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Improved defect detection algorithm for YOLOv10n photovoltaic cells

Wang Haiqun Wu Zekai Yu Haifeng
(Faculty of Electrical Engineering, North China University of Science and Technology, Tangshan 063000, China)

Abstract: In order to solve the problems of difficulty in defect identification, high rate of missed detection and false
detection rate caused by factors such as irregular defect shape, variable size and wide variety of defects in photovoltaic
cell defect detection, an improved photovoltaic cell defect detection algorithm based on YOLOv10On was proposed.
Firstly, the bottleneck structure of the original C2{ is eliminated, and the PMSFA_CSP module is designed as a partial
feature extraction module of the backbone and neck network, and the ability to obtain context information through its
partial multi-scale feature extraction and residual structure is designed to enhance the network’s ability to fuse defect
features. Secondly, by using the shared convolutional layer with different expansion rates and the attention mechanism
of SENetV2 aggregate dense layer, the FPSC_SENetV2 module is designed to introduce the backbone network to
reduce local information loss and enhance the network’s ability to capture detailed features. Thirdly, FreqFFPN and
PMSFA_CSP modules were fused, and the FreqFP_FPN modules were designed and feature pyramid networks were
introduced to reduce category inconsistency and enhance the defect information of high-frequency details. Finally, the
SESN loss function is constructed as the bounding box regression loss function to balance the detection of defects at
different scales, accelerate the network convergence, and improve the computational efficiency. The experimental
results show that compared with the original algorithm, the improved YOLOv10n is improved by 3.0% . the
computational amount is reduced by 0.7 GFLOPs, and the parameter quantity is reduced by 0.08 M, which is
compared with the original algorithm mAP @ 0.5, and the comprehensive performance meets the requirements of
photovoltaic cell defect detection.

Keywords: photovoltaic cells; defect detection; YOLOv10n; loss function; SENetV2 attention mechanism; shared

convolutional layers;partial convolution
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B AL R, mAPSO 28 T 1.4%, S ECE U
0.06 M, JB/R T B A MM ZE A AT R E GG 5 8 Jr m
AL, Mz F.7E5I A ECA I3 A HLH G 2 80 %
HARE B H mAP50 fUHETF 0. 1% , 5 R 1 fE B 2380 (5 F
SENetV2, i 5] A LSKA & R % mAP50 M &
SENetV2 fif 0. 3% , W5 & & UK 4230, (H AT B 8 2
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FPSC #isei i £ K SPPF i e K1k )2, 351 A
ANEE MR EF)Z X SPPF Mk f7 B, S04
g R W, FPSC 1 mAP50 £ it 8 Wk o ¥4t T 51 A
ECA.CBAM,LSKA #il SENetV2 Y SPPF £ # , #5 £k 41
Tt 1. 6%, BR T A 2 ik 22 4 FR 2 76 4 3 Bl b B8 0h R
A ROEE R AT 7 T AR 35 R ECALCBAM,LSKA F1
SENetV2 {72 1 HL# 5] A FPSC #EHe i fF SPPF # e 5|
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Table 3 Comparative experiments on loss functions

ok P R mAP50
CloU 0. 865 0. 856 0. 899
WloU 0. 843 0. 873 0. 908
EloU 0. 883 0. 852 0.912
ShapeloU 0. 875 0. 875 0.917
ShapeESN 0. 862 0. 886 0.920
SloU 0.871 0. 869 0.918
Ours 0. 875 0. 876 0.922

RIEFR 3 B0 LR, 51 AR5 5 $ (CloU . WloU
EloU, ShapeloU 1 SloU) J& , #5% 78 &5 I kG B 38 T 46 452 2K oA
BRI, H, SloU M A 4L, H mAP50 B R4 4R
FET 1.9%, FAERE U0 3R A A 0 A8 HR LT H A Bk
PR, RN HAb 2 RO B AL, A0+ T CloU A
H A5 T 1) 28 A5 w3 2R E A A A2

SESN #it 4 R ¥t 3 F SloU &% it. #— %5 AT
EMASlide-Loss #l NWD-Loss., {I fb 45 5 1) 5 (K ¥ G, Ry
BAIE SloU 8 & MK BE 5 10 19 3, 3 8 ShapeloU A% L
R g, SCIBUE R . ShapeloU 19 mAP50 {2# SloU
ik 0.1%, W HAAEMAE LS SloU #ir, &, ¥
EMASIlide-Loss il NWD-Loss 5| A ShapeloU J5, R &
ShapeESN ) mAP50 #F+ 7T 0.3% . {1 H A o % F [l R
LI K mAP50 ¥+ SESN, H ik, 7E SloU B3 ht 51 A
EMASlide-Loss fl NWD-Loss K % £ ¥ £, 52 & 9iF 52,
SESN # SloU #J mAP50 #£ 71 0. 4 % . %8 3 2% 5 K5 B 2R A
MmN 1L 0% 2.0% .,
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Table 4 Ablation experiments
A% PMSFA_CSP FPSC_SENetV2  FreqFP_FPN  SESN P R mAP50  FLOPs/G Params/M
1 X X X X 0.865  0.856 0. 899 6.5 2.27
2 N X X X 0.865  0.873 0.921 6.1 2. 06
3 X N X X 0.868  0.852 0. 920 6.5 2.41
4 X X N X 0.896  0.852 0.914 6.0 2.19
5 X X X N 0.864  0.876 0. 922 6.5 2.27
6 N J X X 0.904  0.858 0.923 6.2 2.34
7 J X J X 0.879  0.866 0.923 5.8 1.95
8 J X X N 0.894  0.870 0.923 6.1 2. 06
9 N NG NG X 0.880  0.890 0. 926 5.8 2.19
10 N X N N 0.905  0.853 0.926 5.8 1.95
11 N N J N 0.880  0.899 0.929 5.8 2.19
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Table 5 Comparative experiments of mainstream algorithms

Bk mAP50 Para/M GFLOPs
Faster RCNN 0.742 41.16 206. 7
Mask_RCNN 0.813 44.17 260. 1

Cascade. RCNN 0. 837 68. 95 234.5
TOOD 0. 858 30. 81 180. 9
YOLOv3 0. 877 103. 70 282.2
YOLOv5n 0. 878 7.01 7.1
YOLOX 0.873 5.03 18.9
YOLOv7-tiny 0.754 6.01 13.1
YOLOv8n 0.893 3.01 8.1
YOLOvY-tiny 0. 898 1.97 10.7
YOLOv10n 0. 899 2.27 6.5
k(6] 0. 876 3.23 8.2
BCS-YOLOv8"*" 0.932 12. 30 20.5
Ours 0.929 2.19 5.8

SEIGBOPE B, WU BE B L A Faster. RCNN |, Mask
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S ATy A A s /. M2 T SR B
Hyk TOOD £ mAP50 I+ 43 Jill He Faster . RCNN. Mask _
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Bom AR ET BB 3 B AL YOLOVS /£y TOOD
S5 BT 24 BA B BE L, H mAPS0 & TOOD & 1.9% ., %
YOLOvSn & 0.1%, % YOLOX @& 0.5%. 2k T,
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