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Abstract

Fatigue driving is a significant factor contributing to traffic accidents, making its detection crucial
for traffic safety. Electroencephalogram (EEG) signals, which reflect brain activity, have been widely
utilized in fatigue detection. However, existing deep learning approaches often suffer from exces-
sive reliance on signal preprocessing or insufficient exploitation of the spatio-temporal character-
istics inherent in EEG data. In this study, we propose a novel spatio-temporal fusion framework for
EEG-based fatigue detection, named KCL-STN (KAN-CNN-LSTM Spatio-Temporal Information Net-
work). The proposed model integrates Convolutional Neural Networks (CNNs) and Long Short-Term
Memory (LSTM) networks to extract spatial and temporal features from raw EEG signals, respec-
tively, enabling end-to-end fatigue detection. To address the issue of limited EEG data, we introduce
a sliding window-based EEG data augmentation algorithm, which increases sample diversity and
enhances training stability. Experimental results on a public dataset demonstrate that KCL-STN out-
performs several existing methods in terms of classification accuracy, recall, and precision, achiev-
ing an accuracy of 86.05%. Ablation studies validate the effectiveness of the KAN linear layer and
the proposed data augmentation strategy. Furthermore, cross-subject experiments confirm the
model’s strong generalization capability and robustness. Overall, the findings indicate that KCL-STN
is a robust and high-performance method for fatigue detection based on raw EEG signals.
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Figure 1. Schematic diagram of KCL-STN
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Table 1. Structural details table of KCL-STN
%2 1. KCL-STN Z5#4m¥5k

L Layer Type Padding Stride Kernel Size  Output Shape  Activation Function
1 Convld 1 1 3*1 30, T ReLU
2 Convld 1 1 3*1 30, T ReLU
3 Convld 1 1 3*1 30, T ReLU
4 MaxPoolld 0 2 2%1] 30, T2

5 Convld 1 1 3*1 64, T/2 ReLU
6 Convld 1 1 3*1 64, T/2 ReLU
7 Convld 1 1 3*1 64, T/2 ReLU
8 MaxPoolld 0 2 2%1 64, T/4

9 Convld 1 1 3*1 128, T/4 ReLU
10 Convld 1 1 3*1 128, T/4 ReLU
11 Convld 1 1 3*1 128, T/4 ReLU
12 MaxPoolld 0 2 2%1 128, T/8

13 LSTM 128, T/8

14 LSTM 128, T/4

15 LSTM 128, T/4

16 LSTM 128, T/4

17 Flatten 3, T/4

18 KANLinear 2,
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Table 3. Data distribution in the dataset (after processing)
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Figure 2. Example of EEG data augmentation method
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Figure 3. Training loss over epochs
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Figure 4. ACC over epochs
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Table 4. Result of comparative experimental

4. JTEESRIHER

WARrS Accuracy Recall Precision
EEGNet [12] 82.52% 83.96% 83.30%
EEGTransformer [4] 78.02% 72.22% 78.56%
InterpretableCNN [13] 77.70% 75.30% 74.66%
ESTCNN [14] 77.79% 75.01% 79.12%
KCL-STN (ours) 86.05% 86.12% 86.10%

MR LR AT A Ee R, ASCHR ) KCL-STN 478 fixt L i) =AM e br 2 28
FAEHEIRTE, 205N 86.05%. 86.12%- 86.10%. FHE: T HoAh 75 Z4 L AL HE DA K T sh BRI R B 7 =1
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Rl s fise
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HRHIEHATIG . WA LUE ), KCL-STN REAG T34 52 30 (0B AARE B R BUAES , X T K8 1132
R AL, 7SS FEHL Rk ) 80%LL L, AR s22 LK s41 BRIk & IR IR T 80%, 2354 77 %
N T75%. HETYBEARTIIIRG FERITAR, BB A SR tH IR BB AT 2801 2 2] BN [ R 5238 T AN AR 1)
MERIE , WIS BUTE 22 4 AN [ R 2R 2 T L & R R B, UEBH 1 AL 2 A M RE RN B R 1 e
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Figure 5. Overall performance of the KCL-STN
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Table 5. Result of ablation in KANLinear
%% 5. KANLinear jHRRSEIG£E R

ik Accuracy Recall Precision
CL-STN 84.67% 83.57% 85.54%
KCL-STN 86.05% 86.12% 86.10%

MiZZE R AT LA H, M T KANLinear JZ /) KCL-STN #ER7ERE & F EOfd F 4% 8% 2 1) CL-STN #
B4RTHT 1.38%. KANLinear ZEHHE T4 00 4% 2 A8 2 ) B0 2 HIHFAE, %4510 5 SCHR[15]— L.
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o A HZIT 100%, T MHASEHERA 28 A 7R RE 3 Th R 12 A, A M HERR 2215 B AE 80% il . Wom HEA R
FHIE B VB a7 VR B O PR I = A T I VGBS, it B N T B A O B 5
ISR (R IL ] 4, BRI ILA I GR35 2R, (R AALE—E M LA IR . X R B ARSCHR H (19 Ml L 3

DOI: 10.12677/airr.2025.144086 914 PNER ST IR YN


https://doi.org/10.12677/airr.2025.144086

LR

B R R T IR B AR G (SR T e B, SR UL B GO R AR B R, (HR AR AR AR
B A R = 3 AR A SR AR R

ACC Over Epochs

1009 frain acc

—— Test ACC
0.95

0.90 A
¢}
9 0.85

<

0.80 A

0.75 1

0.70 T T T T T T T T T T T
0 5 10 15 20 25 30 35 40 45 50
Epoch

Figure 6. ACC over epochs without data augmentation
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