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Driver’s distracted behavior recognition research

based on image segmentation
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Abstract: In response to the problem of traffic safety caused by driver’s distracted behavior, a
detection scheme of driver’s distracted behavior is proposed in combination with image
segmentation and convolutional neural network. This method used driver’s different distracted
behavior images processed by image segmentation to train the convolutional neural network
structure model, to reduce effect of background noise and improve accuracy of the model. The
experiment used the unsegmented images and the foreground segmented images to train the
convolutional neural network model respectively, with recognition accuracy rate of the model

trained by segmented image up to 93. 84% , greater than that of the model trained by unsegmented
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image. The experimental results show that the driver’s distracted behavior detection method
combined with image segmentation and deep learning can detect the driver’s distracted behavior
greatly.

Keywords: image segmentation;neural network; feature extraction; distracted behavior recognition
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Fig.1 Image segmentation of GrabCut algorithm
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Fig.2 Process of training and test
3.2 HIE&EWEIL
T i P Y K 4R 2 StateFarm $2ALAY A I RIG 4R L A 178 2 X0t S KL 0l A B 1 A9 25 Bk 5147
HCHE AR A 1 5 B 14 22 S DA BR TR N R R Az AL RE s o OB B ARt S R I 3 B

Pl PUFWTEI — BGE — HRBEE — RGBS W

B3 R R AR
Fig.3 Establishment process of new dataset
Ve StateFarm g Y 26 24 RIHL I A SRR 5 24 FIHLAY 5 A AT - A . L 0B B 4T
FATHUIG K e B IO R T RO S 04 R A S AR R B AR AR T 2 A A A ] 25 B R R AR AR
ARG . I GRS I A A 7 g R AR DL P 5 U 2 52 o 1 6 14 A e o DR R 7 68 5 S T) ) ML LG S
GRAR KA . A% 26 2 RIALAY 11 400 5K EMGAE DI ZREE . F/ AR 5 £ RIALAY 2 192 SR IEMRAE A K
B FEATIER IS L Se Xt B AT B9 UG HEA T 23 B AL B L/ 15 5 5200 L 20 140 PRUS RO B0 S RS AP 4 B .

(a) TN 5 (b) 4TF (c) FTHLIE (d) 7K () ¥ G
B 4 BB S R RO 4 R R

Fig.4 Segmented dataset images

3.3 HEMEESHARE

B G 640X480X3 ) RGB BRI 0 224 X224 X3 9 B MR LLFT A 19 2% B5 1 11 g A 220K
IR Je R I Gk B 1 TG AT K- A 46 R » die KRR B A s — 23 194 PR 450k 18 81 Bl 34 o 1) H A 00l 4
5if 1] USRI — AN B O S i R SR U g i o 2R e O PR RE . A I 15 A AL 9 28 2 R 2 i3 7 2% BT A
FUREAT AL B . AR R A 2 RGB Gl 8 75 BT A 1R 3R B 1P B 08025 B =2 Je al DL



%3 3 Mg, S T G R T B A3 AT U B 5T 213

B3 v SR 5 1 AR B B il A B SR VIR AL . 55 Ah s B SRR AR A — S AR ALY L 3 mT A B Lk 6 B e s
Frg Ju . CNN 1 —ANHF SR S EL 5 A0 R B e fan A48 5 S0 ALY B (8 I L S0 N8 5 S
3.4 RAERAYEE

VGG16M" (Visual Geometry Group, 4= H K F I B AL 36 41D ) 46 15 80 (1 4 A& RGB ElMR . EIMR
A G — RPN AETZ X 5 FRUZ O ECZ B AR5 /N 3 X3 M B BB AL K EE R 1.
XFF 3 X3 BB s B SR 3o 1A 1T 5 AN e Ktk )2 X 26 Ak 2 8 TR o B2 R
. WALt RN R 2X2, 85Kk 2, MR F) R G #8023 D REREZ, g — 2 W30 ok 5l
JHIH—EFE R EOR 45 43 2K 455 . VGG16 AL NI 5 7R, conv3-64 {3 64 1~ 3 X3 B KY
GBRZ R,

Conv3—64 Conv3-128 Conv3-256 Conv3-512 Conv3-512 o
Conv3-64 Conv3-128 Conv3-256 Conv3-512 Conv3-512 e
Ak XS Conv3-256 Conv3-512 Conv3-512 A

B 5 VGGI6 BiAIZE
Fig.5 VGG16 model structure

Inception V3" ZE 5 A Inception £5#) F ¥ R
FER & B iR 2 A /N RBEEGS R OF Bon AT dE X
P BL A8 5 3 X3 MG BUZ A0 i 1< 3 A 3 X1
AL KK TR AT & . InceptionV3
B L5 A WA 6 s .

Xception™™ & 7E InceptionV3 I i H i — Fh ok
HE F B S VR EE T 43 B 5 B B AR O B R
23 () B AT 23 285 FHAE 45 hofin A T B% 25 1 11
45k .

MobileNetV2l™ 5 Xception [A] 4 5 ] T % &
AT 53 B A PR M ik 25 4 4 IR L A B T B
VIR 25 TR BT VR T 4 B BURE B R 8 FHEE
Re L U6 ok %5 - fifi 15 3 o 14 5% 22 3% 3528 1% T 45 1% G0 9%
J2 B RARH B 300 1) AR 25
3.5 REEHRSH

BRI IE T4 R HVE RS winl0 64 £, GPU GTX1060 6 GB, Hifiij N £ 16 GB. fij AT python &
TSI, LA GE o keras Fl tensorflow HEZR#5 4 .

TSN B 4 vh 1 T AT R B AR S B A D T opency SEBERY GrabCut 835, 5 LR B 5
B, % A BRI AT RS S o B PR A R 43 FUS 0 B0 4 L TR D S SR B AT I I R, A sk R
GBI 2y 2R 0. 163 6 s. SR 5 5 HKE 3 43 4 0 1 2 4R 55 a4 19 TR RXT o7 1 s 2 s A B R e vpr e il
H keras $# # VGG . Inception il Xception R L5, 5@ SCH AL Jr 20 BEBLES B T R BEAILAR B2 F B 19 3h
HOH 0.9, 2 FAAIL S 1X 10, BE0R Ny 1 X100 5 3546 bR B P 38 ST 06 550 LA 30 26 R 8010 11 0 4
JRUE T R PR B o . S R TR L L i A K B R 2 i SR R R Ol 224 X 224 X3 I EME, &t T
Aob T FBCHE 8 98 S AN 2 — R i AR I R Rt A I ZRAE AR O 12, i A R R 4% 4
FRAE Y25 50 A AR 2 MR RBOR 1T 10 A2 AQ R T B N0 2542 145 1k, PR A7 72 R 4 4k
BRI B A R B8040 S % A5 R L ) 225 SR 1 R A o CE 0 TR 0 1 TR 8 i/ i A IR O8) . MER Rt
J5anF

B 6 InceptionV3 FH 24y

Fig. 6 Module structure of inceptionV3

r ___ TP+IN
“ TP+ TN+FP+FN"



214 W TR 4 22 B 2 %32 %

FH YA P 00 3 4 i A 2 T iy S RO 285 SR 1) TR O R A DL 8 A — AT D 28 1 A TR ROR, L I SR BT T
FERGIF[A] o ol D A P 45 R 2 50 i 49 PRI ] 1T 0 R ) 45 0 ) TR0 2 A2 8L P T 3 4 A ) 45 g 1y ) 245 A
T HEAT X bR o 0 G a6 25 2R 119 0 R P e 38 i O B 1) T 45 25 K T LR T U g P RE . SR EAT 6 Ui
B HORXS IR 1.

F1 ARERX

Table 1 Comparison of experimental results

%] £ #5045 44 5 43 % R/ % WHXFEIS /s
5 62. 36 19. 56
VGG16
= 85.08 19. 14
. = 81.42 17.96
InceptionV3
IE 90. 28 17.27
) 5 82.92 17.73
Xception
= 93. 84 16. 83
. 5 87.16 12. 88
MobileNetV2
£ 92.95 12.47

thy 2 1T )l I 24 450 o 0 5 3000 119000y 009 1 251 4508 e D D5 R S B
S VI 25 055 0947 506 75 (00 50 P . VGG 16 R BB T 20 % 2247 - InceptionV3 il Xception ()
VUM IR T T 10% . MobileNet V2B B Pk AR 42 T+ T 295 % . 1 3 B8 5P J2 4 0 5 1 AR 22 B 7 95 3t
L B 19 T A (L TR B T AT 0 e L Rk o
T T MR (0 B 22 6 R % 00 T 2 5T A (R B A

BOHFE 5326 B A 0O 85 0l % 7B ol T 01T £ o
5 B R 45 30 5 119 10 40 2 5 iy
THRAEET . (LA B R 1 L I W B T
FELR 53 0 05 7 3 I S BB 7 225 3 04
BT AR S SR 5 b 7 o e .
4 4345 25 T L3 0500 AR 0 25 0 64 9 L B T

0

1 i LG B2 25 9 VGGL6 A, 3t 56 it 10 5 4%
Bk #) 80% LA b, 45 A % 4> H B i 1 Xception 5 Y
PEREIRE] 93% . B 7 &l 4 F B 1% I 2k i) Xception

BEARVE M4 b0 25 2R B9 R V8 AR B . I’ P I X F T

PUMEB 00 AR 9 K. AP 7 vp e B BRI R 0 B 7 A EROH ) Xeeption 1 11V 1
I R T E AR R BB — E 2%, X Ffl 4 3 Fig.7 Confusion matrix of Xception
FlOR 725 1y 5 22 P B 4 with segmented data

4 % @

AR SCAR ) — ol v 0 R A e A B OS B  AT D R I Tk . 5 ik T R o B A R AT TR R
rFI AL PR S o A 22 P 25 7 JE e OV RE . A EL AL e i 22 ) 405 503k 205 4 IRLB 00 30 ) o 2 IR0 4 B ik
X2 B B3 A 23O AT O B AT SO B TR R BE L R TR R A — i R . TR S SRR R R R T T K e
HER 2 B B30 AT D B R ARG (0 T R PR A {5 S B 3 LA A 2 Bl % A DA TR 1 S I R K

S E 3k
[1] CHOUDHARY P, VELAGA N R. Mobile phone use during driving: effects on speed and effectiveness of driver

compensatory behaviour[J]. Accident Analysis & Prevention,2017,106(6) :370.



%3 3 Mg, S T G R T B A3 AT U B 5T 215

[2]
[3]

[4]

[6]

[7]

L8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

CEEE. XTI OB AT N EER ] T 3SE R . 2019(2) : 24,
KUTILA M H, JOKELA M, MAKINEN T, et al. Driver cognitive distraction detection: feature estimation and
implementation[ J]. Journal of Automobile Engineering,2007,221(9):1027.
SAHAYADHAS A, SUNDARA] K, MURUGAPPAN M, et al. A physiological measures-based method for
detecting inattention in drivers using machine learning approach[J]. Biocybernetics and Biomedical Engineering,2015,
35(3):198.
P g AL 8S L A5t 7 He TS AL 19 25 3 AR S AT A LT 1. Computer Science,2016,43 (3T 1) :210.
EBADI Y, FISHER D L, ROBERTS S C. Impact of cognitive distractions on drivers’ hazard anticipation behavior in
complex scenarios[ J |. Transportation Research Record: Journal of the Transportation Research Board, 2019, 2673
(9) :440.
LET H N, ZHENG Y, ZHU C, et al. Multiple scale faster-RCNN approach to driver’s cell-phone usage and hands
on steering wheel detection[ C]//2016 IEEE Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW). Las Vegas: IEEE,2016.46.
XING Y, LV C, ZHANG Z, et al. Identification and analysis of driver postures for in-vehicle driving activities and
secondary tasks recognition[ J]. IEEE Transactions on Computational Social Systems,2018,5(1):95.
MASOOD S, RAT A, AGGARWAL A, et al. Detecting distraction of drivers using convolutional neural network
[EB/OL]. (2018-01-12)[ 2019-09-08 . http://www. sciencedirect. com/science/article/pii/S0167865517304695.
CELAYA-PADILLA ] M, GALVAN-TEJADA C E, LOZANO-AGUILAR | S A, et al. “Texting & driving”
detection using deep convolutional neural networks[J]. Applied Sciences,2019,9(15) :2962.
HU J, LIU W, KANG J. et al. Semi-cascade network for driver’s distraction recognition[ J]. Proceedings of the
Institution of Mechanical Engineers, Part D: Journal of Automobile Engineering,2019,233(9) :2323.
ROTHER C, KOLMOGOROV V, BLAKE A. GrabCut: interactive foreground extraction using iterated graph cuts
[J]. ACM Transactions on Graphics,2004,23(3) :309.
LECUN Y, BOTTOU L, BENGIO Y. et al. Gradient-based learning applied to document recognition [ J].
Proceedings of the IEEE,1998,86(11):2278.
SIMONYAN K, ZISSERMAN A. Very deep convolutional networks for large-scale image recognition EB/OL].
(2015-04-10)[2019-09-08]. https: //arxiv. org/pdf/1409. 1556. pdf.
SZEGEDY C, VANHOUCKE V, IOFFE S, et al. Rethinking the inception architecture for computer vision[ C]//
2016 IEEE Conference on Computer Vision and Pattern Recognition(CVPR). Las Vegas: IEEE,2016.:2818.
CHOLLET F. Xception: deep learning with depthwise separable convolutions [ C]//2017 TIEEE Conference on
Computer Vision and Pattern Recognition(CVPR). Honolulu: IEEE,2017:1800.
SANDLER M, HOWARD A, ZHU M, et al. MobileNetV2: inverted residuals and linear bottlenecks[ C]//2018
IEEE Conference on Computer Vision and Pattern Recognition(CVPR). Salt Lake City: IEEE.2018.:4510.





