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Abstract ; Intelligent detection of traffic targets is the basic technology in the intelligent collision avoidance system for vehi-
cle blind spots. The research and application of this technology is of great significance to reduce the loss of traffic acci-
dents. In this paper, a detection model for vehicle blind zone collision avoidance system design, which combines two per-
formance improvement strategies in the basic model. The model is applied to domestic and foreign road scene detection data
sets to verify the detection performance of the model in all ranges and short-range targets. Experimental results show that the
model can show high detection accuracy for close targets and has a high detection speed. Therefore, the model can be ap-
plied to the detection requirements of the intelligent blind zone collision avoidance system for traffic targets when the vehicle
starts at low speed or when turning.
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Fig. 1 Structure of the detection model



2 MW

FIIEIR 45 T X B R GRS H AR RER 245

3 ERELR

3.1 LIGEA

(1) Bdmse

A3 356 B [ B B b H AR AR DU A HE Apol-
loScape ™ FI[E SN #4775 H FRK 1404 BDD100K'™
HATSREIE, Horh ApolloScape J& Hi 11 B 23wl i i
FERAEZEZETI L 228 5 43 FE AL T m/ iy
HOR A0 SRR AR 4 R [ Y 3 s B 1 31, Bdi R
LT 2RISR 5, BGEWsE
43 3R 0N 3384 2710, 4b BRS 40 & I 2R %dis 6 77
ik M EHE 1237 5K, BDDI100K W piy {1 v A1l K 2%
Al SRR AT, Z B E LT RS A F RS
FURIRIERETR 19 22 Fh b7 5 (1) SR AR R, G 0 %
R 1280720, 28 4b 35 A 5 I 2R gkcdis 7 O3 5k D
a1 k.

BEXF ARG shak 3 5% 4 i B AT R, 7
i ARG U B ARY ST B 85 (20 m 22 A7) H AR ARG 1 B o
Xz R, T B R A B A R A AN b P, 2 4b
P SR AR T o0 A e T O B A R S E A
AR AT Bl S BE 1 H RS LSRR . O T 1%
TEECHE i, e H AR 5 B bR 8] 4 A 28 X
BEHLER A T, SR 5 FEAE t N TR I U

(2) LB E

BRI AL - 5k B Tesla V100 GPU,
BRAL (1 LR 2 505 B B AL HG, M iR 25 S R R
0.00579 JIZRFE%0CH 300 FERE 3 SGD Jr kit f12#
> B E Sk 0. 937 KL I R ECh 0.000484 kI
RN E Ry 645 IO, AL 25 W B o ) A8 2R
240 FERIER 270 WaF 2] RPN MR 0. 1 %,
3.2 ZHER

(1) ApolloScape

AT R T A (BEES) B bR A0 4G I 3 A
UTREES H AR, 25 R A& 2 PR,

(a) (b)
K2 ApolloScape I Fit) 6 45 5
Fig.2 The detection results on ApolloScape

1 ApolloScape T4 35 Bl B bR AR Z5 5 AP (H %811
Tab.1 AP value statistics of the detection results of all

targets on ApolloScape

TN "% BT AN AT 4/ mAP

SSD 11.9 26.0 18.9 16.7 18.4
JE#S YOLOV3 18.9 35.6  37.2 34.3 31.5
it e 23.4 47.1 39.1 36.6 36.6

# 2 ApolloScape JTHEE] (20 m ) I Z5 3R AP (51
Tab.2 Close distance (within 20 m) test results AP

value statistics on ApolloScape

fIN & BT A A1T4/BEHE mAP

SSD 69.7 86.8 83.8 68.1 77.1
JEHA YOLOV3 46.8 88.3  81.0 65.6 70.4
it e 82.4 87.8 87.8 66. 1 80.5

AR RIER 2 FR R OIS R 2% LG
P25 35 3 B 1 AP A, SOk IS A BB X Apol-
loScape T4 i il F Ax mAP $i55 5% , 751 BE 25 69
Kl mAP $5 10% o N 1 ik — AP Bk [ 45 (4 1k
AE , R I e i A S BN I 2 1 S B B
Kl 2% SSD JEAT T HUEL, Horpih 136 2 W LU
SERUGE)E ) YOLOV3 7RI B 2 H b AR IR S 2
rrth 3% LA bo BANRTLAA Y, B ARG A R A 3
Kn B P A T LA H AR I SR AR, (E R S
FIARBOR I PE BERL W o ol TP &b H AR — R 85
UNCRZ L N i 7 R 7/ R U SR A TR0
M PRIXE , By AGs A F A G I PE R AR o T X 2 4
3 B s e 25 I A B 8 3 5, S T A 2 A0 A
P A B ) s PG 0 175 20, T IR 4 A B s 114
RS -5 15 I AN T R e 0T S R A PR RE . e i
ISR £ 2R AT DL H o R AG I AT UAE — S R
J& b iz stdoR o

(2)BDDI100K

By (BEES ) AR B 0 00 3700 2 1 B H AR
HEERATT A 3 R

K3 BDDIOOK FAgHzIN4E
Fig.3 The detection results on BDD100K



246

=]

oF
d

b H 37 %

M 3 FI 4 ol LB Sl e AR AL 4 LN
F AT A (0 A TR 2 v T e e i A 7R A )
fiE , ELXTEEFE 4 A RS DU 1 fiB 55 5 Al S 7Ry 0 1 g
T (HSFRRG B mAP ZEH] i 5 TR AR . 2t
Rl 2% SSD #H b, eieidk f5 ) YOLOv3 #£ BDD i
B HBRIAS RS B Y 15% 24y . S — 7, T
P BRSBTS L B A e
{HHy F BDDI0OK %4l 40 1% 17 AN [\ KA AN [|] K
FAS[R] 37 b 1 B, B H 8Os 2 R R S B s T
ApolloScape %44 4E , Fir LA BDD100K - () #6: 0 45 FiE
. F ApolloScape [ WRTIAGEE . BLAMAT] LIE H,
FEIX 08 B 32 A5 10 X 0T B YR 2 B AR I A
TZRIAIAE 90% LA F o
733 BDDIOOK HUdfi 4 4 i il FAR R IS5 SR AP 553

Tab.3 AP value statistics of detection results of all
range targets on BDD100K
A HKE BEEY Afy mAP
SSD 27.7 56.2 28.7 25.6 34.5
JEiR YOLOV3  39.0 56.5 29.5 27.5 38.1
vt iE 59.3 75.6 42.7 36.0 53.4

#4 BDDIOOK iTHEES (20 m ) K INZE SR AP (5T
Tab.4 Close distance (within 20 m) test results AP value
statistics in BDD100K

N R AT mAP

SSD 56.9 90.9  57.1  58.1  65.7
J5ilh YOLOv3 68.5  90.3  62.2  54.2  68.8
i 85.7 99.0 620 57.9 76.2

(3) iy ek JiE
TEHH V100 GPU -5 EiEf A s B SE 1T, 75
PSR B AR INAEIHS DL AN 5 s, Wl LI
HHASI R n] ik 87 FPS, l R SEHERR I K o
S IS

Tab.5 Detection speed statistics

BGERSE/ R, NS/ B3t/ iR/
pixels ms ms ms FPS
608x608 9.8 1.6 11.4 87
4 g

RO R R A NSO AP ER 2 7R SR AN ol
(7 3K, A LR 5 7% PE IR0 A2 2% B2 MO JEE 119 ARG A
o 9 7RISR, BEBIEE 5 T Mosaic XU

SRSFEHE N GloU 1) FI A 5 i 5k 358 3k Bt
SR ALIR Y 5130 B 5 A D 30 1 T 5
SO E, St A DT R T T L A G
RSP, 0 X0 B8 LA 6 P P 2
SUBCREHORIIE , AT 11T 25 I 30 o 5 4 25
R R ORI

&% 30k

[1] BOARD U. Vehicle-and Infrastructure-based Technology
for the Prevention of Rear-end Collisions, ser[J]. Spe-
cial Investigation Report. National Transportation Safety
Board, 2001.

[2] PAN WEI, LUCAS C, TASMIA R, et al. LiDAR and
Camera Detection Fusion in a Real Time Industrial Multi-
Sensor Collision Avoidance System [ J ]. Electronics,
2018, 7(6) : 84.

[3] SOTELO M A, BARRIGA J. Blind spot detection using
vision for automotive applications[ J]. Journal of Zhejiang
University-Science A, 2008, 9(10) ; 1369-1372.

[4] RA M, JUNG H G, SUHR J K, et al. Part-based vehicle
detection in side-rectilinear images for blind-spot detec-
tion[ J]. Expert Systems with Applications, 2018, 101 .
116-128.

[5] ZHAO Yiming, LIN Bai, et al. Camera-Based Blind Spot
Detection with a General Purpose Lightweight Neural Net-
work[ J]. Electronics, 2019, 8(2) . 233.

[6] BAY, ZHANG Wei, WANG Qinhua, et al. Crash pre-
diction with behavioral and physiological features for ad-
vanced vehicle collision avoidance system[ J]. Transpor-
tation Research Part C: Emerging Technologies, 2017,
74, 22-33.

[7] ZHUANG J, ZHANG L, ZHAO S, et al. Radar-based
collision avoidance for unmanned surface vehicles [ J].
China Ocean Engineering, 2016, 30(6) ; 867-883.

[8] LIU G, ZHOU M, WANG L, et al. A blind spot detec-
tion and warning system based on millimeter wave radar
for driver assistance[ J]. Optik-International Journal for
Light and Electron Optics, 2017, 135; 353-365.

(9] Ef, JRE, Z3Ch, 5. HT A R ARG IR
FEXKMAZEMIE]. AR SN, 2017,
36(3) :110-112.

WANG Min, ZHOU Shudao, PENG Wenxing, et al. Re-
search on Vehicle Blind Spot Detection System Based on

Ultrasonic Sensor[ J]. Automation Technology and Appli-



42

TESR 2 T ) 4R DXy 1 AR 4L Y 220

H bR ge R 247

[10]

(11]

(12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

cation, 2017,36(3) :110-112. (in Chinese)

B TR SR R X BUE R GRS &
SCBD 1. HUM WK ,2015.

YANG Sisi. Vehicle Blind Spot Warning Algorithm Re-
search and Svstem Design based on Monocular Vision
[D].
DALAL N, TRIGGS B. Histograms of oriented gradients
for human detection [ C] // 2005 IEEE Conference on
Computer Vision and Pattern Recognition ( CVPR'05).
leee, 2005, 1. 886-893.

DOLLAR P, TU Z, PERONA P, et al. Integral channel
features[ C] //In: Proceedings of the British Machine Vision
Conference. BMVC Press , London,2009; 91.1-91.11.
KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Ima-

Hangzhou : Zhejiang University, 2015. (in Chinese)

genet classification with deep convolutional neural net-
works[ C] // Advances in Neural Information Processing
Systems, 2012 1097-1105.

GIRSHICK R. Fast r-cnn[ C] // Proceedings of the IEEE
International Conference on Computer Vision, 2015
1440-1448.

REDMON J, DIVVALA S, GIRSHICK R, et al. You on-
ly look once: Unified, real-time object detection[ C] //
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, 2016 779-788.

LAW H, DENG J. Cornernet: Detecting objects as paired
keypoints[ C] // Proceedings of the European Conference
on Computer Vision (ECCV) , 2018 734-750.

SRR, BRUR, CFJL, GF. T SRR A &
B HARRIN T, {554b3, 2020, 36(9) : 1407-1414.
ZHANG Tiankun, LI Wenyuan, PING Fan, et al. Adap-
tive target detection for multi-source remote sensing ima-
ges[ J]. Journal of Signal Processing, 2020, 36 (9):
1407-1414. (in Chinese)

ZHANG H, CISSE M, DAUPHIN Y N, et al. mixup:
Beyond empirical risk minimization [ J].
arXiv: 1710.09412, 2017.

YUN S, HAN D, OH S J, et al. Cutmix: Regularization

arXiv preprint

strategy to train strong classifiers with localizable features
[ C] // Proceedings of the IEEE International Conference
on Computer Vision, 2019 6023-6032.

BOCHKOVSKIY A, WANG C Y, LIAO HY M. YOLOv4.

Optimal Speed and Accuracy of Object Detection[ J |. arXiv

[23]

[24]

preprint arXiv: 2004. 10934, 2020.
REZATOFIGHI H, TSOI N, GWAK J Y, et al. General-
ized intersection over union: A metric and a loss for
bounding box regression [ C] // Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
2019, 658-666.

HUANG X, CHENG X, GENG Q,

loscape dataset for autonomous driving[ C ] // Proceedings

et al. The apol-
of the IEEE Conference on Computer Vision and Pattern
Recognition Workshops, 2018 ; 954-960.

YU F, CHEN H, WANG X, et al. BDDI00K: A diverse
driving dataset for heterogeneous multitask learning[ C] //
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2020 ; 2636-2645.
REDMON J, FARHADI A. Yolov3: An incremental im-

provement[ J]. arXiv preprint arXiv: 1804.02767, 2018.

fEE®IT

r

FIIESR 55, 1994 45/, TR & 4
Ao jt{;’ii@lj{ /fi:l ) lﬁ‘ﬂi%%[; ’ ‘Iﬁ
LA, EEMGTT N H AR S
Wl

E-mail ; piaozhengquan@ bit. edu. cn

B 5.
No ALt TR %
Ui, ik, E BB O
SbHE
E-mail ; tanglinbo@ bit. edu. cn

1978 A&, W db 5l
FE ST, U
fig K 1%

BRE J, 1960 44, PG 2
BN BT RFEE 5o Tk
HEz, WL E, FERR TN NES
AhEE,

E-mail ; zbj@ bit. edu. cn

B #F 5, 1971 4, REA
R TR E B S Tk, B,
B S0/ EW Db N IS EREZ (3R EN
Bt
E-mail ; zengtao@ bit. edu. cn





