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Abstract： 

Preventing and reducing traffic accidents is an 

urgent necessity for safeguarding public safety and 

societal development. Fatigued driving, as one of 

the core contributing factors, necessitates effective 

monitoring. Therefore, addressing issues such as 

weak model generalisation capability, complex 

parameter tuning, and difficulties in extracting EEG 

signal features within existing fatigued driving 

detection technologies, this paper proposes a multi-

modal EEG feature fusion-based driving fatigue 

detection model (MEFD-Net). This model 

comprises three sub-networks: (1) A time-domain 

feature extraction network utilises an enhanced 

BiLSTM with GeLU activation to capture temporal 

dynamics; (2) A time-invariant feature extraction 

network employs weighted adaptive multi-scale 

convolutions combined with residual connections 

and self-attention mechanisms; (3) The spatial-

frequency domain feature extraction network 

employs a pure convolutional architecture to extract 

spatial-frequency domain features. By integrating 

multi-dimensional EEG features, MEFD-Net 

achieves end-to-end classification without manual 

feature selection, enhancing both classification 

accuracy and fault tolerance. Experiments 

demonstrate that the proposed model exhibits 

superior performance in processing complex, 

unstable EEG signals, achieving average 

improvements of 7.09%, 5.56%, and 4.38% in 

detection accuracy, recall, and F1 score respectively, 

outperforming existing mainstream algorithms. 

Keywords: Deep Learning; Fatigue Driving 

Detection; EEG Signals; Multi-Modal Feature 

Fusion 

1 Introduction 

The rapid expansion of global vehicle ownership 
has prioritized road traffic safety as a critical public 
concern. Driver fatigue is a primary cause of severe 
accidents and necessitates the development of 
efficient detection technologies. While 
Electroencephalography (EEG) is a reliable 
indicator of neural activity, its application is 
hindered by inherent non-stationarity and multi-
domain coupling. Current methodologies often rely 
on manual feature engineering or single-modality 
deep learning and fail to capture the 
multidimensional complexity of EEG signals, 
resulting in limited robustness in dynamic 
environments. 

To address these challenges, this study proposes 
a multimodal EEG feature fusion network. The 
primary contributions are as follows: (1) A WGAN-
GP framework addresses data scarcity and class 
imbalance by generating balanced training samples 
to mitigate overfitting; (2) An enhanced BiLSTM 
network incorporating a Hybrid Attention 
Mechanism (HAM) and GeLU activation captures 
temporal dynamics while circumventing gradient 
degradation; (3) A Weighted Adaptive Multi-scale 
Convolutional Network (WACNet) utilizes a 
Saliency Encoder and self-attention to optimize 
feature weight distribution across varying scales; (4) 
A Pure Convolutional Neural Network (PCNN) 
extracts spatial-frequency features via multi-layer 
blocks and downsampling modules to ensure 
training stability; and (5) By integrating temporal, 
time-invariant, and spatial-frequency features, the 
proposed MEFD-Net demonstrates superior 
detection accuracy on the SEED-VIG dataset and 
significantly outperforms mainstream baselines. 

The paper is organized as follows: Section 2 
reviews related work; Section 3 details the proposed 
architecture and fusion strategy; Section 4 presents 
experimental validation; and Section 5. 
2. Literature Review 

Driver fatigue, characterized by diminished 
psychophysiological function due to prolonged 
operation, severely compromises traffic safety. 
Detection strategies are primarily classified into 
subjective and objective methods. Subjective 
assessments, such as the KSS and SSS [1], are cost-
effective but limited by inherent bias and lower 
reliability. Conversely, objective approaches, 
utilizing physiological (e.g., EEG, ECG) and 
behavioral metrics (e.g., blink rate, trajectory), 
provide a more accurate and robust quantification of 
the driver's state [2]. 

To obtain more objective and reliable assessment 
results, numerous researchers have turned to 
objective detection methods. 

Firstly, research on non-contact fatigue detection 
primarily focuses on the analysis of facial visual 
features and vehicle operational behaviors. 
Methodologies range from monitoring specific 
maneuvers like acceleration and braking [3] and 
standardized driving patterns [5], to extracting 
facial indicators via skin tone and orbital analysis 
[4]. Algorithmic approaches include applying k-
nearest neighbors to real-world data [6], fusing 
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image and vehicle features via clustering [7], and 
deploying lightweight frameworks for multi-task 
detection [8]. Additionally, enhanced deep learning 
architectures, such as YOLOv3-tiny, have been 
utilized for ocular and mouth feature analysis [9]. 
Collectively, existing research predominantly 
employs traditional machine learning or modified 
deep learning algorithms to process single or 
limited multimodal features. 

Secondly, vehicle-based fatigue detection 
indirectly assesses driver state via lateral and 
longitudinal control metrics. Methodologies include 
microcontroller-based sensor systems for parameter 
monitoring [10], DMS/GPS integration for duration 
analysis [11], and non-linear SVMs for lane 
departure prediction [12]. Additionally, entropy 
features derived from steering angles have been 
employed for real-time binary state discrimination 
[13]. Collectively, these approaches leverage 
vehicle telemetry integrated with traditional 
machine learning or embedded systems to identify 
anomalous driving dynamics. 

Furthermore, acoustic-based detection predicates 
on the hypothesis that fatigue-induced 
neuromuscular impairments manifest as discernible 
alterations in speech patterns. Methodologies have 
progressed from utilizing NLD and spectral features 
for ensemble classification [14] and remote 
estimation [15], to optimizing openSMILE feature 
sets for specific domains like air traffic control [16]. 
Advanced computational strategies include 
employing deep learning for latent feature 
extraction [17] and utilizing adaptive quantum 
genetic algorithms to optimize heterogeneous 
ensemble learners [20]. Notably, multimodal fusion 
has emerged as a key trend, integrating vocal signals 
with ocular metrics (e.g., PERCLOS) via Fuzzy 
SVMs [18] and Bi-LSTM networks [19] to 
maximize detection robustness. Overall, existing 
literature primarily focuses on preprocessing 
signals for MFCC and NLD extraction, 
subsequently processing them through machine 
learning or deep learning frameworks to infer 
fatigue states. 

Finally, physiological monitoring is regarded as 
the "gold standard" for fatigue detection, directly 
quantifying CNS and ANS activity via intrinsic 
fluctuations in biological markers. Methodologies 
have diversified across signal modalities: 
Cardiovascular approaches utilise hierarchical 
transformers for ECG/HRV analysis [21] and 
integrate ECG with video [22] or EEG [23] for 
multimodal assessment. Ocular-based (EOG) 
studies focus on extracting blink dynamics [24,25] 
and monitoring long-term alertness via wearable 
sensors [26]. Muscular (EMG) research has 
advanced through portable acquisition systems [27], 

non-contact fusion with ECG using complexity 
analysis [28], and optimized support vector 
classification [29]. Furthermore, Neural (EEG) 
analysis remains pivotal, employing dry electrodes 
with power spectral density and entropy metrics 
[30], flexible wavelet transforms [31], and specific 
frequency band evaluations [32] to robustly 
distinguish fatigue states. 

Despite these advancements, significant 
limitations remain: (1) The predominant reliance on 
manual feature extraction or single modalities fails 
to capture the multidimensional complexity of EEG 
signals, limiting generalization in dynamic driving 
scenarios; (2) Existing fusion strategies often lack 
deep integration across time-domain, time-invariant, 
and spatial-frequency features, resulting in 
suboptimal information utilization and reduced 
robustness; (3) Current algorithms inadequately 
address the inherent non-stationarity and inter-
subject variability of EEG data, leading to 
classification biases; and (4) The scarcity of fatigue 
samples and resulting class imbalance are rarely 
mitigated by systematic data augmentation, 
rendering models susceptible to overfitting. 

To address these challenges, this study proposes 
a multimodal EEG feature fusion framework. By 
integrating an enhanced bidirectional LSTM, 
weighted adaptive multi-scale convolutions, and 
pure convolutional spatial-frequency feature 
extraction, the model achieves precise, end-to-end 
fatigue detection. This approach effectively 
enhances feature extraction and generalization for 
non-linear, non-stationary signals, establishing a 
robust theoretical foundation for real-time, adaptive 
driving safety systems. 
3  Experiment 

3.1  Experimental data sets 

3.1.1 Dataset 
The experimental data utilised in this study were 

obtained from the SEED-VIG dataset [33], a widely 
validated benchmark for fatigue detection research. 
This dataset comprises EEG and electrooculogram 
(EOG) recordings from 23 subjects in a simulated 
driving environment. Data were acquired across 17 
channels at a sampling rate of 200 Hz over a 
duration of 118 minutes per subject, yielding a 
cumulative 7,080 minutes of recording. Fatigue 
states are annotated using the PERCLOS index, a 
robust objective metric updated every 8 seconds, 
resulting in 885 labels per subject. 

To validate model performance, ground truth 
calibration is essential. This study adopts the 
PERCLOS method proposed by Gao X Y [34], 
which quantifies fatigue based on the percentage of 
eye closure over a specific interval. The formula is 
defined as: 𝑃ܱܵܮܥܴܧ = ܾ݈݅݊݇ + ݈ܽݒݎ݁ݐܱ݊݅ܵܮܥ (1) 
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݈ܽݒݎ݁ݐ݊݅ = ܾ݈݅݊݇ + ܱܵܮܥ + ݊݋݅ݐܽݔ݂݅ +  (2)݁݀ܽܿܿܽݏ

Where:ܾ݈݅݊݇ is blink duration; ܱܵܮܥ is Closing 
eyes time; ;is total time  ݈ܽݒݎ݁ݐ݊݅   is  ݊݋݅ݐܽݔ݂݅ 
fixation state of the eye; ݁݀ܽܿܿܽݏ is saccade state 
of the eye. 
3.1.2  Data preprocessing 

In this paper, band-pass filters with different 
frequency ranges are used to filter EEG signals to 
obtain δ-wave, θ-wave, α-wave, β-wave and γ-wave 
EEG signals. Secondly, in order to improve the 
stability of model training and the balance of 
samples, this paper uses WGAN-GP for data 
enhancement. WGAN-GP enforces Lipschitz 
constraints by introducing gradient penalty, thereby 
reducing instability during training. Different from 
the adversarial training of generator G and 
discriminator D in traditional GAN, WGAN-GP 
adds an additional penalty term to the loss function 
to optimize the training process. The specific form 
of the loss function is : minmaxఏಸ X௥)ܮ , X௚) = ॱ௫ೝ∼௑ೝ[log(ܦ(ݔ௥))] (3) −ॱ௫೒∼௑೒ [log [((௚ݔ)ܦ) + 2||(ݔ̂)ܦॱ௫̂∼௑̂[(||∇௫̂ߣ − 1)2 (4) 

Where: ܺ௥   is real data distribution; ௚ܺ  is 
generated data distribution respectively; ீߠ  is 
trainable parameters of the generator; ߠ஽  is 
trainable parameters of discriminator; ߣ  is a 
hyperparameter that controls the trade-off between 
the original target and the gradient penalty ; ̂ݔ is 
interpolation between real data and generated data; ∇௫̂(ݔ̂)ܦ is the gradient of the discriminator output 
interpolation. 

In addition, this paper also calculates the 
differential entropy feature, which is a feature that 
represents the logarithm of the energy spectrum of 
a specific frequency band. It is assumed that the 
EEG signal corresponding to the channel of each 
frequency band conforms to the Gaussian 
distribution. The calculation formula of differential 
entropy is : ܧܦ = − ∫ ݋݈(ݔ)݌ ((ݔ)݌)݃ ௔ݔ݀

௕ ܧܦ (5) = − ∫ 2ߪߨ2√1 ݁−(௫−ఓ)22ఙ2 ݋݈ ݃ ( 2ߪߨ2√1 ݁−(௫−ఓ)22ఙ2 ) ௔ݔ݀
௕ (6) 

Where, ݔ is EEG signal characteristics; (ݔ)݌ 
is probability density function, respectively; [ܽ，ܾ] is range of values. 

Substituting the probability density function 
into DE, the formula is as follows : ܧܦ = 12 (௜2ߪ݁ߨ2)݃݋݈ (7) 
3.2  MEFD-Net model design  

3.2.1  Network architecture 

As illustrated in Fig. 1, the proposed MEFD-
Net orchestrates three specialized sub-networks to 
synthesize multidimensional EEG features. First, an 
enhanced BiLSTM incorporating GeLU activation 

captures temporal signal dynamics. Second, a time-
invariant network employs Weighted Adaptive 
Multi-scale Convolution (WAMC) coupled with 
residual connections and self-attention mechanisms 
to extract robust multi-scale representations. Finally, 
a pure convolutional architecture isolates spatial-
frequency characteristics. This synergistic fusion 
enables precise driver fatigue assessment and 
enhances operational safety. 

 
Fig.1. Structure diagram of multimodal EEG 

feature fusion network 

3.2.2 Time domain feature extraction 

Time-domain features refer to the changing 
characteristics of signals on the time axis. For EEG 
signals, these features can reveal the temporal 
dynamics of brain activity and are crucial for 
understanding and analyzing brain states. When 
extracting these features, this paper proposes an 
improved time-domain feature extraction network 
HG-BiLSTM of bidirectional long short-term 
memory network, which strengthens the feature 
extraction ability of the network through the mixed 
attention mechanism, and optimizes the feature 
processing by combining the GeLU activation 
function. 

The traditional recurrent neural network (RNN) 
has limitations in processing time series data, and 
GRU and LSTM [35], as their improved versions, 
can capture the characteristics of time series more 
effectively. It solves the problem of gradient 
disappearance when the recurrent neural network 
processes long sequence data. The structure of the 
LSTM network is shown in Fig. 2. 
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Fig. 2 LSTM network structure diagram 

However, although LSTM can remember long-
term information, it cannot fully understand the 
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context of the entire data sequence. Compared with 
traditional LSTM, BiLSTM processes the input 
sequence through two independent LSTM layers to 
capture features from two directions. The forward 
LSTM processes the input from left to right, while 
the reverse LSTM processes the input from right to 
left, so that the network can comprehensively 
consider the information of the sequence. 
Specifically, the forward-propagating LSTM unit 
processes the input sequence in chronological order. 
At each time step ݐ, the forward LSTM calculates 
the hidden state ℎₜ  and the unit state ܿₜ  through 
the following formula : ݅௧ = )ߪ ௜ܹ௫ݔ௧ + ௜ܹℎℎ௧−1 + ܾ௜) (8) ௧݂ = )ߪ ௙ܹ௫ݔ௧ + ௙ܹℎℎ௧−1 + ௙ܾ) ௧݋ (9) = )ߪ ௢ܹ௫ݔ௧ + ௢ܹℎℎ௧−1 + ܾ௢) (10) ܿ̃௧ = ݊ܽݐ ℎ( ௖ܹ௫ݔ௧ + ௖ܹℎℎ௧−1 + ܾ௖) (11) ܿ௧ = ௧݂ ⊙ ܿ௧−1 + ݅௧ ⊙ ܿ̃௧ (12) ℎ௧ = ௧݋ ⊙ ݊ܽݐ ℎ(ܿ௧) (13) 

Where: ݅௧  is input gate; ௧݂  is forgetting gate; ݋௧ is output gate; ܿ̃௧ is candidate state of current 
information; ߪ   is ܵ݅݃݉݊ܽݐ ; ݊݋݅ݐܿ݊ݑ݂ ݀݅݋ℎ  is 
hyperbolic tangent functions. 

The reverse LSTM uses the opposite time 
sequence to analyze the input sequence, and its 
hidden state ℎₜ′  and unit state ܿₜ′  are calculated 
by the gating mechanism of the same structure. 
Finally, the hidden states of the two directions of the 
network connection form a feature representation ݕ௧ = [ℎ௧; ℎ௧′ ] , which combines the forward and 
reverse information. The structure of BiLSTM is 
shown in Fig. 3. 
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Fig. 3 BiLSTM structure diagram 

In order to further strengthen the feature 
extraction ability of the network, this paper 
introduces a hybrid attention mechanism to capture 
the interaction between features. The purpose is to 
pay attention to the time dimension and feature 
dimension of the data at the same time, and improve 
the ability of the model to capture multivariate time 
series information. The structure of HAM is shown 
in Fig. 4. 

MLP

Conc Conv σ

σ+

Input F Output F 

[AvgPool,MaxPool]

[AvgPool,MaxPool]

Channel Attention

Spatial Attention

Mc(F)

Ms(F)  

Fig. 4 HAM structure diagram 

The Hybrid Attention Mechanism (HAM) 
integrates channel and spatial attention modules to 
optimize multi-dimensional time-series analysis. 
The channel attention module derives feature 
weights via average and maximum pooling, 
processed through a multi-layer perceptron and 
sigmoid activation. Concurrently, the spatial 
attention module emphasizes temporal significance 
utilizing pooling and convolutional layers. This 
parallel architecture minimizes inter-dimensional 
interference and enhances feature representation. 
The mathematical formulation is defined as follows: (ܨ)ܿܯ = ߪ ((ܨ)݈݋݋𝑃݁ݒܣ)𝑃ܮܯ) + (((ܨ)݈݋݋𝑃ݔܽܯ)𝑃ܮܯ (ܨ)ݏܯ (14) = ,(ܨ)݈݋݋𝑃݁ݒܣ]݊݊݋ܥ)ݒ݊݋ܥ)ߪ (([(ܨ)݈݋݋𝑃ݔܽܯ ′ܨ (15) = (ܨ)ܿܯ ⊗ ܨ ⊗ (ܨ)ݏܯ (16) 

Where: ߪ  is ݀݅݋݉݃݅ݏ  activation function; ܮܯ𝑃  is multi-layer perceptron; ݒ݊݋ܥ  is 
convolution operation; ݊݊݋ܥ  is connection 
operation; ܿܯ is output of channel attention; ݏܯ 
is output of spatial attention; ݁ݒܣ𝑃݈݋݋ is average 
pooling; ݔܽܯ𝑃݈݋݋ is maximum pooling. 

When using BiLSTM, the gradient sometimes 
disappears, which significantly affects the detection 
effect. The ܷܮ݁ܩ  activation function is used to 
calculate and process the output features, which can 
effectively avoid the disappearance of the gradient. 
Therefore, the output result is finally realized by the ܷܮ݁ܩ  activation function ܩ . The formula is as 
follows: (ݔ)ܷܮܧܩ = ܺ)𝑃ݔ ≤ (ݔ (ݔ)ܷܮܧܩ (17) = ݔ0.5 (1 + ℎ݊ܽݐ ߨ2√] ݔ) + ([(3ݔ0.044715 ݐݑ݋ (18) = 𝑃௜)ܩ + 𝑃௜′) (19) 

Where: ݔ is input value; ܺ is Gaussian random 
variable with zero mean and unit variance; 𝑃(ܺ  is the probability that ܺ is less than or equal to (ݔ≥
the given value ݔ  ; 𝑃௜  is output sequence of the 
forward propagation layer; 𝑃௜′  is output sequence 
of the back propagation layer. 
3.2.3 Time invariant feature extraction 

This study introduces the Weighted Adaptive 
Multi-scale Convolutional Network (WACNet) to 
extract time-invariant EEG characteristics. As 
illustrated in Fig. 5, the architecture integrates a 
Weighted Adaptive Multi-scale Convolution 
Module (WAMCM), three parallel enhanced Fully 
Convolutional Networks (FCNs), and a self-
attention mechanism. The WAMCM leverages 
diverse kernel sizes to capture multi-scale features, 
while the parallel FCN branches utilise distinct 
receptive fields and Squeeze-and-Excitation (SE) 
modules for feature refinement. Structurally, each 
processing block comprises sequential convolution, 
batch normalization, and Rectified Linear Unit 
(ReLU) layers to optimize feature extraction. 
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Fig. 5 Structure diagram of weighted adaptive 

multi-scale convolutional network 

The WAMCM module captures multi-scale 
features by applying convolution kernels of 
different sizes. The size of these convolution kernels 
gradually increases from 2 to 16, and is divided into 
three groups : small, medium and large, each group 
contains five convolution kernels of different sizes. 
The feature maps extracted by these convolution 
kernels are given different weights, and the final 
output is obtained by weighted summation, as 
shown in Fig. 6. 

 
Fig. 6 WAMCM module structure diagram 

Let ܨ = [f1, f2, ⋯ , f௖] ∈ ܴe×t×c  denote the 
feature graph, where c denotes the number of 
feature channels, and ݁ ×  denotes the spatial  ݐ
dimension. The weighted adaptive multi-scale 
convolution calculation formula is as follows : 0ܨ == ∑ ௜5ݓ

௜=1 • ௜ܨ (20) 

∑ ௜5ݓ
௜=1 = 1 (21) 

Where: ܨ௜ is the feature map obtained by each 
individual convolution in each convolution group; ܨ௢  is the output feature map of each convolution 
layer; ݓ = ,1ݓ] ,2ݓ . . . , [5ݓ ∈ ܴ5  is trainable 
weight vector. 

Each enhanced FCN integrates a traditional 
architecture with an enhancement module, 
employing three distinct convolutional kernel sizes 
across parallel pathways to extract features from 
varying receptive fields. Additionally, a Squeeze-
and-Excitation (SE) module is incorporated to 
dynamically recalibrate channel weights by 
explicitly modeling channel interdependencies. The 

SE mechanism consists of three primary operations. 
Firstly, the compression operation ܨ௦௤  uses 

global average pooling to compress global spatial 
information into channel statistics. Suppose that ܷ = ,1ݑ] 2ݑ … , [௖ݑ ∈ ܴு×ௐ×஼  denotes the input 
feature map, where ܥ  denotes the number of 
feature channels and ܪ × ܹ  denotes the spatial 
dimension. The calculation formula of compression 
operation is as follows : ݖ஼ = ௦௤(u஼)ܨ = ܪ1 × ܹ ∑ ∑ ஼ௐݑ

௝=1
ு

௜=1 (݅, ݆) (22) 
Where: z = ,1ݖ] ,2ݖ ⋯ , [஼ݖ ∈ ܴ஼  is one-

dimensional channel descriptor. 
Second, the excitation operation ܨ௘௫ is a gating 

mechanism with S-shaped activation to capture the 
channel dependence from ݖ . The formula is as 
follows : ݏ = ,௘௫(zܨ W) = ((W1z)ߜW2)ߪ (23) 

Where: ߪ  is ݀݅݋݉݃݅ݏ  function; ߜ  is ܴܷ݁ܮ 

function, respectively; W1 ∈ Rrcr×C
  is the weight 

matrix of the dimension reduction layer; W2 ∈RC×cr is the weight matrix of the dimension increase 
layer; ܴ is dimension reduction ratio. 

Thirdly, the rescaling operation ܨsc௔௟௘  scale 
uses the channel multiplication between the feature 
map u஼ and the scale ݏ஼ to restore the weighted 
channel descriptor to the original dimension : Ũ஼ = ௦௖௔௟௘(u஼ܨ , (஼ݏ = ஼ݏ • u஼ (24) 

Where: Ũ஼ = [ũ1, ũ2, ⋯ , ũ஼] ∈ ܴு×ௐ×஼ is channel-
wise reweighted feature maps. 

The convolution operation in the convolution 
block uses three one-dimensional convolutions with 
kernel sizes of 8、5 and 3, respectively. In addition, 
the number of filters in the three cores is 128、256 
and 128, respectively. The residual connection is 
applied between the output of the SE block and the 
output of the traditional FCN to improve the 
performance of the model. The calculation formula 
of convolution block is as follows : ݕ = ܹ ⊗ ݔ + ܾ ݏ (25) = (ݕ)ܰܤ (26) ℎ = (ݏ)ܷܮܴ݁ (27) 

Where:  ܹ  is weight matrix; ܾ  is deviation; ܰܤ  = batch normalization operation; ܴܷ݁ܮ  is 
corrected linear unit activation function. 

Finally, the self-attention module is used to re-
weight the output of the final feature. The 
calculation formula is as follows : ݊݋݅ݐ݊݁ݐݐܣ(ܳ̃, ,ܭ̃ ܸ̃) = ݔܽ݉ݐ݂݋ݏ ௞݀√்ܭ̃̃ܳ) ) ܸ̃ (28) ܳ̃ = ܳ ொܹ, ܭ̃ = ܭ ௄ܹ , ܸ̃ = ܸ ௏ܹ (29) 

Where: ܳ = ܭ = ܸ ∈ ܴ஼ is a subset of ܫ ∈ ܴ஼; ܫ  is output vector of the global average pooling 
layer; ொܹ is trainable linear mapping matrix; ௄ܹ 
is trainable linear mapping matrix; ௏ܹ ∈ ܴ஼×஼ is 
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trainable linear mapping matrix; ܳ̃  is mapping 
vector; ̃ܭ  is mapping vector; ܸ̃ ∈ ܴ஼  represent 
the mapping vector; ݀௞ is the dimension of ܫ . 
3.2.4 Spatial frequency domain feature 
extraction 

This paper proposes a Pure Convolutional Neural 
Network (PCNN) to extract spatial-frequency 
features from EEG signals. The architecture 
comprises input, feature extraction, and output 
modules. The input module expands 5-channel 
features to 96 channels via a 4×4 convolutional 
block, utilizing batch processing and LayerNorm 
for stabilization. The feature extraction module 
incorporates sequential down-sampling and 
processing stages to capture key features while 
mitigating overfitting. Specifically, down-sampling 
employs initial 4×4 kernels followed by 2×2 spatial 
reductions, integrated with BatchNorm and 
LayerNorm to ensure training stability. 

The input feature ܺ = ( 1ܺ, ܺ2, . . . , ܺே)  is 
defined, and the size of each input feature is (ܥ, ,ܪ ܹ) , where ܰ  represents the batch size, ܥ 
represents the channel size of the input, ܪ 
represents the height of the feature, and ܹ 
represents the width of the feature. The convolution 
layer calculation formula is as follows : ௜݂ = )ܩ ௖ܹ ∗ ܺ) (30) 

Where: ܩ = activation function ; ௖ܹ = weight 
value. 

The downsampling module consists of n (1≤n≤
3) convolution blocks, as shown in Fig. 7. The size 
of the first convolution kernel is 4×4, and the size 
of the subsequent convolution kernel is 2×2, which 
is used for spatial downsampling. The establishment 
of the down-sampling layer in the feature extraction 
process can avoid model over-fitting and reduce the 
data size as much as possible to extract useful 
feature information. In addition, adding BatchNorm 
and LayerNorm can stabilize the model training 
time. 

 
Fig. 7. Downsampling module 

The Stage module is stacked by multiple 
network layers, and each network layer consists of 
multiple block modules. These block modules are 
connected by residuals to keep the number of input 
and output channels consistent. For example, the 
first network layer contains ݊ Block modules, and 
the input and output channels of the convolutional 
layer of each module are 192 ; the second network 
layer has ݊ × ݊ Block modules, and the number of 
input and output channels of the convolutional layer 
is 384. The third network layer contains ݊ × ݊ × ݊ 

Block modules, and the number of input and output 
channels of the convolution kernel is 96 / 192 / 384. 
As shown in Fig. 8. 

 
Fig. 8. Stage module 

Each block utilizes depthwise separable 
convolutions to reduce model complexity, 
reinforced by BatchNorm and LayerNorm for 
training stability. Furthermore, the architecture 
integrates a ResNeXt module (Fig. 9) to facilitate 
identity mapping, thereby enhancing deep 
adaptability and preventing performance 
degradation. 

 
Fig. 9. Block module 

3.2.5 Feature fusion 

This paper proposes a multi-modal feature 
fusion network. For time series features, the input 
sequence is defined as ܼ = (ܼ1, Z, . . . , ܼே) ∈ܴே∗1∗௅௘௡, ܰ is the batch size, and ݊݁ܮ represents 
the length of the time series features. For time-
invariant features, input features ܻ =( 1ܻ, 2ܻ, . . . , ேܻ) , and then use the time-invariant 
feature extraction network to calculate the input 
features. For spatial frequency domain features, the 
input feature is ܺ = ( 1ܺ, ܺ2, . . . , ܺே) . Then, the 
input features are calculated by the spatial 
frequency domain feature extraction network to 
obtain another set of output results. Here, this paper 
combines time series features, time invariant 
features and spatial frequency domain features. The 
formula is as follows : ܥ = )ݐܽܿ݊݋ܥ 1ܱ, ܱ2, ܱ3) ∈ ܴே∗2∗ு∗ௐ (31) 

Where: 1ܱ  is feature output of the temporal 
feature extraction network; ܱ2 is feature output of 
the time-invariant feature extraction network; ܱ3 
is feature output of the spatial frequency domain 
feature extraction network; ݐܽܿ݊݋ܥ is sum of the 
feature outputs of the two networks. 

In this paper, mean square error ( MSE ) is used 
as the loss function. The formula is as follows. ܧܵܯ = 1݉ ௜ݕ)∑ − ௜′)2௠ݕ

௜=1 (32) 
Where: ݕ௜ is actual value; ݕ௜′ is predicted value; ݉ is data size. 

  Time invariant featuresTime series features Spatial frequency domain features

Combined features

Flatten
...

...

Fully connected Layer

Output
Classification 

block
Max pooling Layer(Global)

Connect
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Fig.10. Schematic diagram of feature fusion 

4 Experimental result analysis 

4.1 Experimental environment configuration 

To rigorously evaluate the MEFD-Net model, a 
series of comparative experiments were conducted 
against mainstream algorithms, verifying 
performance and stability under varying conditions. 
The experimental configuration is detailed in Table 
1. 

Optimal hyperparameter settings were 
determined through iterative testing. The Adam 
optimizer with a learning rate of 0.001 yielded 
superior training results. The training protocol 
specified 200 iterations and a batch size of 32 to 
balance efficiency with performance. To mitigate 
overfitting, a dropout rate of 0.8 was applied. 
Furthermore, 64 LSTM units were employed to 
capture complex temporal patterns. The Mean 
Squared Error (MSE) served as the loss function to 
quantify the divergence between predicted and 
ground truth values. 

Table 1 Experiment environment configuration 
Operating Environment Detailed Configuration 

System Windows 11 

Graphics Card 
NVIDIA GeForce GTX 

2080 Ti 
RAM 40G 

VRAM 11G 

CUDA Version 10.2 

Development Language Python 3.8 

Deep Learning Framework PyTorch 1.8 

4.2 Experimental Evaluation Indicators 

In order to accurately evaluate the performance 
of the MEFD-Net model, this paper uses five 
indicators to evaluate the performance of the model : 
Accuracy, Precision, Recall, Missrate and F1-score. 
The calculation formulas of these indicators are as 
follows : ݕܿܽݎݑܿܿܣ = ܶ𝑃 + ܶܰܶ𝑃 + 𝑃ܨ + ܰܨ + ܶܰ (33) 𝑃݊݋݅ݏ݅ܿ݁ݎ = ܶ𝑃ܶ𝑃 + 𝑃ܨ (34) ܴ݈݈݁ܿܽ = ܶ𝑃ܶ𝑃 + ܰܨ ݁ݐܽݎݏݏ݅ܯ (35) = 1 − ܴ݈݈݁ܿܽ 1௦௖௢௥௘ܨ (36) = 2 ∗ 𝑃݊݋݅ݏ݅ܿ݁ݎ ∗ ܴ݈݈݁ܿܽ𝑃݊݋݅ݏ݅ܿ݁ݎ + ܴ݈݈݁ܿܽ (37) 

Where: TP is correct recognition of normal state; 
TN is correct recognition of fatigue state; FP is 
incorrect recognition of normal state; FN is 
incorrect recognition of fatigue state. 
4.3 Experimental contrast analyses 

To evaluate the efficacy of the temporal feature 
extraction network, a comparative analysis against 
standard time-series models including BiRNN, 
BiLSTM, BiGRU, tanh-BiLSTM, and elu-BiLSTM 
was conducted as illustrated in Fig. 11. Results 
indicate that advanced BiLSTM and BiGRU 
architectures outperform traditional BiRNNs. 
Notably, the elu-BiLSTM exhibited strong non-
linear processing capabilities. However, the 

proposed HG-BiLSTM achieved the highest 
accuracy, validating that the integration of the 
Hybrid Attention Mechanism and GeLU activation 
function significantly enhances fatigue detection 
performance. 

 
Fig. 11. Comparison experiment results of 

temporal feature extraction network 

In order to verify the effect of time-invariant 
feature extraction network ( WACNet ) and analyze 
its influence on the accuracy of fatigue state 
detection, this paper designs a series of comparative 
experiments. These experiments combine time 
series models to evaluate the performance of time-
invariant feature extraction networks in fatigue state 
detection. The experimental results are shown in 
Fig. 12. In the experiment, several commonly used 
time series processing models and the improved 
HG-BiLSTM are selected and combined with the 
time-invariant feature extraction model proposed in 
this paper. Based on the analysis results of Fig. 11 
and Fig. 12, it is found that all the time series feature 
networks combined with time-invariant features 
have improved classification performance. Among 
them, the combination of HG-BiLSTM and 
WACNet improved in this paper performs best in 
these models, which shows that the time-invariant 
feature extraction network WACNet proposed in 
this paper is effective. At the same time, the 
combination of the temporal feature extraction 
network and the time-invariant feature extraction 
network proposed in this paper can play the best 
effect and improve the detection effect of the overall 
model on the fatigue state. 
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Fig. 12. The influence of time-invariant feature 

extraction network on fatigue state detection 

accuracy 

4.3 Ablation experimental analysis 

In order to verify the influence of spatial 
frequency domain feature extraction network on 
model performance and further understand the 
improvement effect of time series features and time 
invariant features on model accuracy. The ablation 
experiment was designed to analyze its influence on 
the accuracy of fatigue state detection. The 
experimental results are shown in Table 2. 

Table 2 MEFD-Net Ablation Experiments 

Mo

del 

HG-

BiLS

TM 

WA

CNet 

PC

NN 

Accu

racy 

Preci

sion 

Rec

all 

Miss

rate 

F1-

scor

e 

1 ★   
72.71

% 

65.12

% 

71.8

4% 

28.1

7% 

68.3

3% 

2  ★  
78.74

% 

73.45

% 

77.9

2% 

25.6

1% 

73.8

7% 

3   ★ 
80.47

% 

75.04

% 

80.5

8% 

20.9

6% 

77.8

2% 

4 ★ ★  
79.35

% 

71.03

% 

77.4

8% 

22.5

9% 

72.6

1% 

5 ★  ★ 
81.19

% 

72.81

% 

81.1

2% 

19.7

2% 

76.8

7% 

6 ★ ★ ★ 
82.59

% 

77.60

% 

80.7

1% 

19.3

8% 

78.7

2% 

Note : ★ indicates that the corresponding strategy 
is applied.  

The incorporation of spatial-frequency domain 
feature extraction universally enhanced model 
metrics while reducing the missed diagnosis rate. 
Specifically, Model 6, which synthesizes HG-
BiLSTM, WACNet, and PCNN, achieved optimal 
performance with an accuracy of 82.59%, precision 
of 76.60%, recall of 80.71%, a missed diagnosis rate 
of 19.38%, and an F1 score of 78.72%. These results 
corroborate the efficacy of the multi-feature 
extraction strategy. 

To further validate the MEFD-Net, a comparative 
analysis against existing deep learning methods on 
the SEED-VIG dataset is presented in Table 3. 
Benchmarks included ST Encoding CNN, CNN-
attention, CNN-lstm, BiLSTM, ESTCNN, EEGNet, 
and Interpretable CNN. The proposed MEFD-Net 
outperformed these established methodologies and 
demonstrated its capability to effectively analyze 
non-linear EEG data for precise binary 
classification. Consequently, the integration of 
time-domain, time-invariant, and spatial-frequency 
features is proven effective and establishes the 
model as a robust tool for fatigue detection. 

Table 3. Performance comparison of this 

algorithm with other mainstream algorithms 

Model 
Accura

cy 

Precisi

on 

Recal

l 

Missr

ate 

F1-

score 

ST_Encoding_

CNN 
69.98% 

77.13

% 

72.60

% 

27.40

% 

74.80

% 

CNN+LSTM 75.66% 
78.27

% 

76.38

% 

23.62

% 

77.31

% 

BiLSTM 69.55% 
63.96

% 
69.15

% 
30.85

% 
66.45

% 

ESTCNN 78.95% 
75.93

% 

78.45

% 

21.55

% 

77.17

% 

EEGNet 79.23% 
71.39

% 

75.82

% 

24.18

% 

73.53

% 

Interpretable_C
NN 

79.62% 
75.17

% 
78.49

% 
21.51

% 
76.79

% 

MEFD-Net 82.59% 
77.60

% 

80.71

% 

19.38

% 

78.72

% 

5. Conclusion 

To address limitations in feature extraction and 
generalization regarding non-linear and non-
stationary EEG signals, this study proposes MEFD-
Net, a multimodal feature fusion framework. The 
architecture synergizes an enhanced BiLSTM, a 
Weighted Adaptive Multi-scale Convolutional 
Network, and a Pure Convolutional Neural Network 
to comprehensively capture temporal, time-
invariant, and spatial-frequency patterns. 
Additionally, WGAN-GP is employed to mitigate 
class imbalance and enhance robustness. Empirical 
evaluation on the SEED-VIG dataset demonstrates 
superior performance with 82.59% accuracy, 80.71% 
recall, and an F1 score of 78.72%, significantly 
surpassing established baselines including ST-
Encoding-CNN and EEGNet. Ablation studies 
further validate the efficacy of the multimodal 
fusion strategy. Future research will focus on 
lightweight architecture design and dynamic 
adaptive mechanisms to optimise real-time 
performance and individual adaptability in practical 
scenarios. 
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  t


  h ₜ


  c ₜ


       i  t = 𝜎  (   W  i x   x  t +   W  i h  h  t − 1 +   b  i ) #  ( 8 )


       f  t = 𝜎  (   W  f x   x  t +   W  f h  h  t − 1 +   b  f ) #  ( 9 )


  b l i n k


       f  t = 𝜎  (   W  f x   x  t +   W  f h  h  t − 1 +   b  f ) #  ( 9 )


       o  t = 𝜎  (   W  o x   x  t +   W  o h  h  t − 1 +   b  o ) #  ( 10 )


       o  t = 𝜎  (   W  o x   x  t +   W  o h  h  t − 1 +   b  o ) #  ( 10 )


         c ~  t = t a n  h ⁡   (   W  c x   x  t +   W  c h  h  t − 1 +   b  c ) #  ( 11 )


         c ~  t = t a n  h ⁡   (   W  c x   x  t +   W  c h  h  t − 1 +   b  c ) #  ( 11 )


       c  t =   f  t ⊙   c  t − 1 +   i  t ⊙     c ~  t #  ( 12 )


       c  t =   f  t ⊙   c  t − 1 +   i  t ⊙     c ~  t #  ( 12 )


      h  t =   o  t ⊙ t a n  h ⁡   (   c  t ) #  ( 13 )


      h  t =   o  t ⊙ t a n  h ⁡   (   c  t ) #  ( 13 )


    i  t


    C L O S


    f  t


    o  t


      c ~  t


  𝜎  


  S i g m o i d   f u n c t i o n


  t a n h


  h ₜ ′


  c ₜ ′


    y  t =  [  h  t ;  h  t ′ ]


     M c  ( F ) = 𝜎  ( M L P  ( A v e P o o l  ( F ) ) + M L P  ( M a x P o o l  ( F ) ) ) #  （ 14 ）


    i n t e r v a l


     M s  ( F ) = 𝜎  ( C o n v  ( C o n n  [ A v e P o o l  ( F ) , M a x P o o l  ( F ) ] ) ) #  （ 15 ）


     M s  ( F ) = 𝜎  ( C o n v  ( C o n n  [ A v e P o o l  ( F ) , M a x P o o l  ( F ) ] ) ) #  （ 15 ）


       F ′ = M c  ( F ) ⊗ F ⊗ M s  ( F ) #  （ 16 ）


       F ′ = M c  ( F ) ⊗ F ⊗ M s  ( F ) #  （ 16 ）


  𝜎


  s i g m o i d


  M L P


  C o n v


  C o n n


  M c


    f i x a t i o n


  M s


  A v e P o o l


  M a x P o o l


  G e L U


  G e L U


  G


     G E L U  ( x ) = x P  ( X ≤ x ) #  （ 17 ）


     G E L U  ( x ) = 0 . 5 x  ( 1 + t a n h  [   2  𝜋  ( x + 0 . 044715   x 3 ) ] ) #  （ 18 ）


     G E L U  ( x ) = 0 . 5 x  ( 1 + t a n h  [   2  𝜋  ( x + 0 . 044715   x 3 ) ] ) #  （ 18 ）


     o u t = G  (   P  i +   P  i ′ ) #  （ 19 ）


    s a c c a d e


     o u t = G  (   P  i +   P  i ′ ) #  （ 19 ）


  x


  X


  P  ( X ≤ x )


  X


  x


    P  i


    P  i ′


  F =  [  f 1 ,  f 2 , ⋯ ,  f  c ] ∈   R  e × t × c


  e × t


      minmax    𝜃  G L  (  X  r ,  X  g ) =   𝔼    x  r ∼   X  r  [ log  ( D  (   x  r ) ) ] #  （ 3 ）


       F 0 = =   ∑  i = 1 5    w  i •   F  i #  （ 20 ）


       ∑  i = 1 5    w  i = 1 #  （ 21 ）


       ∑  i = 1 5    w  i = 1 #  （ 21 ）


    F  i


    F  o


  w =  [   w 1 ,   w 2 , . . . ,   w 5 ] ∈   R 5


    F  s q


  U = [   u 1 ,   u 2 … ,   u  c ] ∈   R  H × W × C


  C


  H × W


     −   𝔼    x  g ∼   X  g  [  log ⁡   ( D  (   x  g ) ) ] + 𝜆   𝔼    x ^ ∼   X ^ [   ( | |  ∇    x ^ D  (   x ^ )   | | 2 − 1 ) 2 # ( 4 )


       z  C =   F  s q  (  u  C ) =  1  H × W   ∑  i = 1  H    ∑  j = 1  W    u  C  ( i , j ) #  （ 22 ）


  z =  [   z 1 ,   z 2 , ⋯ ,   z  C ] ∈   R  C


    F  e x


  z


     s =   F  e x  ( z , W ) = 𝜎  (  W 2 𝛿  (  W 1 z ) ) #  （ 23 ）


  𝜎


  s i g m o i d


  𝛿


  R e L U


   W 1 ∈  R r   c r × C

