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Abstract In view of the complex environmental factors will seriously affect the performance of road vehicle target detection algo-
rithms, traditional methods have low recognition accuracy and slow perception, which seriously threatens traffic safety. This paper
proposes a YOLOv3 vehicle recognition algorithm based on adaptive image dehazing. First,an adaptive image dehazing algorithm
is constructed in the image preprocessing stage. The ACE dehazing algorithm and the dark channel dehazing algorithm are com-
bined to effectively reduce the noise of rain and fog images. Second, the improved YOLOv3 algorithm is used to identify and locate
the car position. Finally, the effectiveness of the method is demonstrated through detailed comparative experiments,and the vehi-
cles driving in complex weather are accurately identified. Experimental results show that the proposed method can effectively re-
duce the noise in rain and fog conditions,and can effectively locate the driving vehicle. Its precision,recall and F1 value is 0. 944,
0. 934 and 0. 939, respectively, which is higher than that of traditional SSD, YOLO and YOLOv3 algorithms. It has good robust-
ness and speed, which will provide theoretical basis for the development of intelligent transportation and has practical signifi-
cance,

Keywords Deep learning. Adaptive image dehazing, YOLOv3, Vehicle recognition, Target detection
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Fig. 6 YOLOv3 model structure

&l 6 o £k 2278 BT 3R A bR R RAE 19 £ T/ Dark-
net-53; 45 3% I T R4 3 A R B L B FPN R 4%
FRAE & TS S50 s TR A IR 1o ye A g 20 BIARR BUIN O Lo
ANIREY PR . SRR R R AR 5 B R A I A A
KT XS /N AR DU B R . B v (=1,2,3) B4
A (A2 PR

3 =8, XS, X (3X (4+14+C)) a2
Hodr i Btk AN BOE SRR A BOTHE BY 3 4 anchors
Xf BEBCF 35 FAR AR ARAE B (2, oty st o) XS BEBUF 45 A5
teonf X AT 1:C KR FT AT B A5 Fl 25 00 A8 5 (8, %o 7 17 24 5
JEERRLERIECR . Zad YOLOv3 AR R 52 1 4k 38, e A 4%
WU 5 b bR A9 28500 K (7 B, B 7 RN 8 A3 4 T B

SRR EZ R
/7

B 7

Fig. 7

B 7 RTAEL B7 o 2 (Car) UM G HE B 207
91% ;&1 8 ARG B Hy 4 AT 30 b i 3 42 HuE o 3R 43 Bk

BT 3R AR

Single-vehicle identification

220700147-5



Com puter Science THEHLES Vol. 50,No. 11A,Nov. 2023

92%.,88% ,86 % 1 99%

B8 ZWiAT sl 4
Fig.8 Multi-vehicle identification
SR ZFE R I R IR T (55 T 86 . 5 RO T 3R 4
BN BCR 5 22 % T I, AR SO 3 A 3 A R 4 0 Ok B0k
YOLOv3 FERL 48 v 1357 35 18 43 1 A 0 1 doe 28 S B
TR B AORLJE 2 BRI R

4 LWERSHH

4.1 ZWHRESEBME

ARSI AT Windows 10 B/ R 4. A0 L8 K Inter(R)
Core i7-9700, NA7 K 16 GB, If Hiliad GPU GTX1080Ti #17
TREINE . A SRS R A Python3. 7 5, A F Y R
2 HESE ) TensorFlow 1 Keras, H:h iz 8 JE 4§ OpenCV,
Sklearn, Numpy %,

AR SCHEE—Fh LA B IS N R 251 YOLOV3 K418
B W) IR ) B E H 0. 001, batchsize (%8 Jy 4, 5 &
B 0,005, P AL Bk Adam {1k & B AR IREL
epoch ¥ N 120, 84~ YOLOv3 BRI B HINKE 9 iR, #L
R 4 & Darknet-53, 1§ 53 M B R 2 D& &2 M 23 4
B2 B0, IR T 32,16 1 8 A% T R AEHE I 4G KR A BUAS 7]
MRS

type filers size output
convolutional 32 3%3 416x416
convolutional 64 3x3/2 208x208
convolutional 32 1x1
x| convolutional 64 3x3
residual 208x208
convolutional 128 3%3/2 104x104
convolutional 64 1x1
2x | convolutional 128 3x3
residual 104x104
convolutional 256 3x3/2 52x52
convolut{onal 128 1x1 scale3
8x | convolutional 256 3x3
residual 52x52
convolutional 512 3x3/2 26x26
convolut@onal 256 1x1 scale2
8x | convolutional 512 3x3
residual 26%26
convolutional 1024 3x3/2  13xI3 1 1
convolut?onal 512 1x1 scalel
4x | convolutional 1024 3x3
residual 13x13 v v

Conv Conv

B9 YOLOvS BB %5 44580

Fig. 9 YOLOv3 model structure parameters
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Table 1 Dataset description
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SportsCar 300 100 100
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Table 2 Comparison of vehicle recognition results in complex

environments
* 5 Precision Recall Fl-score
Car 0.966 0. 954 0. 960
SportsCar 0.954 0. 945 0. 949
SUV 0.922 0.912 0.916
Jeep 0.934 0.926 0.930
PR 0. 944 0.934 0. 939
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Fig. 10 Performance comparison of different models
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Fig. 11 Comparison of vehicle recognition between the proposed

method and traditional method in complex environments

E 1L AT, AR R A AE N BREEN
YOLOv3 S 5 2 BREE T M A 4R 0 R R e i . 18 11(b)
TR ARG R I 25 R ST B 5B I AT A — R 4 T
11CD REA AN 4% T 52 2 SR8 (947 B 4240 , B 4% B30 75 ¢
M Z R4 —J7 R B B0 5B £, 55— O U0 A o R
T, AN B 11O AT A N RR R E R RO E L,
EREE N T AR R T 55 58 BT ks s A
T R A AR T T L i — 2D R AR SR BT RK .

GRIE AR E LT ROLR G HE RS E N E
B VR4 B b RS I B 9 M R L TC Uk R — B I A R AT B Y
VR 25 20 T8 4 A 3k L™ F R M A SCHR Y — N R 2R B T W
B VR G R B . A o A PR T A 2 I B b A 5 PR
EREFL A ACE 2 25 5595 RIS 8 3 25 25 S WOk IR R
MR FEA YOLOvVS B3k 52 3VR 4 1 H AR A, e 28 1 o
WU B 2% AP AT 3 A YR 4 L 91 L BE 48 g A /I L A L1
Ry o)

AR S S A A X LY S B IE B T T B O i A Ak . S
g KRBT, P o i RE BRI 28 R AR A e 75, X 52 7
%58 V5 RO ER S W AT B AR AT A RO ARG, A
SCE R BRSO 0. 944 I B 0. 934 F 1 F1
B4 0.939. H F1{HHAZ G/ SSD. YOLO 1 YOLOv3 5 ¥

S HIRE 0. 288,0. 178 A1 0. 111, & kBT ik . A SCHF 58 0T LA
R E BT T A0 B 34k 0 B LA I B 146 B 90 3 fuly A 5
BN, R B 4 PR B 22 55 40 3R AN JC N B B R AR R A
B 20 2 AR A5 5 3

& % X W

[1] ZHANG B,PANG ] M,ZHANG W S, et al. Application of big
data technology in the development of intelligent transportation
[J]. Science & Technology Review,2020,38(9) ;:47-54.

[2] MA C X,WANG Y J,WANG X. Identification of Coal Vehicles
Based on Convolutional Neural Network[]J]. Computer Science,
2020,47(S2) :219-223.

[3] ZHANG X R.CHEN X.SUN W.et al. Progress of Vehicle Re-i-
dentification Research Based on Deep Learning[ ]J]. Computer
Engineering,2020,46(11) : 1-11.

[4] CHENG Q,FAN Y.LIU Y C,et al. Multi-feature fusion vehicle
identification technology [ J]. Infrared and Laser Engineering.
2018,47(7):316-321.

[5] LAN H,FANG Z Y. Recent Advances in Zero-Shot Learning
[J]. Journal of Electronics & Information Technology, 2020,
42(5):1188-1200.

[6] YUANG L,HOU J,YIN K Y. Neight-Time Aerial Image Vehi-
cle Recognition Technology Based on Transfer Learning and Im-
age Enhancement [J]. Journal of Computer-Aided Design &
Computer Graphics,2019,31(3) :467-473.

[7] LIY.XU QK,LI K D. New method of Residual Dense Genera-
tive Adversarial Networks for Image Restoration[]]. Journal of
Chinese Computer Systems,2020,41(4) :830-836.

[8] LIM X,LIN Z K,QU Y. Survey of Vehicle Object Detection
Algorithm in Computer Vision[ ]J]. Computer Engineering and
Applications,2019,55(24) : 20-28.

[9] BIXL,QIUY L,XIAO B,et al. Histogram Equalization Detec-
tion Based on Statistical Features in Digital Image[ ]]. Chinese
Journal of Computers,2021,44(2):292-303.

[10] YANG Y,ZHANG B S,ZHOU J,et al. An optical compensation
based quick dehazing algorithm using channel prior[]J]. Comput-
er Engineering & Science,2018,40(11):2033-2039.

[11] LIU Z X,WANG Z H. Machine Learning Feedback Based Vehi-
cle Automated Road Conditions Recognition[ J]. Computer Sim-
ulation,2012,29(1):339-343.

[12] CHEN Z Z.ZHANG S G, DU F,et al. Monitoring System of
Freeway Vehicle Lane Separation Based on Video Image Detec-
tion[ J ]. Science Technology and Engineering, 2021, 21 (9):
3682-3688.

[13] YANG W,GONG ] Q,WEI L. Preceding vehicle image Recogni-
tion Based on multivariate feature information fusion[ ]J]. Journal
of Changan University(Natural Science Edition),2016,36(04) :
79-85.

[14] CHEN ] Q.JIN X H,WANG W Y,et al. Vehicle Flow Detec-
tion Based on YOLOv3 and DeepSort [ ] ]. Acta Metrologica
Sinica,2021.,42(6) . 718-723.

[15] HUANG Y Z,WANG N Z,LIANG T C,et al. Vehicle Recogni-
tion Method Based on Improved CenterNet[ J]. Journal of South

China University of Technology ( Natural Science Edition),

220700147-7



Com puter Science

HHAHLE Y Vol

50,No. 11A,Nov. 2023

[16]

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[25]

[26]

L27]

[28]

[29]

[30]

2021,49(7):94-102.

MAO Q C,JIA R S,ZUO X Q.,et al. A Traffuc Syrveillance
Video Vehicle Detection Method Based on Deep Learning[]].
Computer Applications and Software, 2020, 37 (9): 111-117,
164.

WANG K Y, HAN X H. Real-time Detection Based on Opti-
mized You Only Look Once v2 Algorithm[]]. Journal of Univer-
sity of Jinan(Science and Technology) ,2020,34(5) :443-449.
ZHUANG X L.TAN F K. LI Z. et al. Image Defogging Algo-
rithm Based on Dark Channel Prior and Optimized Auto-color
[J]. Computer Applications and Software, 2021, 38 (7): 190-
195.

HE T.ZHAO T,XU H. Novel Algorithm of Single Image De-
hazing Based on Dark Channel Prior [ ]J]. Computer Science.,
2021,48(7):219-224.

YANG X Z, WU S, XIA H,et al. Research on Shui Characters
Extraction and Recognition Based on Adaptive Image Enhance-
ment Technology[ J]. Computer Science.2021,48(S1):74-79.
YANG X Z,XIA H,YU X M. Image Enhancement and Recogni-
tion Method Based on Shui-characters[ J]. Computer Science.,
2019,46(S2) :324-328.

GAO Z Z,WEI W B,PAN Z K,et al. Image dehazing combining
dark channel prior and Hessian regular term [ J]. Journal of
Graphics,2020,41(1) :73-80.

XIE L, XIONG G, YU B,et al. A Novel Haze Removal Algo-
rithm for Atmospheric Degraded Image with Dark Channel Prior
[J]. Control Engineering of China,2020,27(2):207-211.

LIU W J,BATW S.QU H C,et al. Image dehazing based on GF-
MSRCR and dark channel prior [J]. Journal of Image and
Graphics,2019,24(11) :1893-1905.

LIS S,LIU H R, GAN Y D, et al. Image Dehazing Network
Based on Residual Dense Block and Attention Mechanism[ ] ].
Journal of Hunan University ( Natural Sciences),2021,48(6):
112-118.

WANG B Z,SHI L Y,GUO Z T,et al. Application of improved
Faster R-CNN in vehicle recognition[ ]J]. Modern Electronics
Technique,2019,42(23) :48-52.

CHEN Z K. Homomorphic Filtering for Navigation-Mark Image
Dehazing with Convolutional Neural Network[ ] ]. Navigation of
China,2020,43(4) :84-88.

CHEN Q J,ZHANG X. Single Image Dehazing Based on Multi-
ple Convolutional Neural Networks[J]. Acta Automatica Sinica.
2021,47(7) :1739-1748.

CHEN M,CHEN X,YU H M. Application of SSD Network Al-
gorithm Model in Vehicle Axle Type Recognition[ J]. Journal of
Ordnance Equipment Engineering,2021,42(8) :227-232.

LAN W,DANG J, WANG Y, et al. Pedestrian detection based

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

on YOLO network model[ C]// 2018 IEEE International Confer-
ence on Mechatronics and Automation (ICMA). IEEE, 2018:
1547-1551.

ZHOU X,LIU S D,PAN W,et al. Vehicle Color Recognition in
Natural Traffic Scene[J]. Computer Science,2021,48(S1);15-
20,37.

QIU M K, LI X Y. Detail-aware discriminative feature learning
model for vehicle re-identification[ J]. Acta Scientiarum Natural-
ium Universitatis Sunyatseni,2021,60(4):111-120.

NING J,WANG N,ZHU M. Vehicle type recognition algorithm
based on improved Faster R-CNN[]J]. Journal of Anhui Univer-
sity(Natural Science Edition) ,2021,45(3) :26-33.

TANG X Y,SONG H S,WANG W, et al. 3D Vehicle Informa-
tion Recognition Algorithm of Monocular Camera Based on Self-
Calibration in Traffic Scene[ J]. Journal of Computer-Aided De-
sign & Computer Graphics,2020.32(8) :1305-1314.

RIZZ1 A,GATTA C,MARINI D. A new algorithm for unsuper-
vised global and local color cor-rection[ C]J. Pattern Recognition
Letters,2003(124) :1663-1677.

GETREUER P. Automatic Color Enhancement (ACE) and its
Fast Implementation[ C]. Image Process,2012(2) :266-277.
YIN S N,CUI X R, LI J,et al. Image enhancement method of
visual odometer based on fast ACE algorithm[]]. Journal of E-
lectronic Measurement and Instrumentation, 2021,35(6):
27-33.

He K M,SUN J, TANG X O. Single image haze removal using
dark channel prior[J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2011,33(12):2341-2353.

HE T,ZHAO T,XU H. Novel Algorithm of Single Image De-
hazing Based on Dark Channel Prior [ J]. Computer Science,
2021,48(7):219-224.

HUANG G, LIU Z, WEINBERGER K Q, et al. Densely con-
nected convolutional networks[ C]J // Proceedings of the IEEE

Conference on Computer Vision and Pattern Recognition,2017.

YANG Xiuzhang, born in 1991, Ph. D.
His main research interests include arti-
ficial intelligence, image identification

and natural language processing.

220700147-8

WU Shuai, born in 1994, Ph.D candi-

date. His main research interests in-
clude information service and computer

application.




