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Abstract :

In the application scenarios of industrial robot automation, the existing target detection algorithms have

problems such as low detection accuracy when dealing with targets with large scale variations, poor occlusion
processing effect and insufficient real-time performance. This paper designs and proposes the YOLOV1In-RLW
algorithm based on the YOLOv11n benchmark model. Adopting the RepViT backbone

network to replace the traditional feature extraction network, enhancing the feature extraction capability; incorporate

Specific improvements include:

the LA-CBAM attention mechanism to address the issue of the lack of spatial features in the SE module and enhance
multi-scale feature fusion; replace CloU with the Wise-IoU loss function to improve the regression accuracy. On the
VisDrone2019 and KITTI datasets, this model achieved a 38. 4% mAP50 at 260 fps, with only 2. 24 M of parameters.
Compared with the benchmark model, the real-time performance is improved by 6% . the recognition rate is increased
by 5

scale target detection. occlusion processing and insufficient real-time performance.

¢ » and the number of parameters is reduced by 13. 6%. This algorithm effectively solves the problems of multi-
It meets the requirements of

industrial scenarios for detection speed and accuracy, and is suitable for the engineering application of high-precision

industrial robot target detection systems.
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ar AN B ARG Jy ) 1) R 2 — il i BRI R AR B
XS HLEE AN HEAT R Re 4 ), FE s AT g s A ), H A &
TURBE A2 2 1Y B br e i 5835 43 g B B B A I 8 12 R LY B
RN B BB BB 2 S T e AL 2 b 11 DX I AT
T 0 TR AT 3 43 SRR, 40 Xl 45 BURp 28 ) 4% (region-
based convolutional neural networks, R-CNN) & H i ik &
B, TR B E X A Y BB SR AT B0 L 432
PR A X425, 5 BB BE 22 HE A I 2% (single shot
multibox detector, SSD) . YOLO K& )5 S WA 1 5505 %
PR3 6T LT 7 U B I s e 00 5 32 ) B O A 7Y
SEM S T SRR U AR, B BE S AN (W] 114 B
Be, Jo i R Tl v R B L N S PR Y R, LB
BRS040 R0 S8R A, W] SEE A TR O E L
NSRS AR v, T2 A B B R 4 S IS RN
75 1t

PAEREN T T YOLO B E M5 T i B AniR 5,
WA TR &, SRS TR AR R A
P38 i 2y A5 8 B AU 2 B K B bR B AR T 7R
YOLOv5 He /N H b i il 452 22 AR 15 %, (2% 07 i R 7% 1R
WP T HARFRAE 3 2 (0] A, %30 £ AR 0k RS B 5%
. FREHAEAE YOLOVT 53k 42 i A i Sz i B G
2 e ok 8 E A )2 B A M 4% (proposed  efficient layer
aggregation network, P-ELAN) , LL#& /N R <) H F1 B9 2
AE 7, SR MR AR AL 2 RUBE R AE Bl & HLIRD, XF T b R R
HAR BRI PEREF ARSI, RS 2T YOLO Sk . 3@
o i L E AR K g K H AR 2 SR BRI R H R Ty
WIFE T XK B AR BRI e 7, ok R Tk s T 2 R
JiE E AR AE BRI 5 oK . RS Al Global
BLH 45 G 38 1 58 15 B bR Re A 525 5 WA il 5 2 HC T
BB R 8T s () 4 BE L S8 E R AEAF B T AR R L R AE
PR BAL ., W AZEDFE YOLOV? R H &8I
(efficient intersection over union, E-IoU) {8 & 1% 4t i) 5¢ 4
A2 FF b (complete intersection over union, C-IoU) , B Ji 5&
T 3 5 A HE L A A BE R T 1000, (HR i B
BRHOR R R BRI RS B A 9 AG 0oKS B2 0 R AT $2 71

JSE AR B AE /S B AR R | R O Ak 55 O T ER AR
J& R YOLO 5%k 1 B B L A b A 47 1 LR
3R . 1) 22 RUBE 55 0 34 38 B M 0 DA S B 5 2) 7 iE 42 B
SRR R 5 3) 2R B B 3 B A B,
A B Z 0 T BB T A B s ROBE SR B B BR Y 1115
KRR I AN B . £ X DL L A, AR SO — il g
YOLOv11n 4 B # 5 % YOLOvIIn-RLW # 47 17 LI F
3 J5 T BB

D H &#E S B M3 Transformer (rep vision
transformer, RepViT) T M YOLOv11n H ) ERE
PRIBUI 2% 4 8 X B ZR T o T R AT 55 19 R R (] B g /b
SRR TR R AL

D TEMEJE I RepViT £ T84 19 RepViT BLH i
ARk A I8 N A R B B (lightweight-adaptive-
convolutional block attention module, LA-CBAM) , #£ 7+ £
ROZ BRI RE .

3) it 5 % bR K, {8 4 B 38 Eb (wise intersection
over union, Wise-IoU # #t YOLOvlln H iy C-IoU, f#
mAP # 7 2%, R R R0R

1 YOLO & &yt

1.1 YOLOv11 f&if

YOLOv11 J& Ultralytics 2 Al £ 2024 4- 9 A 30 H &
Ay B AR & v, YOLOvI1 £ %43 4 backbone #43.
neck #8453 F1 head #8453 , 7 AT 19 28 41 3k W0 i A% 1) 6 Atk
L. YOLOvI1" % backbone 743 F C3k2 A& He % T 1%
Giny Cof i, [ R 85 By B il o & FIE B R & N
(cross stage partial with pyramid squeeze attention,
C2PSAD L, 5 & FH 8 1 B S B (pyramid squeeze
attention, PSA) JL R VE FH LA A ik 28 1k 1 2R . A SC
TEMC SRR b, o AT o A Ak, B iR e SRk A M 1A 1
FT7R
1.2 BHEFE

D RepVit & H ik

RGP NRG T, %500 46 T 2 W 45 4 Sy Re Ak
PEIC A7 46 B B A AR . YOLOv1 In [ 45 AiF 452 5 2%
Z MR TIRZ RN E BB KRN M TERERT
M2 REHRMEN R T RUMXAE, M2 R, —20
4. Transformer(vision Transformer, ViT) Iy 45 HF 32 BL fig
A LA AL N SR R G R H AR KR
TG URAGY y  HETE G BE bt 0 DL LA N S
RS EOCHAME LY T AL A BAR I R G, . A
SCHIA RepViT AR Jy ReAF £ HU 45

RepViT JEMRHE VIT M5 F & e B &40 CNNT,
AABTE Y G it B 5 sk 7 A 26 B0 A T L 7 B e AR o
WAL T I EBE J7  7E 4 5 T o RS A B 5 4 T T R
WL B A . FE RepViT A5 He BT, HU R
BT 1X1 7 R AT 1 I, 3 5 2 Al Kb 4 9 T
g BRI S R, 4 RepViT B AT LUE L 7
FARBUR AN DA K 4 R il SR B . IR T 3 X3 1]
ArEREHR (10X 1 AT Ay R MR E S5 AT B ik 22 RUBE R AIE il
A 3X3 BRI R L e R L1 X1 BT LU g
3 T I A BB R S 4 S IR W LR R AR 1 S P X
B Z 515 B T LR AR R B R R S E SR
A AR R, Rep VIT 19 2 K 28 44 76 Y1 25 1) i) figs £ 7 22
43 S G5 R SR ISR FRAE 58 7, (0 E T HE B A I A1 £ 4 S
S5 T R — A3 3 X R B 2 R Ak 7 X 1A A BE AT AR 5
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Fig. 1 Improved YOLO algorithm structure
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Fig. 2 RepViT module structure

X 2 )R UCRHIE 2 SR % 1k RepVIT I &% 7E R X
B R & TRBMWEZ RERFMEMARET, 5
YOLOv11n YRR 42 5 25 41 H T 09 20 R 2844 AN B A1)
W BRI T 75 % LB MR R i HAK R Bh A
WS HUHI LA R S5 E S B EAR e T4 B AR ROE
AR P T 55 B A 0 0 B A L AE 8 2 v D B A DU 30
Tk sely 5 BRI B B A g

TE RepViT i, = BLA0 H B R A58 e (squeeze and
excitation, SE) RHFA TR SN, H 3 0% jE A A 4 T
J1. 06 T 25 [ 4ERE b RORAEAR . R, AR SOl R
LA-CBAM #8u4e SE #idk, BUifk RepViT £ THREUM 4,
i RepViT 7E4R KRR I [ B 5 i 23 (] 3 ) M@ E B T
HE— 25 P AR S SC HERRAE A 5& 1 66 7, DT 48 oG B vz
ALRE ST, ORISR RS0 5 Ah 1 (4 [RT B , AR 608 A5 418 A
PERE 8 H T/ BRI A 223 50 F S0 SR AT 55 .
UG Y RepViT BEEEEFGINIE 3 PR .

2) R S HLEIEte

B & J1 B (convolutional block attention
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Fig. 3 Improved structure of the RepViT module
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A K ER AT R BE 25 2T 84, [R) e R 2 52 i 455 760 5300 1) 3
B, TEALELR A CBAM A5 43 B 15 5 18 A1 ¢ 1 A
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operations  FLOP) A3 — 5 TUA4Y » ELME LT XA TR RUEE H
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4y LA-CBAM BB 1 45 8 6. LA-CBAM # £k
AR YW A TR T PR A 3 R 28 E] T R A
4y . BE YO TE A = 1B (lightweight channel attention
module, L-CAM) 3¢ 1T B A~ 38 (1 FR R R B2, B IE
25 ] 7 & 77 B Cadaptive spatial attention module, A-

SAM) & HEFFAE B &AW (R F) MR ZERE, L

L-CAM

Input Feature,” (T GMP_ |

CAM i FIIFAT I 2 ] P 493t Ak | 4 s s Rt A6 JF R B8 O
ZEE . BA WAL TR S WA BB R G &0 o 155
TR AHLHIBERE LX),

M (F) = 6 (MLP (AvgPool (F)) + MLP (MaxPool (F)) +
MLP (StdPool(F))) = ¢ (W, (W, (F;,)) +
W, (W, (F,.))+W, (W, (F,,))) (3)

A-SAM

Final Refined Feature,F”

K 4 LA-CBAM HiH 45 #y
Fig. 4 LA-CBAM module

A-SAM | Wi R AF B A AN 0 1 R, T B4R
G BAHS A BIE R, HIFE AKX (D

M, (F) =6 { ™" ([(AvgPool (F) ;MaxPool (F);StdPool ()]} =
e (fT(F s Fuws Fla ) 4)

Hor, o 03 Sigmoid PREL, F7TARERNR TXTHY
HFEAE . A4k (average pooling, AP) R4 AE
I 3 B2 B 25 T R, BB 5 )2 B AR AE .

il LA-CBAM B3, @ “ R R Ak + A3d
N A% B+ 0 AR Y 25 18] R R B 2 AR 2= MR ME, 1E LT
AR R FR T, B EFRT T 2 ¥ B bR 880
B S Ep A B TR B B vk X 2 ROEE B AR R
W,

3) Wise-ToU 461 4k iR %L

YOLOvIIn B4R & H T YOLO &5 — 5T |
B, EEH C-ToU 5731 /E 4 Box Loss %L, C-ToU &
THE AR R R T 3 FHHE v s 22 R A BE B, T B
IR T AN ES XL RS KN, @B T —4
A L I, of A i O 0 FHHE 5 R 90 FAE 22 (RO L
WS AGIE B . T B A L i FHE B8 2K pR B, C-ToU i
AT B REAE BN ML BB I 2 8O0 1 B R R AR
B, BRI 7E B B AL A 09 52 bR N A R 8 v, R A 0 U 2
B AR 32 B2 2 S BRAR K 32 S AT L B AR G B L
BR /N B A5 55 B R 52 W, A7 0E i 22 AR R B X 4 i
R, R RepViT FHAE 42 BUM 46 Al LA-CBAM #Hfy
A R T AT Y T DL B H bR A I O T Y B
o 0 8 7 AR BT A AR 72 A B S R R B TR K AR R ) R AT
223 i FRIY BT P, TR S X R AE 2 ST PR A TR, S BUE
T WSS B AR TR ) 45 s

BT TR AR, AR SC R B T Wise-ToU [l 15
P o Bk H FHASE Y (14 32 A0 RE ) I B v 0 S B, Wise-
ToU J& 2813 Be st A9 20 JF A [l U3 483 2 o 40, A 0 JEL I8 il 22
Bl 25 TR BB B A G L SR AN [R) 5 o R o Gk AR Y T
7 AR T 0 A o T AR S8 ToU #8236 T BE AR R 4 R F £
[EIE e

£ YOLO Bk, — Bl i A AEE S B, =[x,
vewsh o HHLRBDAERE LN B, =[xy V> wys
hyJe

wh
loU =0 +wah, )
Ly =1—1TIoU (6)
(z—x2,)'+ &y —y,)°
Ryiv = eXp( & - i Y Y ) 7

(W2 +H)

Ly = Rwiw Liw €))

Wise-ToU™ 5 A BE A 48 8 50 R, » 24 T 300 57 AE
LI FAE A RLFI s Ry € [10e) s S84 58 10
FRER) ToU 512k , v JoBE 000 321 S AE Y ToU 451 2R 8/0N L A
SRS EERZ R . 2 ToU BARMS s Ry € Les + 000, i
AW AR S 2 2T K A ML . 3 3l 25 T AL
T LA s 00 1 B B

Lytars = 7 * Lwivn (€D

Hrp, Wise-IoUv3 # lb T Wise-IoUv1, ¥ B &£ HLA L
i HEAT O AR BRI S A . S5 ToU 4 2 B %L
FLEAR L Wise-ToU AT L3l 285 3 % 45> Y A AR 047 0 2%
FRAE VA B XF T AR XS BT B AR I H AR R AR LR R
B0 AR T X3 B AGI FBR A S TE L X A R TR M A
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XA B T8 R T 4 b A > PRI A B B . DA T BR AR T 4 Y
KELR . Wise-ToUv3 H B BEE 5 1E 0 1) & o 3% B8 1% i
It BV e BT I T R R BT DU TR 4 N R I R B G A
0N o A BT A S R R R R AR . B R RL LR
L (10), 0P .
Ly

B:L“"e[o,+oo] (10)

ToU

1‘:3675 (11D
[04

K. Lo HEINEHMN U HIRYIE. 6 fla HHSH,
Witk r=1H g=0.

YOLOv11n B9 163t 5k s % C-ToU il a3 24T 55 i1k
GENL A ZE R A7) S8 T A 300 B AR I, A 5
TR HLE] 7E B X 52 2 3 Be i AR 7E — S8R . 7E4E C-ToU
B Wise-ToU Ji » 37 10 30 586 1 43 Bt 5% w32 T 7 A% Y
7 Ak PR ST ek R A B A e L O b R R Y i S5k
B2 [ B B v T ARG B R ) R A B S R A B AR
R 45 5 s R R T .

2 SRR

2.1 HIE&E

2 S B9 B0E 52 £ 3 DL VisDrone2019 £ 4E 0 3=,
[F) B0, 7 R O 3T 5 T T 2 - = HH 95 [ B R AT 5 e B
% ( Karlsruhe
technological institute dataset, KITTD $t ¥ % #1477 &
PP MR . VisDrone2019 $U4R4E L35 5 177 sk I Z: 1A
Foo1 725 SRR A DA R 1 725 SRISTER F . TG BSR4
BERLL 1 280X 720 24 L #G5 HEFE N 1920 X1 080,
WETNATERE . RES . I LR E P iE 4
FAFMRER CRMEEREN =, LPH/NERML
HArdi T 65% L4 1, AT LA /& 76 52 22 9 58 T 16 E A5 K 4T
% o KUTTI 040 42 1 2 A% 8 i it A7 B3 o 4R L 2 =i
U AT 55 BNAG I A s S el . B &£ S H RGB M
PLRE A PEREE R 1 242X 375, it KB B b £, H
5 23 % 3B SRR REAS , v LIRS HL AR A B8 3h o B2 P 1
BRI AR, A SO T = — 3o B 4, e 4 489 3K
YIERIE F 1 496 SRR & A .1 496 SREIEE A . 5 ek
Rld & Z RS B AR . A SO i sk Bk R A KITTI
LG/ Sl R AT = R L NN = B S e = R N RS IE i
FE L DL R L Stk R T E AR Y 0 s L R
VisDrone £ 42 , 30 UE BC#E 50 % /0 H Ands il 25 4% H
T 5 T ORI RE ), 1 Bl HL B LA AN AR B A TR B v S
H A U IR BE 3 25 B 9 48 T R TR I SR R S Sz Ak
L A NI = 7 N7 6 N R e = A T MO N B
640X 640 BYHi AGE— 43 FE A, W] DL S 0 o A U2k A2 B DL I
G T A A4 FE AR /N H AR R 0 B R A A 1) R, B 0k T
By i ARG 4 PSR 3 SO AL GFLOPs |k 11 4 3
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BT R IR,
2.2 EWINEMIFGIER

IDE N 78

AW LR M EAE & %4 Ubuntu 22. 04 355, CPU ik
I AMD #i 8 97945HX., 32 G W ££, GPU % | NVIDIA
GeForce RTX 4060 B4, BAFH 8 G, #AF L IR E ¥
JHEHL IR A A Pytorch 2. 7.0, #5 Bt CUDA 12. 8 Jffifi
cuDNN HEAT . 4 #2 i 5 4 Python 3. 10, SEHZ#
R R 300 %, LI K/ (batch size) A 16, 5 A F{%
G5 — S 640X 6405 W HR 24 2T N 0. 01, YN 5k Bk % Bl
HLES BE N F% B (stochastic gradient descent, SGD) I 1k
B

2) VAL R AR

B AR DU 19 34 38 A5 — A% i 7 385 B (mean average
precision, mAP) ME#M E (precision) . & [ (recall) 3 &
B, X TR AL S b R LR TR IE AE
B/ R U (giga floating-point operations per second,
GFLOPs) #1Z B8t £ (parameters) 1E N IF A 8 bR, A Bl
A6 A 00 S B ey 4 B0 i >R (frames per second, FPS)/E N
HrAabr .

R AT AN (12 LA PR .

1
AP:JP(R)dR (12)
mAP = iZ)AP, (13)
-

Hor AP 3RR P 2585 3l 5 v ) B R A [ R OR

. AP, WZRE i % AR S8
TP
P=Tp=Fp a0
TP )
R=TpTFN (15)

P AR A (14), (15) SR A5, b, E A Corue
positive, TP) & 75 # A4 1F & & U 2 19 B 45 £ &, & M1
(false positive, FP) & 7~ B B 55 12 46 0 21 1) B bR 8=, IR B
P (false negative, FN) 3 7 8 B =Rk Ky M 2] (9 L 52 H 4R
Hoht,

Params = ZC”, XC,u XK, XK, (16)

FLOPs = ».2XCy X Cou X Koy X K, XW,, X H,.

an

S Params FIVE BB R EH R (16) . (17K,
He,C, fC,, 10 A BB LB K, K,
6 8RR T8 R B LWL, B H,, R R R AE P B E
.
2.3 EIEHER

D14 Al 5L 58

AL EZLL YOLOvIIn fE N FE U5k Xz Bk ik A7
Pk, S T IR AE A AR R X YOLO 5 35 (9 ok 5 , 48 7 314
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Table 1 Results of ablation experiment

RepViT LA-CBAM  Wise-loU mAP50/% P/% R/% FPS  GFLOPs Params/M  Model Size/ MB
33.4 44.6  33.3 245 6.3 2.58 5. 20
Vv 33.7 44.1 32.8 266 5.5 2.23 4.60
v 36. 3 47.7  36.1 240 6.7 2.59 5.22
v 35. 4 46.8  36.3 245 6.3 2.58 5.20
Vv v 35. 2 45.3  34.2 260 6.0 2.25 4.70
Vv v Vv 38.4 48.3  36.6 260 6.1 2.24 4.70

SEEy h S YOLOvIIn #F 47 I 45, 3k o 45
YOLOv11ln i) mAP by 33. 4% . KRNy 44. 6%, 7 IF N
33.3%,FPS 2}y 245,6. 3 GFLOPs, 2388 X 2. 58 M, Hi Al
K/NK 5.2 MB, JiH RN 66.7%, IR K R 55.4% ., i
RepViT F£T ML YOLOvI 1n A5 50 o (%) R 1iF 45 B 2%
J& s RepViT #LHGHE 1T 2544 T S Bk > T TUR S50 AT
iR R AL . GFLOPs M 6.3 ARSI T 5.5, 5080
2.58 W/ B] T 2. 23, ALK /NI /NS T 4. 6 MB,FPS 1
HIME]T 266, A IR RET 0. 5%, [ s B T
mAP50 $888 0. 3% M L FF. BRAE T RepViT &+ W4 M4
FIRA B RFAE 48 B 48 R A SE B0 T AR A R e D AR
TR I R A AR S B . K 7E RepViT
I LA-CBAM 55 5 o 3 Jin 23 6] $54iF 19 72 /1, CBAM #52$
WIS B 2128 300~500, NS BRI T 25 0.1%~0. 2%,
BRSNS T 1% K, B2 mAPS0 BT LA AN 2. 9%, i@t 5]

A LA-CBAM, ¢ J5 A R i LAtk Bt/ T R A R b A5 8
FRAMRAFE M B T 45 %) 22 RUBE H A A AG D 1 i
AL T B XF /N B BR AGEE S E AR 0% s e n) R e A 2R AR
T 3% RR RN T 2.4% . &5 YOLOvlln TP i C-
ToU 4t i T Wise-ToU , 5 2k bR B 5 40 R 23 52 1 A58 700 25
o, R T N A TR0 S B0 A B S AR e T X P AR 5
BTG AN 321 FAE R AL IR A A DS R T T 2%, S
HE X T IR BN T 3. 5% iR R T 4.5%., i
ot A 2 AR P R G A e W A R R A
IR Z (8 3K BT AR A T 330 AR 482 v T A RS
T3 T B S LA Y A0 ER g

2) %} S

T EAE YOLOv In B35 M BGHBOR A S0 ot
BIES R YOLOvVT B Ath 2 U 58 A8 0 50 7% 346 47 X6 BE 52
B g5 RN 2 Fiw .

F2 MHIHER

Table 2 Comparison of experimental results

il mAP50/ % R/% P/% Params/M GFLOPs FPS
2R S B 38.4 36. 6 48.3 2.24 6.1 260
YOLOv10n 33.3 31.7 41.9 3.10 6.8 177
YOLOv8n 32.6 31.1 41.0 6.01 8.1 291
YOLOv7tiny 31.5 30. 5 10. 3 6. 20 7.5 280
YOLOv6 30. 4 29.0 38.2 9.71 9.6 176
SSD 27.8 26.5 35.0 5. 40 2.6 171
Faster-RCNN 36.0 35. 3 16.5 41. 00 207. 0 20
RT-DETR 38.5 36. 8 17.5 18.70 14.2 95

HR ) S B A5 1 L Bl A9 SR 7E mAP )2 38.4%,
B % T Re-DETR #Y 38.5%. fH & Atk T YOLOv10n,
YOLOv8n.SSD 8 ik Z I 1R £, 76 B 8 S 40 it fit 58 i
b R SSD B 5.4 M LB E D R R B ik
HEJ5 B Mt 3R s HL A AR A P

£ HE R YOLOvIIn-RLW AH#: T A 8, R
NBBRBA R T 20% ZE 4 W BEAR T R 10U ZEA B
GFLOPs , 3R 3k K 08 8k T %8008 (8 A 755K, S itk

i) B 2 483 1) o % 43 98 L FPS 3k 21 260, 76 3 % 7 1t
T A A R AR 2, 0k A T R S A AE Tl i B
Ak 2L B BRGS0 IR 0 T4 TR P AT LR R A
B TT 4y B, 3T BT L RIES 9 v 09 B A A I K
HLA A, YOLOvIIn-RLW 3 i i/ 2 80 5 AR 1 19
IR T TAS S R L ik A B A5 DL — 8 H AR iR B 5t
Lep HA B A S 558 A BB 7, 48 Tl N FH AR R T T
R SR B B I

o 241 »



949 B 2 F o

T # K

3) SLE 2 AT

mE 5 B £ R YOLOvIIn # gk ik 2 s 43 51 %
VisDrone ZUE5E RS TACRIE . HHEZ T Bl Rk xd AR
RT3 A T B W1 0 PR3 SR R YOLO M4 B K g
RISy BT W ZE 50 AT NG (AR X 28 H bR i N 45 R B
{5 BB 80 0. 3~0. 551l HXF T —28 /N HAR, fl a0 @ 17
L ERTEEIETE R AT R WA 5 TR 7E 58

0000026_Céér_d.§d£ar 07.24j
Conois

A~

igamumpeaestrian 0.7
-Aar NS %gr 09

pedestrian 0.5
S

car0.9
-~

=T OT0r U. 5

|
ar 0.89—n=r N R— -
OCYI28" 01(car 0.80000026 jpg|
gar0g car ”é" e )
rar().9 caP%..%S}Q%”mOt?r
car 0.8-*smcar ().8_ e
car 0.8 gar0:8 van 0.9
car0.8

0000023_00868_d_0000010./68

pedestrian 0.37/

_-pedestrian 0.3n 0.8
motor 0.33 g
s e

pedestrian 0.40:6°

(a) YOLOV1 lnﬁ&/b‘aﬁﬁ;‘ﬂm;ﬁ (b) YOLOV 1 Inf 5 R4 4G 910 25 SR

(a) The small target etection effect of
the YOLOvI 1n algorithm

(b) The occlusion target etection

E&lpedestrian 0.3]

toedestrian

effect of the YOLOv11n algorithm  (¢) The small target etection effect of

IR IREE A8 5 e A BR A o (9 A 2L i 1 (A L1
AR AR R, A 5 () BT o 10 38 ek o4 3 AR AT i 1 4
28 DL KNS 1 AN TR RO Rl e A A I 245 T LUK S B H A
CHARANAT N 45D 1 R 0 B A5 S 5 42 1 % 0.6 ~ 0.9, 2
Kl 5Co B /N AR PTG 50 0, ELIREAR T — 28 H AR Y %
KB g e 5CD s . JEHUZ S0 e 5t XS H AR
e AT AE ) B L LA B AR A S I

0000026_[6‘3}-0-_8:‘_‘:3'. 0724]
car0.8 . |

[pedestrian 0.3
nadlictrian N R
—llnadactrian 0 4

pedestrian 0.3}

v
pedt. suian v.u
i

pedestrian 0.6
(opedestrian 0.4 MEM00025.jp

snagamumpeaestrian 0.7

8 of :
wmmcary - car 0.8 Ilnadastri
pedestrian 0.5 z=p o E?people 03" &

-d SRR
=) i - tricycle 0.3
car0.8 (i W f /

car 0.8 =l 08
Ocka 28701 (%2 n'@Dg00026 jd
car 0.8 e
car(.9
car 0.8~ s car [).8‘“‘@"
car0.9 B2R0.8 van 0.9:
car0.8
car().8 C
pedestrian 0.4 0% ‘ =

(¢) YOLOVI ln-RLWﬁ#‘JJ‘ H#x (d) YOLOV1 In-RL W B 24
H AR 2 R

LioRlIlB &S
(d) The occlusion target etection
effect of Y OLOVI In-RLW

0000023_00868_d_CAnandn :
¥ — —gpedestrian

YOLOvVIIn-RLW

Bl 5 YOLOvlln #l YOLOv11n-RLW 7E VisDrone 354 £ o I 25 5% %F 1 B

Fig. 5

KITTT $c4fn 4 b ek Bk i R ORI gl 6 FoR . %
WCHESE I R A B BN R RUEE F AR 9 & FhRRAE . e B
TR E B Y b RS B 6 ()RR REEE
JEN 0.9 BRAER 6(b)imab /N T NEFE N 0. 3,58
S 1A T 24 B filg X X 26 B B HE AT o 0 RN 5 8 . R4

(a) KR~ HARK SRR
(a) Large-scale object detection performance

() BRERGF T HArRRUBR

(c) Target detection performance in complex background scenarios

Comparison of the detection effects of YOLOv1In and YOLOvI1n-RLW in the VisDrone dataset

EHTARRS W ER2ST, EE A& R R s
— BB 5 L AR A 2R 0 R U A B AN P A B B L 1R
P 6 Co) il 15 B2 R 0. 9 MVRZE , AT LAVERA 1) IX 43 AR [
RS B AR T R A I AE O & A . NIET 6 (d) T LU HI AR
LA TR DUAE Y 0 A F2 B LR car0. 6 ~car0. 9 R 41, B3k
J5 WAL AE B A M R P A T AR R 4R & .

O‘3Pecppedestrian 0.
car'L sty

(b) MRS H s SRR

(b) Small-scale object detection performance

=

(d) Z HiRE B R T HIRR R

(d) Object detection performance in multi-objective overlapping scenes

Bl 6 KITTTHfm 5 6 I AR 1
Fig. 6 The detection effect of the KITTI dataset

. 242 -



B F.EALEANZINS B AFERk

G

A SCEE T HLER N Tk B A3 5T 0 2 ROBE B b s T
PEREFF SR, 32 4 T YOLOvlln (920353 YOLOvlln-
RLW. @5 A RepViT E£ T M4 LA-CBAM & i #l
il B Wise-ToU i 2% oA i, 5280 T K5 B 5 20K 19 °F .
RepViT A5 53 o) 25 74 B S 4010 + VR BE 7T 43 B 46 A0 45458
RIS R & 2. 24 MOR R MFEAR 13.6%) , GFLOPs
FAAR 12. 7 % B BE R TF 2 260 fps, i 2 A 2035 & 52
P 3K s LA-CBAM ¥ & JI ML #E VisDrone 805 48 (5
65%/INE b)) Bl mAP50 $2 Tt 2. 9%, KR $ & T X 85 4
WP E AR T RE ST, IR R NIRRT 18% 5 Wise-IoU #it &
PRESGE S 2 A5 A 43 T AR, i1 RAE R R 22980 1005,
TE KITTI B4 48 52 2 38 8% 3 % b i ks 32 AR 22 00 5 Bcatk
BETE RTX 4060 FA353] 38. 4% mAP50, b YOLOv8n
PT 5. 8%, HAERE FF AL T RT-DETR £ F i #5480, al LU
THEPLAR N 8 B R R BN A 5. B BT E R R
RAETE— B AN JE 2Z A - B0 T %o M v o R S e e e
M AEE L B UE ; B3 B AR B B AW T MR 1R B e e R
PE KR EIT R TAR R & SRS BRI A& &
I BRI N B R s plds A B £ LA
REPE, MM 25 Tolk 4. 0 BR5% BL A9 9 56 8 41k 45 T Sy 4> 1w 4k
) SCFERS it .

S % 3Lk
[1] QUACH L D, QUOC K N, QUYNH A N, et al.
Tomato  health  monitoring  system: Tomato

classification, detection, and counting system based on
YOLOv8 model with explainable MobileNet models
using Grad-CAM + + [[J]. IEEE Access, 2024, 12
9719-9737.

[2] ook 3T ROS W HE A [ F ML NT &1
59 BID]. At KA, 2015,
SHE Y B. The
interactive autonomous navigation robot platform based
on ROS[D]. Nanjing: Nanjing University, 2015,

[3] SHEN L Y. LANG B H., SONG ZH X. DS
YOLOv8-based object detection method for remote

IEEE Access, 2023, 11:

design and implementation of

images [ J J.
125122-125137.
[4] JYOTHI D N, REDDY G H, PRASHANTH B, et al.

Collaborative

sensing

training of object detection and re-
identification in multi-object tracking using YOLOvS[ C].
2024 International Conference on Computing and Data
Science(ICCDS), 2024 . 1-6.

(5] 3R, TR 3Tt YOLOVS & 243 5 £ H s
L), A 7R, 2022,45(23) :82-90.

QIANG D, WANG ZH G. Improved YOLOv5

(6]

[7]

(8]

[9]

[10]

[11]

[12]

[13]

complex scene multi-target detection[]J]. Electronic
Measurement Technology, 2022,45(23) :82-90.

MR AE T SR AR BOHE YOLOVT 1Y 5% 3 %
GBI R kLT E AL TR 5 8. 2024,
60(1):96-103.

DU J., CUISH H, JIN M J, et al. Improved complex
road scene object detection algorithm of YOLOv7[J].
Computer Engineering and Applications, 2024,60(1) :
96-103.

I Ty BT AL LT ATO-YOLO 1/ H bk
WAL LT S HL TR 5 R . 2024,60(6) - 68-77.

SU J, QIN Y CH, JIA Z, et al. Small object detection
algorithm based on ATO-YOLO [ ]].
Engineering and Applications, 2024,60(6) :68-77.

WA AW AP T YOLOVSs Bt/ H 5
M), L T, 2024,54(4) :857-870.,

LEI B J, YU AO, YU K. Small object detection
algorithm based on improved YOLOv8s[J]. Radio
Engineering, 2024,54(4) :857-870.

WA 22 B ARG, 25 Bt YOLOVT (9 A 32 3 [
PREI S (1], 3SR AL TR 5 A, 2024, 60 (11)
165-172.

HU M, JIANG L, TAO Y F, et al. Improved YOLOv7
automatic driving object detection algorithm[J]. Computer
Engineering and Applications, 2024,60(11) :165-172.

WANG AO, CHEN H, LIN Z J, et al
Revisiting mobile CNNs from vit perspective [ CJ.
IEEE/CVFE Conference
Pattern Recognition, 2024: 15909-15920.

Vi PE R L 0 2, % RepViTS-YOLOX: /K T B2 K
KBRS H bR A O 77 w2k (1], TH 5L TR 5 0 A, 2024,
60(13):200-208.

TAO Y, ZHU T, ZHONG B Q, et al. RepViTS-
YOLOX: Underwater blurred and occluded target
detection method [ ] ].
Applications, 2024,60(13):200-208.

FJRM SR A SR L 58 BT RT-DETR Ak [H] 73
JREI T7 (7], Mol B2, 2025,61(6) : 25-37.

WU CH X, ZHANG D Y, ZHANG L X, et al
Detection method of pinecones in the forest based on
RT-DETR[]J]. Scientia Silvae Sinicae, 2025,61(6):
25-37.

NGB IR R TREASEE LR
AR BR B AL NS ARSI LT 1. vt e 2 4l (A
SREBFE RO (R 3K 30,2026, 65(1) 1 13-22.

YUAN X F, LI P, SUN R W, et al
removal robots real-time object detection based on

Acta

Computer

Repvit:

on Computer Vision and

Computer Engineering and

Ship paint-

lightweight and attention mechanism [ J J.

o 243



549 % B F om % % K
Scientiarum  Naturalium Universitatis Sunyatseni, [21] Festdy . %A . & &N, 45, 3T 2 HAs b i THlk AL
2026,65(1) :13-22. L UNIA- SR Eo kS R NN S S o
[14] ZHANG L J, FANG J J, LIU Y X, et al. CR- 2023,44(12) :217-224.
YOLOv8: Multiscale object detection in traffic sign QIAO GF, JIANG XY, GAO CH H, et al. Method for
images[ J]. IEEE Access, 2023, 12: 219-228. improving position and attitude accuracy of industrial
[15] MA S ZH, LU H M, LIU J, et al. LAYN: robots based on multi-objective optimization[ J]. Chinese
Lightweight multi-scale attention YOLOv8 network Journal of Scientific Instrument, 2023, 44 (12):
for small object detection[J]. IEEE Access, 2024, 217-224.
12 29294-29307. [22] BRoyte. B AP, L4k, %, JF YOLO-MCSL #y % &
[16] SAFALDIN M. ZAGHDEN N, MEJDOUB M. An P68 Rl PO BE R IR BRI F AR K DN J7 3k [T ). A3 (R 22
improved YOLOVS to detect moving objects[J]. IEEE % ,2025,46(8):108-119.
Access, 2024, 12: 59782-59806. CHEN F B, ZHAO ZH Y, WANG ], et al. A
[17] LOU H T, DUAN X H, GUO J M, et al. DC- lightweight thermal defect detection method for smart
YOLOvS8: Small-size object detection algorithm based electricity meters based on YOLO-MCSL[J]. Chinese
on camera sensor| J ]. Electronics, 2023, 12(10): 2323. Journal of Scientific Instrument, 2025, 46 (8):
(18] ATBL, AR, SR , 47 26 F it YOLOv8n B AN [ 108-119.
AT @A BRI Rl TR, (23] ARAT W ERBELBRT. BG St YOLO i S 43 & 0
2025,41(5) :145-155. PEEAR U7 3 ()0, 7 05 308 22 ). 2024,
REN R, SUN H X. ZHANG SH J, et al 38(12) :190-201.
Lightweight detection method for ' Yuluxiang' pear LIN ZH, PAN H L. CHEN D. Grasp method for
under different cultivation modes based on improved occlusion method by fusing improved YOLO with
YOLOv8n[J]. Transactions of the Chinese Society of semantic segmentation [ J ]. Journal of Electronic
Agricultural Engineering, 2025,41(5) :145-155. Measurement and Instrumentation, 2024, 38 (12).
[19] ZAMRIF N M., GUANWAN T S, YUSOFF S H, 190-201.
et al. Enhanced small drone detection using optimized 1EE®
YOLOv8 with attention mechanisms [ J ]. IEEE e R S = A S ol 0 T e e = [ R 0 1 Sy s M T )
Access, 2024, 12: 90629-90643. HLES A Bl
[20] KHOW ZJ, TAN Y F, KARIM H A, ct al. Improved  E-mail; xmee@ bistu, edu, cn

YOLOvV8 model for a comprehensive approach to object
IEEE Access,

detection and distance estimation [ J].

2024, 12 63754-63767.

244 -

vl

ERMCBEFIEE) B LTI A, ZETF 5 1k R

o

E-mail:2023020452@ bistu. edu. cn



