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Solar cells surface defect detection algorithm based on improved YOLOvVSs
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(School of Mechanical Engineer, Sichuan University,Chengdu 610000, China)

Miu Jiaxin

Abstract: The appearance of defects on the surface of solar cells will seriously affect the efficiency of solar energy
conversion, accurate detection of defects on the surface of solar cells and timely treatment can effectively improve power
generation efficiency. Aiming at the demand for high precision and real-time surface defect detection in the solar cell
production process, this paper proposes a solar cell surface defect detection algorithm based on the improved
YOLOv5s. The algorithm firstly replaces the C3 module in the network with a C3CA module in the backbone feature
extraction network, and incorporates the CBAM attention mechanism to improve the feature extraction capability of the
network; secondly, introduces the BiFPN network structure in the feature fusion network to improve the feature fusion
capability of different semantic and scale information in the network; lastly, introduces a decoupled head in the output
end, which improves the convergence speed of the modeled network with the detection accuracy. The experimental
results show that the improved model has an average precision of 66. 4% on the EL dataset of photovoltaic cells with an
mAP@0. 5:0. 95, which is 7.1% higher than the original network. It realizes the fast and effective localization and
identification of defects on the surface of solar cell wafers, which has certain practical application value in the industrial
production process of solar cells.
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Fig. 2 Improved model network structure
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Fig. 12 Comparison of detection effect

ELEGBERGEBRENE N BAREEH S W E
SOHEFHIE . 7E5] A C3CA Bl 5 CBAM 3 J AL i 47 45
TESRBUS » B8 A 50— H 5 J4 HF 50 00 45 Bk A FR AR A9 T4
Pt e B XA AR AE B IR 5 £ 51 A BIFPN M 28 2544 J5
AT LA A S0 5 S 9 5 ) L AR i S [ RUBE R A AR AR AR
SR G, R BT X R AE A B A B ECRE 7 5 A Sk /9 AR 4k
o A5 ASE TR A I B %) 43285 55 0 P ok B B I B e L 3 5 T AR
ARG B 5z b fe

A SR B B YOLOvSs #6 il A5 5 55 9 I A5 70 4R
LU o X6 a0 5 ) PR R BE T e s RREAER T O R R R R A o, e i
4D G TS 0 2 TR B R I S
3.5 b

BT 5 EAG YOLOvSs MRS L, Ry T i — 4 5
UEAS SC 46 A ek B i Pk e B BCEE Y YOLOvss §
Faster R-CNN, EfficientDet, SSD. 7k & 4F & Hi Ay
YOLOv5s-FFM g 5 ¥ 42 th 1) YOLOv5s-CCCW 15 #!
HEATXT LG I o0 B LA R, L g5 R NSk 5 FiR,

RS TREEEMREIE

Table 5 Performance comparison of different algorithms

Y ET W% mAP50  FPS
Faster R-CNN ResNet50 65. 2 27.9
EfficientDet Efficientnet-D1 74.3 18.2
SSD VGG16 76.7 30.5
YOLOv5s CSP-Darknet53 88.0 106. 4
YOLOv5s-FFM CSP-Darknet53 87.7 114.7
YOLOv5s-CCCW  CSP-Darknet53 86.5 74.6
AR SRR CSP-Darknet53 89.4  65.8
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