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Driver fatigue detection based on facial feature fusion

LIAO Mingming, ZHAO Bo
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Aiming at the influence of the light intensity and the change of the driver’s head posture in the complex driving
environment on the accuracy of fatigue driving detection, a driver fatigue detection method based on facial feature fusion and
convolutional neural network is proposed. Firstly, the collected driver images are preprocessed, then the multitask cascade
convolutional neural network ( MTCNN ) is used for face detection and eye and mouth features are extracted; the eye state
recognition network SOE—Net and mouth state recognition network SOM—Net respectively recognize the state of the eyes and the
mouth. Finally, the PERCLOS criterion and the continuous mouth opening time ( CMOT) are used to determine the fatigue state. The
experimental results show that the method can quickly and accurately locate the face area, the fatigue detection can reach a high
accuracy rate, and it can meet the needs of real-time detection.
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Fig. 1 The flow chart of the algorithm
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Fig. 2 MTCNN network
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Fig. 4 Network of facial feature recognition
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Fig. 5 Curves of loss functions
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Tab. 1 The result of eye state recognition
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Tab. 2 The result of mouth state recognition
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Tab. 3 The result of fatigue detection
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Fig. 6 Analysis of fatigue detection

5 HRiE

ARSI T — b T Bl 22 0 45 F) 55 72 Bl

RN 73 3% 07 VR A Al T 2 O I R s S 1
REAE SR I B2 s 5% 9 55 R0 . SR MTCNN JE 3 25
I 53 G0 MRS 50 AR 8 DXk 5 85 MRS S50 T8 3 ) 4R i 4
% A SOE —Net F1 SOM—-Net ARG,
J& 455 PERCLOS FIAFSL 5K W I [A] 254798 55 HI E
TR REREIE N G IR AR Ak A28 3 573 S 3RS 5281k )
AB YIRS AET R SRR I Y SR B ET AR T
I8 55 R - Y HERA R T 56 90.8% , H HH I il 45
LRGSR T 2. (8 T AR AR B o &

[1] MANDAL B, LI L, WANG G S, et al. Towards detection of bus
driver fatigue based on robust visual analysis of eye state[ J]. [EEE
Transactions on Intelligent Transportation Systems, 2017, 18(3) .
545-557.

[2] LI X , HONG L, WANG N, et al. Fatigue driving detection
model based on semi — supervised learning [ J ]. Tongji Daxue
Xuebao/Journal of Tongji University, 2018, 46.81-86,189.

[3] ZHANG Kaipeng, ZHANG Zhanpeng, LI Zhifeng, et al. Joint
face detection and alignment wusing multitask cascaded
Convolutional Networks [ J|]. IEEE Signal Processing Letters,
2016, 23(10) :1499-1503.

[4] URSULESCU O, ILIE B, SIMION G. Driver drowsiness detection
based on eye analysis[ C]// 2018 International Symposium on
Electronics and Telecommunications ( ISETC ). Timisoara,
Romania ;IEEE,2018.1-4.

[5] BHONE R A. Computer Vision based drowsiness detection for
motorized vehicles with Web Push Notifications [ C ]//2019 4th
International Conference on Internet of Things: Smart Innovation
and Usages (1oT-SIU) .Ghaziabad, India ;IEEE, 2019.1-4.

[6] ZHAO Xuepeng, MENG Chunning, FENG Mingkui, et al. Eye
feature point detection based on single Convolutional Neural
Network[ J]. let Computer Vision, 2017, 12(4) :453-457.

[7] KNAPIK M, CYGANEK B. Driver’ s fatigue recognition based on
yawn detection in thermal images [ J]. Neurocomputing, 2019,
338 274-292.

[8] YANG Hao, LIU Li, MIN Weidong, et al. Driver yawning
detection based on subtle facial action recognition [ J|. IEEE
Transactions on Multimedia, 2020, 23.572-583.

[9] ANUND A, FORS C, AHLSTROM C. The severity of driver
fatigue in terms of line crossing: A pilot study comparing day— and
night time driving in simulator| J]. European Transport Research
Review, 2017, 9(2) :31.

[10] DASGUPTA A, RAHMAN D, ROUTRAY A. A smartphone -
based drowsiness detection and warning system for automotive
drivers [ J ]. IEEE Transactions on Intelligent Transportation
Systems, 2019,20( 11) :4045-4054.

[11]JI Yingyu, WANG Shigang, ZHAO Yan, et al. Fatigue state
detection based on multi — index fusion and state recognition
network[ J|. IEEE Access, 2019, 7:64136-64147.

(12BN, A Hs BRI AR 45, 6T 20 RUBE Wl Ak 45 AR 22 0 45 1) 2
SERN BRI S (V] AL HAFSE, 2019, 36 (11) ;3471 -
3475.

(FHE5E 88 1)



