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Driver fatigue detection based on optimized probabilistic neural network

Wang Han Qiu Liankui
(School of Information Engineering, Henan University of Science and Technology, Luoyang 471023, China)

Abstract: Aiming at the problem ol driver [acial [atigue detection, a driver [atigue detection algorithm based on genetic
algorithm optimized probabilistic neural network (PNN) was proposed. The face detector based on HOG feature is
used to detect the face, and ERT algorithm is used to locate the key points. The four fatigue characteristic parameters
including PERCLQOS value, blink frequency, the proportion of yawning time per unit time and the frequency of nodding
were calculated and input into PNN for fatigue discrimination, and the genetic algorithm was used to optimize the
smoothing factor of PNN. Improve the accuracy of fatigue classification. NHTU-DDD dataset and YawDD dataset
were used to train the network, and self-collected samples were used to verify the generalization performance of the
model. Compared with SVM, BP neural network and unoptimized PNN model, the accuracy rates of SVM, BP neural
network and unoptimized PNN were 95.67%, 97.67% and 95.33%, respectively. The accuracy of the proposed
optimized PNN model is 98. 67% , which verifies the effectiveness of the proposed algorithm,

Keywords: fatigue detection;facial features;genetic algorithm; probabilistic neural network

5

i

W51

a6 12

e b A BAS AR | S A A O R I I Y 9 A

25 B 57 R B AR B (B B 2 ek AR o, BE R B
RFLLBEBOHLRE T #E R B B E R T R R
RS SESE LR, Bl 25 B AR B S O F AN B R 4
) 42 05 A TS B B S TR A AR AU U K A
SEFEHR L E T E R R B R A 2. Rk, x)
290 AT IR ORI L B T B S Y PR RO

FLRIT o 982 25 A5 I 77 3 P R AR AT 2 2R IR T DU 3 b
25 R AR ST AT SRR L B B T A
A v B B % 1 SRR AE A 35 A U O ok B A 3R

U H 3 :2022-09-26
» HETH . B}RH AR EE4E (ULS04617D T B T 1)

RYE A ERN S 25l 5 A I RSN, 288
PR E IR M & IR BT R A R ELFHE . BT L
R WS Sk TR IS A SR EAT 25 3 B iy 35 1 T . Y Ibe
i 2 U 3 g Y 2 0 X 2 AT 45 B U 2 ) 4% (multi-
task convolutional neural network , MTCNN) A & 46 M & 3%
Ak, 3 7 4 TRCHR B AT L 4 55 S 80, e o A SRR ) =
#l (support vector machine, SVM) th i F7 9% 55 4R 5 H1 1), ¥E
A 7 55 Sk S A AR AR X 57 1R B 0 5 I /N 5 4RO 3 g B
20 L AR IS IS B R TR A B DL R BR Bh i 3 NS B

« 105 -



5 46 & woF o

¥ #H K

PR ¥ B R SRR X S S JOHE AT Rl R R SE TR 28 B B
5 RAS U 5 G 2 (UK R B T HR I A1 8 2 #1945 B2 o
IR S5 » B 7 TR 5 I AR I 1A UR 2 Sy o e 12 28 A Y
O 5 7 O AU S Ao 4R O S L R DA B Sk R S IR AE
S RAE Ay AT FRAE B, SC 3025 3 By 1R 57
FA5) B P TR AR AL A 2 8 R T 1 AR R 1 O

T LRGN R AN S 1 4 IR | 1 L Sk 3
LA RAL o B ) — ol T a0k D PR R A X % 1
IR 7 L B T B AR R S M
B, ASCEZETAEIT : D Ry T BT 53 (R 25 38 5L i
T A8 A5 I TR AT 52 5 Al 208 1o 55 R S g S LA % Sk T R AR
9 22 A 15 b R I 25 s B3 B 55 OIRAS . 2) AR IR 55 R A B
B LIZ AR AR SR A A S A A PRG3R0 1 22 T 4% R AT 57
T2 AT 28 AR A vk R M A 2 0 4% 1 BB i TR
RO o MERR R

1 R ERAe I B2 K 88 1 RE fir

1.1 EEEN

G 84 T e Y ) 2 AR 1 U7 1 466 B L J7 Bl (histogram of
oriented gradient, HOG) 5 SVM 72k # A §& 4 M 2%,
HOG FFAEJE F >k 1 38 B 5 1% = B8 SR AR AE » FE X B 45
(W JLAT AR e AL R AR B AT AP BT . X T HOG
FRIE B4R B Sl g B R oy B, R i B A R B
J7 R T L e e B D R AR B, AR A R &
HWEG T RE RSB, midh G B L EAAETERG ik
SGr DB R Y JR 3 E bR RE 4 B0 B A0 T 1) 5 R G AR R A
R, FERI HOG RHAEJS , i ] SVM B kXt H it 175025,
SEE AR . AR IR 1 TN,

LI KEN. BIEM HOG SVM PN
Mg || mormsm | ] s || s | | R
Bl 1 RSB ) i A

1.2 XERAEM

% 57 B 1 TG FR R B IR W R AT X I R
RS R PRt 7 60T B A B DX 5 g 6 B R A T B vk
FE A I LT S0 8 B RRAE RUOL B B R R AR A5 AR A B a)
FREREE W AR R 55 S 80 I SR S B S LR T
R Bl 13 # (ensemble of regression trees, ERT) &
R HOE G EE ST K9 5% 22 [ S A GBDT (gradient
boosting decision tree) 3 i £ R 2% AL, 8 A JE PR A 24 i
ITEAR — 20— B B KSR AR, 74— B A 17 s R
FEfE A — T2 BURE, Y A BTER — 1 S BB, 3k
Hek=EmMARIEm A b BRI EIE8E W, 558 TE 1
BR 258 AL — Ay DA SE I AR X 55 AR AR o A G i
MR AN R

St+1) =SU) +7,(I,8) 4D

+ 106 -

Hp, S (o) FRA ¢ G IE RS A I B E BT A 1 A
STy, R AT [T A% Hok A U 2R RS
b0 U S G OC B B B U DAy 2 R T R G O
BB R R ORI B G R S B T E S AR 1 2
B

B2 TS T 5 O B s o R

2 EEFRTIER

REBRESH

R RESREELI R ETLTESN—-EEE
b > 2 3 53 7E A B (R] 9 22 9 48 o R D, B R AL RE O 7 T
FE .4 PR AR A B T AR B RN E R TR & AW
FEFARAS . B LLR IE HAKE L Ceye aspect radio, EAR) 3k
RAEIRIERRE BIEAE L IRER TN EESKER
LUAE , AR A A T % PR A& BT, EAR [ K, YIRS H &
BF BRI B A AN 4 R AR AR AL, B B AR /N, B, EAR H
TR/ .

TERGFRIY 68 AR s 2 A BRAS K3 4 5 4 31
36~41,42~47, @1 B A A O S A A TS IR 19 &
JE EAR, LLAR R H, AR5 HF 2, RiGXESEMNRE
E i 3 prs, it E AR R .

EAR,, — o= Pn = Py @

Zpss *Pss
Z—DEEP: Pas ~ n %EHEE@%#%?E‘@%$%O

2.1

B3 AL RER

HTWNSEARZE SR B R A IREE B EAR
FER T H IR W W P LB A -

EAR = %(EAR i + EAR ) 3

1) |7 IR 45

NTETE HORAS N 5 B4 4 0 BZ IR U8 AE 10 ~ 25 A
& BRIEZRPTERELE 0. 2~0.4 s Z[A], T 24 A% 55
Wy 2t BAR B 7 MR Bl A7 R s 22 A L 22, b i) (4 2 IR A0 R ¢



I o F A TRAGEEAZ WK E IR A

RS AR BB A SO s EAR R/, 3
3o B 1 MBS 40 0 B B AR S L S A A 20U R W 0 A T
AT SR, I A B {H B E N 0. 23, EAR H/MT
0. 23 W, I 2 B AL FHIIRORES , ;L 2 I IRAR S L AE 7T
SN2 AR AR IS, S T RE A A A ARG T 30T 1 2 IROIR 2 B
JE YR AL TP A RS S i R 3 Wi R L B L e AR —
W2 IR, A SCLL 20 s g — R I SE T I R vk &, 3 38 1 2 R A

Sese = % 4

Adton RoR— B EZ IR R B T 38R — 48 0 &
]

2)PERCLOS 18

PERCLOS(percentage of eyelid closure) #E N & i F
PR A [ AP 9 T 4R 1R 1L R TR B R I B SRS I
RIS R S TR bR Fo AR B B RN, B B 4D T A
RSB E] S R ET R E . FIRERY S LL 20 s Sy —JE 3
#4718 PERCLOS i, B &1+ T .

PERCLOS = % X 100% (5)

o N Fom— A IR A5 AL T B A0k 25 A A0 450 I 4
M FR— N B E ik, PERCLOS {H#0K, &
2.2 BEMRESH

FI A R Al J2 BE 95 8 Z0H) W7 25 38 B S5 IR S B FE AR 2
— T BT B 5 2 K o R B BTG RAT R R L T IE
AR WS IR AR AL, 1T e B W 3 S T 1 i BE AR,
n] PLf a3 W 9B L (mouth aspect radio, MAR) 2
FRAE 2 B 5 AW FOR S FEOCHE SR g 5 L MR S X8 Y R AE
R R A8~67, P45 K 48~59 R IRIME IR R 51
475N 60~67 M MEER N RSB R T A SO M I N F8
Rk A AIT 4 28 MAR (B, % BT 5 B0
HEE 4 R, it E A8

Py — Py +Pg — Py

MAR = 2P, —P. (6)
KHfr: Psy, ~ Py AW R ER IR IR 2L AR T

A SCHRAE MAR B 8 K/ 5 38 3 15 B B K X 55 W
BEAL T RORZS . 7E YawDD 3705 R B ik fT
SEHy, X WE R P A B, MAR {H 1 28 T8 B AE (0, 0. 15) 2
[, 0 5 = MR N, MAR {9 28 A6 ¥ [ 75 (0. 15,0. 4) 2
Me] T MG R BT, MAR fERF 0. 4, B K BIE B E R 0. 4,24
MAR {H KT 0. 4 B, BEIA K 25 B 5 AT Ab A 4T P RS

PRI B P AT I XN ] o L

FT 0 JROBR 785 o5 W38 1) "R AE 2% W 300 O R R B R, Rk e g
[F]4, AR 36 PERCLOS {8 B 15 05 2R 1 50 W8 # RRAE
BI9E S5 F8 b7 » LA 20 s S — R T S8 B AL T 4T XORS 1
A E] A7 BB R R E A L BRI

12
B4 BEEREARERE
X
PERCLOS, .. = < X 100% (7

Y
AP X TR — A N I AL AT KRS YRR AT
B, Y £oxR — B0 B WA, [\ AR,
PERCLOS,,,... [E#K . 3¢ W25 5 5% i 52 57 1 b ™
2.3 LBRESH

B 5 90 55 P B R IR 25 b B3 4 R BRI S S B 42
2 BLECRL BR a, SKER I3 B R R K, R ISk IR AL 2
A DL RS B 5 B S RS B — AR . AR SCERT B R R
FE A 3k B Sk I TR A S E IR T T B Y LA 6 R
KA LTRSS, T 5k KSR 35 3k B 17 56
FiF S 7E AR P E B CRME 5 . PoPs.
PP, PP, 55 AR A3k FRIRETT , SR SR I 89
BERYEE, PP, .P.P; P, P 55 8FM . 53k Hk
RET.BRFBEMBREREER. HkmHLn,
PP, WEEEW/NE P Py, T ALIRET, PP, 9iE
&R E PP, HiLkWRET. PP, HIEE S/ E
PPy, KSR PP,/ P Py It HAE AR bR I B SR 30 45
TR

PSRBT EM B R L .

l,: Az+By+C =0 (8

AT B AR E A SRR AT 7 H R BIBE S d -

g | Az, + By, +C | -

VAT+B*

I EE, T B AT B AR L,

l,:Ailx+B,y+C, =0 (10)

W BRI S S C T LI 1.
Az + By, +C, |

l = = an
VA" +B,
R ESHSE H .
R
&
S
[id]

Bl S Sk A I RRAE SR Bom R

« 107 -



o5 46 2 W F o om OB K
LR E:ﬁq
A S FIAHAR W SL I AL S B EE AH = H, — =1 (15)

H,  RAWTRS KA T 8k 30E, Y AH {H/NT 0,25
B R TERR Sk B 2 AH ERTF 0 W B 50 5 AE 0 Sk 3l
VB SR B EEL2E 3 W& LA B AH KT 0 LRI/ —
Rk L 20 s Sy — AT R AR R

(13)

K om FTom— DRI A SRS T BT —NAHK
A TE],

3 ETRUBBRMENEHESKREH R

3.1 WMEWHEME

R 30 28 ) 4% (probabilistic neural networks, PNN) J&
T WB 2= T 0 it T 0 4% A — b B R R A AT
S, RN A B R AR T DL e SRS, A TE AR [
S R B (RBF) 48 28 I 2% v % J& T S 1 — 7 190 4% 25 407 L
T 46 ) 18] B IS SSCRR B PR AR B 1R 4 O L X 28 O i
ATBEIEFGIEMLE . MR MELHME 6 iR,

WNE

AR
B 6 PNN R4 %5

RAE R

gkt oy 4 200l h AR RS R KRR W
HE.

2 0 AR DR 55 2 B R 1) L R 20T
B AR TP B 07 FRAE SR D BOR SR A2 R
XoF B DEAT AR A #R A

Bt & )2 UK AR 1) R )2 3 — J2 B 45— > e 2 T AR A
H—Ao Al itERWAREANNEEAMES T.OH
MR BE B L SR 5 ol e 307 R O AT O B IR B — A b i
1B 22 A AT B INRFEEAABOARSE 0 T 1 & x
ABVZ R Z B e BN A g oohm A S T
PP A SEAY (1

$i(x) = li

(210 *%6°
A o 2B T HIRE R E) PNN B AL 73 28 MERE
R O 5% M — T N I B

SRR R B 2 R T IR — 2 i 22 0 X e o R AT
TS 357 By o 6T 2 B~ 25 0 B SR S A X — BRI AR 45T
NS R o BB S . A

+ 108 -

” T _aij H ?
exp(— Py

) 14

s p, FOREE | KPR E L 288 T4 50
ZINHAE

LR XTSRS E T oy 5
SR Z B 22 7 rh i H B0 B R AEL AR X B 2R 5 TR

y = argmax(p, s pss s p.) (16)
Kec BN MAEL.
3.2 EEHERALTERRT

115 B 1 (genetic algorithm, GA) 28 1 2k ¥ 7E {L AL
i 2 A (1 — P A R R AR B ER T A % TR R SO A
AL P A R G A 2 U, T S B E AR AL FE AR
FEA A TSR o B A P TS R AR AR B /N
TPIEHE X S ARAE T 7 2R F B R BE 2 2 IR 1
bR AR, F R 2RI TR R TR TR
AR, SRR R R L%, BEREELRT
AR, A2 R G E L S TN A R, FE WL
PEdF AR SR . BRI AR SO 38 4% 35 0k ok - 0 ot A 32
MV R AL TR E T

i AL Bk 4k PNN B F R EF RS 5T .

DEEFERFHBETE, #7MEMHRL, (6.
orsertson s MORFRRENLAEL , 3F i HRTAEL c =15

2) 06 A PR g PR K45 1 P i B T, f E PNINL I3 4
FEUETR R, BT G AR 1) 365 N eR 85

DEFRIE B IR M, AR AR, B )E N
e 5

OEFYFAE =+ 15

IR ¢ B F A v Mk R A RN B R
Ak 7 IR W] 25 BB 2) 4k BT

6 % 4 35 7 5 e 1 A AR A5 3 aHe A A KT 1 o T I
THUE Bl PNN B9 AE R, T 98 07 K AE 55

4 SEIGHHRT

SR FE S EREE
A K LB R T CPU # B4 Intel ® Core™ i5-
3230M,RAM % 8 G, 4i7%1% & 4 Python,f# il Pycharm T.
HAA7E Windows10 #:4E R G EHEAT,
S B P AR R I T YawDD $0#E % \NTHU-DDD
YawDD #3842 i 2 288 15 Sk SRl i B 40l 2 gl 2 2
AT B AR , AR U8 LA SRR 0 A B R 4 D PR AL s L —
A BBCLE TIRER RS T o7, AT S 25 5 5 A
WA o3 Sh— M R B TR A L EXN B R, H
T 5 122 b B 0% T TR AL, 5 G DR ) T A AR R 4 45 IR AR 2
Al S 3 R A R O 5 L R B D L R BB AL AT R R
PAT AR 25 640 X 480 pixels, WiF A 30 fps,
NTHU-DDD {4 4 sk W + & 18 B 37 75 46 K 2%

4.1



I B F AT ENSERNLNE

5 3k 3R 7 A Al %12 3

VB BB HE 5L F (1 R AR AN 7 50 T Sl (& 28 o
ARG FTR R L FE 2T B, B &R

B FP 25 B0 AT g« I H 25 B 55 25 i WA AR R O 640 X480
BE FBERBNKIE 60 s 7545, W2 K 15 fps CERD 5
30 fps(HXK),

AREBIWERE T 6 ZHREHFETLEEMFETE
WRMERERE ST REWH R TRE BEZRER
R 1] o 17 B A0S AR TP RSk AT R AR A (R R
A 640X 480 pixels, TP 5T ACRE 4 BT, M B0
BT FE 90 s 2247, Wi Ky 30 fps,

ob 1 A AR AR B S A AT R BT A S O 1 K
H20 s, 453 1 747 HEIRREA H P, 1 447 A REA SRR
F YawDD FI NTHU-DDD (84 , 3 & 75 BE . 5 57 BE AR 41
Ay 853 41,594 A, X H A BHE AT WY gk, A =4
ﬁfﬁ%‘iIE?iimuiiﬁffﬁﬂ, B ) 2R 4 5 0K 4R 1 L ) 2

21, 3R FHREALR 20 s Higy 300 AAEAKBE T A *%%M@
%9@3(!51@\&73 ARSREA Y I 184 21,116 4, X
SYEARAL A T IR W 4537 A b fig .

4.2 REilg 5= EEHE

i 3 3 1 Bk AR AR R 22 45 (GA-PNND 70 25
;ZDT.

PNN #5 # . 45 A2 45 0 J2 AR I8 BE A BT 2 B Y
PERCLOS, iz HR 45 2 , Y5 % PERCLOS {H . s 3k Ml 38 4 A4
TESHL, LS A SR W 2o 4 A RE R 5G4
RIBEARSE B T UGB AR AR A SR 2/3, B0 1 012 4,
FrUBREREMATEHER 1012 1B W R RS EHEE
PR R 35 P S, MR M2 M oc e 2 4 % 2 T4
HH AR 2R 5 KB T 4t B B 2 ]

BB ML N A S8 P B R 350,
TARKE R 8,28 LA R 0. 6,28 FHEFEN 0. 01, AR KK
25, L PNN [ 258G B @, 1B R3E 7 ¥ 8, % PNN
BEATHRAL , S T P R B0 B P T 0 IR e T T Y T B
TEFE Ry (0,100, MHRKS BE o.. B2 AR ECRY h £k il 7 fr
Ao FERACREN 19 W, Bl AL R8¢ =19 B, 15 B %
TR P T SR BE L B RS E e = 99. 5294, Xt B M A A K- W
HF o = 0.047 06,

0994+
0.992

i

#£0.990

=9

520988}
09861
0.984 — WK

0 5 10 15 20 25

AR S
7 W ¢, BEEACKBRI AL

R DU A5 B 691 1 PR 1 157 78 DI 2 2 ) AR 25 e 22 I
2% rp (0 T B E R AR B R 26 150 S BR 2 2E VR R L AN SO B
(GA-PNN) 5 SVM.BP #1 &R 4 , KL # PNN (s =
0. D7 2EAR M55 3 R BEXS Hen e 1 P, (R (4l
) PNN 5 {fi J§ SVM JEAT 8 57 70 25 i) 1 BEAH 24 , fii 1] BP
M PR AR AL PNN 432805 B4R T T 2. 3404, M A
SCAET GA-PNN f 20 28 PR BE S L - HE AR AL PNN ) 74
BRRPETET 2. 6700, Ll T BP i 22 0 45 1) 43 25 i o < 4R
FT 1%,

R1 EMHEBHEFTRNERE

s E# 52K IR R W R/
HRER N \ 0
FEA KL HEAE %
SVM 287 13 95. 67
BP 1 22 0 4% 293 7 97. 67
PNN(gs =0. 1) 286 14 95. 33
GA-PNN 296 4 98. 67

S IR 2 R 9 S5 R I T 0 S P B — T A A L AR A
P56 B S B A AR 4 A AL Ak B ) T RR G 24 WTLA B
I 5 BT 50 S I A A I o AR SO 5 A 0 5 A B ) o 1
K MAE I AN 2 Bz » BT LA Y AR SCH ki s I B B I A
35. 6 ms, A WA 28 fps, i B S PRI 2R

R2 EFRURGEERFER

i) LS A I FE A/ ms
1 IN % ol 26.8
2 FEAE 5 E 4.0
3 B SHOTE 3.3
4 T 55 H 5 L5
5 BB 35. 6

& 3 N AR SO 35 R DN vk 5 BAE SR 1 9 5T R I
Paxt H SOk 138 AT B HUIR I AW L ARIE 2 4L A SVM
VEATIE A5 4035 VERR R 95. 409 5 SCHRT 21 13 4 32 B HR IS
B ELREAE 19 24N 98 55 280, (8RR AR AL 1 7 =X 0k A7 9

74328 MERI R N 97. 50 % 5 T 7 T3 2 42 HUCHR B L B
LIBEDRAE R 2 A9 55 280, B G Bk ik PNN
RIS D 95 35 4G 0 VW Sl 98. 67 5, 5 55 G T B i) T A

R3 SHECHMAES RN AEREI

% %/ % A sf 18] / ms
CHRL9] 95. 40 64.0
Hk[21] 97. 50 —
AR CEE 98. 67 35. 6




4 46 % L . N S - S
" B s 2022, 49(4); 100-107.
5 e [12] DALAL N, TRIGGS B. Histograms of oriented
AR SR T — e P A A e A 2R e 2 R 4% 11 gradients for human detection [ C ]. 2005 IEEE
5K N s SE PR AR T LS S TR A AR B IR Computer Society Conference on Computer Vision and

BEHe bR, d ] PNN #4798 25 30 81, % T PNN £ 8 H T Pattern Recognition. New York: IEEE, 2005:

HEFT AR SO i 15 5 A AT 3 DR i 2 886-893.

i PNN LR 5 3o 5 48 B SVM.BP 8 22 ¥ 28 LI % S 4 Ak, [13] KAZEMI V, SULLIVAN J. One miuisecond face

fg PNIN B T80 [ 535 25 40 K B2 X 1, AL 9 PNN 1945 2 alignment with an ensemble of regression trees[ C].

R A B AR T, ST 2 B L B4 R 105 AL M B B L A 2014 IE.E.E Conference on Computer Vls%on and Pattem

TS BB . AEL TS T 98 R 5 T 15 % 3 50 B0 §$;§n1;;olz ;\jlelw York: IEEE, 2014, DOI. 10. 1109/

HO 25 B BB 95 A L R — 2B 5 B R MR RE A & b . o , ,

- B [14] PANG, SUN L, WU Z H, et al. Eyeblink-based anti-

FE 7 I AE S5 o 28 B PR B v, AR 418 52 B 25 4 o 3 3 ) A% Ao . iy . .

L 2 5 75 spoofing in face recognmon' from a generic web cafllera[L].

2007 IEEE 11th International Conference on Computer

S % 30k Vision. Rio de Janeiro, Brazil; IEEE, 2007 1-8.

[1] SUN Y, TANG Z H. Traffic accident analysis and [15] WU Q, SUN B X, XIE B, et al. A PERCLOS-based
control countermeasures of fatigue driving on driver fatigue recognition application for smart vehicle
expressway[J]. Journal of Physics: Conference Series, space [ CJ. 2010 Third International Symposium on
2021, DOI.10. 1088/1742-6596/1906/1/012010. Information Processing. Qingdao, China: IEEE,

[2] LUOH, QIUT, LIU C, et al. Research on fatigue 2010 437-441,
driving detection using forehead EEG based on adaptive [16] ABTAHI S, OMIDVEGANEH M, SHIMOHAMMADI S,
multi-scale entropy[ J]. Biomedical Signal Processing et al. YawDD: A yawning detection dataset [ CJ.
and Control, 2019, 51. 50-58. Proceedings of the 5th ACM Maultimedia Systems

[3] SHEYKHIVAND S, REZAIl T Y, MOUSAVI Z, Conference. MN, USA: IEEE, 2014 24-28.
et al. Automatic detection of driver fatigue based on EEG [17] xHEE, HEFEFME ML A2 0 5 2 o W B
signals using a developed deep neural network [ ] ]. Br3E[D]. W #ER . V4 g A0 K2, 2020,

Electronics, 2022, 11(14).:2169. [18] SITU Y, GAO H, LI D, et al. Screw pairs condition

[4] HILAL A L, ALT A A, WALEED A N, et al. monito-ring based on integrated radial basis
Modular design of fatigue detection in naturalistic probabilistic neural networks [ J ]. Journal of
driving environments [ JJ]. Accident Analysis & Computational Information System, 2010, 6 (3):
Prevention, 2018, 120.: 188-194. 913-920.

[5] MCDONALD A D, LEE ] D, SCHWARZC, etal. A [19] RUDOLPH G. Convergence analysis on canonical
contextual and temporal algorithm [or driver genetic algorithms[ J]. Journal of TEEE Transactions
drowsiness detection [ J ]. Accident and Prevention, on Neural Network, 1994, 5(1): 96-101.

2018, 113 25-37. [20] WENG C H, LATY H, LLAT S H. Driver drowsiness

[6] BEm, X&R, ik, T SSDLZHEHEMA W detection via a hierarchical temporal deep belief
oy ST )], B F MR, 2022, 45(15) . network[ C]. Proceeding of the 2016 Asian Conference
138-143. on Computer Vision, LNCS 10118. Cham: Springer,

[7]  SRGEm, 818, SURES), %, @Bk I B S o IR 2016:117-133.

IR R W T AT []]). kIR, 2021, 43¢5y,  [21] FE4AE. A, BHE.% ETHE VLS B 5T

18-26. SORAEBW BERALT] B¥EA S TE, 2022,
[8] ZFIHE, KEFR. BT it YOLOv4 B % a5 75 2 3 22(12) ; 4887-4894.

WO BT ER A, 2021, 44(13); 73-78, EEEN

(9  Hiped, Jim. A iR AE M ML 745 4 3 A2 55 K ERG MR A, EEMS T A B G AL B AL
WD, UARER2E 53R, 2021, 40(11), 1767-1772. A

[10]  F/boik, REME, L3¢, %, MMZRHEM S ERHK  E-mail:504505615@qq. com
PR IR ST ] PaBE2R, 2021, 43(12) 70-78. BREXEE GEAF/MEH ), @ B8, i+ A4 300, £ 258 O 1)

(1] Swgess, BEW, K5 2.%. ETZREMEMEYT SIS AW EiRiTE,

2R R AR L] W KRR (A SRR

110 -

E-mail: qiulk@ yeah. net



