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Research on photovoltaic cell defect detection based on CCMW-YOLO11n

Deng Yuao Wang Danhao Pan Junzhen Peng Daogang

(College of Automation Engineering,Shanghai University of Electric Power, Shanghai 200090, China)

Abstract: Efficient power generation of photovoltaic cells plays a crucial role in promoting green and low-carbon circular development.
To address the challenges posed by complex backgrounds and small target sizes in photovoltaic cell defect images, this paper proposes an
improved defect detection model based on YOLO11n, named CCMW-YOLO11n. Firstly, a cross stage partial improvement ( CSP-T)
module is introduced into the backbone network of YOLOIIn. This module integrates the multi-head self attention ( MHSA),
convolutional gated linear unit (CGLU) , and conventional convolution ( Conv) , balancing global information perception and local feature
extraction, thereby enhancing the extraction of multi-scale features. Secondly, the content-aware reassembly of features ( CARAFE)
upsampling technique is employed during the feature fusion stage. This method adaptively reorganizes feature maps and enhances details,
effectively preserving fine-grained features and improving the model’ s detection performance on complex targets. Additionally, the mixed
aggregation net enhancement ( MAN-E) module is incorporated into the neck network to further strengthen feature representation
capabilities. Finally, addressing the limitations of the CloU loss function in the baseline model, a novel bounding box regression loss
function named Wise-Inner-SloU is proposed by combining WloUv3, Inner-loU, and SloU, optimizing the regression performance of the
model. Experimental results demonstrate that the improved CCMW-YOLOI1n model achieves a 9.6% increase in recall rate, with
mAP@0. 5 and mAP@ 0. 5:0. 95 reaching 91. 0% and 61. 1%, respectively, representing improvements of 3. 1% and 2. 0% over the
baseline model, thereby realizing efficient detection of photovoltaic cell defects.
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Table 1 Experimental hyperparameters

epoch 300
batch size 8
image size 640%x640
ratio 0.7
momentum 0.937
optimizer SGD
worker 8
Ir0 0.01
2.2 HiR&E
AR SCHE PR S} PVEL-AD Tl R A3 48 | %k
PRAEREIanE 7 s

ARTCIN 12 A2 50 i 5 i S AR S 2 4 Sy
FEP AL, R HE B (black _core) | ZRMR 2 4L
(crack ) , Wit ( finger) . B2 IR 24 £ (star _crack ) FlHH 26
(thick_line) o B X 23 TFH 4 5 v A7 75 B FEAS FLARE 2 S
FNE A S A7 (), SR FH 22 S AL R AR SRS - X oy T 460 T 1)
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(b) ZBRRLL
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Fig.7 Sample dataset

L bl e s = o N D R S el TSR NS
AP R B IR — 2, B 7 1.5 ¢ 1.5 i i)
S RNUIREE e SE AN A . 5 I8 B BAR R LA KL
A IR W PRI REEREA S 1 2R B g iR R
T S LA AR e (D5 As e e FRT) | ) AR i (K P/
e FLINRG ) LU BB 4055 07 1 AT BT TREA Z2 R
FRRIZ ALRE T o B 2345 A 5CHE SR A Ll 1 < I R4k
2 372 3k BESE 416 5k AL 417 5k, Ko AR Ik
B BEE MRAEPR AR 2 R,
xk2 WNESN
Table 2 Label distribution

instance  black_core  crack  finger star_crack thick_line total

train 143 1071 2020 536 679 4 449
val 31 185 373 21 168 778
test 38 181 4438 20 134 821

7E YOLO #% X 8 4 b, HARRER 2850 15—k Ak
B, X AR SCEE R A B S 4 —1T, AT A S
NS B ASECNIGIRE  BIINTEAR SRR S
B 0 R IR 56 2 5 3 NS E0 0 Ry i FURE e
SRR AR A 2200 H— L AL B JEFTE 0~1 Z
] 5 56 4 268 5 A S 80000 30l 467 10 FAE 1) i J3E A 8 82, AHGT
T R PR o P e B ) L] A SORE i A 2 S B b
SRS 4 55 5 AN SEGHEAT T geit, i A tn sl 8 iR
M 8(b) AT LA, K2 H FRfE & TN H bR s 45 0 Y
P TR U 2 B T AN [R] 2031 AR A5 19 22 20 0 6 B TR
Friz e HARER BOR , B0 4R b 45 2800 AR v it Bl Y
BN 8 (a) Bizs
2.3 R

HT RZGEVEAGT CCMW-YOLO1 In #5541 fil, AR 5
B0 BT ER 2 ( precision, P) . H A% (recall,R) 1
FEEYE (mAP) MEAISECECE ( parameters ) LA KT 23T
AR BT A8 A5, HEBRR A3 R Y0RE B 1
HREAKX BT,

p= x 100% (16)
TP + FP

TP
R =
TP + FN

x 100% (17)

540 %
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2500
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i iE 0.6 B
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500 =02y 100
0 f F & FE 00(;0204060810 0
K & S 002040608 1.
agj & ¥ &c/} S A — A4k 5 B
& &
B
(a) B BRIERE A S B (b) H—4L B FRHER
(a) Number of sample categories (b) Normalized target box size
for each type of defect

Kl 8 A EBRBAREA I 5 IH— 1L AR HER T
Fig. 8 Number of sample categories for each type of

defect and normalised target frame size

Apzfp(R)dR (18)

l i=1
mAP:NEAP (19)

Ao, TP F7R SEBR N IEAEAS FLE E 5 TR0 R 1 491 A R AR
Bt FP 23R8 SEBR R TURE A (B4 15 ] Ry T ) 1) B AR 4L
3 FN 7R SEBR A IERE AR A 10 5 Sk £ 491 PR B A
AP FRE T ERAS 5 BRS I B s mAP R X I A 2
SR PRMESEA TR A S 45 R
2.4 HEASCIE

T B AF CCMW-YOLO11n 9 A 2Pk, 2 ¢ DL
YOLO11n [ 45 15 54 Sy e 455 AU 73 il 51 A CARAFE |
MAN-E .CSP-T #i3tL & Wise-Inner-SToU 1 2k pRER , 75 5%
R Fe e o 5 4 T RS Rl S 56, DA PPA 45 00 i
it XA I P i R e LA Y 3 Al S I 4 R N 3k 3
Fim

SR EE R R B U A AT YOLO In A
ANFEFEERTE 76 YOLO11n JIIA CARAFE | %A, 1
W T RHE AR S, mAP@0. 5 5 mAP@ 0. 5.0. 95 435
PBIHT 1.6%F0.4% , FEHLIERE F I8 MAN-E e,
RIS AH AL 2, S 80a F T3 & 4 S 3G T
0.28x10° i1 0. 6 GFLOPs,{H mAP@ 0.5 5 mAP@0.5;
0.95 X/ ERTE T 0. 8% F1 0. 1% , 3¢ W] MAN-E 4
Yt —2L 8 - 7 %GR A Bk E A i A I g, Rl
Je A CSP-TASEH | SHfe i 42 )=y 55 Jmy 5 R 1 1) £ 8 42 e
PR 7 AR LG TR 5 ) S8 F o o b T
0.13x10° #1 0. 1 GFLOPs,mAP@0. 5 5 mAP@0. 5:0. 95
rEETE T 0.2% 1 0. 8%, #c)ii, R Wise-Inner-SloU
R PRE, XN TR 8 A L FALAL 7, mAP@ 0.5 5
mAP@ 0.5 : 0.95 3T T 0.5%F1 0. 7%, %5 L, 2
HEJE PR AE S H 0 ST R AR R S S L T
FPETE T RGAR b SR ARG B
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Table 3 Ablation results

Wise-Inner- Precision/  Recall/ EY Y HRE, mAP@0.5/ mAP@QO0.5.0.95/
Ki#l  CARAFE ~ MAN-E  CSP-I ,

SloU % 1 %71  (x10°) | GFLOPs| % 1 % 1
1 84. 1 79.3 2.58 6.3 87.9 59. 1
2 vV 87.2 83.5 2.72 6.6 89.5 59.5
3 vV 86.2 82.2 3.38 7.6 90.2 59.9
4 vV 87.6 84.5 2. 46 6.2 90. 0 60.5
5 VvV Vv 86.5 83.2 3.00 7.2 90. 3 59.6
6 2 vV 81.7 88.2 2.59 6.4 89.6 60. 2
7 VvV v Vv 84.1 84.2 2.87 7.1 90. 5 60. 4
8 VvV 2 2 VvV 82.5 88.9 2.87 7.1 91.0 61.1

S T VTA R A AR AR AN [ 28 RS AR At ke ps H
B b RSP B, S 5 o D G AE R 5 i A S R A
AR Ha vl e o B AR AT T IR, 45 R an Sk 4
No HEREM MHERIAAE 4 KA T mAP@ 0. 5

sz B4R T, e LR S B0 AR S0 A T
mAP@ 0.5 23 4R T 4.0% F1 10.3%, LK %
B, T HR A B R R T T O AR R i i B 1Y
oRULE i

F4 B BMEREBIRSUH AT E R

Table 4 Comparison of results before and after target improvement of defects in various types of photovoltaic cells ( %)

YOLOI1n CCMW-YOLO11n
Category — —
Precision 1 Recall T mAP@0.57 mAP@0.5:0.957  Precision | Recall T mAP@0.517 mAP@0.5.0.951

black_core 93.6 92.1 96.9 94.6 89.7 97. 4 97.71 95.41

crack 70.3 76.2 75.2 48.8 70.6 81.1 79.21 48.8

finger 92.0 87.2 95. 4 54.6 91.1 86.2 94.3 54.6
star_crack 74.5 58.4 79. 4 45.5 74.9 89. 4 89.7 1 54.51
thick_line 90.2 82.4 92.6 52.3 86.5 90.3 93.91 52.1

2.5 AEHEBIRTEE KL
97 EAFISIE CCMW-YOLO11n HVEREF B, A Scik
B YOLOv3-tiny™ | YOLOv5n'™" | YOLOv8n'*' | YOLOvO-

tiny' > | YOLOvIOn'**' | YOLO11n"®' | YOLO12n"** | Hyper-
YOLO11n"" . RT-DETR-R50"* ) & RT-DETR-R101 4%
FPARALHA TS LS, SR A RN 5 PR,

RS EABMREBIBERRREILER

Table 5 Comparison results of different models of PV defect dataset

i SHE/(x10°) | 5 /GFLOPs | Precision/% 1 Recall/% 1 mAP@O0.5/% 1 mAP@0.5:0.95/% 1
YOLOv3-t 8.67 12.9 68. 1 68.9 69.7 36.3
YOLOv5n 1.77 4.1 85.4 81.5 87. 1 54.8
YOLOv8n 3.01 8.1 80.9 86.3 88.4 57.6
YOLOvO-t 2.61 10.7 80.9 85.6 89. 1 60. 1
YOLOv10n 2.27 6.5 85.8 83.5 87.7 59.0
YOLO11n 2.58 6.3 84. 1 79.3 87.9 59. 1
YOLO12n 2.50 5.8 83.0 84.5 88. 1 59.4

Hyper-YOLOn 3.62 9.5 84.0 82.4 89.3 59.2
RT-DETR-R50 41. 94 125.6 83.1 71.5 83.0 56. 1
RT-DETR-R101 60. 91 186.2 63.6 73.2 76.5 50.7

' 2.87 7.1 82.5 88.9 91.0 61.1

ST g LR, IR Y CCMW-YOLO11n 7525
TR BE 5% 35 19 Hyper-YOLO /b 0. 75%10° B8 3T,
mAP@ 0.5 & mAP@0.5:0.95 235482 T 1. 7% 1. 9%,
JR4E YOLOvSn £ U 9 2 B0 i M3 0 e IR, (0 3L
mAP@0. 5 5 mAP@0. 5:0. 95 7SI T MR 3. 99% il

6.3%, WA, YOLOvIOn AR 7EMERG % [ 3R Bl fd:, (I
18] R0 - 340K BE 48 A5 A8 B CCMW-YOLO11n, RT-
DETR RFIBAI ) 250 Kot 5 B & T YOLO &4,
HARASCEAR S AR ISR AR FIAR, A L T HoAth 3 30
BEARL, B HE S5 B9 B AL S R BE 4R A mAP @ 0.5 5



- 128 - LSRR R e o

40 &

mAP@0. 5:0.95 435358 T 91. 0% F1 61. 1%, iX 3 TWit§
PREIRE] T Sl eI L S B P RE L
2.6 MEKBEHEE

IDENGETENT SR

HUE Wise-Inner-SloU 1 4% pR BT A9 &0, AR SCHE
5\ CARAFE MAN-E 1 CSP-T 5 ) J& 1 FF 556,
o # T Focal Loss, Varifocal Loss, Qualityfocal Loss .
EMASlide TLoss. Slide Loss. WIoUv3 M H. 5 Inner-IoU .
EloU .GloU , DIoU , CloU , SIoU ,MPDIoU HI ShapeloU 4§ £
P& P BRI BE 22 57 . IR R ANER 6 PR H
1 base 5 WIoUv2 2Z [B] ()35 2% pRECH 4325451 2k PR, base
5 WloUv2 K22 J5 B0 % eREICR 8 40 2% R, IAERE K
FIORE , 73 240 % oR BU7E 0 S ROF- 40K5 1 L 3= 9K
2T e NI R EL, FE A& Varifocal Loss Y mAP@
0.5 HA 83.4%, Qualityfocal Loss A mAP@ 0. 5 ik 3]
89. 0% (HILAERH % LA 75. 3%, 76 T 45 1 5% R A 14 52 56
Tk T, WloUv3 M2 4 46 % oRBSCHE B 3 T
PPRE 5 T3 58 15 T WIoUv2 e AH e 4 A, S2u6 4% e it
—HAEM T WloUv3 45125 pREAE AL 1% AR Fia Tt dke e A
WA HROCR 38 T 7R IRT B2, R4 WioUv3 5 SloU
1 PRESTR 5 T 23R 0K 30 o e, L I 5 460 % PR
HEH mAP@ 0.5 5 mAP@ 0.5:0.95 b H 435 & i
7.9% 0. 8% F1 0. 1%, AH M Rl AL | gk I A B2 L AE
BhFE mAP@ 0.5 5 mAP@ 0.5:0.95 /35l 5 T
4.7% 0. 5% 0. 7% ., 4R, Wise-Inner-SloU 5tk bR
BOA R 5T AR B AN [m) 2 1 Dl AR Fe e a5 B A
K,

xR 6 AEMBK RIS L LI

Table 6 Comparative experiments with

different loss functions (%)

WS Precision T Recall T mAP@0.5 T mAP@0.5.0.95 1
CloU ( base) 84.1 84.2 90.5 60. 4
Focal Loss 78.0 85.0 87.6 58.2
Varifocal Loss 78.5 82.5 83.4 55.6
Qualityfocal Loss 75.3 87.1 89.0 60. 2
EMASIide Loss 81.0 84.7 87.0 58.2
Slide Loss 84.2 83.5 88.6 59.3
WloUv2 79.2 82.9 88.9 59.3
WiloUv3 86. 4 85.8 89.8 60. 3
Wise-EloU 86. 6 83.9 89.9 59.6
Wise-GloU 85.8 82.6 88.8 59.9
Wise-DloU 83.1 85.6 88.6 57.5
Wise-CIoU 85.8 79.3 88.0 58.9
Wise-SloU 87.1 81.0 90.2 61.0
Wise-MPDIoU 85.3 85.8 90. 3 59.5
Wise-ShapeloU 85.9 80.5 88.1 59.3
Wise-Inner-SIoU 82.5 88.9 91.0 61.1

2) 4585 bR BRI S WAL S R X L

SHESIE G I Wise-Inner-SToU 5 2% pREUZE I SIGH
JE AL, AR S a nT AR R AR TS 2K R Y
result. csv X, 9 FIT7R i A [Rl 46 4% R BCEE )1 2R AN 56 IE
W B A S5 0, e rb box _loss i 2 1 A5E TR FI0 A4 H bR
T SAHE 5 LS RHE 22 8] Y 25 55 dfL_loss 38 1 A BRAE
S SAy B T AE 238 43 A R HhE v A VRS B 5 els_loss i it T
SPRUERE, WKL 9 ol L E LA B, i IS Y Wise-
Inner-SloU 45 2 R ECLE I 25 F1 56 1E By B i) e G402 8 B i
T AR CloU $i 2% sR B, FenlEAEVIZRpI I, Mok fe
HF 26 PRERLE box_loss HI dfl_loss I 2230 1 B P g e 8
W, KN Wise-Inner-SloU T [T Jylal . X — a3
TEYIN SR FNEIE B BE A AS 3 1T B, 26 W ek J5 42 2% 1R
e 7E T A At 1] Pk 2k,

3) FEAE B AT RAL

N T B UFSEE S Wise-Inner-SloU 41 4< RS 7] #14L
B AR SC LR BT IR Z M 2% PS5 2 AR AT T
2l T REIE IR 2 1 A3 R s, M DLW 2 A
IR PR AR S S 0T B A3 BT TR 23 D 28 AR i I v 1 SR AR A
IR T LR A5 BT T AT, CloU | Wise-SloU
H Wise-Inner-SloU $51 2% BRI b B9 FRAE W 10~ 12
FiR

1 & 10 AT, CloU 451 2K bR £ Y REAIE (5] 28 300 5 Jm
AT EA TR X 35 22 IX 3 ik s R B %) P 8 S R
gt

Wise-SloU 1 2% bR £ A R AE I AH H CloU A5 fr ele ik,
AR AR v (BATH IR RIS — 2 1 31k

Wise-Inner-SloU i 2k bR % i) 47 1iF 1] 3¢ 90 Ky e A 4
o, FEAERTE HAR Y T, X R UNZEIATE OCTE H AR 7
T HA AT B 7, 3K 5 9080 45 R — 3, Bl Wise-Inner-
SloU 7£ 43 [ FF-205 i I R B AT, 7 HH T 58k 119 A
MIPERE
2.7 AL

1) K80 R T LA

Sy 65 U T A AR TR (14 G B 7, A SCM I R i
BT 8 sk BMR#E T nl Ak 20 A, S X YOLO1In 5
CCMW-YOLO1 In Bl RIFEAG ISR b % kL, an &l 13
Fiw i — 2 WU T MG A R, B 13 (a)
YOLO1 1n FE7 5 68 5 T 4G HF 2005 H bR, A7 78 T K 20
% 13(e) W, YOLO L In 7E Wi B A A4S i 72 rp e A=
TR MZEE 13 (h) 1, YOLO1In 38 7 Xt W7 H Aok
LRI ), XS ] BRI, YOLO1 In RS AU 7E AL FE 22
AR A B bR A, o] fe i G ek 5 ks i Bk ik . A
b2 T, CCMW-YOLOT In 7E [A]— 2 £ Hh i) 4G 0K 7 A
W A TARESR IR B AR AL RE T, BERE A R
TR FIRAG
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Fig. 9  Comparison of convergence speed before and after loss function improvement
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Fig. 10  CloU-feature map
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AR 2 A T HE ST P14 ISR A 174 20
1 HARENAT B, AT A LayerCAM A H F# N A
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B LRI 1 55 68 1o A B 22 ) 9 6 2R | B A% 7 5 o T B
RIAERCR . AN T DAEAUE AR R AR5 B i
177 LayerCAM i Bl A B2 5 Y RFAE 18] v 4> 37 B 0y
FE S B M AT RO B B %) G 4 2000k 2 40 1
JFEBRF R M E, Ok B A W #e Bk,
LayerCAM AN AB1S MR A3 FR )2 Az BT 58 19 2800 141

El 11 Wise-SloU L
Fig. 11  Wise-SloU feature map

S RT LATE TR JZ I, T[] At 0 A5 R AR B8 255 ] 5 A £ 8
ERE A E AR 5 U, R [R]Z A 1 2K 300 T B
AN B A RE S AR TR B L ¢ B 0 2K 4 R B AR
X3, B R T 55 BT 55 UM RE ; B 5, LayerCAM 1
Fe i T A T CNN [ EIMR4r 2548, Jome X M 45 45
PSS [ A AR AL A 746 i, PRI AG EL A o v 1% 3 P
Sy A, BEAM, N CNN VR 2B 40007 B 2 v 8 R AT
BT Tl st S iR B0 G N BB, Ak — 2 5
UEJ5 B A 3, AR SCOTF J T 22 iR 280 ) 40 g TR % F i
B (YOLO11n 454 Grad-CAM 5 LayerCAM, D) Bz 4% 3¢ 42



- 130 - LSRR R e o

K 12 Wise-Inner-SloU 34iF &
Fig. 12 Wise-Inner-SloU feature map
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Fig. 13 Comparison of visualization effects

before and after model improvement

G RR S B LayerCAM Y38 BTG 5256 ) |, Al
14 flizs . U BRI 5 a] B4k T sk A TG, #4)
PR R BE % B St s WA DN ATE PA J80TG X I 4 vh 2%
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DU LB, A SR O SR R St il 1 52 B 1 5y
B B AR XERER A FE RS S H br s 7 T R
FH
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GradCAM
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Fig. 14  Comparison of the effect of

heat maps of different models

it — 24T IR 14 H A5 ARG T 1 05 R , A SOkt
Hr S BR & AT 50T . Geit A0 U AE P T [X
SR AR SRR BR i L, AR e S T o e AT B 4k 3
BT RS R . A XA T S 5 A ORI X, 1% 5
40% W BIME, EAN, BR T Wi XS A5 2 o Lt ok, A
SCAT TS T R AR X — P, SRR R
SIS PR AT IPAT  TR) B 38 137 %5 R L5 A0 A ) % i
SCEREE IR 7 PR, 45 E W, YOLO11n-GradCAM |
YOLO11n-LayerCAM #1 CCMW-YOLO11n-LayerCAM [ #4
T BTEAR F T35 & H A5 R 28. 2% (34, 3% 11 38. 2%,
TEARSCBIESE -, LayerCAM FEARTEM S BB SZ R h =
M E ¥, YOLOI In-LayerCAM 5 YOLO11n-GradCAM #H
Fo R R S N T 6. 1%, 4, CCMW-YOLO11n
IR O o5 e 38. 2%, Sk i A R AR o i e
FER ARSI, CCMW-YOLO1 In f 46 I AE 25 80 1 T 3
BT FERICR , RN AEAG KGR B 5 | e ket U
KRG A, 255k F , CCMW-YOLO1 In 7E 37 o5
bl SR FE T IR RS 32 1 22 e B 35 M P S M

x7 RANEHBEXESHERE

Table 7 Heatmap activation region analysis experiment (%)
B El4(a) T E14b) T E14(e) T Fi4(d) T E14(e) T EI4D T E14(g) T F14(h) T FHSEHRT RERE
1 10.7 38.5 23.8 37.0 71.0 18.1 6.1 20.1 28.2 %=
2 24.7 31.9 27.1 23.1 75.3 30.1 38.7 23.8 34.3 B
3 27.1 36.1 28.3 35.2 50.2 25.7 78.1 24.7 38.2 By

71 F/R YOLO11n-GradCAM ;2 %7K YOLO1In-LayerCAM ;3 /8 CCMW-YOLO1 In-LayerCAM

3 & &

B AR HE b g 5 G 0 R R AR 2 A
K BRKTAER L, A SCHE T — R LT YOLO1In (1) 2ie itk
B ——CCMW-YOLO1 In, 24 B0 7 8 T /0 4% v $2 1
T CSP-1 B 35 T 4RI X 4 J5) 55 Ja) R4 AIE 1) 25 A 42
HUHE 1 TE BB M 45 Hh R I T CARAFE [RAEHEA %

Oy I RE RS AR Al SR T RRAE PN 2 TG R RS AL, A AR O
PREH I  SORAFAN (5 B, 358 T AR /N B AR L
KA FEER R0 5 [A) lA MAN-E BBt — A5 3 a8 7
TIHEB L5 I RFIERRIKBE JT 5 ILAh , $2 ) T Wise-Inner-SloU
ok B ARAE GE Y CloU 2% | ik — A A4k 1 s o bk
BB, SEESSRFIA, M E BB FE & 2 15 Sy Gk
MHLFEEURESE F mAP@ 0. 5 Fl mAP@ 0. 5:0. 95 43 il ik
FT 91.0%F1 61. 1%, 35 4fH YOLO1 In BERLS: 52T T
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