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Fig. 1  Defect detection system for aerospace solar cells
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Fig. 2 Five types defect of aerospace solar cells
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Fig. 3 Slicing method of image
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Table 1  Defect datasets before and after image enhancement
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Fig. 4 Image enhancement effect
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Fig. 5 YOLOX-s network structure
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Table 2 Training parameters setting
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Table 3 Comparison of models evaluation results

A6/ S BRBATR F150%k R/% Pl% AP/% mAP@0.5/% FPS/(i/s)

bubble 0.94 92.45 95.45 94.09
cell_crack 0.96 95.80 96.61 97.12

voC glass_contrary 0.99 100.00 98.62 100.00 92.56 1.28
glass_crack 0.85 79.71 90.16 85.99
mismatch 0.85 80.58 90.22 85.59
bubble 0.95 96.25 93.90 96.00
cell_crack 0.86 85.56 85.56 86.92

VOC_Crop glass_contrary 1.00 100.00 100.00 100.00 93.73 3.13
glass_crack 0.90 89.19 90.83 89.21
mismaich 0.93 93.75 92.59 96.53
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PIRTE /Ay RN ES L walllpyE
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CBAM HE H 35 7 1 3 5 K %R 1 el Xk, AT 42 = B A
DB A PERE o

A U g5 T, AR TR H b o B B A A
YOLOX-s, 3£ F DSC A v6 AU S B K T 1.535%10°
(BWFH5), L mAP RS T 0.85 NA M. HAh, BTk
P R AE (Bilinear) B9 v7 A8 R A 4 - FH 5 S04 11
SRRERE R, mAP 4255 T 0.6 D4

T RS S5 T GTOU [0l 35 2% B ALAN Focal Loss 28
59158 2K R B0 RE 8 R v A AR T TR A BT L S BB R A
DIPERE . A, 51 = AL s J 3 A0 4 (8 R 4y
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Table 4  Results of ablation experiment

iz 10U GIOU  DIOU  CIOU  FocalLoss  CBAM DSC  Bilinear ~ mAP@0.5/%
YOLOX-s N 93.73
vl N 94.96
V2 N 94.78
v3 N 93.96
v4 N 95.06
V5 N 94.10
v6 N 94.58
v7 N 94.33
B A R N N N N N 96.55

https://www.cnki.net



91 ZEPRAEAE . LT YOLOX-s 3092 A AT R AC BH P b B A5 281
44 YOLO ZFIEEXT L #F TR R IR VOC B VI 25, AR SCe A B R FH DT R

ﬂﬂﬂ‘*ﬁ%lﬂiﬂ&ﬁﬁ%ﬂ%ﬁ{mﬂﬁﬁﬁ ,iﬁj;% YOLO /%EJE VOC_CYOp ﬁ%%ﬂ”é}ﬁ ,&ﬁ*ﬁ IE] E]/‘J'U”é/ﬁﬁé%ﬁo *ﬁiﬂ‘fﬁﬁﬁﬁ
WAL 5 G FLSE8 . YOLOVS-s . YOLOvS-s il YOLOX-s 4 FEBS RN 5 Fion .
R5 HEMEREITLL

Table 5 Comparison of model performance

F14344
FEETY mAP@0.5/% ZHE10° FPS/(i/s)
bubble cell_crack  glass_contrary  glass_crack mismatch
YOLOVS5-s 86.34 0.91 0.97 0.99 0.83 0.09 7.03 1.46
YOLOv8-s 90.43 0.89 0.97 1.00 0.81 0.46 11.17 1.41
YOLOX-s 92.56 0.94 0.96 0.99 0.85 0.85 8.94 1.28
AR TR 96.55 0.94 0.93 1.00 0.92 0.87 7.40 2.85
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DEFECT DETECTION FOR AEROSPACE SOLAR CELLS BASED ON
IMPROVED YOLOX-s ALGORITHM

Li Zhenwei, Zhang Shihai, Qu Chongnian, Ru Chengyin, Chen Kangjing
(School of Mechanical Engineering , Tianjin University of Technology and Education, Tianjin 300222, China)

Abstract: Aiming at the problems of defect detection for aerospace solar cells, the machine vision and deep learning are combined to
detect the surface defect of solar cells. The aerospace solar cells images are obtained through the vision detection system and the
aerospace solar cells defect dataset is constructed according to the enterprise s defect classification standard. So as to solve the problem
of low recall rate caused by information loss of convolution and down sampling, the slicing technique is used to obtain the partial defect
images of solar cells and the sub-image dataset is constructed. In order to avoid the overfitting problem caused by insufficient dataset in
the model training process, the appropriate image enhancement methods are adopted to expand the dataset for different defects. The
YOLOX-s algorithm is improved by using depth wise separable convolution, optimizing the loss function, adopting bilinear interpolation
up sampling, and introducing convolutional block attention module, and the best comprehensive defect detection model for aerospace
solar cells has been obtained. The effectiveness of the improved model has been verified through comparison of multiple detection
accuracy indicators between the models trained by different datasets, as well as ablation experiments. The superiority of the improved
model for aerospace solar cells defect detection is verified through comparative experiments between similar mainstream models.

Keywords: solar cells; machine vision; deep learning; YOLOX-s; defect detection
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