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Small Sample Generation Method for Substation Defect Images Based on the Improved
Diffusion Model

YANG Yang', GAO Fei!, SHANG Wentong', LI Yan?, ZHAO Yonggiang?, YANG Ning', DU Po!
(1. China Electric Power Research Institute, Beijing 100192, China; 2. State Grid Corporation of China, Beijing 100031, China)

Abstract: Due to the high severity and low frequency of substation defects in expander topping and the small number of
defect image samples, it is urgent to expand the small-sample defect images through image generation methods to support
the effective improvement of substation defect image recognition algorithms. This paper proposes a small sample genera-
tion method for transformer defect images based on the improved diffusion model. Firstly, aiming at the problem that the
generative model trained with small samples is difficult to control the authenticity of defects, an improved generative dif-
fusion model is proposed. By adding the ResNext lightweight control branch, the precise generation of diverse defect
details is achieved. Then, aiming at the problem of background distortion when generating large images and reducing the
learning difficulty of the model and the video memory resources for generating large images, this paper proposes to gen-
erate through defect mask regions and fuse the defect regions into the original image. Finally, in view of the lack of a
quality evaluation method for defect image generation, this paper comprehensively evaluates the quality of the generated
defect images by integrating image quality indicators, including Frechet inception distance (FID), inception score (IS),
structural similarity index measure (SSIM), visual information fidelity(VIF), and the improvement index of the target de-
tection model (including F1 score). Experiments show that, compared with the GAN and SD series generative algorithms,
the method proposed in this paper can be adopted to improve the image quality index of small-sample transformer defect
image generation by 25%. Compared with the object detection algorithm trained only with real defects and normal sam-
ples, after adding normal images and the defect images generated using the method proposed in this paper, the F1 score of
the trained object detection algorithm is increased by more than 12% on average.
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Fig.9 Visual comparison between DreamBooth and other methods in generating defect images
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Fig.10 Comparison of F1-scores for object detection algo-

rithms under different training samples
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Table 4 Comparison of the efficiency of generating origi-
nal-sized images by the method in this article and by other

methods
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