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Few-shot Image Generative Adaptation for Power Defect Scenes
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Abstract In the operation and maintenance of power systems,timely and accurate detection of power defects is crucial to ensure
the safety and stability of the system. However,due to the difficulty in obtaining image data of power defect scenes,deep learning
models often face the problem of insufficient training samples. To solve this problem, this paper applies the diffusion model to
power defect image generation and proposes a few-shot generative adaptation method based on texture modulation and EMA pa-
rameter update to expand the power defect image dataset. Specifically, this paper introduces a texture modulation module into the
diffusion model,and improves the image’s detail capture ability and spatial structure alignment ability through a two-stage injec-
tion mechanism. In addition, this paper designs a cross-domain adaptive training strategy for EMA parameter update, which com-
bines style loss and diffusion loss to smooth the model training process and improve the quality and stability of generated images.
Experimental results show that this method performs well on multiple few-shot datasets of power equipment defects,and the ge-
nerated images have high spatial structure consistency and detail restoration capabilities, showing its application potential in
power defect detection.
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Table 2 Ablation experiment results
. #E

o i 0HA 5 HA
EMA 3.231 3.924
IS4 TexMod 3.624 3.983
EMA+ TexMod 3.721 4.616
EMA 0.587 0.620
SCSH TexMod 0.612 0. 644
EMA+ TexMod 0.630 0.693
EMA 0.614 0.619
1C-LPIPS 4 TexMod 0.629 0.629

EMA+ TexMod 0.638 0.636
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Table 3 Computational efficiency comparison experiment
ik I % B 1E /h L5 E GPU/MB  FLOPs/GMac

Baseline 12.18 45,69 106 16395 117.07
Ours 12.36 50, 41108 16515 121.91
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Table 4 Generated data augmentation sample library

5% # & ok ES

%% F AR 200 200 728
%% FE 200 200 160
EE &l SN 200 200 192
%% F N 4% 200 200 730

3 E A 50 50 243
A A 50 50 272
X S 100 100 211
%% F b 4k 50 50 670
R E R 50 50 360
AR 50 50 263
Bt 1150 1150 3829
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Table 5 Comparison results of augmented data on few-shot tasks

PN ST 3-way 3-way 5-way 5-way
FHEAE/ N 1-shot 5-shot 1-shot 5-shot
% &3 64.51 73.87 47.55 57.03
B & 66.04 75. 00 48.75 58.75
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