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Fatigue detection algorithm based on CNN multi—category facial feature fusion
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Abstract: Aiming at the problem of fatigue driving state recognition in traffic safety, which is easily affected under a single feature
index, and in a complex environment, the detection timeliness and accuracy still need improvement. Combined with the typical
CNN neural network algorithm to achieve high precision and speed goals, a CNN model for face multi—feature state classification is
proposed. Firstly, the AdaBoost detection algorithm for facial local feature detection is used, and the improved CNN model with the
addition of a Dropout layer is used to prevent overfitting. Secondly, status assessment on the eyes and mouth is performed, each
fatigue feature is described, and their characteristic parameters are to be extracted. Simultaneously, Haar - like face feature
recognition is used while preprocessing the image data to cope with some complex factors. Finally, weighted feature fusion is
introduced for fatigue determination. The experimental results show that this method can improve the accuracy of detecting facial
fatigue feature states in complex environments. Compared with traditional fatigue detection methods, the detection speed and
accuracy are effectively improved.
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Fig. 1 Schematic diagram of Dropout layer principle
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Fig. 2 Graph of the relationship between eye closure time and the

time before and after an accident
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principle
W ¢ ~ oy BEERT IR PERCLOS 1
B TEMCHERL B AT DIHERS .

-1,

t3
f:t4 e 100% (7)
K(7) RETE—RIZIR ST, %% S LU

(ARG J 4001 Ay BRLASE B ] A ) W N2 75 9% 57, ik i 2
o L G ) B N PR O, N A A0
>
i = =

; (8)

S, Y o, FRIE T IR TR T 209%

AR ) 2Z AT
MR K 96 L ( Eye Aspect Ratio, EAR) & —F
I IR 55 e b ) ELR M, EAR 2 i
T MR M DX AR S B AR A A5 2 T A B 8 (R
— R UL, 2 R M 9% 55 5P IR I, EAR H 2B
i, WRABFFIEANIE 4 Fros , WARBYZE EATTER ,
EIRMENTRT 5T FRiC 6 D ARAR, MK N P, P, Py P,
P; .Pq, EAR,, B5E AN
I Py =Pg || + [ Py =Ps ||
EAR,, = (9)
2 P, =P, |
EAR,,, WESCAKIR(9) . fEIHEA 1 4




5 2 1]

BURT, SF: BT CNN B9 2020 5 T SR Ak il 458 57 A D0 5 F 5 11

219 EAR f5E AR BRINT .
EAR = Mean(EAR,,EAR ) (10)

B 4 BREBHFIERE
Fig. 4 Map of the eye feature
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Fig. 5 Chart of EAR index collection
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Table 8 Recognition results of fatigue under different scenarios
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