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E T it YOLO v5 BT A E MBS EZH R

CET S SHL PR

(L.hRET A% (FIE) , IR EUE 264200; 2. 3 % ke, 7@ # % 453000)

WE ARG ERTIR P LEARBENFEN DB RN EE, EREERATEERFRTERA, RE—#
HF P E YOLO V5 BB AT L B AR ok, Wit YOLO vos A B AN ERZ A G L E %, B
FR I M A 7 Backbone A N CA MARE B A P, WEA A X BARAL B O BURE; & Neck # 2 % i CBAM
EREANAE S, @@ BRI E I H F TR 7 T4 KA DloU 4 % & 24K GloU, b3k FAE = 13
W, RAESEFMACKE. LhETHRREE (23605 EE) , ktEASHHE (P) . FEX (R) X
SEHREE (mAP) 253k 5 88.2%. 90.4% F1 90.9%, i F EAEAIR A 3.5%. 4.3% fn 4.1%, [EE kT Faster R—CNN %
MEBEAE, ZEXEREELESRHE, VAFXABRRETHLAERR M EERBET RN EAT E, BAE

A
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b5 B B

KR L AAER M ; YOLO v5; CA AAARVEE /75 CBAM iE & A #L#l; DloU 4 & i %

FE 4SS TP391. 41 XEARERE: A

XERS: 2096-7772-(2025)03-0014-06

R KR i G N N LS H P78 e
kg T AT, DTS H Bl 4 Sk 2 O A 2 3 A
SR A R 2. MR R, A2 4k %
FIE A5 T B A3 S B P T R Sk T A ek
20% % 45%". L, FEA LI A 2020 45
4 JRSE 1 A AR, i
T B A HL Bl 4 B AR AR e A Sk A AR A T
BT 2 B I R, SR, YEIN T2 4
SKACRG Y A T ST N AT, XA GERAE
I, TR LA AR A RO

1350 T IR BE P22 I 2R ZRAE I SE e ME e, 135
BUAI 5B AR TE TR TR B2 il A3l T A2 22 1R B 5
X L Bl 2 e N B Sk S M A M A, BB
B R AT W2 L) Faster R-CNNP U
B BERG M HESE (two—stage detection ) F1LL SSDP!
YOLO™ ™ 251 A0 ) B BERGIAEZE ( single—stage

WisEE: 2025-02-16

detection ) o H ULAY AL BB EARKG 0 L A s, (R
Je LA BRIz B IS s B, 7ER% St
PITRE . M2 T, BB B A M AE CRUEAGI YA 5
AIRTER T, A B AR R A P BT S R ARG

TESEPRAC i@ s b, A48 H ARG I AL ) 4 fiE
AR, B AR b /N B BRSO
PISEI, 52287 5crh B BRI A BB A5 . FTxk L 3
S, LR IR IR TR KB T, AIERY
5T YOLO v5 BRVHEA T 1 ek, BARQIRT A4 18
Backbone F Il A A8 #7173 2 /1 ( Coordinate Attention,
CA ), 7E Neck HII AL FRHGE 2 I ( Convolutional
Block Attention Module, CBAM ) , fifi F DIoU gl i/E 4
PN

1 YOLO v5 ¥ &%

YOLO v5 1E J 8 H ARG I 39 YOLO B 11958
FARCIAS, RFIERE AR P S E T YOLO van/s/
m/l/x ZAVERY, % Z 508 3 P 2% G5 (Channel )

EE&WB: BEEAHREEEESE (61501391) 5 WEARHLAIHT AATH (21HASTIT021 )

FE—EEREN: FIERE (2004 —
BEEEE N 55 (1981 —
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HUREE (Layer) MIAHNZSEL, TE R RESTIEHBAL T
G, R ARG R IR LR, YOLO vSs
[ R S A e R B U R A B N e £ AR B B
BRI, AT RO BRI B S SRR R, e
E oo S/ Al RS, SAR =R e L)/ (20 \FE

YOLO v5s B8t sk etk s, HTARR
FEO] o0 VO DI REE S i A B BRAEEE (Tnput ) |
FEAFSRECE T M4 ( Backbone ) . ##FFE)Z ( Neck )
A EARRILER (Head ) o AR )2 R LR M 4N
1 fR

E 1 YOLO v5 RH{LZEH

TEf A B G, AT PR (Input ) #£47
PG IAE FRFI— AL S5 . FRA0HE: #id Mosaic
RN RE s 2, B SRR A A i TR RT
385 DR SR AR R [ E RO, ERFE R AR TRy
(7] s LA 1 B B 0

FRIEREUE T M4 (Backbone ) i1 2 2 I B
BEE, W ERER A S ERAEAS ], N 2R T B
BRI (CSP) ™, 38 A 4 T SR s A
NFHERN 53 Ry W 4 A A PR AR . R IAR DR o e
MEAZ 36, i W AR S TR AT 3 A BR g 1 A
E o ZEIRFER G T2 X RS A i H S it e 1 2 P

(Concat) J7, ARG T LG5 A BE T4 )
A, IR AR AN AT T 2 R RHIE R A
MPERIBREST

FHIERE)Z (Neck ) TATTHE R AR FRMRZIK
G3 R R R SO M RFIEZROR o % 4338 1 21
HEE SRR EERAE RS B, PR i A2 =
e ZRRF A REE , DARSREAED A A il
MIRENTRE S, AL 2RAE5rHaR L., B G n . BB
ZACRE T AL R E ST, Wb 13 05 i KUK

H BRI 25 5( Head )67 57 4L B Backbone FY i i,
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T H AR S . A )2 AL T 45 44 X Backbone
a1 ) ZAERRAE R TR, AR AL S S IAE A .
APPSR A S S AN SR, M e p ik
FAERBIA R

2 YOLO v5 #&ilE kil

A YOLO v5s FEMERCRI A T an R Oufk . BHxt
WO N FARASAHE DR B, 42 2437 50 A ds
V) R EL A B4 B [ R, R 22 2 T R L, 4 e
Backbone 5| A CA®', 7E Neck H#5 il CBAM™, 4
X A7 7 A HR E e s A A TR0 A5 SRS
AW, (] DIoU 45125 sk Y Sk Br e YOLO v5s 3%
HERLRLY GloU 5125 pREL
21 3|ACA

T R WL RE S AL RRAE B b R AT B, 25
PRGBS BRI, TTHREUE CHFAE, IR THE:
MPERE . ZALRLEL A 2R, HWRdE SR
DI OETE, RIS IE 2 . FE 2=
Shrscildga b TSI R G E A SO O I L Bl
AR BAR, W SRS T, 1A CAL
FEh— PR G R AL, CA B T AR Xk
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LA B AR

2025 4E5 3

DGR DAY RE RS HE S5 T X 4 DX I AY TR E
Jio AR, CA 0 i A Ak 3 K -F Fi B
Jr I AT WA R A, A A — GERFE [ . X
A BRI TR AL EAEAS B 5 1 B A R
MNTIEAS RS REAS SNORS Wt 2 FARGLE,, IF4RAS
FESCTRAE "o K B (AL bR 15 8 55 IR AR I HE T 7
A, s — RS THAEIE A, AR R AL
H A X SR R 1 B A7 B T AL,

AT HH E DI, AN T B X, AR AR
WERF A 752 AR . CA Y IZ S5 AL I ANl 2 TR o

B2 CAHIMZLEN
2.2 #fn CBAM
CBAM M 1 38 38 — 25 i) Uy [7] 8 AL,

X5 F 4% G2 4 B 22 ) 4% CNIN iR — 2 B 1 3 3
HERIVLR, 2R GRS, AL 5
FEOEAEANZS [R5 2 PR e . FERFIEAL S
B @ E Y 2 1R (Channel Attention Module,
CAM ) "™ ZhZS i 4% 45 AR AE T8 AOAN . RN, SRRARAE
BT RIEN o1 R (=95 8 oA L1 1O D = A sy LT B = WA
He (Spatial Attention Module, SAM ) " %HEEAE & v it 56
PRI T, AR TR R TR, Al G X
T W 5 SRS B L AR DR
g e S (T v 0] D N NG [T - N S B VR 35
RET, 1 928 BE U S8 i TUAR R AE I F 1 i ) S
TERIFRIERE ) o CBAM R IMLEIZ5F Il 3 PR .
CAM AL EE 7 FEAE 38 18 Y 7S WA EE S ECpLE]
SEHN 22 AERRAE T 0 B B . IR REOR A
gL R NS, o 2Rl (GAP) H4
Jai KAk (GMP) |, FFATHEHUEE R TR &,
PR FAERALE ;AR5 L AR () 2 2 AL
(MLP ) XFRlERHEHI TIPS, 2% 2] &R
ERE R FRE w2, R sigmoid pRECRFIE R T AL
HIH—fb, JF5EARHMER SEERLEE, B
BCELA I8 B G SRR E A R 2 ] . XAl
308 T ASE P L 2 R v e SO OGEDG 3 E F JR  J
A RARTHAEBL S5 7. CAM 135t (1)
Fiis, LSS A 4 Fos
M (F) =0 {MLP[ Augpool (F )| + MLP[ Maxpool (F)]}
= o {W,[W, (F* Aug) |+ W,[(W,(FMax)]} (1)

B 3 CBAM = A#HILH

E 4 CAM EiEESNWHLEH

SAM iy AEAE AT B30 B o Bl — R R TIAY

L, XL AT AR B 2 A ) TR X

TS BRRE S A R S A (GAP) 54
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Tyt Ritefl (GMP) £, 23l Se BUREAE B o 9724
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T MERE PR S R AR
R TN (NS I e CTRE DS AR k9 R U E R RES
SAM BRI (2) B, HLsIESHanE 5 Bis.

M (F)=0c {]'7*7 {[ Augpool (F); Maxpool (F) ]}

7 s s 2
:o‘{f7 {[fAug 3 v ]}} ( )

Bl 5 SAM =EEENUH EH

2.3 KR

A (Intersection over Union,loU ) & HFrAall
55 IR — PGSR AR, T PO HE 5 s
MEZ [ ESFEE, EEFEER, oUBEIET 1.
HA A0y

Area,

intersection

Area ©)

union

FE YOLO v5s SEfEBE R, SR AT 5 3F b
( Generalized Intersection over Union,GloU ) 1E kil 5t
HE (9] 51458 2% eR BOAFAE [ A Ry PR o 2 000 30 S HE 5
AL T HIARIEHE NI, GloU 2xiBfLA ToU #
friz %, PECL JCEA RUX 53 FAE i A [ 25 (5]
G3A, AEEHBTEARE . ek GloU Xf HARHE H
EICASH N BREE , AR I 25 529 HE ( Distance
Intersection over Union,DIoU ) $51 2% pREIEA T8 2eitt
DIoU 755 & X AL it (19 B6Aih b, 51 A SHEH 0 A
DA I B B AT 0T, A S ELAT AT SRl e e ) A e
DUY, DA SEAE ity e A ST AE 5 L STEATE ) 2 [ o 10
Z. DloU it n .
b d’

2
pioU =1oU - 282D _ oy
C C

L,,, =1-DIoU 5)

A b A b SRR PTAE AN FARHE B9 o
HEFRSEL, o (b, bV d AT AN FARAE F K G
JUATHEEES, ¢ SR BUHE AT H ARAE Y e/ NI MEFE T AE
s f R s 1

3 XBRHMESERSMN

3.1 LBINESSHEE
ASCHTH R SEIR IR A S RN 1. 22 PR,

IoU =
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®1 LWIAE

IERCE R SR
CPU AMD R9-7945HX
T GPU NVIDIA GeForce RTX4060
fTyed 8GB
BERS Windows 11
Python 3.8.5
IR Pytorch 1.8.0
CUDA 12.0

x2 BSHRE

K BE
Image_size 640 x 640 %3
Epochs 300
Batch_size 16
Weight_decay 0.0005

32 HESKHESLE

NS e Open Images Dataset I ik S
&, EEREMN “electric bicycle” 5 “helmet” ,
KAV EERFEA 2500 7K, ALFEIIE Sk 25 5 A
KEPIRE TR B BERTEVE, SRS &
FEERRAEE SCRIREA S, IRZAR AR R 2360 3K
R ORPRTEERYE, e A ShARTE T H AT RE R YR
2, ARSIKCR A Labellmg T HXTFEAIEST N AR,
P = UK AR ‘helmet’” (ffl#i3k2%) . ‘head’
ORISR 2 ) (AT ) .
HJa R o Z PRSI, 4 812 LUl Bt &l 73
AYIZRE (1894 5K ) ANALE (473 5K ) , BAERMIE
H R PE I AR A AR v i o A — 2k
3.3 TriEdR

ek A A A S50

‘two_wheeler’

T EPOR R (P) |
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LA B AR

2025 4E5 3

HAEE (R) DU EREHIE (mAP) fE AL PERE

BIPEANSE bR . KRR EE AL IR AT AR
TP

P= ©6)
FP+TP
TP
R= (7)
TP+ FN

Ao TPARERIZE R IEREA, FE it
RIEREAS; FP AR SS S R IEFEAS, ELEOLh
FEA; FNARRAINES R A, BSE N IE
FEA

XF PR R AT B 43 2R B AS 2 F B0kG
AP, FEX AP SKAV-YE BRI AT A5 20 2R 45 SR ) mAP.

AP = I;p(r)dr (8)
o — 22 AE o
K

o K FRIENEL, AR AR i IR BIREIE
3.4 HIERSERST

TEFAF SRR T, 23 5%F YOLO v5s ZEAERAY |
YOLO v5s AR AU AT SSD 474 4% I Fll Faster R—CNN
SRR T, X HE S R anER 3 PR

* 3 AEERITLE %

BEVEA Y P R
YOLO v5s BACiAR 8 88.2 90.4
YOLO v5s FE/EREA] 84.7 86.1
SSD 82.5 84.2
Faster R-CNN 87.8 88.1

SR o b R, A L B A Sk AR AT 55
PRI FAF G, = 2k I 2 by 22 0 o 2 M e 2
5o FE YOLO v5s JEUERIRI 5 SSD ., Faster R-CNN 14
J R S BEZH tfr, Faster R—-CNN 7 4 6 2% ( Precision,
87.8% ). A [ %( Recall, 88.1% )} F-Hk5 FE HI{E( mAP,
88.9% ) A% ARbR EI B AN H . SR,
25 ARAL I YOLO vSs gh i A5 75 S 1 46 0 47 fiE
2%, FH Precision. Recall. mAP 43 5l ik £ 88.2% .
90.4% F190.9% , #H1%% Faster R-CNN 235113545 0.4%
2.3% M1 2.0% HITERESR T, ZBHRXT HEUESE, ek ie
Y AR D AR FE ORAS S T Y [RTBs, JFEZR 5 A
YRR B LT AR G B Bkl -5 L v B py B iR
NE Y PG e IR AL TR s £
3.5 HELLIS

J T it BRA SO R R RCR . AR TR
SEE I NI TIHRLSES, ARSI e, B
sk 4 im. Fh, ARERGIA CA BAREE T,
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B AUEUS I CBAM A HLE, CAURMH DloU 2
PEBR PREL
R4 HMLBLER %

P P R mAP
YOLO v5s 84.7 86.1 86.8
YOLO v5s+A 86.2 88.1 89.8
YOLO v5s+B 87.9 89.0 90.7
YOLO v5s+C 85.0 86.3 88.4
YOLO v5s+A+B+C 88.2 90.4 90.9

S0 B E B0 Hr, CBAM T3 S ML ok
BRI 35 oA A R, A mAP 45 T 3.9%,
CA B FR 1T B 1A mAP 325 1 3%, DIoU 1%k
BB mAP 3255 T 0.6%. AHEST YOLO v5s 5t
HEREARL, 5] A CA AARIER J1 . CBAM {2 S ML A
DIoU J&, BRiFRiAYAY mAP 32/ T 4.1%, [RIWHRE i
FRA PR B . X IE T AR R T A
BLI A S0 ——CA T L33 — 40 B AR bR g A 3 5
/NEFREHMEFAEGE S, CBAM WESEZs ] — @ iEHES
RN R s T s T, TRl
FH DIoU 451 438 1 70 24 o 0 Ak i A (1)1 6030
i E S HARME AR A5 8 B 2 0l

4 l%\ gdn:

Sy it e BB B v 8l 2 Sk 2R v /N H BR A AR 4R
HRIE,  HARRIAH P AE R, A SO LT YOLO
v5 WA T Sk A5 AR RAS I S E AT T kdk . e, B
XA A T PR B AR R, 51 AR T )
BUL, 38 CA AabRiFE 1R CBAM % H ML Bl 423 2%
IR AH CARAE, S5 TCHAHE; SR 5] A DloU
Beife GloU, X512 RBGHATRlilE, fLfb i FHAE [l
Bk, SCEEEHEPRENRE, R SR
B 2508 kA YOLO v #EAY Y Precision 32
1 3.5%, Recall #5 T 4.3%, mAP#E T 4.1%.
S ZE I T, SOl MR AL BB PTA L TT
A BT Ao T A T AR
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Research on Helmet Wearing Detection Algorithm for Electric Bike Riders Based on
Improved YOLO v5

BAI Yichen', JIA Meng®, SHEN Xiaomeng®
( 1. Harbin Institute of Technology (Weihai), Weihai 264200, China;
2. Xinxiang University, Xinxiang 453000, China )

Abstract: To address challenges in helmet-wearing detection for electric bike riders, such as
difficulties in small-target recognition, complex occlusions, and inefficient manual supervision, this study
proposes an improved YOLO v5-based detection algorithm. By introducing a dual attention mechanism and
optimizing the loss function in the YOLO v5s baseline model, the detection performance is significantly
enhanced. Specifically, a CA (Coordinate Attention) module is embedded into the Backbone to improve
the model’ s sensitivity to target locations; a CBAM (Convolutional Block Attention Module) is integrated
into the Neck to suppress background noise through channel-spatial dual-domain collaboration; and the
DIoU loss function replaces GloU to optimize bounding box regression and improve localization accuracy
for overlapping targets. Experiments on a self—built dataset (2,360 images) show that the improved model
achieves precision, recall, and mean average precision (mAP) of 88.2%, 90.4%, and 90.9%, respectively,
outperforming the baseline model by 3.5%, 4.3%, and 4.1%, and surpassing comparative models like Faster
R-CNN. The algorithm balances lightweight design and high accuracy, offering an efficient solution for
automated helmet—wearing supervision in complex traffic scenarios, with practical application value.

Key words: helmet wearing detection; YOLO v5; CA coordinate attention; CBAM attention

mechanism; DIoU loss function
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