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Channel attention and spatial pyramid—-based improved YOLOv3 and its application
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[ Abstract] Aiming at the problems of pedestrian occlusion, low detection accuracy and high misdetection rate in YOLOvV3, an
improved YOLOV3 is proposed based on channel attention and spatial pyramid. In the design of model, the channel attention
mechanism is embedded into the residual network to strengthen the feature extraction of key information. The spatial pyramid that can
enlarge the receptive field is used to fuse multi—scale feature maps in order to enhance the detection of mutually occluded targets. The
non—maximum suppression model is improved and used to eliminate redundant prediction frames and avoid detection failures of
overlapping targets. The comparative experiments have validated that compared with YOLOv3, the detection accuracy and
comprehensive evaluation index value of the improved YOLOV3 are increased by 9.33% and 5.01% respectively, and meanwhile the
robustness and generalization abilities of pedestrian detection are stronger.

[ Key words] feature extraction; YOLOv3; attention mechanism; spatial pyramid

o3 ARAE B RAR L A AR R FPI BF R, 70

0 5| B A B

BE b A 2 28 Y PR R FREOKF R B
AR TR AT ARG AR B W A% ARG | A g gl
ST ATz BN A Z A E . T
P NFMR AT SEls L8 AT A B AR, 4017
KGIMSE T XESE . R, A7 AN 32 2 AL 45 14 52
IR MR BE 2 > ik PI2E AR GERGHIN I 2 A 7 5
A FEUG b B bR BT A i 2 X Al | 4 B H AR ARPAE
HHHE BLAR ARS8 X EARHEAT YA 50 4 431
RECA] 3 o T 4 SRR ik ARSI 32 A1 T3 S A
(77 %, i R T R AR S AL, i % JEAR (2L
HIAE W o A BB H AR 2EAT SRS 5 )

BEE£WH. BRAKF2EI4 (62063002)

U ARAR 53 1 S AT A 43 2 28 1 43
L, HE PP S AR ) P 2 i i T — R s
Bl H s, FoAG I B B (B B ARk 5 T 52 6 IR B
AR B E AR A R AR L B, Gong
AL PR PR R T SR B L
RIS AR 1) S LAY A 2R A | A i 5 201 R AE R 4
FUE BB 3 AP BRIEATAT AR, BLAT B5 Y 52
RF P R e A DU B 2% (B BRI, 5 Tk 2
TUART 1 7S ORI 3 2218 H ARG A

DRI 27 ) vkl F) 46 TR 242 R 2% (Con -
volution neural network , CNN) $& BUEURFRE , F FH K
FEAEUS N 25 285, mix A T GHEA TR,

EERN: W W(1996-), B, WLATFEA:, ERUFr I B REILALSE IR KU (1966-) , 55, i, 02 1 2 S0, RIS 05 1o B

Bl 5 R RS,
WIEE ., Tk
B 2022-09-13

Email ; zhzhang@ gzu.edu.cn

PV L ENRERRN o714 4l L5 & A




180 B o /5 M5 MM

ERRES

RESCIRMGGERTIN 7)1 Hh BRAG I B P 02 | A 5 5
BeBe , FLABTS 2 Se v S e iR W R E
B3R AT o e DX I PR 08 B ] A 9%, e 2 DX 0
BEPEVE T R I sh i 1 RIS % iz 3 H bk, A
CNN #2550z 3l H AR B4 AE , 25 A 0 28 6 X R Ak
PEAT I3 1207 1 R RS B A DA T N, (EL ARG 0 3
FERAS , SEmpPEARE2E 0 ol AR AR R X
A AR 2% ( Region proposal network , RPN ) A 8%
BRI, FETMT 5 CNN 2545, ZRA5 AE 5 i A 00 3 1 7
Fast R—CNN H bR G AR A (RS I 280 38 1 42
R A H A BR IBURAAE , D38 3 ] )A 3845
HARXT G e HEFNZE A B, e E ARG I B |
SEEF R LN G T AT R R R, 5 A
FERAFINE> 3 it ) A S 3 — (e A
HITR Y BERRHEAE R YOLOV3 B9 R E A 3175 Bl
AL YOLOV3 , A R A 7 AR B v o (B RHIE £
WCRE 1 45 25 HOFE B ¢ K o RO AR OR)
K-means++5.75 B 1 HARHHE, JFH 5 YOLO 5
filve , BRA%% DCD-YOLO B3k | Re& /N HARA T A K

DUPKS B2 AEL SR G B 50, oy FH AR

25 b ARG B AEAEAS IS B2 AR B 1k 55
SR, ME DL R SRR LR R 2 ) 54T AR
MEEE G, e s AR 5 AT N i,
A SCEE R A I S b AT N R (R L, AE AR SR
YOLOv3 il b, £ B B R Bk O 25 4 8l 1
FIWLAIFNZS (8] G PRI | 2% b B ) — b itk
%1 YOLOv3 (Improved YOLOv3, TYOLOv3) 1 A Al
BRL JER TR AR S B AT AR,

1 YOLOv3 #&%!

Joseph Redmon 25T 2018 4F4 HH—Fii& H 17
K I 3 4 3 CNN, B YOLOV3, DA RUEE H
M x M IR EE PRt A 22 CNN %t FEUE AT A
TEHICHER UL E (2, ) (98 o S b, BV 4 419
(v, y,w,h) o 2R 1A SR IGH FURE A
I FHRRE 4 7 38 W 2% ( Feature Pyramid Networks,
FPN) DL AN [R) RO BB HESE EUA T N PRI | e 4858
BT BRI LR s a5kl 1 R

1 YOLOv3 M &5t
Fig. 1 Network structure of YOLOv3
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Tab. 1 Performance test results of functional modules
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IYOLOv3 SE-Darknet53 SPP CloU INMS 70.12
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Tab. 2 Comparison of evaluation index values of models
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Fig. 5 Comparison of pedestrian detection results
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