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Abstract

Motor Imagery (Ml)-based Brain-Computer Interfaces
(BCls) rely heavily on the precise extraction of discriminative
features from EEG signals, which are inherently non-
stationary and complex in temporal dynamics. In this study,
we propose an advanced deep learning model based on a
Bidirectional Long Short-Term Memory (Bi-LSTM)
architecture integrated with an attention mechanism to
enhance the performance of MI classification tasks. The
proposed model is designed to automatically extract and
weigh temporal features across both forward and backward
time directions, allowing the network to focus on the most
informative EEG segments related to Ml tasks.

We evaluated our model using the BCl Competition IV-2a
dataset, comprising four Ml classes across nine subjects. A
stratified 5-fold cross-validation approach was employed,
with each fold split into 40% training, 20% validation, and
40% testing sets. The proposed Attention-Bi-LSTM model
achieved an average accuracy of 91.2% + 3.5, Fl-score of
91.1% + 3.6, and Cohen's kappa of 0.883 + 0.04,
outperforming baseline CNN and LSTM models.
Additionally, performance was analyzed separately across
all four MI classes, highlighting the model’s ability to
generalize across different cognitive motor tasks.

The results indicate that incorporating attention with Bi-
LSTM substantially improves the model’s focus on
discriminative EEG patterns, making it a promising
architecture for robust and scalable EEG-based MI
classification in real-world BCl applications.

Keywords: Motor Imagery (Ml), Brain-Computer Interface (BCl), EEG Signal Classification, Attention
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Raw EEG Signal

!

Bandpass Filtering
 5th-order Butterworth Filter
* Frequency range: 8-30 Hz

(pnand B bands)

l

Epoching
» Extract from 0.5s to 4.5s after
visual cue
* Epoch length: 4 seconds
(1000 samples @ 250 Hz

]

Z-score Normalization
* Channel-wise normalization
* Mean=0, Std =1

l

[ Preprocessed EEG Epochs]
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Figure 1: EEG signal preprocessing steps
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Input: Raw EEG signals (multi-channel, continuous)
Output: Preprocessed EEG epochs (cleaned and normalized)

Begin

For each EEG signal do

.YBandpass Filtering:

Apply a 5th-order Butterworth filter

Set frequency range to [8-30] Hz

//Covers p-band (8-13 Hz) and B-band (14-30 Hz)
.YEpoching:

For each trial:

Extract a segment from 0.5 to 4.5 seconds after cue onset
//Assuming cue onset is att = 2s

Set epoch length = 4 seconds

Resulting in 1000 time points at 250 Hz sampling rate

.YNormalization:

For each channel:

Apply Z-score normalization
//x_normalized = (x - mean) / std

End For
Return preprocessed EEG epochs
End

Pseudo-code 1: EEG signal preprocessing.
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Function Calculate_Attention_Weights(BiLSTM_Outputs, Query_Vector):
attention_scores = []
For each h_t in BiLSTM_Outputs:
energy t=tanh(W_a<+h t+U_a* Query_ Vector)
score_t=v_a-*energy t
attention_scores.append(score_t)
attention_weights = softmax(attention_scores)
Return attention_weights
Function Compute_Context_Vector(attention_weights, BiLSTM_Outputs):
context_vector = sum(attention_weights[t] * BiLSTM_Outputs[t] for all t)
Return context_vector
/I Model Flow:
BiLSTM_Outputs = Apply_BiLSTM(EEG_Epochs)
context_vector = Compute_Context_Vector(
Calculate_Attention_Weights(BiLSTM_Outputs, Learned_Query_Vector),
BiLSTM_Outputs
Classification_Output = Softmax(Dense_Layer(context_vector))

Pseudo-code 2: Algorithm of the proposed BiLSTM-based model with an attention mechanism
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Figure 2: Comparative illustration of the architectures of the three deep learning models:
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Table 2: Quantitative performance comparison
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Table 3: Class-wise performance
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Figure 3. Mean Confusion Matrix of the Attention-Bi-LSTM Modelg0
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Figure 3: Average confusion matrix of the proposed model

Right Hand Feet
Predicted Class

Tongue

. ‘

w S v @ ~ @

o (=] o o (=) (=}
Percentage (%)

™~
o

'
fan
o



Performance Comparison of Models (Average Across All Classes)
0.85 0.84

. Attention-BiLSTM
0.72

Scores

Accuracy Cohen's Kappa Fl-5core

Gl oo b aslae o eolpiin Jow o Slee :F S

Figure 4: Performance of the proposed model compared to baseline models
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Figure 5: Convergence trend and accuracy improvement
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Table 4: Comparative and analytical evaluation of the proposed method and other architectures
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Table 5: Comparison of computational and spatial complexity of different models
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