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Abstract. An electroencephalogram (EEG) is a non-invasive method used to 
measure brain activity and is used in various applications, such as medical, secu-
rity, marketing, gaming, and brain-computer interface (BCI). EEG signals are 
high-dimensional and redundant in nature, which significantly complicates the 
channel selection process in terms of computational and analytical robustness. It 
is one of the critical steps in the EEG signal analysis, as the selected channels 
should preserve the task-relevant information without any loss. The optimal 
channel selection technique has been proposed using the power-based ranking 
and the Power Spectral Density (PSD) method. The power-based ranking method 
selects 9 channels from the 64 channels and extracts 9 features from the selected 
channels using Welch's method. Coupling features like Magnitude Squared Co-
herence (MAC) and Phase Amplitude Coupling (PAC) are fetched from the se-
lected channels. Channel optimality is compared and evaluated using the spectral 
entropy metric, and the system achieved an average spectral entropy of 0.7234 ± 
0.0216. The result shows that the proposed technique achieves high performance, 
reduces the system complexity, and enhances the system interoperability by re-
ducing the number of EEG channels. 

Keywords: Electroencephalogram, power-based ranking, Power spectral den-
sity, Welch's method, channel selection. 

1 Introduction 

EEG records non-invasive electrical brain activity, which is represented as multichan-
nel time-series signals with stochastic amplitude variations, and it is measured in mi-
crovolts (µV). Usually, EEG signals are fluctuations in electrical potentials in the brain, 
measured using electrodes. These electrodes are positioned according to the interna-
tional 10–20 electrode placement system. [1] [2]. This system is called the International 
10-20 standard system, which is recommended by the International Federation of Soci-
eties for Electroencephalography and Clinical Neurophysiology (IFSECN). There are
various regions in the brain, such as frontal, central, temporal, parietal, and occipital.
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The functional activities associated with these brain regions include emotional and mo-
tor control in the frontal lobe, sensory processing in the parietal lobe, auditory percep-
tion in the temporal lobe, and visual processing in the occipital lobe. EEG electrodes 
are therefore labeled as FP, F, C, T, P, O, and Z to reflect their respective scalp loca-
tions. The electrode placement is from the left and from the top of the head. The left 
side of the lobes positions starts with the odd numbers (1,3,5,7) and the right side of the 
lobes positions deals with the even numbers (2,4,6,8) [3]. Auricular (A) or Mastoid (M) 
electrodes are commonly used as reference electrodes; therefore, they are not included 
in standard 10–20 scalp layout illustrations. Fig. 1 explains the 10-20 international 
standard system of electrode placement. Each EEG system integrates with a different 
number of channels as per the 10-20 international standard, but using all the channels 
in the system increases the system complexity and the computational cost. The selection 
of the minimum number of channels that contribute to the high accuracy is a vital chal-
lenge. Even though more channel usage leads to high accuracy, it has redundant EEG 
signals. Hence, an efficient method or technique is used for selecting the most appro-
priate channels from the available channels [1]. 

 
Fig. 1. 10-20 international standard system of electrode placement. 

Several channel selection techniques are used that aim to choose the most informative 
channels by eliminating the noise and the redundancy in them. These techniques help 
to improve the computational efficiency, enhance the model performance, and also an-
alyze the channels that carry the meaningful information. Depending upon the task, 
these algorithms are categorized into CSP-based methods, correlation-based methods, 
sequential-based methods, and PSO-based methods. Fig. 2. Explain the different chan-
nel selection algorithms. 
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Fig. 2. Different channel selection algorithm. 

The primary objective of EEG channel selection is to extract only the most relevant and 
informative features from a reduced set of channels, thereby minimizing computational 
complexity. Additionally, channel selection helps to mitigate overfitting by eliminating 
unnecessary channels, which improves overall performance. Furthermore, reducing the 
number of selected channels can significantly decrease the setup time in practical EEG-
based applications [3]. The paper is organized as follows: Section 2 highlights the key 
findings and major trends in the literature review. Section 3 briefly discusses the meth-
ods used for optimal channel selection and the system design. Section 4 defines the 
experimental setup, including the dataset description. Section 5 presents the results and 
performance analysis of the system. Finally, Section 6 discusses the conclusions and 
future enhancements. 

2. Related Work 

In the last few decades, researchers have investigated various methods and techniques 
to assess the reliability of the channels in the EEG signal. [3]  used a PCC-based channel 
selection method for selecting channels. They used the BCI competition IV dataset I, 
in which 14 channels were selected from 59 channels. For feature extraction and clas-
sification, Wavelet Packet Decomposition (WPD), SVM, and KNN are employed. They 
achieved an accuracy of 96.66% for SVM and 90.33% for KNN [3]. [4] selected 14 
EEG channels from 32 channels using a Gini index–based channel ranking method. 
They utilized a random forest classifier for the classification, and they employed 12 
features. They achieved an accuracy of 83.15 % in their model [4]. [5] selected 3 chan-
nels (Oz, T7, Cz) using the Gram-Schmidt orthogonalization reduction algorithm. They 
demonstrated with a deep learning technique and achieved an accuracy 98% [5]. [6] 
developed a single-channel EEG authentication system using DFT, DWR, and AR 
modelling. Entropy features were extracted, and classification was performed. They 
suggested O2 as the best channel and reported 97–98% accuracy, which was obtained 
using EEG data from seven subjects across five mental activities. They evaluated using 
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classifiers such as Neural Networks, Bayesian Networks, and SVM [6]. For the channel 
optimization, [7] demonstrated with a Face-based RSVP paradigm, Hierarchical Dis-
criminant Component Analysis (HDCA), and Genetic Algorithm (GA), and achieved 
an accuracy of 94.26 % within 6 seconds [7]. 

[8] employed an automatic channel selection algorithm using Fisher Information and 
Firefly Algorithm (FA). It is a hybrid algorithm which achieved accuracy upto 83.97%. 
The result was examined using 3 different datasets. RCSPA was used for feature ex-
traction, while a regularized SVM was employed for classification [8]. By integrating 
the mRMR, Savitzky–Golay preprocessing, and sliding windows, they implemented 
the Dynamic Channel Relevance (DCR) technique, which is used to select fewer chan-
nels. They employed SVM for the classification and achieved an accuracy upto 85.4% 
across 3 different datasets [9]. For the optimal channel selection, [15] integrated Sa-
vitzky–Golay smoothing and PCA. They achieved an accuracy of 88.80% using an 
XGBOOST classifier [15]. Logistic S-shaped Binary Jaya Optimization Algorithm 
(LS-BJOA) was demonstrated for channel selection, and it combines band pass filtering 
technique, ICA, and RCSP. The accuracies obtained with the classifiers are SVM 
(83.59) %, NB 82.09% and LDA 89.02% [10]. For channel selection, the Multiobjec-
tive X-shaped Binary Butterfly Optimization Algorithm (MX-BBOA) was employed 
to select a few channels. They had used an SVM classifier and obtained an accuracy of 
84.49% in the BCI competition dataset [11]. Table 1 presents a comprehensive over-
view of the literature review. 

Table 1. Review of channel selection techniques 
Source Techniques/ 

Algorithm 
Datasets Chan-

nels se-
lected 

Accu-
racy 

Limitations 

[3] PCC-based 
channel se-
lection, 
SVM/KNN 
classifica-
tion 

BCI Com-
petition IV 
Dataset I 

14/54 SVM: 
91.66
%, 
 
KNN: 
90.33

• PCC captures only 
linear relations 
• Only one feature 
(ApEn) was used 
• No cross-session ro-
bustness 

[4] Random 
Forest clas-
sifier, chan-
nel ranking 
via Gini Im-
purity 

WAY_EE
G_GAL 

14/32 
% 
83.15
% 

 
• Only 12 participants 
(small Dataset) 
• Only one simple mo-
tor task was tested 
• No cross-session sta-
bility analysis 
• No real-time imple-

[5] Random 
Forest clas-
sifier, chan-
nel ranking 

Physionet 3/64 98% 
mentation 
• Privacy relies on EEG 
fingerprinting, but secu-
rity analysis is not de-
scribed. 
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[6] 

via Gini Im-
purity 
DFT, DWT, 
AR model-
ing, entropy 
features, 
classifiers 
(Neural Net-
work, 
Bayesian 
Network, 

Keirn and 
Aunon 

1/32 95% • No cross-session or 
long-term stability analy-
sis 
• Only single-channel 
setting tested — may 
limit robustness 

[7] 
SVM). 
Face-based 
RSVP para-
digm, ERP 
analysis, 
HDCA, GA 

REST Fewer 
opti-
mized 
chan-
nels 

94.26
% 

• The exact number of 
selected channels is not 
reported 
 
• Channel optimization 

[8] Fisher Infor-
mation, Fire-
fly Algo-
rithm (FA), 
RCSPA, 
Regularized 
SVM 

BCI Com-
petition 
datasets 

Fewer 
chan-
nels 

83.97
% 

• Moderate accuracy 
compared to  deep learn-
ing methods 
• No analysis of long-
term stability or session 
variability 
• The computational 

[9] Dynamic 
Channel 
Relevance 
(DCR) using 
mRMR, Sa-
vitzky–Go-
lay prepro-
cessing, slid-
ing win-
dows, 
MEMD fea-
ture extrac-

BCI Com-
petition 
datasets 

Fewer 
chan-
nels 

85.4
% 

RCSPA is not discussed 
• No cross-session or 
long-term stability evalu-
ation 

overhead of FA and 

[15] 
SVM 
Savitzky–
Golay 
smoothing, 
FBCSP for 
feature ex-
traction, 

BCI Com-
petition 
datasets 

Not 
speci-
fied 

88.80
% 

• No real-time system 
evaluation or latency 
analysis 
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[10] 

PCA for di-
mensionality 
reduction, 
XGBoost 
LS-BJOA, 
Bandpass, 
ICA prepro-
cessing, 
RCSP fea-
ture extrac-
tion, classifi-

BCI com-
petition 
datasets 

Fewer 
chan-
nels 

83.59
% 

• No long-term or cross-
session stability evalua-
tion 

[11] (MX-
BBOA) for 
channel se-
lection, But-
terworth fil-
tering, ICA 
artifact re-
moval, 
MEMD fea-
tures extrac-
tion, SVM 
classifica-
tion 

ers (SVM, 
NB, LDA). 

BCI com-
petition 
datasets 

Fewer 
chan-
nels 

84.49
% 

• The optimization 
overhead of MX-BBOA 
is not discussed 

3. System Design 

The proposed optimal channel selection technique uses the output from the Task Spe-
cific Dynamic Multistage K-means Clustering (TS-DMKC) algorithm [12]. The EEG 
signal is preprocessed using the TS-DMKC algorithm. Initially, the task-specific arti-
facts, such as motor movement and imagery artifacts, are separated using the Fast ICA. 
Then, the separated task-specific artifacts are dynamically refined using the multistage 
k-means algorithm. The result obtained from this stage includes a cleaned EEG signal, 
motor movement artifacts, and motor imagery artifacts, which are transferred to the 
optimal channel selection technique for the appropriate channel selection. The proposed 
work is the structured integration of a task-specific framework with dynamic clustering 
of TS-DMKC preprocessing, along with the power-based ranking and PSD feature 
modeling. It ensures that the selected channel preserves both spectral integrity and in-
ter-channel functional connectivity information. Fig. 3 explains the TS-DMKC model. 
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Fig. 3. TS-DMKC model 

The optimal channel selection technique contains 2 stages: Power-based ranking and 
Multilayered feature extraction. To enhance practical deployability, the system reduces 

 

the EEG channel set to three discriminative channels. Unlike traditional fixed-electrode 
approaches, the proposed method uses a power-based ranking mechanism, which com-
putes band-power significance across all channels derived from the TS-DMKC output 
signal. Fig. 4 elaborates on the system design. 

Fig. 4. Feature extractions using Welch's method. 

Each output signal from the TS-DMKC is passed individually through the power-based 
ranking. A total of 3 channels are selected from each TS_DMKC output signals (i.e, 3 
channels from cleaned EEG, 3 channels from motor movement, and 3 channels from 
imagery artifacts. The top three channels are selected based on spectral power, task-
wise stability, and relevance to the cognitive–artifact structure identified by TS-DMKC. 
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This step significantly reduces system complexity while retaining discriminative neural 
information and also fetches the best features from the signals. The power-based rank-
ing is calculated using the formula (1). Given the EEG signal X∈R^(C×T) , c is the 
number of channels, T is the number of time samples, and Pi is the total signal power 
of that channel across all time samples [12]. The signal power of channel i is computed 
using equation (1): 

𝑃! =$𝑋!

"

#$%

(𝑡)& 

Where Xi(t) is the signal amplitude of channel i at time t. 
In stage 2, Multilayered feature extraction contains four layers, such as the Cognitive 
signature layer, Motor movement layer, Motor imagery layer, and Coupling layer. The 
three selected channels from Stage 1 are processed through three distinct layers: cogni-
tive signature, motor movement, and motor imagery. In all layers, features are extracted 
using Power Spectral Density (PSD) via the Welch’s method, which includes log-trans-
formed band power to stabilize inter-trial variations, as computed in equation (2) [13]. 
Given a signal Xi(t), Welch's method estimates the PSD by dividing the signal into 
overlapping segments, applying a window, and averaging the periodograms of each 
segment. Let Xi(t) be the EEG signal, L be the segment length, D be the overlap be-
tween segments, K be the number of segments, w[n] be the window function, U be the 
window normalization or scaling factor, k be the index, and Xk(m) be the DFT of the 
k-th windowed segment. 
The Welch's PSD P_i (f). The estimate for channel i is calculated using equation (2), 

𝑃!(𝑓) =
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3.1 Cognitive signature layer 

The cleaned EEG signal is computed in this layer using Welch’s method, and the log-
based power is extracted as a feature. The extracted features summarize canonical EEG 
frequency bands and dominant spectral patterns. The extracted features reflect steady-
state cognitive rhythms, which are both user-specific and temporally stable. 

3.2 Motor movement layer 

In the traditional method, the extracted artifacts are removed and discarded as noise, 
but in the proposed system, they are repurposed as biometric features. The motor move-
ment layer computes motor artifacts using Welch’s method and extracts three log-band 
power features representing neuromotor activation patterns. These features encode in-
voluntary muscular and physiological traits that complement cognitive features. 
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3.3 Motor imagery layer 

Motor imagery produces cortical activation patterns distinct from both cognitive signals 
and physical movement artifacts. These patterns are subtle but consistent across ses-
sions for an individual. The imagery layer generates three imagery-specific features 
representing imagined movement dynamics. Combining imagery with movement and 
cognitive layers yields richer biometric features. 

3.4 Coupling layer 

In Beyond isolated features, the system analyzes interactions between cognitive and 
artifact components. Magnitude-Squared Coherence (MSC) and Phase Amplitude Cou-
pling (PAC) are the two coupling metrics that are computed in this layer. Frequency-
domain synchrony between cognitive and artifact layers is captured by MSC, which 
reflects the brain–body interaction stability. Cross-frequency interaction between 
phases of motor artifacts and amplitude of cognitive signals is captured by PAC, which 
gives a higher-order biomarker of coordinated neural modulation. These metrics 
uniquely quantify how cognitive and artifact processes are relatively unexplored, but 
they provide highly distinctive information that can effectively differentiate individuals 
in an EEG-based system. A unified multidimensional EEG signature vector is formed 
by concatenating all these extracted features (3 cognitive + 3 movement + 3 imagery + 
2 coupling = 11 features). The concatenation of these feature groups yields the final 
multidimensional EEG signature, which serves as the input to the downstream classifi-
cation module in future studies. This unified representation is subsequently employed 
for user identification and verification, allowing the system to discriminate between 
individuals based on their characteristic neural and artifact-coupled patterns. 

4. Experimental Setup and Dataset 

The experimental setup utilized a Windows 11 Pro workstation equipped with an AMD 
Ryzen 5 5600X 6-core processor and configured with an NVIDIA RTX A4000 GPU 
featuring 16,375 MiB of dedicated VRAM, which utilized CUDA version 11.7 for 
GPU-accelerated computations. The Dataset used in the proposed work is "The EEG 
Motor Movement/Imagery Dataset" offered by Physionet, which consists of 64-channel 
EEG recordings from 109 subjects performing motor and motor imagery tasks. Each 
subject in the Dataset performs 14 experimental sessions, which include 2 baseline re-
cordings (eyes open and eyes closed) and 12 task sessions involving motor execution 
and motor imagery tasks [12]. Table 2 discusses the experimental configurations 

Table 2: Experimental Configuration 
Component Specifications 
Sampling Rate 160 Hz 
PSD Method Welch 
Window Length 256 samples 
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Overlap 50% 
Cognitive Band 1-50 Hz 
Motor Band 30-50 Hz 
Imagery Band 4 -12 Hz 
Coupling Features MSC (1), PAC (1) 
Sampling Rate 160 Hz 
Feature Distribution 3 Cognitive, 3 Motor, 3 Imagery, 2 Coupling 
Total Features 11 (fixed across sessions) 

5. System Analysis 

The proposed optimal channel selection method is implemented and evaluated using 
the Physionet dataset. From the clean EEG signal, motor movement and imagery arti-
facts, nine channels have been selected. To ensure robustness and consistency of the 
proposed technique, the channels were identified across fourteen sessions. The varia-
tion in selected channels across the 14 sessions provides the adaptive and session-spe-
cific behaviour of our channel ranking strategy rather than instability. Since EEG sig-
nals are inherently non-stationary and subject-dependent [14], the proposed model dy-
namically selects the most discriminative channels per session to preserve task-relevant 
information. Despite channel variability, performance metrics remain consistent, 
demonstrating the robustness and reproducibility of the proposed channel selection 
model. Table 3 details the 9 channels selected from 14 different sessions, which high-
lights the stability and relevance of the selected channels for future analysis. 

Table 3. Selected channels across 14 sessions 
Sessions  Selected channels  
 Cleaned EEG Sig-

nal 
Motor movement Motor imagery 

Session 1 Fp1, Fp2, Af7 Cp5, Cp3, C5 Cp6, Fc6,C6 
Session 2 Po8,O1,O2 C5,Fc4,C4 Tp7,T9,T7 
Session 3 Fp1,Fp2,Af7 P7, T7,P5 C2,Cp4,Cp2 
Session 4 Fp1,Af7,Fp2' T7,C3,Cp4 F8,F6,Ft7. 
Session 5 Fp1,Fp2,Af8 Tp8,T8,Cp2 Po8,Ft7,Po4 
Session 6 Fp1,'Fp2,Af7 T8,Iz,F6 Po8,P6,P8 
Session 7 Fp1,Fp2,Af7 F8, C2,Fc6 Fc5,C5,Ft7 
Session 8 Fp1,Af7,Af3 Fc6,'Fc5,P5 Po8,P6,Cp6 
Session 9 Fp1,Fp2,Fpz 'P7,P5,Tp7 Cp2,Cp4,Cp6 
Session 10 Fp1,Fp2,Af7 T7,P7,Tp7 C4,Fc4,P4 
Session 11 Fp1,Fp2,Af7 T8,C2,Cp2 Cp5,F6,P6 
Session 12 Fp1,Af7,Af3 F8,Ft7,Tp7 P4,Cp4,C4 
Session 13 Fp1,Fp2,Af7 Po8,Cp3,Po4 P7P5,Tp7 

Spectral entropy is used as the primary metric, as it's suitable for channel selection 
evaluation. It measures the information richness and spectral complexity, which is a 
key indicator of neural signal integrity. The calculation of spectral entropy has been 
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done among the nine selected channels across 14 sessions. In which the selected nine 
channels exhibited lower spectral entropy values. This indicates the more structured 
and informative neural activity. The non-selected channels exhibit higher spectral val-
ues, which indicate increased randomness in the EEG signal and reduced discriminative 
relevance. The mean spectral value achieved across the 14 sessions is 0.7467, and the 
overall mean spectral entropy value achieved by the proposed method was 0.7234 ± 
0.0216, which indicates the effectiveness of the proposed channel selection approach 
in preserving informative neural structures. 

For the comparative analysis, configurations with 2, 3, and 5 EEG channels were 
evaluated to determine the optimal channel selection. The average spectral entropy val-
ues for the 2-channel, 3-channel, and 5-channel configurations were 0.7480, 0.7467, 
and 0.7989, respectively. The 3-channel configuration exhibits less spectral entropy, 
comparable to that of the 2-channel setup, while providing a richer feature representa-
tion due to the increased number of feature vectors. In contrast, the 5-channel configu-
ration shows substantially higher spectral entropy, indicating increased signal complex-
ity and redundancy. These results demonstrate that the 3-channel selection achieves the 
best balance between information richness and signal complexity, and it is identified as 
the most suitable choice among the evaluated configurations. Variations in spectral en-
tropy across the 2, 3, and 5 channel configurations are noticed, as evaluation selects the 
highest log-based (dB) features, which reflect both spectral entropy fluctuation and po-
tential redundancy. Table 4 presents the comparative analysis of spectral entropy across 
14 sessions. The statistical analysis is conducted to evaluate whether there is a signifi-
cant difference in spectral entropy between selected and non-selected EEG channels 
across sessions using a two-way repeated measures ANOVA. The analysis assumes 
normal distribution of spectral entropy values, sphericity of repeated measures, and in-
dependence of observations, with significance evaluated at α = 0.05. 

Null Hypothesis (H₀): There is no significant difference in spectral entropy between 
selected and non-selected channels across sessions. 
Alternate Hypothesis (H₁): There is a significant difference in spectral entropy be-
tween selected and non-selected channels across sessions. 
If the p-value is less than 0.05, the null hypothesis (H₀) is rejected; otherwise, it is ac-
cepted. In this study, the ANOVA results show a significant main effect of channel type 
(F(1,13) = 91.96, p < 0.001). Since the obtained p-value is less than the significance 
threshold, the null hypothesis (H₀) is rejected. This indicates that there is a statistically 
significant difference in spectral entropy between selected and non-selected channels 
across sessions, confirming the effectiveness of the proposed channel selection ap-
proach. 

Sessions 5 Channel selection 2 Channel selection 3 Channel selection 
 Selected 

channels 
(6 Chan-
nels) 

Non-se-
lected     
(58 
chan-
nels) 

Selected 
channels 
(9 Chan-
nels) 

  
Non-se-
lected       
(55 chan-
nels) 

Selected 
channels 
(15 
Chan-
nels) 

Non-se-
lected      
(49 chan-
nels) 
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Session 1 0.7468 0.7549 0.7452 0.7556 0.7406 0.7583 
Session 2 0.7788 0.7989 0.7971 0.7970 0.7878 0.7999 
Session 3 0.7313 0.7667 0.7360 0.7679 0.7287 0.7740 
Session 4 0.7836 0.7853 0.7761 0.7867 0.7669 0.7908 
Session 5 0.7417 0.7719 0.7462 0.7729 0.7450 0.7765 
Session 6 0.7163 0.7586 0.7198 0.7603 0.7253 0.7636 
Session 7 0.7297 0.7624 0.7312 0.7639 0.7333 0.7673 
Session 8 0.7483 0.7802 0.7512 0.7815 0.7561 0.7837 
Session 9 0.7500 0.7855 0.7434 0.7886 0.7513 0.7917 
Session 10 0.7234 0.7771 0.7443 0.7766 0.7387 0.7823 
Session 11 0.7416 0.7434 0.7199 0.7471 0.7138 0.7522 
Session 12 0.7233 0.7624 0.7316 0.7632 0.7250 0.7691 
Session 13 0.7337 0.7756 0.7479 0.7756 0.7458 0.7796 
Session 14 0.7673 0.7828 0.7635 0.7843 0.7584 0.7884 

Fig. 5 elaborates on the 11 features selected from 9 channels and the 2 coupling 
metrics. The feature set comprises cognitive, motor, and motor imagery representations, 
each captured through three feature components, in addition to Magnitude-Squared Co-
herence (MSC) and Phase–Amplitude Coupling (PAC) measures that model inter-chan-
nel and cross-frequency interactions. Cognitive features show the highest and most sta-
ble spectral entropy, which indicates dominant and reliable neural information. Imagery 
features have a moderate entropy value, while motor features are lower, reflecting pro-
gressively more structured activity. The figure highlights clear separability and con-
sistency among the feature groups across recording sessions, demonstrating the effec-
tiveness of the proposed feature selection strategy. 

 
Fig. 5: Extracted 11 features 
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6. Conclusion 

The proposed channel selection techniques can effectively support efficient EEG signal 
processing by preserving informative neural patterns. The channels are selected using 
channel-based ranking, and the features are extracted using the Welch's method (PSD) 
and coupling metrics. The evaluation of the proposed technique was carried out using 
the Physionet motor movement/imagery dataset. It demonstrates strong reliability, ro-
bustness, and applicability across various EEG applications and achieved a low spectral 
entropy of 0.7234 ± 0.0216, indicating the preservation of highly informative neural 
structures. For the performance evaluation, a comprehensive set of eleven features, en-
compassing cognitive, motor movement, motor imagery, and coupling representations, 
is employed, which effectively captures both spectral and interaction-based neural char-
acteristics. The proposed work may be extended to real-time and cross-subject EEG 
applications by incorporating adaptive, learning-based channel selection and attention-
driven fusion models to enhance discriminative performance. 
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