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Compact convolutional transformer 
for subject‑independent motor 
imagery EEG‑based BCIs
Aigerim Keutayeva 1*, Nail Fakhrutdinov 2 & Berdakh Abibullaev 3

Motor imagery electroencephalography (EEG) analysis is crucial for the development of effective 
brain-computer interfaces (BCIs), yet it presents considerable challenges due to the complexity 
of the data and inter-subject variability. This paper introduces EEGCCT, an application of compact 
convolutional transformers designed specifically to improve the analysis of motor imagery tasks in 
EEG. Unlike traditional approaches, EEGCCT model significantly enhances generalization from limited 
data, effectively addressing a common limitation in EEG datasets. We validate and test our models 
using the open-source BCI Competition IV datasets 2a and 2b, employing a Leave-One-Subject-Out 
(LOSO) strategy to ensure subject-independent performance. Our findings demonstrate that EEGCCT 
not only outperforms conventional models like EEGNet in standard evaluations but also achieves 
better performance compared to other advanced models such as Conformer, Hybrid s-CViT, and 
Hybrid t-CViT, while utilizing fewer parameters and achieving an accuracy of 70.12%. Additionally, 
the paper presents a comprehensive ablation study that includes targeted data augmentation, 
hyperparameter optimization, and architectural improvements.

Keywords  Brain–computer interface, EEG, Motor imagery, Compact convolutional transformers, Deep 
learning, Neural signal processing

The development of brain-computer interfaces (BCIs) offers a promising method for enabling users to control 
devices through their mental activities. BCIs provide communication channels for people with serious condi-
tions such as amyotrophic lateral sclerosis (ALS) or locked-in syndrome1–3. Its potential extends to advanced 
prosthetics4, immersive gaming5, virtual reality6and broader scientific research7–11.

A BCI system works through a carefully structured four-step process that converts brain signals into action-
able commands. First, brain activity is recorded through the process of signal acquisition. Among the vari-
ous techniques for acquiring brain signals, electroencephalogram (EEG) recordings are the most commonly 
utilized12,13. Due to its non-invasive nature, excellent temporal resolution, accessibility and cost-effectiveness, 
EEG plays a central role in many BCIs14. However, there is often a lot of noise in these signals, which can obscure 
real brain signals and make classification difficult. To overcome these challenges, the most meaningful features 
must be identified using advanced analytical techniques.

Moreover, there are additional difficulties because different participants have different signal 
configurations15,16. In order to enable personalized future use, the majority of BCIs in use today rely on subject-
specific (subject-dependent) training, which requires significant amount of user time for system calibration 
and training17,18. This procedure is particularly time-consuming and complicated for people with disabilities19. 
The limited EEG data size - often consisting of only a few hundred samples - also represents a major obstacle 
to training traditional, data-hungry deep learning models20.The size of the available data set is often limited by 
the meticulous nature of EEG data collection protocols21,22, although some studies with large subject pools have 
produced positive results23–25. Therefore, current research efforts focus on creating either subject-independent 
or calibration-free systems as well as efficient classification techniques for small data sets26–28.

Following the acquisition, the raw signals are pre-processed, which often contain noise or artifacts caused by 
muscle or eye movements. This step uses various methods to improve the quality of the signals by filtering and 
cleaning them for more accurate analysis29. To improve signal quality prior to classification, a number of denois-
ing techniques have recently been developed and implemented to address this problem. Depending on the type of 
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noise and the characteristics of the EEG signals, these methods, which include wavelet transform30–34, independ-
ent component analysis (ICA)35, and empirical mode decomposition (EMD)36, each have different advantages.

The subsequent phase, feature extraction, is crucial for identifying the most important attributes within the 
preprocessed signal. This phase often involves identifying variations in specific frequency bands, particularly 
the α and βrhythms, which are closely linked to motor imaging (MI). During the mental practice of a move-
ment, the brain regions involved in the actual execution of that movement show analogous activation patterns. 
MI-based BCIs are designed to detect these patterns in the sensorimotor cortex and convert them into control 
commands for external devices37.

The fundamental step in the translation process is classification. At this point, the extracted features are 
analyzed by machine learning algorithms to classify them into different mental states or intended actions38. It is 
important for decoding distorted brain signals so that BCI control can work39–41. Traditional models, especially 
ConvNet42and EEGNet43, have been the basis for EEG signal analysis, mainly using convolutional neural network 
(CNN) architectures to focus on local temporal features44–49. However, due to the inherent limitations of their 
kernel size, these models are less able to capture the long-term dependencies that are essential for comprehensive 
interpretation of EEG signals. To address this problem, recurrent neural network (RNN) and long short-term 
memory (LSTM) models were introduced to capture temporal features relevant to EEG classification50–53. Despite 
their advances, these architectures have limitations in parallel training. Furthermore, the influence of dependen-
cies, as processed by their hidden states, tends to decrease rapidly over successive time steps13.

The research by Vaswani et al. has significantly advanced the field of attention-based models, most notably 
by introducing the Transformer architecture, which inherently perceives global dependencies55. This framework 
has been effectively used in various areas including natural language processing, computer vision, and EEG 
classification56–59. Expanding on this foundation, a recent investigation by Tao et al60. implemented a gated Trans-
former model for multi-class classification of EEG data. However, these models often overlook the importance of 
learning local features required for accurate EEG decoding. Consequently, additional feature extraction processes, 
such as activity mapping and spatial filtering, must be incorporated to address this shortcoming. In another study 
by Song et al61., authors used convolution techniques to capture local temporal and spatial features, followed by 
the adoption of self-attention mechanisms to capture global temporal features in Conformer model. In a separate 
study, Keutayeva et al62. constructed Hybrid s-CViT and Hybrid t-CViT models, where they used convolution 
to learn local temporal and spatial features and then adopted Vision Transformer using subject-independent 
evaluation with nested LOSO strategy. Despite their advancements, these models face challenges in two critical 
areas: subject independence and efficient handling of limited data. The Conformer still depends a lot on local 
feature extraction, meaning it may miss broader temporal correlations. Similarly, Hybrid s-CViT and Hybrid 
t-CViT may not translate well to different subjects and may not fundamentally solve the problem of limited data.

This paper introduces two versions of EEGCCT, an adaptation of the Compact Convolutional Transformer 
(CCT) model for EEG analysis in motor imagery tasks. The EEGCCT model distinguishes itself in several key 
aspects: 

1.	 Hybrid Model Structure: EEGCCT combines the global, long-range perspective provided by Transformers 
with the local feature extraction capabilities of CNNs.

2.	 Subject Independence: EEGCCT emphasizes its ability to generalize across several subjects. This makes 
EEGCCT especially well-suited for a variety of BCI applications in which subject-specific training data may 
be scarce, particularly when assessed through the application of the LOSO approach.

3.	 Handling Limited Data: Enhancement in performance with a smaller parameter size is a major advantage 
of EEGCCT over models such as Conformer, Hybrid s-CViT, and Hybrid t-CViT.

The objectives of this paper are: to compare the EEGCCT model with existing approaches like EEGNet, Con-
former, Hybrid s-CViT, and Hybrid t-CVIT in terms of structure, subject independence, and performance in 
limited data scenarios; to demonstrate the enhanced generalizability and efficiency of EEGCCT in subject-
independent motor imagery EEG analysis using LOSO strategy; to highlight the improvements in performance 
through data augmentation, hyperparameter optimization, and architectural advancements in the EEGCCT 
model.

Methodology
Proposed EEGCCT model architecture
The frameworks of EEGCCT-1 and EEGCCT-2 adapted from54 are depicted in Figs. 1 and  2, respectively.

The EEGCCT-1 model architecture is composed of three key components: a convolution tokenizer module 
and a transformer module. Within the convolution tokenizer module, raw two-dimensional EEG trials serve 
as the input, where spatial and temporal convolutional layers are applied along the electrode channels and time 
dimensions, respectively. An average pooling layer is then used to mitigate noise interference and enhance gener-
alization. The reshaped spatial-temporal representation generated by the convolution module is subsequently fed 
into the transformer module. This transformer module includes positional embedding, a transformer encoder, 
sequence pooling (SeqPool), and an MLP block. It further extracts long-term temporal features by evaluating 
the global correlations between different time points within the feature maps. Finally, the MLP block produces 
the decoding results.

The EEGCCT-2 model follows a similar structure but introduces specific convolutional layers for initial feature 
extraction from EEG signals, followed by depth-wise and separable convolutions from EEGNet architecture43 for 
enhanced feature representation. The extracted features are then processed by the transformer structure, similar 
to EEGCCT-1, for classification.
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Convolutional Tokenizer:
The Convolutional Tokenizer introduces an inductive bias into the model by substituting the traditional patch 

and embedding mechanism in the ViT62 model with a simplified convolutional block. This block comprises two 
convolution layers and average pooling, structured as:

Here, the Conv2d operation employs dfilters, matching the transformer backbone’s embedding dimension. The 
convolution and average pool operations, potentially overlapping, preserve local spatial information and enhance 
performance by injecting inductive biases. Unlike models like ViT62, this design is not strictly bound to input 
resolutions divisible by a predetermined patch size, offering enhanced flexibility.

The convolutional block aims to encode data into a rich, efficient latent representation, adjustable in down-
sampling ratio for further resolution reduction. This downsampling reduces the number of tokens, significantly 
cutting computational demands, albeit possibly at a performance cost. Despite this, the convolutional tokenizer, 
combined with SeqPool and the transformer encoder, forms the core of compact convolutional transformers, 
maintaining strong performance even with the potential removal of positional embedding.

SeqPool: The SeqPool is an attention-based technique that aggregates the output sequence of tokens. This pro-
cess involves transforming the output sequence through a specific mapping operation: Rb×n×d → R

b×d . Given:

(1)x0 = AvgPool ( Conv2d (x)).

Fig. 1.   EEGCCT-1 model architecture from54 illustrating the process flow from EEG input, through 
convolution layers and Transformer encoders, to an MLP classification head for imaginary right (left)-hand 
movement.

Fig. 2.   EEGCCT-2 model architecture, combining methodologies from43and54, processes EEG signals 
through convolutional blocks and Transformer encoders, concluding with an MLP head for classification. The 
architecture shows data flow and transformation across each stage.
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where xL represents the output of an L-layer transformer encoder f. Here, b denotes the batch size, n signifies 
the sequence length, and d is the total embedding dimension. The output xL is then processed through a linear 
layer g(xL) ∈ R

d×1 , followed by the application of softmax activation:

This operation generates an importance weighting for each input token, which is subsequently applied as follows:

By flattening, the output z ∈ R
b×d is generated, which can subsequently be passed through a classifier.

SeqPool enables the network to assign weights to the sequential embeddings of the latent space generated by 
the transformer encoder, facilitating the correlation of information across the input data. This process can be 
visualized as attending to the sequential data, where importance weights are assigned throughout the sequence 
only after processing by the encoder. Various versions of this pooling method have been evaluated, including 
both learnable and static approaches, with learnable pooling demonstrating better performance. Static methods, 
such as global average pooling, have also been explored by62. The learnable weighting is considered more effec-
tive because each embedded patch contains varying levels of entropy, allowing the model to assign weights to 
tokens based on the relevance of their information. Additionally, sequence pooling enables the model to better 
leverage information from spatially sparse data.

Transformer Encoder: Self-attention is a mechanism that utilizes three primary matrices: query Wq , key 
Wk , and value Wv , as referenced in55. For each input element in an embedded sequence, three corresponding 
vectors - query Q , key K , and value V - are generated through multiplication with these matrices:

The scaled dot-product attention (SDPA) is computed using the Equation (8).

By incorporating SDPA layers, which form the multi-head attention (MHA), the model can simultaneously focus 
on different representational aspects from various positions. The MHA is represented in Equation (9):

These attention mechanisms can be integrated into various deep learning architectures, such as Transformers 
and CNNs, to enhance the model’s effectiveness in processing EEG data. In our study, we employ EEG-based 
compact convolutional transformers (EEGCCT), as depicted in Figs. 1 and  2.

Datasets
This study uses open-access EEG datasets, specifically BCI IV 2a and BCI IV 2b, to analyze motor imagery 
tasks performed by different subjects. The primary aim of this investigation was to decode motor imagery data 
associated with the visualized movements of the left and right hands. Continuous EEG data were segmented 
into distinct 4-second intervals corresponding to the onset of mental imagery for both left-hand and right-hand 
tasks63. All datasets were preprocessed to reduce the output classes to two categories: left-hand and right-hand 
imagery. Additionally, a segmentation and reconstruction (S &R) method61 was applied in the time domain, 
complemented by Z-score normalization. Details of each dataset are provided in Table  1.

(2)xL = f (x0) ∈ R
b×n×d ,

(3)x′L = Softmax (g(xL)
T ) ∈ R

b×1×n.

(4)z = x′LxL = Softmax (g(xL)
T )× xL ∈ R

b×1×n.

(5)Qi = xi ·Wq,

(6)Ki = xi ·Wk ,

(7)Vi = xi ·Wv
.

(8)SDPA (Q,K,V) = Softmax

(

QKT

√
dk

)

V.

(9)MHA (Q,K,V) = [ head1, ..., headh],

(10)headi = SDPA (Qi ,Ki ,Vi) .

Table 1.   Comparative summary of EEG datasets utilized in the study: This table provides a detailed overview 
of the BCI IV 2a and 2b datasets, including the designated labels for motor imagery tasks corresponding to 
left-hand (L) and right-hand (R) movements.

Dataset Subjects EEG Ch. SR (Hz) Trials/session Sessions Labels

BCI IV 2a64 9 22 250 288 2 L/R

BCI IV 2b65 9 3 250 120 5 L/R
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Model selection
This research implemented Leave-One-Subject-Out (LOSO) by training models on seven subjects, validating 
hyperparameters on one subject, and testing model performance on another, as illustrated in Fig. 3.

Given a collection of candidate BCI models M = {M1,M2, . . . ,Mn} , each associated with a potential set of 
hyperparameters, the procedure is as follows: 

1.	 For each model Mk ∈ M : 

(a)	 For each subject si in the dataset S : 

(i)	Assign samples from 7 subjects to the training set, 1 subject to the validation set for hyperparameter tuning, 
and the remaining subject to the test set.

(ii)	Perform hyperparameter tuning for Mk using LOSO cross-validation on the training and validation sets.
(iii)	With the optimal hyperparameters identified, retrain Mk on the complete training set.
(iv)	Evaluate Mk the samples exclusively from the test subject si.
(v)	Record the performance metric for each iteration as Pk,i.

(b)	 Compute the average performance for Mk across all subjects: 

2.	 Identify the model with the highest average performance: 

In BCI settings, it is essential to use LOSO cross-validation to make sure the models do not overfit to participant-
specific EEG patterns. Furthermore, this technique ensures that models can generalize effectively across diverse 
user data. This approach, albeit being computationally demanding, yields unbiased estimates, demonstrating 
the adaptability of classification models to new and unobserved users. It is designed to minimize information 
leakage, providing a reliable representation of a model’s capacity to interpret subject-to-subject variability.

Hyperparameter selection
In this section, the EEGCCT-1 and EEGCCT-2 architectures’ hyperparameter search space is described. To 
maximize model performance, the right hyperparameter selection is crucial. Our extensive hyperparameter 
search was conducted with the following key assumptions:

•	 Systematic variations were made to the average pooling layer’s kernel size (1, k) and stride (1, s). The combi-
nations that were examined were as follows: (12, 3), (35, 7), (35, 10), (15, 3), (15, 7), (15, 5), and (15, 10).

(11)PLOSO,k =
1

|S|

|S|
∑

i=1

Pk,i

(12)M∗ = arg max
Mk∈M

PLOSO,k

 gnitseT su
bj

ec
t

trial 1 trial 2 . . .

 noitadilaV su
bj

ec
t

stcejbus gniniarT

trial N trial 1 trial 2 . . . trial N trial 1 trial 2 . . . trial N

Fig. 3.   LOSO model selection strategy used for model training and validation. Each panel represents a different 
test subject (light green), illustrating the use of all other subjects’ data for training (light grey) and the specific 
subject’s data for validation (dark green).



6

Vol:.(1234567890)

Scientific Reports |        (2024) 14:25775  | https://doi.org/10.1038/s41598-024-73755-4

www.nature.com/scientificreports/

•	 The size of the transformer encoder layers was varied among three settings: 3, 6, and 9 layers. This variation 
aimed to balance between model depth and computational efficiency.

•	 The multi-head self-attention mechanism was configured with either 4 or 8 heads, to evaluate the impact of 
attention head count on model performance.

•	 The dimensionality of input embeddings was set to either 32 or 64, to assess the balance between embedding 
size and computational efficiency.

•	 The sizes of the Multi-Layer Perceptron (MLP) layers were tested at 64 and 128, to determine the optimal 
size for balancing model capacity and overfitting risks.

•	 A dropout rate of either 30% or 50%was applied prior to the fully connected layer to minimize overfitting66.
•	 Positional embeddings were experimented with in three formats: learnable, sine, and none, to evaluate their 

influence on model performance.
•	 Each model variant was tested with and without data augmentation applied to the EEG data to evaluate the 

robustness of the models under varied data conditions.
•	 A batch size of 32 was utilized, and model training was limited to a maximum of 200 epochs, with early 

stopping criteria applied to prevent overfitting.
•	 The Adam optimizer was employed with a learning rate of 3× 10−4 , and first and second-moment estimates 

set to 0.9 and 0.999, respectively67.

The computational environment consisted of a Windows 10 workstation with an AMD Ryzen 7 5800H processor, 
32 GB of RAM, and an NVIDIA GeForce RTX 3060 Laptop GPU. The PyTorch deep learning framework was 
used to build the complete workflow.

Our hyperparameter search and model evaluation results demonstrated that certain EEGCCT model configu-
rations performed much better than others, particularly in situations with high subject variability and limited 
training data. The detailed discussion is covered in Sect. 3.2.

Results
Baseline comparison
This section thoroughly analyzes multiple state-of-the-art deep learning models used on the BCI Competition 
IV datasets 2a and 2b. Although these datasets have been widely used in previous research, direct comparison 
and reliable replication of results were limited by variations in experimental setups and techniques.

We used well-established models for this evaluation, such as Conformer61, EEGNet43, and the Hybrid s-CViT 
and t-CViT models62. These models were modified to correspond with our experimental setup and guarantee con-
sistency with earlier research. This method enables a comprehensive assessment of the performance of each model 
independently, enabling a strong evaluation of the efficacy of the models across various physiological profiles.

The outcomes, which show the performance metrics of each model across various subjects, are presented in 
Tables 2 and 3.

Performance analysis on BCI2a dataset
Our analysis of the BCI2a dataset, specifically the classification accuracies as shown in Table 2, reveals that 
EEGCCT-1 and EEGCCT-2 are robust performers both with and without data augmentation. Without aug-
mentation, EEGCCT-1 achieved exceptionally high accuracies, particularly reaching 90.62% with Subject 3 and 
averaging 68.75% across all subjects. EEGCCT-2’s best performance was in Subject 4 with an accuracy of 68.06%, 
and an overall average of 66.55%. Despite having a lower parameter count, EEGNet recorded the highest aver-
age accuracy of 69.14%, demonstrating its efficiency. With data augmentation, EEGCCT-2 showed significant 
improvements, particularly in Subject 2, achieving an average accuracy of 69.14%. Meanwhile, EEGNet and 

Table 2.   Comparative analysis of EEGCCT and benchmark models on BCI2a dataset with and without data 
augmentation (DA). Significant values are given in bold.

Model performance (%)

Condition Model  S1 S2 S3 S4 S5 S6 S7 S8 S9 Avg. Param

No DA

EEGCCT-1 67.71 60.76 90.62 58.33 52.78 69.10 58.68 88.54 72.22 68.75 129.1k

EEGCCT-2 64.93 55.90 86.45 68.06 52.08 63.54 56.94 84.72 66.32 66.55 85.3k

EEGNet 80.90 50.69 89.93 66.67 51.74 62.85 62.85 83.33 73.26 69.14 20k

Conformer 81.94 55.56 70.49 56.60 53.82 67.71 67.36 94.10 72.57 68.90 318.6k

Hybrid s-CViT 55.90 55.21 50.69 49.65 52.08 52.78 50.00 50.35 57.29 52.66 989.4k

Hybrid t-CViT 67.36 55.56 80.56 64.24 50.35 64.24 49.31 88.89 71.18 65.74 969.7k

With DA

EEGCCT-1 72.57 63.89 86.46 55.21 52.43 69.79 57.64 87.50 65.63 67.90 305.1k

EEGCCT-2 78.82 62.85 77.43 64.58 55.21 68.40 57.99 87.85 69.10 69.14 85.3k

EEGNet 82.29 54.51 80.56 64.93 50.35 66.67 61.46 79.17 69.79 67.75 20k

Conformer 71.18 57.29 71.88 62.50 56.60 69.79 58.68 90.97 71.18 67.79 318.6k

Hybrid s-CViT 52.08 52.43 54.17 54.86 52.78 57.99 58.33 57.29 54.17 54.90 989.4k

Hybrid t-CViT 68.40 60.42 83.68 73.61 55.21 68.40 55.21 90.97 71.88 69.75 969.7k
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Conformer maintained stable performances, with average accuracies around 68%. The Hybrid t-CViT model’s 
performance increased to an average accuracy of 69.75%, demonstrating the benefits of data augmentation in 
enhancing model robustness and performance.

Performance analysis on BCI2b dataset
The BCI2b dataset’s classification accuracies, detailed in Table 3, show EEGCCT-2 as the leading performer 
without data augmentation, achieving the highest average accuracy of 70.12%, particularly performing well in 
Subject 9 with an accuracy of 80.69%. EEGNet and Conformer also demonstrated strong performances, with 
average accuracies of 68.42% and 69.72%, respectively. The Hybrid models, however, performed less effectively 
in this configuration. When data augmentation was applied, EEGCCT-2 maintained its leading position with a 
slight improvement to an average accuracy of 70.28%. EEGNet closely matched this performance with an aver-
age accuracy of 70.12%, particularly impressive in Subject 9 with an accuracy of 80.97%. The Conformer model 
showed modest improvements but remained slightly less effective than other listed models.

Ablation study and parameter sensitivity
This section details an extensive ablation study conducted on the EEGCCT models, EEGCCT-1 and EEGCCT-2, 
using the BCI Competition IV datasets 2a and 2b. The study focuses on assessing the impact of various archi-
tectural elements and hyperparameters, such as pooling kernel sizes, number of layers, attention head size, 
embedding dimensions, MLP sizes, and dropout rates, on the models’ performance in both augmented and 
non-augmented settings. 

1.	 Standard Configuration: Initially, the models were evaluated using their standard configurations to establish 
a baseline for comparison (details in Table 4).

2.	 Kernel Size Variations: Both EEGCCT-1 and EEGCCT-2 exhibited sensitivity to changes in pooling kernel 
sizes. Specifically, EEGCCT-1 showed optimal performance with kernel sizes of (15, 7) in dataset 2a under 
augmented conditions, achieving an average accuracy of 67.58%. EEGCCT-2 preferred different kernel 
configurations, suggesting variability in how each model processes spatial features. Figure 5 demostrates the 
pooling kernel size alterations of EEGCCT-1 for BCI2b dataset.

3.	 Layer Variations: Increasing the number of layers in EEGCCT-1 led to improved performance up to three 
layers on dataset 2a, but additional layers did not enhance accuracy, indicating diminishing returns beyond 
this point. In contrast, EEGCCT-2 achieved its highest accuracy with just one layer in the same dataset 
under augmented conditions, averaging 68.95%, which points to significant differences in the models’ depth 
optimization.

4.	 Attention Head Size: Incrementing the size of the attention heads benefited both models, with EEGCCT-1 
and EEGCCT-2 achieving their best performances at different head sizes (see Fig. 4).

5.	 Embedding Dimension: A larger embedding dimension of 64 improved performance for EEGCCT-1, and 
while EEGCCT-2 also showed benefits, the impact was less pronounced. This suggests that while increased 
embedding dimensions can enhance model capacity, the optimal dimensionality is model and dataset-
specific.

6.	 MLP Size: Neither model demonstrated significant performance gains when increasing the MLP size from 
64 to 128. This indicates that larger MLP configurations may not contribute to better performance and could 
potentially lead to overfitting or increased computational complexity without significant benefits.

7.	 Dropout Rate: Varying the dropout rate had a significant impact on performance. EEGCCT-1 achieved its 
best results with a 50% dropout rate in dataset 2a with augmentation, whereas EEGCCT-2 reached optimal 

Table 3.   Comparative analysis of EEGCCT and benchmark models on BCI2b dataset with and without data 
augmentation (DA). Significant values are given in bold.

Model performance (%)

Condition Model S1 S2 S3 S4 S5 S6 S7 S8 S9 Avg. Param

No DA

EEGCCT-1 75.14 56.47 58.06 82.70 67.30 67.36 65.14 64.21 72.92 67.70 142.2k

EEGCCT-2 68.89 55.00 58.06 75.81 71.35 75.69 73.19 72.37 80.69 70.12 65.8k

EEGNet 70.28 59.12 53.89 75.27 70.54 67.22 71.53 67.89 80.00 68.42 19.3k

Conformer 67.50 57.79 54.17 77.43 71.08 79.44 71.67 71.58 76.81 69.72 288.2k

Hybrid s-CViT 65.97 55.15 51.94 68.51 59.05 58.33 56.81 58.03 63.89 59.74 405.7k

Hybrid t-CViT 66.39 54.41 52.92 81.35 68.65 64.86 68.89 68.03 77.08 66.95 968.5k

With DA

EEGCCT-1 72.92 55.88 56.11 78.65 64.05 73.19 62.08 69.08 77.64 67.73 308k

EEGCCT-2 72.08 57.21 56.67 76.89 72.97 74.03 75.00 66.97 80.69 70.28 65.8k

EEGNet 71.11 60.15 55.42 75.54 72.29 77.22 72.08 66.32 80.97 70.12 19.3k

Conformer 74.03 56.62 55.28 77.42 63.11 63.33 72.78 70.79 80.14 68.17 288.2k

Hybrid s-CViT 68.47 56.91 50.42 81.08 60.68 61.67 62.22 70.00 68.47 64.44 405.7k

Hybrid t-CViT 66.39 55.74 52.36 82.70 72.57 63.89 68.89 65.92 72.64 66.79 968.5k
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performance with a 30% dropout rate under similar conditions. These findings highlight the need for model-
specific regularization strategies to prevent overfitting while preserving model efficacy.

8.	 Specific Results for EEGCCT-2: EEGCCT-2 exhibited optimal performance on dataset 2a with augmenta-
tion when configured with a single encoder layer, a head size of 4, an embedding dimension of 32, an MLP 
size of 64, and a dropout rate of 30%. In contrast, for dataset 2b, the model achieved its best performance 
with three encoder layers and a 50% dropout rate. These findings highlight the significant differences in the 
model’s architectural sensitivity across datasets (refer to Table 2).

This comprehensive ablation study demonstrates how important it is to consider various architectural and 
hyperparameter options when evaluating the efficacy of EEGCCT models. The findings highlight the need for 
customized model configurations in order to fully utilize these systems’ potential across a variety of datasets.

Fig. 4.   Impact of transformer head size variation on EEGCCT-2 performance in BCI2b dataset.

Fig. 5.   Influence of average pooling (AvgPool) kernel size alteration on EEGCCT-1 performance in BCI2b 
dataset.

Table 4.   Standard configuration for ablation study, providing a basis for understanding the architectural 
variations in EEGCCT-1 and EEGCCT-2.

Model AvgPool (k, s) Encoder layer Head size Emb. dim. MLP size Dropout Pos. Emb.

EEGCCT-1 (12, 3) 6 8 64 128 50% Learnable

EEGCCT-2 – 3 4 32 64 50% Sine
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Discussion
The EEGCCT models’ effectiveness and robustness were assessed using the BCI Competition IV datasets 2a and 
2b. Across a wide range of participants, EEGCCT-1 and EEGCCT-2 both continuously showed great perfor-
mance, frequently outperforming both traditional and contemporary models. In particular, these models main-
tained high average accuracies while achieving remarkable subject-specific performance metrics, an important 
characteristic for reliable subject-independent motor imagery EEG analysis.

In applications where accurate individual subject analysis is crucial, EEGCCT-1 proved particularly success-
ful in achieving high accuracies for certain participants. On the other hand, Table 3 shows how EEGCCT-2’s 
minimal parameter demands along with its remarkable average accuracy highlight its applicability for more 
general BCI uses.

Importantly, the study highlighted the role of data augmentation in enhancing model performance. While 
effective without augmentation, both EEGCCT models showed significant improvements when trained with 
augmented data, suggesting an increased capability for generalization and robustness.

In comparison with EEGNet, a benchmark model in BCI research, the EEGCCT models often demonstrated 
enhanced performance. For example, EEGCCT-2 consistently outperformed EEGNet in terms of average accu-
racy on both datasets, augmented and non-augmented. Specifically, in the BCI2b dataset with augmentation, 
EEGCCT-2 achieved an average accuracy of 70.28%, slightly higher than EEGNet’s 70.12%.

The EEGCCT models also compared favorably against other transformer-based models such as the Con-
former, Hybrid s-CViT, and Hybrid t-CViT. Both EEGCCT-1 and EEGCCT-2 maintained competitive average 
accuracies with substantially fewer parameters, highlighting their efficient and lightweight architecture. This 
efficiency is particularly beneficial in BCI settings where computational resources and rapid response times are 
crucial.

The lightweight architecture of EEGCCT models, demonstrated by EEGCCT-2’s use of only 65.8k parameters, 
supports not only resource efficiency but also the potential for real-time BCI applications. Collectively, these 
models with their compact structure and exceptional performance represent a significant advancement in EEG 
analysis for BCIs, providing a robust solution that generalizes well across subjects and adapts effectively under 
various conditions.

Conclusion
This study introduced EEGCCT models-Compact Convolutional Transformers optimized for motor imagery-
based Brain-Computer Interface applications. Our comprehensive evaluations on the BCI Competition IV data-
sets 2a and 2b have underscored the efficacy of these models in delivering high-performance subject-independent 
EEG analysis with an efficient architecture. However, the performance of EEGCCT models might vary across 
different datasets and motor imagery tasks, suggesting the need for further validation in diverse settings. Addi-
tionally, the potential benefits of more sophisticated data augmentation techniques and the deeper integration 
of domain-specific insights into the model architecture remain areas promising for exploration.

Future research should consider adapting EEGCCT models for real-time BCI applications, employing transfer 
learning to further improve their subject-independent performances, and extending their application to other 
types of neural signal processing tasks. Moreover, integrating EEGCCT with other modalities in a multimodal 
BCI system could offer a path toward more resilient and versatile BCI solutions.

In summary, EEGCCT models represent a significant improvement in developing efficient and effective tools 
for EEG analysis in BCIs. Their combination of high accuracy, lightweight structure, and adaptability makes 
them well-suited for accurate BCIs.

Data availability
The datasets used during the current study are available in the BCI Competition IV repository. The specific 
datasets used are 2a64and 2b65, which can be accessed at https://​www.​bbci.​de/​compe​tition/​iv/.

Code availability
The code has been released in https://​github.​com/​aikes​ha/​EEGCCT.
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