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Abstract: In order to improve the detection accuracy of various types of defects in the electroluminescence
imaging of solar cells, a solar cell surface defect detection algorithm CMF Anet was proposed by fusing
multiscale features and attention mechanism. Firstly, for the characteristics of solar cell surface defects
with large scale span, an enhanced multi-scale feature fusion method was designed, whose basic unit con-
sists of a feature alignment module and a feature fusion module connected in series, and for the feature in-
formation with different semantic levels, the feature alignment module adjusts their scales, so that these
features can be fused together more easily; secondly, for the characteristics of solar cell surface defects

with high level and variable geometry, a deformable ghost convolution module is designed. Secondly, for

e B 88 :2023-12-04; 1&1T H #5 : 2024-02-20.
E&WAB:FREAARER4 (No. U21A20482,No. 62173124)



o514 J&

R4 < Rl 22 ROBERRAE 15 T 08 7 A DK BH AE FRL 1tk 2 T ke o A6 DU 2287

the characteristics of high degree of similarity between defective features and background features on the so-

lar cell surface and variable geometry, a deformable ghost convolution module was designed, whose basic

unit consists of feasible variant convolution, multiplexed coordinate attention mechanism, and ghost convo-

lution; the multiplexed coordinate attention mechanism optimizes the generation of offset in the feasible

variant convolution, and the introduction of ghost convolution mechanism effectively reduces the FLLOPs

of the network model. The experimental results show that the mAP of this paper's method reaches 91. 4%

on the photovoltaic cell defect anomaly detection dataset PVEL-AD, which is improved to different de-

grees compared to other mainstream target detection networks.
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ke B —E R E R T
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Fig. 10 Comparison of heat maps
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Tab.4 Comparative experiments of different FPN

Ty P R F AP, AP, AP, AP, mAP Params/M Flops/G FPS
v8n-PANet 86.24 63.11 72.88 78.48 91.73 84.94 72.17 81.83  3.15 8.86 114.5
v8n-BiFPN 88.57 52.94 66.27 71.28 92.14 78.83 76.43 79.67  3.14 7.41  131.2
v8n-AFPN 90.61 80.84 85.45 79.73 84.91 88.26 85.98 84.72  3.58 8.44  109.6
v8n-CCFM 85.95 73.51 79.24 77.59 89.42 83.47 83.44 83.48  3.21 6.7 127.4

v8n-LFAI&HFAI  89.56 82.04 87.52 76.56 93.79 91.09 83.90 86.33 3.92 9.27 112.6

3.7 MR LI

J T B 3E CMF Anet 76 K FH fit # t 3% 1 Bk f
b A ROrE S B M AR SCHE B Faster R-
CNN"", YOLOv5s® , YOLOvS8n, Ghost-Net'"*' ,
YOLOv7"™, EfficientDet"™" £ SSD"*" &5 & /Il % 4%
F3XF L5250

2 W 2 78 crack 2 i) 6 4G 0 2k SR an & 11 B
N, WL AT DUF Y, AH 35 Al 9 2%, CMF Anet
oRULE Di A= T oSV T

X HESE G A5 AN 3R 5 P o AER TR R T LA
F i, Faster R-cnn B4 B {4 56 P 8y L (H F(H
A, U I A A JE AR H AR A AT 55 i E R
A ] R 2 B A . CMFAnet i F {54
86. 730 , A S I K 1 190 2% v f v {E L F AR
e DUJSIE B 1o 26 A U AR 5 bR 4G U AT: 55 b A2 A 1 2 A
11 [l #& 2 (8] A5 0 A 1 OF fiif . CMF Anet 76
crack, star_crack Fl finger = 28 &t [ ) 6 00 K5 BE 1
B B A (8, 9K thick line B A& IS JE K T YO-
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LOvV7, /8 CMF Anet i 2 %= {X 4 6. 36M, Jf H.
mAP ik 91. 4%, M3 T 3 ME M 45 YOLOvSn #2

Faster R-cnn EfficientDet

FT 7.65% , WEHH T A< 3CHr #2 B9 4% CMF Anet 78
K BHRE H, T 2 T fke 5 4G 04 55 B B R AT 3

GhostNet

YOLOvSs

YOLOv7 YOLOV7-tiny YOLOv8n CMFAnet
B 11 crack f I & %t L
Fig. 11 Comparison of crack detection results
x5 MEEBITELE
Tab.5 Comparative experiments of different detection networks
J7 1k p R F AP, AP, AP, AP, mAP  Params/M Flops/G  FPS
SSD 93.02 34.02 45.75 65.12 74.81 92.66 63.99 74.14 26.29 62.75  49.5
Faster R-cnn 94.47 35.86 48.50 65.29 82.77 93.43 69.73 77.80 28.31 253.5  41.3
EfficientDet 89.74 40.57 53.01 70.46 86.38 94.56 71.29 80.67 15.7 8.4 68. 6
YOLOV5s 91.26 61.95 72.51 71.48 92.74 93.25 73.39 82.71 7.28 17.16  62.3
GhostNet 91.55 59.32 71.25 68.69 92.51 83.34 79.13 80.92 5.37 1.52 70.8
YOLOvV7 93.86 70.67 79.75 77.41 93.73 94.34 85.23 87.68 37.62 59.53  61.4
YOLOv7-tiny  94.42 38.66 51.25 71.06 85.00 93.43 69.81 79.87 6.07 13.32  82.1
YOLOv8n 87.79 65.76 74.53 77.68 92.63 86.59 78.11 83.75 3.16 8.86 114.5
CMF Anet 88.12 85.41 86.73 87.50 95.90 99.40 83.00 91.40 6.36 11.9  106.3
4 B B B 4010 2 B A B 2 207 MCA 7T LA A 7T 9

Bt X A BH AE L Tt 2 TR R B RUE B 2R LA
TR 2 72 TN 55 OB A 2% O R 00, AR SCHR Y — 7
fil & 22 ] R AR 55 32 0 0 109 O LA R it 5k I A
53k (CMF Anet) , & T W) 265 160 780 Xof 1Y 45 52 56
TE T 4Rk A Rk AN R

78 3 B offset Y A2 I, A HG BT 5 3 A 0 R
DX 5 4 Y T Al A8 4 B 2 g A B T T Y
MCD A5 e n] LI 35 19 26 B9 48 A 5 BUCRE ) 5 42
fih 38 ik 0 2 ROJBE R AL R 5 45 A4 RT LA AT 200 X
AN TR B4R I S HEAT Rl S 4R 1 IR 4% X H AR B AR
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MAEF . AX S YOLOvSn # It , crack, fin-
ger Fl star_crack B9 A RS B 43 0 2 7 1 9. 8204,
3.72% 1 12.81% ,mAP £ F+ T 7. 65% , [ i
TRFE TR B FPS{H . SR AR5/ £ 1K
JERHE 30 2 S0 AE A RN R AR I 1 AR
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