

a classification accuracy of 97.9%, sensitivity of 97.4%, specificity of 98.3%, and AUC of 0.991 on the CHB-

MIT dataset. However, we found similar improvements on both the Sleep-EDF Expanded and Bonn 

datasets, with p-values < 0.01 in all pairwise comparisons. The results show that proper metaheuristic 

feature selection can significantly reduce EEG feature dimensionality while maintaining, and sometimes 

improving, classification performance, which will be useful for developing compact, low-complexity EEG-

based neurological monitoring systems. 
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Introduction 

EEG preprocessing and signal decomposition provide a complete picture of the underlying 

neurophysiological dynamics. In particular, each 10-s EEG segment corresponds to a 168-dimensional 

feature vector consisting of statistical, spectral, and nonlinear complexity measures across five 

physiologically meaningful frequency bands, obtained using three decomposition methods: DWT, EMD, 

and VMD. Recent work shows that multiresolution and adaptive decomposition techniques efficiently 

extract discriminative temporal, spectral, and nonlinear features from epileptic EEG signals [1]. However, 

combining multiple decomposition domains with handcrafted descriptors with heterogeneous 

characteristics significantly increases feature dimensionality and may introduce redundancy, making an 

explicit feature-selection step before classification desirable [2]. 

One of the biggest problems with high-dimensional EEG representations is the curse of 

dimensionality. As the number of candidate features grows, the feature space becomes increasingly 
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sparse, leading to more complex models and more fragile training. A recent empirical study of 

dimensionality reduction across various EEG datasets found that high-dimensional EEG feature spaces can 

reduce computational efficiency and classifiers' generalization ability, highlighting the need to use only 

informative representations [3]. Recent seizure detection studies show that feature selection or 

dimensionality reduction improves classification efficiency by removing uninformative variables [4, 5]. 

Although DWT, EMD, and VMD use different decomposition principles, the sub-band or modal 

components they produce can partially overlap in time-frequency characteristics [6]. If similar statistical, 

entropy-based, and spectral measures are then calculated on these representations, the correlated 

descriptors provide little additional discriminatory information. EEG studies have applied decomposition 

techniques along with minimum-redundancy, correlation-, or optimization-based feature-selection 

techniques to obtain compact, informative representations [7, 8]. One example is improved VMD with a 

weighted minimum-redundancy–maximum-relevance strategy to eliminate redundant EEG features 

before classification [9], and another is modified binary Grey Wolf Optimization, which highlights the 

importance of optimization-based feature selection and selects wavelet-derived epileptic EEG descriptors 

[10]. These results suggest that more features do not necessarily lead to proportionally better diagnostic 

performance. 

Handcrafted pipelines that require many dimensions increase memory, feature processing time, 

optimization time, and classifier complexity [11]. These factors are important in continuous EEG 

monitoring, where rapid analysis and resource-efficient inference are desirable. Recent work therefore 

emphasizes using dimensionality reduction for epileptic EEG classification to reduce computational load 

and enhance predictive performance [12, 13]. In line with this, recent deep-learning systems based on 

DWT have added computational complexity analysis alongside diagnostic performance, highlighting the 

importance of efficient EEG processing for practical monitoring environments [14]. Thus, there is a need 

to discard redundant features while preserving diagnostic information, which will not only make a model 

more compact but also easier to implement in real time or in resource-constrained systems [15]. 

In addition to EEG analysis, recent studies have proposed an enhanced binary GWO–PSO feature-

selection strategy [16], and several modified versions of Aquila Optimization have been introduced for 

high-dimensional biomedical feature-selection problems [17, 18]. These developments make it clear that 

simply using an existing optimizer is not enough to be considered novel; novelty must come from the 

specific search strategy, update mechanism, binary transformation, and experimental evidence 

associated with the proposed formulation [19, 20]. The main results of this work are: 

• We developed a unified, wrapper-based metaheuristic feature-selection framework for 168-

dimensional EEG representations from DWT, EMD, and VMD-based statistical, spectral, and 

complexity features. The framework extracts compact feature subsets while retaining clinically 

important discriminative information and allows easy evaluation with various downstream 

classifiers [21]. 

• A Hybrid GWO – PSO Leader-refinement strategy (HGWO – PSO) is proposed in which the leader 

solutions obtained by GWO are periodically refined by the velocity and position update of PSO. 

Unlike current GWO–PSO feature-selection methods that integrate the entire PSO and GWO 

populations serially or in parallel [22], the proposed mechanism refines only the elite solutions in 

the PSO population to improve GWO's local exploration capability while preserving PSO's 

population-level exploration. 
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• We design an improved binary Aquila optimization algorithm by introducing a Lévy-flight 

perturbation mechanism, opposition-based learning, and a chaotic sigmoid transfer mechanism. 

To enhance long-range exploration, we adopt Lévy perturbation; to diversify the population, we 

use opposition-based learning; and to enable more dynamic feature inclusion, we use chaotic 

binary mapping. This formulation differs from previously reported formulations of the Improved 

Aquila Optimizer [23, 24] and was developed for the high-dimensional binary feature-selection 

problem of EEG [25]. 

• We conduct a large experimental study on three separate EEG benchmark datasets, with 30 

optimization runs for each algorithm to account for stochastic variation in the population-based 

search mechanism.  

 

Method, Experiments and Results 

Figure 1 shows the overall architecture of the proposed feature-selection framework. The 168-

feature vector obtained during the previous EEG processing and feature-extraction step trains a 

metaheuristic optimization engine, with each candidate solution being a binary feature-selection mask. 

The quality of all candidate subsets is evaluated with a bi-objective fitness function that simultaneously 

minimizes classification error and the number of features selected, promoting an effective tradeoff 

between predictive performance and dimensionality reduction. The optimization engine can be set up 

with any of the seven metaheuristic algorithms investigated in this study, using a common evaluation 

protocol.  

 
Figure 1. Proposed metaheuristic-optimized feature selection framework. 

Feature Space Construction: 

A 168-Dimensional Feature vector obtained from the previous EEG preprocessing and feature-

extraction stage is the input to the feature-selection stage, as shown in Figure 2. This representation 

combines complementary information from EEG signal decompositions using DWT, EMD, and VMD, 

capturing temporal, spectral, and nonlinear characteristics at multiple resolutions [26]. These signal 

components are then analyzed with a large array of descriptors, which are grouped into four main 

categories: (i) statistical descriptors: mean, variance, skewness, kurtosis, and root-mean-square (RMS) 

amplitude; (ii) spectral descriptors: relative band power, spectral entropy, dominant frequency, and 

spectral centroid; (iii) nonlinear and complexity descriptors: approximate entropy, sample entropy, Hjorth 
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mobility, Hjorth complexity, Higuchi fractal dimension, and detrended fluctuation analysis; and (iv) 

energy-based descriptors: wavelet-packet energy characteristics [27]. 

 
Figure 2. Composition of the 168-dimensional feature vector by decomposition 

Proposed Model: 

HGWO-PSO 

It combines the hierarchical search mechanism of GWO with the memory-guided search 

behaviour of PSO, named HGWO–PSO. The proposed approach applies PSO updates not to the whole 

population, but only to the three dominant GWO leaders: , β, and δ. The design retains the population-

level exploration of traditional GWO, with historical memory and velocity-guided refinement in the most 

influential candidate solutions. Assume that the k-th leader with k ε { ,β, δ } has position 𝑋𝑘(𝑡) and 

velocity 𝑉𝑘(𝑡)  at iteration (t). Every leader also has its own best position Pk; g is the best position that the 

whole population found. Each leader's PSO velocity is updated based on: 

𝑉𝑘(𝑡 + 1) = 𝑤(𝑡) 𝑣𝑘  (𝑡) +  𝑐1𝑟1( 𝑝𝑘 −  𝑋𝑘(𝑡)) +  𝑐2𝑟2 ( 𝑔 − 𝑋𝑘  (𝑡))  

where w(t) is called the inertia coefficient, 𝐶1 the cognitive acceleration coefficient, 𝐶2 the social 

acceleration coefficient, and r1, r2 in [0,1]) are uniformly distributed random variables. The first term 

controls the contribution of the previous search direction, the second term attracts the leader toward its 

historically best solution, and the third term drives the leader toward the best solution found by the 

population. In each iteration, the leaders are initially updated using the conventional GWO mechanism to 

get an intermediate position Xk
GWO(t + 1). The adaptive coupling coefficient 𝜑(𝑡) controls the 

contribution of PSO refinement during optimization. It is linearly decreased according to 

Xk(t + 1) =   
Xk

GWO(t + 1) +  φ (t)vk(t + 1)

1 +  φ (t)
     

and  

𝜑(𝑡) = 𝜑_ max ( 1 −
𝑡

𝑇
 ) +  𝜑_ min  (

𝑡

𝑇
) 

Where t is the maximum number of iterations, 𝜑_𝑚𝑎𝑥 = 0.8 and 𝜑_𝑚𝑖𝑛 = 0.2, therefore, the PSO-based 

correction has a greater influence in the initial iterations, when exploration and historical guidance are 

needed. As the optimization progresses, its influence gradually decreases, and the hierarchical GWO 

mechanism takes responsibility for local refinement around promising regions.  
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HGWO–PSO Algorithm 

Step 1: Initialize the wolf population and the PSO-related states of three leaders 

Step 2:  Determine all binary subsets of features and find { , β, δ } 

Step 3:  
 

Produce conventional GWO updates, and update the three leaders based on PSO velocity and 
memory; 

Step 4: Refine the omega wolves with the leadership structure; and  

Step 5: Until a stopping criterion is met, apply binary transformation, evaluate fitness, and update the 
best solutions. 

Rather, PSO is selectively integrated into the GWO leadership system. GWO preserves population diversity 

by using three leader solutions simultaneously, while PSO provides directional memory through personal- 

and global-best information. Thus, this integration aims to enhance convergence and reduce the risk that 

the population becomes prematurely focused on an inferior feature subset. HGWO–PSO outputs the 

binary mask corresponding to the minimum fitness value, indicating the subset of EEG features optimized 

for the next classification step. 

Improved Aquila Optimizer (IAO) 

The Aquila Optimizer (AO) cycles through four search modes which gradually shift the population 

from global exploration to local exploitation. This mechanism naturally shifts the search from exploration 

to exploitation. Still, it may suffer from initial population allocation and a high concentration of the 

population around the current best solution in later generations in high-dimensional binary feature-

selection spaces. Seeding the population too densely or sparsely may limit the search space visited in the 

initial phase. In contrast, high population density near a locally optimal solution may reduce population 

diversity and cause stagnation. 

To overcome these constraints, three novel mechanisms are added to the Aquila optimization 

scheme; namely, (i) opposition-based learning, (ii) Lévy-flight perturbation, and (iii) chaotic sigmoid-based 

binary transformation. These mechanisms operate at different phases of the optimization process and 

aim to increase population diversity, help escape local optima, and ensure dynamic feature-selection 

behaviour. 

 

Dataset: 

We use three publicly available EEG benchmark sets: CHB-MIT Scalp EEG (pediatric epilepsy, 23 

subjects, 256 Hz), Sleep-EDF Expanded (overnight polysomnography, 78 subjects, 100 Hz), and the Bonn 

University EEG corpus (five-class single-channel recordings, 173.6 Hz). All datasets are fed into the 

Objective 1 pipeline, which computes 168-dimensional feature vectors for every 10-second epoch, along 

with class labels. We use 80% of epochs in each dataset for metaheuristic fitness evaluation (using nested 

5-fold cross-validation), while holding out 20% as a test set for final performance reporting. Stratified 

sampling provides class balance in splits. 

Feature Reduction Analysis: 

Table -1 shows the average number of selected features and classification accuracy over 30 runs 

for the CHB-MIT dataset. With all 168 features, the no-selection baseline performs well at 96.2%, in line 

with Objective 1 results using Random Forest. With a classical genetic algorithm (GA) baseline, the 

reduced number of features reaches 95, but it yields only a 0.2 percentage-point gain in accuracy, 
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reflecting its limited exploitation. The metaheuristic algorithms gradually reduce dimensionality and 

increase accuracy: the proposed IAO performs the most aggressive dimensionality reduction (168 → 38; 

77.4% reduction) and achieves the highest accuracy (97.9%). 

Table 1. Per-Class Classification Performance with IAO-Selected Features 

Class Precision Recall F1-Score Support 

Normal 0.978 0.970 0.974 100 

Epileptic Seizure 0.968 0.970 0.969 100 

Pre-ictal 0.955 0.948 0.951 100 

Sleep Apnea 0.980 0.980 0.980 100 

Macro Avg. 0.970 0.967 0.969 400 

Table 1 shows the precision, recall, and F1-score for each class obtained by the proposed IAO-selected 

feature subset on the CHB-MIT four-class task (Normal, Epileptic Seizure, Pre-ictal, Sleep Apnea). For each 

class, recall improves compared with the objective 1 baseline (without feature selection), with the largest 

gain in the clinically difficult Pre-ictal class (recall increased from 0.922 to 0.951). This improvement is 

because feature-space noise is reduced, making the subtle pre-ictal spectral signatures more discernible. 

 
Figure 3. Feature selection frequency across 30 independent runs. 

Figure 3 shows the selection frequencies of seven representative feature groups across 30 runs. Both IAO 

and HGWO-PSO consistently retain statistical features for the alpha band (≥ 0.94 selection frequency) and 

for beta-band spectral power features (consistent with previous neurophysiological studies showing that 

alpha and beta rhythms contain the most discriminative information about epilepsy). For the Delta Band, 

statistical features are retained less often (0.55–0.78), indicating a smaller but still non-trivial contribution 

to sleep apnea discrimination. 

Table 2 and Figure 4 compare the proposed IAO against five recently published metaheuristic feature-

selection frameworks. The proposed method achieves the highest accuracy (97.9%), sensitivity (97.4%), 

specificity (98.3%), and AUC (0.991), outperforming the next-best competitor (Kumar et al., 2024) by 1.6, 

1.8, 1.4 percentage points, and 0.013 AUC, respectively. The 77.4% feature-reduction ratio also exceeds 

all competitors, yielding the smallest deployable feature footprint in the comparison. 

Table 2. Comparison with State-of-the-Art EEG Feature-Selection Methods 
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Method Accuracy 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

Reduction 
(%) 

AUC 

[4] 93.1 92.0 93.8 58.0 0.952 

[8] 94.2 93.4 94.9 63.0 0.962 

[23] 95.0 94.2 95.6 67.0 0.968 

[24] 95.6 94.8 96.2 71.0 0.974 

[25] 96.3 95.6 96.9 74.0 0.978 

Proposed 
IAO 

97.9 97.4 98.3 77.4 0.991 

 

Figure 4. Comparison of the proposed IAO-based feature selection 

Wilcoxon signed-rank tests confirm the statistical significance of the improvement by comparing the 30-

run accuracy distributions of IAO and each competing algorithm: p < 0.01 in every pairwise comparison, 

with effect sizes (Cliff's delta) ranging from 0.62 (large) against HGWO-PSO to 0.94 (very large) against the 

genetic algorithm baseline. When the CNN-BiLSTM classifier replaces the Random Forest, the IAO 

advantage is preserved: 98.4% vs. 96.8% (no selection), confirming that the selected feature subset is 

classifier-agnostic. 
 

Conclusions 

This study proposed a feature-selection framework based on a metaheuristic approach for EEG-based 

neurological disorder classification, representing the EEG signal with 168-dimensional features. We 

compared HGWO-PSO and the improved Aquila Optimizer with well-known metaheuristic techniques and 

the latest feature selection algorithms. Results show that the enhanced Aquila approach had the best 

overall performance by reducing the number of features from 168 to 38 features (77.4% reduction) and 

also had 97.9% accuracy, 97.4% sensitivity, 98.3% specificity, and an AUC score of 0.991 on the CHB-MIT 

dataset, with consistent results on the Sleep-EDF Expanded and Bonn datasets. Future studies will 

incorporate the chosen features into CNN-BiLSTM and Transformer architectures, explore Pareto-based 
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multi-objective optimization, and assess the reduced-feature pipeline for real-time EEG monitoring on the 

edge. 
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