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Abstract

Single-image dehazing under dense and non-uniform haze conditions remains chal-
lenging due to severe information degradation and spatial heterogeneity. Traditional
diffusion-based dehazing methods struggle with insufficient generation conditioning and
lack of adaptability to spatially varying haze distributions, which leads to suboptimal
restoration. To address these limitations, we propose RPD-Diff, a Region-adaptive Physics-
guided Dehazing Diffusion Model for robust visibility enhancement in complex haze
scenarios. RPD-Diff introduces a Physics-guided Intermediate State Targeting (PIST)
strategy, which leverages physical priors to reformulate the diffusion Markov chain by
generation target transitions, mitigating the issue of insufficient conditioning in dense
haze scenarios. Additionally, the Haze-Aware Denoising Timestep Predictor (HADTP)
dynamically adjusts patch-specific denoising timesteps employing a transmission map
cross-attention mechanism, adeptly managing non-uniform haze distributions. Extensive
experiments across four real-world datasets demonstrate that RPD-Diff achieves state-
of-the-art performance in challenging dense and non-uniform haze scenarios, delivering
high-quality, haze-free images with superior detail clarity and color fidelity.

1 INTRODUCTION
Single-image dehazing is crucial for downstream visual tasks [15] such as object detection,
autonomous driving, and surveillance [31], thus attracting extensive research interest. How-
ever, existing dehazing methods [7, 11, 12, 16, 18, 19, 21, 22, 27, 28, 29, 31], although

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
∗Equal contribution. †Corresponding author.
This work was supported by Guangdong S&T Program No. 2024B1111060003, the National Natural Science
Foundation of China under Grant U24A20251, 62071500, and Shenzhen Science and Technology Program under
Grant JCYJ20230807111107015.

Citation
Citation
{{Huang}, {Zhang}, {Zhang}, and {Zhao}} 2025

Citation
Citation
{Zhang, Tian, Zhang, Liu, and Jin} 2025

Citation
Citation
{Chen, Do, and Wang} 2016

Citation
Citation
{Guo, Yan, Anwar, Cong, Ren, and Li} 2022

Citation
Citation
{He, Sun, and Tang} 2011

Citation
Citation
{Li, Peng, Wang, Xu, and Feng} 2017

Citation
Citation
{Qin, Wang, Bai, Xie, and Jia} 2020

Citation
Citation
{Qiu, Zhang, Wang, Luo, Li, and Jin} 2023

Citation
Citation
{Song, He, Qian, and Du} 2023

Citation
Citation
{Wang and Yu} 2022

Citation
Citation
{Yu, Zheng, Zhou, Huang, Xiao, and Zhao} 2022

Citation
Citation
{Zhang, Cao, Fang, Kang, and Chen} 2017

Citation
Citation
{Zhang, Bai, and Xiao} 2024

Citation
Citation
{Zhang, Tian, Zhang, Liu, and Jin} 2025



2 ZHANG, YAN, ET AL.: RPD-DIFF: REGION-ADAPTIVE PHYSICS-GUIDED DIFFUSION

effective in synthetic datasets or under specific real-world conditions, could struggle with
the challenges posed by dense and non-uniform haze frequently encountered in practice.
Such challenging haze conditions are characterized by severe information degradation and
significant spatial variations in physical properties. This combination of degraded content
and color information, along with the non-uniform nature of the haze across the image, sub-
stantially complicates the restoration process.

Figure 1: Performance of our approach compared to state-
of-the-art methods on the NH-Haze dataset [3]. RPD-Diff
achieves state-of-the-art performance, outperforming previ-
ous methods on both distortion-based (PSNR↑, SSIM↑ [24])
and perceptual (LPIPS↓ [30]) metrics.

Denoising Diffusion Prob-
abilistic Models (DDPMs)
[14] have demonstrated sig-
nificant success in high-quality
image generation and trans-
lation across various domains
[8, 25, 32], shedding light on
image dehazing.However, ex-
isting applications of DDPMs
to the dehazing task [23,
26] exhibit critical limita-
tions, particularly when con-
fronted with dense and non-
uniform haze: (1) Insuffi-
cient Conditioning: Current
DDPM-based dehazing meth-
ods typically condition the
diffusion process on the hazy
input image to directly predict the clear counterpart. However, this strategy proves subopti-
mal in dense haze scenarios where significant information degradation severely compromises
the hazy image’s utility as reliable conditioning signals. Guided by such weak conditioning
signals, the direct generation of a clear image from pure Gaussian noise becomes challeng-
ing, potentially leading to the loss of fine content details and slow training convergence.
(2) Lack of Spatial Adaptivity: Standard DDPM frameworks generally lack explicit mecha-
nisms to perceive and adapt to the spatial heterogeneity inherent in non-uniform haze, where
different image regions exhibit varying haze density and associated restoration difficulties
[26]. These models typically apply uniform processing across the image, which hinders
the accurate modeling and effective restoration required for complex, spatially varying haze
distributions.

To address these limitations, we propose RPD-Diff, a Region-adaptive Physics-guided
Dehazing Diffusion Model designed for visibility enhancement in dense and non-uniform
haze conditions. The denoising Markov chain of DDPM progressively transforms a Gaus-
sian noise distribution towards the target data distribution, with quality of the results directly
influenced by the definition of the denoising target and the denoising step schedule. Recog-
nizing that the physical characteristics of dense and non-uniform haze fundamentally alter
the optimal way to define these targets and schedule these steps across an image, RPD-Diff
introduces two key components designed to adapt the diffusion process accordingly: (1)
Physics-guided Intermediate State Targeting (PIST) strategy mitigates the problem of in-
sufficient conditioning associated with direct clear image generation, particularly in dense
haze scenarios. This strategy adaptively adjusts the Markov chain transitions within the dif-
fusion process for different image regions guided by the physical prior. The modified chain
initially targets the reconstruction of hazy images and gradually transitions towards clear
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