MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(1):218-225 [doi: 10.15888/j.cnki.csa.008248] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ET W EHHEE FIEMAEMN KRB RS
A
WAES, R E R K, R

OB R X A B TR AR 7 by, HE K 400067)

(W R R AGE RSB R A R, E K 400067)

3(E B2 B AR A BB AT B & e, IR 400067) \
KK T S TR, 754 710064) \
WE/E#: /R &, E-mail: 2019232024@chd.edu.cn

B SIS AR S BRI S 2R T S AR 25 A ZE RN B Rt b A8, 3T K 22 8 ke I R A
U S b R M. g T A B i R 32 I 0 0, AR SR B i 5k 25 1 4 A 0 5 A 4 5 X 4%
P 96 e vt 2 RS DN S50 . 1 S o 0 v 4 B A AR AT AR, R S i R R AR, SRR I I T 2 I A AT
RS H, FE A SO, A A OG 2A 5k Z2 RS 5 s T py v ) 5 B 138 SR o X 1 R AIE < 5 B I 2% AT AR AL R 5,
B A I T P 4545 BTN AL SR AR SR b BEAT PERRISAIE, 45 FL B R AR SURERY (¥ 4% TR b B Ak 35000 T Fo A Y
2%, JLrp R IAR REIR 21 0.961, RERD AT LUK 43.5 9K PELH, U VEREFEIUIE S, 33 T R TR FEE AL FE (240
SEFRIT: UURRRAE 4725 TR W02 G FR R ZE M, 6 6 2 4

SR WA AR JR IR, ZE I T I RFALE 4 7 35 R 22 D9 445 1) e A i B 2 R . AR R 0 82 FHL,2022,31(1):218-225. hittp://www.c-s-
a.org.cn/1003-3254/8248.html

Dangerous Chemical Transport Vehicle Detection Using Bidirectional Feature Pyramid and ResNet

XIE Yao-Hua'*?, DAI Yu*, ZHOU Xin"**, LI Gang’
%

'(National Engineering and Research Center for Mountainous Highways, Chongqing 400067, China)

*(Chongging Communications Research & Design Institute Co. Ltd., China Merchants, Chongging 400067, China)
*(Research and Development Center of Transport Industry of Self-driving Technology, Chengqing 400067, China)
#(School of Electronics and Control Engineering, Chang’an University, Xi’an 710064, China)

Abstract: The major characteristics of vehicles for hazardous chemiéals transportation are the danger sign on the roof and
the dangerous goods sign beside the license plate, which are difficult to detect for most object detection algorithms. To
improve the detection accuracy and enhance the detection speed, this study proposes a novel detection algorithm for these
vehicles based on the residual network (ResNet) and bidirectional feature pyramid network. A data set of vehicles for
hazardous chemicals transpo‘rta\'tion is first made by the interception of the highway surveillance video, and then feature
extraction is performed with the ResNet. In this novel model, the recurrent residual module is used to replace the middle
convolution layer of the residual block. Then the bidirectional feature pyramid network is employed for feature fusion.
Finally, the prediction results are obtained with the prediction network. Performance verification is carried out on the test
set, and the results show that the indicators of the proposed model are superior to those of other networks overall. It has
the detection accuracy up to 0.961 and the frames per second (FPS) of 43.5, showing a good industrial application
prospect.
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