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Transformer-Inspired Convolutional Network for Image Restoration

Yuning Cui, Mingyu Liu, Wenqi Ren, Boxin Shi, and Alois Knoll

Abstract—Image restoration is a critical task in computer
vision, as unwanted degradations significantly reduce image
quality and adversely affect the robustness of downstream vision
systems. Recently, Transformer-based models have demonstrated
remarkable performance in image restoration tasks. However,
their quadratic computational complexity with respect to input
size limits their practical application. In this paper, we de-
velop a computationally efficient convolutional image restoration
model inspired by the design philosophy of Transformer blocks.
Specifically, we emulate and unify the functionalities of self-
attention and feed-forward layers within a single convolution-
based module to achieve adaptive and efficient spatial feature
learning. Additionally, this module incorporates multiple recep-
tive fields at attention, module, and scale levels, enabling effective
management of degradations of varying sizes. Furthermore, to
mitigate frequency discrepancies between degraded and sharp
image pairs, we widen and deepen the structure of a frequency
learning mechanism, which implicitly refines frequency spectra
through a simple yet powerful frequency decomposition and
calibration approach. Integrating these designs into a U-shaped
convolutional backbone results in our efficient and effective
network, termed UIRNet, for image restoration. Extensive ex-
periments across single-degradation, all-in-one, and composite
degradation restoration tasks validate the effectiveness of our
method. Notably, UIRNet achieves state-of-the-art performance
on 11 benchmark datasets covering six single-degradation scenar-
ios and performs favorably against leading all-in-one approaches
under a five-degradation setting. Importantly, our method also
demonstrates robust performance on two challenging composite
degradation image restoration benchmarks, as well as in ultra-
high-definition (UHD) applications.

Index Terms—Image restoration, convolutional network, fre-
quency refinement, multi-scale learning, Transformer-inspired
architecture, all-in-one image restoration, composite degradation
image restoration, ultra-high-definition image restoration

I. INTRODUCTION

HE captured images often suffer from various degrada-

tions, such as haze, rain, and blur, due to the adverse con-
ditions or physical limitations of cameras. Such degradations
often hamper image visibility and degrade downstream vision
systems’ robustness. In this regard, image restoration can be
beneficial as it aims to remove those undesired degradations
and reconstruct a clean image from the corrupted inputs [/1]].
As such, image restoration plays an important role in many
fields, such as remote sensing and autonomous vehicles.
Many conventional algorithms have been developed for image
restoration by exploring various assumptions and hand-crafted
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features to reduce the solution space. However, these methods
are inapplicable to complicated real-world scenarios.

Recent convolutional neural networks (CNNs) have pow-
erful learning capabilities for generalizable priors from large-
scale datasets and have significantly advanced the performance
of image restoration tasks [2], [3]]. The convolution operator
performs well at learning local connectivity, but it is restrained
by the limited receptive field and is inadequate to remove
large-scale degradations. In addition, the fixed convolution
kernel is not flexible enough to adapt to the input that often
involves non-uniform blurs [[1]].

In this regard, Transformer models have mitigated the
aforementioned limitations, yielding promising performance
across a diverse range of image restoration tasks [1]], [4].
However, these Transformers have quadratic complexity to
the input size despite their strong ability to model long-
range pixel interactions effectively. This limitation restricts
their broader applicability in image restoration tasks, which
typically involve high-resolution inputs. In addition, the self-
attention mechanism produces an attention matrix based on
the local signals, causing sub-optimal information aggrega-
tion for degradation-aware large-scale degradation restoration.
Moreover, the sum-to-one normalization method is utilized in
self-attention for pixel integration and generates all-positive
attention weights that are unable to filter detrimental pixels [5]].

More recently, CNN-based architectures have experienced
a resurgence in high-level vision tasks, driven by innovations
involving large kernel sizes [6], multi-scale feature extrac-
tion [7]], and Transformer-inspired training methodologies [8§]].
In line with this trend, this paper introduces a Transformer-
inspired convolutional network for image restoration that em-
ulates the core characteristics of Transformer blocks through
computationally efficient convolutional operations. To this end,
we imitate and unify the functionalities of self-attention and
feed-forward networks [1]] within a single convolution-based
module. More specifically, for the attention part, we employ a
lightweight branch to yield integration weights for pixels by
taking into consideration global contexts. Then, we break the
restriction of the sum-to-one operation by replacing Softmax
with the hyperbolic tangent function [9]. In this way, we
emphasize the informative pixels and suppress the harmful
signals via the attention weights that have been projected to
(—1,1). Additionally, we use the efficient convolution operator
for integration, rather than the expensive dot-product of self-
attention [5]. Finally, we embed multi-scale receptive fields
into the attention mechanism by learning attention weights for
different spatial sizes.

On the other hand, the gated-dconv feed-forward net-
work [[1]] has demonstrated considerable effectiveness in image
restoration tasks. In this work, we incorporate this gated mech-
anism into our Transformer-inspired module by employing
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Dehazing (SOTS) All-in-one (Average) Composite (CDD-11) Composite (LOL-Blur)

Fig. 1: Comparison of the number of parameters for single-degradation (a), all-in-one (b), and composite degradation (c,d)
image restoration tasks. The performance of all-in-one methods is reported as the average over ve tasks (see Table XVII).

a large-kernel depth-wise convolution in one branch, com- In addition to the convolution-based spatial attention
plemented by the previously described attention mechanism mechanism, we incorporate the functionality of a feed-
in the other branch. The outputs from these two branches forward network, resulting in a unied Transformer-
are subsequently merged through element-wise multiplication. inspired module. Moreover, the proposed module in-
Furthermore, the kernel size is varied across different scales tegrates multi-scale feature learning capabilities at the
of the U-shaped backbone, facilitating multi-scale feature attention, module, and scale levels.

learning at the network's scale level. We enhance the frequency learning mechanism by deep-

In addition to enhancing feature learning in the spatial ening and widening its structure to facilitate multi-scale
domain, we also develop a frequency learning module to and high-order frequency representation re nement.
re ne spectral features by suf ciently leveraging the frequency ~ Beyond image motion deblurring, we extend our model
gap between degraded/sharp image pairs. This module is to ve more single-degradation image restoration tasks:
established on a simple yet effective mechanism that achieves image dehazing, deraining, denoising, defocus deblurring,
implicit frequency decoupling and recalibration using average and low-light enhancement. Furthermore, we evaluate
pooling. In this work, we deepen and widen this mechanism our model's effectiveness in more challenging all-in-one,
to improve its ability for multi-scale and high-order frequency ~ composite degradation, and UHD scenarios.
representation learning.

The main contributions are summarized as follows: Il. RELATED WORK

We propose a Transformer-inspired module that integrat®s Image Restoration

the functionalities of self-attention and feed-forward net- CNNs have demonstrated remarkable performance across
works into a uni ed convolution-based component, envarious image restoration tasks [11]. Among these archi-
abling efcient spatial feature learning. The attentionectures, the encoder-decoder framework has emerged as a
mechanism is implemented using convolutional opepopular paradigm due to its effectiveness in learning hierarchi-
ations, and the proposed module further incorporateal representations. Additionally, numerous advanced modules
multi-scale feature learning at the attention, module, arthd mechanisms have been carefully designed and integrated
scale levels. into image restoration models to improve performance. For in-
We introduce a frequency learning module by wideningtance, to enable the network to focus on residual information
and deepening a frequency decoupling and recalibratitgarning, both image-level and feature-level skip connections
mechanism, thereby enabling multi-scale and high-ordeave been widely adopted [2], [12]. Moreover, diverse channel
frequency representation learning. and spatial attention mechanisms have been developed to
Extensive experiments conducted on three categoriesselectively emphasize critical features [13], [14]. Extensive
image restoration tasks (single-degradation, all-in-onefforts have also been made to expand the receptive elds
and composite degradatidnyalidate the effectivenessby deepening backbone structures and employing techniques
and ef ciency of our designs (see Figure 1). Moreovesuch as dilated convolutions [15] and non-local blocks [16].
our model can be effectively adapted to UHD image More recently, numerous Transformer-based models have
restoration tasks. emerged in image restoration [9], [17], inspired by their
gtstanding performance on high-level vision tasks. However,
espite their effectiveness in capturing long-range depen-
dencies, these models suffer from quadratic computational
complexity associated with the self-attention mechanism. Sev-

1Single-degradation or task-speci ¢ image restoration methods are de-gral approaches have been proposed to mitigate this issue
signed to effectively address a speci c type of degradation once trained. A

a . .. . . . .
result, separate models must be trained for different degradation types.%.m “m't.mg the spat!al operation region [18] or alte“.ng t.he
contrast, all-in-one algorithms can handle multiple degradation types andimension of operations [1]. Nevertheless, these modi cations
severity levels after a single training process, with each image in the datagg] impose signi cant complexity constraints with respect to

affected by only one type of degradation. Meanwhilemposite degradation icdi . h ind . h | t
or mixed-degradation image restoration methods aim to remove multiple':’peCI C dimensions such as window size or channel count.

degradations that occur simultaneously within a single image. In this study, we propose a Transformer-inspired module

This paper is an extended version of [10]. The improvemeng
include:
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that integrates the functionalities of self-attention and feed-
forward layers into a unied convolution-based unit, where
the attention mechanism is realized through convolutional
operations to ensure computational ef ciency. Additionally, we
introduce carefully designed multi-scale learning mechanisms
into both the spatial and frequency modules to further enhance
the model's representational learning capability.

B. All-in-One Image Restoration

Single-degradation image restoration has attracted consid-
erable research attention in recent years. However, deploy-
ing separate models for different degradations is impractical
and resource-intensive, particularly for resource-constrained
platforms. Consequently, all-in-one solutions have recently
gained signi cant interest due to their capability to address
multiple degradations using a single uni ed model trained
only once [19]. A common practice in such methods is to
initially extract degradation-speci ¢ information from input
images, which subsequently guides the restoration process.
For instance, AirNet [20], one of the pioneering approaches,
contrastively learns degradation representations from corrupted
images and leverages these representations to reconstruct clean
images. However, the effectiveness of contrastive learning
largely depends on carefully constructed positive and negdsig. 2: UIRNet adopts a three-scale U-shaped architecture
tive pairs. PromptIR [21] encodes degradation representatiaral employs multi-input/output strategies [2]. Our proposed
into learnable prompts, which are integrated into decodaetsmponents are incorporated into a regular residual block.
for image reconstruction, resulting in increased parameter
overhead. More recently, text-based prompts generated from
large models have been utilized to achieve controllable [2@sidual blocks (Figure 2 (c)), and the feature re nement
reconstruction. Nevertheless, the involvement of large modef®dule (Figure 2 (d)). Then, the multi-input strategy [2], [13]
signi cantly increases computational complexity and ovels adopted, where the low-resolution input imdges injected
head. Despite the absence of highly specialized componeim$o the main path via concatenation after being processed by
our proposed model achieves competitive performance agai@sinvBlock (Figure 2 (b)). The channel dimension is adjusted
state-of-the-art all-in-one frameworks, highlighting its strongy a3 3 convolution. Subsequently, the resulting features
representational learning capability. Furthermore, we conduymss through another two combinations of ResBlocks and
extensive experiments across three major categories of iméggture re nement modules to obtain the deepest features with
restoration tasks, a comprehensive evaluation rarely explotbé shape o8C % Y. This process involveks. Then, the
in previous studies. deepest features are processed by the decoder with three scales
to yield a sharp image. The decoder features are concatenated
Ill. PROPOSEDMETHOD with the encoder features through feature-level skip connec-
tions to facilitate the recovery process. The model outputs low-

This sectlpn .rst presents_ the overall pipeline of theyqqion predicted images via 3 convolutions after the
Transformer-inspired convolutional network, termed UIRNet o o feature re nement modules in the decoder network

Then, we delineate the core components: Transformer—lnsplri_e& each pair of same-size input/output images, the image-

module (TIM) and frequency learning module (FLM). Finally,e\e| skin connection is utilized following [2]. The proposed

the loss functions used are introduced. two components, TIM and FLM, are deployed between two
3 3 convolutional layers, as shown in Figure 2 (d).

A. Overall Pipeline

A schematic of the proposed UIRNet is shown in Figure 8. Transformer-Inspired Module (TIM)

Following recent schemes [2], [12], UIRNet applies the popu- 1\ is designed to emulate the operation of Transformer
lar encoder-decoder solution for image restoration and contamgcks

lutional | ; q hall ; i(];al self-attention is rst revisited to reveal its defects.
convolutional layer is used to extract shallow features o 1) Attention Mechanism:The formulation of multi-head

sizeC  H = W, whereC depotes the number of channelgg ayention (MHSA) [23] can be expressed as:
andH W represents spatial locations. Next, the shallow

features are fed into ResBlocks, which consistnohormal MHSA(Q; K ;V) = [heady; ::;; head, ]W©; 1)
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Fig. 3: Calculation process of self-attention [23].

head = Attention( QW.2; K WX ; VW' ); @

where [, ] denotes the concatenation operati\M‘? WK and

W are parameter matrices to proje@, K, andV into
different feature spaces. The scaled dot-product attention is
the core component that is given by:

Attention( Q;K;V) = AV

s v ®
= Softmax(QK 7 )V:

Here, we omit the normalization factor for simplicity. Given

an input of sizeR"W €| the sizes of the attention map

and outcome arelW HW andHW C, respectively. For

convenience, we have assumed here @at ;v 2 RFW €

have the same number of channels as the input. Next, we

demonstrate that the attention weights of self-attention are

generated only from local interactions, as illustrated in Fig-

ure 3. Speci cally, for a single resulting pixei; | ) generated Fig. 4: lllustrations of the Transformer Block [1] and our pro-

by Eg. 3, its response is attained by: posed Transformer-inspired module (TIM). Conv and DConv
oW indicate convolution and depth-wise convolution, respectively.

Yij = AipVp;: (4)

P wheref, 1 is a point-wise convolution. Here, we can either

The contribution ofVi.1; to the calculation ofYj; is generate a similar attention matrix as self-attention and per-

determined byAj; +1 , which is yielded by: form matrix multiplication with inputs, or produce the kernel
values of the convolution operator for aggregation. Since the

A = QigKzis: (5) former _still has_ quadratic complexity, we a(_jopt the more

=1 ef cient integration method based on convolution [26]. Here,

W 2 R? kz, wherek Kk is the kernel size. Next, the re ned

As demonstrated in the analyses above, we utilize only t ture can be generated after reshaphigto R% :

source information from these two spatial locations to compute

the contribution of pixel(i + 1;j) to (i;j ). Although self- 11
attention enables global value aggregation, its af nity scoresY ¢hw = Wi Xenb keriw b kerj T Xehw D (7)
are mainly generated from pairwise query-key similarities i=0 j=0

and are not explicitly conditioned on image-level degradatio
context. This may make the aggregation weights less tailorg
to degradation-aware high-resolution image restoration, wh
effective ltering often depends on both global degradatio?ﬂ
statistics and local structural reliability. t
To ameliorate this issue, the attention weights in TIM al
roduced based on global information. More concretely, R )
Ehown in Figure 4, '?’IM leverages global average poglin Moreover, inspired by the group-query attention [27] that
(GAP) to generate the global feature, and then a convolutiélﬂa;es single If[e% and valuiz 'heads. fgr e?gh group (?f querr1y
layer is used to obtain the initial attention weights. We impod§2ds, our spatial re nement is carried out in groups in eac

the hyperbolic tangent activation function on the initial weightSP!it Part to strike a balance between the diversity of attention
to produce factors falling int¢ 1;1), instead of using Soft- Weights and efciency (see Figure 5). Speci cally, the split

max in the standard self-attention [24]. As a consequence, {f@turesX 1 andX) are divided into several groups along the

harmful pixels can be suppressed appropriately [25]. Formalﬁhannel dimension, and distinct attention weights are produced

givenX 2 RC H W our attention weights are produced b fo’r each group. The weights are shared among both spatial and

channel dimensions in each group to improve ef ciency. To
W =Tanh(f1 1(GAP(X))); (6) summarize, the entire process of the attention mechanism in

e above process can be concludedYas= Ay (X). As
own in the attention mechanism in Figure 4, the input is split
to two components,e., X 1, X2 = S(X), whereS denotes

e splitting operation. Spatial re nement is then applied to
r%ach component using different kernel sikeyielding multi-
ggale receptive elds.



IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY 5

Fig. 5: lllustrations of group-query attention [27] in Trans-
former models and our attention design.

Fig. 6: Architectural details of our Frequency Learning Module
TIM is given by: (FLM). s s denotes the kernel size of pooling.

R =[AFX 12); 5 AS(X 1ig)ls [AG(X 2:0); 15 AL (X 230)I];
(8) local spatial modulation using depth-wise convolution. The
X115 Xg = S(X1); Xz u5 X2 = S(X2); (9)  two branches are coupled through element-wise multiplication,

. . . . a}l]lowing regional interaction and local modulation to be jointly
where the superscript means using separate attention wel% t

for different groups, ang is the number of groups speci ed Chormed within a single compact module. Moreover, TIM
groups, groups sp incorporates receptive- eld diversity at the attention, module,

in each component, which is set to 4 in our model. L . . .
. . . and scale levels, which is particularly suitable for image
2) Integrating Feed-Forward Network Desigrin addition X . ; X .
restoration degradations with varying spatial extents.

to mimicking self-attention, we integrate the design philosophy
of the feed-forward network (FFN) into our module to further
enhance representation learning. To achieve this, we cho@seFrequency Learning Module (FLM)

a well-established gated-dconv feed-forward network [1] in apart from enhancing spatial feature learning, we further
image restoration for emulation. As illustrated in the top righinprove frequency learning by effectively leveraging the dis-
corner of Figure 4, this FFN rst uses a convolution layer t@repancies between corrupted and clear image pairs. Most
expand the feature channels by a factor of3 3 depth- frequency-based approaches rst leverage the fast Fourier
wise convolutions are used in parallel branches obtained f¥nsform or Wavelet transform to yield spectral features, and
splitting the expanded features. The output is generated f¥n resort to convolution layers to process features [15], [28],
merging two branches via element-wise multiplication. — [29]. In this study, we instead adopt a simple yet effective fre-

Inspired by this mechanism, we rst applyla 1 convolu- qguency decomposition and re nement method as our basic unit
tion to double the number of feature channels. After splittingg process different frequency components individually [10].
one branch undergoes a depth-wise convolution with a kerigle architectural details of FLM are illustrated in Figure 6.
size ofks ks, while the other branch is processed througiye begin by detailing the basic frequency learning unit (FLU)
our proposed attention mechanism. Finally, the two branchgsq subsequently introduce our expansion strategy to facilitate
are fused via element-wise multiplication. multi-scale and high-order frequency learning.

Moreover, in our caseks increases with the scale number concretely, givenrX 2 RS H W FLU uses the average
and is de ned akz = 7+2  scale, wherescale2 f 0,129  pooling technique to extract the low-frequency feature, and the
denotes the scale index of the mddeConsequently, TIM corresponding high-frequency feature is yielded by subtracting
incorporates three levels of multi-scale learning: attentiqfie resulting low frequencies from the input. This process can

level, module level, and scale level. be formally expressed as:
Discussion We note that TIM is built upon several widely
used primitive operations, such as dynamic convolution, depth- X =APs(X); Xp=X Xj; (10)

wise convolution, and gated modulation. Therefore, the nov- .

I : N where X, X, are low- and high-frequency components,

elty of TIM does not lie in inventing each primitive operator : i . .

. . . respectively; AR denotes average pooling with the kernel
independently. Instead, TIM aims to reorganize these opera- "

size ofs s. Subsequently, re ners are utilized to enhance

tions into a restoration-oriented functional structure. Existin[gl : X
S . . e extracted features. Specically, the features are multi-
Transformer-inspired CNNs mainly use convolutional opera-

tions as ef cient replacements for self-attention or as stan lied by attention parameters, which are directly optimized

alone modulation units [5], [6]. In contrast, TIM embeds the rough backpropagation, to recalibrate different frequency

attention-like dynamic aggregation branch into an FFN-sty eomponents effecthaIy. The re ned features are then added,
o : . as expressed below:
multiplicative formulation. Speci cally, one branch performs

content-adaptive regional aggregation using globally condi- Y = W)X + WpXh; (11)

tioned dynamic convolution, while the other branch performs ) ) ]
where W, and W,, are channel-wise attention weights. We

2The rst scale corresponds to the highest feature resolution. conclude the above calculation processyas Fs(X).
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TABLE I: Image dehazing comparisons on both the synthetic (SOTS [30]) and real-world (Dense-Haze [31]) datasets.

SOTS-indoor SOTS-outdoor Dense-Haze Overhead
Methods PSNR SSIM" PSNR SSIM" PSNR SSIM® Params/Nt FLOPs/Gt
DeHamer [4] 36.63 0.988 35.18 0.986 16.62 0.560 132.45 60.3
MAXIM-2S [13] 38.11 0.991 34.19 0.985 - 14.1 108
HCD [32] 38.31 0.995 34.02 0.994 16.41 0.566 5.58 104.03
DehazeFormer-L [17] 40.05 0.996 - - 25.44 279.7
TaylorFormer-B V1 [33] 40.71 0.992 37.42 0.989 16.66 0.560 2.68 38.5
DEA-Net [34] 40.20 0.993 36.03 0.989 - 3.653 32.23
TaylorFormer-B V2 [35] 41.00 0.993 37.81 0.991 16.95 0.621 2.63 37.7
Ours 41.76 0.996 38.18 0.995 17.02 0.630 3.21 315
Long- and short-range contexts play an important role in IV. EXPERIMENTAL RESULTS

image restoration [1], [9]. Therefore, we widen FLU to form we conduct extensive experiments on single-degradation,
a frequency learning block (FLB) by employing pooling of-in-one, composite degradation, and UHD image restora-

different square kernel sizes in multiple units for frequenqyon tasks to validate the effectiveness and generality of the
re nement, followed by a convolution operation to furtheioposed image restoration architecture.

enhance the added features. The whole computational process Single-degradation: the model is trained separately for

of FLB can be summarized as: each image restoration task, covering 11 datasets across

R = FLB( X) image dehazing, deraining, denoising, motion deblurring,
¥4 (12) defocus deblurring, and low-light image enhancement;
= f3 3(Feap (X)+ Fois1 (X)) + X; All-in-one: a single uni ed model is trained on a mixed
i=1 dataset constructed from multiple datasets, where each

where Fgap means using GAP for frequency separation in ~ IMage contains only one type of degradation;
FLU. As shown in Eq. 12, global and several local square pool- Composite degradation: the model aims to restore clean
ing techniques are utilized to provide global-to-local multi- ~ images from inputs in which each image is simultane-
scale receptive elds for frequency re nement. Finally, we  Ously corrupted by multiple types of degradations;
empirically deepen FLB to establish our FLM to achieve high- ~UHD: the model is extended to UHD applications, sup-
order frequency learning. porting image restoration at a resolution3§40 216Q
Discussion The proposed FLM extends a single-level Such a broad evaluation is intended to demonstrate the
decomposition-and-calibration unit to a multi-scale and higgenerality and robustness of the proposed architectural design,
order re nement module. The widened structure decompog@her than optimizing for a single benchmark. Details on the
features using multiple pooling scales, providing global-tslatasets, the speci c training con guration, and additional vi-
local frequency components. The deepened structure perfoigigl comparisons are provided in the Supplementary Material.
iterative re nement, where later frequency learning blocki the tables, the best results are highlightedoaid, while
operate on recalibrated features and further reduce residif@ second-best results are underlined
frequency discrepancies. Therefore, FLM is not a simple
repetition of the previous frequency unit, but a progressive Single-Degradation Image Restoration Results
frequency re nement mechanism. The spectral visualizations1) Image Dehazing:We evaluate our model on both syn-
in Figure 10 show that successive FLBs progressively align ttreetic (SOTS [30]) and real-world datasets (Dense-Haze [31]).
intermediate feature spectra with the ground-truth spectruns shown in Table I, our method exhibits the best qual-
ity performance in three datasets. Speci cally, our method
D. Loss Function outperforms DeHamer [4] on the SOTS-indoor dataset by
. . . .5.13 dB PSNR with only 2.4% parameters. Moreover, our
The I loss in both spatial and frequency domains [2] iS ; I .
leveraged to facilitate dual-domain learning: model obtains signi cant performance improvements over the
recent TaylorFormer [33], [35] and DEA-Net [34] models
X 1 with similar computation overhead. In addition, our model
Ls= E*iki\i Giky; is evaluated in challenging real-world scenarios using the
‘);1 (13) Dense-Haze [31] dataset. Table | shows that our model per-
_ 1 ) forms favorably against state-of-the-art algorithms on Dense-
Li = . EkFFT( fiy  FRT(Gi)ks; Haze. Speci cally, our approach outperforms TaylorFormer-B
=1 V2 [35] by 0.07 dB PSNR while consuming lower complexity.
where FFT is fast Fourier transforfy;, i 2 f 1;2;3g denotes  Given the crucial role of image dehazing in remote sensing,
the multi-scale predicted images as shown in Figur€52; we evaluate our model on the SateHazelk [48] dataset to
is the ground-truth image; anB represents the total pixelassess its performance in this domain. The quantitative results
elements for normalization. The nal loss function is giverare shown in Table IV. Our model demonstrates strong per-
by combining the above two termk:= L¢ +0:1L¢. formance across all three haze levels. Notably, it outperforms
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TABLE II: Single-image defocus deblurring comparisons on the DPDD [36] dataset.

Indoor Scenes Outdoor Scenes Combined

Methods PSNR  SSIM' MAE# LPIPS PSNR SSIM* MAE# LPIPS PSNR SSIM* MAE# LPIPS#
LaKDNet [37] - - 26.15 0.810 - 0.155
Restormer [1] 28.87 0.882 0.025 0.145 23.24 0.743 0.050 0.209 25.98 0.811 0.038 0.178
FocalNet [12] 29.10 0.876 0.024 0.173 23.41 0.743 0.049 0.246 26.18 0.808 0.037 0.210
MambalR [38] 28.89 0.879 0.026 0.171 23.36 0.738 0.051 0.243 26.11 0.809 0.039 0.202
OKNet [39] 28.99 0.877 0.024 0.169 23.51 0.751 0.049 0.241 26.18 0.812 0.037 0.206
RDDM [40] - - 25.97 0.811 0.037 0.166

Ours 29.21 0.883 0.023 0.155 23.58 0.755 0.049 0.212 26.32 0.817 0.036 0.185

TABLE III: Low-light image enhancement comparisons on the LOL-v2-syn [41] dataset.

Methods Uformer [9] Restormer [1] MIRNet [42] SNR-Net [43] Retinexformer [44] MambalLLIE [45] FourierMamba [46] CIDNet Q@i

PSNR'
SSIM'

19.66
0.871

21.41
0.830

21.94
0.876

24.14
0.928

25.67
0.930

25.87
0.940

24.75

0.945

25.71
0.942

25.95
0.954

TABLE IV: Image dehazing results on the remote sensin@ABLE VI: Image motion deblurring results on GoPro [57].
dataset, SateHazelk [48], which includes thin, moderate, and

thick haze levels.

Methods

Thick Thin
PSNRSSIM' PSNR' SSIM' PSNR' SSIM"

Moderate

UMWTransformer [49] 20.07 0.825_26.69.946 24.29 0.919

Trinity-Net [50]
FocalNet [12]

20.97 0.823 23.35 0.895 21.55 0.884
21.69 0.847 25.99 0.9424.16 0.916

FMambalR [51] 22.65 0.850 25.83 0.939 24.58 0.912
Ours 23.03 0.957 26.70 0.97824.40 0.977
6.33 dB PSNR 15.35 dB 16.59 dB 17.26 dB
12.24 dB PSNR 12.02 dB 10.53 dB 13.57 dB
Hazy Image GT DeHamer  TaylorFormer Ours

GoPro Overhead
Method PSNR SSIM' Params/M FLOPs/Gt
MIMO-UNet+ [2] 32.45 0.957 16.1 154.41
MPRNet [14] 32.66 0.959 20.1 777.01
MAXIM [13] 32.86 0.961 22.2 169.5
Restormer [1] 32.92 0.961 26.13 141
DDANet [10] 33.07 0.962 16.18 153.51
PromptRestorer [58] 33.06 _0.962 244 186
Stripformer [18] 33.08 _0.962 20 170.46
TaylorFormer-XL V2 [35] 33.24 0.963 16.26 141.9
Ours 33.28 0.963 13.3 126

of 0.34 dB in PSNR over the strong Transformer model
Restormer [1] in three categories. In addition, our model
achieves a performance gain of 0.14 dB over the recent CNN-
based method OKNet [39] in the combined category while
using fewer parameters (see Figure 1c). The comparisons
demonstrate the effectiveness of the proposed method.

3) Image Deraining: We evaluate the proposed model on

Fig. 7: Dehazing results on the Dense-Haze [31] datasetthe widely adopted AGAN-Data [52] dataset for raindrop

removal. The quantitative results are presented in Table V.

TABLE V: Image deraining results on the AGAN-Data [52]JAs shown, our method achieves a performance gain of 0.42
dataset for raindrop removal.

Methods IDT MAXIM-2S AWRCP FPro AST-B Ours

[52] [53] [13] [54] [55] [56]
PSNR  31.87 31.87 31.93 31.96_32.3232.74
SSIM'  0.931 0.935 0.931 _0.9370.935 0.943

dB over the recent Transformer-based AST-B [56] while
maintaining signi cantly lower computational complexity, as
illustrated in Figure 1 (b). Additionally, our model outperforms
the prompt-based FPro [55] by 0.78 dB in PSNR while
reducing complexity by 61%.

4) Low-Light Image EnhancemenEor this task, we eval-
uate the proposed method on the widely adopted LOL-v2-

the specialized algorithm [50] by a signi cant margin of 2.06yn [41] dataset. The quantitative results are summarized
dB in thick haze scenarios.

Figure 7 shows that the images produced by our model drerformance compared to state-of-the-art algorithms. Notably,
much visually closer to ground truth, suggesting the robustné¥g’ approach outperforms the recent Mamba-based Fourier-

of our model in

addressing real-world degradations.

in Table IlI, showing that our model achieves competitive

Mamba [46] and Transformer-based Retinexformer [44], with

2) Image Defocus Deblurring:The DPDD [36] dataset PSNR improvements of 0.20 dB and 0.28 dB, respectively. In
is used to compare our model with other state-of-the-a&€ldition, our model surpasses CIDNet [47], which performs
algorithms for single-image defocus deblurring. Table Il shovghhancement in the Horizontal/Vertical-Intensity (HVI) space.
that our model outperforms other algorithms on most metrics.5) Image Motion Deblurring:The proposed model is eval-
Speci cally, our method obtains a performance improvemengated on the commonly adopted GoPro [57] dataset for motion
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TABLE IX: Ablation study of each module.

Baseline TIM FLM PSNR Params FLOPs

(@) X 31.33  1.48M  15.44G
(b) X X 36.40 1.64M  16.77G
(© X X 36.85 150M  15.64G
(e) X X X 3732  166M  16.98G

TABLE X: Ablation study on the integration of FFN.

Methods w/o FFN FFN+ xed kernel FFN+multi-scale kernel
() (b) (c)
Before TIM After TIM GT PSNR' 35.19 36.22 36.40

Fig. 8: Visualization of intermediate feature maps in TIM.

TABLE VII: Comparison of inference speed across four image 8) Ablation Study:Ablation studies are conducted by train-
restoration tasks using an NVIDIA Tesla V100 GPU. Ouing dehazing models on the RESIDE-indoor [30] dataset so

model achieves better performance with faster speed. as to verify the effectiveness of our modules and investigate
different options. All con gurations remain unchanged, except
Tasks Datasets Methods PSNRTime/s# for n in Figure 2 (c), which is set to 0. The baseline model is

Dehazing SOTS-indoor TaylorFormer-B V1 40.71  0.843  obtained by directly removing TIM and FLM from our model.

Ours 41.76  0.087

Low Light LOL-v2-syn Retinexformer J567  0.054 Effects of each componentTable IX presents a breakdown
ours 2505  0.049 ablation study in which the baseline model receives 31.33

Denoising BSD68 Restormer 26.62 0277  dB on the SOTS-indoor [30] dataset. TIM and FLM achieve
Ours 26.65 0.092 ; ;

Deblurring  GoPro Stripformer 3308 1054 perfo.rmance gains of 5.07 dB and 5.52 dB, respectively. Here,
ours 33.28 0.587 TIM introduces only 0.16M parameters and 1.33G FLOPs,

while FLM introduces only 0.02M parameters. The model,

TABLE VIII: Peak inference memory footprint comparison afduiPped with both modules, obtains a further performance
different input resolutions on an NVIDIA RTX 4090 GPU. - 9ain of 5.99 dB compared to the baseline. The results suggest
indicates out-of-memory. the effectiveness of our modules.

In addition, we visualize the intermediate feature maps of

Resolution 1200 1200 1600 1600 2000 2000 TIM. Figure 8 shows that the features input to TIM primarily
TaylorFormer-B V2 10352.68 MB  18385.72 MB - capture edges, but the representations are relatively unclear. In
Ours 6017.34 MB  10673.72 MB  16665.03 MB  contrast, the features processed by TIM not only strengthen

edge signals but also improve the overall consistency of the
feature maps, indicating that TIM effectively leverages both

deblurring. Table VI shows that our model performs favorablpcal and large-scale information to re ne the representations.
against previous methods with fewer parameters and lowemulti-scale learning in TIM. Table X demonstrates that
complexity. Speci cally, our model achieves a performanceemoving the FFN design from TIM results in a PSNR of
improvement of 0.36 dB PSNR over Restormer [1], whilg5.19 dB, leading to a performance drop of 1.21 dB. The scale-
utilizing only 51% of its parameters. Furthermore, compardgvel multi-scale learning mechanism leads to a performance
to the recent Transformer-based TaylorFormer-XL V2 [35§ain of 0.18 dB PSNR over the xed version, which employs
our model achieves a 0.04 dB gain in PSNR while reducing 7 depth-wise convolutions in all scales.
parameters by 18% and computational complexity by 11%. we further analyze the impact of varying kernel sizes

6) Inference Time Comparisor\We compare the inferencein the attention mechanism. As illustrated in Table XI, the
time of our model with well-established algorithms acrosserformance improves with the increase in kernel size. In
four tasks. Table VII demonstrates that our model outperformgdition, Table Xle and Table XIf explore the bene ts of using
Transformer-based models by achieving a higher score whitgilti-scale receptive elds. The input features are split along
maintaining superior inference speed. Notably, on the SOTfe channel dimension to reduce complexity. Bhed kernel is
indoor [30] dataset, our model achieves nearly 10x fast@fposed on half of the channels, while the other half is divided
inference speed compared to TaylorFormer-B [33]. equally for the other kernels. Taking Table XIf as an example,

7) Memory Footprint Comparison:We further compare the3 3 kernel is used on half channels of the feature, and
the memory footprint of the proposed model with that of & 5/7 7 kernel is used on a quarter of channels. In this
recent state-of-the-art method, TaylorFormer-B V2 [35], undease, the number of groups is set to 4, 2, and 2 for3the3,
different input resolutions. As shown in Table VIII, our modeb 5, and7 7 kernels, respectively. The use 8f 3 and
consistently requires less peak inference memory as the input 5 helps to obtain 35.19 dB PSNR, which is higher than
resolution increases. Notably, TaylorFormer-B V2 runs out dfiat of using a separate one. Moreover, this choice reduces
memory at a resolution 2000 200Q whereas our model the training time compared with that &f 5 kernel. Finally,
can still perform inference successfully. kernel sizes oB 3 and5 5 are chosen as our con guration
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TABLE XI: Ablation study of kernel sizes in TIM. Models are
trained on an NVIDIA Tesla A100 GPU. The total number of
groups is set as 8.

Kernel Size 335577 993355335577
@ (M () (@ (e) ®

PSNR' 34.59 34.97 35.58 35.74 35.19 35.24

Training Time/k 11.72 17.30 24.72 36.51 15.27 18.09

TABLE XII: Ablation study of the number of groups in TIM.

2 4 8 (Table Xla ) 16 32
() (b) () (d) (e)
PSNR' 34.13 34.17 34.59 34.46 34.22

Groups Fig. 9: Image dehazing comparisons on SOTS-indoor [30]

between models with and without using our method.

) ) TABLE XVI: Ablation study on deepening FLB.
TABLE XIllI: Ablation study on the effect of receptive eld

size on the attention weights in TIM. Methods FLB 2*FLB (=FLM) 3*FLB
- PSNR 35.86 36.85 36.95
Receptive eld PSNR Params FLOPs
5 9 37.18 1.75M  17.02G
Global 37.32 1.66M 16.98G

original design, while also incurring higher computational
overhead. These results validate the effectiveness of leveraging
TABLE XIV: Ablation study of activation functions in TIM. 3 global receptive eld in TIM for attention weight generation.
Activation Nome Relu  Sigmoid Softmax _Tanh (Table Xild) piffgrent actiyation functions. The in uences of diff_erent
Function @) (b) ©) (d) () activation functions in TIM are also studied, and their results
are presented in Table XIV. Interestingly, the model obtains the
second-best performance without using any activation function
(Table XIVa). When Tanh is used to project weights to (-1, 1),
the model exhibits the best performance. Therefore, the Tanh

PSNR 3441 34.33 34.23 34.34 34.46

TABLE XV: Ablation study of multi-scale receptive elds in

FLB. function is used as the default function.

Global 33 55 77 99 PSNR Ablation studies on FLM. We rst investigate the effects
@ 3133 of widening FLU in FLB. Table XV shows that, compared to
(b) X 34.00 the baseline model, the GAP variant (Table XVb) produces
ég; “ )>(< gié? a performance gain of 2.67 dB PSNR while the lo8al 3
5] X X X 35.47 variant (Table XVc) obtains a gain of 1.8 dB PSNR. The model
0] X X X X 35.70 (Table XVvd), using both global an@ 3 local frequency
(@) X X X

X X 35.86 re nement, further boosts the performance to 34.67 dB. The
performance improves from 34.67 dB to 35.86 dB when more
local operations with different kernel sizes are used. Note that

to strike a better balance between performance and ef cien@iyput features are not split into groups as TIM due to the high

Different numbers of groups in TIM. The diversity of efciency of implementation for average pooling. The version
attention weights in TIM is enhanced by increasing the numbef Table XVg is selected in our model.

of groups, and the results are reported in Table Xll. When theln Figure 9, the produced images by models Table XV (a)

number of groups is increased from 2 to 8, the performanaed (g) are compared. When equipped with our method, the

improves from 34.13 to 34.59. As the number of groupsiodel becomes more effective in removing haze blurs, such
increases further, the accuracy declines. Therefore, a totalagfblurs on the oor and the door.

8 groups is selected for our nal model. We further examine the impact of expanding FLB along
Effect of receptive eld size on the attention weights in the depth dimension. Table XVI indicates that increasing the
TIM. The TIM generates attention weights based on a globalmber of FLB enhances performance but nearly saturates
receptive eld, in contrast to the self-attention mechanismyhen two FLB are stacked. Therefore, we incorporate two

which relies on a local receptive eld to compute attentiofrLB in each FLM in our model.

weights. To validate this design choice, we conduct an ablationin addition, we visualize the spectra of intermediate features

experiment by reducing the receptive eld in TIM duringin the FLM in Figure 10. As observed, the two FLBs pro-

attention weight computation. Speci cally, we rst apply angressively recover the frequency components, bringing them
adaptive average pooling operator to produce a contextaddser to those of the ground truth, particularly in the high-
feature map of sizeC 2 2, which is then reshaped tofrequency regions. Furthermore, we compute the spectra of

R%C 1 1 and passed throughla 1 convolution to generate the restored results for the second example in Figure 7. As

the attention weights. As shown in Table XIlI, this varianshown in Figure 11, compared with competing Transformer-

achieves 37.18 dB PSNR, which is 0.14 dB lower than obvased approaches, the spectrum produced by our model more
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