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YOLO-SCD: identification and segmentation of defects in
polycrystalline silicon solar cell wafers
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Abstract: Polycrystalline silicon solar cell wafers have lower cost, which is favorable for popularization.
However, their internal fluffy filaments are more, and PL (photoluminescence) on-line detection is difficult. By
studying the channel operation characteristics of the deep network, an improved YOLO-SCD (you only look
once- solar cell defects) network is proposed on the basis of YOLOvS. In the backbone network, channel
blending operation is used instead of dense convolution operation to enhance the information exchange
between channels while lightening the network; and the network's ability to learn key features is enhanced by
the introduction of attention module. In the neck network, multi-channel multiplication is used instead of inter-

layer addition operation, the C2f star module is proposed to enhance the ability of the network to fit the data,
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and the partial convolutional downsampling module is proposed to reduce the redundant information of the

feature maps with partial convolutional operation to achieve the purpose of lightweighting the network.

Finally, YOLO-SCD achieves a detection accuracy of 0.970 for polycrystalline solar panel defects, a

segmentation accuracy of 0.962, a model weight of only 5.7MB, and an FPS( frame per second) of

90.03.Comparative experiments show that YOLO-SCD is more suitable for mobile deployments while having

high recognition accuracy.

Key words: solar cell; defects detection; deep learning; feature fusion; YOLOv8
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Fig. 12 Structure diagram of PCD network
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Fig. 13 YOLOV8-seg detector head structure diagram
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Fig. 14 PL defective data set
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Fig. 15 Data processing
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IFTEJT 10 UG .
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Table 1 Parameters of the training environment

Parameter type Parameter value
Optimizer SGD
Learning rate 0.01
Training epoch 100
Batch size 16

Image size/pixel 640 x 640

2.3 iEMIEER

R T AERS B v A R, AR R TUDRS B L 43
FDRE BE L B R/ INRD A 3 R AR LR A i, R
15 FH mAP(B) K fif &, AP /245 )& (Precision, P) I

H 12 (Recall, R) M2k 57 LAY TR TH3E 420N
NTP

P=— (10)
Nrp + Nep
N,
R=—2"1" (11)
Nrp + Ny
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Fig. 16 Experiment for exploring position of PSD module
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Table 2 Comparison experiment of PCD position

Model mAP(B) mAP(M) Params GFLOPs Size/MB FPS
YOLOv8-seg-n 0.969 0.970 3.26M 12.0 6.8 85.20
Experiment 1 0.962 0.953 291M 11.4 6.1 90.90
Experiment 2 0.976 0.952 3.11M 11.9 6.5 88.14
Experiment 3 0.963 0.956 2.76M 11.4 5.8 92.03

2.5 C2f star B B LI
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YOLOVS8-seg-n [ B A3 B 35 S f 4, 43 31 5 Jn

YOLO-SCD
Backbone

YOLOVS8-seg-n

Backbone Neck

Experiment 4

YOLOVS8-seg-n

Experiment 5

TE YOLOv8-seg-n 1 H T M 4 (S 40 4) . 51 &8
26 (525G 5) . BT 4%+ ER W 45 (SE 5 6) AT
S

YOLOv8-seg-n  YOLO-SCD
Backbone+Neck Backbone+Neck

YOLO-SCD
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Fig. 17 Experiment for exploring position of C2f_star
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Table 3 Comparison experiment of C2f_star position

Model mAP(B) mAP(M) Params GFLOPs Size/MB FPS
YOLOvVS8-seg-n 0.969 0.970 326 M 12.0 6.8 85.20
Experiment 4 0.949 0.949 3.10M 11.7 6.5 89.63
Experiment 5 0.971 0.963 3.06 M 11.6 6.4 89.50
Experiment 6 0.947 0.945 290 M 11.3 6.1 90.74

2.6 XfLLikie

T4 B A SCER 19 YOLO-SCD #1 YOLO-
v5-seg-n, YOLOvS8-seg-n #f 17 X It 5Z 45, YOLOVS-
seg-n Fll YOLOvS-seg-n #fs j& ultralytics 1 PA U 7+ &
1) BE T B S 451 43 B I 2 45570 H S 400 Fh B i
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Table 4 Comparative tests

Model mAP50(B) mAPS50(M) Params GFLOPs Size/MB FPS
YOLOvVS8-seg-n 0.969 0.970 326 M 12.0 6.8 85.20
YOLOV7-seg 0.978 0.964 37.88 M 142.0 76.4 50.00
YOLOvV9-seg 0.985 0.967 27.37TM 144.3 55.7 46.00
YOLO-SCD 0.970 0.962 2.67M 11.3 5.7 90.03
0 Comparison of metrics/mAP(B) across epochs Comparison of metrics/mAP(M) across epochs
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Fig. 18 Comparison of YOLOVS-seg-n, YOLOVS8-seg-n and
YOLO-SCD mAP(B)
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Table S Ablation experiments

Shuffle Block PCD C2f star CBAM mAP(B) mAP(M) Params FPS
— — — — 0.969 0.970 326 M 85.20
y — — — 0.973 0.957 296 M 89.50
— y — — 0.976 0.963 3.11M 88.14
— — y — 0.971 0.963 3.06 M 86.47
— — — y 0.967 0.960 333 M 84.20
— y y — 0.979 97.10 291 M 87.80
y y y — 0.966 0.953 261 M 91.09
y y y y 0.970 0.962 2.67M 90.03
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Fig. 20 Example segmentation results
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