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Abstract : Photovoltaic (PV) power generation serves as a core pillar for China's energy transition and the achievement of the dual
carbon goals, and the efficient and safe operation of its systems is of vital importance. However, PV panel faults can directly lead to a
sharp drop in power generation, a rise in safety risks, and an increase in operation and maintenance costs, which have become a key
bottleneck restricting the high-quality development of the PV industry. To address this issue, a PV panel fault diagnosis method based on
cross-scale feature fusion is proposed. By leveraging the existing security equipment in PV power stations, this method can accurately
detect six operational states of PV panels, including normal, dust accumulation, bird droppings adhesion, electrical loss, physical
damage, and snow coverage, without incurring additional hardware costs. Specifically, this method firstly constructs a cross-scale feature
fusion framework combining the Transformer and the convolutional neural network ( CNN). The Transformer captures the global
contextual features of PV panel images through its self-attention mechanism, providing global guidance for the CNN to extract local
detailed features. Secondly, a dense connection mechanism is designed in the CNN branch, which enhances the propagation and reuse
capabilities of features at different levels through cross-layer connections of feature maps. Meanwhile, a visible light dataset for six
operating states of PV panels is developed in a targeted manner, covering different lighting conditions, weather situations, and fault
types. Compared with other models, this method exhibits superior comprehensive performance, with a Top-1 accuracy of 93.33% and a

Top-3 accuracy of 100%. Additionally, the model has a relatively lightweight parameter scale and low hardware computing power
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requirements. Furthermore, to comprehensively evaluate the engineering application value of the method, a three-dimensional

comprehensive evaluation index system, model accuracy-usage efficiency-application scale, is established, which further verifies the

feasibility of the method for practical deployment in PV fields.
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Table 2 Comparison analysis of result distribution

ik 25k Param. GFLOPs Top-1 AC/% Top-3 AC/%
ResNet18 11.18 1.82 80. 00 86. 67
ResNet34 21.29 3.68 80. 00 93.33
ResNet 741 ResNet50 23.52 4.13 78.33 95.00
ResNet101 42.51 7.86 76. 67 93.33
ResNet152 58. 16 11. 60 70. 00 90. 00
VGG11 128.79 7.61 81.67 95.00
<5 VGG13 128.98 11.30 78.33 91. 67
VGG R4
VGG16 134.29 15.45 76. 67 90. 00
VGG19 139.59 19.63 73.33 86. 67
vit_base_patch16 85. 65 16. 86 61. 67 90. 00
21 vit_large_patch16 303. 11 59. 69 61.67 80. 00
VIT %!
vit_base_patch32 87.42 4.37 63. 33 88.33
vit_large_patch32 305. 46 15.26 61.67 85.00
swin_tiny 27.50 4.37 68. 33 91. 67
swin_small 48.79 8.54 70. 00 93.33
Swin-Transofmer Z 5|
swin_base 86. 69 15.17 65. 00 95.00
swin_large 194.91 34.08 68.33 86. 67
AR SRR ctfnet_base 125. 59 32.19 96. 67 100. 00
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Fig.4 Comparison of Top-1 accuracy for each model
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Fig. 6 The results of the impact of different stacking

layer numbers on model performance
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Table 3 The impact of different fusion ratios on model performance

Yist RlGHLE 1 G 2 AGHLE 3 Al 4 Top-1 AC/% Top-3 AC/%
Y1 1/8 1/8 1/8 1/8 91. 667 96. 667
Y52 173 1/3 173 173 93.333 100. 000
Y 3 1/8 1/4 1/2 1 96. 667 100. 000
Y4 1 172 1/4 1/8 78.333 93.333
Y s 1 1 1 1 70. 000 88.333
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Fig.7 Typical fault attention heat map of PV panels
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Fig. 8 Three-dimensional adaptive scatter plot
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Table 4 Comparison results of accuracy rates for

newly added categories

B3PS FEAEL R MR/ %
A () 10 10 100. 00
BFEME 10 9 90. 00
TR % 10 10 100. 00
LIRS 10 9 90. 00
YR 10 10 100. 00
MEE R 10 10 100. 00
Fofth 10 8 80. 00
-85 R AR — — 94.29
2) BT

kLR UE I S R AR & 2 5 B B R
MG R DR 2257 IR T PRI 3 4 4
JEBIT S, R S 4] S UL B Rt — R
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Table 5 Experimental design and results for model robustness verification

T4 T4k IEH 1,3 UK LIk L/pa HE TR

%51 e GE) MR mE mk e owmm o e P

640x 640 ( 1) 100 90 100 90 100 100 85 95. 00 —
EEINuy 320%320( 4 /IN) 100 80 95 80 100 100 70 89.29 -5.71
1 024x1 024(HK) 100 90 100 90 100 100 85 95. 00 0.00

TG (BEME) 100 90 100 90 100 100 85 95. 00 —
piiE s G (IETROE) 100 85 95 85 100 100 80 9. 14 -2.86
6 (BEAROL) 100 90 90 90 100 100 85 93.57 -1.43

T FREE () 100 90 100 90 100 100 85 95. 00 —
KT %K (REWLEEAR) 100 85 100 85 100 95 80 92. 14 -2.86
MR (@) 100 85 95 85 100 95 80 91.43 -3.57

Wl R 5 ATLUA S BRI OR S 5T
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Table 6 Comparison analysis of results for
SDNET2018 dataset
Jii: Param. GFLOPs Top-1 AC/%

ResNet34 21.29 3.68 88.35
ResNet50 23.52 4.13 89.73
VGGI11 128.79 7.61 86. 56
VGG13 128. 98 11.30 87.92
vit_base_patch16 85.65 16. 86 78.36
vit_large_patch32 305. 46 15.26 76.53
swin_small 48.79 8.54 83.37
swin_base 86. 69 15.17 82.21
P Hy A 125.59 32.19 91. 86
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