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For Brain Computer Interface (BCI) applications, this research suggests an ideal feature selection framework for
Electroencephalography (EEG)-based emotion recognition. In order to improve signal quality, EEG signals are
first preprocessed using an adaptive notch filter to reduce power-line interference and artifacts. Then, in order
to capture discriminative emotional patterns, time–frequency features, frequency domain, and time-domain are
extracted. A Modified Artificial Bee Colony algorithm with inertia weight (MABC-IW) is used to choose the best
subset of features that minimizes dimensionality and maximizes classification performance in order to handle
feature redundancy and overfitting. A Support Vector Machine (SVM) is employed to categorize the chosen
features. The suggested MABC-IW–SVM framework works better than traditional feature selection techniques,
according to experimental assessment carried out in MATLAB with classification accuracy of 94%, precision
of 91%, recall of 100% and F1-score of 95%. The suggested method reduces the feature set while increasing
accuracy when compared to the baseline SVM without optimization. These findings demonstrate that the suggested
optimum feature selection approach greatly improves the ability to recognize emotions from EEG signals.

� 2026 Published by the University of Al-Qadisiyah.

1. Introduction
A mechanism called BCI uses the brain’s output route to transmit requests

and signals to the outside world [1]. BCI systems frequently fall into one of
two categories. These two types of BCI are non-invasive and invasive. Due
to their accessibility and versatility in recording brain signals, non-invasive
BCI technologies are preferred by the majority of Asian nations [2]. In a BCI
structure, there are 4 stages. Interaction with the computer, signal acquisiti-
on, pre-processing, and classification [3]. Several non-invasive techniques,
including EEG [4], Near-Infrared Spectroscopy (NIRS) [5], functional Ma-
gnetic Resonance Imaging (fMRI) [6] and Magnetoencephalography (MEG)
[7], are employed for collecting brain data. Due to its outstanding temporal
accuracy, security, and simplicity of usage, EEG is a highly popular signal
acquisition technique. The installation of 10–20 conventional electrodes is
utilized to capture EEG signals. ECG has non-stationary characteristics and
low spatial resolution. Clinical testing facilities generally use fMRI technology.
However, despite having excellent temporal and spatial resolution, it is more
expensive to set up. In the data acquisition process, time delay is greater. Low
temporal resolution of NIRS technology may slow down conversion rates.
However, being less expensive, it performs substantially less well than EEG-
based BCI. The magnetic signals produced by electrical activity are recorded
utilizing MEG technology. Among all non-invasive technologies, the ECG

provides less temporal resolution, and it is safety and easy method. Table 1
represents the various rhythm of brain. Since EEG signals are influenced by
muscle movement, eye blinks, external interference, and individual variations
in neurophysiology, they are inherently noisy and changeable, which lowers the
consistency and dependability of emotion identification models. It is difficult
to preserve the quality of raw EEG data outside of controlled lab settings, and
pre-processing techniques by themselves are unable to completely remove all
artifacts without perhaps deleting useful neurological signals. Owing to the
non-stationary nature of EEG, models trained on one set of settings or people
may not generalize well to others, resulting in inter-subject variability and
decreased applicability in real-world scenarios. Furthermore, a large number
of publicly accessible EEG datasets are unbalanced and relatively small, which
introduces bias and restricts the model’s performance on unknown data from
various populations or recording configurations. Following acquisition, the
signals need to be pre-processed. The acquired brain signals are typically
affected by noise and distortions. Visual blinks, eye movements, and heartbeat
are artifacts. Along with these, brain impulses are also disorganized due to
muscle movement and power line interference. Common Average Referencing
(CAR), Frequency Analysis, Principal Component Analysis (PCA), Common
Spatial Patterns (CSP), Principal Component Analysis (PCA) and Independent
Component Analysis (ICA) are all utilized to eradicate Artifacts [8–11].
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Nomenclature
EEG Electroencephalography νi j New candidate solution
BCI Brain-Computer Interface xki Random neighbouring solution
SV M Support Vector Machine yi Class label
MABC Modified Artificial Bee Colony b Bias term
PSD Power Spectral Density k(xi,xi) Kernel function
DE Differential Entropy D Problem dimension
RASM Rational Asymmetry P Signal power
ST FT Short-Time Fourier Transform H Entropy
PCA Principal Component Analysis xi j Current solution
ICA Independent Component Analysis xbest Global best solution
CSP Common Spatial Pattern Greek Symbols
CAR Common Average Referencing α Scaling factor
GA Genetic Algorithm ϕ Random perturbation parameter
DWT Discrete Wavelet Transform β Scaling factor
xi Input feature vector µ Mean value
ω Weight vector Subscripts
f (x) Decision function xxix Index of sample
N Number of samples j Dimension index
fs Sampling frequency (Hz) k Neighbour solution index
E Energy of signal max Maximum value

However, the aforementioned techniques have some drawbacks, including
that several calculations are needed for decomposition. The computation of
averages and head coverage are complicated by finite sample density and in-
sufficient head coverage, and the accuracy of classification is impacted by
electrode location changes.

Table 1. Different rhythms of the brain.

Rhythm Amplitude
µv

Frequency
range, Hz

State of mind

DELTA 20-200 Up to 4 Deep sleep
ALPHA 20-50 8-13 Relaxed Awareness
BETA 5-30 13-30 Alert, active attention and thinking

GAMMA ≤ 5 ≥ 31 Consciousness mechanism

THETA ≥ 20 4-8 Drowsiness, emotional stress and sleep
in adults

These issues are overcome by using the Adaptive Notch Filter. It is effective for
signals and Artifacts when spectra coincide. The most important features of the
brain signals are obtained after getting free of noise data from the signal impro-
vement phase. Techniques like Adaptive Auto Regressive Parameters (AAR)
[12], PCA [13], ICA, Wavelet Transformations (WT), Genetic Algorithms
(GA) and Wavelet Packet Decomposition (WPD) are employed to derive featu-
res from EEG signals [14–18]. But these methods have poor time localization,
which leads to inappropriate performance for all applications; defining the
depiction’s characteristics for EEG signals is challenging, and it is also not
relevant to signals that are not stationary [19]. Therefore, in this research work,
a novel MABC algorithm is proposed with inertia weight, which effectively
selects the optimal features. The signals are divided into numerous classes
employing different classifiers following feature selection [20]. There are ma-
ny kinds of classifiers, including nearest neighbor classifiers and nonlinear
Bayesian classifiers [21]. However, it has a high level of complexity and fails
to generate an accurate prediction of the appropriate class probability [22].
Random forest [23] offers maximum accuracy and is robust to noise, but it
necessitates more memory. An Adaptive neural decision tree [24] benefits from
the learning capacity of a neural network, though it makes the implementation
more difficult. The K-nearest neighbor [25] is easy to implement, and its iden-
tification period is very slow. With the implementation of an SVM classifier,
the above issues are solved. Furthermore, it is used to expand the properties of
the linear model used to predict human emotions from brain signals. Hence,
an SVM classifier method is employed to diagnose human emotion utilizing
a BCI system. Initially, the input signals are pre-processed with the support
of an adaptive notch filter to minimize artifacts from the input signals. Then,
using the MABC algorithm with inertia weight, the best features are chosen
from the domains of time-frequency, time, and frequency features. Finally, the
SVM Classifier efficiently performs emotion detection based on the emotion
model. The proposed approach applies a MABC with inertia weight to pick
the most informative features from the EEG data, unlike other approaches that
pick features based on separate feature scoring that miss complex interactions
among features and leave redundant data that impacts performance. Optimi-
zed feature selection searches the search space more clearly and predicts a

subset that enhances accuracy. When incorporated with SVM, it results in
more reliable emotion recognition than traditional approaches. Therefore, the
integration of the MABC algorithm with inertia weight for optimal feature
selection, which improves classification performance when combined with
SVM, makes the presented work new as opposed to relying solely on gene-
ric statistical features. The method differs from studies that merely extract
and categorize common features without using targeted selection to increase
accuracy and generalization because of this optimization stage.

2. Proposed system description
In general, EEG signals provide more information about emotional processes
and actions. Research on EEG-based emotion recognition also has significant
benefits for improving the user experience and functionality of BCIs, as EEG is
commonly used in BCIs. Figure 1 illustrates a new MABC with inertia weight
and SVM classifier for effective emotion recognition using a BCI system.

Figure 1. Block diagram of the proposed system indicating the process flow
from input to the output.

In the beginning stage, the obtained input signals are pre-processed using an
adaptive notch filter. In this stage, the filter removes power line noise from EEG
signals. By using a feature extraction method, the signals’ most discriminating
properties are identified. Following this, using the MABC algorithm with iner-
tia weight, the best features are chosen from the domains of time and frequency.
At last, the SVM classifier recognizes signals dependent on the emotion model.
The primary contribution of this SVM is to estimate the data and identify the
pattern of emotion accurately. Enhancing real-time emotion identification with
EEG-based systems is important because, in contrast to behavioral inputs like
speech or facial expressions, EEG offers direct, high temporal resolution access
to neural activity, allowing for quicker and more precise tracking of emotio-
nal changes. In assistive technologies, gaming, and online learning, real-time
emotion recognition can improve human–computer communication by per-
mitting systems to dynamically adjust to user reactions. It also has significant
ramifications for mental health monitoring, since non-invasively identifying
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minute emotional changes can help with early interventions and individualized
treatment. These applications are pushed toward responsive, useful deploy-
ment in real-world scenarios with the aid of advancements in optimized feature
selection and classifier performance, as demonstrated in the proposed study.
These enhancements aid in resolving present issues with latency, dependability,
and usefulness in EEG-based affective computing systems.

2.1 Model of Emotion
The discrete model and the dimensional model are the two fundamental models
used to categorize emotions originally. According to discrete conceptions of
emotion, the presence of different feelings is shown by coordinated patterns
of physiological, neurological, and morphological expressive responses. Six
fundamental emotions- joy, sadness, anger, contempt, fear, and surprise are
listed by the discrete model to define emotion. The valence and arousal di-
mensions theory is the most widely used. Arousal describes the intensity of
excitement from passive to active, and valence describes the range of human
enjoyment from positive to negative. Due to its simplicity and potent capacity
to accurately characterize emotion, the valence-arousal model has become
extensively employed in EEG-based emotion identification. Following signal
pre-processing, emotion-relevant EEG features are discovered and correlated
with emotional states. These features are retrieved from the time, frequen-
cy, and time-frequency domains, which is explained clearly in forth coming
section.

2.2 Feature extraction
2.2.1 Features of frequency domain
Power characteristics associated with various frequency bands used in rhythms
of EEG are identified in the frequency phase during a frequency-domain ana-
lysis. In some frequency bands, the combined value of three power features
are computed as follows.

• Features of Power Spectral Density (PSD): PSD, which has been used
to explain the distribution of signal shifts in frequency when unpredic-
table vibrations produce power, is an efficient response time series for
frequency features index. In this analysis, the 4 bands power is alpha
(8−14Hz), gamma 3(0−50Hz), theta (4−8Hz) and beta (14−30Hz)
are estimated as the characteristics.

• Features of Differential Entropy (DE): Among the more significant
frequency aspects that is effective in recognising emotions is DE. Apply-
ing DE to generate characteristics in four frequency bands is comparable
to applying PSD.

• Features of Rational Asymmetry (RASM): The proportions of the
DE of various combinations of electrodes with hemispheric asymmetry
are referred to as RASM, which is a modification of DE.

2.2.2 Features of time-Frequency domain
When using time-frequency approaches to analyse an unsteady signal, dyna-
mical changes are taken into consideration to reveal new information.

2.2.3 Wavelet coefficient features
The Short-Time Fourier Transform (STFT) by which the Wavelet Transform
(WT) is derived. It fixes STFT’s faults and evolves into the best tool for si-
gnal time-frequency analysis and processing. WT is used to determine the
signal’s characteristics and estimates, which correspond to both low and high
frequencies accordingly. One of the techniques that is widely utilized in the
analysis of EEG signals is the Discrete Wavelet Transform (DWT). A series of
low-pass and high-pass filters is reduced out till the required frequency band
is attained. In this research, the gathered EEG signal is initially minimized
to 128Hz, and then 5 frequency bands are generated from the DWT’s ’db4’
detailed decomposition. These bands ranged in frequency from 4 to 128Hz.
D5 is particularly broken into the theta band 4− 8Hz, D2 into the gamma
32−64Hz, 1 into high gamma value of band 64−128Hz, D4 into the alpha
band 8−16Hz and D3 into the beta band 16−128Hz, D. The final stage to
determine the energy and entropy for each frequency range using Eq. 1 and 2.

ENTj =−
N

∑
k=1

(
D j(k2)

)
× log

(
D j(k)2) (1)

ENG =
N

∑
k=1

(
D j(k2)

)
(2)

Here the number of wavelet coefficients is k, and j = 1,2,3, ...etc, is the stage
of wavelet decomposition. Consequently, the following is the signal’s compo-
sition vector of wavelet features, Eq. 3.

FVwavelet =
[
ENTj,ENG j

]
(3)

The most important step before classification is feature selection. It is primarily
utilized to minimize any redundant features and choose an informative subset.
Without affecting classification accuracy, it is produces a classification issue
with fewer dimensions [26]. The delta (up to 4Hz), alpha ( 8–13Hz), theta
( 4–8Hz), beta ( 13–30Hz), and lower gamma bands ( 30–60Hz) correspond
to known physiological brain rhythms. Beyond this range, particularly above
about 60–80Hz, a large portion of the recorded activity tends to be dominated
by noise, such as muscle (EMG) artifacts and environmental interference rather
than genuine neural oscillations. In EEG research, it is usual practice to con-
centrate on frequencies up to about 60Hz because scalp EEG is significantly
suppressed at higher frequencies and because it is challenging to distinguish
higher bands from noise without intrusive recordings or extremely high-density
arrays. Such high-frequency components over 60Hz are less reliably captured
by normal EEG settings and are frequently eliminated in emotion recognition
because they compromise feature quality. In this research, a new modified
ABC with inertia weight approach is proposed to determine the most desirable
feature combination from various dimensions. The detailed description of the
proposed MABC with inertia weight is explained as follows.

2.3 Feature selection using modified MABC with inertia weight
The ABC algorithm’s searching expression approach is essential to its effec-
tiveness. In particular, a randomly generated solution is employed in Eq. 4 and
only a single dimension is modified. This supports the method’s diversification
behaviour but has a detrimental impact on its intensification behaviour. As a
result, although the technique has a good chance of escaping local optimal
spots, early convergence still exists. As an outcome, while ABC shows promise,
particularly in multimodal situations, it merges poorly in many other kinds of
problems.

νi j = xi j +φi j
(
xi j − xk j

)
(4)

Some more recent research employed the most suitable solution available
rather than choosing at random variables in their search formulae to prevent
premature convergence. In other investigations, modified searching expressions
with simultaneous changes to several dimensions have also been presented.
Both methods speed up convergence when the issue type and dimension have
modified, but they become stuck at local optimal points. Depending on the
issue category, it appears that the diversification and intensification behaviours
of the ABC algorithm ought to happen at various rates, but this rate is unknown
at the beginning of algorithm execution. The proportion of these two beha-
viours has to be determined when the method executes using an adaptive search
equation. To solve this problem, the paper suggests a new ABC technique that
incorporates an adaptive search equation. The M-ABC [27] with inertia weight
algorithm utilises an adaptive search equation selection approach rather than
Eq. 4 in the traditional ABC algorithm. The first of the equations that follow
is used in the suggested search method to account for each dimension of the
solution, Eq. 5, 6 and 7:

Xi, j = ωXi, j + rand(−δ ,+δ )
(
Xi, j −Xk, j

)
(5)

Xi, j = ωXi, j + rand(−δ ,+δ )
(
Xi, j −Xbest, j

)
(6)

Xi, j = ωXi, j (7)

When xbest, j represents the current best solution at dimension and ω is the
inertia weight. The scaling factor ratio that regulates the magnitude of the
disturbance is represented by the real numbers j and d, both of which are
positive. Since it uses a random solution, the initial of these Eq. 5 contributes
to the diversification characteristic. The second Eq. 6, on the other hand, helps
with the intensification characteristic because it uses the optimal response.
Therefore Eqs. 5 and Eq. 6 are employed in some dimensions, while the other
dimensions remained identical. A probabilistic selection rule determines the
frequency of use of these three solutions in the generation of each candidate
solution. The chance of selecting each search equation hk is determined in
accordance with the rule as follows, Eq. 8.

θk =
Sk

∑
3
m=1 Sm

(8)

The effective score of a search equation is represented here by sk. For each
search equation, the success score is initially assigned a value larger than
zero at the beginning of the procedure. The utilization ratio of each equation
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employed in the newly proposed solution (vi ) that outperforms the reference
solution (xi) is contributed to the success score in the following manner, Eq. 9.

Sk = Sk × γ + rk ×D (9)

If rk is the frequency with which the appropriate search equations Eqs. 5, 6 7,
are used, and c is the resultant decay coefficient, D is the problem dimension.
In order to find an improved solution, the search equation i is therefore utilized
in r)kD dimensions. Additionally, the c coefficient is employed to eliminate
the previous attractive but deceptive performance values. A search equation
is capable of producing excellent outcomes at the beginning of the method’s
iteration process, but does not yield excellent findings afterwards. The chosen
probability of a search formula reduces exponentially by the c coefficient as
the frequency of application of the search equation in a workable solution
decreases. As a result, c encourages the exploration of new parts of the search
space and helps prevent premature convergence.

2.3.1 Employed Bee Phase
The employed bee phase [10] of the ABC is an initial iterative process in
which engaged bees in the dance zone communicate food source details to the
observer bees. The observer bees then decide which food sources to choose
and keep in mind based on the quantity of nectar they contain or f (xi), which
is the fitness function of the problem that needs to be optimized, Eq. 10.

Vi j = ωXi j +ϕi j(Xi j −Xk j) (10)

It regulates when the current food source affects the development of the upco-
ming one. In this section, three different types of inertia weight are employed:
inertia weight that increases dramatically, inertia weight that increases linearly,
and inertia weight that decreases linearly. These variations are all adaptable
based on the number of iterations. In Eq. 11, the exponential inertia weight is
displayed.

ω = exp
(

t
tmax

−1
)

(11)

Here t denotes the current iteration and tmax denotes the maximum iteration.
On the other hand, Eq. 11 is used to determine the linear inertia weight.

ω =

(
t

tmax
−1
)(

ωinit −ω f inal
)
+ω f inal (12)

Figure 2 displays the rate of change for certain inertia weights. Small inertia
promotes convergence and avoids premature convergence, while high inertia
promotes exploration. The novel candidate food source is formed around the
present solution, xi, and a randomly chosen solution,xk, where k ̸= i and is
randomly chosen in the range of 1- SN, according to the second portion of
Eq. 10. The φi j is a random value between one and one. In the presented system,
to implement classification, the SVM classifier is employed.

Figure 2. Rate of change of inertia weight with respect to the number of
iterations.

2.4 Classification by SVM
SVM aims to identify a hyperplane for a specific two-class, independently
divisible classification issue that divides the input space with the greatest
possible margin, as revealed in Fig. 3.

Figure 3. SVM classifier indicating hyperplanes separating different classes
with greatest possible margin

The best hyperplane is discovered to be in the following order, Eqs. 13 and 14:

W ×Xi +b ≥+1, i f yi =+1 (13)

W ×Xi +b ≤+1, i f yi =−1 (14)

In normal hyper plane, the vector weight is denoted by w.b is bias, xi is the
ith input vector x ∈ RN , yi is ith input’s class labe y ∈ (−1,+1) and w is the
weight vector, two margins that are parallel to the ideal hyperplane lead to the
discovery of the optimal hyperplane. Equation 15 is used to find margins.

W ×Xi +b ≤±1 (15)

Support vectors are the input vectors that establish the margins. If the issue
isn’t linearly separable, the input vectors ought to be subjected to a kernel
function to make the issue linearly separable in the transformed space, Eq. 16.

K(xi,x j) = ϕ(x)ϕ(x j) (16)

A two-class linearly non-separable problem has the following solution, Eq. 17.

f (x) = sign

(
∑

i
aiyiϕ(x)ϕ(xi)+b

)
(17)

With the employment of an SVM classifier, human emotions are effectively
predicted with accuracy.

3. Result and discussions
Thus, using a BCI system with SVM classifier algorithm is used to identify
human state of mind. To reduce Artifacts from the input signals, the adaptive
notch filter is subsequently used to pre-process the input signals. Then, op-
timum characteristics from the time, time-frequency domain and frequency
features are selected using the MABC algorithm with inertia weight. Lastly,
utilising the emotions model, the SVM Classifier effectively detects emotions.
The several stages of outcome presented below. Figure 4 represents the wa-
veform for sampled frequency signal and Fig. 5 illustrates the preprocessed
filtered waveform of filtered output of EEG signal. Figures 6 and 7 display
the pre-processed signal representation of proposed system.
The final result displayed EEG signal waveforms that are smoothed. Pre-
processing for the EEG signals includes artifacts elimination, filtering, epoch
selection and signal averaging. While arousal indicates to an emotion’s intensi-
ty or the effectiveness of the related emotional state, valence denotes the degree
to which an emotion is positive or negative. Low arousal positive valence (Re-
laxed, Calm), High arousal positive valence (Happy, Excited), low arousal
negative valence (Sad, Bored) and High arousal negative valence (Nervous,
Angry) are all examples of Valence and arousal pairings that are converted into
emotional states. Initially Artifacts like electro galvanic signals and motion
artifacts are removed using an adaptive notch filter with a frequency, which
is represented in Fig. 8. Here, an ICA approach is employed for eliminating
the ocular artifacts. ICA decomposes EEG signals to maximise independent
components, and those with eye activity are identified and removed. Twenty
primary components have been employed for decomposing the EEG data. An
EEG signal free of artifacts is recreated after the component showing eye acti-
vity has been eliminated. Figure 9 illustrates topographic EEG evaluation that
is employed to show the spatial distribution of brain electrical activity. In order
to best study the general resolutions and accuracy limits of EEG measurement
configurations, the minimum norm estimation (MNE) gives the amount of
information that truly exists in the data. Additionally, this strongly implies that
the standard minimum norm solution is a useful technique whenever there is
a lack of accurate a priori knowledge about source generators. The evoked
response for each condition is developed for ideal cleaner epochs, as depicted
in Fig. 10.
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Figure 4. Sampled frequency-domain EEG signal illustrating spectral characteristics extracted for subsequent emotion recognition analysis.

Figure 5. Filtered EEG signal after adaptive notch filtering for effective removal of noise.

Figure 6. Negative emotion EEG signal pre-processed using an adaptive notch filter to suppress power-line interference.

Figure 7. Positive emotion EEG signal pre-processed using an adaptive notch filter to suppress power-line interference.
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Figure 8. Detection and identification of EEG artifacts using ICA for improved signal quality.

Figure 9. Topomap representations illustrating the spatial distribution of EEG activity across different scalp regions.

Figure 10. Evoked response obtained from clean EEG epochs, illustrating time-locked neural activity associated with emotional stimuli.
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Figure 11 represents the confusion matrix of SVM. Here, the 11 false negatives
indicate instances where a target emotion exists but is unpredicted. Likewi-
se, 0 false positives denote that the model does not generate false alarms,
which is useful for averting redundant interventions based on misread signals.
Nevertheless, the occurrence of more false positives than true positives for
class 1 indicates the recall is impaired owing to the class imbalance or subtle
facial features. These outcomes imply that the system is reliable if it triggers
a prediction and susceptible to significant emotional states. Table 2 denotes
the results the or SVM classifier using the EEG signal for human emotion
detection. The recommended SVM accomplishes the classification precision of
94% and it is observed that SVM obtains the maximum accuracy in contrasted
to other approaches. Table 3 represents the analysis of the proposed SVM with
different classifiers, for example, KNN [28], DBN [29] and MLP [30] and the
corresponding plots are represented in Fig. 12.

Figure 11. Confusion matrix illustrating the classification performance of the
proposed EEG emotion recognition model.

Figure 12. Accuracy analysis demonstrating the classification effectiveness of
the proposed EEG-based emotion recognition model.

Table 2. Accuracy analysis demonstrating the classification effectiveness of
the proposed EEG-based emotion recognition model.

Classes F1-score Recall Precision
0 0.95 1.00 0.91
1 0.91 0.83 1.00

Table 3. Comparative analysis of the proposed model with existing EEG-based
emotion recognition methods.

Classifier KNN [28] DBN [29] MLP [30] SVM
Accuracy 86.75 % 87.62 % 78.11% 94%

From the obtained results, it is clear that the suggested classifier achieves the
highest accuracy of 94% for predicting human emotions. The SVM classifier
is compared with KNN [31] and RF [32] in Fig. 13, which reveals the SVM
classifier has the recall of 100%, highlighting the performance enhancement
in forecasting human emotions. The suggested approach is unique in that it
selects the most informative EEG features using a MABC, which has been
demonstrated to increase classification accuracy and decrease the number of

features required when compared to using all features. By concentrating on
the most pertinent signal features, Meta heuristic feature selection has been
shown to dramatically improve performance and efficiency in a variety of brain
signal classification tasks. In contrast to conventional approaches that carry
out feature selection inefficiently or not at all, it improves generalization and
reduces computational cost when paired with SVM. It adaptively explores
feature subsets, permitting the classifier to more precisely recognize subtle
emotional states.

Figure 13. Recall analysis demonstrating the ability of the proposed model to
correctly identify emotional classes.

4. Conclusion
Emotion recognition dependent on physiological signals, particularly EEG
signals, has gained popularity as an analytical area in the past few years due
to the constant advancement of BCI technology. But it has also become more
crucial for comprehending to extract significant features from EEG data so
that classifiers are able to correctly recognise emotions. Therefore, in this
work presents an SVM-based technique for EEG signal emotion identification.
Extracting features from the pre-processed EEG signal that requires initial-
ly taking into consideration the frequency, time and time-frequency domain
that are all correlated to emotion. The innovative Modified ABC with inertia
weight feature selection approach is utilised to minimise the dimensions of the
features. The next step is to train an SVM classifier for precise emotion pre-
diction using the optimised feature sets. Finally, it has been demonstrated that
the suggested method works well for identifying emotions, with an excellent
average precision reaching up to 94%. The efficacy of the developed approach
is much better than other existing approaches. Future research should exami-
ne multimodal techniques that combine EEG with additional physiological
signals such ECG, GSR, EMG, or audio visual cues. In order to detect subtle
emotional patterns more reliably, researchers can also look into deep learning
and advanced fusion algorithms that develop shared representations across
modalities. Classification performance may be further improved by combining
physiological signals with environmental or behavioural information (such as
speech or facial expressions).

Authors’ contribution
Conceptualization: Kalakonda Jyothsna Data Curation: Kalakonda Jyothsna
Methodology: Viswaprakash Babu, B. Chempavathy, Dinesh Kumar Budagam,
M. J. D. Ebinezer, V. Pujari, Kalakonda Jyothsna Project administration: Vis-
waprakash Babu, B. Chempavathy, Dinesh Kumar Budagam, M. J. D. Ebinezer,
V. Pujari Supervision: Viswaprakash Babu, B. Chempavathy, Dinesh Kumar
Budagam, M. J. D. Ebinezer, V. Pujari Validation: Viswaprakash Babu, B.
Chempavathy, Dinesh Kumar Budagam, M. J. D. Ebinezer, V. Pujari Writing-
original draft: Kalakonda Jyothsna Writing-review & editing: Viswaprakash
Babu, B. Chempavathy, Dinesh Kumar Budagam, M. J. D. Ebinezer, V. Pujari,
Kalakonda Jyothsna

Declaration of competing interest
The authors declare no conflicts of interest.

Funding source
This study didn’t receive any specific funds

Data availability
The data that support the findings of this study are available from the corre-
sponding author upon reasonable request.



A
cc

ep
te

d
M

an
us

cr
ip

t..
.A

cc
ep

te
d

M
an

us
cr

ip
t..

.A
cc

ep
te

d
M

an
us

cr
ip

tKALAKONDA JYOTHSNA ET AL. / AL-QADISIYAH JOURNALFOR ENGINEERING SCIENCES 19 (2026) 001 – 009008

REFERENCES

[1] K. Douibi, S. L. Bars, A. Lemontey, L. Nag, R. Balp, and G. Breda,
“Toward eeg-based bci applications for industry 4.0: Challenges and pos-
sible applications,” Frontiers in Human Neuroscience, vol. 15, p. 705064,
2021. [Online]. Available: https://doi.org/10.3389/fnhum.2021.705064

[2] M. Rashid, N. Sulaiman, A. P. A. Majeed, R. Musa, A. A. Nasir,
B. Bari, and S. Khatun, “Current status, challenges, and possible
solutions of eeg-based brain-computer interface: a comprehensive
review,” Frontiers in Neurorobotics, vol. 14, p. 25, 2020. [Online].
Available: https://doi.org/10.3389/fnbot.2020.00025

[3] W. Ko, E. Jeon, S. Jeong, and H. Suk, “Multi-scale neural network for
eeg representation learning in bci,” IEEE Computational Intelligence
Magazine, vol. 16, no. 2, pp. 31–45, 2021. [Online]. Available:
https://doi.org/10.1109/MCI.2021.3061875

[4] P. Gaur, H. Gupta, A. Chowdhury, K. McCreadie, R. Pachori, and
H. Wang, “A sliding window common spatial pattern for enhancing
motor imagery classification in eeg-bci,” IEEE Transactions on Instru-
mentation and Measurement, vol. 70, pp. 1–9, 2021. [Online]. Available:
https://doi.org/10.1109/TIM.2021.3051996

[5] S. Arif, M. Khan, N. Naseer, K. Hong, H. Sajid, and Y. Ayaz, “Vector
phase analysis approach for sleep stage classification: A functional
near-infrared spectroscopy-based passive brain–computer interface,”
Frontiers in Human Neuroscience, vol. 15, p. 658444, 2021. [Online].
Available: https://doi.org/10.3389/fnhum.2021.658444

[6] A. Ravindran, J. Rieke, J. Zapata, K. White, A. Matarasso, M. Yusufali,
M. Rana, A. Gunduz, M. Modarres, R. Sitaram, and J. Daly, “Four
methods of brain pattern analyses of fmri signals associated with wrist
extension versus wrist flexion studied for potential use in future motor
learning bci,” PLoS One, vol. 16, no. 8, p. e0254338, 2021. [Online].
Available: https://doi.org/10.1371/journal.pone.0254338

[7] D. Rathee, H. Raza, S. Roy, and G. Prasad, “A magnetoencephalography
dataset for motor and cognitive imagery-based brain-computer interface,”
Scientific Data, vol. 8, no. 1, p. 120, 2021. [Online]. Available:
https://doi.org/10.1038/s41597-021-00899-7

[8] J. Olias, R. Martı́n-Clemente, M. Sarmiento-Vega, and S. Cruces, “Eeg
signal processing in mi-bci applications with improved covariance matrix
estimators,” IEEE Transactions on Neural Systems and Rehabilitation
Engineering, vol. 27, no. 5, pp. 895–904, 2019. [Online]. Available:
https://doi.org/10.1109/TNSRE.2019.2905894

[9] Y. Zou, X. Zhao, Y. Chu, W. Xu, J. Han, and W. Li, “A
supervised independent component analysis algorithm for motion
imagery-based brain computer interface,” Biomedical Signal Proces-
sing and Control, vol. 75, p. 103576, 2022. [Online]. Available:
https://doi.org/10.1016/j.bspc.2022.103576

[10] P. Gaur, H. Gupta, A. Chowdhury, K. McCreadie, R. Pachori, and
H. Wang, “A sliding window common spatial pattern for enhancing
motor imagery classification in eeg-bci,” IEEE Transactions on Instru-
mentation and Measurement, vol. 70, pp. 1–9, 2021. [Online]. Available:
https://doi.org/10.1109/TIM.2021.3051996

[11] L. Jaques, A. Depoian, D. Xie, C. Bailey, and P. Guturu, “A machine
learning approach to medical data identification through principal
component analysis,” vol. 11730, 2021, pp. 7–15. [Online]. Available:
https://doi.org/10.1117/12.2586038

[12] S. Dutta, M. Singh, and A. Kumar, “Automated classification
of non-motor mental task in electroencephalogram based brain-
computer interface using multivariate autoregressive model in the
intrinsic mode function domain,” Biomedical Signal Processing
and Control, vol. 43, pp. 174–182, 2018. [Online]. Available:
https://doi.org/10.1016/j.bspc.2018.02.016

[13] C. Soeiro, “Eeg signal analysis using pca and logistic re-
gression,” vol. 2, 2019, pp. 175–180. [Online]. Available:
https://doi.org/10.1007/978-981-13-2517-5 27

[14] M. Sadiq, X. Yu, Z. Yuan, and M. Aziz, “Motor imagery bci
classification based on novel two-dimensional modelling in empirical
wavelet transform,” Electronics Letters, vol. 56, no. 25, pp. 1367–1369,
2020. [Online]. Available: https://doi.org/10.1049/el.2020.2509

[15] S. Eslahi, N. Dabanloo, and K. Maghooli, “A ga-based feature selection
of the eeg signals by classification evaluation: Application in bci

systems,” arXiv preprint arXiv:1903.02081, 2019. [Online]. Available:
https://doi.org/10.48550/arXiv.1903.02081

[16] J. Chen, D. Jiang, and Y. Zhang, “A common spatial pattern and
wavelet packet decomposition combined method for eeg-based emotion
recognition,” Journal of Advanced Computational Intelligence and
Intelligent Informatics, vol. 23, no. 2, pp. 274–281, 2019. [Online].
Available: https://doi.org/10.20965/jaciii.2019.p0274

[17] M. Behri, A. Subasi, and S. Qaisar, “Comparison of machine
learning methods for two class motor imagery tasks using eeg
in brain-computer interface,” 2018, pp. 1–5. [Online]. Available:
https://doi.org/10.1109/ICASET.2018.8376886

[18] M. Ghumman, S. Singh, N. Singh, and B. Jindal, “Optimization of
parameters for improving the performance of eeg-based bci system,”
Journal of Reliable Intelligent Environments, vol. 7, pp. 145–156, 2021.
[Online]. Available: https://doi.org/10.1007/s40860-020-00117-y

[19] M. Mohammed, M. Kadhim, D. Al-Shammary, and A. Ibai-
da, “Eeg-based emotion detection using roberts similarity and
pso feature selection,” IEEE Access, 2025. [Online]. Available:
https://doi.org/10.1109/ACCESS.2025.3555526

[20] D. Nguyen, M. Nguyen, and K. Yamada, “Electroencephalogram based
emotion recognition using hybrid intelligent method and discrete wavelet
transform,” Applied Sciences, vol. 15, no. 5, p. 2328, 2025. [Online].
Available: https://doi.org/10.3390/app15052328

[21] K. Kavitha, L. Sudha, and J. Jayasudha, “Optimizing eeg-based
emotion recognition with a multi-modal ensemble approach,” Re-
sults in Engineering, vol. 26, p. 104886, 2025. [Online]. Available:
https://doi.org/10.1016/j.rineng.2025.104886

[22] N. Babu and V. Viswanathan, “Mfenet: A multi-feature ex-
traction network for enhanced emotion detection using eeg
and stft,” IEEE Access, 2025. [Online]. Available: ht tps:
//doi.org/10.1109/ACCESS.2025.3591202
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