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Diffusion Model-based Inpainting for Low-Cost, High-Resolution
Defect Image Generation
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Abstract

Deep learning-based diffusion models have attracted attention in various industries due to their ability to generate
high-quality images. However, these models require substantial time and cost during both training and generation
processes. This study proposes a diffusion model-based inpainting technique to generate high-resolution defect images
at low cost that can be used for defect detection of manufactured products. The proposed technique crops the target
generation region from the entire image by utilizing the fact that the defects are typically confined to a portion of
the product, and then applies inpainting to the masked area to produce a high-resolution defect images of the desired
size at a limited cost. In particular, the proposed LWCoPaint inpainting technique refines images generated by a
lightweight low-resolution model using a high-resolution model, significantly reducing the generation cost compared to
the existing CoPaint model while generating defect images of better quality. We expect that this approach will
contribute to the development of high-quality datasets for defect detection.
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Algorithm 1. LWCoPaint
*image x , unmasked area s
* coarse stage timesteps 77,
Input * fine stage timesteps 7%
* estimated image at time step ¢, f;”(xt)
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2 Iy g, Sp— S
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I generate z,_, with Equation 9
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13 else
14: k—1
15: endif
16: endif
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21: endif
22:  endwhile
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Table 2. Raw steel plate image dataset information

Resolution No. of images | Inclusion of the outside
4096x1300 2304 0
4096x3000 70 X
3600x1300 6 X
2300x3000 40 X
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Table 3. Number of images in the normal and faulty
datasets

Resolution |Normal images|Defect images| Total images
512x512 39,276 3,689 42,965
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