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ABSTRACT 

A Brain–Computer Interface (BCI) enables direct communication between an individual’s brain and 

external hardware. Potential application areas of BCI systems include assistive technology, smart home 

environments, healthcare, and many other domains. Electroencephalography (EEG)-based Motor Imagery 

(MI) signals have been widely used in such applications; however, accurate classification of MI-EEG data 

remains challenging because traditional EEG classification methods often cannot effectively capture the 

complex spatiotemporal characteristics of raw EEG signals.  To address this limitation, this study proposes 

a structured EEG-to-RGB representation combined with a YOLO11-L-cls-based classification framework 

for motor imagery EEG classification. The proposed approach was evaluated using two datasets, namely 

BCI Competition IV Dataset 2b (BCICIV2b) and Dataset III, under subject-independent evaluation 

settings. The proposed method achieved a classification accuracy of approximately 99% on BCICIV2b and 

97.5% on Dataset III. In addition, the performance of the proposed method was compared with traditional 

machine learning techniques, including Random Forest (RF) and Linear Discriminant Analysis (LDA), as 

well as deep learning models such as Convolutional Neural Networks (CNNs). Extensive experimental 

analyses demonstrated the effectiveness and robustness of the proposed approach for developing MI-EEG-

based BCI systems. 

Keywords-Motor Imagery (MI); Brain–Computer Interface (BCI); time–frequency image representation; 

YOLO11-L-cls-based classification 

I. INTRODUCTION  

Brain–Computer Interface (BCI) systems provide a way for 
the human brain to communicate directly with external devices 
and allow a multitude of uses such as neurorehabilitation, 
assistive technologies, and human–computer interaction. 
Specifically, Motor Imagery (MI)-based BCI systems provide 
insight into controlling external devices using imagination or 
visualization. While these types of BCI systems have the 
potential to assist in neurorehabilitation, their non-stationary 
Electroencephalography (EEG) data, inter-subject differences, 
and vulnerability to noise pose challenges for achieving reliable 
and accurate real-time MI classification, which is critical for 
BCI systems to become truly functional and widely accessible 
[1]. Machine learning techniques have been widely applied for 

EEG signal classification, typically following a structured 
pipeline that includes preprocessing, feature extraction, and 
classification. For example, previous studies such as [2] 
employed multiple classifiers, including Convolutional Neural 
Networks (CNNs), Support Vector Machines (SVM), and 
Random Forest (RF), combined with feature extraction 
methods to improve classification performance. 

The preprocessing stage's primary function is to remove 
artifacts and noise while preserving the essential features for 
MI classification. Signal processing techniques such as the 
extraction of discriminative features from MI-EEG signals 
include energy-based features, Common Spatial Patterns 
(CSP), and Autoregressive (AR) features [3]. Popular feature 
classification techniques include RF [4], Gradient Boosting 
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(GB) [5], and K-Nearest Neighbors (KNN) [6], which are 
utilized to classify the extracted features. However, the 
performance of machine learning techniques is limited 
principally because they are labor-intensive and rely heavily on 
expert knowledge. Recent deep learning studies have 
highlighted the use of lightweight deep learning architectures 
such as EEGNet and its low-precision variants to address the 
challenges of power-efficient real-time classification in EEG-
based BCIs. While lightweight deep learning models improve 
hardware efficiency compared to heavier models, the lack of 
generalization and adaptability across subjects continues to 
motivate the exploration of alternative deep learning 
frameworks [7].  

Transfer learning methods have improved cross-subject 
generalization and provide a means for enhancing performance 
across subjects but they also introduce new challenges 
including increased computational and training burdens. These 
limitations motivate the need to explore alternative more 
efficient deep learning frameworks [8, 9]. In recent years, deep 
learning approaches have been widely adopted for MI-EEG 
classification due to their success in various BCI applications 
[3, 10, 11]. CNN and hybrid deep learning-based models have 
achieved high accuracy; however, the literature often highlights 
model complexity, redundant features, and limited 
generalization to unseen datasets and subjects as key limiting 
factors [11, 12]. Several recent studies have explored transfer 
learning, fuzzy logic, and optimization approaches to improve 
performance; however, these approaches generally require 
high-quality data, extensive calibration, and significant 
computational resources [13, 14]. In addition, challenges such 
as noise sensitivity, overfitting, and limited operational 
robustness remain persistent obstacles in the deployment of 
MI-BCI systems [10, 12, 15]  

Given these limitations, this study proposes a deep 
learning-based classification framework using EEG-derived 
images and a YOLO11-L-cls architecture [16, 17]. YOLO11-
L-cls models have demonstrated strong performance in image 
classification tasks, as well as high processing speed, making 
them a promising candidate for scalable, real-time MI-BCI 
applications. Despite their success in other domains, YOLO11-
L-cls architectures have not been sufficiently investigated for 
MI-EEG image classification, representing a clear research 
gap. To bridge this gap, this work proposes a unified EEG-to-
image learning framework that leverages the strengths of 
YOLO11-L-cls architectures for MI-EEG decoding. Unlike 
conventional EEG-to-image approaches that rely on standard 
CNN backbones, the proposed method investigates a YOLO-
based classification architecture, enabling efficient multi-scale 
feature extraction and improved computational efficiency. To 
the best of our knowledge, the application of YOLO11-L-cls 
for MI-EEG image classification has not been systematically 
explored. 

The main contributions of this work are summarized as 
follows: 

 A structured EEG-to-RGB representation integrating time–
frequency features and statistical descriptors. 

 The adoption of a YOLO11-L-cls-based classification 
architecture for MI-EEG image classification. 

 A complete end-to-end pipeline including preprocessing, 
feature extraction, image construction, and classification 

 Demonstration of high classification performance on 
benchmark MI-EEG datasets. 

II. METHODOLOGY 

This study presents an EEG-to-image–based deep learning 
framework for binary classification of MI-EEG signals 
corresponding to right- and left-hand movements. The overall 
workflow of the proposed methodology is shown in Figure 1. 
Initially, EEG data undergo multiple necessary preliminary 
signal conditioning and preprocessing steps prior to model 
training, including bandpass filtering, normalization, and data 
balancing. To facilitate visual feature extraction from the EEG 
data, an image representation of the preprocessed EEG signals 
is generated for visual feature learning. Subsequently, the 
model development phase utilizes a deep learning architecture 
based on YOLO11-L-cls for binary classification of two types 
of MI using the recorded EEG signals (right-hand and left-hand 
movements). Finally, the classification performance of the 
developed MI model is evaluated using a train/validation split 
to ensure reliable estimates of classification and generalization 
performance. 

 

 

Fig. 1.  Flowchart of the proposed YOLO-based EEG RGB image 

classification framework. 

A. Database Description 

This study utilizes an EEG-MI dataset from the BCI 
Competition IV Dataset 2b (BCICIV2b), available at [18] and 
further discussed in [19]. The dataset includes continuous EEG 
recordings taken from three sensorimotor channels (C3, Cz, 
and C4), which are directly related to motor activity. The 
sampled data were recorded at a rate of 250 Hz from nine 
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individuals performing motor imagery tasks. There are two MI 
classes for each individual: left-hand and right-hand movement 
imagery. During acquisition, participants were instructed to 
imagine performing either a left- or right-hand movement 
while seated comfortably and viewing a blank screen. A total 
of 160 trials were collected per participant.  

Two separate recording sessions were conducted. The first 
was a training session without feedback, in which participants 
received a brief auditory cue followed by a visual arrow on a 
blank screen indicating the required MI task for a duration of 4 
s. The second was an evaluation session with visual feedback, 
where subjects were instructed to control a gray smiley 
displayed at the center of the screen by imagining left- or right-
hand movements after a short warning beep. The smiley 
feedback was presented for 4 s and changed color to green 
when the imagined movement direction was correct and to red 
when it was incorrect.  This structured protocol ensures the 
collection of reliable and representative EEG data suitable for 
binary MI classification tasks. 

Dataset II consists of RGB images generated from the EEG 
feature representations derived from Dataset  I, whereas Dataset 
III consists of EEG data from four individual participants 
obtained using the EMOTIV EPOC headset [20]. In this study, 
three datasets are used: (1) Dataset I: BCICIV2b dataset 
containing raw EEG signals; (2) Dataset II: RGB image dataset 
generated from Dataset I; (3) Dataset III: external EEG dataset 
used for testing. 

B. Raw Data Preprocessing 

The raw EEG-MI signals were first preprocessed to 
generate discriminative representations for binary MI 
classification (left-hand vs. right-hand), as shown in Figure 2.  

First, the signals were filtered using a fourth-order 
Butterworth bandpass filter in the range of 8–30 Hz to preserve 
the sensorimotor rhythms associated with MI (alpha: 8–13 Hz 
and beta: 14–30 Hz) while attenuating artifacts and irrelevant 
noise [21]. The filtering operation can be expressed as: 

���� = ∑ ��	�� − ����
� − ∑ ����� − ����
�  (1) 

In this equation, �� and �� are the filter coefficients.  In the 
second step, the filtered signals were segmented into multiple 
time windows to capture temporal variability in MI responses 
across subjects. Specifically, five time-segment groups were 
considered (1 s, 2 s, 3 s, 4 s, and 5 s) within the MI interval, 
producing frames such as (3–4) s, (4–5) s, and (3–8) s.  

A generic segmentation form is given by: 

�� = ����: ���    (2) 

where �� , ��  define the start and end points of each time 
window.  Next, time–frequency features were extracted from 
each segment using the Discrete Wavelet Transform (DWT) to 
capture non-stationary EEG characteristics efficiently. To 
eliminate redundancy and to reduce dimensionality, the 
extracted coefficients were listed using statistical descriptors, 
including maximum, minimum, mean, median, and standard 
deviation. After combining the features from all time frames, 

two labels were assigned to each feature set: (I) duration index 
(segment group) and (II) movement label (left or right) [22].  

To ensure uniform scaling and stable learning, Dataset I 
(standardized preprocessing output) was generated using min–
max normalization: 

� = ��������
� !����������    (3) 

where 	 is the original value, min�	� is the minimum value in 
the dataset, max�	�  is the maximum value, and �  is the 
normalized value. 

 

 

Fig. 2.  Dataset description and preprocessing of EEG data. 

In conclusion, the preprocessing pipeline was adapted to fit 
the structure of an image-based deep neural network. The 
subsequently created Dataset II comprised normalized EEG-MI 
feature vectors (described earlier in the document), which were 
converted into RGB images. Therefore, for each normalized 
feature vector corresponding to a single EEG trial (i.e., Trial n), 
there is a corresponding single RGB image [23]. Each EEG 
trial was thus represented as one RGB image, where temporal 
segments were integrated within the same image representation 
rather than treated as independent samples. Additionally, this 
transformation enables image-level feature fusion using 
convolutional architectures, allowing more effective use of 
spatial patterns that are not explicitly represented in the original 
one-dimensional feature space.  

Mathematically, this transformation can be expressed as: 

'(reshape�	.�/ = 0123    (4) 
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where the feature vector 	. ∈ ℝ6 represents a single EEG-MI 
trial. The reshape operation converts the one-dimensional 
feature vector into a two-dimensional matrix, and '�⋅� maps 
this matrix into red, green, and blue channels to produce the 
final RGB image [24]. This representation preserves the 
underlying feature relationships while enabling effective 
learning within the YOLO11-L-cls-based classification 
framework [25].  

Due to the balanced nature of the dataset (i.e., equal 
numbers of left- and right-hand MI samples), no oversampling 
techniques (such as SMOTE) were required. The overall EEG-
to-RGB transformation and training pipeline can be 
summarized as follows: 

1. Apply bandpass filtering (8–30 Hz) to raw EEG signals. 

2. Segment EEG signals into temporal windows. 

3. Extract DWT-based features. 

4. Compute statistical descriptors. 

5. Combine features into a single vector per trial. 

6. Reshape feature vector into a 2D matrix. 

7. Map matrix into RGB channels to form an image. 

8. Train the YOLO11-L-cls model on generated images. 

9. Evaluate model performance on validation and external 

datasets. 

C. Proposed Classification Model 

The YOLO11-L-cls classification model proposed in this 
study utilizes a YOLO11-L-cls architecture for image 
classification of RGB images produced from MI-EEG data. As 
a preprocessing step, all EEG trials (representing a single MI 
instance) were normalized and transformed into independent 
RGB images of fixed size 224 × 224 pixels. These generated 
images correspond to two MI classes, i.e., left-hand movement 
or right-hand movement.  

The model was implemented using the Ultralytics YOLO 
framework and initialized with pretrained weights (yolo11l-
cls.pt). Training was performed for 50 epochs with a batch size 
of 16 and an input image size of 224 × 224 pixels. The AdamW 
optimizer was used with an initial learning rate of 8 × 10⁻⁶, 
momentum of 0.937, and weight decay of 0.0016. Pretrained 
weights (yolo11l-cls.pt) were fine-tuned on the EEG-derived 
RGB image dataset. A dropout rate of 0.28 was applied to 
reduce overfitting, and a fixed random seed (42) was used to 
ensure reproducibility. The use of pretrained weights enabled 
efficient transfer learning and accelerated convergence during 
training. The model is trained using categorical cross-entropy 
loss, which improves optimization stability and generalization 
performance. 

The architecture enables the learning of discriminative 
spatial representations directly from EEG-derived RGB 
images, avoiding the need for manual feature engineering. The 
overall proposed YOLO11-L-cls classification pipeline is 
illustrated in Figure 3. 

 

Fig. 3.  Proposed YOLO11 classification model. 

1) YOLO11-L-cls-Based Convolutional Feature Extraction 

The YOLO11-L-cls deep learning framework integrates 
multiple convolutional stages and C2f blocks to automatically 
extract multi-scale features from MI-EEG RGB images. These 
images encode spatial characteristics of EEG signals, which are 
processed through successive convolutional layers as expressed 
in (5): 

8�9� = :(∑ ;<,> ∗@>
� �> + �</   (5) 

where 8�9� represents the spatial convolutional output feature 
the output feature map of layer 9, �> is the input feature map of 
channel B, ;<,> denotes the convolutional weights, �< is the bias 

term, and :�⋅� is the SiLU activation function, which promotes 
the preservation of feature representations and gradient 
propagation within the YOLO11-L-cls architecture. 

YOLO11-L-cls employs strided convolutions for 
downsampling instead of max-pooling layers, preserving 
spatial discriminative information in MI-EEG images. In 
addition, C2f blocks enhance feature reuse and improve 
information flow across network layers. 

2) Image-Level Classification 

In contrast to sequence-based architectures such as CNN-
LSTM networks [26], the proposed method performs image-
level classification. In this approach, a single RGB image 
represents one MI trial. The advantage of this design is that it 
does not require recurrent or temporal modeling components, 
yet it still achieves classification performance comparable to 
that of sequence-based models. Experimental results 
demonstrate that the proposed YOLO11-L-cls-based classifier 
effectively learns the spatial representations required for 
accurate and efficient binary classification of MI from EEG-
derived RGB images. 

3) YOLO-Based Image Classification Model 

MI-EEG are represented as trial-based feature matrices, 
� ∈ ℝ�×D, where E denotes the number of MI-EEG trials and 
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F denotes the number of distinct features extracted from each 
trial. Prior to analysis, the MI-EEG feature data undergo 
preprocessing and normalization. Subsequently, each MI trial is 
converted into a single RGB image representation, resulting in 
one image per MI-EEG trial [19]. Each RGB image is 
represented as follows: 

GH ∈ ℝI×J×K     (6) 

where ;  and L  represent the image width and height, 
respectively, both set to 224 pixels in the experimental design. 
The three channels correspond to the red, green, and blue 
components of the MI-EEG feature representation. The label 
for each image is defined as �H ∈ {0,1}, where 0 indicates left-
hand MI and 1 indicates right-hand MI.  

Spatial feature extraction is performed using the YOLO11-
L-cls classification architecture, which employs a deep CNN 
backbone structure. The backbone contains five convolutional 
stages composed of strided convolutional layers and C2f blocks 
that enable hierarchical extraction of spatial features from RGB 
MI-EEG images. These layers automatically learn 
discriminative global and local spatial patterns from the 
transformed EEG representations. The convolutional 
operations within the YOLO11-L-cls backbone follow the 
formulation presented in (5). 

After spatial feature extraction, the feature maps are pooled 
into a single feature vector using global average pooling: 

�> = �
KQJQ

∑ ∑ '>�R, S�JQ
H
�

KQ
H
�    (7) 

where '> is the feature map of channel B, and LT and ;T denote 

the spatial dimensions of the final pooled feature map. After 
pooling, this single feature vector is fed to the classification 
head. A fully connected linear layer followed by a softmax 
function is used to estimate class probabilities. The probability 
of class R is computed as follows: 

  V = �WX

Y �WZ[
Z\]

     (8) 

where �H is the logit corresponding to class R, and ^ denotes the 
total number of classes � ^ = 2 �.  

The model uses categorical cross-entropy loss combined 
with an AdamW optimizer to achieve stable performance and 
efficient training. Since the dataset is inherently balanced 
between left-hand and right-hand MI classes, no additional data 
balancing techniques were required. The proposed YOLO11-L-
cls-based image classification model effectively learns 
discriminative spatial representations from EEG-derived RGB 
images, enabling accurate and efficient binary classification of 
MI [14].  

III. RESULTS AND DISCUSSION 

The current study investigated the effectiveness of the 
proposed method for binary MI classification involving two 
movement classes: left hand and right hand. To accomplish 
this, the EEG data were preprocessed and normalized, and each 
EEG trial was converted into a single RGB image before being 
provided as input to the YOLO11-L-cls classification model. 

Subsequently, YOLO11-L-cls was used to classify the EEG 
data into left-hand or right-hand MI classes.  

The evaluation metrics used to assess the performance of 
YOLO11-L-cls included accuracy, precision, recall, and F1-
score, as these metrics provide a comprehensive analysis of 
classification performance. The experiments were conducted 
using an 80/20 train–validation split. Each EEG trial was 
treated as an independent sample, and no overlap between the 
training and validation sets was permitted. The training and 
validation samples were drawn from the same subject pool 
while maintaining strict separation between the two sets. Since 
the dataset was inherently balanced between left-hand and 
right-hand classes, no additional data balancing techniques 
were required.  

For classification, the YOLO11-L-cls-based model 
produces a probability distribution over the two MI classes 
using the softmax activation function. The model was trained 
by minimizing the categorical cross-entropy loss, expressed as: 

` = − �
� ∑ ∑ �.,H log(d.,H/@H
��.
�   (9) 

where E  is the number of samples, �.,H  is the ground-truth 

label of sample �  for class R , and d.,H  is the predicted 

probability. 

Optimization was performed using the AdamW optimizer, 
which updates the model parameters according to: 

        efg� = ef − hijℒ�ef�     (10 ) 

where e denotes the model parameters, h is the learning rate, 
and ijℒ�ef� is the gradient of the loss at iteration �. To prevent 
overfitting, early stopping was applied based on the validation 
loss, and the model with the best validation performance was 
retained.  

Experimental results demonstrate that the proposed 
YOLO11-cls-based classification framework achieves high and 
stable performance in binary MI classification, confirming the 
effectiveness of transforming EEG features into RGB images 
and leveraging modern image-based deep learning 
architectures for MI-EEG analysis.  

A standard analysis setup was adopted to evaluate the 
performance of the proposed method in comparison with 
several well-established machine learning classifiers, including 
RF, KNN, and GB. These classifiers are representative of 
widely used approaches for MI classification using EEG 
signals and provide a comprehensive basis for evaluating the 
performance of the YOLO11-L-cls-based framework. All 
models were trained and evaluated under identical 
experimental conditions and data partitions to ensure fair 
comparison. The selected classifiers represent different 
learning paradigms, including ensemble learning, distance-
based learning, and margin-based learning, enabling a broad 
comparison between the proposed YOLO11-L-cls framework 
and traditional machine learning approaches. 

A. Training and Validation Performance 

An early stopping strategy was utilized during training of 
the proposed model, resulting in 50 training epochs without 
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signs of overfitting. At the beginning of the training process, 
when the model was still learning, the results for Dataset II 
indicated an accuracy of approximately 59%, as shown in 
Figure 4(a). During training, the cross-entropy loss steadily 
decreased, indicating increasing confidence in the model 
predictions, as shown in Figure 4(b).  

By the end of training, the validation accuracy for Dataset 
II increased to 99%, as shown in Figure 4(a), and the final 
recorded validation loss was 0.09185 (Figure 4(b)). These 
results indicate that the model converged effectively. 
Furthermore, the results for Dataset III demonstrated a 
classification accuracy of 97.5%. 

 

(a) 

 

(b) 

 

Fig. 4.  Training and validation curves: (a) accuracy, (b) cross-entropy 

loss. 

B. Performance Evaluation Metrics 

The performance of the proposed YOLO11-L-cls 
classification model was evaluated against conventional 
machine learning models, including RF, KNN, and GB, 
through comparative experiments conducted on three datasets: 
Dataset I, Dataset II, and Dataset III. Dataset I represents the 
standardized EEG dataset described in Figure 2. Each model 
was trained and tested under the same experimental protocol 
for all datasets, enabling direct and fair comparison among the 
evaluated methods. 

The experimental performance results for each dataset are 
presented in Tables I and II. Performance was assessed using 
several quantitative evaluation metrics, including accuracy, 
precision, recall, F1-score, specificity, and LogLoss. The 
evaluation metrics were computed using the following 
equations: 

Accuracy = pqgpr

pqgprgsqgsr
   (11) 

Precision = pq

pqgsq
    (12) 

Recall = pq

pqgsr
    (13) 

F1 − score = w×qxyz�{�|�×}yz ~~

qxyz�{�|�g}yz ~~
   (14) 

LogLoss = − �

�
∑ ∑ �.,> log(d.,>/>.   (15) 

C. Performance Comparison  

To provide an unbiased assessment of each model against 
its competitors, the same experimental protocols were applied 
to all models during each phase of the analysis. In addition to 
classical machine learning models, recent deep learning 
approaches have been widely investigated for MI-EEG 
classification. For instance, the MTFB-CNN model utilizes 
multi-scale time–frequency representations combined with 
channel attention mechanisms, achieving an accuracy of 
84.48%. Similarly, the AORNDL-MIC framework integrates 
MSPCA, CWT, RetinaNet, and optimization algorithms, 
achieving an accuracy of 86.53%. These approaches 
demonstrate the effectiveness of combining signal processing 
techniques with deep learning methods.  

Compared to these models, the proposed YOLO11-L-cls 
framework provides a simpler end-to-end image-based pipeline 
while achieving superior classification performance. It should 
be noted that direct comparison across studies is challenging 
due to differences in datasets, preprocessing pipelines, and 
evaluation protocols. 

The results presented in Tables I and II indicate that the 
proposed YOLO11-L-cls architecture outperforms the 
benchmark classifiers (RF, GB, and KNN) across all evaluation 
metrics, including accuracy, F1-score, precision, recall, 
LogLoss, and specificity. This indicates that the proposed 
architecture has learned robust discriminative features from 
EEG-derived images, making YOLO11-L-cls well-suited for 
reliable MI classification. 

Receiver Operating Characteristic (ROC) analysis was 
performed to further evaluate the discriminative performance 
of the proposed model. The ROC curve illustrates the trade-off 
between the true positive rate (TPR) and false positive rate 
(FPR). The proposed YOLO11-L-cls model achieved an Area 
Under the Curve (AUC) value of 0.999, indicating excellent 
classification capability and strong separability between the 
two motor imagery classes. Figure 6 shows the ROC curve of 
the proposed model. 

The performance of the proposed YOLO11-L-cls model 
was evaluated using confusion matrices, which provide a 
detailed view of classification performance for the two MI 
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classes. The confusion matrices illustrate the classification 
behavior of the proposed model under identical experimental 
conditions and are presented in Figure 5, including both 
absolute values and normalized values. These results indicate a 
very low misclassification rate for both classes, confirming the 
high reliability of the proposed model.  

Receiver Operating Characteristic (ROC) analysis was also 
performed to further evaluate the discriminative performance 
of the proposed model. The ROC curve illustrates the trade-off 
between the true positive rate (TPR) and the false positive rate 
(FPR). The proposed YOLO11-L-cls model achieved an Area 
Under the Curve (AUC) value of 0.999, indicating excellent 
classification capability and strong separability between the 
two MI classes. Figure 6 shows the ROC curve of the proposed 
model.  

 

(a) 

 

(b) 

 

Fig. 5.  Confusion matrix of the YOLO11-L-cls classifier: (a) absolute 

values, (b) normalized values. 

 

Fig. 6.  ROC curve of the proposed model. 

TABLE I.  PERFORMANCE COMPARISON BETWEEN THE 
PROPOSED YOLO11-L-CLS AND BENCHMARK MODELS 

ON DATASET I & DATASET II 

Model 
YOLO11-

L-cls 
RF GB KNN 

Accuracy 0.99 0.714 0.719 0.670 

F1-score 0.99 0.714 0.719 0.670 

Precision 0.993 0.714 0.719 0.670 

Recall 0.987 0.714 0.719 0.670 

LogLoss 0.035 0.312 0.342 0.685 

Specificity 0.993 0.714 0.719 0.670 

TABLE II.  PERFORMANCE COMPARISON BETWEEN THE 
PROPOSED YOLO11-L-CLS AND BENCHMARK MODELS 

ON DATASET III 

Model 
YOLO11-

L-cls 
RF GB KNN  

Accuracy 0.975 0.801 0.776 0.911 

F1-score 0.975 0.801 0.786 0.941 

Precision 0.970 0.803 0.779 0.942 

Recall 0.980 0.801 0.776 0.941 

LogLoss 0.069 0.609 0.610 0.185 

Specificity 0.97 0.801 0.777 0.941 

 

IV. CONCLUSION AND FUTURE WORK  

This study presented a YOLO11-L-cls-based image 
classification framework for Motor Imagery 
Electroencephalography (MI-EEG) signal classification. The 
proposed approach converts normalized EEG feature vectors 
into RGB images. The YOLO11-L-cls model facilitates direct 
utilization of the spatial structures incorporated within the EEG 
data. Therefore, spatial information can be exploited without 
the need for handcrafted feature engineering or explicit 
temporal sequence modeling (e.g., timestamp-based 
dependencies), which aligns with the learning capabilities of 
the YOLO11-L-cls network. In this study, a YOLO11-L-cls-
based neural network is proposed that accurately and reliably 
discriminates between left-hand and right-hand MI classes. 

As demonstrated by the experimental findings, the 
proposed YOLO11-L-cls-based classification method 
generalizes well to new datasets and different noise and 
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filtering configurations. Due to the use of categorical cross-
entropy loss combined with the AdamW optimization 
algorithm, the model converges efficiently and stably, reducing 
the risk of overfitting. The compact architecture and 
computational efficiency of the YOLO11-L-cls model reduce 
computational cost, improve inference speed, and support the 
development of practical real-time Brain–Computer Interface 
(BCI) systems.  

Future work will focus on extending the proposed 
framework to larger and more diverse MI-EEG datasets. In 
addition, advanced strategies for cross-subject generalization 
will be investigated. Subject-adaptive learning methods and 
multi-class MI classification will also be explored to improve 
the robustness and applicability of the YOLO11-L-cls-based 
image classification approach in real-world BCI systems. 
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