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Abstract: To address the issues of low automation, insufficient detection accuracy, and difficulty in deploying
on mobile devices due to large parameter counts in current cone recycling devices, this paper proposes a
lightweight recognition algorithm named RGLU-YOLOv11ln based on an improved YOLOv1In. First,
RepConv and TransNet’s CGLU (Convolutional Gated Linear Unit) are integrated to reconstruct the
C3K2 module, reducing model complexity and improving detection speed. Second, Ghost convolution
and adaptive downsampling (ADown) are introduced to design a lightweight Ghost-ADown module,

which notably reduces computational redundancy during downsampling while preserving feature richness.
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Third, a Lightweight Shared Convolutional Detection (LSCD) head, is introduced to achieve model
lightweighting while maintaining detection accuracy, making the model more suitable for deployment
on resource-constrained edge devices. Finally, to address the issues of weak generalization and slow
convergence of the CloU loss function during detection, Focaler-loU and MPDIoU are introduced to
design a Focaler-MPDIoU loss function, replacing the original loss function to improve model accuracy
and accelerate bounding box regression. Experimental results show that compared with the baseline
YOLOv11n model, the proposed model achieves improvements of 1. 1%, 1.4% and 1. 6% in precision,
recall and mAP@Q. 5, respectively, while reducing parameters and model size by 35.3% and 41.5%,
respectively. These results demonstrate that the proposed model maintains high recognition accuracy while

significantly reducing network computational load, meeting the deployment requirements for mobile and

embedded devices.
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Tab.2 Experimental parameter settings

Experimental parameters Parameter values

Initial LR 0.01
Epoch 200
Weight decay 0.000 5
Batch size 16
Optimizer SGD

Hardware configuration Parameters
CPU 12th Inter(R)Core('TM)i5-
12600KF
GPU NVIDIA GeForce RTX 4060
CUDA 11.6
RAM 32GB
Development environment Pytorchl. 13. 1+ Python3. 8
Operating system Windows 10

5.2 MEEEITEMIER

R VEAA I VERE A SCEEE T B AR AT 55 v
W B FE AR  F XK B {E (mean Average Precision,
mAP) BB 2 8 & (Parameters) 7% S it A &
(Floating Point of Operations, Fl.ops) S 55 & £7 fif
K (Model Size) . H 1 :mAP@50 £ 7R 28 3 [
(ToU) BIAE 2 0. 5 I (Y ~F- 2445 B8 5 2 %50 i 4 B AL
mrAE TN GES BB NGRS EREERAT



%5 1 ZE

B Tt YOLOv ] In B8 4% B A0 4 127 1 51 4 ks 667

J A R 1) T 5352 2% B8 5 TR A7 i A RRLU X 7 i
F- 2 5000 T 0 L 25 8 RS BE S A R T
/AW I

Recall 1P X 100% (7)
ecal = —F—— ,
TP + FN !
TP
Pl’@CiSiOl’l:mx 100% 5 (8)
1
AP:J P(r)dr, (9)
0
>AP,
mAP="~"1— | (10)
n

A H: TP(True Positive) S 1E i H Fx #0000 Sk 1 #
H#r i %, FP (False Positive) A #515% H x #l
MIE G B B 0 8, FN (False Negative) by 1E B
H A i A 5 B br i 5
5.3 C3K2-RC#EHiH B LI

Ry 1 3 RGO B A ) C3K2 B B lg ik 7 2,
S35 C3K2-RC LB X 321 9 2% (Backbone) |

3 R0 45 (Head ) Fl RS {K 19 25 (1) C3K2 15 He i 47
B AT SRR 3R

P 5% 3 K080 AT 0, A5 ] P AR 3 9 46 R Sk
W 2% 11 C3K2 AR e J5 , 455 78 2 B4 bk A Eb H: At 795 b
74 BIBRAR T 0. 14 X 10°F1 0. 18 X 10°, BT 47 %
R 0.4 MB; 55 4R YOLOvIIn M L, i%
Ti 5 40 FA R A AR B 3 ) s 20 0. 41 X 10°
0. 8M, KB F AT+ 0. 1%, B IR FFF0.9%,
mAP@O0. 5 FF£0. 8%, Ak EZE KT C3K2-RC
B He 0t 4% 58 4 TR A 1 B AR5 A, i1 Bk
FH & B0 B B CGLU L R #fE B A gl &
() RepConv, K W&/ T % B SR 5118 2 .
RepConv 1) 3 45 3 ## A 1 BatchNorm £ 4% 18 5%
THER EBNZEWN G EE/ Nt E SR E Y
SN ATREAN AR E S BUE L AL A S AR RUE FR
PR 2 . 45 b, R I & 3 Backbone 1 Head 7E
ANAEHE S ZAE R AT T B T Rk, R R
b5 0KG B A 08 e A T %

&3 C3K2-RCHERHRSE
Tab.3 Ablation experiment of C3K2-RC module

Network structure Params/10° Model size/MB Precision/ % Recall/ % mAP@0. 5/ %
YOLOvlln 2.58 5.3 94.2 90.1 92.7
Backbone 2. 31 4.9 94.5 88.7 92.5
Head 2.35 4.9 93.7 88.2 92.2
Backbone+ Head 2.17 4.5 94.3 89.2 91.9

5.4 G-ADowniEHH R LI
85 GE G-ADown #5878 B AR 5 AR A 2
B 5 B AR, UL & G-ADown #E B 43 il 8
Backbone , Head . Backbone+Head H* 1) ¥ BE , &
TH T ST Rl SE g LI A5 R AR 4 PR .
OS2 56 £ P8 7T 0, G-ADown £ 3 [7] i) 48
FAE 32 I 285 1 250358 ) 265 i, 2 500 S R R A 6

B E 4R YOLOv1n 43 31 38 /0 0. 52X 1051
1.0 MB, K5 R T+ 0. 6% F mI T+ 0.3% .
SRS B B E R TF 0.2% . Rl I) % R B il A
Ghost & B 5 [ 3@ N T >R B 50, 3l 1o 2k 1728
A B TU A R AE Bk 3 5 &L LA CFE ADown -
Yt Ak 5 $5 Rt Ak I A7 Ak B 7 S AR R R AR
A%, DT FE BRI 2 8000 A RN 25 0 0 2 M Y

#&4 G-ADownEREFLLIE
Tab.4 Ablation experiment of G-ADown module

Network structure Params/10° Model size/MB Precision/ % Recall/ % mAP@O0. 5/ %
YOLOv1ln 2.58 5.3 94.2 90. 1 92.7
ADown 2.18 4.8 95.2 91.3 93.2
Backbone 2.33 4.6 95.4 89.3 92.3
Head 2.20 4.5 94.6 89.4 91.4
Backbone+Head 2.06 4.3 94.8 90.4 92.9
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) B, A S B T RRAE TR i G BRAE E . Rt
VLS A IF K M RE e ik i R DU 05 O H AR,
A HF Y ¥ B G-ADown 1 e [7) B 42 B 7E 3= T
A 6% 0 200355 0 2%, i A M S A TR 0 RS S R
AU AL, AU T R 4G YOLOvLIn B i
F4 AL KGR T EL S B T T B R R iR R
SR .

5.5 AEM#EAENERIE

bk — P C3K2-RC .G-ADown , Detect-
LSCD M Focaler-MPDIoU U Fi g ik 77 4 i A5 154
PEBE B9 42 TF , AR ST L YOLOvV1 1n Jy JE 7 # Al
(REO) I T 104 Rl S5, & 76 Al 25 411
TE 52 J% 08 6 b s B XHAE R B bR 09 20 S AR 5 P
[vi) 358 3 R S B R N ER 5 TR .

x5 AREHHFEHHMEIRBER

Tab.5 Results of ablation experiment of different improved methods

Model C3K2-RC G-ADown Detect-1.SCD Focaler- Pammy Model size/ Precision/ % Recall’s mAP@0.5%
MPDIoU X 10° MB
©) X X X 2.58 5.3 94.2 90.1 92.7
@) N X X X 2.17 4.5 94.5 89.2 91.9
® X N X X 2.06 4.3 94.8 90. 4 92.9
@ X X NG X 2.43 4.6 94.4 89.5 92.1
® X X X N 2.58 5.3 94.6 90. 8 92.9
© N/ NG X X 1.78 3.5 95.2 91.2 93. 4
@ X N N, X 2. 04 3.6 94.9 90.8 92.8
® N X N/ X 2.00 3.9 94.1 89.0 92.4
N, NG N, X 1.67 3.1 94.7 91.3 93.8
® N N N/ NG 1.67 3.1 95.3 91.5 94.3

T 5B AT & B i AN [ A e 2 g
B (1 153 5 DA e S 800 R AIG, (H A B R Ak
RS A A . C3K2-RC HE He ] [ 455 15 84 77 i
PR A B F B BN 29 G5 1 dk 7E /N4 o ok & 2
W Rl RE R R e, S E0HE B LA R SR
GRS R 2 & R R R FH R . Ghost-ADown
Bbe BLA RAF 9T P, R W] Ghost 51 5 A i
PR SR BE Y 25 A A AR T 5 Y TR B 3 RE AT Rk
T B R AR P b i G B MF B IR ISR S ORE .
Detect-LSCD 4l 3k >R F 2 0t =2 B 1] 4 46 DU
2 i & & /0, Focaler-MPDIoU ¥ & ¢ 5 W) a]
eSS 0 B G o G T ME L IX 20 B H B L 7S T B
HNEE IS BT 4 R AR

Z L g i C3K2-RC 5 Ghost-ADown
WA O©RM, FRAE R BB S 5 T SRR B 1) B R
e A ] e AL S AR RCR . Ghost-ADown 5
Detect-LSCD 414 @4 L YOLOvV1 In 28 i %
fi% 0. 54X 10°, fH i 2 . A [l % K& mAP@O. 5
AR B, B, B E SR SRR RS I Sk 11 e

AR B = R AE B SR ALE] 7T AR T BURRIE (R B R
I M FRARAG M & S . C3K2-RC 5 Detect-LSCD 41
A @ & T 5 b 8 BE R AL 8 4 ST (A ] R L
L mAP@O. 5K TG © , vd WA 3k 4% 5 1k 2
5 X5 I R AE B AR ) DE A e R AR .
C3K2-RC.Ghost-ADown #il Detect-LSCD #H & @
FUAT AL TR HAE REAR 45 B R SR A R Sk 1%
TH5 TH ) P R 0ON

SRR AR T RGLU-YOLOv11In@7E 41
HEOQRFERE L, #F— @A T Focaler-MPDIoU
PG eREL . SR RS TR A A A FRUAH L B o A
RIRFEAR T 35. 3% (41, 5% A5 o % 44 o] A
ARG BE S R T 1 1% 1. 7% 1. 4%, 44
B0 A BL D[R] 52 47, 76 DR AR 1Y 4% 6 4k 1 )
B, B S 2 BT T 1R E AR A DU M R L S RE T 2
GBI % P S ARG N v B ) XU oK
5.6 AS[E)¥5 5k o E 3T AR B B R

T ek CloU #512Kk oR BT S TN B2z A 14 55 A
W 455 B 48 1 ) 252, 51 A Focaler-ToU #l MPDIoU,
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%11 Focaler-MPDIoU 5 % p& 80 82X A AL AL 11
P 2 oR I, DA B AR RS B O R 1 R HE 1] 9
R . O I IR Ok bR B A AU L fF Focaler-
MPDIoU 5 EloU , SToU , DIoU % = i 4t 2% b8 %4
HEAT X B S5, 45 R a3k 6 TR .
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Tab. 6 Comparison of the results of different loss functions

Loss Precision/ % Recall/ % mAP@O0.5/%
EloU 92.3 89.3 91.9
SloU 93.8 90.1 93.2
DIoU 94.7 88.0 92.1
ShapeloU 94.2 87.9 92.9
Focaler-GIoU 94.1 90.9 92.7
Focaler-MPDIoU 95.3 91.5 94.3

FH 52 56 45 B 0T A1, Focaler-MPDIoU fE fir 5
6 b b B0 T At 45 Ok oR B RS B IR B 95. 3%,
Ak # 91.5%, mAP@O. 535 5] 94. 3%, #
DIoU 43l #2 7+ T 0. 6% .3. 5% Fi1 2. 2% , % SloU
AR IT 1.5% 1. 4% F1. 1%, % L, Focaler-
MPDIoU 3 i e Jii £ 55 AL il % X A A< 74 20 25 4
W RS B, R T SToU A
F 1) 22 18 1 T 0] AT, AT ol A 7R BT o 2 v 3L
Mol .
5.7 AREEPITEE XL

W UE B I B9 RGLU-YOLOv1 1 51 %) 4
e ARG 4 A 5t L BB Faster R-CNN L, YOLOvV5n,
YOLOvV8n,YOLOv10n ZE 5 %1, 78 [ # 4 1 2P
B B AT YN LA G, 5296 25 S 3R 7 B s o

®T TREEBE RIS

Tab.7 Performance comparison of different models

Model Params/10°  GFLOPs/10°  Model size/MB  Precision/%  Recall/% mAP@0.5/%
Faster R-CNN 186. 3 427.2 113.9 94.5 89.1 88.3
YOLOvVSs 7.02 16.0 14.5 90. 4 86.9 90.1
YOLOv8n 3.01 8.1 6.2 96.6 87.2 92.7
YOLOv10n 2.69 8.4 5.6 96.7 87.8 92.6
YOLOvlln 2.98 6.3 5.3 94.2 86.1 91.3
YOLOv12n 2.51 6.4 5.2 94.4 86.6 90. 3
YOLOv13n 2.44 6.2 5.0 94.6 85.6 91.4
YOLOv26n 2.38 5.4 4.8 93.5 85.2 90. 1
YOLOvVI13-Cone-Lite'*” 2.52 6.1 3.8 94.7 88.4 93.2
Ours 1.82 5.3 3.5 96. 3 91.8 94.1

i 1 S 6 BOHE AT A, 5 Faster R-CNNAf b,
RGLU-YOLOv1In B LR i 2 (43 [l & 171y
KR E 4 TH1.8% 2. 7% 5. 8% , {H A
T A7 AR FRAY lg Faster R-CNN |19 3. 07% , &2 %
UM Faster R-CNN [ 0. 98 % , /0 B T 89
T A T v RS IR B %) ) SR S BT M A A R 4%
1k . # L YOLOv5s, YOLOv8n, YOLOv10n,
YOLOv11n.YOLOv12n &% YOLOv13n 2 4% 5 2%
W 28 | AR SCH TR Y S B0 4 i B IG5, 20X 10°
1.19X10°,0.87X10°,0.76X10°.,0. 69X 10°
0.62X10°, 155 1Y 47 fiff & FH 43 ) BE I 11. 0 MB,
2.7MB.2.1 MB.1.8 MB.1.7 MB.fl 1.5 MB,
YR BE A oy 4 e 4.0%60.1.4%6.1.3% .

2.8%.3.8% M 2. 7% . ASCUEEHEME T
YOLOv11In, 2 % i F1 A AU A7 fift 4R FR 43 51 B AR
0.76 X 10°F1 1. 8 MB, i+ 8 # i /> 1. 0X 10°G,, [H]
A A 2R A3 18 P R0 BE B 4 4 & 2. 106 .
5.7% M2.8%.

B AR AR SCHR 36 BT 4K 22 2 B AE 5 o I )
A FEIE B 3h 2 Gk 3 57 i) 28 T8 AR I ik R AT
X SCG 25 R R IR IR AR AR S0 H B S
S IR I A 2 AN AN AR SCRT AR MR B

PSS Rse R0, 5 R Bk,
ABIFE T 4 0 T AR AN R AR RN S 4
EE (o < IS =< I NOTTE I S = R o B vl
B 5, T RS AR N A 1R S s RS RS
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Fig.9 Comparison of model detection results
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SRy B UE AR SC Rk Bk 0 AP AR SCfd R ER
ARAC K 7 R v B AT B/ 9 NEU-DET 8444 2 i
i B B s 4R, TR T AR SR T i B A I 5 0
NEU-DET 343 £ 1 800 5K &l A, £ 5 6 Flt & WL
BY X AE e T R 6 2 AR L 2 2 (Crazing) | 42 W)
(Inclusion) 5 #5 (Patches) b Ifif ( Pitted Surface) .
LA % Ak J2 (Rolled-in Scale) | ¥ JE (Scratches) ,
B A4 8 1 1R 4 S YN SR A (6 0 A R0 I k4

LI SRV AR AR AR

ST SE RN S FT R, £ NEU-DET %k 4 4
b AR SR AR AR R A DG R AR bR b B R AR
FERETE . AR F AR5 B A S 2R B 1
i (mAP@O. 5) £ 7+ % 77. 4%, % YOLOv11n %
AL T 0. 5% ; [AIB K B 5 5 A [l 2R 43 S
K E] 75, 1% 74 2% , A b S 2 A AU 4y i) 3 K
4.8% F13.5% o ik LH 743U W, B0 IS A
) 5352 A B b 2% 1D S B RO 55 rh B T LR

*®8 AXEEEYOLOvIIn#EE 7 NEU-DET ##E5% LHZH KW R3ftt
Tab.8 Comparison of generalization experiment results between the proposed model and YOLOv11n on the ONEU-DET

data set
Model Precision/ % Recall/ % mAP@0. 5/ % Params/10° GFLOPs/10°  Model size/MB
YOLOvI1In 70.3 70.7 76.9 2.52 6.3 10.2
Ours 75.1 74.2 77.4 1.36 4.5 2.8

Ours *

i Mootches 0.88

ﬁﬁt(hes 0.80F -
b M

e

N

Ay e N

B 10 AR5 YOLOvIIn AR #E NEU-DET $ 4% 4 | A 461l

45 1%t e
Fig. 10 Comparison of detection results between the proposed model and YOLOv11n on the NEU-DET data set
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A 57 3 F Raspberry Pi 5(8GB A ) #ix A
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Fig. 11 Raspberry Pi 5 physical diagram

Sy S PSR Y A e S R T
ONNX H[a] 4% 20 F NCNN HE 48 fi4 3 Jif 2% > 45 71
b7 % . NCNN 2 TR S 56 22 FF U8 A 5
TR R LS HEREAE 4L, R 4 C+ + SE B B
S =T MO, BA B R AR X HE SR
TR A ARM Z2 A% b 31 25 (A A5 IR ) 1 32 45
ZZAL PR A OB T T . NCNN 3%
$F Linux . Android .iOS fil Windows % 2 f 52 /E &
4: I 1 i ARM .\ x86 il MIPS 45 8% B 284, i R
[ B8 42 R 358 I ) R R0 8 B R 1L T RS 4, HL BB S

AP K H ONNX ,PyTorch, TensorFlow , Caffe 4§
R A S HESR AR L BB L LS TM
AR NP G AT 85 T RN
2% 5 M B9 75 5k . NCNN b 42 it INTS  FP16 il
FP32 2 9 Ak Jr 58, 3l o AR T 32 32 Y5 Bl N 1Y)
TERORG B ok AR T . AR T FP32 48
AL, FP16 B AU g 4f 38 B R A T 2~ 34, A4
L /N 50 %0 , BEAE AT AL R AR GPU s 47 K 77, B A
FEB R AT INT8 b 7 %8, B3l & 38 B T W %%
R5FEEH.

YOLOv1In £ B 28 NCNN #% 335 5 76 A
TR 5 A S Ak ARG TR A 7.2 T /s, A T ORG JEE 24 Ry
80% ; i RGLU-YOLOvS8n # %1 75 A [ &5 B 75 =X,
T B SIS I TR 2 g 25, 2 /s , K TDKS JEE 24
85% o MEE T IS A AR AL | e 1 I S AR (1 i % 4 T
T 2,545 . TEUI SR B AR A B EEAT R,
YOLOv1 In A5 Y A6 I it 28 24 Sy 115 Wit /s, 2l )5
ML N 273 Wi /s BT 1. 37 1% . SLHm 5 R K
O S 9 B A DR R A /NS B R B i 4 T
ST R v R B, A AR R AR
o R 0 AR A AR RS Bl I A b R AT TR A
H5HE

T A A DA R 5 A B e L S Iy
(6] A, A BIF 5 4t — b % Ak R 2 AR RGLU-
YOLOv1In, %A E i 8 2 50fk m B A B
B R R R AR R b R T BRI Sk DL &
Focaler-MPDIoU it 2k oR 22 1) U [ 32 47, 76 { +¢
o DK 32 1 (] BF Jb 2 B AR S A () 2 8 ST
T GRS AR LT 45

(1) % T YOLOv11In # 17 8t 9 , 3@ & 3 i
C3K2-RC H S0k i A B, 50 Jt f C3K2
R, W2 PR AR AL AR & R PR BE T 03 5 5 5
A Ghost &5 ADown Hifi i T RFEEAHSS &,
it G-ADown it fb T RAEEBL TEQRFFRAE 5
JE B[] B A 28 B AIR  SR A L R v B T B T A ok
HEA L HBFLE 19 Detect-1.SCD & fb A
L, — 8RR B L B ) S B (R B IS
TRARLE IR Z R 3. AL, F X CloU
Pt R oR Bz AL P 55 R0 0 S FE 1B Y [R) A, 5] A
Focaler-IoU #1 MPDIoU, # it Focaler-MPDIoU



672

(GRS RTAZN

%415

% R, FE R S B R I s B R, $E T
AT P R R bR 340 SRR [ 0 3

(2) 7 b RN X6 L 52 56 UF B, ek it 5 0 vk A
Fb 22 B BT A /0 A5 R S i DA R AR TR AR
BTG OLT AR DN ASCRAT — 2 AR B it vy o 7R fRT A
o SRS B (mAP@O. 5) R 94. 1% , A 1] K
F91. 8%, HERI K 96. 3%, S5 A 1. 82X 10°,
BERIAEAE R T N 3.5 MB, LR A YOLOv1In
KA 2R A ]38 S SR RE B (E 4 1. 1%
1.4% F11. 6% , 2 Kt B R A7 AR5 31 i /L
35.3% F141.5% o UL L, A SC T B R VE fE K

RS HE 54 R A i Al 2 ) A T S G )P RE
10 T A2 A% B v Ao A A 1 S NG I 5
K, WA ISt T BIE S H 5T R .

() AR AT AL — E W SR BRAE o A
WO HIL T A IR B8 Bl B, AR SO R R IT IR B
) HE 7 A A DN S 56 o e SEBE ST B R B X AR B
ok A X Bl AT A I B AT Bt (R N e PR
56 13 AR PO g A TR B R IR I 2 2 T
N B HE BT RS DL B S e 2 R,
B fT 1 2 iR B T A sl f G I 4R AR T Y
HF

I F 30 2536 AU 20 HE TR S s B B k[T ] B F a2 K, 2023,46(20) :98-103.

& X #k:

(1] k&4 . SEAMASEI R EEEORN AIFELT]. B4 2208, 2025(32) :141-143.

ZHANG X M. Research on the application of highway traffic electromechanical monitoring technology [J].
Transport Manager World, 2025(32) : 141-143. (in Chinese)

(2] ks, #m Z3F %,

ZHANG 7, SUN P, WANG L Y, et al. Segmentation method via point cloud of traffic cones based on edge
convolution [J]. Electronic Measurement Technology, 2023, 46(20): 98-103. (in Chinese)

[3] ZFA. SETHLAIE CEHER A SMOEALIFF D], BUrb . BV HEIT RS, 2024
WU Z D. Research on automatic traffic cone recorder based on machine vision [D]. Hanzhong: Shaanxi University
of Technology, 2024. (in Chinese)

(4] ##A, & P& ST YOLOVS B BRI 4 H AR YU RGE VT[T ], w42 455 55 4 97, 2026(2) : 128-130.
YANG B B, GAO Z Q. Design of intelligent video surveillance target recognition system based on YOLOv8 [J].
Computer Programming Skills & Maintenance, 2026(2) : 128-130. (in Chinese)

[5] REDMON J, DIVVALA S, GIRSHICK R, ez al. You only look once: unified, real-time object detection [C].
2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR). Las Vegas: IEEE, 2016: 779-788.

[6] REDMONJ, FARHADI A. YOLOvV3: an incremental improvement [J/OL]. arXiv, 2018: 1804.02767.

[7] BOCHKOVSKIY A, WANG C Y, LIAOHY M. YOLOv4: optimal speed and accuracy of object detection [ J/OL].
arXiv, 2020: 2004. 10934.

[8] JOCHER G. YOLOvS5[EB/OL]. (2020-06-19)[2023-12-01]. https://github. com/ultralytics/yolov5.

[9] LI C Y, LI L L, JIANG H L, et al. YOLOv6: a single-stage object detection framework for industrial
applications [J/OL]. arXiv, 2022: 2209. 02976.

[10] WANG CY, BOCHKOVSKIY A, LIAO HY M. YOLOvV7: trainable bag-of-freebies sets new state-of-the-art for
real-time object detectors [ C1//Proceedings of the 2023 IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Vancouver: IEEE, 2023: 7464-7475.

[11] S04 U, 4 B8 k4, % . JE T ik YOLOX M Bs e b 23 28 R0 5 as e A2 [J]. Bk 5ol 23 K, 2024,
43(4):133-142.

LIU B W, XU W P, WU Q, ez al. Classification identification and spatial localization of kiwifruit based on the
improved YOLOX [J]. Foreign Electronic Measurement Technology, 2024, 43(4): 133-142. (in Chinese)

[12] XZF&R,ZAKX,HaA,F . DNEISCHAERE Aol S5 0T]. Bm Lk 23R8 XAF5m),2023,

39(6):24-31.



i 25 B ST YOLOv In 1584k 4 14 1R 1) vk 673

[13]

[14]

[15]

[17]

[18]

[20]

[25]

[26]

[27]

WU ZD, WANG M W, HAN J K, ez al. Design and research of small traffic cone automatic receiver [J]. Journal
of Shaanxi University of Technology (Natural Science Edition), 2023, 39(6): 24-31. (in Chinese)

SUQH, WANG H D, XIE M, et al. Real-time traffic cone detection for autonomous driving based on YOLOv4 [J].
IET Intelligent Transport Systems, 2022, 16(10) : 1380-1390.

Fha, 0, F AN, F . REAKN YOLOVS HERR I AT T[], £ RE T X FFMm(O KAF),2024,38(7):
71-77.

LI X, LI G, LI Y M, et al. Research on lightweight YOLOVS8 cone bucket detection algorithm [J]. Jowrnal of
Chongqing University of Technology ( Natural Science), 2024, 38(7): 71-77. (in Chinese)

KATSAMENIS I, KAROLOU E E, DAVRADOU A, et al. TraCon: a novel dataset for real-time traffic cones
detection using deep learning [C1//Novel & Intelligent Digital Systems: Proceedings of the 2nd International
Conference. Cham: Springer, 2022: 382-391.

FARME, B &, AR, F . T YOLOVS B U I T G I ke o 8 REPURI B2 RIS [ T ] LB AR F 4R, 2025,
46(2):247-254.

LICH, LYUY, MENG X L, e al. Research on intelligent defect recognition in oil and gas pipeline magnetic flux
leakage detection based on YOLOvVS [J]. Chinese Journal of Scientific Instrument, 2025, 46 (2) : 247-254. (in
Chinese)

HUANG J L, YAO S W, WANG J Y, et al. Intelligent identification of mines and tailings pond based on the
improved YOLOv8 model [J]. Science of Surveying and Mapping, 2025, 50(7): 70-82. (in Chinese)

SHI D. TransNeXt: robust foveal visual perception for vision transformers [C]. 2024 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Seattle: IEEE, 2023: 17773-17783.

XA, A EFEA L T U YOLOVT B9/ HAREE BB I A [T]. & dh b5 27 ,2024,39(10) : 1332-1340.
LIU Z L., CAO W, GAO J W. Defect detection of small object solder joints based on improved YOLOv7 [J].
Chinese Journal of Liquid Crystals and Displays, 2024, 39(10) : 1332-1340. (in Chinese)
AL I A EE L T YOLOvVSn-Pose B9 97 2 BAGIN [T ]. & & 5 27, 2025,40(4) :617-629.
CAIZ Q, LINS L, LIN J P, et al. Fatigue driving detection based on improved YOLOv8n-Pose [J]. Chinese
Journal of Liquid Crystals and Displays, 2025, 40(4): 617-629. (in Chinese)

WANG CY, YEHIH, LIAOH Y M. YOLOVY: learning what you want to learn using programmable gradient
information [ C]. 18th European Conference on Computer Vision. Milan: Springer, 2024: 1-21

SHEN Q, ZHANG L, ZHANG Y X, et al. Distracted driving behavior detection algorithm based on lightweight
StarDL-YOLO [J]. Electronics, 2024, 13(16): 3216.

LIJW, LIUS T, CHEN D, et al. APD-YOLOV7: enhancing sustainable farming through precise identification of

agricultural pests and diseases using a novel diagonal difference ratio 10U loss [J]. Sustainability, 2024, 16(20) :

REZATOFIGHI H, TSOI N, GWAK J, et al. Generalized intersection over union: a metric and a loss for
bounding box regression [C]. 2019 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).
Long Beach: IEEE, 2019: 658-666.

MA S L, XU Y. MPDIoU: a loss for efficient and accurate bounding box regression [J/OL]. arXiv, 2023:
2307.07662.

ZHANG H, ZHANG S J. Focaler-IoU: more focused intersection over union loss [J/OL]. arXiv, 2024:
2401. 10525.

JALALI B, MACPHEE C. VEViD: vision enhancement via virtual diffraction and coherent detection [J]. eLight,
2022, 2: 24.

XNE &, F R, LEE . BEMYOLOVSs A BLLAMAGR B NLT]. Bk (F3#£),2023,16(5) : 1045-1055.
LIU Y L, LI M Z, WANG X X. Lightweight YOLOvV5s vehicle infrared image target detection [J]. Chinese



674 W5 Bos 55 41 %

Optics, 2023, 16(5): 1045-1055. (in Chinese)

[29] WANG ZK, HUSH, WANG X T, etal. YOLOvI3-cone-lite: an enhanced algorithm for traffic cone detection in
autonomous formula racing cars [J]. Applied Sciences, 2025, 15(17): 9501.

[30] M & #3AK, BMA,F . RHLMRE S NHBEESNOET]. FBRF (P EL),2024,17(4) :823-833.
CHENM Y, XIEY C, LV X T, et al. Detection of surface and internal defects in cold rolled steel [J]. Chinese
Optics, 2024, 17(4) : 823-833. (in Chinese)

[31] LIANG Y H, WANG J, XUE K W, et al. High-clockrate free-space optical in-memory computing [J]. Light:
Science & Applications, 2026, 15: 115.

fEE BT

ERR,H B L, B EHR, 2007 5 T A
LR = PN TN 1 o o VAN -
FAEE Tk A B A AR5 -5 B 7
M 7 W 5% . E-mail: wangmingwu@
163. com

= BY LWL 20194E T
PR 27 BE 3745 2 2, R E NSk
1 AR L% 4 O iR 5E o E-mail:
2509260778(@qq. com




