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Improved YOLOv3 algorithm for vehicle detection in hazy weather
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(School of Electrical Engineering and Automation, Jiangxi University of Science and Technology,

Ganzhou 341000, Jiangxi, P. R. China)

Abstract: Traditional YOLOv3 algorithm has the problem of inaccurate detection frame positioning. In this
paper, an improved YOLOv3 algorithm was proposed to re-estimate the detection frame position and
improve the positioning accuracy of smart cars in hazy traffic environment. Firstly, the collected images
were preprocessed using image dehazing algorithms. Then, to improve positioning accuracy, estimated test
box position was selected by constructing positioning confidence as the reference to replace classification
confidence, and the non-maximum suppression (NMS) algorithm was improved. Finally, the soft-NMS
was introduced, and the coordinates were updated using the weighted average. The experimental results
show that compared with the original YOLOv3 algorithm, the mAP(mean average precision) of improved
YOLOv3 algorithm increased by 0.44% , which could detect more targets and locate the detected vehicles

more accurately in real-time detection.
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Fig. 1  Contrast of image enhancement effect
% 32 3x3  416x416
£ 64 3x3/2 208x208
EH 32 1x1
Ix & 64 3x3/2
R 208 x 208
£ 128 3x3/2 104 x 104
BB 64 1x1
2x | BB 128 3x3
Bk 104 x 104
B 256 3x3/2 52x52
HB 128 1x1 362
8x | %B 256 3x3 Ak P ——| ﬁw%l RE3
55 52x%52
B 512 3x3/2 26x26
HBB 256 1x1 612 |
8x [ HBB 512 3x3 R —| BR[| REE2
553 26 x 26
£ 1024 3x3/2 13x13
#BH 512 1x1 B142
4x | BE 1024 3x3 BB REEL
RE 13 x 13

2.2 &g H AR B R

B 2 YOLOv3 M4 &g E
Fig. 2 YOLOV3 network structure diagram

JEUAR B v b A B4 i R DA 2 A E O IR A R A e 9 23 288 0 B 0k T ) L E AR O &%

iy 2 BR by 2 A R S RS B O N S 4 X M R AE OGR4 28 AR B O AR AR O AN e

TIE A 00 A £

IERRATAE . UGS TE T E AR AE FUA O B A T O AR A (L A U HE A i o T vk DL E A AR AR AR . AR
I 5E v 41 H T 3 T 25 A SR 0T 0 4 i 1 R AT AR R e T 2 3 A1 7 A A A 2 A R E A A



98 TR K FFHK % 14 K

FIAIEZS oA Je S8 05 19 2 1) i H 248 B2, A R S50 i £ oy SRR 0992, vy v v (oo RO T FAE H 0 i

*Z%?tu\th%mﬁ%gﬁﬁitt)ﬁ4/\Qﬁr_7rrj‘jflr NZ flr Uty \/;rm\A ﬂrr iﬁ]a”;l\:g/\éﬁ ;H\:I:P/l/f%%‘:_{i‘éj
fH.o AFIRUEZ , XX 8 DYEREE S B LT A4k .

o, ZG(G,, ) s 04y 20(0,},) y Oy :0'(&,7“) , Oy :O'(&,,Z ) o [@D)
Moo =0 (o) sty =0 (fiy ) sfiw =01 sy, =04 o (2)
1
0y . 3
o(x) 1F oxp(— 1) (3)

57 YOLOv3 B —FE X FE X o, Al g, PEAT sigmoid FRAE KB BR 2 76 (O, D JE RN . W A i
LY, T 4 320 FHE 25 By 1) AT BT 1) i 7 o 23 S B0 B 00 A 140 BOHE AT BE v A8 B R BOAT A B X R 2
T EOBI YN SR AT  ARMEAT 21 10 00 1 GBS dat s e, A g, AOALERS YOLOvVS M), AN 23 1) sigmoid #24E
oK 58 i RBEAS AL T BB 1. BRAh B bR 2 6, wo,, o, o, T Z T sigmoid ¥ B B 2 75 (0, 1)
WM. PRiE22 R T AR AT SRR 0 SRR T, 1 ROR AN AT 58 L 32 IR R TR 25 43 A i, 5 28 0K, 43 A 1Y
A5 (LB oL FRVE )£ 405 S T 6

A 1 Y OLOVS P47 71 FUAE [T B ph T 100 2% T30 000 s 0t 5 A6 s A 55, 85 6 35 I sk ) L T 29 7 i 2%
1775, ABESETRHERG Y OLOVS 6540 249 (R 9% B LU A 7 50008 A48 45 B . At 0 3 A
B RELL H

m 1 i i 2
L—log(H, exp( (IZ(;)]JmlogaJrn;

-
K m Ry A
2.3 NMS i

Jir B 3 v 3 5 A Y AE BT NIMLS i B8 15 53 B v 10 63 FRHE I 5 44 i o D00 A o 5 ¢ 22 1) 000 A 400 AR T
% BB T4 TOU (intersection-over-union, 38 It ) K F [ {8 (14 HE 4 F0MH B . (FL 2 o 8 %% 9 4k i A7 A T )
QAR RIS B WA H bR R R BT R I B A T GRS B R DA 2 R — A A T i s s A 1 [ Fﬁulﬁ“ﬁi/l\
B RS G ) NMIS JE 47 T 8035 . A2 T0U KT BE B9 HE N BR . i 2 6 TOU KT B {E /Y AE 38 8 =5 7
B BRAR I EAG R . b S i R 8 T .

M,
s,s,exp( 10U (M,b,) j Vo @D, (5)
o

s, B @ ARSI AE B 5 ST AU PR R MO TS B R AE L 0, D TR AR AR Lo, A MY TOU MR, f e 15
B 73 28 03 B ; D il 2R I AE A 46 5

oL ALE 8 A 1 B DA A A AR XS A S MY 10U KT — 2 & 3 0 i A e 32 6 L AE {1
RV 27 48 A1 B AR AR o7 B DT 3K B0 48 v S8 RS BE R H A . 5T

ZP,I,'

PR 6)

> b,
ol

1 m 9
DI CIE D AR CS

kR R YOLOv3 Rl ds iR 1 s,
F1 BEJEHIOUKRNERXLE

Table 1 Comparison of IOU detection results of single category of targets
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Fig. 3 Comparison of image detection effects
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Fig. 4 Loss function diagram
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Table 2 Detection results of different methods on the data set
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Fig. 5 Comparison of haze-weather image detection effects
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