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ABSTRACT Transformers have demonstrated superior performance over conventional methods in various
tasks due to their ability to capture long-range dependencies and adaptively generate weights. However, their
computational complexity increases quadratically with the number of tokens, limiting their applicability
to high-resolution image tasks. To address this problem, recent image restoration methods have attempted
to mitigate this limitation by adopting mechanisms that reduce computational demands at the expense of
fully capturing long-range dependencies. In contrast, the window shuffle self-attention (WS-SA) mechanism
of the Shuffle Transformer reduces computational complexity without significantly limiting the ability
to capture long-range dependencies. Nevertheless, WS-SA suffers from generating excessively sparse
self-attention maps with a limited receptive field when applied to high-resolution images. In this work,
we propose subwindow shuffle self-attention (SWS-SA), a mechanism that expands the receptive field
without increasing the computational complexity of WS-SA. SWS-SA introduces a subwindow-based spatial
shuffle to enhance the receptive field. Additionally, we apply average pooling to the query embeddings
to further reduce computational complexity. Furthermore, we present the Subwindow Shuffle Transformer
(SWSformer), which employs SWS-SA as its core component and integrates effective techniques from
related works. To evaluate the performance of SWSformer, we conduct experiments on image denoising,
deblurring, and deraining tasks. The experimental results demonstrate that SWSformer achieves state-of-
the-art performance. Moreover, we perform comprehensive ablation studies to identify the contributions of
individual components and settings to the model’s overall effectiveness.

INDEX TERMS Deep learning, attention, transformer, image restoration.

I. INTRODUCTION

The widespread use of camera-equipped devices, such
as smartphones, has increased the frequency of image
degradation caused by factors like noise, blurring, and rain.
These degradations typically manifest irregularly across an
image, making manual removal difficult. In addition, image
restoration is considered an ill-posed problem because a
single degraded image can correspond to multiple potential
restored outputs. To address this ill-posed nature and achieve
stable performance, deep learning-based image restoration
methods have been actively developed in recent years.

The associate editor coordinating the review of this manuscript and

approving it for publication was Sudhakar Radhakrishnan

Many deep learning-based image restoration methods are
built on convolutional neural networks (CNNs) [1], [2], [3],
[4], [5], [6], [7]. The fundamental operation in CNNs is
convolution, which uses grid-based weights called kernels to
extract features, ensuring local connectivity and translation
equivariance. Although these characteristics enable CNNs to
perform stable image restoration, their receptive fields are
limited, thus making them incapable of capturing long-range
dependencies. Since this limitation constrains restoration
performance, developing image restoration techniques that
can model long-range dependencies is crucial for achieving
superior results.

The attention mechanism of the Transformer [8], [9]
is highly effective for capturing long-range dependencies.
This mechanism computes adaptive weights based on the
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relationships between all pixels and aggregates pixel features
using these weights. However, the computational complexity
of attention scales quadratically with input resolution,
making its application to high-resolution image restoration
challenging. To address this, recent state-of-the-art (SOTA)
image restoration methods have adopted more efficient
attention mechanisms. Wang et al. proposed Uformer [10],
which uses shifted window self-attention (W-SA) [11].
Zamir et al. proposed Restormer [12] and Chen et al.
proposed NAFNet [13], both of which combine channel
attention (CA) and convolution. Although these methods
are highly efficient, their ability to capture long-range
dependencies is limited because W-SA’s receptive field is
restricted to local windows and CA cannot capture spatial
dependencies. To address these limitations, Ghasemabadi
et al. proposed CGNet [14], which applies successive
convolutions with varying kernel sizes. Although this method
can gradually expand its receptive field, it risks missing
important dependencies because it cannot directly capture
long-range dependencies.

The failure of recent SOTA methods to model long-range
dependencies causes noticeable artifacts in image restoration,
most notably the loss of edge information. For instance,
Fig. 1 shows that whereas the ground truth (GT) image
contains a clear brown window in the upper right, its
lower edge is largely lost in the images restored by these
methods. This happens because the models cannot leverage
the global context provided by long-range dependencies.
We analyze this failure using Local Attribution Maps (LAM)
[15], as shown in the lower part of Fig. 1. LAM, which uses
integrated gradients to visualize contributing pixels, reveals
that these SOTA methods rely almost exclusively on local
information around the degraded edge. Because the edge in
the noisy input is obscured, accurately restoring it requires
capturing long-range dependencies to recognize the window
as a complete structure.

In this paper, we propose subwindow shuffle self-attention
(SWS-SA), a novel attention mechanism that captures
long-range dependencies with minimal computational over-
head. SWS-SA extends the attention mechanism from the
Shuffle Transformer [16], which was initially designed to
create connections between local windows. We adapt this
foundation to significantly improve its capacity for modeling
long-range dependencies. Based on our SWS-SA, we present
the Subwindow Shuffle Transformer (SWSformer), a new
architecture that integrates SWS-SA with effective tech-
niques from related work. The first is the Positional Encoding
Generator (PEG), proposed by Chu et al. [17], which encodes
absolute positions using a 3 x 3 convolution. The second is the
Neighbor Window Connection (NWC) module, proposed by
Huang et al. [16], which addresses the window grid problem
by using a convolution with larger kernels. The third is
the Gated-Dconv Feed-Forward Network (GDFN), proposed
by Zamir et al. [12], which enhances local dependencies
through 3 x 3 convolutions equipped with a gating mecha-
nism. Although these mechanisms are powerful individually,
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combining them yields further synergistic effects. First, our
SWS-SA, by its design, has limitations in capturing detailed
local information. Therefore, incorporating the convolution-
based PEG, NWC, and GDFN can compensate for this
weakness. Furthermore, since PEG/GDFN and NWC use
different kernel sizes, their combination enables multi-scale
feature extraction.

To demonstrate the superiority of our SWSformer, we eval-
uate our method on image denoising, deblurring, and derain-
ing tasks, where it achieves state-of-the-art performance.
In addition, we conduct comprehensive ablation studies to
quantify the impact of each component and design choice on
the model’s overall performance.

The main contributions of this work are summarized as
follows:

o We propose subwindow shuffle self-attention (SWS-
SA), a computationally efficient attention mechanism
designed to solve the key problem of capturing
long-range dependencies in image restoration.

o We introduce the Subwindow Shuffle Transformer
(SWSformer), a novel architecture built upon SWS-
SA. SWSformer achieves SOTA performance in image
denoising and competitive results in image deblurring
and deraining.

« We perform comprehensive ablation studies to validate
our design choices and quantify the impact of each
component on SWSformer’s performance.

Il. RELATED WORKS

A. IMAGE RESTORATION

Image restoration aims to generate a clean image from
a degraded one. Recently, deep learning-based methods
have achieved SOTA performance, most of which are
based on the U-Net [18] for multi-scale feature extraction
via its hierarchical structure. Furthermore, convolution is
widely used for its properties of local connectivity and
translation equivariance. Among convolution-based methods,
Zhang et al. proposed DBLRNet [6] for video deblurring
using 3D convolutions, Huang et al. proposed GraNet [7],
which detects various rain streaks, and Chen et al. proposed
NAFNet [13], which is composed of a simple, non-
linearity-free architecture. Although these approaches offer
an excellent trade-off between efficiency and performance,
their restoration capabilities are limited because convolution
cannot capture long-range dependencies. To address this,
methods incorporating the attention mechanism of the
Transformer [8] have recently been proposed, and several
surveys [19], [20] have demonstrated their effectiveness.
However, the high computational complexity of standard
attention makes its application to image restoration challeng-
ing. Consequently, recent methods employ efficient attention
mechanisms. Wang et al. proposed Uformer [10] using
shifted W-SA [11], and Zamir et al. proposed Restormer [12]
using CA. Although these methods are highly efficient, they
are limited in capturing long-range dependencies because
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FIGURE 1. Upper row: Denoising results of recent state-of-the-art (SOTA) methods. Lower row: Analysis results using Local Attribution Maps (LAM). The
red highlighted areas in the LAM results indicate the pixels used to denoise the region within the red box of the noisy image. As shown by the LAM
results, recent SOTA methods rely only on local information near the lower edge of the brown window. This reliance on local information leads to the

failure to restore the edge.

W-SA’s receptive field is confined to a local window, and CA
is incapable of modeling spatial dependencies. To overcome
this, Ghasemabadi et al. proposed CGNet [14] and Gao et al.
proposed FADformer [21], both of which indirectly capture
long-range dependencies by convolution. However, this indi-
rectness risks overlooking important dependencies. In this
paper, we propose a novel attention mechanism that directly
captures long-range spatial dependencies while keeping the
computational cost low.

B. VISION TRANSFORMERS

Originally developed for natural language processing [8],
[22], [23], Transformers have recently been adapted for
computer vision tasks, including image recognition [9], [24],
[25], segmentation [26], [27], [28], and object detection [11],
[29], [30]. The core of a Vision Transformer (ViT) is self-
attention, a mechanism that computes relationships among
all image patches to capture long-range dependencies and
generate adaptive weights. This has led to remarkable
performance across various tasks. The primary drawback,
however, is that self-attention’s computational complexity
scales quadratically with the number of patches. This scaling
presents a significant problem for high-resolution images.
A common solution is window-based self-attention [11],
[31], [32], [33], [34], which computes attention within local
windows. Whereas this approach is efficient, it cannot capture
global long-range dependencies because its receptive field
is restricted. This limitation hinders the performance of
ViT models. To solve this problem, we propose a novel
window-based self-attention mechanism that maintains a
global receptive field.

C. SHUFFLE TRANSFORMER
The Swin Transformer [11] uses a shift mechanism to
establish connections between adjacent windows, which

178878

alleviates the problem of a purely local receptive field.
However, this method is insufficient for building robust, long-
range connections across windows. To solve this problem,
Huang et al. proposed the Shuffle Transformer (Shuffle T).
Shuffle T applies a spatial shuffle to the windows, grouping
patches from the same relative position across different
windows to establish long-range connections. Furthermore,
it introduces a Neighbor Window Connection module
between the self-attention and MLP layers. This module
uses depthwise convolution to mitigate grid-like artifacts,
a problem inherent in window-based shuffling. Inspired
by Shuffle T’s ability to efficiently capture long-range
dependencies, our work adapts its core attention mechanism
for image restoration tasks.

Ill. METHOD

The primary objective of this work is to develop an image
restoration method capable of capturing long-range depen-
dencies with minimal computational complexity. To achieve
this, we introduce a novel attention mechanism called
subwindow shuffle self-attention (SWS-SA), which utilizes
subwindow-based spatial shuffling and average pooling.
We then present the Subwindow Shuffle Transformer (SWS-
former), a new architecture that incorporates SWS-SA with
effective components from related studies. This section
begins with an overview of the SWSformer architecture.
Next, we detail its intra-block structure, with a particular
focus on our proposed SWS-SA mechanism.

A. OVERALL PIPELINE

Recent deep learning-based image restoration methods
employ U-Net [18], which consists of an encoder-decoder
as an overall structure. In U-Net, the hierarchical structure
extracts multi-scale features. In this work, as shown in
Fig. 2, we adopt U-Net following the recent image restoration
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methods. Given a degraded image I € RV we first
apply a 3 x 3 convolution to extract low-level features
Fo € REXHXW Where C is the number of channels, and
H and W are the height and width of the input. Then Fy
passes through the encoder. In the encoder, the features are
gradually reduced in spatial size and expanded in number of
channels by downsampling. Next, a low-resolution feature
Fi € R!6C> 16X 16 passes through the middle block. The
output of the middle block passes through a decoder. In the
decoder, the features are gradually restored to the original
size by upsampling, and the deep feature Fq € RE*H*W
is output. In addition, in the decoder, the output of the
encoder is skip-connected. Finally, the residual image R €
R3*H*W s generated by 3 x 3 convolution, and then
it is added to the degraded image to obtain the restored
image I=I+R.

B. INTRA-BLOCK STRUCTURE

In our intra-block structure, we integrate our proposed
SWS-SA with two mechanisms proposed in related works:
the Neighbor Window Connection (NWC) module [16] and
the Gated Dconv Feed-Forward Network (GDFN) [12]. First,
NWC is composed of a depthwise convolution (dwconv)
with a large kernel. Its primary role is to mitigate the grid
artifacts caused by the window-based mechanism of SWS-
SA. These artifacts, which appear as boundary lines between
independently processed windows, can be suppressed by
aggregating information across the window boundaries.
NWC achieves this by applying a dwconv with a kernel
size similar to the window size. Unlike standard convolution,
which processes spatial and channel features simultaneously,
dwconv applies an independent kernel to each channel to
extract only spatial features, while also being significantly
more computationally efficient. This allows NWC to focus
on spatial aggregation, effectively suppressing grid artifacts.
Furthermore, the high computational efficiency of dwconv
offsets the increased computational cost associated with
using a large kernel. We apply NWC after SWS-SA to
prevent subsequent mechanisms from being affected by these
artifacts. Second, GDFN is a mechanism that combines
convolution with a gating mechanism. Its purpose is to
further refine the output of SWS-SA by capturing local
dependencies. In GDFN, a feature map is fed into two
paths. In each path, a 1 x 1 convolution first expands the
channels, followed by a 3 x 3 dwconv. The output of one
path is passed through a GELU activation function [35]
and then multiplied by the output of the other path.
This gating mechanism allows the network to selectively
emphasize important features. Finally, a 1 x 1 convolution
aggregates the information across channels. The use of 3 x
3 dwconv allows GDFN to effectively extract spatial local
dependencies. Moreover, the computational efficiency of
dwconv is crucial for mitigating the computational overhead
introduced by the gating mechanism. We apply GDFN
after NWC to further refine the grid-artifact-free feature
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map with local dependency information and the gating
mechanism. Finally, the intra-block structure is formulated as
follows:

X; =SWS-SA(Z;-1)+Z14
Y; = NWC(X)) + X;
7 = GDEN(Y)) + ¥, (1)

where Xj, Y;, Z; are the output features of SWS-SA, NWC,
and GDFN in the /-th block, respectively.

C. SUBWINDOW SHUFFLE SELF-ATTENTION

Capturing full long-range dependencies along the spatial
dimension requires the standard self-attention (SA) used
in Vision Transformers [9]. The primary drawback of this
approach is its computational complexity, O(H>W?2C), which
scales quadratically with the input resolution. This scaling
presents a significant problem for high-resolution image
restoration. A common solution is to adopt the window self-
attention (W-SA) from the Swin Transformer [11], as done
in several methods [10], [36]. Although this window-based
approach is computationally efficient, it restricts the receptive
field to local windows, thereby preventing the model from
capturing global long-range dependencies.

To solve the aforementioned problem, we propose a novel
attention mechanism named subwindow shuffle self-attention
(SWS-SA), which utilizes a subwindow-based spatial shuf-
fle and average pooling. Our approach builds upon the
self-attention mechanism of the Shuffle Transformer (Shuffle
T) [16], which we term ‘“window shuffle self-attention”
(WS-SA) for the purposes of this paper. The WS-SA process,
illustrated in Fig. 3(a), begins by partitioning the input into
nonoverlapping windows. It then applies a spatial shuffle,
which groups pixels from the same relative position across all
windows. This operation establishes connections among all
windows, enabling the capture of long-range dependencies.
The final step is to apply multihead self-attention (MHSA)
to these shuffled windows. The computational complexity of
the query-key dot-product in WS-SA for a window of size
M x M is given by:

HW
OM?HWC) = TR M?* xM?* x C )

As indicated by Eqn. 2, the computational complexity
of WS-SA scales linearly with input resolution, allowing
it to efficiently capture long-range dependencies in high-
resolution images. However, a significant problem arises
when the shuffled window size M is much smaller than
the input resolution HW: the self-attention becomes overly
sparse (Fig. 4(a)). This sparsity can prevent the model from
combining relevant features and can cause a loss of contextual
consistency, which leads to unstable performance. Whereas
one might consider increasing the window size M to address
this, its quadratic impact on computational complexity (Eqn.
2) makes this approach impractical.

The core challenge, therefore, is to increase the effective
window size without incurring a higher computational cost.
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FIGURE 2. Overall pipeline of SWSformer. The SWSformer block consists of subwindow shuffle self-attention (SWS-SA), the Neighbor Window Connection
(NWC) module [16], and the Gated-Dconv Feed-Forward Network (GDFN) [12]. LN denotes Layer Normalization [37] and Dconv denotes Depthwise
convolution. The Position Encoding Generator (PEG) [17] is a positional encoding method incorporated into SWS-SA.
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FIGURE 3. Details and comparison of the Shuffle Transformer's window shuffle self-attention (WS-SA) [16] and our subwindow shuffle self-attention
(SWS-SA). Q, K, V are the query, key, and value, respectively; MHSA denotes multihead self-attention; and y.;; is the average value of the (i, j) subwindow.
The spatial shuffle operation groups tokens or subwindows at the same position in all windows.

Our proposed SWS-SA solves this problem by using subwin-
dows and average pooling. As illustrated in Fig. 3(b), SWS-
SA first partitions each window into K x K subwindows.
It then applies a spatial shuffle on a subwindow basis, which
groups subwindows from the same relative position across all
windows. This process expands the effective shuffled window
size to KM x KM. To keep the computation manageable,
average pooling is applied only to the queries within each
subwindow. Consequently, the computational complexity of
the query-key dot-product for SWS-SA is given by:

HW
OM?HWC) = —— x M*> x K*M* x C (3)
K2M?

As shown in Eqn. 3, SWS-SA maintains the same com-
putational complexity as WS-SA. This allows our method
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to expand the receptive field by a factor of KZ at
no additional computational cost, directly mitigating the
sparsity problem (Fig. 4(b)). As described above, our
SWS-SA captures long-range dependencies over a large
receptive field by shuffling subwindows, while simulta-
neously reducing computational complexity by average
pooling the queries, thus achieving a balance between
efficiency and high-quality attention. The output of SWS-
SA, which is downsampled by average pooling, must be
restored to its original dimensions. This is accomplished
first through nearest-neighbor interpolation, followed by an
inverse process consisting of an inverse shuffle and window
merging.

Positional information is crucial for self-attention to
accurately assess feature relevance. Whereas the original
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FIGURE 4. Comparison of receptive field size between the Shuffle Transformer’s window
shuffle self-attention (WS-SA) [16] and our subwindow shuffle self-attention (SWS-SA). Red
areas indicate the receptive fields. Whereas the receptive field of WS-SA is very sparse, our
SWS-SA achieves a denser field and effectively mitigates this sparsity.

Shuffle T uses relative position bias (RPB) [11], this
approach is incompatible with our SWS-SA due to the use
of average pooling on a subwindow basis, which obscures
relative positional data. To solve this problem, we adopt the
Position Encoding Generator (PEG) [17]. PEG implicitly
encodes the absolute position using a 3 x 3 dwconv
with zero-padding. The spatially-focused convolution by the
depthwise operation facilitates the precise acquisition of
positional information while minimizing the computational
cost. Since position information needs to be encoded
before the application of attention, we apply PEG before
SWS-SA.

The PEG, NWC, and GDFN each have distinct roles
and are indispensable for maximizing the performance of
SWS-SA. Moreover, the combination of these mechanisms
means that convolutions with various kernel sizes are
applied within the block. This creates synergistic effects,
such as compensating for SWS-SA’s limitation in capturing
detailed local dependencies and enabling multi-scale feature
extraction. The complete formulation for SWS-SA is as
follows:

X' = Partition(PEG(LN(X))),

X® = Shuffle(X"),

XS = AvgPool(X*),

X7, = Merge(X®),

Y* = Attention(X3W,2, X5 WK, X3 W),
Y = Inverse(NNI(Y®)),

T
Attention(Q, K, V) = SoftMax(Q

Jd
where X e RE*H*W are the input features, LN is the
. . 2 2
Layer Normalization [37], X/, X% € RM™XK"xC are the
features partitioned into subwindow and features after spatial
. 2
shuffle respectively, X € RM**C are output features of the

w “
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average pooling, X} € RM*K*XC are subwindow merged
features, Q, K, V are query, key, and value, d is the query/key
dimension, WQ, WX WV are the projection matrices of
query, key and value, Y* € RY ?xC are the output features
of the attention, ¥ € RE*H*W are the features expanded
by nearest-neighbor interpolation (NNI) and restored to the
original shape by the inverse process.

IV. EXPERIMENTS

To evaluate the performance of our SWSformer, we conduct
experiments on image denoising, deblurring, deraining,
low-light enhancement, and multi-weather nighttime image
restoration tasks. Additionally, we perform comprehensive
ablation studies to analyze the contributions of indi-
vidual components and settings to the model’s overall
performance.

A. EXPERIMENTAL SETUP
To compare performance, we train our SWSformer and
several recent image restoration models. The models other
than SWSformer are prepared using their respective official
GitHub repositories [38], [39], [40], [41], [42], [43], [44],
[45]. For this experiment, we train SWSformer for 40 epochs
with the Adam optimizer (81 = 09,8, = 0.9, and a
weight decay of 0) and the PSNR loss function. The initial
learning rate is set to le™> and gradually reduced to le™’
using a cosine annealing schedule. On the other hand, we train
all models other than SWSformer for 40 epochs with their
original configurations. Note that we apply our training
configuration to Restormer, as it achieves better performance
than with its original settings. For all models, we set the batch
size to 6 and the training patch size to 256 x256. We train each
model three times with different random seeds and report the
average scores.

We measure performance using two standard metrics,
the Peak Signal-to-Noise Ratio (PSNR) and the Struc-
tural Similarity Index (SSIM), which are formulated as
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follows:
PSNR =10 -1 ( I2)
810 MSE
2 4 20,y +
SSIM(x, y) = @ity + )@y + c2) (®)]

(13 + 13 + e + 07 + )

Here, x and y are the model output and the ground-truth
image, respectively. MAXj is the maximum possible pixel
value of image I, and MSE is the mean squared error.
The terms u, and o, represent the mean and variance of
x, whereas oy, is the covariance between x and y. The
stabilization variables are ¢; = (kjL)? and ¢2 = (koL)?,
where L is the dynamic range of the pixel values, and the
constants ki, ko < 1 are set to 0.01 and 0.03.

In addition, to evaluate model efficiency, we measure
the multiply-accumulate operations (MACs), number of
parameters, and latency for each model.

1) DENOISING SETUP

For the denoising experiment, we use the SIDD dataset [46],
a real-world dataset comprising images taken by five
smartphone cameras under 10 different lighting conditions.
This dataset consists of 30,608 training images and 1,280
test images. We train the models for a total of 204,053
iterations (i.e., 40 epochs). In this experiment, we compare
our SWSformer with recent image restoration methods:
Restormer [12], NAFNet [13], and CGNet [14].

2) DEBLURRING SETUP

In the deblurring experiment, we use the GoPro dataset [47],
which consists of blurry images taken by a GoPro and
corresponding sharp ground-truth images from a high-speed
camera. This dataset contains 16,824 training images and
1,111 test images. We train the models for a total of 112,160
iterations (i.e., 40 epochs). In this experiment, we compare
our SWSformer with recent image restoration methods:
Restormer [12], NAFNet [13], and CGNet [14].

In addition, we use the Test-time Local Converter (TLC)
[48] and a multihead mechanism [49], in line with recent
image restoration methods [13], [14]. In TLC, global
information handling mechanisms such as SWS-SA are
applied to local patches during inference to suppress per-
formance degradation caused by differences in patch size
between training and inference. The multihead mechanism
can efficiently improve performance by dividing the channels
of the model’s output.

3) DERAINING SETUP

In the deraining experiment, we use the Rainl00H
dataset [50], which is composed of synthetic rainy images.
This dataset originally consisted of 1,800 training images and
100 test images. However, a subsequent study [51] revealed
that approximately 500 training images shared the same
backgrounds as the test set. Therefore, we use the 1,255
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training images from which they have been removed. We train
the models for a total of 8,400 iterations (i.e., 40 epochs)
and compute PSNR and SSIM scores using the Y channel
in YCbCr color space, following previous works [12],
[21]. In this experiment, we compare our SWSformer with
the recent image restoration methods NAFNet [13] and
CGNet [14], and the deraining model FADformer [21].

4) LOW-LIGHT ENHANCEMENT SETUP

In the low-light enhancement experiment, we use the LOLv2
dataset [52], which is a real-world dataset consisting of paired
low-light and corresponding well-illuminated images. This
dataset consists of 689 training images and 100 test images.
We train the models for a total of 4,600 iterations (i.e.,
40 epochs). In this experiment, we compare our SWSformer
with the recent image restoration methods NAFNet [13]
and CGNet [14], and the low-light enhancement model
DarkIR [53]. We train DarkIR using the official model
implementation [45] in our environment, as its training code
has not been released.

5) MULTI-WEATHER NIGHTTIME IMAGE RESTORATION
SETUP

In the multi-weather nighttime image restoration experiment,
we use the AllWeatherNight dataset [54], which is a
large-scale dataset designed for restoring nighttime images
affected by multiple adverse weather effects and flares.
This dataset is comprised of multiple datasets, and covers
various single and combined degradations, including haze,
rain streaks, raindrops, and snow. In this experiment, we use
the multi-degradation rain scene and snow scene datasets.
These datasets are composed of 3,000 and 2,500 training
images and 300 and 200 test images, respectively. We train
the models for a total of 20,000 iterations on the rain
scene and 16,680 iterations on the snow scene. We compare
our SWSformer with the recent image restoration methods
NAFNet [13] and CGNet [14].

6) MODEL CONFIGURATION
The configuration of our SWSformer is based on
NAFNet [13]. The model consists of a 5-level encoder-
decoder. The number of encoder blocks is (2,2, 4, 8), the
number of middle blocks is 12, and the number of decoder
blocks is (2, 2, 2, 2). We set the model width to 64 and the
kernel sizes of the NWC module to (7, 5, 3, 3, 3). For the
SWS-SA, the shuffled window size is 16, the subwindow
size is 8, and the number of heads is (1, 2, 4, 8, 16). Since
the smaller model size achieved higher performance on the
low-light enhancement task and the multi-weather nighttime
image restoration task, we set the model width to 32, the
kernel sizes of the NWC module to (3, 3, 3, 3, 3), and the
shuffled window size and subwindow size to 8 for these two
tasks.

The configurations for the models other than SWSformer
follow the default settings of their respective papers.
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B. RESULTS
In the results tables, the best score is highlighted and the
second best score is underlined.

1) DENOISING RESULTS

Table 1 shows a comparison of the denoising results.
Our SWSformer achieves a 0.1dB gain over the second-
best method, CGNet. Regarding efficiency, SWSformer
requires fewer MACs and reduces latency by approximately
half compared to Restormer, another Transformer model.
Nevertheless, its number of parameters is the largest of the
four models, which is due to the SWSformer block’s design,
incorporating multiple mechanisms like SWS-SA, NWC, and
GDFN.

2) DEBLURRING RESULTS

Table 2 shows a comparison of the deblurring results.
Our SWSformer achieves a 0.41dB gain over the second-
best method, the multihead version of NAFNet. Regarding
efficiency, the results follow the same trend as the denoising
experiments: our SWSformer is more efficient than the
Transformer-based Restormer, while also having the largest
number of parameters among the four models. We present
the visual restoration results in Fig. 5, where our SWSformer
restores more fine-grained details than the other methods.

3) DERAINING RESULTS

Table 3 shows a comparison of the deraining results. Our
SWSformer achieves a 0.11dB gain over the second-best
method, CGNet. In terms of efficiency, SWSformer has the
highest computational cost among the four models. This is
because the other models, being composed of convolutions,
are specifically designed for efficiency. We present the visual
restoration results in Fig. 6, where our SWSformer removes
rain streaks most effectively.

4) LOW-LIGHT ENHANCEMENT RESULTS

In this experiment, we observed that the grid artifacts
appeared in the SWSformer’s restoration results. To mitigate
this, we apply an overlapping window partition to the
SWS-SA during inference. Table 4 shows a comparison of the
low-light enhancement results. Our SWSformer-S achieves
a 1.34dB gain over the second-best method, CGNet while
keeping the computational cost low. We present the visual
restoration results in Fig. 7, where our SWSformer restores
clear images with low noise.

5) MULTI-WEATHER NIGHTTIME IMAGE RESTORATION
RESULTS

For the same reason as in the low-light enhancement
experiment, we apply an overlapping window partition to
the SWS-SA during inference. Table 5 shows a comparison
of the multi-weather nighttime image restoration results.
While keeping the computational cost low, our SWSformer-S
achieves significant gains over the second-best methods.

VOLUME 13, 2025

Specifically, it outperforms NAFNet by 1.44dB on rain
scene dataset and CGNet by 3.73dB on snow scene dataset.
We present the visual restoration results in Fig. 8, where our
SWSformer generates the clearest images.

6) ANALYSIS OF PERFORMANCE SCALING

To analyze how each model’s performance scales with the
training period, we illustrate the denoising performance
every 10 epochs in Fig. 9. As shown in Fig. 9, our
SWSformer consistently achieves the highest performance at
all training stages. We can also observe that SWSformer’s
performance scales in a similar manner to recent SOTA
methods like CGNet and NAFNet. This implies that the per-
formance gap among these models remains stable throughout
the training period, indicating that our SWSformer can
maintain its superior performance even at a high epoch
count.

C. DENOISING RESULTS WITH LARGE NUMBER OF
EPOCHS

In the above experiments, we use a small number of
epochs compared to recent image restoration methods to
reduce experimental costs. Methods like NAFNet [13] and
CGNet [14] train models for 400K iterations with a batch size
of 64, which corresponds to approximately 836 epochs on
the SIDD dataset. Therefore, to demonstrate that SWSformer
outperforms other methods with more extensive training,
we train it on the SIDD dataset for 836 epochs. For this
experiment, we set the batch size to 24 and train SWSformer
for a total of 1,066,666 iterations.

The results are shown in Table 6. In this table, the PSNR
and SSIM values for methods other than SWSformer are
taken from their respective papers. As shown in the table,
our SWSformer achieves a 0.25dB gain over the previous
SOTA method, CGNet. Furthermore, we present the visual
restoration results in Fig. 10. In the first image (previously
mentioned in the introduction), our SWSformer captures
long-range dependencies to clearly restore the edge of the
brown window. In the second image, SWSformer restores
an object that other methods fail to reconstruct. In the third
image, SWSformer clearly restores even fine objects such as
letters. In the fourth and fifth images, SWSformer restores the
fine details most cleanly.

D. ABLATION STUDIES
We conduct ablation studies to analyze the contributions of
the various components and settings to SWSformer’s high
performance. The primary difference between SWSformer
and other recent methods is our novel attention mechanism,
subwindow shuffle self-attention (SWS-SA). Therefore, our
analysis begins with SWS-SA, investigating its optimal
configuration and its performance benefits over the original
Shuffle Transformer.

Additionally, we investigate the effects of several other key
components:
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TABLE 1. Comparison of denoising performance on SIDD dataset.

Method PSNR T | SSIM1T | MACs (G) ] | Params (M)J | Latency (ms) |
Restormer [38] 39.86 0.959 141.0 26.11 2295.89
NAFNet [39] 39.86 0.959 63.2 115.98 612.14
CGNet [40] 39.92 0.959 61.7 119.22 722.31
SWSformer (Ours) 40.02 0.960 132.8 194.98 1435.65

TABLE 2. Comparison of deblurring performance on GoPro dataset. local: Test-time Local Converter [48], MH: multihead mechanism [49].

Method PSNR 1 | SSIM 1 | MACs (G) ] | Params (M) ] | Latency (ms) |
Restormer-local [41] 30.31 0.934 141.0 26.11 2295.89
NAFNet-MH-local [42] 31.32 0.945 63.4 67.89 455.13
CGNet-MH-local [40] 31.30 0.945 61.8 68.77 481.48
SWSformer-MH-local (Ours) 31.73 0.950 133.1 194.98 1391.67

Blurry Image

Reference

Reference

26.99 dB

Restormer

28.53 dB
CGNet

28.64 dB
NAFNet

28.72 dB
SWSformer

28.94 dB

28.76 dB
CGNet SWSformer
FIGURE 5. Deblurring results on GoPro dataset.
TABLE 3. Comparison of deraining performance on Rain100H dataset.
Method PSNR 1T | SSIM 1 | MACs (G) | | Params (M) ] | Latency (ms) |
FADformer [44] 28.80 0.872 482 7.44 1165.31
NAFNet [39] 29.17 0.876 63.2 115.98 612.14
CGNet [40] 29.24 0.876 61.7 119.22 722.31
SWSformer (Ours) 29.35 0.879 132.8 194.98 1435.65
TABLE 4. Comparison of low-light enhancement performance on LOLv2 dataset.
Method PSNR 1T | SSIM1T | MACs (G) | | Params (M) ] | Latency (ms) |
NAFNet [39] 18.94 0.797 63.2 115.98 612.14
CGNet [40] 19.15 0.793 61.7 119.22 722.31
DarkIR [45] 19.16 0.779 7.1 3.32 190.52
SWSformer-S (Ours) 20.50 0.807 29.7 49.13 571.69

+ Neighbor Window Connection (NWC) module [16]: A

standard
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Transformer

block

consists

of

attention and a feedforward network. We investi-
gate the effect of SWSformer’s unusual structure,

VOLUME 13, 2025



N. Okitsu, M. Shirai: SWSformer: Subwindow Shuffle Transformer for Image Restoration I E EEACCGSS

Rt 29.33 dB 30.13 dB

FADformer NAFNet

% ,PSI\IIR Reforense 31.12 dB 31.37 dB
amny image CGNet SWSformer

Rainy . 24.77 dB 24.63 dB
FADformer NAFNet

Reference 25.49 dB 25.74 dB

Rainy Image CGNet SWSformer
f/‘r’mi" I ’l"!j \“ N\\'“\-‘w\}‘m = - e
w‘ww i \“ """"u =5
b ."m. h ) "| ,,-.‘g"q.
i | =
.M. i b { Rainy 25.21 dB 25.55 dB

FADformer NAFNet

25.67 dB 25.76 dB
CGNet SWSformer

Reference

‘\\ (AN

Rainy 25.27 dB 26.01 dB
FADformer NAFNet

L/ /k L/ L/

Reference 25.9 dB 26.17 dB

Rainy Image

CGNet SWSformer
FIGURE 6. Deraining results on Rain100H dataset.
which includes the NWC module between these two « Positional Encoding: Because the query average pooling
layers. in SWS-SA can make it difficult to capture positional
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FIGURE 7. Low-light enhancement results on LOLv2 dataset.

TABLE 5. Comparison of multi-weather nighttime image restoration performance on AllWeatherNight dataset.

Method PSNll{{alTn chgfiM T PSNSIIQI%‘W SCSBSFM T MACs (G) | | Params (M) | | Latency (ms) |
NAFNet [39] 22.07 0.728 19.45 0.655 63.2 115.98 612.14
CGNet [40] 21.03 0.697 19.99 0.677 61.7 119.22 722.31
SWSformer-S (Ours) 23.51 0.763 23.72 0.767 29.7 49.13 571.69
TABLE 6. Comparison of denoising performance on SIDD dataset with large number of epochs.

Method PSNR T | SSIM1T | MACs (G) ] | Params (M)J | Latency (ms) |

MPRNet [3] 39.71 0.958 5732 15.74 1854.75

SRMNet [5] 39.72 0.959 284.9 37.59 978.12

Uformer [10] 39.89 0.960 85.3 50.88 794.54

Restormer [12] 40.02 0.960 141.0 26.11 2295.89

NAFNet [13] 40.30 0.962 63.2 115.98 612.14

CGNet [14] 40.39 0.964 61.7 119.22 722.31

SWSformer (Ours) 40.64 0.963 132.8 194.98 1435.65

information, we investigate the most effective positional
encoding method for our model.

o Feedforward Network (FFN): As recent image restora-
tion works [10], [12] have proposed two effective FFNs
for Transformers, we determine which is more suitable
for SWSformer.

o Channel Attention (CA): Given its adoption in several
recent methods [12], [13], [14], we examine the effect
of incorporating CA into SWSformer.

1) WINDOW SIZE AND SUBWINDOW SIZE

To determine the optimal window and subwindow sizes for
SWS-SA, we evaluate several configurations. In addition,
to investigate whether the optimal window size differs with
image resolution, we conduct the same experiments at
three different resolutions. To generate images of varying
resolutions, we crop the center of the original image and then
train and infer for each resolution. The results are presented in
Table 7, which indicates that a window size of 16 x 16 paired
with a subwindow size of 8 x 8 achieves the best performance

For all ablation studies, unless otherwise specified, models with a resolution of 256 x 256. Consequently, we adopt

are trained on the SIDD dataset for 20 epochs with a batch
size of 6, using the same settings as described previously.
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this combination as the default configuration for SWS-SA.
Furthermore, as shown in Table 7, the optimal window
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FIGURE 8. Multi-weather nighttime image restoration results on AllWeatherNight dataset.
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FIGURE 9. Comparison of how model performance scales with training
duration on SIDD dataset.

size configuration varies with image resolution. Therefore,
to maximize the performance of SWSformer, we recommend
that an appropriate window size configuration be set for the
target image resolution.

2) AVERAGE POOLING OF SWS-SA

We conduct an ablation study to determine the optimal
placement of average pooling in SWS-SA. We compare
three variants: applying pooling to the query, applying it
to the key/value pair, and using no pooling. To prevent
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out-of-memory errors in the no-pooling variant, we use a
specialized setup for this experiment: a batch size of 2,
a window size of 8, and a subwindow size of 8.

The results in Table 8 show a clear outcome. Whereas
applying pooling to the key/value pair degrades performance,
applying it only to the query maintains the same level of
performance while drastically reducing computational cost.
We attribute the minimal performance degradation with query
average pooling to an inherent property of image data:
neighboring pixels tend to contain highly correlated infor-
mation. This ensures that even after pooling, the attention
scores remain largely consistent. As a result, the quality
of the aggregated features is maintained, which prevents
performance degradation. Conversely, the performance drop
observed with key/value average pooling is likely due to the
loss of detailed information during the aggregation process.
Based on this finding, SWS-SA employs query average
pooling.

3) EFFECT OF SWS-SA

To validate the effectiveness of SWS-SA, we compare the
performance of SWSformer with and without it. The results
in Table 9 clearly demonstrate that SWS-SA significantly
improves the model’s performance.

4) SWS-SA VS WS-SA
To demonstrate that SWS-SA is an improved version of
the Shuffle Transformer’s window shuffle self-attention
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(WS-SA) [16], we conduct a comparative experiment.

Reference Noisy Uformer Restormer NAFNet CGNet  SWSformer

PSNR 33.47‘ dB 33.57 dB 33.59 dB 33.37 dB 33.79 dB

PSNR 40.97 dB 40.95 dB 40.93 dB 40.73 dB 41.19 dB
* ITOETY TOR SRATCn I VO SR 6

4 on the COHCRONM A on sive COSREOW A on

. | " v
o\ any §
- ey worid - -
wurld-to-screey .oy ~RET R

PSNR 34.76 dB 35.03 dB 35.91 dB 35.66 dB 36.24 dB

PSNR 36.17 dB 36.55 dB 35.57 dB 36.02 dB 36.89 dB

PSNR 30.96 dB 31.31 dB 30.92 dB 31.3 dB 31.61 dB

FIGURE 10. Denoising results on SIDD dataset.

To ensure a fair comparison, all modules apart from the for both is set to 16.
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attention mechanism are kept identical, and the window size
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TABLE 7. Comparison results of various window size and subwindow size patterns.

Image resolution | Window size | Subwindow size | PSNR 1 | MACs (G) |
8 % 8 8% 8 39.37 7.6
64 x 64 16 x 16 39.38 7.6
16 % 16 8 X 8 39.38 8.6
16 x 16 39.40 8.6
8 % 8 8 x 8 39.71 294
198 % 128 16 x 16 39.67 29.4
16 x 16 8 X 8 39.71 34.1
16 x 16 39.70 34.1
88 16x16 | 990 | 1114
X R .
256 x 256 6% 16 8X8 39.92 132.8
16 x 16 39.89 132.8

TABLE 8. Comparison results between query average pooling, key/value
average pooling, and no average pooling in SWS-SA.

Average pooling | PSNR?T | MACs (G) | | Params (M) |
X 39.91 393.7 195.0
query 39.91 111.5 195.0
key/value 39.86 111.5 195.0

TABLE 9. Comparison results with and without subwindow shuffle
self-attention (SWS-SA).

SWS-SA | PSNR 1T | MACs (G) ] | Params (M) |
X 39.72 84.64 132.2
v 39.92 132.8 195.0

As shown in Table 10, our SWS-SA achieves better
performance at the same computational complexity within
the attention mechanism as WS-SA. Note: The total compu-
tational complexity of the SWS-SA based model is slightly
lower than that of the WS-SA based model. This is because
the average pooling in SWS-SA reduces the number of
tokens, which in turn lowers the computational load of
subsequent layers, such as the projections.

TABLE 10. Comparison results between Shuffle Transformer’s window
shuffle self-attention (WS-SA) [16] and our subwindow shuffle
self-attention (SWS-SA).

Attention | PSNRT | MACs (G) | | Params (M) |
WS-SA 39.86 144.1 195.0
SWS-SA 39.92 132.8 195.0

5) SWSFORMER BLOCK VS SHUFFLE TRANSFORMER BLOCK
To compare the image restoration performance of our
SWSformer against the original Shuffle Transformer [16],
we conduct a comparative experiment. For this exper-
iment, we create a baseline by replacing the blocks
in our SWSformer architecture with the Shuffle Trans-
former blocks, implemented using the official GitHub
code [43]. The configuration for the Shuffle Transformer
blocks follows the default settings from the original
paper.

The results, presented in Table 11, demonstrate that our
SWSformer significantly outperforms the Shuffle Trans-
former as an image restoration method.
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TABLE 11. Comparison of results between the Shuffle Transformer
(Shuffle T) block [16] and the SWSformer block.

Block PSNRT | MACs (G) | | Params (M) J.
Shuffle T block 25.18 139.0 195.0
SWSformer block | 39.92 132.8 195.0

6) EFFECT OF NWC

We analyze the impact of the Neighbor Window Connection
(NWC) module [16] by comparing our model’s performance
with and without it. The results in Table 12 indicate that
including NWC yields a notable performance improvement
at the cost of a slight increase in computation. Based on
this favorable trade-off, we incorporate NWC into the final
SWSformer architecture.

TABLE 12. Comparison results with and without Neighbor Window
Connection module (NWC) [16].

NWC | PSNR 1T | MACs (G) | | Params (M) |
X 39.85 131.6 194.7
v 39.92 132.8 195.0

7) POSITIONAL ENCODING

To identify the optimal positional encoding method for SWS-
SA, we conduct a comparative experiment on three variants:
relative position bias (RPB) [11], the Position Encoding
Generator (PEG) [17], and no positional encoding. The
results, presented in Table 13, show that PEG achieves
the highest performance. In contrast, RPB results in lower
performance than using no positional encoding. We hypothe-
size that this performance degradation from RPB is due to
query average pooling, which makes it difficult to capture
relative positions accurately. Therefore, we adopt PEG as the
positional encoding method for SWS-SA.

TABLE 13. Comparison of three positional encoding (PE) methods:
relative position bias (RPB) [11], the Position Encoding Generator (PEG)
[17], and no positional encoding.

PE | PSNRT | MACs (G) | | Params (M) J

X 39.90 1324 1943
RPB | 39.85 132.4 242.4
PEG | 39.92 1328 195.0
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FIGURE 11. Visualization results of attention maps for two types of images. For each image, we visualize the attention scores for queries
at two different positions. Left: The target image. Middle: The attention map. Right: The target image overlaid with the attention map. The
blue dot represents the query, and the red areas indicate high attention scores.

TABLE 14. Comparison results of two different feedforward networks
(FFN). LeFF: Locally enhanced FFN [10], GDFN: Gated Dconv FFN [12].

FFN PSNR 1 | MACs (G) | | Params (M) |
LeFF 39.90 132.6 195.3
GDFN 39.92 132.8 195.0

TABLE 15. Comparison results with and without channel attention (CA).
In this experiment, we apply NAFNet’s Simplified Channel Attention [13]
to the output of SWS-SA.

CA | PSNRT | MACs (G) | | Params (M) J
X 39.02 132.8 195.0
v | 3988 132.8 210.7

SWSformer

Noisy

FIGURE 12. Case where SWSformer struggles with restoration.

FIGURE 13. The grid artifacts observed in SWSformer’s restoration results.
Left: Image from the LOLv2 dataset. Middle and Right: Images from the
AllWeatherNight dataset (rain scene and snow scene, respectively).

8) FEEDFORWARD NETWORK
We conduct an ablation study to determine the optimal

feedforward network (FFN) for SWSformer, comparing two
prominent methods: the Gated-Dconv FEN (GDFN) [12] and
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the Locally-enhanced FFN (LeFF) [10]. The comparison in
Table 14 shows that GDFN outperforms LeFF. Consequently,
we select GDFN for the SWSformer architecture.

9) CHANNEL ATTENTION
Although channel attention (CA) is used in many recent
image restoration methods [12], [13], [14] for its com-
putational efficiency, we investigate its actual effect on
SWSformer. To do so, we incorporate NAFNet’s Simplified
Channel Attention (SCA) [13] after the SWS-SA module and
compare performance with a baseline model that omits it.
The results in Table 15 indicate that adding SCA provides
no performance benefit. Consequently, we do not include CA
in the final SWSformer design.

V. VISUALIZATION OF ATTENTION MAP

To demonstrate that SWSformer captures long-range depen-
dencies, we visualize the attention maps. For this visualiza-
tion, we use the attention scores extracted from the final
SWS-SA of SWSformer. The visualization results of the
attention maps for two different images are shown in Fig. 11.
From Fig. 11, it’s clear that SWSformer captures long-range
dependencies in both images. Furthermore, the attended
locations change depending on the query’s position, indi-
cating that SWSformer can appropriately identify relevant
areas.

VI. LIMITATIONS AND FUTURE WORK

Our SWSformer has limitations in restoration for cases that
require pixel-level long-range dependencies. For example,
in Fig. 12, the small characters are heavily corrupted by
noise, and to restore them effectively, the model needs to
capture the entire character at a pixel level. However, SWS-
SA applies average pooling to the query for efficiency,
which prevents SWSformer from capturing pixel-level long-
range dependencies. As a result, SWSformer fails to properly
restore the characters in Fig. 12. To achieve effective
restoration in such cases, our future work will focus on
proposing an attention mechanism that can efficiently capture
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pixel-level long-range dependencies. Furthermore, the grid
artifacts are observed in several restoration results for both
the LOLv2 dataset and AllWeatherNight dataset, as shown
in Fig. 13. It has been found that these grid artifacts are not
entirely resolvable simply by expanding the kernel size of
the NWC or by employing overlapping window partitioning.
This issue is likely attributable to SWS-SA’s difficulty in
identifying high-relevance information under conditions of
low illumination or dense haze. Therefore, an effective
strategy for improvement is the incorporation of prior
guidance [54] to the SWS-SA. Regarding efficiency, although
our SWSformer is more efficient than other Transformer
models, its application to mobile devices and real-time
processing is difficult, especially due to the large number of
parameters. Therefore, we aim to create a lightweight version
of SWSformer in future research by using techniques such as
pruning and quantization.

VIl. CONCLUSION

In this work, we proposed subwindow shuffle self-attention
(SWS-SA), an efficient mechanism for capturing long-range
dependencies. SWS-SA achieves a large receptive field by
using a subwindow-based spatial shuffle, while keeping
computational complexity low by applying average pooling
to the query. Building on this, we developed the Subwindow
Shuffle Transformer (SWSformer), a new architecture that
integrates SWS-SA with effective techniques from related
studies. We evaluated SWSformer on image denoising,
deblurring, and deraining tasks, where it demonstrated state-
of-the-art performance.

AVAILABILITY OF DATA

All datasets used for supporting the conclusions of this article
are available from the public data repository at the website
listed below.

o SIDD dataset: https://abdokamel.github.io/sidd/

o GoPro dataset: https://seungjunnah.github.io/Datasets/
gopro.html

o RainlO0H dataset: https://www.kaggle.com/datasets/
nguynhoitrung/rain100h

« LOLvV2 dataset: https://www.kaggle.com/datasets/
tanhyml/lol-v2-dataset

o AllWeatherNight  dataset:  https://huggingface.co/
datasets/YuetongLiu/AllWeatherNight
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