PARA L B S
Machine Building & Automation

2025 4 1

= 2
- BEREA - 554 B 61

N

DOI:10.19344/j.cnki.issn1671-5276.2025.06.034

YOLOVv5s B2t 5 ik K H 718 B W4T A4l B9 Rz A #F 32
BUERY KSR, BT AR KA

(NG RE a. HUHE TRRZEE; b, APREAS TRZEE T I 213022)

W OEAHNAFEGNPTEEERATARNER TEDERURERS RESFEAE L, LT YOLOVSs 447 th —
Mg ET % REEHAT AR R AEA YOLOvSs—CD, A A ConvNeXt W % #y 45 5 4142 LA B PConv # AR By 14 fE 41 #
RBHREETHE WESERTER  EEYEENFERANTERERFTRANBEFTEHINF 4T EETHK
BERBE LN XE FAREFEEME S RERFAER R A/ BARFENRRER, £ %9 . Z& BDDI0OK
BRAE S Bty YOLOvSs—CD B AR Jl 0 R 5 96.4% , & A R 5| 87%, FHWERE T 75%, 5 8 F 4 UL K
Hth xR HEERA M, RIBEELFENARE,

KERIA . EHAT AN, YOLOvSs; ConvNext; ¥ & %

FEHES . TP274 X RkPRERS B XEHES1671-5276(2025) 06-0184-06

Research on Improved Algorithm of YOLOVvV5s and Its Application in

Road Vehicle Pedestrian Detection
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(a. College of Mechanical and Electrical Engineering;
b. College of Materials Science and Engineering, Hohai University, Changzhou 213022, China)
Abstract: To overcome the technical difficulties such as the difficulty of pedestrian detection, long—term small target and multi—
scale target in the intelligent vehicle of automobiles, a multi-scale vehicle pedestrian detection and recognition model YOLOvSs—
CD in the road background was proposed based on the YOLOvSs network, which used the prior knowledge of the ConvNeXt network
and the performance advantages of PConv convolution to improve the original backbone network and enhance the feature extraction
performance. Channel weights are integrated into the deformable convolution that can adapt to feature changes, a multi—scale
cascade module is constructed based on more attention to important spatial regions and channels, and the shallow feature layer is
used to improve the extraction performance of small target features. Experiments show that in the BDDI10OK dataset, the
recognition accuracy of the improved YOLOv5s—CD model reaches 96.4%, the recall rate reaches 87%, with average accuracy as
75%. Compared with the original network and other mainstream network models, recognition accuracy and recall rate are both
improved.

Keywords : vehicle pedestrian detection; YOLOvSs; ConvNext; variability convolution

THERIRED, WSR2 RSk H 3
>J FRRRFIE A B3 T3 i T 3l B2 BUREAE A A
T BT 1 D i A eI B A, A 5 5 Y

0 3|5
K U 0 AT ARG A 255 i 2 I 3R

SRR TR R 5 22—, RS 1L A R
SEALBOR AP K i, 4947 A B R B 7E %
AL Z Y RS A I B R XY rh A A A
Py 2 AR R AU B LA R A AT N R S A5
AL, TN 13 3 F AT INMEE | 25 5 7 LR ik
AN A6 B 4%, O HL Al TG ok i W 22 28 Y T B B
B, SIARSR , B R E A 2 7 H AR R 45 sk
AN R R g o 22 ) 2% B R Gz T I8 % 4 WA T
ORI 22 e A5 3% 2 AT NS D A 75 3

A | R G T 3 T S 0 A TR R,
TRBE T 1 H ARG ISR 1 353 Ay 4 12 X Jal
(14 T 9 B R AN T [ DE A B i B AR R
AR 1AL GE B ARSI S 1 1 B i H AR, R
2 HE DSkt B AR EATAG I, A K 32 v
TEANLIF, E R A I AR 0 5 i 5 1 A R o P 1
ABphe 2% M A 2 19115 bounding
box HYLE LA K i Ja 2 53], 42 sy 1 H B A 0 ) 3
JE BRI TR, ARk  IEIREE 2= 2] 1Y B

FE—IEEE N LB (1970—) , I3, TLIRH NN, W 0S50 0, 7 lb 28082, 1 b, F 5 D 1) O 8 R i it 55 0 52 S0

zhsd1970@ 126.com

- 184 -



- BEREA -

EW A F - YOLOvSs 89 5t ik A H 8 18 34 & 4l AT ARl 49 &L A A

PR AR Y b, 2 AR 2 123 AR5
2 (EARZHEARAE Tl AS I Al A I L K
T BT AR DA 2 iz B, RS T AR
HIBF 5T LR .

HAT, 58T 2% > 0938 B ZE T AR 32
BLAESE 7 1) R BB B A AT NRRIE R 4R E ) R
T2 R H AR I HE /N B AR AR 3¢
k[ 4] FIH DenseNet %48 % 12 ALY YOLOv3 ¥
28 2 b TR 2 Bl 2 H kA 7 %8 A 3 ek | AR B O
FERRIEE B, 5 | A B 1 5 L X 2 1A
YT, LR 4R T 9 45 o T8 % 4 0 H R ARAE
AR, PIVEESET) it 22 ROBE Rl A AN RIRAE J2 0k
SRR AN AR PR 5 5 A8 | DR THR 2 R 1R )2
R = S DN 1 RE = WA I N E 7B A R 2N
25X/ BARRRIE I SR B BE 77, B2 5 1 /N B FRAs i
PEfE, A REEBITE YOLOVA Al B 5 A% A
EH 2, SIS ) HE NACE , (A /N B bR
F R BRRIE R 2 AR T 2 G B R T 2
/N BARARLEE FRAE , LA $E TN H AR AT AR
fe 1. TR @ i ResNet—18 1E H4HMF
PRI T W 2% S 89 55 J5 CenterNet W25 () 71 $2
WRE ST, 45 0 240 B LR 3 TH X /N H AR
PRSI 14 B8 5 7 SE B 2 438 I Y, B AT N\ A2
SIS P B (R 2R A £ D Bz e [B1& b i
AR LN T 3 B PR IR BEAIG . A, #E SR
ISR R RN a1l e DG R RS M & 0 N =
PO 248 B S 2 o A Bl A S A S B SR
MR A B A IR, X T s A
) B DX 24 S it 30 8 TR M DRI 7 B T TR %
I A [ e 75 2 2 Do 24 () 5 2 B LB 7 B
T IR A gt A s g

AR H T YOLOVS R 5 #Y 5% i A W) 4%
YOLOvSs, i i1 % # i 3= F M 4% CSPDarknet
ConvNeXt P45 HE T RIL% B4R 1E SR BURE 0 (B0 4%
/NEFRFFAE) |, I B PConv' ' SR B e 24 v i1y
DWConv' " LA ik 2 7 4 f5 B M 41 0 HOR,
PaNet [ HIRENE M LR g AEE )
AR A RRR F IS AR A BRI e /s B s
FRIEAR B, LA RGE b [ 3 W RRAE Al 1 2 R R
JZH /N B AR Al G R T e s e et
SEEGXT P IR T A SR A

1 MR

FE 241 R AT R 52 g B AR I B9 2
YOLOvSs R B e, #6035 % 5 5 T &

AT A ZAS G i T . YOLOvSs HH4F
TEFEHF T ( Backbone ) ARG 58 #8453 ( Neck ) LA
JHG S (Head )3 ANEB A 4LAL, FERISEH 40 1&] 1
Fin , HURRAE R 2 8 ) & CSPDarkNet %]
4 Horp N O REHOHE B A, H Neck #8208 H Y
J& PaNet 4516 1 9 45 B RRAE 3T P28 10 i )5 3
AR R AT 2 ROERLA Kb RS E
FREEMEIEATA R, HX T2 448 T 5 N
EECEWAT AN B bR, R E RN R, R
TP REIE SIS RR AR A A B AT Rt R T
H bR PERE

)
)
)
40x ] ;{ Predict ]
)
)
)

E 1 YOLOv5s M4k 45+ E

2 Mt

2.1 FFi

YOLOvS5s % 44 fdi il CSPDarkNet £ 3= T
LR A TRAE SR I, FRAE B RS DL K B AR FRAE AR 2
PR B 28R BE IR s 2L, /) 5 bR 5 B2 B
1 f#i FHl ConvNeXt M 4% %3 #t CSPDarkNet =1 %
2% Ok $2 TF AR AR $2 MCRE 1. 51 A PConv TR £b
DW Conv %5 [A]{5 B 5 BURE T3 A8 J& 1 [a] 8, Jf: i 44
A FConvNeXt, E. L& L5/ T E 2 fizs .,

& 2 1 B FConvNeXt block FibHE 2 E 501k &
HF(1,2,3,1), Down A T & FZ KNN3
FIAEAAR A 2 A Padding 2 1 (95 ML FUOR HE1 7
ToRAEJF BAE R Z T ] BN JZ R R 25
Jif& %€ ; FConvNeXt Block #5 3k % FH {5 % Swin
Transformer' > H1 4 block 5 5 i) 121 5% 2% 45 #4 , g
UL Ze U ISRl RN = R 7R ¥ =6
TR B SR AR I P ) T splie 291 D 9
SRERAE GEIE LR 1 c 3, Tl RS U R 48
THERSZ B9 5 )5 & 54T Concat #4E , 2 J5 1 FH M
A Ix1 BT THE AR

- 185 -



- EEHEAR - FEWE A E - YOLOvSs 89 5t ik B 3 75 38 95 & AT A M) 89 5 R AT 5

(o)

[ CG2 64 % 160 x 160 ]

1-FConvNeXt Block
64 x 160 x 160

3-FConvNeXt Block
64 x 160 x 160

1-FConvNeXt Block
64 x 160 x 160

22 FEHAATEER

RS 2T 6 Bl AN BB 4 ALk, &l 3
JiR o B3 (a) SRS A AR R R
fith 1A R S A Sk T B AR LA A8 4k, SE it
8 SR pUth AN R AR IR i A\ RRAIE, R A
K= (1) Fis,

N
Y(p)= D w, + X(p +p, +4p,) - Am, (1)
n=1

Y (p) X(p) iR e p i Ak i 5% A
FORFIE 3 V D SRAE RN R Ap, (Am, 73 31 3R 78
5 n ASSREE S B R RUE

B 3(b) A TEESTE A 815 0 R
i P e e P ) o R Mt A R 4 R o P4t AL R
R R W B AN 2 )5 54T Sigmoid pRECR XS
BN IE T AAY L, I T B SRR AR 1

P 3 (a) B0 4R BURFAIE P o o 222 ) £
Pl 3(b) #4350 T SRR IE 18 25 1 T 22 0G0 11
J3 ] ASFEAS RO A5 (] FIE A 191 F 2 A 1 8 i
PEIC, I H I H N X /N H R RRAEAE BRI 2 2
ARFIEIEAE

g g wre )

(b) Attention section

(a) Modulation section

B3 FENAUERERENE

- 186 -

2.3 RERRRE

YOLOV5s 1) Neck 254 ffi | T PaNet [ 4% 2%
¥y, 45 & T B AE 4 7 3 W 4% (feature pyramid
network, FPN )™ F1 {2 £ B & M 4 ( pixel
aggregation network , PAN) R #1722 REERL &,
ET ML H FConvNeXt Block B Xt 11 4 4~ 4FHE
JZ4r5eqE P, P, P, Al P, )i Neck ¥4 P, P, FI
P, 3 ML E S PAFIEAR BAREZAE A, it
A2 AR R R M5 R IE T RS, LR Z2 i
FRIERYANAS R 5 S5 A8 V0P i, 445 dan 3 4Rk P4
ABZFRAEZ AL E A B S Z AR R T8 SUE
B FHER S BERESN ST A Py JE JEX kAT
Focus 41 , 70/ AT RELR AT 22 A RIE A7 B 15 B 1 i
PN HEAT T REE JF HARTHAERE X Py HFAEJE 2
TR I P I B R EAT EORAE, B
1 Py P, Py BEATINALRR S, 24 CSP BB N 0 3
IHRIFR C,  FRAERES R AN 4 FoR

4 HHEMARRENE

IIAS il 545 45 2 R 0 )2 BT S A3 1) STk oR E A T
BUEAR I AEH RN (2) B,

W, x I
RS X7
o1, R AR W, W o B ALK
S e FRARSEL0 M,
Weight Fusion fii 11822040 (3) Fiws
W, F(P,)+W, P2+W3RE(P3)] (3)
W, +W,+W,+e
K. F () 3R Focus #4E;; R, FmiER 1] ZIE
BRI ERRESAE AR A RS 75 SR
o T AR, 3 L2 23 R [ AT
ORI | HEIBOR IR A 460 R 0 ST L
1R IR B LI JF EL3RE P, 4%
E SRR/ EBRRE A 5 8, ST R B0/ F bR
fi5 L TR

(2)

0=C0nv(



SERA JEBE AR S - YOLOvSs o9 5it SE ok B 3L /238 95 & 4 AT A 64 52 R AF 22
A NVIDIA GeForce RTX 3070 Ti Laptop GPU, i F
3 XLy

3.1 HE&KIRE

A S I T s 45 38 1 AF BDD100K 4 1 il
BLIEH 10 000 7K B AE R Il 2R 4 | I M v ik i
1 0005K #1 - VE AR . FF H AR A I X 5200
person ,car  bus  truck 4 DI ER Rt (N SN PN
EEINEISH
3.2 LISINGE

A M ERAEARILEEE LA |58 LI 25, HLE
T :12th Gen Intel(R) Core(TM) i7-12700H CPU,

(d) BEMp st GAmA T AR il el 1

g T 25 B UE A SO X 4% 1 R K
BIRIZE A1 B m AL P24 YOLOvSs, YOLOv6s .
YOLOv7—tiny! "7/ Fll YOLOvSs #E7 ) Kz HLAT {3
PER) B BE M 2% Faster R—CNN 81 g 47 % 1 52
g % g R 6 Bros, FritE 6 hAETE
person car Fl truck 3 Ff H #5, HAF7E L 5/ H #R
MEEFES Hbr, YOLOvVSs—CD REfS5E S5-I

(e) PGt A AT A ]2

Bs5 EBRERTABRBGIRER

PyTorch VREE5 I HESR |1 5 {4 H] python3.7,
3.3 SRS

1) PUIRCR 7w

B A SCHCHE B R 25 BB YOLOvSs - CD X
BDD100k 5 AIE I (G EA A AR, JHCAGHI
ZERNE 5 Fras, ARSCH person (car bus F1 truck 4
T EARIEATYNZRFNRS I | AAG DN 25 2R 18] 5 24 v mT LA
AT AR AR S R IE B H AR REIS R
FRGFRORIMFRCR , JF B 5t/ BARFI &
E A - [ R A AR I ROR

(¢) ARG AT NG = 1] 713

() Bt A AT A A 1143

IR 6 Fr iy H AR I HLRE £ 0 bR 5 oAl /9 45 47 1k
TSR A L e Xl i e bR A 7 R R AG I Y [
L AR AR A AR b R R, itk 2 )R Y
YOLOv5s-CD RES A R0 GHE B H ARRFAE, X T
L5 H AR AN B H AR AR AE R BIAR L ORISR
FETT T % H BSOS DU B2 AU R <

(d) YOLOvSs iR () YOLOvGsIEU I 5t

() YOLOVT-timy BUHIRCR

(8) YOLOVSS IR

6 AREIMZKIRHER

- 187 -



- BEREA -

EW A F - YOLOvSs 89 5t ik A H 8 18 34 & 4l AT ARl 49 &L A A

2) M RIPEBEXS L

R T R EE G G bR X2 R R AT 1 RE DT
A, 53-8 FH A 1 R (precision ) | 7% 42 R (recall )
FPEAE FE (mAP) 7B R RN 8 b5 5 HAh 3% =1k
PIZ& AT IS WA R ANER 1 s,

® 1 MERETFMNIEER B %

S BARCIE LD
, R, Ao
Faster R-CNN  62.3 61 55.3
YOLOvSs 96.0 85 71.8
YOLOv6s 91.5 83 68.5
YOLOv7-tiny ~ 92.7 88 62.8
YOLOv8s 95.3 86 72.9
YOLOv5s-CD  96.4 87 75.0

M 1 AT VA GHE 2 )5 1 R 28 70T B
FEA A (8] % 07 A T 4 MmO B M 4%
Faster R—CNN ; Jf- HLH K T R 2%, H [\ % 5 7B
f) YOLOv7—tiny F1 YOLOv8s AAH T, {HAEA I
R m B A ST AT RE S T L M 5 5
T T B A P S E AR ARG I S5 SR 5 2R T I
H bR 127 Y ST 4 31 2Rk R i 2A H ARoks
2,k 2 PR,

x2 AEBHREHBE B %

R 2 8 Rl
person car bus truck
Faster R—-CNN  44.9 68.4 55.8 56.1
YOLOvSs 57.5 77.2 75.1 77.1
YOLOv6s 58.3 77.6 68.9 69.3
YOLOv7~-tiny 51.1 76.3 62.5 61.2
YOLOv8s 61.2 79.7 74.4 76.5
YOLOv5s—CD 61.1 79.1 78.6 81.2

2% 2 WA, MCHE 2 )5 B 48 FE bus T truck
PR T A5 0 2 4 oA IS B2 5 =1 7Y, person
Fl car PAFRZE HI MK F YOLOvSs, HAh ¥ 5+ H
S E- S-SV

PESERRIR BT, R L (L B8 B
NG FE | 30 75 7% 1 IO 2 B AU 1 /N i 7 A 1Y
HERERF (], 383 T 100 5K B B4 ¥ U1 Zh by
()b 6 Rl 70 0 £ 4 B RS B X EE , HF 100 5K A
B 5 0y B & A 20 5K IE BRI 8 i kT

- 188 -

Ty G A R TAIN , FoR A5 -7 2 1], 32
KT, —Ts , Z5R-EK 3 s,

K3 IEEERITLE B {7 ms
HEFEE T
W) £ A Al
Tl Tz T3 T4 T5

Faster R-CNN  48.7 48.8 48.1 47.4  47.6
YOLOv5s 9.5 9.6 9.2 8.6 8.7
YOLOv6s 13.8 13.6 13.7 13.5 13.8

YOLOv7—tiny 6.8 7.1 7.0 7.0 6.6
YOLOv8s 16.6 16.4 16.5 16.3  16.6

YOLOv5s-CD  11.0 11.3 10.7 10.5 10.8

t2¢ 3 7] %0, YOLOv7 —tiny & FT A M 2% th %
B AR A /D B, PR It 2 BT A 4% 214 v e
PR JE e DR P 45 A HAGIDORS B 41K, AN TE
1E T ES2 T8 % 5 YOLOvSs—CD 7E YOLOvSs Al
W2 b EAT R SN T S SEL B T R IRG
JER RIS, EARIG N T M2 e RS (FARSR TR T
HA g, H ek i 2 5 1 YOLOvSs —CD - ffif
RGN FE RN ARG 0 R R A% T b AR A Ak
ARHE

3) T Rl S X L

J T 25 B e 2 IS ) 2% A R A K
P R AT T fl S 58 3 X B4 AT, S B 45 R
T APR, B 1R Gt MG YOLOVSs 5
AR AR 2 JE AU T 31 M E5 1 YOLOvSs;
FERY 3 RAVAL R FE T Neck PZEARIY #5540 4 J2 []
AP RleE T BT 25 FT Neck R4

R4 HEASISMEBEITTLL BH %
" PR AR
W] 2% A5 A

preision Rl’e('dll A mAP
Y 1 96.0 85.0 71.8
i Rily) 95.0 86.0 74.7
iRl 3 96.1 85.2 72.7
FEAL 4 96.4 87.0 75.0

Wt 4 A FEX BT ALK Neck 4%
PR EAT G, AR A [ 65 RS B T T YA
T BB 2 S5 Y T 45 RE % T G i
BHARHEG B, S 2 J5 19 Neck 76 R
A T /N BARREIEAE A PR R et
G Z 05 AR T, Ul BT GHE 2 S5 i I 2% A5 A



- BEREA - EWAR,F

- YOLOVSs 84 s it 5ok B 3 18 34 & AT A 49 &L A

AEf T 4 35 BBURRAE , R 22 B AR DL /s B FR1E
S, A B E BRI TR
4 ZiE

T BT NGO EOARA  S2 bR i 5 5
M, KT is T & X EBRG 2, AXHE
% LL YOLOvSs Sy BEAl 251880 it 1 — s I

TR BE B G ARG I I 4% —J& 3T ConvNeXt
Hf%ff;%ﬁ% AR T W g AT G B TS )

{5 S 3EHRE T s —RFE R Neck MOFERE 5] ATERE
FI S AERUINALEL-G HLH, 327 T X T/ H bR
RN BE T 308 5 X b At 3 0 R 245 Bl T AR SC
SRR S
5% 30

[1] WANG Z G,ZHAN J, DUAN C

vehicle detection techniques for intelligent vehicles[ J].

G,et al. A review of

IEEE Transactions on Neural Networks and Learning
Systems,2023,34(8) :3811-3831.

(2] EHE, 5 FHE B 4. 546 BU 28 9 45 1Y S i
B [1]. AL TR S R, 2021, 57 (5)
222-228.

[3] tofh, kol sk 05 45, T TR 2 ) 1Y 42 40 H AR kG
MERLEAR[T]. IREFL AR ,2022,47(2) :24-26.

[4] BRAR8R WM R % 256 0 R HLHI S £ %
PR B GRS I D7k [ 0] r T S AR A
2022,36(3) :210-216.

[5] HUANG G, LIU Z, VAN DER MAATEN L, et al.
Densely connected convolutional networks [ C]//2017
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR). Honolulu, HI, USA : [EEE, 2017 .
2261-2269.

[6] REDMON J, FARHADI A. YOLO9000: Better, faster,
stronger [ C ]//2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Honolulu,HI,
USA. IEEE,2017.6517-6525.

(7] e, Zci%, M8, 5. T ) G A BR S5 81 11 i ik A
SSD HARKRIN T i [J]. (XA, 2021,42(9)
52-61.

(8] Aafike, Foifi, RS AN, 4. — Rl i B A5 A/ H ARl
JrEL]. AUEHN R, 2022,43(5) 1 136-146.

[9] ?ﬁ%%,?&/l\@,?&%ﬂ%,%. FTF ik CenterNet 1 H
N2 BN B AR [T]. B R, 2022,
45(15) . 115-122.

[10] CHEN J R,KAO S H,HE H,et al. Run, don"t walk:

chasing higher FLOPS for faster neural networks[ C]//
2023 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Vancouver,BC,Canada;
IEEE,2023.:12021-12031.

[11] LIU Z,MAO H Z,WU C Y,et al. A ConvNet for the

2020s[ C]//2022 TEEE/CVF Conference on Computer

( CVPR ). New

Orleans, LA, USA ;TEEE, 2022 11966-11976.

[12]LIU Z,LIN Y T,CAO Y et al. Swin transformer ; hierarchical

vision transformer using shifted windows| C]//2021 IEEE/

Vision and Pattern Recognition

CVF International Conference on Computer Vision
(ICCV ). QC, Canada: IEEE, 2021.
9992-10002.

[13] DAL J F,QI H Z, XIONG Y W, et al. Deformable
convolutional networks [ C ]//2017 IEEE International

Montreal ,

Conference on Computer Vision (ICCV). Venice, Italy:
IEEE,2017.764-773.

[14] KUANG H W, WANG B, AN J P,et al. Voxel-FPN
multi — scale voxel feature aggregation for 3D object
detection from LIDAR point clouds[ J]. Sensors,2020,
20(3) :704.

[15] WANG C, BO CHKOVSKIY A, LIAO H, YOLOv7:
trainable bag of freebies sets new state of the art for

(2020-07-06)

https://arxiv. org/abs/

real—time object detections| EB/OL ].
[2022 - 05 - 10 ]
2207,02696.

[16] WANG C, LI B, LIU Y, et al. YOLOv6: a single —stage

object detection framework for industrial applications[ C]//

arXiv:

2023 IEEE International Conference on Multimedia and
Expo(ICME). Brisbane, Australia; IEEE, 2023; 1-6.

[17] WANG C Y,BOCHKOVSKIY A,LIAO H M. YOLOv7:
trainable bag—of—freebies sets new state—of—the—art for
real — time object detectors [ C ]//2023 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). BC, Canada: IEEE, 2023.
7464-7475.

Vancouver,

Wi EHE.2023-12-05

- 189 -



