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Abstract: In order to avoid the occurrence of traffic accidents caused by fatigue driving and to safeguard urban road
traffic as well as occupant safety, this project addresses the core problems in traditional fatigue driving detection
methods, such as low accuracy, elaborate parameters and poor generalization, by using the MTCNN and infrared-based
rPPG to accurately extract driver’s facial and physiological information in complex driving environments with changing
light, partial occlusion and head dellection. At the same time, alter deep mining the speciflic [atigue inlormation of
multi-modal modes, combined with the multi-loss reconstruction ( MLR) f{eature fusion module to use the
complementary information between each mode are employed to further construct the multimodality feature integration
model, which breaks the limitation of single-mode detection methods and improves its the accuracy and robustness in
complicated driving environments. Finally, by using the time-series nature of fatigue, a fatigue driving detection
system based on the Bi-LSTM model is established. Experiments were conducted on a home-made dataset FAHD,
which demonstrated the reliability of the infrared physiological feature extraction model. In addition, the accuracy of
multimodal input increased by at least 5. 6% compared to the single-modal input, while the correlation coefficient
improved by 5.6% and the root mean square error was reduced by 25% compared to existing fusion methods,
achieving an accuracy of 96.7%. While promoting the development of intelligent transportation, it also has a good
positive significance for the maintenance of traffic safety.
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_ N CORR RMSE
MAEHE — — - —
A kREE EHE hrdEE
RIS 0.863 0. 095 0.104 0.027
AEmA 0. 886 0. 074 0. 097 0. 020
ALK 0.914 0.051 0.078 0.014

SR RMIA SO LR R BUR &, BT RR 2
INTHABT R TT L Bl A M BE SR, TR R DR SRR A A
LR S BERARAF T 2REE R AR E S FEER
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FIHE TN A 5T 45 A TR AR AS R AE i AR [R1 B3 v 3 47 0 e
Sy, AR — 2k 4 S A BRERAE , LR AR AL IR A A
BRIE AR & ZRAHIE 4 A, 4 A5 IE 3 0E i3 45 2 AR
B4y I SR A FITE BAR A R B A BIE K SVM 5
DBN R %% v, K515 389 (9 43 25 M 0 28 5 A SCO7 I AT LR AR
S EERINE 2 FiR .

R 2 ATH, AR SO EE R T AR B AE 41 (ECG, rPPG)
B 43 ZEAETR 430 4 0. 874 1 0. 861, AT LIYE B ECG # 3¢
AR IR K HA 0. 013, 2% [ 2 K W) i B4, J5 42
A PRI R A rPPG X F L BG4 1iE 2 (Eyes, Mouth) 143
HMETG R 4y W 2 0,868 F 0. 855, T IR A W ERAE 41
(Eyes+Mouth) I i %2 0. 892, & T I fib 2 — R AF 41
W HET 3R, Ul B 2 R AF BB 05 LU B — R AIF 51 S5 Hb 4 34 % Y
IR N TFIR S 2R H (Eyes+ Mouth+rPPG) B
BEIE 0. 929, 45 5L 56 45 5 7 1 3L T £ B A B0 1 1 I 25

STENE 5 25 Bl I B0k b AT R, BLAE 2R RS 7
HL ARG TR A R AL .

R2 FAEBEERBEANAEEEMHEBREI L

KR FFIE Eisgan SVM DBN A&3CJrik
A3 ECG HR,HRV 0.792 0.853 0.874
FE  PPG HRV 0.778 0.827  0.861
P Eyes PERCILOS 0.785 0.849  0.868
$1E  Mouth Yawn frequency 0.757 0.806  0.855
RE

T Eyest  PERCLOS.

AR 0.814 0.869  0.892
- Mouth  Yawn frequency

FRE

B4 Eyes+ PERCLOS,

%25 Mouth+ Yawn frequency, 0. 774 0.871  0.929
IE  rPPG HRV
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