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Pedestrians detection based on improved YOLOv3
CHE Qiyao, YAN Yunbing
(College of Automobile and Traffic Engineering, Wuhan University of Science and Technology, Wuhan 430065, China)

[ Abstract] Aiming at the problem of YOLOvV3“s easy to miss small targets and occlusion problem in pedestrian detection, an
improved YOLOV3 pedestrian detection model is proposed. The improved model uses K—means ++ clustering algorithm to replace
the original K—mean clustering algorithm, so as to reduce the error effect caused by improper random selection of initial clustering
centers. Meanwhile, the residual network module is added into the model to lightweight the model, and CBAM attention mechanism
and MHSA multi—head self —attention mechanism are added into the structure. The feature extraction ability of the algorithm is
improved by efficiently allocating computing resources and capturing global information. The experiment shows that the improved
algorithm has achieved good results on CUHK dataset, in which the mAP value obtained through the experiment is 88.20%, 17.45%
higher than the original algorithm. It has better feature extraction ability, improves the ability of detecting small targets and blocked
pedestrians, and is better in accuracy of detection.

[ Key words] pedestrians detection; YOLOv3; K-means++; residual network module; CBAM attention mechanism; MHSA
multiplex self—attention mechanism

TEMUXERE . A, A7 78 BRI Sk B 2% X

0 51 = & BFR ST R R K Set R e

LA, AT ANAG I H ARG B Pk e I+ HAs 1
—E R TR RE AN 2R B B R g, LR
(A Uk R R VAN S ke KT e
ARG valllE s o Ne - e T 7/ U R N £
T, XR AR B A B R X I AT AT AL P, LASE A
XA ANBIR B AT ARSI AR 320 1 42 B
AR JUARAE ™ 558 Sl 5 BARIE ST R84
MESREOT 1%, BRI 8 B 5 RS ERE LA P2 T
(BT AT — L6 PR R AT B AR G A i R, Az 0 45
5y % BDCIRAL AL AR ) 0050 | AR T A7 A A
HOR, BAT N A BAFAE R AL IR T A Rk

BEE&WH.: BRARR2EH4 (51975428)

M LA 3 SR A5 )

H AT, S AT A () 85 i R T B 330325 7] 43K
2 s — o R I TR B H A f AR, 538 2 L
YNGR 28 AR AL B0 05 s — 2 R IR B~ T I 45
IRR] 28 A 0 A B

FHIWLER = U GRor2Ras S th AL O H.
—HAATFARB P T, 2001 47, Viola 558 A 8 i
$EH Haar BHIE | %] AdaBoost 24285 #4711 44
7S H AR AT, 2005 4F, Dalal %5 A" i
AR HOG RAAIE WA T N R E - Tl A, O &
B HOG 3R+ A ARSI, (H 2 4 38 A i

EFE N : FIa1E(1997-) , B WL AE  FEWFTE D5 W JE NS S I8 3% (1968-) , 55 18t 0¥, F 2507 ] KA B 17 I

ol BRI IR S S T R AR AN E R

WIEE . ™2 Email:835209056@ .qq.com
Y i HEE: 2022-02-19

Y LR RN o= K4t 55 A




5 8 1]

IR, & T YOLOV3 AT AR IIAFE 9

TERRARK ST 22 I HLME L AR R AT A 1 ]
A, 2015 4F 1B GRI AR AU B — R g A T (E A
Haar $#1E 22 5 {4 50 310E 19 SUZ A7 A0 5092, 305 1
FF RSB P ARG v B, B ARAE SR DL 2
5 ) AR RS S SEOR , (EATE LA JE AR )

R, 26 TR B 2 > AR TN BBk 7E 6 H AR
U P st PO RS VARG TN 5 i o, LT i Bl T A
2014 4F, Girshick 45 A 2 H A9 R—CNN H A k6
HESR | 5 L 1o e 5 P b 18 2R TT R A B A E bR )
i DI, X6 4 A~ S HE HE A7 40 2%, FE R CNN
FEHURRAE | B0 E 1k S5 3480 7 XS B G 3332
B, AU BE H AR B3k 2 Rl BRI )
TR S 4 B, 2015 4E, Girshick %5 AN 3
T FAHER Z AT 55 415 70 26 1Y Fast R—-CNN B3k
2017 4, Ren %5 A" 3m 1 5] A X sk 180 R0 265, 2 1
T Faster R—-CNN &3

MHTEOLT , B B H A ke I 5k B AR AN W
HHEA AL, (AT SR X LAl ARG I 5 32538
st WS e S B, MR Z T 2T | H 4
T SEUREL ) BRI BE H B AG I 80 3 EL AT AT o e K
JEE AR 5, 2015 4, Redmon 25 A2 H1 T YOLO
R A DR R AR [R5 2 B T A5
TR 28 e | 3 1k 1 b D00 4% 44 K 1 O 3, S5 R s 320 i )
H A, (E9Z 55 /N RUBE H b i R T0KS o ) 5
HERAE, FFxF )8, 2016 4F, Lin 2 A R
Sy JESRIBCREAE 1 AR5 H AR 000 AL 42 H T SSD

B, 2017 4F | Jeong % N KL T SSD Ak ad it
R B AR Y R-SSD vk, Li % A7 sE it
fill G Z MR IE 2 5 AR R I T2 R R P 3 1Y
W, BT F-SSD Bk, HE, KL ERIER AT
FEXRTZIN HARAS I ASCR R A% A DN S8 3 2 12 P R

JEAE S H BRI J5 12 A BB A8 1 I IR AR
BRI 2 3R (RS 3 FORS 1 B 7 1 2T A AN 2 iR
Frots ., I, AR SCWAR S8 YOLOV3 Ao il 35075 42 i
TSk IR CUHK s 45 b X oot J5 S8k 1)
YERA AN MR PEAT 17 HIE

1 YOLOv3 MK E %

H 2015 4ELIK, 2= LR 2L HE T T SR ALY
A YOLO RHIA, YOLO F 5 AT T Fast
R-CNN B UL, AW A I 25 S 4 2 B4y B 173K
it VTR B [0 U P JELARL % S T 01 52 8 1T T
H bR B B HZ A 4 TG (A DR 325 )
Z.

2018 4, Joseph S¢ A 42 H YOLOV3 B3  AHXS T
M & X2 Ao AT kN E, FEMH
ResNet 5% 22 24 1 AR SR B 47 1) BE it AR ik B2 HiR
2% Darknet—>53 , FI2Z il 1 P25 S5 ¥ AH LE , 7F — 2
JE R TE TR I 4 P RE T L 10 T
B, SR 22 RUBE il 00 149 7 3, R I 3 AN RRAiE
2 ARTE T RN AR RIS B . =, R RE
T~ AR BUNE R R 5 2 H AR 028, SR BT
AT REL sigmoid Z PR AL Softmax

# 1 Darknet-53 W& MHEExTEEF

Tab. 1 Comparison table of Darknet—53 network performance
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Fig. 1 YOLOV3 model structure
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