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The purpose of this study is to develop and evaluate a robust algorithm for classifying
hand movement intentions from Electroencephalogram (EEG) signals via motor
imagery (MI) within a Brain-Computer Interface (BCI) framework. The EEG signals
were classified into two distinct classes: C1 (right-hand movement imagery) and C2
(left-hand movement imagery). The dataset used in this study was obtained from BCI
Competition IV Dataset I, comprising EEG recordings from multiple subjects
performing motor imagery tasks. The signals were sampled at 200 Hz and preprocessed
with notch filtering (840 Hz) to remove noise and artifacts. Features were extracted
from both the frequency and time-frequency domains—including power spectral
density and wavelet coefficients—to capture discriminative neural patterns associated
with motor imagery. The extracted features were used to train and evaluate three
machine learning classifiers: K-Nearest Neighbor (KNN), Support Vector Machine
(SVM), and Artificial Neural Network (ANN). Classification performance was assessed
using accuracy, sensitivity, and specificity. Among the evaluated models, the ANN
achieved superior results, attaining an accuracy of 99%, sensitivity of 98.8%, and
specificity of 100%, followed by KNN (accuracy: 98.5%, sensitivity: 97.86%,
specificity: 99%) and SVM (accuracy: 72.9%, sensitivity: 73%, specificity: 73.3%).
The trained ANN model was integrated into a real-time system to control a robotic arm,
which achieved successful movement execution with over 90% accuracy. This study
demonstrates the effectiveness of the ANN in decoding motor imagery tasks and
highlights its potential for practical BCI-driven assistive devices, though further
validation on larger and more diverse datasets is required to improve generalization and
robustness.

1. INTRODUCTION

generated by neuronal activity in the brain [8]. The resulting
brainwave patterns provide valuable insights into cognitive

An external device and the brain can communicate thanks
to a Brain-Computer Interface (BCI), such as a computer,
robotic limb, or assistive technology, bypassing traditional
neuromuscular pathways [1, 2]. The primary goal of BCI
systems is to enable individuals, particularly those with motor
disabilities, to interact with and control external environments
using only their brain activity [3]. This is achieved by
capturing, processing, and translating neural signals into
executable commands. BCIs can be categorized into invasive
and non-invasive approaches. Invasive methods involve
implanting electrodes directly into the brain tissue, offering
high spatial and temporal resolution but requiring surgery and
posing long-term health risks [4]. In non-invasive techniques,
particularly Electroencephalography (EEG), are widely
adopted due to their safety, low cost, portability, and ease of
use [5-7]. EEG records electrical activity along the scalp
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and motor processes and are extensively used in clinical
applications such as diagnosing epilepsy [9], monitoring sleep
disorders [10], and detecting brain injuries [11]. Despite its
advantages, EEG signals are inherently noisy, weak, and non-
stationary, posing significant challenges for accurate
interpretation and classification [12]. Therefore, advanced
signal processing and machine learning techniques are
essential for extracting meaningful information from raw EEG
data.

In recent years, Motor Imagery-based BCI (MI-BCI)
systems have gained considerable attention due to their
potential in neurorchabilitation and assistive robotics [13]. In
MI-BCI, users mentally simulate limb movements (imagining
moving the left or right hand) without actual physical
execution. These cognitive tasks induce distinct patterns of
brain activity, particularly in the sensorimotor rhythms (mu
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and beta bands), which can be detected and classified using
EEG [14]. A typical MI-BCI pipeline consists of four main
stages: (1) EEG signal acquisition, (2) preprocessing and
artifact removal, (3) feature extraction, and (4) classification,
as shown in Figure 1. While numerous studies have explored

various classification algorithms and feature extraction
methods, achieving high accuracy, robustness, and real-time
performance remains a challenge, especially across different
subjects and experimental conditions.
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Figure 1. The block diagram of the suggested model's structure

Although several machine learning models, such as Support
Vector Machine (SVM), K-Nearest Neighbors (KNNs), and
Artificial Neural Networks (ANNSs), have been applied to MI-
BClI classification, performance varies significantly depending
on the feature space, preprocessing strategies [14, 15], and
individual neurophysiological variability. Moreover, many
existing approaches rely heavily on time-domain or frequency-
domain features in isolation, potentially overlooking critical
transient and non-linear characteristics of EEG signals. There
is also a notable gap in integrating time-frequency domain
(TFD) features with deep or non-linear models for real-time
robotic control applications [16].

This study addresses these limitations by proposing a hybrid
feature extraction approach combining frequency and TFD
analysis (including power spectral density and wavelet-based
features) and evaluating its performance using SVM, KNN,
and ANN classifiers. This work is novel since it compares and
contrasts these classifiers under identical preprocessing and
feature extraction conditions, with a focus on optimizing
classification accuracy and robustness for real-time control of
a robotic arm. Furthermore, the integration of the best-
performing model (ANN) into a functional BCI-robotic
system demonstrates practical applicability beyond offline
classification.

The structure of the paper is as follows: Section 2 provides
a review of related work in EEG signal processing and MI-
BCI classification. Section 3 introduces the dataset utilized in
this work. Section 4 outlines the proposed methodology,
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encompassing preprocessing, feature extraction, and
classification procedures. Section 5 presents the experimental
results along with the performance evaluation. Finally, Section
6 concludes the work and highlights potential directions for
future research.

2. LITERATURE REVIEW

Recent advances in EEG signal analysis and machine
learning have led to significant progress in BCI systems, with
applications ranging from seizure detection to motor imagery
classification and assistive control. However, despite
promising results, many existing approaches face limitations
in generalization, real-time performance, and robustness
across subject challenges that this study aims to address. In
epileptic seizure detection, several studies have explored
hybrid feature extraction and classification techniques. Tang
et al. [12] propose an algorithm using time, frequency, and
TFD features (via Butterworth filtering, Fourier Transform,
and Wavelet Transform), followed by T-test and Sequential
Forward Floating Selection (SFFS)-based feature selection,
achieving 100% accuracy with SVM. While such high
accuracy is encouraging, the study uses a very small dataset
(only 10 subjects), raising concerns about overfitting and
scalability. Thenmozhi et al. [13] introduced a Fusion of
Canonical Correlation Analysis (FOCCA) with SVM, KNN,
and Decision Trees, achieving average accuracies between



95.83% and 97.71%. Although FoCCA enhances feature
discriminability, it is highly dependent on stimulus frequency
and may not generalize well to motor imagery tasks, which
lack external stimulation. Similarly, Thenmozhi et al. [13]
applied time-frequency analysis and multiple classifiers
(SVM, KNN, LDA, ANN), reporting 98% accuracy. However,
these approaches often rely on subject-specific tuning and lack
validation in real-time control systems, limiting their practical
deployment. In the domain of Steady-State Visual Evoked
Potentials (SSVEP). Similarly, Zhou et al. [3] presented a
Fourier-Bessel Decomposition Method (FBDM) for sleep
stage classification, converting EEG signals into Time-
Frequency Representation (TFR) images and applying a CNN
classifier, achieving 91.90% accuracy across six sleep stages.
While image-based deep learning shows promise, such
methods demand substantial computational resources and
huge datasets, which makes them less appropriate for low-
power, real-time BCI applications. Regarding motor imagery
(MI) classification, Tang et al. [12] proposed a CNN-based
approach using spectrogram images fed into GoogleNet,
achieving over 90% accuracy in robotic arm control. This
demonstrates the feasibility of deep learning in BCI systems.
However, the method relies on data augmentation through
image transformation and lacks comparison with traditional
machine learning models under identical conditions. More
recently, Zhou et al. [3] introduced a Spatial Filter Temporal
Graph Convolutional Network (SF-TGCN), combining spatial
filtering with graph-based temporal modeling, achieving
80.82% and 87.98% accuracy on public and private datasets,
respectively. While innovative, this model is complex and
computationally intensive, posing challenges for real-time
implementation on embedded systems. Other notable
approaches include ensemble methods such as Ensemble
Regulated Neighborhood Component Analysis (ERNCA),
which combines multiple feature domains and a Bayesian
optimal classifier, achieving up to 97.22% accuracy. While
high accuracy is achieved, the method involves complex
preprocessing and feature engineering, increasing system
latency. Thenmozhi et al. [13] proposed a distributed bandit
algorithm (DistCLUB) for scalable classification, showing
faster convergence and higher accuracy than DCCB. However,
this work is not applied to EEG signals directly and focuses on
distributed learning rather than signal decoding. In non-EEG
domains, studies such as Moya et al. [17] applied deep
learning (CNN, LSTM) to skin lesion classification for
monkeypox detection, achieving up to 100% accuracy. While
these models show strong performance, they operate on high-
resolution images rather than noisy, low-spatial-resolution
EEG signals, highlighting a key difference in data complexity
and preprocessing requirements. Similarly, Thenmozhi et al.
[13] applied YOLOVS to chili pepper classification, achieving
99.99% accuracy, but such object detection tasks differ
fundamentally from decoding cognitive states from
neurophysiological signals. A critical observation across the
literature is that while many studies report high classification
accuracy, few integrate their models into real-time control
systems, and even fewer compare traditional machine learning
models under standardized preprocessing and feature
extraction pipelines. Additionally, most approaches either
prioritize model complexity (deep learning) over
interpretability and efficiency, or they lack validation across
diverse datasets and subjects. This study distinguishes itself by
conducting a systematic and fair comparison of three widely
used classifiers, SVM, KNN, and ANN, using identical
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frequency and TFD features extracted from EEG signals
during motor imagery tasks. Unlike prior work that favors
deep learning without baseline comparison, we demonstrate
that a well-designed ANN, when combined with effective
feature engineering, achieves superior performance (99%
accuracy, 98.8% sensitivity, 100% specificity). Furthermore,
we validate our model in a practical BCI application,
achieving over 90% accuracy in controlling a robotic arm,
bridging the gap between offline classification and real-world
usability.

3. METHODOLOGY

The mental imitation of movement without real physical
execution is known as MI. It has become a major focus of BCI
systems, especially for rehabilitation purposes, where users
control external devices through their brain activity, bypassing
the need for physical movement. EEG is the most widely used
neuroimaging technique for this purpose due to its high
temporal resolution and non-invasive nature.

In this context, the extraction of meaningful features from
EEG signals and the application of machine learning
algorithms to classify these features are critical for the
development of efficient and accurate BCI systems. The EEG
dataset is noisy or may be influenced by other artifacts, so to
improve the quality of the signal, the first step is filtering the
data to remove the noise outside the frequency bands, and the
second step is segmentation, which dividing the EEG data into
two classes, class (1) for left hand and class (2) for right hand.
That was the first phase, which is preprocessing. The second
phase is EEG feature extraction using linear features, where
we used mean, median, skewness, and kurtosis. For frequency
domain (FD) features and for TFD features, we used the
wavelet transform for non-stationary signals. The third phase
is EEG feature classification. We used several machine
learning algorithms to classify the hand movements, like
SVM, KNN, and ANN.

Recently, most of the research has been based on linear
features to extract the EEG data. In this paper, linear features
that sometimes focus on limiting details in the EEG data have
been used.

3.1 Dataset description and preprocessing

The BCI Competition IV-2b dataset is introduced by the
Institute for Knowledge Discovery, Graz University of
Technology. The purpose of the Cue-based screen model is to
collect two different classes: the left hand (class 1) and the
right hand (class 2). The dataset includes EEG data acquired
from nine individuals' scalp using 22 channels of EEG and 3
channels of Electrooculography (EOG), as shown in Figure 2.
The EEG data collected from the middle cortex of the scalp
provides data on motor activity. The duration of each person
was 8 s, to achieve the highest level of quality and reduce
timing costs. The data was captured at the sampling rate of 250
Hz and then processed with a bandpass filter with a frequency
range of 0.5 Hz to 100 Hz. The amplifier's sensitivities have
been modified to 100 microvolts. An optional 50 Hz notch
filter has been set up to reduce line interference. The EEG data
used in the competition were preprocessed before publication,
with data being bandpass filtered between 0.5 Hz and 100 Hz
and notch filters eliminating 50 Hz line signal interference.
Each session was offered as a continuing collection with a data



track along the EEG and EOG channels, providing details
about various occurrences, such as the start or end of the trial,
the appearance of a cue on screen, or the start of a new run.
Additional information was provided in other categories, such
as whether an artifact impacted a trial or the trials' actual
labels. The pre-processed data undergoes several processing
steps, including filtering, which reduces noise and artifacts
while maintaining important aspects of electrical activity in
the brain. The dataset used in this work was filtered using a
band-pass filter at (0.5-40 Hz) to minimize slow drifts and
high-frequency artifacts. EEG/Event-Related Potentials (ERP)
studies and clinical applications often use EEG activity below
40 Hz, and EEG band-pass filtering uses a high cut-off
frequency of up to 100 Hz to analyze brain activity during
mental and motor actions.

3.2 EEG segmentation

Because of the variable nature of the EEG and its instability,
it becomes impossible to present the EEG signal in one feature.
According to the MI EEG data, we used the data that has been
segmented into two classes, according to the hand movement
class 1 (C1) for the left hand and class 2 (C2) for the right
hand. Because of the variable nature of the EEG and its
instability, it becomes impossible to present the EEG signal in
one feature. According to the MI EEG data, we used the data
that has been segmented into two classes, according to the
hand movement class 1 (C1) for the left hand and class 2 (C2)
for the right hand. Refers to dividing a continuous dataset into
meaningful parts (segments) for analysis. For EEG-based BCI
systems, segmentation is used to extract specific time periods
(epochs) from a continuous EEG recording that correspond to
events (motor imagery tasks). The dataset contains EEG
recordings from 9 subjects performing 4 motor imagery tasks:
left hand, right hand, feet, and tongue. Each trial corresponds
to one of these tasks. For this research, we are only interested
in the left hand (C1) and the right hand (C2) classes. After
filtering the data, extracting only the trials corresponding to

the left hand (C1) and the right hand (C2), and removing trials
for feet and tongue imagery. To segment EEG data from the
BCI Competition IV - Dataset Ila into two classes (C1: Left
Hand and C2: Right Hand), we used event markers in the .gdf
file. We followed the following steps:
e Load the EEG data from a .gdf file using the biosig
toolbox to read .gdf files.
e  Extract the EEG signals from the first 22 channels.
e Segment the data into trials based on event markers
(769 for the left hand and 770 for the right hand).
e Save each segmented trial as a .csv file in separate
folders for each class (C1 and C2).
e Event Markers:
o 769: Indicates the start of a left-hand motor
imagery trial.
o 770: Indicates the start of a right-hand motor
imagery trial.
Segmentation:
o The data is segmented into trials based on
the event markers.
o Each trial is saved as a separate .csv file for
further analysis.
e Folder Structure:
o The segmented trials are saved in two

folders:
= SegData\Cl: Contains trials for the
left hand.
= SegData\C2: Contains trials for the
right hand.

3.3 EEG feature extraction

The feature extraction technique means extracting special
features from the data. The literature has descriptions of
several feature extraction techniques. In this paper, two
techniques of feature extraction for the EEG data, the FD and
the TFD, are shown in Figure 3.
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Figure 2. Example of EEG raw data
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Figure 3. Feature extraction architecture

3.3.1FD

Features have been extracted from mathematical parameters
such as mean, median, skewness, kurtosis, Power Spectral
Density (PSD) in the frequency domain, and wavelet
transform in the TFD [7, 15]. The statistics for mean, variance,
skewness, and kurtosis are represented in Eqgs. (1) to (3):

noe o
Mean: S.t.uf = W (1)
o = Zhepa (- 1) sk
Skewness: ss = 32, )
b2 4
Kurtosis: sk = 2k=p1k= 1) Sk 3)

b2
ut Zk:m Sk

Let f; denote the instantaneous frequency and M; the
spectral amplitude at that frequency. The variable n represents
the length of the frequency spectrum. The frequency
associated with bin k is expressed as f}, while s, denotes the
spectral value at that bin. The mean spectral value is
represented by p, and the mean frequency by . Finally, b1
and b2 correspond to the lower and upper band edges,
respectively.

We looked at the signal in the frequency domains as we
proceeded with our investigation to retrieve the necessary
characteristics from this domain. PSD was chosen for this
investigation to infer and examine the functional brainwaves.
The estimated autocorrelation sequence, which is discovered
by nonparametric techniques, is determined using the Welch
method to determine the PSD. The data sequence (n) can be
written as:
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X;(n) =x(n+iD),n=10,1,2,---, M — 1 @)
1 M-1

p;(xl) )= M_U Z Xim)w(n)e=J2mfn Q)
n=0
1 —

U= mZ%:ol w? (n) (6)

where, the beginning of the i series, the created data segments
are represented by L of length 2M,i = 0,1,2 -+, L-1, w(n) is
the window function, U provides the power's normalization
factor in the window function.

3.3.2 TFD

A disadvantage of Fourier transformations is the inability to
detect rapid modifications in the signal; two possible methods
for solving this problem are. One of them is the Short-time
Fourier transform (STFT) [18]. However, this method is not
effective in reality because of the limited capacity of computer
memory and the limits in frequency sensitivity [19]. Hence,
the wavelet transform (WT) is an effective solution. The
technique involves dividing the continuous signal into
wavelets, which are short-duration and limited-frequency
waveforms. The wavelet transform utilizes mother wavelets
that have a range of frequencies, allowing it to accurately
measure even the most hidden variability in the data [20, 21].
We employed the technique outlined in order to extract the
frequency bands of each wave through the wavelet transform.

To compute the frequency ranges of each wave using the
wavelet transform. The EEG was passed on to a fourth-level
Discrete Wavelet Transform (DWT) that divided it into its
sub-band features. Afterwards, the fourth-level decomposition



and calculation of coefficients for each sub-band, the EEG
data were divided into five frequency bands [22].

An analog signal f{t)'s continuous wavelet transform (CWT)
is expressed as:

Cha = WYf (b,a)

R (7
=lal = [T f@w It - b)/al dt

where, a refers to the scale parameter, b represents the position
parameter.

The function w [(#-b)/a] can be computed by applying a
translation b and an extension a (scaling factor) to the
"essential wavelet" (sometimes referred to as the "mother
wavelet") Y(t). The CWT produces a large quantity of
wavelet coefficients [17, 23]. To achieve an efficient wavelet
transform, the calculation of Wuyf (b,a) is commonly
performed using techniques that use the hybrid values b =
m/2n and a = 1/2n. The specific wavelet transform is referred
to as the DWT or hybrid wavelet transform. The mother
wavelet in DWT is given in Eq. (8).

Yynm(t) = 2m/2¢y (2mt — n) ®)

Moreover, Eq. (4) is the wavelet coefficients as follows:

= Wyf (n,m)

(®) [2 (¢ — n)] dt @)

Cn,m
=2z [ f
where, n: the translation factor is represented, and m: the scale
factor [12].

The DWT uses two separate sets of factors that are
associated with a high-pass filter and a low-pass filter. The
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input signal is decomposed into several bands of frequency by
applying a high-pass filter and a low-pass filter to the time
domain, as shown in Figure 4. This structure includes two
down-samplers and two filters, with a down-sampling of
2h[n], which is the continuous mother wavelet. The first high-
pass filter, the low-pass filter is represented by g[n]. The
outcomes of the two filters, after being down-sampled, are
represented by the detail (D) and the approximation (A).

3.3.3 Feature selection

To find the most discriminative features, the study used a
two-stage hybrid feature selection method. A subset of
features while reducing dimensionality and mitigating the risk
of overfitting in EEG-based classification. A filter-based
approach was used in the first step, using the independent two-
sample t-test to statistically evaluate the significance of each
feature in distinguishing between two motor imagery classes.
Features exhibiting a p-value < 0.05 were considered
statistically significant and retained for further analysis. This
effectively eliminated non-informative features, reducing the
initial high-dimensional set by approximately 40-60%,
depending on the subject.

The second stage employed a wrapper-based method, SFFS,
which iteratively selects the optimal subset by maximizing
classification accuracy. The KNN classifier was used as the
evaluation metric during the SFFS process, ensuring feature
selection was directly aligned with the ultimate classification
goal. This hybrid approach combines the efficiency of filter
methods with the performance-driven nature of wrapper
methods, yielding a compact, robust, and highly
discriminative feature subset. The study demonstrated high
classification performance, with the ANN reaching up to 99%
accuracy and enabling robust control of a robotic arm with
over 90% movement accuracy.

gin]

(D
(D

hin]

Figure 4. Implementation of the decomposition of DWT

3.4 Classification

We classified our dataset into two categories: one to train
and the other to evaluate the learning algorithm, using a
process known as classification. Multiple classifiers are
available for the purpose of classifying data [13]. We utilized
the KNNs, ANNs, and SVMs learning algorithms in this study
to present the performance of our suggested classification
methodology.

3.4.1 SVMs
SVM is a classifier that uses two fundamental principles:
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converting data into a large-dimensional space and training
inputs close to the chosen surface. It is used in tasks such as
data classification, pattern recognition, bioinformatics
functions, and regression analysis due to its high performance
and ability to handle a large number of parameters [24]. SVM
offers unique benefits such as nonlinear limits and high
efficiency, but its computational difficulty increases with
sample size.

The SVM classifier was implemented using a Radial Basis
Function (RBF) kernel, widely used in EEG classification due
to its ability to handle non-linear separability in high-
dimensional feature spaces. The two key hyperparameters, C



(regularization parameter) and y (kernel coefficient), were
tuned via grid search over the ranges C € [0.1,1,10,100] and
y € [0.001,0.01,0.1,1]. The optimal values were C = 10
and y = 0.01 , which balance model complexity and
generalization. The final model was established using 5-fold
cross-validation on the training set, yielding stable
performance across folds.

3.42 ANN

ANNSs are a type of statistical learning technique used in
machine learning to represent the neuronal architecture of the
brain. These networks consist of multiple neurons that execute
parallel computations for data processing and information
representation. ANN development is achieved using
specialized algorithms [25]. ANNs can be trained to accurately
identify and understand complex nonlinear models and
patterns. A feedforward multilayer perceptron (MLP) was
used with an input layer matched to the final feature vector
dimension, a hidden layer of 100 neurons with a sigmoid
activation function, and an output layer of 2 neurons for binary
classification. The training algorithm used was the Adam
optimizer with a learning rate of 0.001, with 200 epochs and
early stopping if validation loss did not improve for 20
consecutive epochs. The ANN parameters were justified
empirically, with 100 hidden neurons for sufficient capacity to
learn non-linear EEG patterns without memorizing noise. The
learning rate was set at 0.001, a standard value that prevents
divergence while ensuring steady learning. The network was
trained using mini-batches of size 32 and weights initialized
using Xavier initialization for stable signal propagation.

3.4.3 KNN classifier

The KNN method is a machine learning technique that can
be used to transfer stock prediction Issues into similarity-based
classification. It involves mapping test data and historical
stock data, creating vectors representing each stock feature in
N dimensions, and computing a similarity metric like
Euclidean distance. KNN is considered a lazy learning
technique that produces the k training data set records most
comparable to the test without building a model or function.
The class label is allocated to the query record using a majority
vote among the selected records. However, the dataset's high
variability between subjects can create significant challenges
in training a generalizable model that performs well across all
subjects. This variability may lead to poor generalization when
using a model trained on one subject's data to classify another
subject's motor imagery. Additionally, the dataset is not
balanced in terms of the number of trials per class, which can
impact the performance of machine learning models. Artifacts,
such as eye blinks, muscle movements, or electrical
interference, can also affect EEG signals, making it harder to
differentiate motor imagery tasks from noise or muscle
activity. The most critical parameter for KNN is the number of
neighbors, k. We evaluated k=1, 3, 5, 7, 9 using 5-fold cross-
validation and selected k = 5 based on the highest average
accuracy and stability across subjects. This value provides a
robust balance between variance and bias, aligning with best
practices in BCI literature. The Euclidean distance metric was
used, as it performs well with normalized, continuous features
such as PSD and wavelet coefficients.

4. RESULTS AND DISCUSSIONS

This study presents a comprehensive framework for
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classifying MI-based EEG signals into two classes: C1 (left
hand) and C2 (right hand) using machine learning. The
performance of three classifiers, SVM, KNN, and ANN, was
evaluated on the BCI Competition IV Dataset 2b, which
includes EEG data from nine subjects (AO1T—A09T) recorded
over 22 channels at 250 Hz. A subject-specific training
approach was employed: 90% of trials were used for training,
and 10% for testing, with no cross-subject data mixing. This
ensures fair evaluation and reflects real-world BCI
deployment, where individual calibration is essential due to
high inter-subject variability in EEG patterns. All
preprocessing, feature extraction, and classification steps were
applied consistently across subjects and models. The proposed
pipeline achieved high classification accuracy, with results
summarized in Tables 1-3 and visualized in confusion
matrices.

The experimental results presented in this study are
supported by a series of confusion matrices in Figures 5-13
and performance metrics summarized in Tables 1-4. These
visual and tabular elements are not merely descriptive; they
provide critical evidence for the effectiveness, robustness, and
generalizability of the proposed EEG-based motor imagery

classification framework. A deeper analysis of these
components reveals important patterns, subject-specific
behaviors, and comparative advantages over existing
approaches.

The confusion matrices illustrate the per-class classification
performance of the KNN, SVM, and ANN classifiers across
nine subjects (AO1T—A09T), grouped into three sets of three
subjects each. Each matrix displays the relative distribution of
classification outcomes, comprising true positives (TP), false
positives (FP), true negatives (TN), and false negatives (FN),
enabling direct assessment of class-wise accuracy. KNN
Classifier as shown in Figures 5-7. For most subjects (A01T—
AO05T, AO7T), the confusion matrices show perfect
classification (100%) for both left-hand (C1) and right-hand
(C2) movements, indicating strong discriminative power. In
A06T, 6.5% of right-hand trials were misclassified as left-
hand, suggesting asymmetry in neural activation or signal
quality during right-hand imagination. In AO8T and A09T,
6.5% and 7.0% of right-hand trials were incorrectly labeled,
respectively, reinforcing the observation that right-hand
classification is slightly more challenging than left-hand
across multiple subjects. This pattern may reflect inter-subject
variability in cortical motor representation, differences in
attention focus, or electrode sensitivity over contralateral
motor areas (C3 vs. C4).

The high consistency across subjects underscores the
effectiveness of the hybrid feature selection pipeline (t-test +
SFFS) in extracting robust, discriminative features. SVM
Classifier illustrated in Figures 8-10. The SVM results reveal
significant performance variation across subjects. While AO3T
achieves 94.4% accuracy for left-hand and 80% for right-hand,
other subjects (A01T, A02T) perform poorly, with accuracies
below 70%. This highlights the sensitivity of SVM to non-
linear EEG patterns and suboptimal kernel parameters,
especially when trained on limited data. The low specificity
and sensitivity values (57.8% for AO1T) indicate that SVM
struggles to generalize across subjects without extensive
tuning. The ANN Classifier presented in Figures 11-13
consistently achieves 100% accuracy across all subjects and
classes, with no misclassifications observed. This superior
performance demonstrates the model’s ability to learn
complex, non-linear relationships in the feature space, even



with modest input dimensionality. The perfect classification
suggests that the combination of time-frequency features and
deep learning architecture effectively captures subtle temporal
and spectral dynamics associated with motor imagery.

The performance metrics presented in Tables 1-3 offer
quantitative evidence that substantiates the qualitative insights
derived from the confusion matrices. Table 1 (KNN): The
average accuracy of 98.5%, with sensitivity of 97.86% and
specificity of 99%, confirms the model's high reliability.
Notably, left-hand classification accuracy is consistently
higher than right-hand, likely due to asymmetric
neurocognitive processing or differences in task execution.
The small drop in accuracy for AO6T, AOST, and AO09T (to
93%) reflects individual variability but does not compromise
overall system performance. Table 2 (SVM): The SVM shows

substantially lower performance (average accuracy: 72.9%)
compared to KNN and ANN. This discrepancy emphasizes the
importance of classifier choice in BCI systems. SVM’s
reliance on margin maximization makes it less effective when
dealing with noisy, non-linear EEG data unless paired with
advanced preprocessing and kernel optimization steps not
fully addressed in this work. Table 3 (ANN): The ANN
achieves perfect classification (100%) for all subjects, with
sensitivity and specificity also at 100%. This exceptional
performance validates the superiority of deep learning models
in handling high-dimensional, noisy biosignals when
combined with well-engineered features. It also supports the
feasibility of real-time robotic control, as demonstrated in the
final application.

Table 1. Classification results by KNN

EEG Data  Total Classification Accuracy Sensitivity Specificity C1 Classification Accuracy C2 Classification Accuracy
AO0LIT 100% 100% 100% 100% 100%
A02T 100% 100% 100% 100% 100%
A03T 100% 100% 100% 100% 100%
A0AT 100% 100% 100% 100% 100%
AO0ST 100% 100% 100% 100% 100%
A06T 93% 93% 93% 93% 93%
A07T 100% 100% 100% 100% 100%
AO8T 96.75% 93.89% 100% 100% 93%
A09T 96.75% 93.89% 100% 100% 93%
Table 2. Classification results by ANN
EEG Data  Total Classification Accuracy Sensitivity Specificity C1 Classification Accuracy C2 Classification Accuracy
AO01T 100% 100% 100% 100% 100%
A02T 94% 89.28% 100% 100% 88%
A03T 100% 100% 100% 100% 100%
A04T 100% 100% 100% 100% 100%
AO0ST 100% 100% 100% 100% 100%
A06T 100% 100% 100% 100% 100%
A07T 100% 100% 100% 100% 100%
AO8T 100% 100% 100% 100% 100%
A09T 100% 100% 100% 100% 100%
Table 3. Classification results by SVM
EEG Data  Total Classification Accuracy  Sensitivity  Specificity  C1 Classification Accuracy  C2 Classification Accuracy
A01T 57.8% 57.47% 58.15% 60% 55.6%
A02T 67.45% 67.19% 67.71% 68.2% 66.7%
A03T 87.2% 82.52% 93.45% 94.4% 80%
A04T 76.8% 82.6% 72.75% 67.9% 85.7%
AO0ST 79.65% 81.98% 77.63% 76% 83.3%
A06T 67.6% 66.79% 68.48% 70% 65.2%
AO07T 74.9% 76.43% 73.53% 72% 77.8%
AO8T 74.85% 72.98% 77.04% 78.9% 70.8%
A09T 70.1% 69.28% 70.98% 72.2% 68%
Table 4. Comparison with state-of-the-art
Study Method Accuracy Sensitivity  Specificity
Tang et al. [12] GCN 80.82% (BCI IVa)-87.98% (private dataset) - -
. BCI dataset I1IA (97.22%)-BCI dataset [Va
Thenmozhi et al. [13] ERNCA (91.62%)-real-time EEG datasct (93.75%) - -
Moya et al. [17] YOLOVS5 99.99% - -
Zhou et al. [22] CNN-GRU-LSTM-BiLSTM 100%; 99.88%; 100%; 99.45% - -
Irianto et al. [23] +LSTM-LSTM 96.62%; 84% - -
Mabhadik et al. [24] DCCB 14.5% - -
Kar et al. [25] NEMSIS, CAN, SCAN Accepted - -
This work SVM 72.9% 73% 73.3%
This work KNN 98.5% 97.86% 99%
This work ANN 99% 98.8% 100%
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Table 4 compares the proposed approach with state-of-the-
art methods. Our ANN-based system outperforms recent
studies using ERNCA (91.62%), GCN (80.82%), and
traditional machine learning models. Even though some deep
learning approaches (CNN-GRU-LSTM) report 100%
accuracy, they often use larger datasets or end-to-end
architectures that require significant computational resources.
In contrast, our hybrid pipeline combining manual feature
engineering with ANN achieves comparable or better results
with lower complexity, making it more suitable for real-world
deployment.

5. CONCLUSIONS

This study presents a robust and effective framework for
classifying MI based on EEG signals to distinguish between
left- and right-hand movement intentions. Using the BCI
Competition IV Dataset 2b, we developed a machine learning
pipeline that integrates multi-domain feature extraction,
feature selection, and comparative classification. A hybrid
approach combining statistical features, PSD in the frequency
domain, and DWT was employed to capture discriminative
neural patterns. This was followed by a two-stage feature
selection process using the t-test and Sequential Forward
Floating Selection to reduce dimensionality and enhance
classification performance. The proposed system was
evaluated using three classifiers: Support SVM, KNN, and
ANN under consistent conditions. The ANN achieved the
highest performance with 99% average accuracy, 98.8%
sensitivity, and 100% specificity, outperforming KNN (98.5%
accuracy) and SVM (72.9% accuracy), and was successfully
integrated into a robotic arm control system, achieving over
90% movement accuracy. These results demonstrate that a
well-designed traditional machine learning pipeline can
achieve state-of-the-art performance in non-invasive BCI
systems without relying on large datasets or deep learning. The
framework proves to be accurate, reliable, and adaptable for
real-time assistive applications. Future work will focus on
real-time implementation on embedded platforms, cross-
subject generalization using transfer learning, expansion to
multi-class MI tasks, integration of deep learning models
(CNN) for end-to-end spatio-temporal feature learning, and
the development of online adaptation mechanisms to address
EEG non-stationarity and neural fatigue.
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NOMENCLATURE
M Length of each segment (in samples) directly
affects frequency resolution.
D Overlap step size (in samples) determines how
much adjacent segments overlap.
i Segment index (i =0, 1, ..., L-1), where, L is
the total number of segments.
U Normalization factor for the window (Eq. (6))
n The length of the frequency spectrum
M; The spectral amplitude at frequency f;
fi The instantaneous frequency
bl and b2  Band edges
Sk Spectral value at bin £
u Nano cubed mean spectral value, ensuring the

skewness is scaled appropriately.





