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Fatigue driving detection method based on MTCNN and PFLD

Song Zhigiang'® Li Mingyang® Zhou Peng’
(1. School of Automation, Wuxi University, Wuxi 214105, China;

2. School of Automation, Nanjing University of Information Science and Technology,Nanjing 210044, China)

Abstract: Aiming at the limitation of face detection accuracy degradation when facing light changes or complex

background in driver fatigue detection methods, an improved MTCNN network is proposed. By optimising the
MTCNN network, the coordinate attention mechanism and batch normalisation algorithm are introduced in all three
sub-networks to improve the model’s localisation accuracy of the driver's face, enhance the convergence speed and
stability of the network, and enhance the suppression of overfitting. The experimental results show that the accuracy of
the improved MTCNN model on the fatigue driving dataset reaches 98. 78% , which is 2.43% higher than that of the
original model, and the number of parameters of the model is only 0. 5 M, which has good face detection accuracy and
deployability. In addition, combining the improved MTCNN model with the PFLD model, a reasonable fatigue

parameter threshold is set based on the experiments, and a more accurate fatigue driving detection is achieved.
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Fig.1 Network architecture of CA-MTCNN
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Fig. 3 Example diagram of the dataset
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Table 1 Experimental environment configuration
WA A4 K R
BIERS Windows 11
CPU 15-13490F
GPU RTX3080(10. 0 GB)
Python A< 3.8
CUDA A 11.3
Pytorch fRiAs 1.12.0

4.3 ZWHERE5HW

R T 25 WAL B SR B MTCNN A5 28 () 57 ik
FE 3, AR SCHEAT T T8 il S 56 5 38 26 B Ak JH: I gk 3 43 X A%
RIS, 25 AR 2 iR

F2 HELELIE
Table 2 Ablation experiments %
Rl BN CA #Effi% HthE HmE F1-15454
MTCNN — — 96.35 96.4 96.32 96.35
MTCNN-+BN +/ — 96.57 96.59 96.55 96.58
MTCNN-+AC — </ 97.71 97.73 97.68 97.69
M MTCNN  «/ +/ 98.78 98.8 98.77 98.78

W 2 Frm AR SO H Y CA BEHL AT BN 8k i 47
TG A A R R A &R F1-1R 0 SRR
HebR AT AR T A SCrh BT 5 B A R Re . T Al S 8
SER R A SO ek B R T T AR Y AR M RE L 56
UE 7 H R 9 57 25 Bk i v 1 7 b . A, BicilE MTCNN
BRI S HCRAR 0.5 ML A7 6 58 5 Gk I B R A b o, R
e B HR 2 e i A B b M 2 R A

R T IR AR R B A A S AR SO G S R
RetinaFace'™', YOLOv8-SWEF™*', YOLOv5”", 4AC-
YOLOvS™ Fl SCRFD-10 GF™ %5 3= 3 A A6 1l 455 51 7 [A]
BB DA77 HEBEST L, DT 5 A A 5 R 0 o R A 2
Bom, BARGE R 3% 3 fin . 38 5 % b AS [RIAE 280 (1 5 40 4
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BH KR, TR A5 FAE W AR SRR R 5 45 Fh 3
BT (T b o R 0 3 O B, B IR T AR SO R IR Sk
I RE L3

x3 MWEXRE

Table 3 Comparative experiments

[ %/ % SRR /M
RetinaFace 95. 60 25.10
YOLOv8-SWF 99. 26 11.13
YOLOv5 91. 20 8. 16
4AC-YOLOV5 93.08 6.79
SCRFD-10 GF 95. 20 3. 86
A SRR 98. 78 0.50
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W R IEAT ER e Al . T 4 O 28 5 B a3 o 1Y 808 4R
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Fig. 4 Example diagram of the dataset
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Fig.5 Example of face detection results
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Table 4 Experimental results of EAR values
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Table 5 Experimental results of MAR values
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Table 6 YawDD video dataset detection results
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Table 7 Comparative experiments of fatigue detection models
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Fig. 9 Example of fatigue determination results
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