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Abstract

Adverse weather conditions cause diverse and complex
degradation patterns, driving the development of All-in-
One (AiO) models. However, recent AiO solutions still
struggle to capture diverse degradations, since global filter-
ing methods like direct operations on the frequency domain
fail to handle highly variable and localized distortions.
To address these issue, we propose Spectral-based Spatial
Grouping Transformer (SSGformer), a novel approach that
leverages spectral decomposition and group-wise attention
for multi-weather image restoration. SSGformer decom-
poses images into high-frequency edge features using con-
ventional edge detection and low-frequency information via
Singular Value Decomposition. We utilize multi-head linear
attention to effectively model the relationship between these
features. The fused features are integrated with the input
to generate a grouping-mask that clusters regions based on
the spatial similarity and image texture. To fully leverage
this mask, we introduce a group-wise attention mechanism,
enabling robust adverse weather removal and ensuring con-
sistent performance across diverse weather conditions. We
also propose a Spatial Grouping Transformer Block that
uses both channel attention and spatial attention, effectively
balancing feature-wise relationships and spatial dependen-
cies. Extensive experiments show the superiority of our ap-
proach, validating its effectiveness in handling the varied
and intricate adverse weather degradations.

1. Introduction

Adverse weather conditions, such as snow, rain, rain-
drop, and haze, severely degrade visual information, mak-
ing image restoration an essential task for various applica-
tions [20, 24, 58]. To address this issue, researchers have
explored methods to remove weather-induced degradation
from images [5, 27, 31, 37, 38, 40, 59, 62, 68]. In particular,
significant efforts have been made to leverage image-based
priors, such as edges and fourier patterns, as a foundation
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The code is available at github.com/jeongyh98/SSGformer.
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Figure 1. Overview. We propose SSGformer, an All-in-One ad-
verse weather removal model with three key components. (a) So-
bel operator and SVD extract spectral information from degraded
image, producing degradation-aware features through spectral fea-
ture fusion. (b) The fused features identify degradation patterns
and generate a “grouping-mask” for spatial grouping. (c) Features
are grouped by the mask for group-wise spatial/channel attention.

for restoring degraded images [22, 43, 64, 75, 76].

Early research on adverse weather removal primarily fo-
cused on handling single weather conditions [4, 8, 46, 60].
However, as the demand for comprehensive models to ad-
dress multiple types of degradation grew, the focus shifted
toward All-in-One (AiO) approaches for adverse weather
removal [7, 12, 26, 30, 33-36, 49, 61, 63, 70, 72, 77, 78].

Despite these advancements, developing a unified model
capable of handling diverse weather conditions remains
a major challenge due to the highly variable nature of
weather-induced degradations. The complex interactions
between different atmospheric conditions lead to unpre-
dictable visual degradations, making it difficult to create a
single framework that generalizes well across all scenarios.

To address the challenges posed by adverse weather
conditions, several studies have explored image restora-
tion techniques in the frequency domain. AIRFormer [18],
a general-purpose AiO model, constructs a frequency-
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guided transformer encoder by incorporating wavelet-based
prior information to enhance feature extraction, leveraging
structured frequency priors to improve restoration quality.
Fourmer [73], similarly, employs the Fourier transform to
disentangle image degradation from content components,
utilizing the global nature of the Fourier domain to pro-
cess degradation patterns comprehensively. AdalR [13]
is designed to identify and mitigate degradation patterns
through frequency domain analysis. These methods show
the potential of frequency-based restoration, which trans-
forms an image into the frequency domain and manipu-
lates its frequency components. However, operations in the
frequency domain that affect the entire region modify the
frequency content of the entire image. This global filter-
ing method may be suitable for addressing repetitive pat-
terns, such as blur or noise. However, it is not effective
for handling random and localized degradations that oc-
cur in adverse weather conditions. Additionally, while the
wavelet transform processes images by dividing them into
frequency bands, it reduces the image resolution by half.
Consequently, to use this frequency information, the image
needs to be resized back to its original dimensions, which
may introduce distortions. Therefore, an effective solution
is required that extracts valuable spectral information for
frequency-based image restoration, while preserving spatial
details to prevent the loss of crucial contextual information.

To conquer this problem, we propose SSGformer, which
not only extracts essential features using image-based priors
but also ensures their effective integration within a compre-
hensive framework. As shown in Fig. | (a), the first step ex-
tracts edge and low-rank information from the input image
while preserving spatial details. Conventional edge detec-
tion captures high-frequency edge features, while Singular
Value Decomposition (SVD) analyzes degradation textures
in the low-frequency domain. To model the relationships
between spectral information, we use multi-head linear at-
tention to capture the interdependencies within the spec-
tral features. Building on this, we expand the information
exchange beyond local spectral regions by identifying and
comparing spatially similar areas across the image, facili-
tating broader degradation-aware feature sharing and more
efficient grouping. To achieve the grouping, we employ a
mask generator to capture spatial similarity from the spec-
tral information and generate a grouping-mask that clusters
relevant features based on their values (Fig. 1 (b)).

To effectively utilize these grouped features and facili-
tate global information exchange, we design a specialized
architecture tailored to optimize their integration. In this
architecture, we propose attention mechanisms that operate
on mask-based grouped features exhibiting similar spatial
characteristics as shown in Fig. | (c). These group-wise at-
tention is applied both spatially and across channels, allow-
ing the model to focus on the most relevant features. Con-

sequently, our proposed architecture enables robust degra-
dation removal across diverse adverse weather conditions.
Our contributions can be summarized as:

* We propose SSGformer, an innovative transformer archi-
tecture that enhances restoration effectively handling ad-
verse weather conditions.

* We reveal that directly extracting image information via
edge detection and SVD is effective for robust adverse
weather removal. Moreover, efficient grouping of this in-
formation is key to performance gains.

* QOur extensive experiments showcase the robust restora-
tion capability of SSGformer, achieving state-of-the-art
performance across a complex weather degradation.

2. Related works

2.1. Task-specific adverse weather removal

Attempts to restore images degraded by adverse weather
conditions to clean images initially began as single-task ap-
proaches. Common restoration tasks involves deraining,
desnowing, dehazing, and raindrop removal.

Deraining aims to remove rain streaks from images. In the
early stages, the task was solved using hand-crafted or rule-
based methods [10, 22]. The development of single image
deraining has entered the deep learning era, leading to the
emergence of numerous deep learning-based approaches [9,
16, 17, 52]. Some of works utilized a conditional GAN [27,
68], edge loss [59], and a multi-scale residual network [62]
for deraining. Since transformers emerged [50], studies [8,
54] have leveraged ViT’s image analysis capabilities [14].
Dehazing has been widely studied across various fields,
thereby aiding daily life. Early methods [I, 42] uti-
lized CNNs for dehazing. Proposed learning methods in-
clude considering both atmospheric light and transmission
map [25], GAN [38, 60], and contrastive learning [53].
Desnowing [2, 4, 31, 41] tasks remove snow particles from
an image and fill in the empty areas behind them. The
research has been proposed using a method that is aware
of size and transparency [5], semantic and geometric pri-
ors [71], and dual-tree wavelet transform [6].

Rain drop removal has been studied using temporal in-
formation from videos [65] in the early era. During the
machine learning era, CNNs [15] were initially used to
clean images, followed by enhancements through GAN-
based methods [37, 55]. More research [19, 57] has been
widely proposed using edge information [40], multi-scale
attention [44], and transformer [46].

2.2. All-in-One model for adverse weather removal

Early restoration methods were constrained by the need
for separate, task-specific models for each adverse weather
condition. This limitation has led to efforts to develop uni-
fied frameworks. Li et al. [28] introduced task-specific en-
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Figure 2. Overall framework. (a) SSGformer is a transformer-based encoder-decoder network that restores a weather-degraded image Ip
to a clean image I¢c. The encoder consists of Spectral-based Decomposition Prompt (SDP), Mask Generator (MG), and Spatial Grouping
Transformer Block (SGTB), which include two types of blocks: SGTB-C and SGTB-S. At stage p, there exist as many blocks as the
number indicated by L,. The stage p increases from 1 to 4 and then decreases back to 1 in the decoder. (b) SDP takes the input image Ip,
passes it through Sobel operator and SVD filter to generate Fisope; and Fisv p, which are processed by the Spectral Feature Fusion Module
to produce F’s. (¢) In the Spectral Feature Fusion Module, Fisoper, Fisv b, and Ip, are passed through multi-head linear attention to obtain
the fused features F§,;.; and F&y, . (d) Feature flow at p-th stage in the encoder. Fs from SDP is sent to both MG and SGTB, while the
previous stage output F},_1 and the “grouping-mask” M,, from MG are fed into SGTB to produce Fj,.

coders, which were later expanded upon with contrastive
learning [26]. Subsequent advancements include two-stage
knowledge distillation [7], single encoder-decoder archi-
tectures [49], and the decoupling of general and specific
weather features [78]. Ye et al. [63] utilized quantized code-
book prior to remove degradation, while Sun et al. [47] fur-
ther improved restoration quality by grouping similar fea-
tures using pixel-sorting. However, in some challenging
scenarios, intensity may not sufficiently distinguish seman-
tically different regions, possibly affecting attention behav-
ior. Although recent methods [32, 56] incorporate external
knowledge through LLMs or VLMs, our approach is funda-
mentally grounded in intra-image information without re-
sorting to any external source.

3. Methods

3.1. Overview

Our goal is to restore images damaged by random degra-
dations and highly diverse weather conditions within a uni-
fied framework. Many existing AiO models address severe
weather degradation through global filtering but struggle
with highly variable conditions. To solve this object, one
of our key idea is that adding comparisons between simi-
lar features through grouping can lead to more robust ad-
verse weather removal. Moreover, grouping features based
on spectral characteristics provides valuable information for

image restoration. With these ideas, we propose a novel
architecture, SSGformer, that captures inherent variability
and randomness through spectral analysis and effectively
integrates them within a comprehensive framework.

SSGformer is a transformer-based unified 4-stage
encoder-decoder network designed to restore a weather-
degraded image Ip to a clean image /<. The encoder con-
sists of a Spectral-based Decomposition Prompt (SDP), a
Mask Generator (MG), and a Spatial Grouping Transformer
Block (SGTB). The decoder incorporates SGTB and a re-
finement block. For more details, please refer to Fig. 2 (a).

To consider the pixel similarity, it is necessary to group
the features, which requires a criterion for dividing the
groups. Therefore, we begin the design process selecting
the information to determine the rule. To extract informa-
tion for the criterion, SDP is designed to perform spectral
analysis using two types of filters, the Sobel operator and
SVD filter, and fuse the features with multi-head linear at-
tention. Then, the MG generates a grouping-mask from
degradation-aware feature Fls, the output of the SDP, en-
abling the spatial grouping of features with similar charac-
teristics. Using this mask, SGTB applies group-wise atten-
tion to enhance feature interactions. Depending on the type
of attention used, SGTB is categorized into SGTB-C for
channel attention, and SGTB-S for spatial attention. De-
tailed descriptions of SDP, MG, and SGTB are provided in
Sec. 3.2, Sec. 3.3, and Sec. 3.4, respectively.
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3.2. Spectral-based Decomposition Prompt

Spectral-based Decomposition Prompt (SDP) (Fig. 2 (b)) is
divided into two stages. In the first stage, spectral informa-
tion of the input image Ip is decomposed using multiple
filters. Subsequently, we integrate these features through
our Spectral Feature Fusion Module and convolution lay-
ers, yielding the degradation-aware feature Fs.
Spectral analysis. To extract essential priors related to
spectral information, we employ two decomposition filters.
One is the Sobel operator which detects high frequency
information by highlighting intensity changes. The other,
Singular Value Decomposition (SVD), finds low frequency
knowledge of the degraded image. The features obtained
from the two filter operations, Fs,pe; and Fgy p, both in
RHEXWx1 capture different information from the same in-
put Ip. H and W denote the spatial dimensions at current
stage. This complementary spectral analysis enables early
capture of various types of degradation, which can provide
valuable spectral features for effective restoration.
Spectral Feature Fusion Module. To find the relationship
between each spectral feature, we adopt multi-head linear
attention [23], which improves feature representation by
sharing spectral information with different characteristics.
Prior to this, we introduce the Sobel and SVD refinement
blocks to enhance each spectral feature (see Fig. 2 (c)). The
Sobel refinement block uses a convolution layer and fea-
ture reorganization, which refine information by incorpo-
rating surrounding context. The SVD refinement block con-
sists of convolution layers, feature reorganization, and a de-
formable convolution layer, which refine the low-frequency
components with Ip. The refined features are then passed
through multi-head linear attention, which is followed by
channel splitting before further processing. Afterward, we
apply pixel shuffle [45] to upscale the feature, expanding
the receptive field to better understand the context. The up-
scaled features are processed using max pooling or global
average pooling to emphasize salient features and capture
global context information, yielding F¥ ., and Fgy, .
The manipulated spectral features are combined to form
the degradation-aware feature Fs. Specially, F§,,., is
element-wise multiplied with the feature extracted from Ip,
while the Fév p 1s multiplied with the Fgy p after a convo-
lution layer. These two components are then integrated as:

Fg = [Fgypq © Convi(Ip), Fgyp © Convy(Fsyp)] (1)

where © denotes element-wise multiplication. [e, e] is the
concatenation operation.

3.3. Mask Generator

Previous methods [13, 29, 47] typically rely on the fea-
ture derived from the prompt without any additional pro-
cessing, often simply concatenating it and feeding it di-
rectly into the network. However, these approaches do not
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Figure 3. (a) Spatial Grouping Transformer Block (SGTB)
starts with a convolution layer that fuses the previous stage fea-
tures F,_1 and the degradation-aware features F's. The grouping-
mask M), is element-wise multiplied with F}, and is also fed into
Feature-Grouped Attention. (b) Illustration of Feature-Grouped
Attention. Features are grouped using M,,, which encodes spatial
similarity. In-group and cross-group attention are applied simul-
taneously, with a group selector handling query exchanges before
cross-group attention. The same color represents the same group.
This is an example when the number of groups, g, is 4.

fully utilize the extracted information. To overcome this,
we introduce a spatial grouping method that first gener-
ates a grouping-mask from the degradation-aware feature
Fs to enhance feature utilization. This mask identifies re-
gions in the feature map with similar characteristics, en-
abling effective spatial grouping. It plays a crucial role in
focusing on regions that share similar degradation patterns,
thereby improving the efficiency and effectiveness of the
restoration process. At stage p, the mask generator consists
of a simple convolution layer that synthesizes information
across multiple channels to produce a single-channel mask,
M, = Conv;(Fs), where M, € RIT*Wx1 Notably, the
mask is used in both the encoder and decoder at the same
stage, ensuring coherent and effective feature manipulation.
With this grouping-mask M), feature elements are di-
vided into g, number of groups, structuring them for further
processing. The mask utilization is described in Sec. 3.4.

3.4. Spatial Grouping Transformer Block

One of our key idea is analyzing spatially correlated fea-
tures and considering their contextual relationships can be
helpful to handle the unpredictability of weather-induced
distortions. To this end, we design the Spatial Grouping
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Figure 4. Illustration of the group selector process. (1) Each
group’s value is pooled to obtain a representative feature ([21~4).
(2) Cosine similarity is computed using the representative fea-
tures to measure inter-group similarity. The darker the matrix, the
higher the similarity score. (3) The most similar group is selected.
(4) Attention is computed using the query from the selected group.
For clarity, the example is illustrated with four groups, where the
same color represents the same group.

Transformer Block (SGTB), which performs group-wise at-
tention by leveraging spatial similarity information from
generated masks. Furthermore, unlike existing transformer-
based AiO models that rely solely on channel attention,
SGTB incorporates not only channel attention but also spa-
tial attention, enhancing restoration performance by facili-
tating information exchange along the spatial axis.

SGTB follows a standard transformer structure, com-
prising a normalization layer, attention, and feed-forward
network, as shown in Fig. 3 (a). At the beginning of
each SGTB, the features F},_; from the previous stage
(for the first block, the input degraded image) and the
degradation-aware features Fs extracted from SDP are
combined through a convolution layer as follows:

F), = Conv,[F),_1, Fs]. )

The resulting feature F), goes through a normalization layer,
Feature-Grouped Attention (FGA), and a feed-forward net-
work (FFN), and is expressed as follows:

F, = F) + FGA(LayerNorm(F) ® M,, M,),  (3)
F, = E, + FFN(LayerNorm(F,)). 4)

In FGA, we employ two attention mechanisms: chan-
nel (SGTB-C) and spatial attention (SGTB-S). The grouped
features undergo attention operations, either channel-wise,
by emphasizing the most relevant channels, or spatially, by
focusing on key regions within the feature map. These at-
tention operations are structurally identical, with the only
distinction being the dimension of the attention matrix.
Feature-Grouped Attention, which is the key component,
utilizes the grouping-mask M), to perform spatial grouping
of features. We group features based on mask values, di-
viding them evenly into g, groups (e.g., g, = 4 in Fig. 3
(b)). Each grouped feature has the same spatial dimensions,
i.e., the same number of elements. This grouping mecha-
nism enables restoration by focusing on regions with similar
characteristics, effectively handling spatial variability.

While attention within individual groups allows the
model to capture local feature relationships, it is limited to

learning only within those specific groups. To overcome
this limitation, we extend the attention mechanism to cap-
ture cross-group relationships, enabling the model to learn
broader feature dependencies and expand its receptive field.

Accordingly, we implement two types of group attention
mechanisms, in-group and cross-group. In-group attention
is applied within each feature group, while cross-group at-
tention identifies the relationship between itself and another
group. As shown in Fig. 3 (b), to perform both types of at-
tention simultaneously, the grouped features are projected
to generate two queries, two keys, and one value:

a",q. ki k!t ™ = Projection(Gy'), (5)

HXW o
where GJ' € R o» represents the feature of the m-th
group at stage p, with m € {1,2,...,g,}. The subscript ¢
indicates in-group attention, and c indicates a feature used
in cross-group. The dimension of G} is derived by spa-
tially grouping the original feature map, which has dimen-
sions RT*WXC where C represents the channel dimen-
sion. Each projected feature has the same dimensions as
G}'. Next, the in-group attention is calculated within the
group as follows:
Al = In-Group(g;", k", v"™). (6)

For cross-group attention, rather than performing compar-
isons across all groups, which would be a computationally
heavy task, we aim to efficiently target a specific group.
Therefore, to identify the most relevant group, we propose
the group selector which computes the similarity between
all v™ and selects the most relevant group index for group
m while excluding itself, as follows:

am = GroupSelector({v"}?* ), st. n#m (7)
and a,, denotes the selected group index (Details are de-
scribed in the next section.) The attention is performed us-
ing the query from the selected group, g&™:

Al = Cross-Group(gom, k', v™). (3)
After calculating A7" and Al . for each group, they
are aggregated to obtain the final attention outputs, A;,

and Acss. The output for FGA is combined with skip-
connection as follows:

F, = F) + Convi(a1 ® Ain + a2 © Across).  (9)

Here, a1 and «a are learnable weights that balance the con-
tributions of A;, and Ac;oss.

Group selector. To identify the most relevant group, each
group generates a representative feature R,, by channel-
wise pooling its values v™, which aggregates the features
across the channel dimension. The cosine similarity is then
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Table 1. Quantitative comparisons on the All-weather dataset [28]. Methods with a * mark are adopted from All-in-One image restoration
and trained with the All-weather dataset. The best values are marked in bold, while the second-best values are underlined.

Rain Snow Raindrop Average
Method PSNR SSIM | Method PSNR SSIM | Method PSNR SSIM | PSNR SSIM
CycleGAN [74] 17.62  0.6560 | SPANet [51] 23.70  0.7930 | pix2pix [21] 28.02 0.8547 - -

o | pix2pix [21] 19.09 0.7100 | JSTASR [5] 2532  0.8076 | RaindropAttn [40]  31.44 0.9263 - -

.%0 HRGAN [27] 21.56  0.8550 | DesnowNet [31] 27.17 0.8983 | AttentiveGAN [37] 31.59 0.9170 - -

“ | MPRNet [66] 28.03 0.9192 | DDMSNet [71] 28.85 0.8772 | MAXIM [48] 31.87 0.9352 - -
Fourmer [73] 26.58 0.8740 | Fourmer [73] 27.38 0.8555 | Fourmer [73] 25.79 0.8500 | 26.58 0.8508
Restormer* [67] 30.03 0.9215 | Restormer* [67] 30.36  0.9068 | Restormer* [67] 32.18 09408 | 30.86 0.923
PromptIR* [36] 3049 0.9263 | PromptIR* [36] 3091 0.9148 | PromptIR* [36] 3256 09426 | 31.32 0.928
AdalR* [13] 30.85 0.9286 | AdalR* [13] 31.01 09160 | AdaIR* [13] 32.87 09432 | 31.58 0.929

o | All-in-One [28] 2471  0.8980 | All-in-One [28] 28.33  0.8820 | All-in-One [28] 31.12  0.9268 | 28.05 0.902

5 TransWeather [49] 28.83  0.9000 | TransWeather [49] 29.31 0.8879 | TransWeather [49] 30.17 09157 | 29.44  0.901

£ | TUM[7] 29.27 09147 | TUM [7] 30.22  0.9071 | TUM [7] 31.81 09309 | 3043 00918

il WGWS [78] 29.32  0.9207 | WGWS [78] 30.16  0.9007 | WGWS [78] 3238 09378 | 30.62  0.920
AWRCP [63] 31.39  0.9329 | AWRCP [63] 31.92  0.9341 | AWRCP [63] 3193 09314 | 31.75 0.933
Histoformer [47] 32.08 0.9389 | Histoformer [47] 32.16 0.9261 | Histoformer [47] 33.06 0.9441 | 32.43 0.936
Ours 32.43 0.9410 | Ours 32.22  0.9272 | Ours 33.24  0.9489 | 32.63 0.939

Table 2. Experiments on WeatherStream dataset. Trans. and Histo. L= "Lrec+ BLeor, (10)

denote TransWeather [49] and Histoformer [47], respectively.

Rain Fog Snow Avg.

Model PNSR SSIM | PNSR SSIM | PNSR SSIM | PNSR SSIM
Trans. [49] 2572 07911 | 2430 0.6979 | 23.66 0.7386 | 24.56 0.742
WGWS [78] | 25.75 0.7928 | 23.88 0.6752 | 23.66 0.7383 | 24.43 0.735
Histo. [47] 25.85 0.8215 | 24.36 0.7348 | 23.72 0.7631 | 24.64 0.773
Ours 26.01 0.8218 | 24.39 0.7335 | 23.91 0.7652 | 24.77 0.774

computed between these representative features, and the
most similar group is selected based on the highest simi-
larity score. This allows the model to adaptively establish
cross-group relationships, even if the groups were not ini-
tially grouped together. The process is illustrated step by
step in Fig. 4. The insight is that interacting with the
most similar group allows the model to achieve more ro-
bust restoration by effectively leveraging relationships be-
yond the initial grouping.

Attention configuration. Existing AiO models primarily
employ channel attention, which performs attention mecha-
nism along the channel dimension. While channel attention
focuses on feature-wise relationships, it does not explicitly
account for spatial dependencies. In adverse weather con-
ditions, spatial attention is crucial as it directly captures re-
lationships in space, making it more effective for restora-
tion tasks where degraded or occluded areas need to be re-
constructed using surrounding context. However, as image
resolution increases, the computational cost of spatial atten-
tion grows quadratically. To balance the benefits of spatial
attention and computational efficiency, half of the SGTB
blocks at each stage use channel attention (SGTB-C), while
the other half use spatial attention (SGTB-S). In each stage,
SGTB-C is applied first and followed by SGTB-S.

3.5. Objective function

We train our model with the combination of L1 loss, L,cc,
and Pearson correlation loss [11, 47], L., to consider
pixel-level and patch-level correlations together. The total
objective function we used is as:

where (3 is the weight of the correlation loss. More about
objective function are described in the supplementary.

4. Experiments

4.1. Experimental settings

Datasets. We use two dataset to evaluate our model. One is
a synthetic dataset, All-weather dataset [28], which contains
Outdoor-rain [27], Snow100K-L [31], and Raindrop [37]
dataset as previous researches [26, 47, 49] use. The other
is a real dataset, WeatherStream [69], which contains the
scenes of rain, snow, and fog. Each sub-dataset has A, B,
and C degraded images. For fair comparisons, we follow the
dataset utilization protocol of previous works [28, 47, 78].
Baseline methods. To contextualize our results, we
compare with single-task methods for raindrop re-
moval (pix2pix [21], RaindropAttn [40], Attentive-
GAN [37], MAXIM [48], Fourmer [73]), snow removal
(SPANet [51], JSTASR [5], DesnowNet [31], DDM-
SNet [71], Fourmer [73]), and rain removal (Cycle-
GAN [74], pix2pix [21], HRGAN [27], MPRNet [66],
Fourmer [73]). We also evaluate against AiO restoration
models (Restormer [67], PromptIR [36], AdalR [13]) and
AiO adverse weather removal models (All-in-One [28],
TransWeather [49], TUM [7], WGWS [78], AWRCP[63],
Histoformer [47]) that use only images as input without any
external knowledge, such as language models, trained with
previous strategies [28, 47] for All-weather dataset [28].
Experiments on WeatherStream dataset [69], we compare
our methods with TransWeather, WGWS, and Histoformer,
which are recent AiO models.

4.2. Comparisons with the state-of-the-arts

Quantitative evaluation. In Tab. |, we quantitatively com-
pare our method with other single weather removal mod-
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Figure 5. Qualitative results of deraining on Outdoor-rain [27] dataset.
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Figure 6. Qualitative results of raindrop removal on RainDrop [37] dataset.

els, general AiO models, and AiO adverse weather removal
models on the All-Weather dataset. Our method achieves
the best performance on rain and raindrop, outperforming
the second-best method by +0.35dB and +0.18dB in PSNR,
respectively, and the highest PSNR with the second-best
SSIM in snow. On average, it demonstrates the best overall
performance on the All-Weather dataset.

Moreover, Tab. 2 presents the comparison on the

WeatherStream dataset [69]. Our SSGformer consistently
achieved top performance across most cases, ranking sec-
ond only in SSIM for fog degradation. Our method per-
forms the best on average in the real-world dataset.
Qualitative evaluation. We compare visualizations with
recent methods across three tasks in Fig. 5, 6, and 7. Our
method restores the original objects more sharply than oth-
ers and achieves the closest color condition to the clean im-
age. In particular, as shown in Fig. 5, the yellow box high-
lights how our method accurately restores fine objects that
are obscured by rain degradation, preventing misclassifica-
tion as rain artifacts. We can also see that our method fills in
the empty areas left after removing degradations rather than
others. The visualization for WeatherStream is provided in
the supplementary.
Real-world scenario. Additionally, we conduct a vi-
sual comparison to evaluate the model trained on the All-
Weather dataset under real-world conditions. The results
in Fig. 8 show that our method successfully removes real-
world degradations better than others.

4.3. Ablation studies and discussions

To reveal the relationship between our proposed methods
and the degradation removal performance of each weather

Table 3. Ablation study for the proposed Spectral-based Decom-
potision Prompt (SDP).

Rain Snow Raindrop Avg.
Sobel SVD | PNSR SSIM | PNSR SSIM | PNSR SSIM | PNSR SSIM
v 3232 0.9401 | 32.13 0.9259 | 33.30 0.9488 | 32.58 0.9383
v 32,19 0.9400 | 32.08 0.9257 | 33.07 0.9486 | 32.45 0.9381
v v | 3243 0.9410 | 32.22 0.9272 | 33.24 0.9489 | 32.63 0.9390

Table 4. SGTB Attention configuration. Ch. and Spa. denote
channel-wise attention and spatial-wise attention, respectively.

Rain Snow Raindrop Avg.
Ch. Spa. | PNSR SSIM | PNSR SSIM | PNSR SSIM | PNSR SSIM
v 32,16 0.9399 | 31.94 0.9239 | 33.26 0.9485 | 32.45 0.9374
v v | 3243 0.9410 | 32.22  0.9272 | 3324 0.9489 | 32.63 0.9390

Table 5. Group attention configuration. In and Cross denote in-
group attention and cross-group attention, respectively.

Rain Snow Raindrop Avg.
In  Cross | PNSR SSIM | PNSR SSIM | PNSR SSIM | PNSR SSIM
v 3228 09403 | 3200 09246 | 33.10 0.9485 | 32.46 0.9378
v v | 3243 09410 | 3222 09272 | 3324 0.9489 | 32.63 0.9390
Table 6. Ablation Study on Prompt and Transformer Block

Choices. Feature-Grouped Attention (FGA) and Spectral-based
Decomposition Prompt (SDP) are added progressively.

Rain Snow Raindrop Avg.
FGA SDP | PNSR SSIM | PNSR SSIM | PNSR SSIM | PNSR SSIM
31.93 09386 | 31.92 0.9238 | 33.10 0.9485 | 32.32 0.9369
v 3227 09399 | 32.01 0.9249 | 33.19 0.9486 | 32.49 0.9378
v 32.18 0.9400 | 32.07 0.9256 | 33.14 0.9486 | 32.46 0.9380
v Voo 3243 0.9410 | 32.22 09272 | 33.24 0.9489 | 32.63 0.9390

type, we demonstrate ablation studies with the evaluation in
all weather, not specific weather type.

Design of prompts. To demonstrate the effectiveness of our
proposed SDP, we conduct independent experiments about
the components in the SDP. As shown in Tab. 3, using the
Sobel operator and SVD together shows the best perfor-
mance in the degradation type of rain and snow. In rain-
drop, the SSIM is the highest, and the PSNR is confirmed
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Figure 8. Real-world degradation removal examples. From
the first to last rows, the adverse weather type is snow (Real-
Snow [78]), rain (NTURain [3]), and, raindrop (RainDS [39]), re-
spectively. Zoom for better view.

to be the second best. This experiment demonstrates that the
combination of the two decomposition filters can efficiently
extract information from the image.

Spatial Grouping Transformer Block configuration. To
demonstrate the effectiveness of the proposed SGTB, we
conduct experiments by varying its configuration. In Tab. 4,
the proposed configuration is compared with two variants.
The first uses SGTB-C for all blocks per stage, where each
stage p consists of L,, blocks. The second adopts a hybrid
setup, in which half of the blocks per stage are replaced
with SGTB-S (i.e., L,/2 SGTB-C and L,/2 SGTB-S). It
is observed that the mixed configuration with SGTB-C and
SGTB-S performs better on all metrics. Notably, this bene-
fit comes without any increase in model capacity.

Group attention configuration. We analyzed about how
the formation of attention mechanism is executed within
each transformer block in Tab. 5. The results showed that
incorporating cross-group attention, which enables infor-
mation exchange between groups, yielded better perfor-
mance than using in-group attention.

The synergy between FGA and SDP. We conducted an
ablation study to evaluate the effects of FGA and SDP, as
shown in Tab. 6. Four models were tested for comparison:
the baseline model using the standard transformer block, the
model using SDP as a prompt, the model using FGA as a
transformer block, and the model incorporating both FGA

-
~

.~

P

(b) PromptIR l (c) AdalR (d) TransWeather
(f) Histoformer (g) Ours

and SDP. The results demonstrate that the inclusion of SDP
significantly improves performance, with the model using
SDP outperforming the baseline. This highlights the effec-
tiveness of SDP in extracting degradation information and
enhancing restoration. Further improvements are observed
with FGA, which enables the model to focus on relevant ar-
eas of the scene. For FGA, a simple visual prompt is used
to generate a mask, which serves as input. Unlike the base-
line model, which lacks a grouping mechanism, this model
leverages the mask to group similar areas, leading to better
performance, particularly in complex degradation scenar-
ios. Finally, we conducted an experiment combining both
FGA and SDP to assess their synergy. As shown in the last
column of Tab. 6, SDP improves restoration by handling
degradations, while FGA enhances this process by adding
an effective grouping mechanism. The combination of both
results in the best overall performance.

5. Conclusion

We propose SSGformer, a novel restoration architecture
that incorporates Spatial Grouping Transformer Block with
Spectral-based Decomposition Prompt. By leveraging the
Sobel operator to extract high-frequency edge information
and Singular Value Decomposition for low-frequency com-
ponents, our method effectively captures valuable spectral
features from degraded images. With the manipulated fea-
tures, we generate the grouping-mask. This mask guides
the group-wise attention mechanism across both the chan-
nel and spatial domains, enabling the model to comprehen-
sively learn degradation-related information across diverse
frequency ranges. Through comprehensive experiments, we
showecase the effectiveness and advantages of our approach.
Limitations and future works. Our method leverages in-
formation from classical filters, which makes it effective in
scenarios where classical filters are applicable. This de-
sign reflects an internal strategy for AiO, relying on in-
trinsic visual structures to guide restoration. However, in
scenes with high background complexity—especially when
weather-specific cues are absent—such internal cues may
be insufficient. To overcome these limitations, we plan to
explore external strategies that incorporate knowledge from
large-scale pretrained models, such as LLM/VLMs [56].
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