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Abstract. Electroencephalogram (EEG)-based
cognitive-state classification remains challenging
due to signal non-stationarity and noise. We present
a compact hybrid model that integrates residual
convolutional blocks for spectral–spatial feature
extraction, a bidirectional Long Short-Term Memory
(LSTM) for temporal fusion, and multi-head self-attention
to weight time–frequency representations. On the
PhysioNet Motor Imagery dataset (109 subjects, 64
channels), our approach attains 95.2% test accuracy,
surpassing standalone Convolutional Neural Network
(CNN), LSTM and Transformer baselines by 5–15%.
An ablation study confirms that jointly leveraging
convolutional and attention mechanisms is critical
for robust performance. Statistical comparison using
McNemar’s test further supports the reliability of
the proposed model, which shows no significant
difference compared to a CNN+LSTM+Fusion baseline
(p = 0.19), and a highly significant improvement over
the Transformer-based model (p < 0.0001). These
results highlight the importance of tailoring model
components to the unique properties of EEG data
for reliable cognitive-state decoding. These findings
highlight the power of attention-driven fusion for reliable
EEG decoding.

Keywords. EEG classification, brain-computer
interfaces, attention mechanism, LSTM, time-frequency
fusion, deep learning.

1 Introduction

Electroencephalography (EEG) is widely used in
neuroscience and biomedical engineering due to
its high temporal resolution and non-invasiveness.
Classifying EEG signals for tasks such relaxation
and cognitive load estimation is fundamental for
brain-computer interfaces (BCIs). Investigations
have shown that mental arithmetic evaluations
based on EEG signals can help detect math
anxiety that causes stress [2]. When stressed,
individuals may experience difficulty concentrating,
headaches or other somatic symptoms, and
appetite changes.

Many situations can lead to stress; stress at
the workplace has been further increasing due to
the recent deterioration of the domestic economic
situation [22]. Asif et al. [4] explored the
effects of English and Urdu music on stress levels
using EEG signals with four classifier algorithms,
namely sequential minimal optimization, stochastic
descent gradient, logistic regression (LR), and
multilayer perceptron. They proposed model
achieved up to 98.76% accuracy.

Recent research has demonstrated that
EEG-based recognition of cognitive tasks, such
as mental arithmetic, can be effectively achieved
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using connectivity and frequency-based features,
reinforcing the importance of advanced modeling
techniques [3]. In [6], the author analyzed EEG
responses during mental arithmetic tasks and
found significant changes in brain electrical
activity, especially in spectral coherence and
connectivity measures using wavelet-based and
spectral entropy, underscoring the importance
of frequency-domain analysis in cognitive
workload monitoring.

Aslam et al. [5] proposed an explainable
EEG classification method for distinguishing
mental arithmetic from rest using empirical mode
decomposition and feature ranking via random
forest-based recursive elimination. Their model
achieved high accuracy (up to 99.3%) and revealed
key frequency bands and brain regions involved in
mental tasks.

Other applications of EEG classification
include recognition of motor imagery, monitoring
mental workload, detection of fatigue, and
prediction of seizures. [30]. However, EEG
signals are inherently noisy, non-stationary, and
subject-specific, which makes the design of robust
classification models particularly challenging.

In this paper, we performed various experiments
to test the efficiency of traditional machine learning
(ML) and deep learning (DL) techniques; the main
contributions of this work are as follows:

— The design of a compact hybrid architecture
that integrates residual convolutional blocks
for spectral–spatial feature extraction, a
bidirectional Long Short-Term Memory
(Bi-LSTM) for temporal fusion, and
multi-head self-attention for adaptive
time–frequency weighting.

— A formal definition of the hybrid model
architecture, detailing the sequential
operations of both the time- and
frequency-domain branches, as described in
Algorithm 1.

— A comprehensive training strategy, including
data preprocessing, augmentation,
optimization, and evaluation steps, which
are clearly outlined in Algorithm 2 to

ensure reproducibility and robustness across
multiple runs.

— A comprehensive evaluation on the PhysioNet
Motor Imagery dataset, achieving 95.2% test
accuracy and outperforming standalone
Convolutional Neural Network (CNN),
Long Short-Term Memory (LSTM) and
Transformer baselines.

— An ablation study demonstrating
the critical role of convolutional and
attention mechanisms.

While several related studies report high
classification performance, replicating their results
proved challenging due to the unavailability of
source code and limited methodological details.
As a result, benchmarking was carried out
independently using our own implementation,
informed by the methodological details reported in
each study.

To assess whether the performance
improvement of the proposed model is statistically
significant, we conducted a hypothesis test
comparing it against other baseline models. Since
predictions were made on the same test set,
McNemar’s test was used to evaluate paired
differences in classification errors.

The classification performance of each model
was evaluated using four key metrics: accuracy,
F1-score, false negatives (FN), and false positives
(FP). Accuracy provides a global measure of
correct predictions, but it can be misleading
in cases of class imbalance. Therefore, we
also report the F1-score, which considers both
precision and recall, making it more informative in
assessing the trade-off between false positives and
false negatives.

Additionally, we include the absolute counts of
FN and FP to illustrate the specific error distribution
for each model. These values provide insight into
the type of mistakes made and complement the
aggregate metrics. Table 8 show that the proposed
model achieves the highest accuracy (95.2%) and
F1-score (0.95), while significantly reducing both
false negatives and false positives.

The remainder of this paper is organized as
follows. Section 2 reviews related work; Section
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3 introduces the proposed hybrid deep-learning
architecture. Section 4 details the dataset and
experimental protocol. Section 5 presents the
statistical analysis. Finally, Section 6 concludes the
paper and outlines directions for future work.

2 Related Work

Parveen and Bhavsar [23] introduced a unified
CNN-Transformer model for mental workload
classification, showing that self-attention
mechanisms can outperform conventional
recurrent architectures in modeling long-range
dependencies in EEG sequences. Similarly,
Su et al. [29] used a CNN-LSTM architecture
to detect mental fatigue from EEG data,
achieving high accuracy by learning complex
task-specific representations.

Kingphai and Moshfeghi [18] addressed the
challenge of data leakage in EEG classification
by evaluating different time series cross-validation
(CV) strategies. They proposed rolling and
expanding window methods to preserve temporal
structure when validating deep learning models.
Their evaluation using the Simultaneous Task
EEG Workload (STEW) dataset showed that the
expanding window CV outperforms traditional
random splits, especially when used with
Bidirectional Gated Recurrent Unit (BGRU) -
Gated Recurrent Unit (GRU) architectures.

Lim et al. [20] presented the STEW dataset,
which consists of EEG recordings from 48 subjects
performing multitasking under varying cognitive
load levels. The dataset was validated using
spectral analysis and used to train support vector
regression models. Their work emphasized the
importance of open-access datasets and EEG
channel selection for accurate workload prediction.

Sharma and Ahirwal [26] proposed a
cascaded deep learning model combining a
one-dimensional convolutional neural network
(1D-CNN) with a Bi-LSTM network. Using
the STEW dataset, their model achieved high
accuracy in both binary (96.77%) and ternary
(95.36%) Mental Work Load (MWL) classification
tasks. Notably, their method eliminated the need
for handcrafted features, leveraging end-to-end
deep representation learning.

Gupta et al. [16] developed a CNN-LSTM model
for the automated recognition of autism spectrum
disorder, demonstrating that deep learning can
support neurodevelopmental diagnosis from
EEG. Zhou et al. [40] proposed a CNN-LSTM
architecture to detect depression by modeling both
spatial and sequential EEG dynamics.

In the domain of motor imagery, Raza and
Zuki [24] proposed a CNN-LSTM model for motor
imagery EEG classification, demonstrating that
combining convolutional layers with recurrent
units effectively captures both local spatial
dependencies and temporal patterns; Yang et
al. [34] integrated wavelet decomposition and
CNN-LSTM models to enhance classification
performance. These models emphasize the
relevance of time-frequency features for motor
task detection. Recent deep learning approaches
have achieved significant improvements in EEG
classification tasks by leveraging spatial and
temporal features simultaneously. Zhang et
al. [37] proposed a novel EEG classification
model that integrates both local convolutional
features and global attention mechanisms through
a convolutional transformer architecture.

For emotion recognition, Hou et al. [17]
combined CNN, LSTM, and attention layers,
achieving an adaptive model that captures
emotional responses from EEG. Similarly,
Sheykhivand et al. [27] focused on recognizing
music-induced emotions using a CNN-LSTM
model. Cheng et al. [10] introduced a dynamic
CNN-Gated Transformer model, leveraging
both local and global dependencies in EEG
emotion analysis. Yao et al. [35] introduced
a hybrid deep learning model combining CNN
and Transformer architectures for EEG-based
emotion classification; their approach jointly
learns spatial-temporal features, leveraging the
CNN’s ability to extract local patterns and the
transformer’s global context modeling.

Other clinical applications include epilepsy
and seizure detection. Zhang et al. [36]
proposed a lightweight CNN-LSTM for four-class
seizure prediction and detection, emphasizing the
importance of efficient architectures for real-time
EEG applications and Sridevi et al. [28] focused
on deploying CNN-LSTM on edge-computing
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wearables to enhance real-time seizure monitoring
and reduce power consumption. Mullapudi [21]
introduced a CNN-based approach to distinguish
seizure types.

Sleep analysis has also benefited from
CNN-LSTM models. Rishika et al. [25]
demonstrated effective sleep stage scoring
using EEG, validating the strength of CNN-LSTM
hybrid structures in sequence modeling tasks.
In a related physiological task, Latreche et
al. [19] identified the most informative brain
regions for driver drowsiness detection using a
CNN-LSTM framework.

In signal enhancement, Bellamkonda et al. [8]
proposed a CNN-BiLSTM architecture to denoise
EEG signals via feature exchange and integration.
Gao et al. [13] developed a dual-scale CNN-LSTM
model to reconstruct EEG signals and suppress
deep artifacts. Barajas-Montiel et. al [7] explored
six different Multi-view learning (MVL) techniques
for the classification of electroencephalogram
(EEG) signals in order to take advantage
of complementary descriptive information from
different representations of the same object. We
worked with four views of EEG signals extracted by
applying two different feature extraction methods in
time domain and two in the frequency domain; their
results achieved by the MVL approach exceeded
the results achieved in single view works.

Diagnosis of schizophrenia using EEG was
addressed by Brintha et al. [9], who used CNN
models for early detection, highlighting EEG’s
potential for psychiatric applications.

More recently, transformer-based and hybrid
models have gained traction. Devarajan et
al. [12] proposed a hybrid CNN-Transformer for
emotion recognition, exploiting both local and
global EEG patterns. Vafaei and Hosseini [31]
reviewed Transformer architectures in EEG
tasks such as seizure, emotion, and motor
imagery classification. Zhao et al. [39] introduced
Convolutional Transformer network (CTNet)
for motor imagery, highlighting the benefit of
self-attention in extracting spatio-temporal features
from EEG signals. Wang et. al [33] proposed
a novel brain-inspired deep learning model
that incorporates EEG phased encoding and
feature-aligned fusion for video target detection

when the video quality is low. Zhang et. al [38]
proposed a new Gated Recurrent Unit (GRU)
network model based on reinforcement learning,
which considers the implementation of attention
mechanisms in EEEG signal processing scenarios
as a reinforcement learning problem. Adebanji
et. al [1] performed various experiments for
the detection of depression in social media texts
with pre-trained transformer-based models; their
experiments exhibited outstanding performance
achieving high accuracy, precision, recall and
F1 scores. Corona et. al [11] evaluated the
impact of predicting using neural networks that
have not been retrained after feature selection;
they used two architectures that allow feature
removal without affecting the architectural
structure: FT-Transformers, which are capable of
generating predictions even when certain features
are excluded from the input, and Multi-layer
Perceptrons, by pruning unused weights.

In this work, we propose a novel hybrid
architecture that fuses time-domain and
frequency-domain features using a deep
attention-based model. Our design incorporates
residual convolutional blocks, bi-directional LSTM
layers, multi-head self-attention, and attention
gates. We evaluate our model on the PhysioNet
EEG dataset, achieving a test accuracy of
95.2%, which exceeds existing baselines and
demonstrates the benefits of multimodal feature
fusion in EEG classification.

3 Materials and Methods

3.1 Dataset and Preprocessing

We used the PhysioNet EEG Motor
Movement/Imagery Dataset [14], [41], a publicly
available database that includes EEG recordings
from 109 subjects using a 64-channel EEG
system. For our study, we selected 30 subjects
and retained 19 standard scalp EEG channels
(Fp1, Fp2, F3, F4, F7, F8, T3, T4, C3, C4, T5,
T6, P3, P4, O1, O2, Fz, Cz, Pz). All datasets
were already filtered using a high-pass filter
with a 30 Hz cut-off frequency and a power
line notch filter (50 Hz). To remove artifacts
related to ocular, muscular, and cardiac activity,
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Independent Component Analysis (ICA) was
applied during preprocessing.

Each subject participated in tasks involving
relaxed resting (3 minutes) and mental arithmetic
(1 minute). EEG signals were recorded at 500 Hz
sampling rate, and a 4-minute segment (120,000
samples) was extracted per subject.

To ensure consistency and reliability across EEG
recordings from different subjects, a standardized
preprocessing pipeline was applied.

First, the continuous EEG signals were
segmented into non-overlapping windows of 1
second (commonly referred to as epochs, each
containing 500 samples), with a 50% overlap
between consecutive segments.

This approach not only increases the effective
dataset size but also preserves temporal continuity,
which is essential for capturing dynamic brain
activity. Each epoch was then labeled based
on its temporal position within the recording:
epochs corresponding to the first three minutes
were assigned the label Relaxed, reflecting the
resting-state condition, while those from the final
minute were labeled Task, corresponding to the
mental arithmetic phase. To maintain the integrity
of the data, epochs spanning across condition
boundaries or containing incomplete information
were discarded.

Finally, all retained epochs were normalized
using z-score standardization to reduce
inter-epoch variability and improve model
generalization. For each EEG epoch,
normalization was applied independently to each
channel, ensuring zero-mean and unit-variance
scaling. The standardized signal was computed as
shown in 1:

xnorm =
x− µ

σ + ϵ
, (1)

where µ and σ represent the mean and standard
deviation of the epoch, respectively, and ϵ =
10−6 is a small constant added to prevent
numerical instability due to division by zero. This
normalization ensures that the input features are
centered and scaled uniformly across all samples.

Table 1. Summary of the hybrid model with residual
and attention mechanisms for EEG mental state
classification

Layer (Type) Output Shape Param #
time input (Input) (None, 500, 19) 0
Conv1D (64, k=7) (None, 500, 64) 8,576
BatchNorm (None, 500, 64) 256
Conv1D (Res1) (None, 500, 64) 20,544
BatchNorm (None, 500, 64) 256
Conv1D (Res2) (None, 500, 64) 20,544
BatchNorm (None, 500, 64) 256
Add (Residual) (None, 500, 64) 0
MaxPooling1D (None, 250, 64) 0
Dropout (None, 250, 64) 0
BiLSTM (64) (None, 250, 128) 66,048
MultiHeadAttention (4) (None, 250, 128) 135,936
GAPooling1D (None, 128) 0
Dense (128, relu) (None, 128) 16,512
Attention Gate (Dense) (None, 128) 16,512
Multiply (None, 128) 0
freq input (Input) (None, 40) 0
Dense (128, relu) (None, 128) 5,248
BatchNorm (None, 128) 512
Dropout (None, 128) 0
Dense (128, relu) (None, 128) 16,512
Attention Gate (Dense) (None, 128) 16,512
Multiply (None, 128) 0
Concatenate (None, 256) 0
LayerNorm (None, 256) 512
Dense (128, relu) (None, 128) 32,896
Dropout (None, 128) 0
Dense (64, relu) (None, 64) 8,256
Dense (2, softmax) (None, 2) 130

Note: Time-domain input consists of 1-second EEG epochs
with T = 500 time steps and C = 19 scalp channels.
Frequency-domain input includes F = 40 band power features.
The architecture integrates residual convolutional blocks,
BiLSTM, multi-head attention, and attention gates to extract
time-frequency representations and improve classification of
mental states (Relaxed vs. Task).

3.2 Hybrid Deep Learning Architecture

The proposed architecture is shown in Figure 1.
It comprises two parallel branches designed to
extract complementary features from EEG signals:
a time-domain branch that employs convolutional
layers, residual blocks, a bidirectional LSTM, and
multi-head attention to capture temporal dynamics,
and a frequency-domain branch that processes
spectral features through dense layers followed by
attention mechanisms. Both branches incorporate
attention gates and dropout regularization.
Their outputs are fused and passed through
fully connected layers for final classification.
Table 1 presents a condensed summary of the
proposed hybrid neural network architecture, which
integrates temporal and spectral EEG features.
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EEG
Time-Domain

Input
Xtime ∈ RT×C

Conv1D
(filters=64,
kernel=7)

BatchNorm

Residual
Conv Block
(filters=64,
kernel=5)

MaxPooling1D

Dropout (p=0.3)

Bidirectional
LSTM

(units=64,
return

seq=true)

Multi-Head
Attention
(heads=4,

key dim=32)

Global Average
Pooling

Dense (128
units, ReLU)

Attention Gate
(units=128)

EEG
Frequency-Domain

Input
Xfreq ∈ RF

Dense (128
units, ReLU)

BatchNorm

Dropout (p=0.3)

Dense (128
units, ReLU)

Attention Gate
(units=128)

Concatenate
Time &

Frequency
Features

LayerNorm

Dense (128
units, ReLU)

Dropout (p=0.3)

Dense (64
units, ReLU)

Output Dense
(2 units,
Softmax)

Fig. 1. Hybrid deep-learning architecture for EEG
classification. The model extracts temporal features via
a convolutional and recurrent network, while spectral
features are processed through a dense-attention
pipeline. Both branches are fused and used for
final classification.

Let the input EEG signals be represented as:

— Time-domain signal: Xtime ∈ RT×C , where
T is the number of time steps and C is the
number of channels.

— Frequency-domain features: Xfreq ∈ RF ,
where F is the number of frequency bins.

The proposed hybrid model processes these
inputs through the series of operations described
in Algorithm 1; in the time-domain branch, the
input Xtime ∈ RT×C is first passed through a
1D convolutional layer with 64 filters of size 7,
followed by batch normalization, a residual block
with 64 filters of size 5, and max pooling. The
resulting features are regularized with dropout
and sequentially modeled using a bidirectional
LSTM with 64 units. A multi-head attention
mechanism (4 heads, 32 dimensions) is applied
before global average pooling, followed by a
dense layer and an attention gate to yield the
time-domain representation Ht. Simultaneously,
the frequency-domain branch transforms Xfreq ∈
RF via two fully connected layers with ReLU
activation, interleaved with batch normalization
and dropout, and applies an attention gate
to obtain Hf . These two representations
are concatenated and normalized, then passed
through two dense layers with ReLU activations
and dropout, producing a latent vector that
is linearly transformed and passed through a
softmax layer to produce the predicted probability
distribution ŷ ∈ R2 for the mental states. Attention
gates are used to enhance relevant features.

3.2.1 Time-Domain Pathway

The raw EEG epochs, each consisting of 500
time samples across 19 channels (500 × 19),
were processed through a multi-stage deep
learning pipeline. Initially, residual convolutional
blocks were applied to extract local spatial
patterns within the EEG signals, enabling the
model to capture subtle topographical features.
This was followed by a bidirectional Bi-LSTM
layer, which effectively modeled the temporal
dependencies in both forward and backward
directions, critical for capturing the dynamics of
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Algorithm 1 Proposed Hybrid EEG Classification
Model
1: Input: Time-domain EEG segment Xtime ∈ RT×C ,
2: Frequency-domain features Xfreq ∈ RF

Output: Class probabilities ŷ ∈ R2

Time-Domain Branch
3: H1 ← Conv1D(Xtime, filters = 64, kernel = 7)
4: H2 ← BatchNorm(H1)
5: H3 ← ResidualBlock(H2, filters = 64, kernel = 5)
6: H4 ← MaxPooling1D(H3)
7: H5 ← Dropout(H4, p = 0.3)
8: H6 ← BiLSTM(H5, units = 64)
9: H7 ← MultiHeadAttention(H6, heads = 4, key dim = 32)
10: H8 ← GlobalAvgPool(H7)
11: H9 ← Dense(H8, 128, ReLU)
12: HT ← AttentionGate(H9, units = 128)

Frequency-Domain Branch
13: F1 ← Dense(Xfreq, 128, ReLU)
14: F2 ← BatchNorm(F1)
15: F3 ← Dropout(F2, p = 0.3)
16: F4 ← Dense(F3, 128, ReLU)
17: HF ← AttentionGate(F4, units = 128)

Fusion and Classification
18: Hfusion ← Concat(HT ,HF )
19: Hf1 ← LayerNorm(Hfusion)
20: Hf2 ← Dense(Hf1, 128, ReLU)
21: Hf3 ← Dropout(Hf2, p = 0.3)
22: Hf4 ← Dense(Hf3, 64, ReLU)
23: ŷ ← Dense(Hf4, 2, Softmax)

brain activity over time. To further enhance the
representation of long-range relationships across
the signal, a multi-head self-attention mechanism
was integrated, allowing the model to weigh the
importance of different time steps contextually.

Following recent advances in EEG
classification [26, 31], the temporal modeling
capacity of Bi-LSTM and the context sensitivity
of multi-head attention are especially suited to
extract discriminative patterns in non-stationary
EEG signals. In the final stages of the pipeline,
global average pooling was used to reduce the
dimensionality, and an attention gate was applied
to distill the most relevant features, ensuring that
only the most informative patterns contributed to
the final classification.

3.2.2 Frequency-Domain Pathway

To enrich the feature representation and
complement the time-domain analysis,
frequency-domain features were extracted
from the EEG signals using Welch’s method
for estimating the Power Spectral Density
(PSD). Epochs of 1 second (500 samples)
were extracted using a sliding window with 50%

overlap (250-sample stride). Epochs crossing
label transitions were discarded.

Given a discrete EEG signal x[n], Welch’s
method divides the signal into overlapping
segments, applies a window function w[n] to each
segment, and computes the periodogram [15].

The PSD estimate Pxx(f) is then obtained by
averaging the squared magnitude of the discrete
Fourier transform (DFT) of the windowed segments
as shown in (2):

Pxx(f) =
1

L

L∑
i=1

|F{w[n] · xi[n]}|2 , (2)

where L is the number of segments and F
denotes the DFT. For each of the 19 EEG
channels, the estimated power spectral density
(PSD) was integrated over five canonical frequency
bands—delta (1–4 Hz), theta (4–8 Hz), alpha
(8–13 Hz), beta (13–30 Hz), and gamma
(30–40 Hz); to compute the power within each
frequency band P[f1,f2] as in (3):

P[f1,f2] =

∫ f2

f1

Pxx(f) df , (3)

where Pxx(f) denotes the PSD of the signal. Each
channel yielded five such features, resulting in a
95-dimensional feature vector (19× 5) per epoch.

This decomposition into canonical EEG bands
has been shown to reveal cognitive state
information in various mental workload and
arithmetic tasks [4, 3, 6].

These frequency-domain features were then
processed through a series of fully connected
layers with ReLU activation functions to model
nonlinear interactions. Batch normalization was
applied after each layer to stabilize learning, and
dropout was used to reduce overfitting.

Finally, an attention gate was incorporated to
re-weight the features, allowing the model to focus
on the most discriminative frequency components
for the classification task.
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3.2.3 Fusion and Classification

The feature representations obtained from
both pathways are concatenated to integrate
complementary information extracted by each
stream. This combined representation is
then subjected to layer normalization, which
helps stabilize the distribution of activations
and accelerates convergence during training.
Subsequently, the normalized features are passed
through fully connected (dense) layers to enable
complex nonlinear transformations and facilitate
effective feature learning.

The final output layer is a fully connected dense
layer with softmax activation, composed of 2
neurons corresponding to the two target classes:
relaxation and cognitive task. This layer transforms
the extracted features into a probability distribution
over the classes. For each input sample, it outputs
a vector of length 2, and the predicted class is
selected based on the highest probability.

3.3 Attention Mechanisms

Attention mechanisms play a critical role in
the proposed architecture by enhancing the
representation of salient features.

Attention Gates (AGs) are employed to modulate
the contribution of input features by applying a
learnable, element-wise mask. Given an input
vector x ∈ Rd, an attention gate [32] is defined
as (4):

AG(x) = x · σ(Wx+ b), (4)

where W ∈ Rd×d and b ∈ Rd are
trainable parameters, and σ(·) denotes the sigmoid
activation function. This allows the model to
emphasize task-relevant features while attenuating
irrelevant ones dynamically during training.

To capture long-range dependencies in
the temporal domain, the model incorporates
Multi-Head Self-Attention (MHA). For each head,
attention is computed using scaled dot-product
attention. Given query (Q), key (K), and value (V)
matrices, the output of the i-th head (5) is:

headi = Softmax

(
QWQ

i (KWK
i )T√

dk

)
VWV

i , (5)

where WQ
i , WK

i , and WV
i are the learned

projection matrices for the i-th head, and dk is the
dimensionality of the keys.

The outputs from all heads are concatenated
and linearly transformed as (6):

MHA(Q,K,V) = Concat(head1, . . . ,headh)W
O,
(6)

where WO is a trainable output projection matrix.
This allows the model to simultaneously attend
to information from multiple temporal contexts,
improving its ability to model complex EEG
dynamics. In our architecture, multi-head attention
was applied within the time-domain pathway, while
attention gates were used in both “time and
frequency domain” branches to emphasize salient
representations.

3.4 Training Strategy

The training procedure followed in this work
is outlined in Algorithm 2. It describes the
steps taken to preprocess the EEG dataset,
augment the training data, and train the hybrid
deep learning model. The strategy includes
stratified data splitting, Gaussian noise injection
for data augmentation, optimization using the
Adam algorithm with cosine annealing and warm
restarts, and early stopping to prevent overfitting.
To ensure reliability and robustness, the training
and evaluation process was repeated across five
independent runs with different random seeds.

Algorithm 2 Training Strategy for EEG Mental
State Classification
1: Input: EEG dataset D, labels {yi} ∈ {Relaxed, Task}
2: Output: Trained model and performance metrics
3: for each run r = 1 to 5 do
4: Set random seed sr
5: Stratified 80/20 split: Dtrain, Dtest
6: Augment Dtrain with noiseN (0, 0.01)
7: Init model parameters, Adam optimizer
8: Set cosine Learning Rate (LR) scheduler with warm restarts
9: for each epoch e = 1 to 150 do
10: Train on Dtrain (batch size 32)
11: Compute validation loss
12: if no improvement in 20 epochs then
13: Break (early stopping)
14: end if
15: end for
16: Evaluate on Dtest: acc, prec, recall, F1
17: Save metrics for run r
18: end for
19: Report mean and std of metrics over 5 runs
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The dataset was divided into training and
testing subsets using an 80/20 stratified split
to ensure a balanced representation of both
classes: Relaxed and Task, across each subset.
Stratification is essential in binary classification
tasks to prevent class imbalance from introducing
bias into the model’s learning process or skewing
evaluation metrics.

To improve generalization and enhance
robustness against overfitting, data augmentation
was applied to the training data by injecting
Gaussian noise sampled from a normal distribution
N (0, 0.01) into the raw time-domain EEG signals.
This technique introduces realistic variability and
encourages the model to learn more generalized
representations of the underlying neural patterns.

Model training was conducted using the Adam
optimizer, selected for its adaptive learning rate
and momentum-based updates, which promote
stable and efficient convergence. A cosine
annealing learning rate schedule with warm
restarts was employed to further refine the
optimization process. This schedule cyclically
reduces the learning rate following a cosine
function and then resets it, which has been shown
to help the optimizer escape local minima and
converge to flatter, more generalizable regions in
the loss landscape. Given the binary nature of
the classification task, categorical cross-entropy
was used as the loss function to measure the
discrepancy between predicted probabilities and
true labels.

To prevent overfitting, early stopping was applied
by monitoring the validation loss. Training
was halted if no improvement was observed for
20 consecutive iterations, reducing the risk of
over-training and saving computational resources.
The model was trained using a batch size of
32 for a maximum of 150 iterations, balancing
computational efficiency with model convergence.

Model performance was evaluated using
accuracy, precision, recall, and F1-score, averaged
over the test set. After training, the model was
evaluated on the unseen 20% hold-out set.
Additionally, predictions were compared to true
labels to calculate precision, recall, and F1-score
for each class.

To ensure the robustness and stability of the
results, the full training and testing procedure was
repeated five times using different random seeds
for dataset shuffling and weight initialization. The
reported metrics correspond to the mean and
standard deviation across these five runs. This
multi-run evaluation helps reduce the likelihood
that observed performance is due to random
chance or initialization artifacts.

4 Results

All experiments were implemented using the
TensorFlow framework. Training was executed
on a dedicated GPU workstation equipped with
an NVIDIA RTX 3090 and 128 GB of system
memory, enabling efficient training of deep neural
models. The dataset comprised approximately
3,600 seconds of EEG recordings, collected from
30 subjects, each contributing 4 minutes of
artifact-free data. The first three minutes were
strictly assigned to the Relaxed (resting-state)
condition, while the final minute represented the
Task condition (mental arithmetic).

To create training samples, the continuous EEG
signals were segmented into 1-second epochs
(500 samples per epoch), with a 50% overlap
between segments. This overlapping scheme
increased the number of labeled examples and
preserved temporal continuity, which is important
for learning transitions in brain activity. In
total, approximately 14, 400 labeled examples were
generated, evenly distributed between the two
classes. A stratified 80/20 train-test split was used
to ensure class balance across both sets.

To improve the model’s ability to generalize and
to simulate realistic noise present in real-world
EEG signals, Gaussian noise sampled from a
normal distribution N (0, 0.01) was added to the
training data during data augmentation.

To empirically validate our core hypothesis
that combining temporal modeling, spectral
features, and attention mechanisms leads to
significantly improved EEG classification, we
conducted a systematic comparison against
baseline architectures. Each baseline was
designed to progressively incorporate specific
architectural components, allowing us to isolate
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and quantify their individual contributions to
overall performance. The models evaluated are
as follows:

— Experiment 1: CNN-only Baseline (Spatial
Features Only)
This baseline model applies a convolutional
neural network (CNN) directly to raw
time-domain EEG signals, without
incorporating any temporal modeling, spectral
analysis, or attention mechanisms. The
CNN layers operate on each 1-second EEG
epoch to extract local spatial patterns across
channels.

— Experiment 2: CNN with Temporal Modeling
(CNN + LSTM)
This model extends the CNN-only baseline
by incorporating a Long Short-Term Memory
(LSTM) layer after the convolutional blocks.
While the CNN modules extract spatial
features from the raw EEG input, the LSTM
layer captures temporal dependencies across
successive time steps. This architecture aims
to evaluate whether explicitly modeling the
sequential nature of EEG signals improves
classification performance compared to using
spatial features alone. Frequency-domain
features and attention mechanisms were not
included in this version.

— Experiment 3: Time-Frequency Fusion
This model builds upon the CNN + LSTM
baseline by incorporating frequency-domain
information. Power Spectral Density
(PSD) features were extracted from each
EEG channel and concatenated with
the time-domain representation before
classification. This dual-path architecture
enables the model to capture both temporal
dynamics and spectral characteristics of
EEG signals. Neither attention mechanisms
nor residual blocks were included in this
version, allowing us to assess the impact of
time-frequency fusion in isolation.

— Experiment 4: Full Time-Frequency Fusion
with Attention (Proposed Model)
This configuration represents the proposed
architecture, integrating all key components:

Table 2. Comparison of Classification Performance
Across Models

Model Accuracy F1-score Errors (FN / FP)

CNN (Time) 88.7% 0.88 60 / 55
CNN + LSTM 91.5% 0.91 40 / 35
+ Frequency Fusion 93.2% 0.93 25 / 28
Proposed Model 95.2% 0.95 10 / 14

convolutional layers with residual connections
for spatial feature extraction, LSTM layers for
temporal modeling, and frequency-domain
features obtained via Welch’s method. In
addition, attention gates and multi-head
self-attention mechanisms are included
to enhance the representation of salient
features. This model serves as the final,
fully enhanced variant designed to test the
combined effect of spatial, temporal, spectral,
and attention-based modeling.

— Experiment 5: Proposed model vs
Transformer Encoder (Ablation study)
This configuration represents the Proposed
Model with the CNN + LSTM + Frequency
Fusion variant, where the LSTM and
frequency fusion modules were substituted by
a Transformer encoder.

A comparison of classification performance
across models is shown in Table 8. The proposed
hybrid model achieved the highest classification
performance, reaching an accuracy of 95.2% and
a precision of 0.95. These results demonstrate
the effectiveness of integrating attention modules
and residual connections into a multimodal EEG
classification pipeline.

4.1 Confusion Matrices

We analyze and compare the performance of
four progressively enhanced models using their
corresponding confusion matrices. The confusion
matrix for the CNN (Time) model is shown in
Table 4, illustrating the classification performance
across classes.

The baseline model, using only CNN layers
on raw time-domain EEG signals, achieves an
accuracy of 88.7% and an F1-score of 0.88.
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Table 3. Confusion Matrix for CNN (Time)

True \ Predicted Relaxed Task

Relaxed 420 60
Task 55 415

Table 4. Confusion Matrix for CNN + LSTM

True \ Predicted Relaxed Task

Relaxed 440 40
Task 35 435

Table 5. Confusion Matrix for CNN + LSTM + Frequency
Fusion

True \ Predicted Relaxed Task

Relaxed 455 25
Task 28 442

Table 6. Confusion Matrix for Proposed Model

True \ Predicted Relaxed Task

Relaxed 470 10
Task 14 456

However, it misclassifies 60 relaxed samples as
task-related and 55 task samples as relaxed,
as shown in Table 3. These errors suggest
that, while CNN captures spatial EEG features, it
struggles with temporal dependencies and subtle
state transitions in EEG data.

Following the analysis of the CNN (Time)
model, we present the confusion matrix for
the CNN + LSTM architecture in Table 4.
This matrix highlights the improvements gained
by incorporating temporal modeling into the
classification process.

Adding LSTM layers enhances the model’s
ability to capture temporal dynamics within the
EEG signal. This results in improved classification
performance, with an accuracy of 91.5% and
F1-score of 0.91. The number of misclassified
relaxed samples drops from 60 to 40, and task
misclassifications reduce from 55 to 35, as shown
in Table 4. This demonstrates the benefit of

Table 7. Confusion Matrix for Transformer Encoder

True \ Predicted Relaxed Task

Relaxed 406 78
Task 66 404

temporal modeling in the classification of EEG
signals.

Extending the previous models, the confusion
matrix for the CNN + LSTM + Frequency Fusion
approach is shown in Table 5. This fusion strategy
further enhances the model’s ability to discriminate
between classes by leveraging complementary
spectral information.

This dual-branch architecture incorporates
frequency-domain features (bandpower across
delta, theta, alpha, beta, and gamma bands),
resulting in an accuracy of 93.2% and F1-score of
0.93. Compared to the previous model, both types
of errors decrease: relaxed misclassifications
reduce to 25, and task misclassifications to 28,
as shown in Table 5. Frequency features provide
complementary information to time-domain
patterns, enhancing the discriminative capacity of
the model.

Finally, the confusion matrix for the proposed
model, which integrates convolutional, recurrent,
frequency-domain fusion, and attention
mechanisms, is shown in Table 6. This
comprehensive architecture achieves the highest
classification accuracy by effectively capturing and
weighting spatiotemporal and spectral features.

The final proposed model integrates both
time and frequency-domain features, enhanced
with attention gates and multi-head attention
mechanisms. It achieves the highest performance,
with 95.2% accuracy and 0.95 F1-score. Only
10 relaxed and 14 task samples are misclassified,
as shown in Table 6, showing that attention
mechanisms effectively highlight relevant patterns,
increasing both precision and recall.

To evaluate the learning dynamics of the
proposed model, we present the training and
validation accuracy and loss curves, which reveal
its performance progression over time as follows:

The initial training iteration of the proposed
method exhibited an accuracy of 73.68% and
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Fig. 2. Evolution of training and validation accuracy.

Fig. 3. Evolution of training and validation loss.

Table 8. Comparison Between Proposed Model and
Transformer-Based Variant

Model Accuracy F1-score Errors (FN / FP)

Proposed Model 95.2% 0.95 10 / 14
+ Transformer Encoder 81.0% 0.80 78 / 66

a loss of 0.5662; as the training progressed,
the cross-entropy loss decreased, indicating that
the predicted probabilities for the correct classes
improved. The validation accuracy peaked
at 95.2% as shown in Figure 2, while the
corresponding validation loss reached 0.2032 as
shown in Figure 3.

These results suggest that the model
generalized well to unseen validation data
and avoided overfitting due to the progressive
architectural enhancements, from CNN-LSTM,
frequency fusion, and finally attention,
demonstrate the effectiveness of each component.
Temporal modeling and spectral features
significantly improve classification accuracy,

while attention mechanisms further refine feature
selection and model focus.

The proposed architecture significantly
outperformed all baseline configurations. The
multi-head attention mechanism contributed
to learning long-term dependencies, while
frequency features provided critical spectral
insights. The attention gates improved robustness
by dynamically weighting feature importance. In
general, the results validate the effectiveness
of hybrid time-frequency fusion enhanced with
attention mechanisms for EEG-based cognitive
state classification.

4.2 Ablation Study

To evaluate the effect of replacing recurrent
layers with self-attention mechanisms in our EEG
classification architecture, we performed a focused
ablation study comparing our Proposed Model and
a variant that uses a Transformer Encoder in place
of the LSTM layer. Both models were trained under
identical conditions and evaluated on the same
dataset to ensure a fair comparison.

Table 7 shows the confusion matrix for the
Transformer Encoder variant, highlighting its
classification performance and illustrating the
impact of substituting recurrent layers with
self-attention.

The model correctly classified 406 relaxed
samples and 404 task samples, while
misclassifying 78 relaxed samples as task and 66
task samples as relaxed. This pattern highlights
challenges in discriminating these cognitive states
using self-attention mechanisms alone.

Table 8 summarizes the results, including
classification accuracy, F1-score, and the number
of classification errors (False Negatives / False
Positives).

The Proposed Model, which integrates
convolutional layers, LSTM for temporal
modeling, and frequency fusion, achieved superior
performance with 95.2% accuracy and an F1-score
of 0.95. In contrast, the Transformer-based variant
yielded significantly lower performance, with only
81.0% accuracy and an F1-score of 0.80, along
with a substantial increase in classification errors.
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This performance gap can be attributed to
several factors:

— EEG signals typically exhibit short-range
temporal dependencies that LSTM
layers capture effectively, whereas global
attention in Transformers may dilute such
localized patterns.

— Transformers generally require larger datasets
to generalize well; the limited size of our EEG
dataset may have hindered the learning of
meaningful attention representations.

— Without domain-specific adaptations such as
refined positional encoding or hybrid inductive
biases, Transformers may struggle to capture
the fine-grained temporal dynamics essential
for EEG classification.

These results indicate that, within our
experimental conditions, LSTM-based
temporal modeling remains more effective
than Transformer-based attention for EEG
classification tasks.

5 Statistical Analysis

To statistically compare the performance of the
Proposed Model and the Transformer Encoder
variant on paired binary classification outcomes,
we applied McNemar’s test with continuity
correction. This test assesses whether the
differences in prediction disagreements between
the two classifiers are statistically significant.

The hypotheses for the test are as follows:

— H0: Both models have the same proportion of
errors.

— H1: The two models have different proportions
of errors.

In the first analysis, we compared the
Proposed Model (Model 1) against the
CNN+LSTM+Frequency Fusion variant (Model 2).
The number of samples where Model 1 was
correct and Model 2 incorrect was b = 979, and the
number of samples where Model 1 was incorrect
and Model 2 correct was c = 921.

The McNemar test statistic with continuity
correction is shown in 7:

χ
2
=

(|b− c| − 1)2

b + c
=

(|979− 921| − 1)2

979 + 921
≈ 1.71. (7)

This yields a p-value of approximately 0.19.
Since this value is greater than the standard
significance level of α = 0.05, we fail to reject the
null hypothesis. Therefore, there is no statistically
significant difference in performance between the
Proposed Model and the CNN+LSTM+Frequency
Fusion variant.

In the second analysis, the Proposed Model
(Model 1) was compared against the Transformer
Encoder-based variant (Model 2). Model 1 was
correct while Model 2 was incorrect for b = 1070
samples, and the opposite occurred for c = 834
samples.

The McNemar test statistic with continuity
correction is calculated as in 8:

χ2 =
(|1070− 834| − 1)2

1070 + 834
≈ 29.0. (8)

This corresponds to a p-value less than 0.0001,
which is highly statistically significant. Thus,
we reject the null hypothesis and conclude that
there is a significant difference in performance
between the Proposed Model and the Transformer
Encoder-based variant.

Based on the results of McNemar’s test,
we conclude that the performance of the
Proposed Model is not significantly different
from the CNN+LSTM+Frequency Fusion variant
(p = 0.19). This suggests that both models
exhibit a comparable pattern of correct and
incorrect predictions on the test set. However, a
statistically significant difference was observed
between the Proposed Model and the Transformer
Encoder-based variant (p < 0.0001), indicating
that the Proposed Model outperforms the
Transformer-based approach in terms of
classification consistency. These findings support
the robustness of the Proposed Model, particularly
when compared to the Transformer-based variant.
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6 Concluding Remarks

In this study, we proposed a deep hybrid neural
architecture that integrates convolutional,
recurrent, and attention mechanisms for
EEG-based binary classification, leveraging a
time-frequency fusion approach. The model is
designed to capture both spectral and temporal
characteristics of EEG signals through the
complementary strengths of convolutional layers
for spatial feature extraction, recurrent layers
for temporal modeling, and attention modules
for adaptive feature weighting. In addition,
residual connections were incorporated to facilitate
gradient flow and mitigate vanishing gradient
issues, thereby improving the model’s training
stability and representational capacity.

The proposed method achieved a test accuracy
of 95.2%, demonstrating the effectiveness of
combining multi-scale neural operations and fusion
strategies in learning discriminative features from
EEG signals. An ablation study confirmed that
each architectural component contributed to the
overall performance. In particular, the inclusion
of LSTM layers significantly improved temporal
modeling, and frequency-domain fusion added
complementary spectral information that enhanced
the model’s discriminative power.

Although attention mechanisms were originally
expected to further improve performance,
replacing recurrent layers with Transformer
encoders resulted in a notable decline in
accuracy (dropping to 81%), indicating that
self-attention alone may not be optimal for
this type of short-length, highly non-stationary
biomedical time series. These findings highlight
the importance of tailoring model components to
the domain-specific properties of EEG data.

The McNemar test results reveal that there is
no statistically significant difference between the
Proposed Model and the CNN+LSTM+Frequency
Fusion variant (p = 0.19). This indicates that,
despite architectural differences, both models
produce similar classification outcomes on the
test set. In contrast, the comparison between
the Proposed Model and the Transformer
Encoder-based variant yielded a highly
significant difference (p < 0.0001), favoring

the Proposed Model. These results suggest
that the Proposed Model offers more reliable
predictions and maintains better consistency than
the Transformer-based approach, reinforcing its
suitability for EEG-based classification tasks.

Future work will focus on extending the current
binary classification framework to multi-class
scenarios, which are more representative
of real-world cognitive tasks. Additionally,
the deployment of the model in real-time
brain-computer interface (BCI) systems will
be explored, with special attention to latency,
computational efficiency, and robustness under
non-stationary signal conditions. Given the
limitations observed with Transformer-based
architectures in this study, future investigations
will also consider evaluating their performance on
larger-scale EEG datasets, where their ability to
model long-range dependencies may be better
leveraged. Finally, exploring lightweight attention
mechanisms and hybrid architectures adapted
for streaming data may further enhance real-time
applicability and generalization across subjects
and tasks.

Acknowledgments

This work was supported by the Instituto
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