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GE-LSTM-Net: A Global-Enhanced LSTM Network with At-
tention for Spatiotemporal Feature Extraction in EEG-based
Vigilance Estimation
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ABSTRACT
Electroencephalograph (EEG)-based vigilance estimation methods have achieved significant progress. In vigilance-associated EEG
signals, non-adjacent electrodes exhibit strong coupling, and distant time points also demonstrate significant dependence, not limited
the adjacent ones. Therefore, fully extracting such rich global-local spatiotemporal characteristics is critical. In this paper, we
propose the Global Enhanced LSTM Network (GE-LSTM-Net), in which synergizes the Transformer’s attention mechanism with
LSTM to enhance the extraction of spatiotemporal features. Firstly, a specialized sample partitioning strategy along with the designed
feature fusion module is adopted to reorganize raw EEG signals into structured 3D differential entropy (DE) feature representations,
effectively preserving spatiotemporal and frequency dependencies across electrode channels and time points. Secondly, the attention
mechanism and LSTM are encapsulated into a novel module (GE-LSTM module), serving as the core of the proposed GE-LSTM-Net
to simultaneously extract spatiotemporal features from 3D representations. In this module, the attention mechanism will extract global
information and integrate it into each unit of the LSTM, enabling LSTM to focus on more critical electrode channels and time points
and extract richer global-local features. Subsequently, the GE-LSTM-Net demonstrate competitive performance and achieved SOTA
results compared to existing methods on two public vigilance datasets. The codes are available at: https://github.com/Lanhao23-
nudt/GE-LSTM-Net.
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V igilance refers to the ability to focus on a specific task
for an extended period of time [1]. Accurate vigilance
estimation, which can help to issue timely alerts when

the workers is in low vigilance level, is essential in many task
scenarios. Various physiological signals that are not influenced
by the environment are widely used in vigilance estimation
[2, 3, 4, 5]. Among them, the electroencephalograph (EEG) is
considered a highly reliable signal for vigilance estimation,
due to its high temporal resolution and characteristics that can
directly reflect brain activity [6, 7, 8, 9].

In recent years, deep learning-based EEG-decoding
method demonstrated significant progress. The proposed
famous EEGNet by Lawhern et. al [10] marked the popularity
of deep learning-based EEG decoding. Subsequently, models
such as the proposed EEG-Conformer [11], TSception [12], and
CSF-NET [13] continuously improved EEG decoding accuracy
across various EEG-decoding areas. However, it is still
challenging to efficiently extract spatiotemporal features which
represents the vigilance. In spatial information extraction,
even distant electrodes can exhibit significant coupling [14, 15],
and in temporal extraction, strong temporal dependencies
also exist across distant time points [16, 17] , not limited to

adjacent ones. To extract the rich global-local dependencies,
several Recurrent Neural Network (RNN)-based methods were
proposed [18, 19, 20]. Cui et al. [21] developed the GRU-MCC
model, which leverages Gate Recurrent Unit (GRU) to extract
spatial information. Li et al. [22] introduced the BiHDMmodel,
and Du et al. [23] proposed the ATDD-LSTM, utilizing RNNs
and Long Short-Term Memory (LSTM) for spatial feature
extraction, respectively. For temporal modeling, Gao et al.
[24] proposed SFT-Net, and Singh et al. [25] designed the 2L-
LSTM network, both employing LSTM networks to capture
short-term and long-term temporal dependencies. However,
although these RNN-based models are capable of capturing
some short-term and long-term dependencies, the way of which
remembering the long-term information based on the updates
of hidden states, may dilute the dependence between distant
positions and overlook critical units (such as critical electrodes
and time points).

To fully extract the spatiotemporal information of EEG
signals in EEG-based vigilance estimation, we present the
GE-LSTM-Net (global enhanced long-short-term memory
network) in which we introduce the multi-heads self-attention
mechanism of the Transformer to enhance global dependency
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extraction capability of LSTM. Firstly, a specialized sample
partitioning strategy along with the designed feature fusion
module was adopted, which reorganized raw EEG signals into
structured 3D differential entropy (DE) feature representations
and effectively preserve spatiotemporal and frequency depen-
dencies between electrode channels and time points. Then,
the attention mechanism and LSTM were encapsulated into
a novel module (GE-LSTM module), in which the attention
mechanism extracted global information and integrated it into
each unit of the LSTM, enabling LSTM to extract richer global-
local features and focused on more critical electrodes and time
points. In addition, the network demonstrated competitive
performance on the SEED-VIG and MMV public vigilance
estimation dataset and achieved SOTA results compared to
existing methods. In summary, the main contributions of this
paper can be summarized as follows:

(1) The adopted sample partitioning method combined
with the designed DE feature fusion module in this paper
enables the model to effectively extract frequency, spatial, and
temporal information from EEG signals.

(2) The proposed GE-LSTM module, which serves as the
core of the GE-LSTM-Net, can be used to extract both spatial
and temporal information between different electrodes and time
points, respectively, and can be easily adopted to other EEG
decoding tasks.

(3)We proved that theDE features extracted from the finer
filtering techniques contains richer vigilance associated infor-
mation than traditional filtering technique by the visualization
of saliency map and can improve the performance of proposed
GE-LSTM-Net.

(4) The GE-LSTM-Net built using GE-LSTM module
achieved SOTA performance on the public vigilance dataset
SEED-VIG and MMV, outperforming existing advanced
baseline methods.

1 Related work

1.1 Handcrafted features for vigilance estimation

Before the widespread use of deep learning, research on
EEG-based vigilance estimation focused on the handcrafted
features [26, 27, 28, 29]. Brahim et al. [30] extracted spectral-spatial
features through two specially designed filters, and selected the
most important one by means of Mutual Information before
classification. Lin et al. [31] confirmed that logarithmic
transformations of EEG spectral amplitudes exhibit strong
linear correlations with wake-sleep transitions. Angari et al.
[32] studied the correlation between sample entropy and changes
in fatigue levels, which improved the accuracy of fatigue
monitoring. Guo et al. [33] computed the power spectrum
in multiple frequency bands and brain regions to investigate
its relationship with behavioral performance at varying levels
of vigilance. Shi et al. [34] proposed a novel feature called
DE and demonstrated its efficiency by comparing it with four
commonly used vigilance estimation features. Lu et al. [16]

utilized traditional support vector regression (SVR) to perform
regression fitting between DE features extracted from raw EEG
signals and vigilance labels, quantitatively assessing vigilance
levels. Notably, the DE feature remains one of the most popular
features in this field today [16, 35].

1.2 End-to-end deep learning model for EEG decoding

With the popularity of deep learning, deep learning EEG
decoding models, demonstrating excellent performance, grad-
ually replaced traditional manual feature extraction methods.
These models include a large number of end-to-end models
[36, 37, 38], which break the boundaries between different brain
decoding tasks. They can automatically learn task-related
features from the raw data and directly output results. For
example, Schirrmeister et al. [39] proposed shallow ConvNet
and deep ConvNet that directly performed convolution and
pooling operations on the original signal and directly output
the categories. Lawhern et al. [10] designed EEGNet using
separable convolution and separable convolution, achieving a
lightweight model for accurate EEG decoding of EEG signals
in multiple tasks. Gong et al. proposed an attention-driven
spatial-temporal dual-stream fusion network that captures the
spatiotemporal coupled and complementary characteristics of
EEG signals [40]. Ding et al. [12] introduced prior knowledge
of the asymmetry between the left and right hemispheres
of the brain and designed the TSception network, which
further improved the accuracy of EEG decoding. Song et
al. [11] introduced the Transformer to extracted the temporal
information from raw EEG signals. Besides, recent studies
have proposed spiking neural networks for joint spatio-
temporal feature learning in EEG-Based emotion recognition
[41]. In summary, there has been significant progress in end-to-
end EEG decoding models in recent years.

1.3 Deep learning models based on some handcrafted
features

Directly inputting raw EEG signals into deep networks
can significantly increase the computational burden of deep
learning models due to the large volume of data. Therefore,
some researchers attempt to extract handcrafted features first
before feeding them into deep learning networks [42, 43, 44, 45].
For instance, Lin et al. [46] extracted the power spectral density
(PSD) of raw EEG signals, transforming them into a series of
power energy maps before importing them into their designed
network for fatigue monitoring. Wang [47] extracted both
DE features and symmetry quotient (SQ) before inputting to
a CNN-LSTM neural network for classification task. Shen
et al. [42] extracted DE features across different frequency
bands from raw signals, then employed convolutional layers
to capture spatial information and LSTM to model temporal
dependencies. Building on this approach, Gao et al. adopted
the same DE feature extraction strategy and developed more
sophisticated convolutional networks, including CSF-GTNet
[13] and SFT-Net [24], which have consistently achieved state-of-
the-art results on the vigilance estimation dataset SEED-VIG.
In summary, the approach of first extracting certain features and
then inputting them into a deep network demonstrate significant
performance.

2 Method

As shown in Fig.1, the structure of GE-LSTM-Net
includes 4 parts: Sample Partitioning, DE Feature Fusion
module, GE-LSTM module and Classification module. The
GE-LSTM modules used to extract spatial and temporal
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information are referred to as Spa-GE-LSTM and Tim-GE- LSTM, respectively. The details will be introduced in turn.

Fig. 1 The framework of GE-LSTM-Net, including 4 parts: Sample Partitioning, DE Feature Fusion module, GE-LSTM Module
and Classification Module. Through the four parts of the network, it can progressively extract and integrate frequency, spatial,
and temporal information from the EEG signals. The Spa-GE-LSTM and Tim-GE-LSTM in the figure refer to GE-LSTMmodule
for extracting spatial and temporal information, respectively.

2.1 Sample Partitioning

As shown on the left side of Fig.1, the EEG signals from
all electrodes are divided into samples using non-overlapping
T s time windows, where T = 8. These samples, which are
called segment-samples, will be then divided into minor sample
parts through 0.5s non-overlapping time windows, consistent
with the previous setting in and ensuring a fair comparison of
model performance under equivalent data volumes [24, 42]. And
these minor samples are called mini-samples. The segment-
sample and mini-sample of raw EEG data can be denoted
as SR ∈ R2T×ch×fs and MR ∈ Rch×fs , respectively.
Here, ch represents the number of EEG electrode channels,
and fs represents the sampling rate of EEG signals. Based
on this sample partitioning method, the frequency and spatial
information within every mini-sample are firstly extracted
based on the proposed DE Feature Fusion and Spa-GE-LSTM
modules. And the temporal information within 2T mini-
samples of segment-sample are further extracted from the Tim-
GE-LSTM module. By means of this sample partitioning
method, the model can effectively extract frequency, spatial,
and temporal information within EEG signals.

2.2 DE Feature Fusion Module

Inspired by the previous findings that finer filtering tech-
niques (filtered the raw EEG signals according 2Hz windows)
before extracting DE features can improve the performance
of previous EEG decoding methods [16, 17]. To verify the
efficiency of finer filtering techniques in the proposed GE-
LSTM-Net, we adopted three distinct filtering techniques. As

shown on the Fig.2, the first filtering technique filters the raw
EEG signal according to five traditional frequency bands (Fre-
Bands): delta (δ, 1-4 Hz), theta (θ, 4-8 Hz), alpha (α, 8-13
Hz), beta (β, 13-30 Hz), and gamma (γ, 30-51 Hz). The
other two finer filtering techniques filter the raw EEG signal
according to the windows of 5 Hz and 2 Hz, respectively.
These different filtering methods will generate 5, 10, and 25
Fre-Bands, respectively. Subsequently, we utilize the popular
DE feature, which has demonstrated effective performance in
both emotion recognition and vigilance estimation [34, 42, 13]. Its
calculation formula is as follows:

DE =

∫
Z

f(z)log(f(z))dz (1)

Fig. 2 DE Feature Fusion module. It includes three different
filtering methods, as well as two linear layers and a rectified
linear unit (ReLU) activation function between to fuse the
linear and nonlinear interactions between different frequency
bands (Fre-Bands) and expand the dimensionality of DE
features.
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In the formula, z represents the filtered raw EEG data, and
it is generally assumed that z follows a Gaussian distribution
with the density function f(·). As a result, the formula can be
further simplified as:

DE =

∫
Z

1√
2πσ2

e−
(z−µ)2

2σ2 log(
1√
2πσ2

e−
(z−µ)2

2σ2 )dz

=
1

2
log(2πeσ2) (2)

where e denotes the base of the natural logarithm and σ2

represents the sample variance of filtered raw EEG data.
According to the formula, the DE feature is extracted from

every Fre-band. Based on three different filtering techniques,
the dimensionality of the DE feature extracted from each
electrodewill be fz = 5, 10, or25. As a result, theMini-Sample
can be further represented asMD ∈ Rch×fz and the Segment-
Sample can be represented as SD ∈ R2T×ch×fz .

As shown on the right side of Fig.2, two fully connected
(FC) layers, with dmodel/2 and dmodel neurons, associated
with a Rectified Linear Unit (ReLU) activation function
between are designed in the DE feature fusion module.
This combination captures both linear dependencies through
weight matrices and non-linear interactions via activation
transformations. After passing through this module, the
dimension of each mini-sample becomes ch × dmodel. The
default value of dmodel is set to 64.

2.3 GE-LSTMModule

In this paper, we propose a novel GE-LSTM module,
designed to enhance global dependency information of LSTM
network in EEG signal analysis. The proposed modules used
to extract spatial and temporal dependencies are termed Spa-
GE-LSTM and Tim-GE-LSTM, respectively, which include
identical architectures. Each GE-LSTM module consists of
multiple GE-LSTM units. As shown in Fig.3, each GE-
LSTM unit is formed by cascading a Transformer Encoder
layer (TranEnlayer) in front of the LSTM, leveraging the
multi-head self-attention mechanism in TranEnlayer to extract
global dependency information and integrate it into each unit
of the LSTM for further capturing long-term and short-term
dependencies. More specifically, The features of electrodes
or time points after the TranEnlayer will integrated global
information into feature of each electrode or point and
strengthen importance of specific electrode and point. Feature
of each electrode or time point will be then input into each
unit of LSTM to extract long-short-term dependence. This GE-
LSTM unit is actually a two-stage pipeline, a easy but efficient
construction for performance enhancement.

Fig. 3 GE-LSTM units of GE-LSTM module, which is
formed by cascading a TranEnlayer before an LSTM layer.
The attention mechanism in TranEnlayer will extract global
dependency information and integrate it into each unit of the
LSTM.

The following section will detail introduce the compo-
nents of the GE-LSTM module: positional embedding (PE),
which is typically needed before the TranEnlayer, TranEnlayer
and LSTM.

Positional Embedding

Due to the parallel computing characteristics of the
Transformer, the computation of vectors does not inherently
capture positional relationships [48]. Therefore, position
embedding (PE) is typically required and added to the original
data to improve the model performance [49, 50].

Currently, in sequential information processing, the
commonly used PE method is 1-dimensional (1D) sinusoidal
PE [48, 50], which leverages sine and cosine functions of
different frequencies. In the Tim-GE-LSTM module, the
temporal information is sequential, and thus we adopt 1D
sinusoidal PE. The specific calculation formula is as follows:

PEpos,2i = sin(pos/100002i/dmodel)

PEpos,2i+1 = cos(pos/100002i/dmodel)
(3)

Here, pos denotes the position index of each electrode,
and 2i, 2i + 1 represent the positions of the parameters in the
PE vector. However, the relationship between electrodes is
clearly not a simple sequential pattern. Therefore, we map
the electrodes according to their positions into a 2-dimensional
(2D) image, as shown in Fig.4, and explore several other PE
methods used in Vision Transformers (VIT) [49], the learnable
PE and the 2D sinusoidal PE. The former directly adds
learnable parameters to the original data while the calculation
formula for the latter is as follows:

PEpos,2i = sin(posx/100004i/dmodel)

PEpos,2i+1 = cos(posx/100004i/dmodel)

PEpos,2j = sin(posy/100004j/dmodel)

PEpos,2j+1 = cos(posy/100004j/dmodel)

(4)

In this equation, pos represents the position index of each
electrode, and 2i, 2i+1, 2j, and 2j +1 denote the positions of
the specific value in the PE vector, where i ∈ {n ∈ Z|0 ≤ n <
dmodel/4} and j ∈ {n ∈ Z|dmodel/4 ≤ n < dmodel/2}. posx
and posy refer to the vertical and horizontal coordinates of the
electrode after being mapped to a 2D image, which is shown in
Fig.4.
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Fig. 4 The 2D position image mapped from the EEG electrode
position. CPZ serves as the reference electrode and the index
number in parentheses represents the pos of each electrode in
2D sinusoidal PE.

TranEnlayer

The overall architecture of TranEnlayer is shown in
Fig.5, consistent with original Transformer architecture [48].
TranEnlayer consists of two core sub-layers, the multi-head
self-attention mechanism and feed-forward network. A
dropout with a rate of 0.1 and a layer normalization follows
each sub-layer. In addition, residual connections are used
around the two sub-layers, meaning that the final output of each
sub-layer is given by LayerNorm(x + Sublayer(x)), where
Sublayer(x) represents the direct output of each sub-layer. The
dimensions of the input and output data of the TranEnlayer
module remain unchanged.

Fig. 5 Overall structure of TranEnlayer, which mainly
consists of two core sub-layers, the multi-head self-attention
mechanism and feed-forward network.

In the multi-head self-attention mechanism, the input data
is first mapped to query(Q), keys(K), and values(V ) through
different linear layers. The dimensions of Q, K, and V are
the same as the input data, which are expressed as Q,K, V ∈
Rch∗×d∗

. Then, based on the number of heads,Q,K, and V are
divided into Qi, Ki, and Vi. The attention of different heads,
capturing different dependencies between the input vectors, are
further computed as follows :

headsi = Attention(Qi,Ki, Vi)

= softmax(QiK
T
i√

dk
)Vi

(5)

in which i = 0, 1, ..., hn − 1, where hn denotes the number
of heads. Qi,Ki, Vi ∈ Rch∗×dk , where dk = d∗

hn
.

softmax(QiK
T
i√

dk
) represents the different learned association

matrices between the input vectors, which is also called
the attention score. headsi ∈ Rch∗× d∗

hn represents the
updated features after integrating the global association. As
shown in Fig.6, the attention scores dynamically learn the
association weights between input tokens, and through matrix
multiplication, the output tokens naturally acquire global
information from other tokens and place greater focus on
those with higher association weights (for example, the token
corresponding to the attention weight of 0.6 during matrix
multiplication in the figure). Through the attention mechanism,
token representations with richer local-global information are
obtained.

Fig. 6 The data flow of attention mechanism, the attention
scores can dynamically integrate global information into every
token (electrode or time point) and focusing on the token with
high attention weights.

At the end of the attention mechanism, the outputs of all
the attention heads are concatenated and passed through an FC
layer to integrate the diverse association information learned
from different heads. The input and output dimensionality of
the FC layer is consistent.

The feed-forward network consists of two FC layers with
a ReLU activation in between. The first layer expands the input
dimensionality by an expansion factor of n, while the second
layer reduces it back to the original size. n is set to 4 in this
paper. The ReLU activation adds non-linearity, enabling the
model to learn more intricate patterns.

LSTM

LSTM is a networkwith a chain-like structure of repeating
units. Each repeating units contains three special gates: the
forget gate, the input gate, and the output gate, along with
a special cell state that captures the long-term dependencies
between the input data. The vectors input into different
repeating units are the data from different electrodes and time
points in this paper. The calculation formulas for the three gates
and the update formula for cell state are as follows:

ft = σ(Wf · [ht−1, xt] + bf ) (6)
it = σ(Wi · [ht−1, xt] + bi) (7)

C̃t = tanh(WC · [ht−1, xt] + bC) (8)

Ct = ft ∗ Ct−1 + it ∗ C̃t (9)
ot = σ(Wo · [ht−1, xt] + bo) (10)
ht = ot ∗ tanh(Ct) (11)

Here, ft and it denote the forget gate and the input gate,
respectively, and Ct denotes the cell state. The forget gate
and the input gate jointly complete the update of Ct, while
Ct−1 represents the previous cell state and C̃t represents the
candidate value in current units that could be added to the cell
state. ht−1 represents the output (also called the hidden state)
of the previous unit. xt represents the input of the current
units. The symbol ”[ , ]” means the concatenation operation.
ot denotes the output gate, which, together with the updated
cell state, determines the current hidden state ht. W and b
denote the weight matrices and the bias term, respectively. The
symbols σ and tanh represent the Sigmoid activation function
and the hyperbolic tangent activation function.
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2.4 Classification Module

The final output of Tim-GE-LSTM is represented as
Tn ∈ Rch×dh . After flattening all dimensions of Tn into
a vector, a linear layer with 120 neurons is first applied for
dimensionality reduction, followed by a second linear layer
that reduces the dimensionality to 1. The final output ŷn are
compared with the target label PERCLOS yn, which serves as
an indicator of vigilance level, to perform the fitting task. A
detailed introduction to PERCLOS is provided in Section 4.1.
In addition, in scenarios such as fatigue driving detection, the
primary operational need is determining whether to issue alerts
(low-vigilance warnings). This critical ’warning decision’
necessitates thresholding vigilance into two actionable states:
’attention required’ or ’no alert needed’. Therefore, a binary
classification task was further conducted based on the fitting
results, where a value of 0.35 is adopted as the threshold to
separate the states of awake and fatigue. The threshold of 0.35
has been widely adopted in previous studies [24, 13, 16], in which
it is gradually accepted when PERCLOS is less than 0.35, the
subjects are in an awake state, while the value exceeds 0.35,
they begin to enter a fatigue state. In practical work, this
means that appropriate alerts are needed. To ensure equitable
comparison, we employed identical thresholds to those used
in benchmark literature. The specific calculation process is as
follows:

Classification =

{
Awake
Fatigue

(ŷn ≥ 0.35)
(ŷn < 0.35)

(12)

3 Experiment

3.1 Dataset Description

The SEED-VIG dataset is a subset of the SEED dataset
developed by the Brain-like Computing and Machine Intel-
ligence (BCMI) laboratory at Shanghai Jiao Tong University
[16]. The experiments are conducted on a virtual driving system
simulating a monotonous four-lane straight road scenario.
The simulated driving sessions are scheduled post-lunch and
lasted for 2 hours, a timeframe particularly prone to fatigue
induction. During the experiment, both EEG and EOG signals
are recorded, though only EEG signals are utilized in this study.
The dataset comprises a total of 23 subjects. Meanwhile, only
a limited number of electrodes from the occipital and temporal
regions, arranged according to the 10-20 electrode system, are
utilized in this dataset. Excluding the reference electrodes, the
dataset contains only 17 electrodes.

The MMV dataset, jointly constructed by the Chinese
Academy of Sciences and Tianjin University, induces vigilance
decline through prolonged visual tasks using either Rapid Serial
Visual Presentation (RSVP) or Steady-State Visual Evoked
Potential (SSVEP) paradigms [51]. While the dataset captures
seven physiological signals, this study exclusively employs
EEG signals for model evaluation. The EEG signals in
MMV include 62 electrodes similarly arranged according to the
international 10-20 system and are downsampled to 200 Hz.
The dataset comprises 18 subjects, each participating in four
experimental sessions (two RSVP and two SSVEP sessions),
with each session lasting 2 hours.

In both datasets, eye movement signals are collected,
including PERCLOS which serves as the most widely used

indicator for measuring vigilance levels [52, 35]. PERCLOS,
which denotes the percentage of eye blinks and eye closures
within a certain duration, can be calculated as follows:

PERCLOS =
blink+ CLOS

blink+ fixation+ saccade+ CLOS (13)

where CLOS denotes the duration of eye closure. PERCLOS
is computed every 8 seconds in the SEED-VIG dataset
and 4 seconds in the MMV dataset. As indicated by the
formula, PERCLOS ranges from 0 to 1, with higher values
corresponding to lower vigilance levels.

3.2 Experiment Setting

The experiment was carried out using PyTorch 1.13.0 in
a Python 3.8 environment, with a 12-core Intel Xeon Silver
4214R CPU, an RTX 3080 Ti GPU (12GB RAM). The learning
rate was set to 3e-4, the batch size to 150, and the AdamW
optimizer with a weight decay of 2e-2. The loss function
was the Mean Squared Error (MSE) for the output values
to PERCLOS. We performed mixed-subject five-fold cross-
validation to evaluate the model’s performance, a common
experimental approach for evaluating the performance of EEG
decoding models [18, 13, 24]. Under the mixed-subject paradigm,
individual information from different subjects is considered
as guidance for improving the model performance. However,
this paradigm inherently requires including some training
samples from the test subject before real-world deployment.
Specifically, data from all subjects weremixed to form a unified
dataset. For the SEED-VIG dataset, data from all 23 subjects
were combined, while for the MMV dataset, data from the
first session under the RSVP paradigm of 17 subjects were
merged. In the five-fold cross-validation process, the dataset
was randomly split into 5 folds, with one fold serving as the test
set and the remaining four as the training set [16, 13]. In addition,
five different initialization seeds were used to mitigate the
effect of model initialization, with the average result considered
the final performance metric.

All experimental results were evaluated using six classifi-
cation metrics (Accuracy, Precision, Recall, F1-score, Kappa,
Area Under the ROC Curve (AUC)) and two regression
metrics (Root Mean Square Error (RMSE) and Correlation
Coefficient (COR)). Accuracy measures the overall proportion
of correct predictions, Precision and Recall focus on the
accuracy and capture ability of positive class predictions,
while F1-score combines both, making it suitable for class
imbalance problems. Kappa measures the consistency of
prediction, accounting for randomness. AUC provides a
comprehensive evaluation of classifier performance across all
possible decision thresholds, making it especially suitable for
imbalanced classification tasks. RMSE reflects the deviation
between predicted and actual values, and COR measures
the linear correlation between predicted and actual values.
Together, these metrics provide a comprehensive evaluation of
both regression and classification quality.

The five classification metrics are defined as follows:

Accuracy =
TP + TN

TP + FP + FN + TN
(14)

Precision =
TP

TP + FP
(15)

Recall = TP

TP + FN
(16)
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F1-score = 2× Precision× Recall
Precision+ Recall (17)

Kappa = Accuracy− Pe

1− Pe
(18)

AUC =

∑M
i=1

∑N
j=1I(p

M
i > pNj )

M ×N
(19)

Where

Pe =

(TP + FP )(TP + FN) + (TN + FP )(TN + FN)

(M +N)2
(20)

I(pMi , pNj ) =


1 if pMi > pNj
0.5 if pMi = pNj
0 if pMi < pNj

(21)

In these definitions, TP (True Positive) and FP (False
Positive) refer to the number of samples correctly and
incorrectly predicted as positive, respectively, while TN (True
Negative) and FN (False Negative) refer to the number
of samples correctly and incorrectly predicted as negative,
respectively.M and N represents the number of fatigue and
awake samples. pMi and pNj denote the predicted vigilance
level of fatigue and awake samples.

The two regression metrics are defined as follows.

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)

2

(22)

COR =

∑n
i=1 (yi − ȳ)(ŷi − ¯̂y)√∑n

i=1 (yi − ȳ)2
∑n

i=1 (ŷi − ˆ̄y)
2

(23)

Where yi and ŷi denote the labels and outputs, respec-
tively, while ȳ and ˆ̄y denote their means.

4 Result and Discussion

This section presents a comprehensive analysis of the
experimental results and discussions, focusing on multiple key
factors that impact the performance of the GE-LSTM module
and GE-LSTM-Net. First, we compared the performance
of GE-LSTM-Net with several other competitive methods to
evaluate its superiority. Next, we investigated the effect of finer
Fre-Bands on model performance and introduced the saliency
maps for visual analysis. Subsequently, we examined the
effect of the number of units in the GE-LSTM module on
its performance, followed by an analysis of the impact of the
number of attention heads and PE on the module, respectively.
Afterward, a series of ablation experiments were conducted to
validate the contribution of each module to the final results.
Finally, a real-time and deployability research was conducted
to evaluate the practicality and efficiency of GE-LSTM-Net in
real-world application.

4.1 Comparison with Other Models

The effectiveness of the proposed model in EEG-based
vigilance estimation is evaluated on two public datasets:
SEED-VIG and MMV. In the SEED-VIG dataset, the proposed

model is compared against 10 existing methods, including
ten open-source models—ShallowConvNet [39], DeepConvNet
[39], EEGNet [10], EEG-Conformer [11], SFT-Net [24], TSception
[12], LGG [53], ARNN [54], STGCN [55] and Deformer [38]—
and four results replicated in the literature [24]. In the MMV
dataset, the model is primarily compared with ten open-
source models. All comparisons are made under identical
experimental conditions, including the dataset, data division,
optimizer, etc. Among these models: SFT-Net employs
convolution to extract spatial signals followed by LSTM
for temporal information extraction; EEG-Conformer and
Deformer leverages the Transformer architecture to capture
temporal dependencies; TSception, EEGNet, DeepConvNet,
and ShallowConvNet are convolution-based models designed
to extract spatiotemporal dependence; LGG and STGCN
are graph-based models with attention mechanism; while
ARNN employs the architecture combined both attention and
recurrence.

The proposed GE-LSTM-Net demonstrated leading per-
formance in EEG-based vigilance estimation tasks. In the
SEED-VIG dataset, as shown in Table 1, the proposed model
achieved leading results across seven evaluation metrics.
Specifically, GE-LSTM-Net obtained a result of 0.943, outper-
forming the EEG-Conformer by 2.8%, with a p-value of p <
0.001, and the 95% confidence interval for its AUC is reported
as [0.93608, 0.94991]. Furthermore, the results of paired t-
test for Accuracy and Delong’s test for AUC demonstrated
that the proposed GE-LSTM-Net significantly outperformed
all other models (p < 0.001). Besides, while the SFT model
exhibited a higher Recall than GE-LSTM-Net based on public
data, its Precision was significantly lower by 10.7%, revealing
an imbalance in its results. Compared to convolutional-
based spatiotemporal models (e.g., TSception, EEGNet),
GE-LSTM-Net improved accuracy by 8–14%. The EEG-
Conformer delivered relatively better performance, but there
remained a substantial gap between its RMSE and COR values
(RMSE: 0.124–0.100; COR: 0.888–0.929). The extreme case,
ESTCNN, despite achieving the second-highest Recall (0.919),
exhibited severely limited applicability due to excessively high
false positives (Precision = 0.657). In the MMV dataset,
as shown in Table 2, GE-LSTM-Net outperformed all six
compared models across all seven evaluation metrics, while the
results of the paired t-test for Accuracy and Delong’s test for
AUC also demonstrated its significant superiority over other
baseline models (p < 0.001), demonstrating the superiority of
the proposed model in multiple datasets.

4.2 Impact of Finer Fre-Bands and visualization

Inspired by the previous findings, finer filtering tech-
niques (filtered the EEG signals according 2Hzwindows, rather
than traditional five bands filtering [56, 57]) before extracting
DE features can improve the performance of previous EEG
decoding methods [17, 16]. As a result, to verify the efficiency
of finer filtering techniques in deep learning based model, We
compared the the performance of the proposed GE-LSTM-Net
in three different filtering techniques (traditional five bands
filtering technique, 5Hz filtering techniques and 2Hz filtering
technique) in SEED-VIG dataset.

As shown in Table 3, the results demonstrated that finer
filtering technique can indeed improve the performance of
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the proposed GE-LSTM-Net, and the finer filtering technique
achieved the better results across seven evaluation metrics
except Precision (2Hz filtering > 5Hz filtering > traditional five
bands filtering). To further explore how finer frequency band
divisions improve performance compared to the traditional
five-frequency band segmentation, we introduced the saliency
maps to visualize the contributions of different regions and
Fre-bands in the states of fatigue and awake. Saliency map
visualization is an interpretability technique that highlights the
critical input features influencing the model’s predictions, and
has been widely used in emotion recognition tasks [12, 58].

As shown in Fig. 8, the visualization in the 10 Hz
filtering technique shows the gamma range (30-50Hz) has
great differences in lateral comparisons, while in tradition
filtering technique it is considered as a single band and
should have the same performance. This demonstrates that
in vigilance estimation, treating the 30-50Hz range as a single
Gamma frequency band fails to adequately represent the change
of vigilance level while the finer Fre-bands contain richer
information. Additionally, in other parts of the saliency map,
the elevation of theta, alpha, and beta waves (1-30Hz) [15, 59] in
the temporal lobe, as well as the theta (4-8Hz) and alpha (8-
13Hz) waves in the occipital lobe, are enhanced [14, 60] when
fatigue sets in, which is consistent with previous studies.

4.3 Visualization of Attention Score

To better understand the role of the attention mechanism
in extracting spatial features within the proposed GE-LSTM
module, we performed visualization on the saved model. Using
the 3,000most fatigued andmost alert samples respectively, the
attention scores were averaged to generate the results shown
in Fig. 7. Each row of the data represents the association
weights between the current token vector and all other global
tokens. As observed in the association matrix for the awake
state in Fig. 7 (a), the columns CP1 and CP2 exhibit relatively
high attention weights, indicating that these two electrodes are
generally more associated with others in the awake state and
thus represent more pivotal electrodes. In contrast, the columns
for T7 and T8 display relatively lower attention weights,
suggesting that the information learned by the model from
these electrodes exerts comparatively lesser influence during
awake. Similarly, in the fatigue state attention score in Fig.
7 (b), columns CP2 and P2 show higher attention weights,
indicating their relatively stronger relevance under fatigue
state.This visualization demonstrates that in the proposed GE-
LSTMmodule, the attention scores enhance global information
extraction and focus more on the key electrodes.

Fig. 7 Visualization of attention score for spatial feature extraction, where (a) represents the average attention score of awake
status, and (b) represents the average attention score of fatigue status.

4.4 Effect of GE-LSTMUnits on Module Performance

In this part, we explore the impact of the number of GE-
LSTM units on the performance of the GE-LSTM module
in the SEED-VIG dataset. As shown in Table. 4, with the
increase in the number of GE-LSTM units, the performance
of the GE-LSTM module first improves and then declines.
The configuration with 2 GE-LSTM units performs the best
across multiple metrics, except recall, outperforming other

configurations. As the number of units continue to increase,
the performance of model rapidly declines.In the configuration
with 4 GE-LSTM units, the accuracy decreased to 0.873 (down
from 0.886), Kappa dropped to 0.722 (from 0.751), the RMSE
rose to 0.109 (from 0.100), the COR fell to 0.915 (from 0.929)
and AUC dropped to 0.933 (from 0.943). Therefore, it is
recommended to use two GE-LSTM units, and this follows
common practices in LSTM networks that using two LSTM
layers generally contributes to better performance [25, 24].

Table 1 The comparison with ten baseline models in SEED-VIG dataset
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Accuracy Kappa F1-Score Recall Precision RMSE COR AUC

EEGNet 0.747 0.436 0.810 0.778 0.844 0.178 0.754 0.817
DeepConvNet 0.809 0.573 0.854 0.834 0.879 0.147 0.848 0.876

ShallowConvNet 0.805 0.571 0.851 0.830 0.873 0.145 0.844 0.874
AMS-CNN 0.802 0.554 0.844 0.874 0.820 - - -
EEG-Conv 0.795 0.536 0.848 0.896 0.805 - - -
EEG-Conv-R 0.768 0.478 0.827 0.872 0.787 - - -
ESTCNN 0.641 0.083 0.764 0.919 0.657 - - -
SFT-Net 0.871 0.717 0.901 0.922 0.820 - - -

EEG-Comformer 0.851 0.672 0.885 0.868 0.902 0.124 0.888 0.915
TSception 0.834 0.629 0.876 0.838 0.917 0.144 0.847 0.897
LGG 0.826 0.623 0.864 0.839 0.892 0.140 0.813 0.893
ARNN 0.863 0.705 0.890 0.873 0.914 0.118 0.906 0.922
STGCN 0.793 0.591 0.847 0.841 0.869 0.149 0.820 0.819
Deformer 0.845 0.663 0.876 0.856 0.887 0.126 0.867 0.903

GE-LSTM-Net 0.886 0.751 0.912 0.897 0.927 0.100 0.929 0.943

Table 2 The comparison with six baseline models in MMV dataset

Accuracy Kappa F1-Score Recall Precision RMSE COR AUC

EEGNet 0.889 0.726 0.803 0.802 0.804 0.149 0.855 0.941
DeepConvNet 0.876 0.682 0.765 0.823 0.717 0.164 0.823 0.922

ShallowConvNet 0.868 0.679 0.772 0.754 0.791 0.166 0.818 0.920
SFT-Net 0.910 0.774 0.836 0.856 0.817 0.125 0.900 0.953

EEG-Conformer 0.903 0.755 0.822 0.847 0.798 0.136 0.882 0.945
TSception 0.887 0.712 0.788 0.834 0.747 0.163 0.825 0.925
LGG 0.891 0.728 0.807 0.820 0.809 0.136 0.876 0.936
ARNN 0.907 0.763 0.830 0.851 0.806 0.131 0.890 0.949
STGCN 0.877 0.684 0.769 0.825 0.721 0.169 0.825 0.921
Deformer 0.886 0.702 0.786 0.821 0.763 0.156 0.860 0.924

GE-LSTM-Net 0.923 0.806 0.859 0.880 0.840 0.114 0.918 0.963

Table 3 The performance comparison of finer Fre-Bands for GE-LSTM-Net in SEED-VIG dataset

Accuracy Kappa F1-Score Recall Precision RMSE COR AUC

25 Fre-Bands 0.889
±0.003

0.759
±0.007

0.914
±0.003

0.903
±0.006

0.926
±0.009

0.098
±0.002

0.932
±0.003

0.947
±0.003

10 Fre-Bands 0.886
±0.003

0.751
±0.006

0.912
±0.003

0.897
±0.005

0.927
±0.009

0.100
±0.002

0.929
±0.002

0.943
±0.002

5 Fre-Bands 0.882
±0.003

0.746
±0.006

0.908
±0.002

0.894
±0.005

0.923
±0.007

0.103
±0.002

0.924
±0.003

0.939
±0.002

Fig. 8 The Saliency Map of 10 finer Fre-Bands in SEED-VIG dataset, which indicated the importance of different Fre-Bands and
brain region for model prediction, with the first row representing the awake state and the second row representing the fatigue state.

Table 4 The impact of the number of GE-LSTM units on the performance of GE-LSTM module in SEED-VIG dataset
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Accuracy Kappa F1-Score Recall Precision RMSE COR AUC

1 GE-LSTM Unit 0.882
±0.003

0.742
±0.006

0.908
±0.003

0.896
±0.005

0.921
±0.008

0.101
±0.002

0.927
±0.002

0.939
±0.002

2 GE-LSTM Units 0.886
±0.003

0.751
±0.006

0.912
±0.003

0.897
±0.005

0.927
±0.011

0.100
±0.002

0.929
±0.002

0.943
±0.002

3 GE-LSTM Units 0.883
±0.003

0.745
±0.007

0.909
±0.003

0.899
±0.007

0.920
±0.010

0.103
±0.002

0.925
±0.003

0.940
±0.003

4 GE-LSTM Units 0.873
±0.005

0.722
±0.015

0.902
±0.004

0.885
±0.012

0.921
±0.011

0.109
±0.003

0.915
±0.004

0.933
±0.003

4.5 Impact of the Number of Attention Heads

The number of heads is an important parameter in the
Transformer-based model. As dmodel and dh are set to 64
and 32, we explored the results for hn = 1, 2, 4, 8, and 16, to
ensure the dimension is divisible by the number of heads. As
shown in Fig.9, the experimental results in SEED-VIG dataset
indicate that the accuracy of the model remains stable (with
an average of 88.5% to 88.7%) when hn is between 1 and 8.
As confirmed by the t-paired test for Accuracy, there are no
significant differences between them (p > 0.05 ). This shows
that the performance of the model is not sensitive to changes
in the number of heads, which is consistent with previous
conclusions of other Transformer-based models in the field of
EEG decoding [11, 50]. However, when hn increases to 16, a
significant difference is observed in the results compared to
when the number of heads is 4, p < 0.05(p = 0.024). This
result aligns with the findings that excessive number of heads
can lead to dimensional fragmentation, thereby degrading
model performance and there should be a balance between the
number of heads and the dimensionality [61].

Fig. 9 The box and whisker plot of accuracy for different
numbers of heads of the GE-LSTM module in SEED-VIG
dataset. The red dashed line and dots indicate the mean value,
while the orange line represents the median. The symbol ”ns”
(p > 0.05) and ”∗” (p < 0.05) denote significant differences
obtained through t-paired test. ”ns” means ”not significance.”

4.6 Effect of PE on the performance of model

PE is an important factor affecting performance in
Transformer. It is generally believed that adding an appropriate
PE can significantly improve the model’s performance. For
temporal information extraction, 1D sinusoidal PE is com-
monly used [48, 50]. For extracting 2D image information, in
addition to 1D sinusoidal PE, 2D sinusoidal PE and learnable
PE are also used [49]. Therefore, in the Tim-GE-LSTM section,
we used 1D sinusoidal PE. After mapping the electrodes to 2D
images, we applied the other two PE methods in the Spa-GE-
LSTM section.

As shown in Fig.10, after t-paired test, the results show
no significant difference between adding PE and not adding PE
(p > 0.05) in the Tim-GE-LSTM module on the SEED-VIG
dataset using five random seeds.In addition, as shown in Table
5, the results after the addition of three different types of PE
in the Spa-GE-LSTM module are very similar to the results
without any PE. In other words, the role played by PE is not
as significant as previously reported in prior studies [48, 49, 50].
We speculate that this may be due to the following reasons.
In spatial information extraction, the spatial associations
between spatial electrodes are relatively complex and weak.
As a result, the 1D/2D sinusoidal PE we employed may
struggle to accurately represent this spatial information, and the
learnable PE may not effectively capture the relevant spatial
information, leading to no improvement and, in fact, causing
some interference. However, although no PE is added, the
attention mechanism of TranEnlayer can still extract position-
independent information, such as the associations between
electrodes, and may implicitly learn the electrode topology,
thereby enhancing the model’s performance. In temporal
information extraction, the rationale for adding positional
encoding to TranEnlayer stems from the fact that during
the parallel matrix multiplication in the attention mechanism,
the sequential ordering information across different tokens
is inherently discarded. In our proposed module, however,
the attention-enhanced outputs are fed into an LSTM for
sequential computation. The inherent sequential processing
nature of LSTM automatically preserves the order information.
Consequently, ablating PE demonstrates negligible impact on
performance in our experiments.

Table 5 Performance comparison of different kinds of PE in Spa-GE-LSTM module in SEED-VIG dataset
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Accuracy Kappa F1-Score Recall Precision RMSE COR AUC

No PE 0.886
±0.003

0.751
±0.006

0.912
±0.003

0.897
±0.005

0.927
±0.011

0.100
±0.002

0.929
±0.002

0.943
±0.002

1D sinusoidal PE 0.884
±0.003

0.746
±0.006

0.910
±0.002

0.896
±0.006

0.926
±0.008

0.101
±0.001

0.927
±0.002

0.942
±0.002

2D sinusoidal PE 0.884
±0.002

0.747
±0.004

0.910
±0.002

0.899
±0.005

0.922
±0.008

0.101
±0.002

0.927
±0.002

0.942
±0.003

Learned PE 0.885
±0.003

0.747
±0.006

0.911
±0.003

0.895
±0.005

0.927
±0.007

0.101
±0.002

0.927
±0.003

0.942
±0.002

Table 6 Results of ablation experiment of GE-LSTM module in SEED-VIG dataset
Model Variant Accuracy Kappa F1-Score Recall Precision RMSE COR AUC

GE-LSTM 0.886
±0.003

0.751
±0.006

0.912
±0.003

0.897
±0.005

0.927
±0.011

0.100
±0.002

0.929
±0.002

0.943
±0.002

Ablation of TranEnlayer 0.863
±0.005

0.700
±0.010

0.894
±0.004

0.879
±0.006

0.910
±0.006

0.114
±0.001

0.907
±0.002

0.921
±0.003

Ablation of LSTM 0.872
±0.004

0.719
±0.008

0.902
±0.003

0.881
±0.005

0.925
±0.007

0.107
±0.001

0.919
±0.002

0.932
±0.002

Ablation of GE-LSTM 0.763
±0.005

0.479
±0.012

0.818
±0.005

0.800
±0.009

0.838
±0.014

0.171
±0.001

0.774
±0.003

0.834
±0.002

Fig. 10Accuracy comparison chart of Tim-GE-LSTMwith and
without PE under 5 different random seeds and average case
in SEED-VIG dataset. The numbers on the x-axis represent
different random seeds. ”ns” means ”not significance.”

4.7 Ablation Study

In this section, we conducted an ablation study on the
validation set of SEED-VIG. Specifically, we first conducted
ablation experiments on the GE-LSTM module to explore the
contribution of each component to the spatiotemporal feature
extraction performance. Then, we performed separate ablation
experiments on the DE Feature Fusion module, Spa-GE-LSTM
module, and Tim-GE-LSTMmodule to investigate the specific
feature extraction contribution of each module.

In the ablation experiment of GE-LSTM module, we
first removed the TranEnlayer and LSTM from the GE-
LSTM module, retaining only the LSTM and TranEnlayer,

respectively. Subsequently, we replaced the entire module with
fully connected layers.As shown in Table 6, the GE-LSTM-
Net with the complete structure achieves the best performance
with an accuracy of 0.886, a Kappa of 0.751, an F1-score of
0.912, Precision of 0.927, Recall of 0.897, a minimum RMSE
of 0.100, and a maximum COR of 0.929, demonstrating strong
overall performance. After removing the TranEnlayer and
LSTM component, model’s accuracy drops to 0.863 and 0.872,
Kappa drops to 0.700 and 0.719 and significant declines in both
F1-score and COR. When the entire module was removed, the
model’s performance significantly deteriorates, with accuracy
dropping to 0.763, Kappa falling to 0.479, and substantial
decreases in F1-score and recall. These results highlights
the importance of the TranEnlayer in enhancing the capability
of global dependency extraction and the effectiveness of the
hybrid architectures (GE-LSTM module) in spatiotemporal
feature extraction from EEG signals.

In the ablation experiments for the DE Feature Fusion
module, Spa-GE-LSTM module, and Tim-GE-LSTM module,
the results are shown in Table 2. When the Spa-GE-LSTM
module or Tim-GE-LSTM is ablated individually, the model’s
accuracy decreases by 1.1% and 2.6%, respectively. And
ablating both GE-LSTMmodules results in a 12.3% decrease in
accuracy. When the DE Feature Fusion module is also ablated,
the accuracy further decreases to 0.728 (by 15.8%). This
conclusion further demonstrates the impact of each proposed
module on performance and highlights the ability of the
proposed GE-LSTM module in extracting spatial and temporal
features separately.

Table 7 Ablation of DE Fusionmodule, Spa-GE-LSTMmodule
and Tim-GE-LSTM module
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DE Feature
Fusion

Spa-
GE-LSTM

Tim-
GE-LSTM Accuracy Change(%)

- - - 0.728 -15.8%
√ - - 0.763 -12.3%
√ √ - 0.840 -2.6%
√ - √ 0.875 -1.1%
√ √ √ 0.886 -

4.8 Real-Time and Deployability Research

To explore the real-time performance and deployability of
the proposed model, we compare it with six baseline models
on three metrics: Floating Point Operations (FLOPs), P99
latency, and parameter count. FLOPs and P99 represent the
total arithmetic operations required per inference and the worst-
case response time for 99% of requests, respectively. As shown
in Table 8, the proposed GE-LSTM-Net achieves a relatively
low FLOPs of 218.64 and contains only 1.52M parameters
among the compared models. This result demonstrates that the
proposed model can be directly deployed on commonly used
edge computing platforms, such as the NVIDIA Jetson series
and Raspberry Pi series. Under the same hardware conditions,
the model achieves a P99 latency of 30.10ms, which has
minimal impact in practical vigilance estimation scenarios and
issuing low-vigilance warnings. Additionally, in real-world
applications, the model’s complexity can be further adjusted
by modifying the dimensions of the DE Feature Fusion module
to balance accuracy and real-time performance requirements
when in practical application.

Table 8 Comparison of FLOPs, P99 Latency, and Parameter
Counts Across Six baseline models

FLOPs (M) P99 (ms) Params
EEGNet 87.69 0.71 17KB

DeepConvNet 199.95 1.86 584KB
ShallowConvNet 418.06 0.63 131KB

SFT 243.32 34.86 0.58MB
EEG-Conformer 518.89 5.99 1.14MB

TSception 359.46 1.45 45KB
LGG 775.36 5.83 6.92M
ARNN 223.48 36.84 1.67M
STGCN 59.63 3.53 2.59M
Deformer 639.15 6.64 4.23M

GE-LSTM-Net 218.64 30.10 1.52MB

4.9 Limitations and Future Work

The proposed GE-LSTM-Net achieves the best results
on SEED-VIG and MMV datasets under the mixed-subject
paradigm and some spectral features and associations weights
cross multiple brain regions under the state of awake and
fatigue are explored. However, in real-world scenarios,
subject-independent paradigms, where user calibration data
may be unavailable, exhibit greater practical value. A wide
array of domain adaptation methods have been developed to
align EEG data from different distributions, thereby improving
the performance. The method proposed in this study does not
involve any domain adaptation techniques, and as such it has
not reached the current state-of-the-art performance levels in
subject-independent cross-validation. In future work, we will
further incorporate domain adaptation algorithms to enhance

the model’s performance under the subject-independent cross-
validation, thereby increasing its applicability in practical
scenarios.

5 Conclusion

In this paper, we propose the GE-LSTM-Net, synergizing
the Transformer’s attention mechanism with LSTM to enhance
the extraction of spatiotemporal features in EEG signals.
The adopted sample partitioning method combined with the
designed DE feature fusion module in GE-LSTM-Net enables
themodel to effectively extract frequency, spatial, and temporal
information from EEG signals. In addition, the proposed GE-
LSTM module, serving as the core of the GE-LSTM-Net, can
be used to extract both spatial and temporal information and can
be easily adopted to other EEG decoding tasks. Furthermore,
we prove that the DE features extracted from the finer filtering
techniques contains richer vigilance associated information
than traditional filtering technique by the visualization of
saliency map and can improve the model performance. The
comparison with the advanced baseline models on the SEED-
VIG and MMV public datasets demonstrates that our model
achieves SOTAperformance, validating the effectiveness of the
model in vigilance estimation. The proposed GE-LSTM-Net
can serve as a new benchmark for vigilance estimation.
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