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Abstract. Adverse weather image restoration aims to recover clear vis-
ibility from degraded images in complex weather conditions. Existing
works attempt to address this problem by modeling relationships between
pixels, however, this paradigm defies the spatially non-uniformity fact
of degradations and learns non-discriminative features from semantic-
conflict regions. In this paper, we propose SSR, a Semantic-center guilded
State space model for image Restoration. The key idea of SSR is to shift
the conventional scanning strategy of pixel-serial to semantic-guilded
one. Specifically, we introduce a Superpixel-guided Selective Scan Mech-
anism (S3M), which first partitions the image into perceptually coher-
ent regions via superpixel clustering and then performs relations mod-
eling within the semantic-related regions. Moreover, a Region-level Gat-
ing Mechanism (RGM) is developed to perform intra-region calibra-
tion by modulating degradation outliers within each semantic super-
pixel unit along the channel dimension. Extensive experiments on 6
well-established benchmarks demonstrate that SSR performs favorably
against state-of-the-art models with competitive computational cost. The
source code is publicly available at https://github.com/LIDAYU-DayuLi/
SSR.
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1 Introduction

Adverse weather conditions, such as rain, haze, and snow, pose challenges to vi-
sion systems deployed in real-world environments. Serious degradations distort
scene structures and corrupt visual cues in a spatially non-uniform way, leading
to performance degradation in downstream applications [8,35,58]. Intuitively, de-
veloping a unified image restoration model for handling different adverse weather
conditions provides a plausible solution.
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Previous restoration methods [12, 34] primarily rely on hand-crafted pri-
ors to approximate the physical process of degradation. Unfortunately, these
simplified assumptions often fall short in capturing the diverse and non-linear
patterns observed in real-world weather. To address this, deep learning-based
approaches [7, 24] have shifted the paradigm toward data-driven one, achiev-
ing superior performance by learning complex mappings from large-scale paired
datasets. Nevertheless, most existing models are constrained to task-specific set-
tings (e.g., only deraining or dehazing), which leads to limited generalization
capability when encountering different or hybrid degradations under in-the-wild
environments.

To address the diverse and complex degradations in adverse weather, All-in-
one Image Restoration (AIR) frameworks aim to restore images using a single
unified model. Early CNN-based methods [17,20] are restricted within limited re-
ceptive fields, while Transformer-based architectures [38,65] achieve global mod-
eling but incur quadratic computational overhead. More recently, State Space
Models (SSMs) [9, 25] have emerged as a promising alternative, offering linear-
complexity long-range dependency modeling. However, directly applying SSMs
to the AIR task presents a critical challenge. For the vision tasks, the SSMs
rely on flattening 2D images into 1D sequences for recursive state propagation.
The vanilla SSMs adopt predefined and geometry-based scanning trajectories,
such as standard raster scans [25] (Fig. 1a), window partitioning [13] (Fig. 1b),
or hilbert curves [45] (Fig. 1c). These attempts achieve advanced performance
boosts with limited computational cost, but they are hindered from generat-
ing better results by ignoring image semantic content. SSMs rely on sequential
state accumulation to model representation, while these predefined trajectories
inevitably include semantically conflicting regions as continuous sequences (e.g.,
patches cross object boundaries). These fields are not ideally suited for the SSMs
to learn informative features, and heavy mixed degradations further impede the
models from achieving satisfactory restoration.

In light of this, we propose the Semantic-center guided State space model for
Restoration (SSR) to advance the content-agnostic scanning manner in current
methods. Instead of relying on rigid geometric paths, SSR utilizes superpixels
(Fig. 1d) as perceptually coherent units to dynamically construct structure-
aware scanning trajectories. This adaptive routing strictly adheres to semantic
boundaries, effectively preventing the leakage of degradation noise into clean
regions. Furthermore, we introduce a Region-level Gating Mechanism (RGM) to
perform intra-region calibration. By adaptively modulating degradation outliers
within each semantic superpixel unit along the channel dimension, our framework
provides a more interpretable, efficient, and content-adaptive SSM-based model
tailored for universal weather restoration.

Our main contributions are summarized as follows.

– We propose SSR, a Semantic-center guided State space model for image
Restoration, which shifts the conventional scanning paradigm of SSMs from
pixel serial to superpixel-based semantic-guided one, effectively preventing
learning noisy features from the semantic conflict regions.
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(a) Raster [25] (b) Local Window [13] (c) Hilbert [45] (d) S3M(ours)

Fig. 1: Comparison of scanning mechanisms. (a-c) Existing predefined scan
strategies fall into a content-agnostic paradigm, and may learn non-discriminative fea-
tures from semantic-conflict regions. (d) Our Superpixel-guided Selective Scan Mecha-
nism (S3M) Scan constrains the trajectory within perceptually coherent regions, effec-
tively preventing information leakage and ensuring structure-aware state evolution.

– We introduce the Superpixel-guided Selective Scan Mechanism (S3M) to
model relations within perceptually coherent regions, alongside a Region-
level Gating Mechanism (RGM) that performs intra-region calibration by
modulating degradation outliers along the channel dimension.

– Extensive experiments on 6 well-established benchmarks demonstrate that
SSR performs favorably against state-of-the-art models with competitive
computational cost.

2 Related Work

Task-specific image restoration. Early work in this field primarily relied on
image decomposition or statistical priors (e.g., sparse representation for rain
streak removal [14, 15] and the Dark Channel Prior for haze removal [12]).
With the widespread adoption of deep learning, the focus shifted towards data-
driven modeling, leading to the development of various specialized network ar-
chitectures. such as polarization-aided transformers [6] and detail separation
networks [7], recurrent aggregation networks [22], and uncertainty-guided multi-
scale designs [49] for rain streak removal; attention-guided generative adversarial
networks [32] and dual attention models [56] for raindrop removal; transmission
map estimation models [48] along with contrastive learning frameworks [44] for
dehazing; and periodicity-aware frameworks for burst flicker removal [33]. On
the other hand, researchers have also developed effective desnowing models by
incorporating context-aware designs [24] or leveraging semantic and depth pri-
ors [57]. More recent solutions are often built upon general CNN backbones [4,5]
or Transformers [61–63]. However, this specialization in a single degradation type
impedes generalization across diverse weather conditions, thereby complicating
practical deployment with multiple dedicated models and increased overhead.
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All-in-one weather removal. In recent years, uni�ed all-weather image
restoration models have emerged as a signi�cant research direction, aiming to
handle multiple weather degradations with a single model. Early e�orts primarily
focused on exploring generic network architectures [20] or leveraging the global
modeling capability of Transformers to construct foundational models [38]. As re-
search has progressed, more diverse approaches have been introduced to enhance
model generalization and adaptability, including disentangling weather-general
and weather-speci�c features [66], adopting generative frameworks such as dif-
fusion models [28], integrating learned codebook priors [50], and incorporating
global image statistics as priors within Transformer-based models like Histo-
former [30]. Moreover, some works have explored strategies such as instruction-
based natural language guidance [3] and prompt-encoded degradation condi-
tions [31]. At the same time, e�cient long-sequence modeling architectures, rep-
resented by State Space Models (SSMs), have been introduced to this task, o�er-
ing a new approach for modeling long-range degradation dependencies through
their linear complexity and selective mechanisms [39]. Nevertheless, accurately
modeling diverse and spatially heterogeneous weather degradations remains a
core challenge in the �eld.

Mamba-based image restoration. Recent advances in SSMs have in-
troduced an e�cient approach for modeling long-range dependencies in image
restoration, leveraging linear complexity and selective scanning mechanisms [9].
General frameworks such as MambaIR [11] and VMambaIR [36] have validated
the potential of this architecture as a foundational model for image restora-
tion. Concurrently, research on task-speci�c designs has proliferated, spanning
areas including deraining [18,47,68], dehazing [59,60], deblurring [16], and low-
light enhancement [1,42]. For instance, RainMamba [45] incorporates a Hilbert-
order scanning mechanism to enhance the preservation of local structures, while
Wave-Mamba [67] integrates wavelet transforms to optimize feature representa-
tion in the frequency domain. Furthermore, studies such as Vision Mamba [64]
and Mamba-ND [21] have extended SSMs into pure visual architectures and
multi-dimensional data processing frameworks,improving model capabilities in
dense prediction and multi-dimensional signal modeling. These developments
collectively underscore the ongoing evolution of scanning strategies within SSM
frameworks, highlighting their critical role in capturing spatially varying degra-
dations and establishing a foundation for further advances in sequential modeling
for image restoration.

3 Methodology

3.1 Overall Architecture

The overall architecture of SSR follows a hierarchical encoder-decoder frame-
work (Fig. 2). Given a degraded image Iin 2 RH�W �3 , a 3 � 3 convolutional
layer is �rst employed to extract shallow features Fs 2 RH�W �C , where C de-
notes the number of feature channels. These features are then fed into a 3-level
symmetric encoder-decoder network. Each level consists of several S3M Blocks
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Fig. 2: Overall architecture of the proposed Semantic-center Guided State Space Model
(SSR). Our model adopts a hierarchical U-shaped encoder-decoder structure to cap-
ture multi-scale features for uni�ed weather restoration. The backbone consists of mul-
tiple S3M Blocks, which integrate the Superpixel-guided Selective Scan Mechanism
(S3M) and a Region-level Gating Mechanism (RGM) to perform intra-region calibra-
tion by modulating degradation outliers along the channel dimension. Skip connections
are employed to fuse multi-scale encoder features with upsampled decoder features.

(see Sec. 3.2). For the level-l encoder/decoder (l 2 f1; 2; 3g), the intermediate

features Fl
enc =F l

dec 2 R
H

2l�1 � W
2l�1 �2 l�1 C are progressively processed. We utilize

bilinear interpolation and 1 � 1 convolutions for downsampling and upsampling,
complemented by skip connections between corresponding levels to fuse multi-
scale features. Finally, a 3 � 3 convolution is applied to generate the restoration
residual R 2 RH�W �3 . The �nal restored image I rec is obtained by:

I rec = I in + R = I in + F SSR (I in ); (1)

where FSSR (�) denotes the proposed SSR network.

3.2 S3M Block

The core building block of our encoder and decoder is the S3M Block (Fig. 3).
Given an input feature X 2 R H�W �C , the block consists of a spatial token mixer
and a channel-wise feed-forward network:

X 0 = S3M(LN(X)) + X; (2)

X out = FFN(LN(X 0)) + X 0; (3)

where LN(�) denotes Layer Normalization, and the proposed Superpixel-guided
Selective Scan Mechanism (S3M) module serves as the primary spatial mixer.

The S3M module integrates two primary components: Superpixel-guided Scan-
ning and the Region-level Gating Module. Speci�cally, the scanning mechanism
partitions the input into perceptually coherent regions via superpixel clustering
and performs relations modeling within these semantic-related regions. This pro-
cess constrains state propagation to prevent learning non-discriminative features
from semantic-con�ict areas. Simultaneously, the Region-level Gating Module is
developed to perform intra-region calibration by modulating degradation outliers
within each semantic superpixel unit along the channel dimension. The channel-
wise details are subsequently processed by the Feed-Forward Network (FFN) to
produce the �nal output X out .
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Fig. 3: Structure of the S 3M Block. (a) The S 3M block enables structure-aware feature
transitions by integrating the Superpixel-guided Selective Scan Mechanism (S3M) and a
Feed-Forward Network (FFN). (b) The S 3M incorporates two synergistic innovations:
Superpixel-guided Scanning, which constrains state propagation within perceptually
coherent regions to prevent learning non-discriminative features from semantic-con�ict
areas, and Region-level Gating, which performs intra-region calibration by modulating
degradation outliers within each semantic unit along the channel dimension.

Superpixel-guided Selective Scan Mechanism The Superpixel-guided Scan-
ning mechanism partitions the spatial domain of the intermediate feature Xmid 2
RH�W �D into R perceptually coherent regions fSr gR

r=1 using a superpixel gener-
ator [55], where each pixel (i; j) is assigned a region label `i;j 2 f1; : : : ; Rg. This
partitioning ensures that the subsequent state propagation is con�ned within
semantic-related regions to prevent learning non-discriminative features from
semantic-con�ict areas.

To align the state evolution with the semantic regions, we de�ne a permuta-
tion operator P ` that reorders the �attened spatial tokens such that those be-
longing to the same superpixel are grouped contiguously. The superpixel-guided
sequence modeling is formulated as:

F sp
seq = P ` (reshape(Xmid )); Z sp

seq = SSM(F sp
seq); (4)

where SSM(�) denotes the selective scan operator. The output sequence is ke-
mudian restored to the original spatial arrangement via an inverse permutation
Y = reshape(P�1

` (Z sp
seq)). This mechanism ensures that the state propagation is

con�ned within perceptually coherent regions, thereby preventing the aggrega-
tion of non-discriminative features from semantic-con�ict areas.

Region-level Gating Mechanism The Region-level Gating Mechanism (RGM)
is developed to perform intra-region calibration by modulating degradation out-
liers along the channel dimension (Fig. 4). For each perceptually coherent region
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Fig. 4: Illustration of the Region-level Gating Mechanism (RGM). (a) Input
features Xmid with superpixel labels partitioning the spatial domain into perceptually
coherent regions. (b) The RGM computes regional statistics (� r ; � 2

r ) and employs a
lightweight MLP to generate adaptive gating factors g r for channel-wise modulation.
(c) Visualized gated features ~X. The mechanism adaptively modulates degradation
outliers within di�erent semantic units to perform intra-region calibration.

Sr , we �rst compute the regional mean � r 2 RC and variance � 2
r 2 RC from the

intermediate feature Xmid as follows:

� r =
1

jSr j

X

(i;j)2S r

X (i;j)
mid ; � 2

r =
1

jSr j

X

(i;j)2S r

(X (i;j)
mid � � r )2: (5)

To perceive the degradation characteristics within each semantic unit, these
statistics are concatenated as [�r ; � 2

r ] 2 R2C and processed by a lightweight
MLP. The MLP, comprising two fully-connected layers with a non-linear acti-
vation, generates a region-speci�c gating factor gr 2 RC . This factor adaptively
modulates the channel-wise feature responses to perform intra-region calibra-
tion. For the k-th token x k 2 F sp

seq belonging to region Sr , the gated update and
subsequent state evolution are formulated as:

~xk = �(g r ) � x k ; (6)

hk = �Ah k�1 + �B~x k ; (7)

where �(�) denotes the Sigmoid function, � represents the element-wise product,
and hk is the hidden state. By modulating degradation outliers within each
semantic superpixel unit, the RGM suppresses non-discriminative features from
semantic-con�ict regions and provides a content-adaptive state transition.

3.3 Loss Function

To train the proposed SSR, we optimize the network using a combination of a
pixel-wise reconstruction loss and a sequence-level structural correlation loss.
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Given the restored imageÎ and the corresponding ground truth I gt , we �rst
employ the L1 loss to constrain the fundamental pixel-level �delity:

L pixel = k Î � I gt k1: (8)

While the L 1 loss ensures global color and luminance accuracy, relying solely
on it can sometimes lead to overly smoothed results or geometric distortions in
heavily degraded regions. To further enhance the structural coherence and linear
correlation of the restored features, we introduce a Pearson correlation loss Lseq.
Let x and y denote the �attened 1D sequences ofÎ and I gt , respectively. The
sequence-level Pearson loss is de�ned as:

L seq = 1 �
P

i (x i � �x)(y i � �y)
p P

i (x i � �x) 2
p P

i (yi � �y) 2
; (9)

where �x and �y are the mean values of the respective sequences. This term ex-
plicitly penalizes structural discrepancies and encourages the network to recover
�ne-grained details that are strictly correlated with the underlying clear image
structure.

The overall objective function is the unweighted sum of these two terms:

L total = L pixel + L seq: (10)

4 Experiments

4.1 Experiment Settings

Datasets and Evaluation Metrics. To ensure fair comparison, we follow the
standard experimental protocol adopted by previous all-in-one adverse weather
restoration methods [20, 28, 37, 38]. The training set consists of 9,000 images
from Snow100K [24], 1,069 images from Raindrop [32], and 9,000 images from
Outdoor-Rain [19]. Snow100K and Outdoor-Rain are synthetic datasets con-
taining snow, rain, and fog degradations, while Raindrop comprises real-world
images degraded by raindrops. For evaluation, we adopt the Test1 set [19, 20],
the Raindrop test set [32], and the Snow100K-S and Snow100K-L test sets [24].
In addition, Snow100K provides a real-world test set containing 1,329 images
with real adverse weather degradations. We report Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM) as quantitative evaluation met-
rics, following common practice in adverse weather image restoration [20].

Implementation Details. Our model is implemented in PyTorch [29] and
trained on a single NVIDIA A40 GPU. The network is trained for 300,000 iter-
ations with an initial batch size of 8. Following the progressive learning strategy
in Restormer [53], we use an initial patch size of 128. We employ the AdamW
optimizer [27] with an initial learning rate of 3 � 10 �4 for the �rst 92,000 it-
erations, which is then gradually decayed to 1 � 10�6 using a cosine annealing



Adverse Weather Image Restoration via Semantic-Center SSM 9

(a)Input (b)TransW. (c)WeatherDi� (d)Histoformer (e)Ours (f)GT

Fig. 5: Visual comparisons of SSR against state-of-the-art uni�ed methods. Top Row:
Raindrop removal [28]. Middle Row: Joint deraining and dehazing [19,20]. Bottom
Row: Image desnowing [24].

schedule [26] over the remaining iterations. The number of blocks at each stage
is set to N1;2;3 = f3; 3; 6g, the base channel dimension is 48, and the chan-
nel expansion ratio is set to 3. Standard data augmentation including random
horizontal and vertical �ipping is applied during training.

4.2 Comparison with State-of-the-Art Methods

Quantitative Comparison. We evaluate the performance of SSR against a
diverse set of state-of-the-art (SOTA) image restoration methods. These include
Transformer-based models such as Restormer [53], AWRCP [50], and Histo-
former [30], as well as contemporary SSM-based frameworks like MambaIRv2 [10]
and EVSSM [16]. As reported in Tab. 1, SSR achieves SOTA performance across
most benchmarks. Notably, on the challenging Outdoor dataset, which consists
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