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Rain Removal for a Single Image Based on Conditional
Diffusion Implicit Models

XU Jie,SUN Si-yuan
(School of Computer Science,Jiangsu University of Science and Technology ,Zhenjiang 212100, China)

Abstract; Rainy weather can interfere with images and increase the difficulty of image processing. To eliminate the influence of rain on
images, we propose an image rain removal method based on the conditional diffusion implicit model. It adopts a fully convolutional
network architecture based on SR3,using a variant of the U—-Net structure, and replaces the traditional residual blocks with BigGAN s
residual blocks, removing self — attention mechanism, positional encoding, and group normalization. This implementation enables the
conditional diffusion model to support input of images of any size, without being affected by the image resolution. In addition, the
proposed method introduces deterministic accelerated sampling and uses subsequence time steps to speed up the generation process and
improve the image restoration rate. By processing the image in overlapping blocks, the sub—blocks are processed and called into memory
in stages,reducing resource consumption and improving the algorithm’s applicability. The method uses smooth noise estimation to guide
the denoising process, achieving higher image fidelity for the generated images. Tests on synthetic and real datasets show that the
proposed method improves the peak signal-to—noise ratio and structural similarity of images, while preserving more complete details and
achieving better visual effects after rain removal.
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