Adverse Weather Image Restoration with Multi-domain Collaborative Guidance
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Abstract

Images captured under adverse weather often suf-
fer severe distortions, thereby degrading the perfor-
mance of downstream vision tasks. Existing meth-
ods rely on limited weather descriptors to guide multi-
weather restoration, overlooking the intrinsic properties
of degradation and yielding subpar results. Motivated
by the observation that different weather degradations
present distinguishable frequency characteristics, we
are inspired to combine frequency and spatial cues to
capture intrinsic degradation attributes. Building on
this, we propose MCGNet, a multi-domain collaborative
guidance based image restoration framework that en-
ables the model to dynamically determine a more appro-
priate restoration strategy from intrinsic degradation
cues in the input. Specifically, we design a collaboration-
driven shared domain that cross-fuses multi-granularity
frequency features with spatial features to form cross-
domain shared guidance, which in turn dynamically re-
fine the outputs of the frequency and spatial domains
to adjust restoration strategies. Furthermore, we intro-
duce multi-scale learning of shared representations to
ensure consistent restoration of global structures and
local details. Extensive experiments on 15 datasets
demonstrate that MCGNet outperforms state-of-the-art
methods and enhances the visual quality of real-world
images captured in adverse weather.
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1. Introduction

Adverse weather, such as rain, haze, and snow, signifi-
cantly degrades image quality. Removing these weather ar-
tifacts is a critical preprocessing step for numerous practical
applications, notably autonomous driving [39]. Most exist-
ing methods are tailored for specific tasks, such as dehazing
[17, 34], deraining [4, 51], or desnowing [2, | 1]. However,
adverse weather often exhibits multiple interacting degra-
dations, causing these methods to perform poorly in such
scenes [19], which motivates unified models for restoration

under composite multi-weather conditions.

Several approaches have been proposed for multi-
weather image restoration. A straightforward strategy in-
volves training separate branches for each weather [25], yet
this approach results in linear growth of model complexity
with increasing degradation types. Another strategy uses a
two-stage restoration process [50]: the first stage extracts
general features with frozen parameters, followed by the
second stage refining weather-specific features. This ap-
proach complicates the training process and heavily relies
on weather labels (one-hot codes such as [1,0,0] for snow,
[0,1,0] for rain, [0,0,1] for haze), leading to performance
degradation due to misclassification under composite degra-
dations. To simplify training and unify the representation
of different degradations, Transformer-based methods have
been proposed [19, 22], utilizing cross-attention to intro-
duce weather descriptors to guide the model. Nevertheless,
these approaches introduce expensive computations, limit-
ing their adaptability to large-scale degradations, and sim-
ilarly depend on explicit weather descriptors. We list the
challenges in current methods as follows.
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Figure 1. Weather descriptors fail to capture fine-grained vari-
ations in degradation; even with the same description, weather

degradations can differ greatly in morphology and intensity.

* Limited weather descriptors: Weather descriptors are
ineffective in capturing the intrinsic characteristics of
weather. For example, as shown in Fig 1, three images
described as “rain” can differ substantially in morphology
and intensity. In multi-weather scenarios where degrada-
tion patterns are more complex and variable, they are even
less representative and inadequate for driving the optimal
restoration strategy.

* Limited dynamic strategy adjustment: The lack of
dynamic adjustment of restoration strategies reduces ro-
bustness under multi-weather scenarios. Previous meth-



ods [19, 50] lack flow and feedback of restoration cues,
leaving inference to static choices within a restricted strat-
egy space, which in turn suppresses overall restoration
quality and generalization ability.

We focus on dynamically inferring the optimal restoration
strategy from the intrinsic characteristics of degradation
patterns, addressing the aforementioned challenges.

Our proposed. To tackle these limitations, we propose
MCGNet, an efficient framework for multi-weather restora-
tion. MCGNet addresses the above challenges by making
the following contributions.
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Figure 2. From top to bottom: weather-degraded images, the corre-
sponding ground-truth images, and the frequency spectra obtained

by applying a fast Fourier transform to their residuals.

Frequency features. We incorporate frequency domain
knowledge into MCGNet and design a multi-granularity
Frequency-Aware Prompter (FAP) to enhance the per-
ception of intrinsic weather characteristics. Fig. 2
shows that frequency features can capture the proper-
ties of weather—rain streaks and snow grains elevate
high-frequency energy, whereas haze induces global low-
frequency attenuation [15]. FAP captures intrinsic charac-
teristics from the frequency domain that weather descriptors
cannot provide.

Multi-domain collaborative guidance. To better fuse
multi-domain knowledge into reliable restoration guid-
ance and enable dynamic strategy adjustment, we design
a collaboration-driven shared domain together with FAP,
forming the Multi-domain Collaborative Guidance Block
(MCGB). Through a two-stage cross-fusion, the shared do-
main bridges the semantic gap between frequency and spa-
tial domains and produces unified cross-domain shared rep-
resentations, which align and refine multi-domain knowl-
edge. Moreover, the shared domain modulates the fre-
quency and spatial outputs, enabling MCGNet to adaptively
select an appropriate domain combination for the current
degradation and thus infer the restoration strategy. This dy-
namic inference balances domain contributions instead of
relying on a fixed domain preference, accommodating con-
tinuous variations in multi-weather degradation.

Enhanced feature extraction and fusion. We design
two modules for enhancing feature extraction and fusion:
(1) Dual-path refinement module (DRM). DRM enhances
domain-specific features along both the channel and spatial
dimensions, yielding more discriminative shared represen-
tations. (2) Multi-scale Progressive Fusion Block (MPFB).
MPFB aggregates multi-scale shared representations from
coarse to fine, achieving consistency between global struc-
tures and local details.

Evaluations. We evaluate MCGNet on 15 datasets span-
ning five weather restoration tasks. The experimental re-
sults show that MCGNet achieves state-of-the-art perfor-
mance on each task with fewer parameters. In compos-
ite multi-weather benchmarks CDD11 [19], MCGNet out-
performs the two descriptor-guided baselines [19, 50] by
0.35dB and 1.86dB PSNR. Its cross-domain shared guid-
ance encodes richer degradation features than weather de-
scriptors, enabling better separation of degradations from
images. Further evaluations on real-world benchmarks
yield competitive quantitative and visual results, demon-
strating the practical effectiveness of our multi-domain
collaborative strategy for multi-weather restoration. We
find that the collaboration-driven shared domain effectively
models intrinsic degradation patterns; visualizations of fi-
nal decoder outputs (see Fig 12) show that MCGNet ef-
fectively captures residual frequency patterns. Overall,
MCGNet effectively enhances degradation modeling by
leveraging multi-domain knowledge and dynamic strategy
adjustments, achieving robustness in multi-weather scenar-
ios and providing practical utility in real-world settings.

2. Related Work

2.1. Specific Weather Restoration

Image restoration under adverse weather has been ex-
tensively studied [2, 4, 11, 17, 34, 51]. Early methods
were based on physical priors [20]. Later, deep learning
approaches achieved better performance by end-to-end de-
hazing [3 1], overcoming reliance on specific priors. Recent
studies have proposed various advanced architectures and
strategies, such as hybrid architectures combining CNN and
Transformer [8]. Rainy degradation is mainly character-
ized by rain streaks and raindrops [30]. Recent studies have
turned to attention [51] and Transformer-based methods [4].
The latter advances deraining by leveraging global model-
ing capability. For raindrop removal, techniques such as
branched architectures [5 1] have improved the performance
of raindrop removal. Snowy images often suffer from snow
particles and severe blur [28]. Liu et al. [28] combine
chromatic-aberration estimation and residual compensation
to remove the veiling snow layer, while the diffusion-based
method [52] reconstructs clear details by progressively in-
verting the degradation of snow particles.



Figure 3. The architecture of MCGNet. The dashed lines represent spatial feature ow, the black dashed lines denote shared feature
ow, and the blue dashed lines depict frequency feature ow.

Although effective in addressing speci ¢ weather condi- domain artifacts. Existing methods face several limitations:
tions, these approaches struggle to restore images sufferingl) they lack ne-grained frequency modulation and dy-
from multi-weather effects [50]. namic adaptation [10, 49], hindering their ability to dif-
ferentiate diverse degradation patterns; (2) they treat spa-
tial and frequency features independently, leading to limited

Recent works have explored uni ed networks for im- Cross-domain interaction and sharing [9, 34].
age restoration under multiple weather conditions. Li et ~Our work addresses these limitations by introducing a
al. [25] use dedicated encoders for each degradation, leadmulti-granular frequency modulation to adaptively extract
ing to increased model complexity. Jose Valanarasu etessential features for different degradations, while enabling
al. [22] utilize a Transformer-based encoder-decoder ar-deep cross-domain interaction among spatial, frequency,
chitecture with learnable weather-query embeddings to ad-and shared features within a uni ed network.
dress multiple degradations, while Chen et al. [3] integrate
knowledge from multiple task-speci ¢ teacher models via 3. Methodology
two-stage knowledge distillation and multi-contrastive reg-
ularization. Ozdenizci et al. [52] model restoration as a

conditional diffusion process. Potlapalli et al. [29] intro- Multi-weather is often composed of coupled degrada-
duce learnable prompt vectors for various types of degra-tjons at multiple scales. Existing methods [19, 50] typi-
dation. Guo et al. [19] use cross-attention with external ¢gjly use weather descriptors to guide restoration. However,
scene descriptors to support user-guided restoration. Desjnce these descriptors overlook the ne-grained character-
spite these advances, most methods rely on weather destics, models cannot dynamically adjust strategies from the
scriptors, which fail to capture intrinsic degradation features degradations themselves and performance is limited. To ad-
and hinder adaptation to complex multi-weather scenarios.gress this, we propose MCGNet, which consists of three
Therefore, we adopt cross-domain shared representation@omponems as shown in Fig. 4-6: (1) Multi-domain Col-
that fuse multi-granularity frequency and spatial features as|gporative Guidance Block (MCGB), (2) Dual-path Re ne-
guidance signals for restoration. Compared with weather ment Module (DRM), and (3) Multi-scale Progressive Fu-
descriptors, they encode richer degradation information andsjon, Block (MPFB). Among them, MCGB serves as the
provide more comprehensive support. core by aggregating multi-granularity frequency features
into a uni ed shared representation. They serve as guid-
ance maps to modulate domain outputs, enabling dynamical

In the spectrum, rain streaks and snow particles mani-strategy inference from degradations themselves. DRM am-
fest as dense local occlusions, increasing high-frequencypli es degradation features by enhancing attention to chan-
energy, whereas haze suppresses low-frequency comporel and spatial dimensions, thereby reducing feature re-
nents [12]. This frequency distinction serves as a naturaldundancy during cross-domain fusion. MPFB strengthens
prior for identifying degradations [10, 34]. Recent works multi-scale adaptability by progressively fusing shared rep-
propose merging the spatial and frequency domains for im-resentations from coarse to ne, ensuring consistency be-
age restoration. Zhou et al. [49] injects frequency priors tween global structures and local details. Thus, incorporat-
into the decoder via Itering and a dual-branch prompt- ingthree components, MCGNet shows phenomenal restora-
ing module, which modulates them to suppress frequency-tion performance under multiple weather conditions.

2.2. Multi-Weather Restoration

3.1. Motivation

2.3. Multi-domain Learning






