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Two-stage adverse weather image restoration based on
a conditional diffusion model

PAN Liwen', WANG Jun', SHI Jun', LI Juncheng?
(1. School of Communications and Information Engineering, Shanghai University, Shanghai 200444, China; 2. School of Computer

Science and Technology, East China Normal University, Shanghai 200300, China)

Abstract: To address common challenges in image restoration under inclement weather, such as blurred details, texture
loss, and high video memory usage, this study proposes a two-stage image restoration method based on a conditional
diffusion model. The first stage constructs an encoder—decoder architecture utilizing a dual-branch feature fusion mod-
ule. This architecture leverages the local perception capabilities of convolutional operations and the global dependency
modeling advantages of the transformer architecture to achieve preliminary reconstruction of degraded images. This
stage also incorporates a wavelet transform to effectively extract multiscale frequency features, preserving structural in-
formation integrity while considerably reducing computational complexity. The second stage embeds a conditional dif-
fusion model between the encoder and decoder networks, using the output of the previous stage as a structural condition.
Texture and detail are enhanced through an iterative denoising mechanism via a diffusion process. This module guides
the degraded image to steadily approximate the true image distribution through probabilistic mapping in the latent space,
ultimately achieving restoration results with considerably improved visual quality. Experimental results demonstrate that
our method outperforms several mainstream image restoration methods in rain and snow removal tasks, improving the
peak signal-to-noise ratio by 0.06~1.13 and 0.23~5.72 dB, respectively, across various datasets. The proposed method
also achieves a good balance between model parameter count and graphics memory usage. In short, this research
provides a novel, effective, and reliable solution for image restoration in inclement weather.

Keywords: deep learning; adverse weather image restoration; image restoration; diffusion model; wavelet transform;

feature fusion; multi-scale features; encoder-decoder structure
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Fig. 1 Overall framework for two-stage adverse weather image restoration based on a conditional diffusion model
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