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Photovoltaic panel defect detection algorithm based on improved YOLOv11n

Zhang Tian Cui Bowen Cui Xinmiao

(School of Mechanical Engineering, Shenyang Jianzhu University,Shenyang 110168, China)

Abstract: To address the problems of missed detections and low detection accuracy of YOLOv11n in photovoltaic (PV)
panel defect detection. this paper proposes an improved YOLOvlln-based PV panel defect detection algorithm. A
novel SPPF-LDESKA module is designed to enhance the original spatial pyramid pooling fast (SPPF) module. The
module integrates the concepts of lightweight detail-enhanced convolution, which combines model lightweighting and
fine-grained feature enhancement—with a large separable kernel attention mechanism to expand the receptive field and
effectively strengthen the extraction of small-object information. In the feature pyramid network (FPN) stage, inspired
by the context-guided feature modulation (CGFM), an efficient shared convolutional module (ESCM) is designed.
This module incorporates the efficient channel attention (ECA) mechanism, employing 1D convolution along the
channel dimension to perform local inter-channel interaction. Furthermore, shared convolution is utilized to reduce
redundant computation and prevent repetitive learning, thereby decreasing the parameter count and enhancing the
adaptive adjustment of contextual information in multi-scale feature fusion. Additionally. a lightweight detection head is
introduced, leveraging shared convolution to further reduce model parameters. Experimental results demonstrate that,
compared with the original YOLOv11n model, the proposed method reduces computational cost by 6.25% . accuracy
improved by 4. 5% , while mAP @ 50 improves from 87.5% to 89.5%, achieving a 2. 3% performance gain. These
results validate that the improved algorithm achieves superior performance and better adaptability for PV panel defect
detection tasks.

Keywords: defect detection; photovoltaic panels; spatial pyramid pooling; attention mechanisms; characteristic pyramid

network ; shared convolutions; YOLOvl1n
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BiFPN % f i 2 ) A5 H, 412 roy 40 GE 530 I A 00 2 5 X e
TR 250004 20 3% 18 1 2 ) (the efficient channel attention,
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HT YOLOv11n BEA e B2 B AL 5 R BE i 4k, B
WL B SRS I i T R B RS . AH Hb A R Y,
YOLOv11n 7 F T M 4 AR AE Rl & 4509 L3847 Tk, B
A R R AT R R AN 2 G I M e . (B RN H AR
R AZ 2% 3 56 T AR AFAE — 52 B2 TH 25 81, S 7 S0 i g sk
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RS TSRl Sl N TR S VN ERNE N G CY-P)
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L A (1 s ER AR Dokt s A 00 5%

1 ¥ YOLOvlln ## 5!
1.1 YOLOvlln #EI 4} 28

YOLOvlln & 2024 4£ 9 A Ultralytics £4i YOLO %
IR AR . B i 2 1) E bn A T ) 45 45 44 32 B 40 AR
I3 AE - EF M4 (Backbone) | ] B 1F 58 4 J2 (Neck) 6
M3k (Head) ™™, 45 A 1 fow .
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Fig.1 YOLOvI1n network structure
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Fig. 2 Improved YOLOv1In network structure
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Fig.4 LDEConv and SPPF-LDESKA structure
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Fig. 5 CGFM structure
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AR R i I G S5, i 5] A Conv_GN
5 Conv2d #:4E, AR E Gk T Sk h B IT AR IR, @
I AbE 2 AR SEE 22 ROBEE H bR A9 HEAR, B AR
JE T 8 AN [ Ja 57 B 91 5 DA 5 T X5 AS T R E B e ) g
Ry, HIHJEA MR KX a2 1 s, 2 GFLOPs
it  mAPS0 R P EIREE 50% ., BIRIRIFERKIS
Hoe 5 I G R A, R AT R IR R B

R1 ELLEE

Table 1 Comparison of detection heads
R GFLOPs mAP50/ %
Detect-Head 6.3 88.0
Detect-LSCD 5.6 88.5

2 XBRESN

2.1 BBHEE

) Rl R EENE TR Py S A N B € S €
EALE 2 400 5KEL R MR IN 43 BE3 R 640 pixel X 640 pixel, LA
“IPG™ kg 3. B b — LA 3 Rk s . 40 ok Rl
JE (Crack) [ Wift (Grid) \lE¥5 (Spot) . 7 ¥ 52 86 H % 3% ¢
YT 8: 2047 R 4, VIR 4 1 920 5K IR . 5 iF 4 480 5k
E3)
2.2 ABERESESHEE

AP TE Windows11 #:4E R G T #4714k, Y2k
fifi 13148 J2 NVIDIA GeForce RTX4060,16 GB i i &
BAL 2 (GPUD L i it CUDAL2. 4 FRA %t GPU # 17 i
IR S HEZR Ol Pytorchl. 7. 1, 4t & K /) (batch size)
N 8, AL EL (works) 2 8, 2R FHBEHLER JE T B (SGDY #E 47l
25, epochs 4 200, #1 iR 2= 21 %R 0. 001, HA S50k & BN
fH A SRR B AN 2 iR .

®2 THURE

Table 2 Experimental configuration

i L=
CPU AMD Ryzen 9 7945HX
GPU NVIDIA GeForce RTX 4060 8 G
PTE(RAMD 16 G
BER S Windows 11
B T HESE PyTorch 1. 7. 1
i PRI B Python 3.9
CUDA 12.4

2.3 EEEMIERR

AT AT VAR 7R SO VR B T RE R T A AR AR O, SR
FALLT 5 A3 O 48 Ar X A% SC B R i A7 3T A A
(precision,P) . 43 [F1 3 (recall, R) . 2 #( & (parameters) . if
B (GFLOPs) UL M #) 1 F ¥ ¥ ¥ B (mean average
precision,mAP), mAP50 £/~TE IoU ®{H K 0.5 B, 4%
- K5 B (average precision, AP) W {E , H T & H
A I A7 7 2% 18 T R (ARG I A R

TP
P= TP+ FP (6
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T # K

L TP(true positive) A 1E 8 71 I # 1F #£ 4 %, FP (false
positive) At 15 T 1Y IE R AR EL

MR SRIR 52 BR S AR b A ) B0 L i, A
[HESAE WP
TP

TP+ FN

K . FN (false negative) iy A B 46 I 5] (7 B 52 EFE A%,
PENCIRE Y o 4= Rinb Y iod o 2

SR (parameters) R B S BECH T HiE A
i . GFLOPs: BFb 77 558 508, e s B 153 & 2
BE AR TR TR RCR M R . P SRS BE CAP) <l RS
A 3 LT 0 AP AG AR L AE B H bR A D e i
BE. TR (mAP) . & 5] AP W F3¥E, F T4
G VPAT AR AE 22 28 il e AT 55 (i R R P E

AP:J pGHdr (8)

"1
0

R 7

,LJ" :
mAP = | APi 9

2.4 ZWHERDM

D ET AT L 5258 45

S UE AN [ 3 T AL X A R B Y R e L, AE
YOLOvIIn f3EAl F X5 32 1 48 AR 43 R FH 2% 4348 fiE 3 5
JE B AR B T 43 B A R 3438 0 o AUV LSKA PG 1< 1
HRBEATSCH T %0 19255, Rl LDEConv 4 B AR H fifi
FHYRBE T A3 B 4 TR Rl & LSKA TE 75 1 L #E 47 Ble 3k 7
ZoN 15286, A H LDEConv £ FBUB AR H (#2318 45 R
JERl G LSKA & J7 oLl ik 47 ke it JOr o0 11 56 50,
SPPF-LSKA 5 He Jo A% SCo ik () 45 & B R 4% Ak 55 4019
fESR AL B AR B FRLE A8, Al G LSKA & S ALl 247 4T b
SLH L TR A RN 3 TR,

R3 ETMEERI LT
Table 3 Comparison experiments of backbone

network modules

o I[;/ I:/O/ Paran;/&[?terS/ GFLOPs mA;ESO/
YOLOvlIn 85.0 83.8 2590 425 6.4 87.5
1 81.6 75.8 2 343 537 5.7 80. 1
11 85.2 83.0 3411 809 8.6 87.2
111 86.4 81.4 3161 045 6.3 86. 0
SPPF-LSKA 86.5 83.5 2 855633 6.5 88.0
SPPF-LLDESKA 86.8 83.2 2 485 854 6. ¢ 88.5

H1 3% 3 A0, AR T80 1,10, T00, 78 JE A A rh | A
SPPF-LDESKA # #t J5, 2 7E P & 86.8% . mAP50 K
88. 5% AR IR AL B RE L T H BT, REHS
e 5 it A 8 & . R Bk T SPPF-LSKA ¥
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83. 5% o (BAE F TR AE £ B b R % A S50 DR IE D' AR M e B 1)
F R RIK G MRS I N HE,

2) KRR Rl A B U L 52 5 43 B

R 9 IR A R RR AT Rl -G A5 B o A5 7R 1 R F) 5 T 1% 4, T
SRR AR ) FERE - AOK SE VEE WL B el ECA
T VE B AL i — 4 B L (1D Conv) 7 1 18 4 9E 47 &) 36
THB B ITE IV BT RV WAL G S 806G
FH (shared-weight convolution) &K TU4 15, @ i & Hdt
TZ (weight sharing) , ] ¥ 4 8 42 22 > [R] FSERAE . A 1 96 20
SR 5 GBI CGFM K45 A DL TV V IRl 5 5
SR ESCM il & L 2E 47 X bE S 36, S5 B0 45 2R 1 5% 4
B o

x4 FABESERIIEIE
Table 4 Comparison experiments of the feature fusion module
o 1:/0/ IU?/O/ Pdrdectcrs/ GELOPS mAZSO/
YOLOvlln 85.0 83.8 2590425 6.4 87.5
1v 87.3 80.2 2322 802 6.5 87.3
v 83.5 84.0 2668 881 6.8 87.5
CGFM 8§7.0 81.8 2238 897 6.3 88.

N @

ESCM 88. 82.4 2 488 546 6.3 89.

=

2 4 AT, A TS TV V B CGFM fil ESCM #
Yemh A ECA B E 3 AL 45 & L 2 28045 1 (shared
conv) J5 . mAP50 2T+ % 89. 7%, TEARERAE B 5 mAP50
e IR 6.3 GFLOPs, 528 T -2 B4 7, &
ZHi K R ARk, (R AR 25 A 38, 3R W CGFM K
HEFLE SR AR I I 6 U A 5575 5K

3) K6 Sk X Eb S 56 43 #

Shy B G I Sk XoF 1 R 1) R M, A JEASE R B Al g
X 5% AL B3 R 51 A DyHead™™ | 5 206 9 3k Detect-
Efficient 2 AL AR X AR P46 I 3k Detect-LADHYY 5% &
M2 PRI 3L Detect-LSCD #E4T X [t 5246, S 46 4%
Wk s i,

x5 WL ERE

Table 5 Comparison experiment of detection heads

i

K ;/ 1_:’/0/ Paran;/e[zters/ GFLOPS mAioO/
DyHead 86.9 84.5 2 587 588 6.0 86.5
Detect-Efficient 87.7 84.2 2 599 675 6.0 87.8
Detect-LADH 88.0 85.8 2 558 776 5.9 88.0
Detect-LSCD 88.6 85.3 2 420 622 5.9 88.5

5 TN, AT UL BRI 3k Detect-1.SCD A 3k
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O Al 5L I
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FH2 6 AT, BRI 7E 5] A SPPF-LDESKA J5 358
TRHESRECRE Ty 4R T O RS B A ESCM. £E AR 1
ZHIE LT B E RO 2, IR R 2 M mAP 27
= 88. 8% M 89. 5% s I & 454 Detect-1LSCD #:3k, P .R
M mAPS0 MR T . LR G Sk )5 MBI K B P
XK BE mAPS0 4 B4R T 4. 5% 0 2. 3% . S 450E Mt
BN 0.13 M 5 6.25% , BaiiF T o 1k 45 B 78 32 F+
W BE A5OSR T T A A AR .
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Table 6 Ablation experiment
15 7Y
- mAP50/
YOLOvlln P/% R/% Parameters/M  GFLOPs
_ SPPE-LDESKA  ESCM  Detect-L.SCD %
Baseline
N 85.0 83.8 2 590 425 6.4 87.5
N N 86. 8 83. 2 2 485 854 6.3 88.5
J J 88.0 82. 4 2 488 546 6.3 89.7
N J 88.6 85.3 2 420 622 5.9 88.5
J J J 85.5 82.8 2 600 520 6.3 88. 3
J J J J 88. 8 84. 1 2 461 764 6.0 89.5

5) A AR B0 L 2 38 o3 B
Sy i — 2 B E AR AR A B P B 5 BT U A A 7 [

BAEE L AT X L SE 8, 45 R R 7 R, FE o WUECh
(farthest point sampling.FPS) .

x7 ARERIIEELE
Table 7 Comparison of different models

Al P/% R/% Parameters/M GFLOPs mAP50/ % FPS
Faster RCNN 75. 8 80. 1 135 952 652 356.2 68.5 28
YOLOVS5s 84.5 84.5 21 357 524 25.2 85. 8 58
YOLOv7? 84.6 85.8 37 889 766 145. 2 85.6 93
YOLOv8n 85.5 83.3 3006 233 8.1 87. 4 94
YOLOv10n 85. 6 82.0 2 708 210 8.4 87.5 98
YOLOvlln 85. 0 83. 8 2 590 425 6.4 87.5 102
YOLOv12s 86.5 83.2 2 601 567 6.4 86. 8 101
DT-DETR 86. 6 83.5 2 750 664 6.5 87. 4 107
A3 88.8 84. 1 2 461 764 6.0 89.5 118

M2 7 ATH, 76 AN [ A5 8 % i kA A8 ) o e X L o
H Faster R-CNN,YOLOv5s 1 YOLOv7 5 Il K B 4 i
B SHOR K T 2% B 5 ok J5 AR AL o % o Ak A
P R e OB O 118, 5 YOLOvSn Ml kb, S 87
Wb 0,44 M, 38 T B 2.1 GFLOPs, mAP50 #2 J+
2.4% ;5 YOLOv1On #H Lk, Z 8 st 2> 0. 145 M, 358 &

T W& 2. 4 GFLOPs, mAP50 $#27} 2. 3% ; YOLOv12s 5 5
AREHEASAR HSHEMKKATFHUBEE A, DT-
DETR #5145 3 35 3 B oK, (A F0ARE 058 8 K B 7 36
FERAG . AR SCHY B B AL AH 42 R YOLOvl 1n, S50 %
M 0.13 M, i+ & 6.4 GFLOPs %% 6.0 GFLOPs, ##
Tt 6.25% , [RIHAE BEAR T 4. 5% & mAP50 42FF 2. 3%, 3k
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Fig. 8 Detection results
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Table 8 Test results

Al mAP50/%  Parameters/M FPS
Faster RCNN 90. 8 125 952 666 25
YOLOv5s 85.3 2 237 524 56
YOLOv7? 88.1 37 789 756 99
YOLOv8n 91.1 3 185 233 92
YOLOv10n 92.8 2 691 209 97
YOLOvlln 93.5 2 590 425 101
YOLOv12s 94. 8 2 601 567 103
DT-DETR 94. 3 2 550 664 105
VNS'S 95.4 2 361 764 117

114 -

R BT EE H Y BT X OR B R B R vk
PCB 3L 50 35 46 1 R A JR B0 O KA G I o g, L
mAP50 Fl FPS 4§ #x ¥ {L T Faster R-CNN, SSD,
YOLOvSs 88— R 5 E i HAr kil 7, e 3 7 R 4F 1Y
ZALME IR UE T G SR B S . W 9 TR, BOR T
BB AL 5 W R B Y Y 4 2K BRI, m APS0 Fil mAP50-95
S, FERE 9Ca) L (b) HR] LU H A S il 28 bR A il
LS g A E B 9o (D Btk JE B mAPS0
1 mAP50-95 MW & FIRE A, B e Rk RU
H B A S S e A R A R [ I S L BB ST
kP L AB A% A 2500 2 O IR 7 Al S I AR R 5 A M Y

[ E S



K OR F AT YOLOvIn ek AR B R4l 5T ok 5 10 9
4.0F ---- YOLOvlIn 35 -- YOLOvl1n
i — A T — &X
l'00 5‘0 I(I)O IéO Z(I)O I'50 5IO lOIO 15IO 2(;0
Epoch Epoch
(a) WZRo FHR R (b) B ilE 43 245 2K R 4L
(a) Training classification loss function (b) Verify the classification loss function
g
=3
£
: <
. = v
: o1k
02F ----- YOLOvl1n i -- YOLOvl1n
— AX of — k3
‘ L L L 1 L L L J
0 50 100 150 200 0 50 100 150 200
Epoch Epoch
(c) mAPS0ZE 4k, i £ (d) mAP50-95Z5 4k, il 2%
(c) mAP50 change curve (d) mAP50-95 change curve
E 9 BB YOLOvI1n #5885 5t b
Fig. 9 Comparison of improved model and YOLOv11n model performance
16(5) :64-69.
3 % it
XIAO J, MEI Q, HUANG X Q, et al. Current status
ADSHEN D N & Y R R R R S O WA N = 7 R and development trends of photovoltaic power

R BE A T B R AR R ARG )R, 4R — A T ot
YOLOvIIn A6 AR B B g 460 330 32 , 7 3 1 90 4% 10 5 1F 32
B, 8 SPPF i, f % LDEConv 45 & % Bl % it fk
YA AR R AL AR A B AE M L Bl A LSKA AL 1 5 Jk
W, 5B ISR /N EARERAE B4R 3 fE 7 s HOk L PPN Bk
&% CGFM | F 305 B B4R BU S @b A BL , %3 ESCM
A4 L B ECA BB 1B A HLH . 45 S Z S HER
FEARIUATTT B BB I S8 R 2 RS
Rl b B F SCMF BAY A IF L 4 5 7 3k 3 R0 46358 4%, B
P55 et Ak A D Sk, 38 ae T R M 2 4 RO A AR R A S 8
B AR A AR T 114 JR 2 57 51 L PN A0 A T 310K [ K /N
SCEGAE SRR, 5 YOLOvIIn BERUAR L, 130 i AR T
6.25% NEEERT 4. 5%, F IR BEER T T 2. 390, SRS it
S O HRAT 1 R, AR SR AT T E— 2B AR R Bl 2 i
S PR ER B 5 Bk W 5 B R AR A O AR AL A R A R 5
32 Y P AL AR R SRR BT HE S OB AR Pl T R AL R R 11
o7 FH 5.
S & 0k
(1] F MR, BRI, 55, “0U” B bR T 3% BB IR &
RIS R REHII] REKBERS LB, 2022,

[2]

[3]

[4]

generation technology in china under the "dual carbon"
goals [ J ]. Natural Gas Technology and Economy,
2022, 16(5) :64-69.

ZBHR A . U B AR T b E A OB AR & L
KR BULR AR BT, KFHAE.2023(5) :5-10.

LIM D, L1] W. Development status and prospects of
distributed photovoltaic power generation in China
under the "dual-carbon" goals[J]. Solar Energy, 2023(5):
5-10.

ZHAO ZH Q, ZHENG P, XU SH T, et al. Object
detection with deep learning: A review [ C]. IEEE

Transactions on Neural Networks and Learning
Systems, 2019,30(11): 3212-3232.

X RS 3 AR A, 45 T ko KO E R 2B R
Bk A I 7 5 [T ). LSRR . 2024,46(4) 1 475-482,
ZHAO Q, LIU SH J, HAN D CH, et al
Photovoltaic panel defect detection method based on
improved K-means clustering[ J ]. Infrared Technology ,
2024, 46(4) . 475-482.

ET-TALEBY A,CHAIBI Y,BOUSSETTA M,et al.

A novel fault detection technique for PV systems based

+ 115 »



519 % b F oW & H K
on the K means algorithm, coded wireless orthogonal [13]  EWRE BRI T, T, LT3k YOLOv1On B7E 3)
frequency division multiplexing and thermal image Ay R SR TR P ARSI [ ). B 4 R, 2025, 48(23) .
processing techniques [ ] ]. Solar Energy, 2022, 237: 204-214.
365-376. WANG H Q, CHEN X Y, YU H F. Surface defect
(6] 4ok, e e, & v, T ook SSD 833k 18 6 AR 41 14 detection of rolling bearings based on improved
BRI A5 ()], BiALPEHL, 2022,43(1) 1 22-25. YOLOv10n[]J]. Electronic Measurement Technology,
ZHONG Y S, XU L H, ZHOU K. Photovoltaic 2025,48(23) :204-214.
module defect detection based on improved SSD [14] K. BEW.ZEW.E ETEFEIEERTER
algorithm[J]. Microprocessors, 2022, 43(1): 22-25. 71 % T S B R I vk [T, 28 TR, 2025, 25(5) .
(7] &G i, 4 8L, 5. 3 T W# Faster R-CNN 1Y 29-37.
JCRA P 20 S0 IR BEAG I 595 [T ). WOt 5 40 4h, 2024, GUOK Y, WEI C L, QIN H CH, et al. Pavement
54(4) :584-592. defect detection algorithm based on pyramid separable
JIRR, MEI Y, YANG S F, et al. Infrared hotspot convolution attention[ J ]. Journal of Traffic Engineering,
detection algorithm for photovoltaic modules based on 2025,25(5) :29-37.
improved Faster R-=CNN[]]. Laser & Infrared, 2024, (157 BETHF AT, S3H, 2. DEA-Net: 3% T 4097 B 5R
54(4): 584-592. BRMA RG] FEZILE N R EEGEET] J
[8] B IR T, & Ak, B i 2, 4. Rl & i = 0 HLEl w AL B4 42, 2024,33:1002-1015.
YOLOvS SRR AL B % ot 1 5 e e 16 i 303 [T 1. ) CHEN Z X, HE Z W, LU ZH M, et al. DEA-Net:
JL R K F R A RBF D 2023,41(1) :65-70. Single-image  dehazing  based on  detail-enhanced
ZHAO X Y. GAO L, YANG X L, et al. Algorithm convolution and content-guided attention mechanism[ ] ].
of YOLOvS5 fusing attention mechanism for defect Journal of Image Processing, 2024, 33: 1002-1015.
detection of photovoltaic panel electroluminescent [16] YAN CH M, LI H L. CAPNet: Tomato leaf disease
image[ J]. Journal of Hubei Minzu University(Natural detection network based on adaptive feature fusion and
Science Edition), 2023, 41(1): 65-70. convolutional enhancement[ J]. Multimedia Systems,
[9] ZHANG]J L,YANG W,CHEN Y,et al. Fast object 2025, 31(3): 178.
detection of anomaly photovoltaic (PV) cells using [17] HU J, SHEN L, SUN G. Squeeze-and-excitation
deep neural networks [ J]. Applied Energy, 2024, networks[ CJ. 2018 IEEE/CVF Conference on Computer
372:123759. Vision and Pattern Recognition, 2018:7132-7141.
[10] 0K, BTE, [z, . BhG R JTi 2 R DGR AR 8t (18] EhR3L, LRI RAK, . AT ZREBAHLSER
Fea i gy s () 1. B 3Bk 5 TR, 2023, 39(8) : 1-10. 77 (9 B PG EE o LT . e DU R L 2025, 48 (15)
LI B, ZHAO K, BAI Y SH, et al. Multi-scale 27-34.
photovoltaic panel defect detection method with MA T Y. JIANG D SH. ZHU D, et al. Brain image
integrated attention mechanism [ J ]. Electric Power registration based on multi-scale perceptual loss and
Science and Engineering, 2023, 39(8) . 1-10. attention [ J ]. Electronic Measurement Technology,
C11] gkSCHR . I & e 45 2k T 2 RO b & A 2025, 48(15); 27-34.
YOLOv8n B S6 AR ke B 45 0 07 o [T ]. 25 &5 4 ZERE R C1OT JA# . Rl I, J BT A, 4. 3k F ik YOLOv10n #y i
2024,46(11) :29-37. 4 Sk 5 Ol ORI Bk L) 0. L T IR R, 2025,
ZHANG W Q, LI J SH, XUAN Y, et al 48(5) :40-49.
Photovoltaic defect detection method based on multi- ZHOU X, WANG K Q, ZHOU X X, et al. Electric
scale fusion and improved YOLOv8n[J]. Integrated vehicle helmet-wearing detection algorithm based on
Smart Energy, 2024, 46(11) . 29-37. improved YOLOv10n [ J]. Electronic Measurement
(120 &R, FImom, o, %, 5 F Gk YOLOvIIn B8R Technology, 2025, 48(5); 40-49.
H 5 5 R b A AR R B S () ). L AR 5, (200 o5 E T, bk g XS HE 0T, 4. B T HLA ML 3 0 2 4

2025,61(14):123-134.
HAN T, YU SH SH, MA L, et al

panel foreign-object and defect detection model based

Photovoltaic

on improved YOLOv11ln[J]. Computer Engineering
and Applications, 2025, 61(14). 123-134.

116 -

SRS ARAG TN Jy AT ], A T A S A AR A AR
2025,39(7) :212-226.

SU G Y, SHUAI H X, DENG H SH. et al. Research
on key object detection in multiple coal-mine scenarios

based on machine vision[ ] ]. Journal of Electronic



OR LA TR YOLOvlln AR AR SRR N E & 5 10 1]

[21]

[22]

[23]

Measurement and Instrumentation, 2025, 39(7) . 212-
226.

ZHANG J R, CHEN ZH H, YAN G X, et al. Faster
and lightweight: An improved YOLOv5 object
detector for remote sensing images [ J ]. Remote
Sensing, 2023, 15(20). 4974.

BHEAE, T H Y. HEF YOLOvIL B % AR AR ik b 46 0 5
SENLRGELT ] IR R, 2026,49(5) - T7-84.

CUI ] W, WANG Y M. Photovoltaic panel defect detection
and localization system based on YOLOv11[J]. Electronic
Measurement Technology,2026.,49(5) :77-84.

t B, S AE, BRI AR, 45, 3T PXD-YOLO11s /)
Wl 2 Pl S B B0 B A T TR R R ()L AR AR A R AR
2025,46(7):307-318.

YANG SN, CAO L J, GUO CH D, et al. Research
on defect detection method of ceramic circuit boards
based on PXD-YOLO11ls [ J]. Chinese Journal of
Scientific Instrument, 2025, 46(7). 307-318.
fEZ & v
R GEAFIEED WA, YEIm, 2205 75 S B Ak il
T KR AR e I3 2 5 T R
E-mail: zhangtian@sjzu. edu. cn
B W0 A, F G O ) B A S
fieiz 4k,
E-mail:c0103172023@163. com
EEXR WL AL, FEOGR I BEF NS
feiz 4t |
E-mail:18004126805@163. com

F‘

117 »



