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Abstract

Image restoration (IR), a key area in computer vision, has
entered a new era with deep learning. Recent research
has shifted toward Selective State Space Models (Mamba)
to overcome CNNs’ limited receptive fields and Transform-
ers’ computational inefficiency. However, due to Mamba’s
inherent one-dimensional scanning limitations, recent ap-
proaches have introduced multi-directional scanning to bol-
ster inter-sequence correlations. Despite these enhance-
ments, these methods still struggle with managing local
pixel correlations across various directions. Moreover, the
recursive computation in Mamba’s SSM leads to reduced
efficiency. To resolve these issues, we exploit the mathemat-
ical congruences between linear attention and SSM within
Mamba to propose a novel model, ACL, which leverages
news designs to Activate the Capability of Linear atten-
tion for IR. ACL integrates linear attention blocks instead
of SSM within Mamba, serving as the core component of
encoders/decoders, and aims to preserve a global perspec-
tive while boosting computational efficiency. Furthermore,
we have designed a simple yet robust local enhancement
module with multi-scale dilated convolutions to extract both
coarse and fine features to improve local detail recovery.
Experimental results confirm that our ACL model excels in
classical IR tasks such as de-raining and de-blurring, while
maintaining relatively low parameter counts and FLOPs'.

1. Introduction

In the field of image processing, restoring degraded im-
ages to clarity is a crucial technology. High-quality im-
age restoration (IR) methods play a key role in ensuring the
smooth progression of downstream vision tasks. Vanilla IR
methods rely primarily on manually designed feature ex-
traction, but often perform poorly when faced with compli-
cated degradation factors in reality.
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Figure 1. Comparison of our method’s core block design with
those of recent mainstream approaches.

Over the past decade, with the rapid development of deep
learning, many fields have been propelled forward, such as
image segmentation and generation [11, 12, 14, 17, 48], and
of course, IR as well. The initial IR models were primarily
based on CNN designs [6, 41], whose translational invari-
ance and high inferential efficiency have made them widely
applied, as depicted in the core structure in Fig. 1(a). How-
ever, these CNN-based models face challenges in process-
ing global features and often require stacking additional net-
work layers to compensate for this deficiency. With the rise
of attention mechanisms [34], particularly the application
of the Transformer, which boasts exceptional global feature
modeling capabilities, an increasing number of researchers
have shifted toward Transformer-based designs [23, 36, 44],
achieving remarkable restoration results, as shown in the
core structure in Fig. 1 (b). Although the Transformer
broadens the global perspective, its softmax attention mech-
anism’s quadratic computational complexity significantly
reduces efficiency during inference.

Recently, state-space models from the field of control
science, especially the Mamba model [8], have been pro-
posed by related IR methods [13, 30] demonstrating su-
perior training and inference efficiency on sequential data.
These models have even outperformed some Transformer-
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based IR methods in terms of performance. Mamba is ini-
tially designed for one-dimensional sequence data model-
ing, direct adaptation to two-dimensional image poses chal-
lenges. The improved SSM module in Mamba, a one-
dimensional unidirectional scanning, recursive computing
structure, faces major issues when applied to the image, in-
cluding: 1) conversion of image data into a one-dimensional
sequence increases the distance between adjacent pixels,
leading to the loss of local relationships [30]; 2) unidirec-
tional modeling neglects the spatial relationships of pix-
els in multiple directions. Recently, MambalR [13] and
VMambalR [30] have adopted multi-directional scanning
methods to mitigate these problems, as illustrated in the
main structure in Fig. | (c), but these methods have yet to
effectively and directly establish multi-directional connec-
tions in the spatial dimension of pixels.

In response to the limitations of the Mamba model, we
propose a method that aims to leverage the advantages of
the Mamba structure while addressing its unidirectional
modeling constraint. A direct approach to overcoming this
limitation is to introduce a long-range dependency atten-
tion mechanism, such as Linear Attention (LA) or Soft-
max Attention (SA). Although SA generally outperforms
LA in traditional vision tasks, its computational complexity
is significantly higher than that of LA. Upon further analy-
sis, we observe that LA and the State-Space Model (SSM)
in Mamba share a highly similar mathematical formula-
tion, which has also been deeply analyzed in the work [15].
Inspired by this insight, we replace the SSM module in
Mamba with LA layers, thereby designing a novel founda-
tional IR architecture, as illustrated in Fig. 1 (d), and pro-
pose a new IR model, ACL.

Specifically, the proposed ACL consists of two main
components: the Mamba-based module with LA at its core
(denoted as LAMA), which serves as the central part of the
encoder/decoder and establishes global feature dependen-
cies with linear computational complexity. Additionally,
optimizing local features is equally essential. A recent ap-
proach involves partitioning the global features in the spa-
tial domain into small windows and optimizing attention
within these windows to enhance local feature modeling.
While this approach has shown some effectiveness, it in-
curs high computational costs. In contrast, we propose a
simple yet efficient multi-scale dilated convolution module
(MDC), which captures local features at varying granulari-
ties by employing different dilation factors, thus improving
detail restoration. By combining the Mamba structure with
LA, ACL activates the capability of LA, achieving advanced
performance on two classic IR tasks—deblurring and de-
raining. Compared to Transformer-based models [32, 44],
ACL not only significantly reduces computational cost and
parameter count, but also achieves superior or comparable
performance.

Our contributions are summarized as follows:

* We explore an alternative CNN and Transformer-based
architecture for Image Restoration, providing global re-
ceptive fields while maintaining computational efficiency.
Specifically, we propose ACL, which upgrades the SSM
in Mamba with the LA structure, enabling the model to
perform global multi-directional scanning.

* The proposed ACL consists of two modules: LAMA
and MDC. LAMA captures global feature dependencies,
and MDC captures local features at varying granularities.
Both modules enhance detail restoration.

* The proposed ACL demonstrates advanced performance
in de-raining and de-blurring tasks, proving its advan-
tages in terms of parameter count and computational cost.

2. Related Work

2.1. Image Restorations

Image restoration (IR) technology provides clear visual data
essential for numerous advanced downstream visual tasks.
In recent years, the advent of deep learning has eclipsed
traditional methods that rely on manually designed fea-
tures, shifting the paradigm toward deep-learning-based ap-
proaches [9, 13, 20, 22, 45]. Initially, models were pre-
dominantly designed using CNNs, achieving significant
advancements through sophisticated network designs that
incorporated encoder-decoder patterns [5], dense connec-
tions, and residual connections [10]. However, CNN-
based techniques face challenges in establishing global fea-
ture dependencies. With the evolution of Transformers
in both Natural Language Processing (NLP) and Com-
puter Vision (CV), many researchers have pivoted to-
wards Transformer-based IR methods [23, 38, 44], lever-
aging their robust global receptive capabilities and mark-
ing substantial progress. Despite these improvements, the
computational burden of calculating SA remains a draw-
back. Recently, the Mamba model [8], known for its ef-
ficient training and inference capabilities, has introduced a
new potential paradigm in the IR field. Methods such as
VMambalR [30] and MambalR [13], which employ multi-
directional scanning strategies, aim to address the issues of
unidirectional modeling inherent in Mamba’s SSM blocks.
Nonetheless, these methods have yet to establish multi-
directional pixel connections directly. Thus, exploring how
to utilize Mamba’s superior design to establish compre-
hensive multidirectional global pixel correlations remains
a promising direction.

2.2. Attention Mechanisms

Originally applied in the NLP field, attention mecha-
nisms [34], particularly the Transformer with its SA mech-
anism, have achieved remarkable success. Subsequently,
these mechanisms have been successfully adapted to the
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visual domain. In recent years, numerous IR methods
based on the Transformer structure have emerged [1, 3, 23,
24], primarily utilizing various design modules to leverage
self-attention mechanisms and enhance model efficiency.
SwinIR [23] introduces twin-shifted window attention to
boost performance. IPT [1] enhances local detail restoration
by dividing images into multiple small windows and pro-
cessing each window’s features independently. However,
adopting SA to establish global or local feature dependen-
cies inevitably leads to quadratic computational complexity.
Linear attention, which operates with linear complexity, has
yet to match the performance of SA in classical vision tasks,
thus its application remains limited. In this paper, we intro-
duce a new IR model, ACL, activating the potential of linear
attention.

2.3. State Space Model

The Mamba model, a newly proposed state space model
(SSM), effectively facilitates sequence modeling with lin-
ear complexity [8]. Owing to its efficient training and
inference speeds, many researchers have adapted it for
visual tasks [16, 25, 30, 39, 50]. For instance, Local-
Mamba [16] employs a cross-scanning module to scan im-
age spaces. VMambalR [30] enhances multidirectional re-
lationships between pixels by scanning images from six di-
rections. These methods focus on overcoming the limita-
tions of unidirectional modeling in SSMs by proposing var-
ious scanning techniques. However, the features captured in
each direction remain unidirectionally connected and poten-
tially lead to redundant computational costs. The Mamba
model is efficient due to its structural design, yet its unidi-
rectional scanning is not entirely suitable for images. There-
fore, we combine linear attention with the Mamba structure
to achieve a new balance between computational efficiency
and restoration effectiveness.

3. Methods

3.1. Preliminary Analysis

In recent years, very few IR models based on linear atten-
tion have been proposed, as they tend to perform slightly
worse than SA in classical vision tasks. Leveraging the
computational advantages of Linear Attention (LA) to fur-
ther explore its potential in visual tasks is crucial.

The improved SSM in Mamba shows significant poten-
tial in sequence processing. In fact, linear attention has a
similar expression to SSM [15]. In linear attention, if the
attention of the i-th token is restricted to only be related to
the previous ¢ tokens, it is expressed as follows:

A, Qi (22—1 KjTVj) _(Q 4)7 0
Q; (23:1 K;r) '

where D; = Y0 K] V;, U; = ' K. Therefore,
the recursive expressions are:
U, =U;_; +K/, (2)
(Q:D;)

D;=Di1 +K/Vi, A=

Qu)y

To enable applications in deep neural networks, it is
necessary to discretize the initial SSM using zero-order
hold [8]. This involves discretizing the continuous parame-
ters A and B into A and B through the time scale parame-
ter A. The specific expressions are as follows:

h; = Ah;_; +Bx;, y;= Ch; + Dx;, )
where A = exp(AA) and B = (AA) !(exp(AA) —
I)AB = AB. For simplicity, we have omitted the feature
dimension information of each part in the formulas.

Further, Mamba enhances the discrete SSM by making
A, B, and A dependent on the input x;, breaking away from
the assumption of input-independent models. Additionally,
since A; in Mamba is a diagonal matrix, we have Al =

diag(A;). The expression is thus transformed into:

h; = A;h; 1 + Bi(Aix;), yi=Cih;+Dx;.  (5)

The primary distinctions between Eq. 3 and Eq. 5 are
as follows: 1) The improved State Space Model (SSM) in-
corporates an additional parameter for hidden state transi-
tions, denoted as A;. This parameter functions similarly
to a forget gate, filtering previous states to enhance selec-
tive retention. 2) An additional term, Dx;, is introduced,
akin to an input skip connection. In the Mamba model,
which aims to achieve input-dependent modeling, A; must
be recursively computed. Despite the utilization of hard-
ware acceleration mechanisms, this process still adheres to
unidirectional modeling. Linear attention represents an al-
ternative form of SSM within Mamba and can transcend the
limitations of unidirectional pixel modeling, presenting a
potential capability. For a more in-depth analysis, one can
refer to another outstanding analytical works [15].

3.2. Overall Structure of the Model

As illustrated in Fig. 2 (a), the proposed IR model, ACL, is
based on an encoder-decoder architecture. In this model,
multiple downsampled degraded images are fed into the
main pathway of the encoder through lateral convolution
layers, and images restored at three different scales are out-
put during the decoding phase. Both the encoder and de-
coder comprise three fundamental core blocks, the structure
of which is depicted in Fig. 2. Each core unit consists of
several successive LAMA modules. Furthermore, as shown
in the framework diagram, following two core units with
higher feature resolution in both encoding and decoding
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Figure 2. (a) The overall framework of ACL, based on the encoder-decoder architecture. (b) The core structure of the encoder-decoder,
which includes the improved LA-based Mamba (LAMA) module. (c) The structure of the LAMA module. (d) The MDC module.

phases, a local enhancement module is appended to aug-
ment the model’s capability for local detail restoration. The
structure of this local enhancement module is presented in
Fig. 2 (d).

Specifically, the network process begins with a degraded
image I € R3*256x256  The model first transforms this
image through a convolution layer into a feature map I’ €
REXHXW “expanding the number of feature channels from
3 to C, where C' = 32. Subsequently, this feature map is
further processed through three encoder units E; and a local
enhancement module, each unit encoding the feature maps
at different scales into a latent space state, denoted as I% €

20D ox H W __ .
R 20-1 7 20-1 "where ¢ = 1,2, 3. Here, C', H, and
W respectively represent the number of feature channels,
the height, and the width of the feature maps. These pro-
cessed feature maps are then passed to the decoder, where
they are fused through direct or skip connections. In the de-
coder, the feature maps are gradually restored by decoding

. . ; 20-Dox H W __
units D;, generating I}, € R 2(i=D 720-1  Each
feature map is processed by the subsequent D; and, follow-
ing lateral convolution operations, yields multi-scale output
results, with D; producing the final restored image. Sub-
sequently, we will elaborate on the two key modules that
constitute ACL and the model’s optimization function.

3.3. Linear Attention-based Mamba Module

The original Mamba model is an auto-regressive model ca-
pable of efficiently capturing sequence dependencies, and it
has been proven effective in modeling temporal causal se-
quence data. However, due to its unidirectional modeling
approach, Mamba exhibits limitations when handling data
with weak causality, such as images, necessitating further
improvements to address these challenges. To overcome

the limitations of unidirectional modeling, recent methods
have proposed multi-directional cross-scanning techniques
for image processing. Unlike these approaches, we embed
linear attention into the Mamba structure, enabling it to es-
tablish global pixel dependencies when processing image
data, and avoiding the need for recursive computation of
the forget matrix A;. The module structure is illustrated in
Fig. 2 (c).

The input to the model is a feature map F &
REXCXHXW " Eirst, F undergoes a dimensional transfor-
mation, resulting in F/ € REXHWXC = gybsequently, F’
is passed into two branches: a main branch and a residual
branch. The operations of the residual branch can be ex-
pressed as follows:

F,.s = o(Linear(F")), 6)

where o (-) represents the SiLU activation function.

The main branch comprises a linear mapping layer, a
convolutional layer, and linear attention. The process can
be expressed as follows:

F; = To4D(Linear(F")), 7

®)

where To4D(-) indicates reshaping the feature map into
a four-dimensional tensor to adapt convolution operation.
Next, linear attention is applied to F5. The specific process
is expressed as follows:

F2 = O’(COHV(Fl)),

5 = To3D(F3), ©)
Q = ¢(Linear(F})), K = ¢(Linear(F5)), (10)
KV=K' Fj, (11
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Fatten = Q ' KV7 (12)
= Fatten + Convpos (F2)7 (13)

where To3D(-) reshapes the feature map into a three-
dimensional tensor for linear attention layer, ¢(+) is the ker-
nel function, and Conv,,(-) is learnable position embed-
ding function. Subsequently, F' ;. is multiplied by F,..5,
followed by a linear mapping layer, yielding F 4;¢¢,, which
is expressed as:

Fatten

Fenhence == Linear(Fatten X Fres)- (14)

Finally, F.,pence 18 processed through a simple feed-
forward neural network to produce the output of the LAMA.

3.4. Multi-Dilated Convolutions Module

The LAMA module primarily functions to establish global
feature connections, necessitating the learning of local fea-
tures to enhance the quality of detail restoration. While
some previous methods employed feature window-based
self-attention strategies and achieved certain advancements,
they incurred substantial computational costs. Conse-
quently, we adopted a more straightforward and effective
approach, namely the multi-scale dilated convolution mod-
ule, the structure of which is depicted in Fig. 2(d). This
module is equipped with filtering operations using various
dilation factors aimed at capturing local features of different
granularities within the image to enhance the detail restora-
tion effects. The module comprises two dilated convolu-
tions along with skip connections. The input feature, de-
noted as F, is split into two pathways: one passes through a
convolution layer with a kernel size of 5 and a dilation rate
of 2, and the other through a convolution layer with a kernel
size of 3 and a dilation rate of 2, resulting in two feature
sets:

F, = Convsys,q—2(F), (15)

F2 = COIIV3><37d:2(F). (16)

These are then concatenated to form F’/, which subse-
quently passes through a convolution layer with a kernel
size of 1 to halve the channel count, aligning it with the di-
mensions of the input features. Furthermore, the input fea-
ture F is merged with F’ via a skip connection, culminating
in the output F',,,;. The expressions are as follows:

F,u: = Convyyq(Concat(Fy,Fy)) + F. (17)

3.5. Optimization Objectives

The ACL model, during its decoding phase, outputs restora-
tion results at three distinct scales and computes the corre-
sponding loss values. Following prior methodologies, we
calculate the loss values concurrently in both the spatial
and frequency domains. The traditional L1 loss function is
employed to measure the discrepancy between the restored

outputs and the pristine reference images. Consequently,
the total loss is computed as follows:

3 3
Luoat = 3 5 [P = T A3 - [FF2(P) = (L)
=1

=1 (18)
where P; and I, represent the restored result and the cor-
responding true image, respectively, and IV; denotes the to-
tal number of pixels in the image. ff¢(-) signifies the fast
Fourier transform function. The hyperparameter A, utilized
to balance the contributions of spatial domain loss and fre-
quency domain loss to the total loss, is set at 0.1, following
previous methods.

4. Experiments

This section focuses on showcasing the effectiveness of our
proposed ACL model in addressing various degraded image
tasks, such as deraining and deblurring, evaluated across six
test sets. We will outline the experimental procedures and
datasets utilized, and confirm the impact of the proposed
modules through a series of ablation studies.

4.1. Implementation Setup

For each type of degradation, datasets are trained and evalu-
ated independently. Unless specifically mentioned, all tests
are conducted with the same hyperparameters. The training
set undergoes random cropping of 256 x 256 patches and
random flipping as a data augmentation strategy. To com-
pare computational complexity with other methods, FLOPs
are tested at the mentioned crop size. A cosine annealing
strategy is adopted to gradually adjust the learning rate each
epoch, setting a minimum learning rate limit of le-6. The
batch size is set to 8, and the Adam optimizer is adopted.
Following the evaluation of previous methods, for derain-
ing, the Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index (SSIM) are calculated on the YCbCr color
mode. For other tasks, evaluation metrics are calculated on
RGB color mode. All experiments are implemented in an
environment equipped with the NVIDIA 24GB 3090 GPUs,
based on the PyTorch.

4.2. Single Image Deraining Results

We utilized several different rain removal datasets, includ-
ing Rain100L/H [40], Rain200L/H, and DID-Data [46], to
evaluate the model’s ability to restore images with streak-
like degradation elements. Each dataset was independently
trained for 800 epochs, with an initial learning rate set
to le-3. We compared our approach with previous meth-
ods, including the advanced Restormer (Transformer) [44],
NAFNet (CNN) [2], IRNeXt (CNN) [6], and MambalR
(Mamba) [13]. The comparative results are shown in Ta-
ble | and Table 2. Upon comparison of PSNR, it can
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Table 1. Quantitative comparison results of the proposed model and seven other advanced models on the Rain100L and Rain100H. The
larger the PSNR and SSIM values, the better the model effect.

Methods Restormer [44] MAXIM [33] DRT [24] MPRNet [43] DAWN [19] IRNeXt[6] MambalR [13] ACL(Ours)
Dataset PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Rainl00L 38.99 0.978 38.06 0.977 37.61 0.948 37.84 0.959 36.73 0971 38.24 0972 38.78 0.977 39.18 0.983
Rainl00H 31.46 0.904 30.81 0.903 29.47 0.846 30.41 0.874 30.62 0.896 31.64 0.902 30.62 0.893 32.22 0.920
Average 3523 0941 3444 0940 33.54 0.897 34.13 0917 33.68 0.934 3494 0937 3470 0.935 35.70 0.952

Table 2. Quantitative comparison results of the proposed model with 13 other advanced models, including CNN and Transformer-based
methods, on three datasets.

Methods Rain200L Rain200H DID-Dataset Average
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
RESCAN [21] 33.82 0.955 26.22 0.822 32.60 0.927 30.88 0.901
PreNet [29] 37.12 0.976 29.04 0.890 33.37 0919 33.18 0.928
DRT [24] 38.81 0.983 28.67 0.880 33.88 0.928 33.79 0.930
CCN [28] 38.26 0.981 29.99 0914 32.13 0.924 33.46 0.940
Restormer [44] 40.58 0.986 30.83 0.914 33.19 0.926 34.87 0.942
Uformer [38] 40.20 0.986 30.31 0911 34.36 0.933 34.96 0.943
MPRNet [43] 39.82 0.986 29.94 0.900 34.50 0.937 34.75 0.941
SmartAssign [37] 38.41 0.981 27.71 0.854 33.11 0915 33.08 0917
SFNet [7] 39.50 0.982 29.75 0.901 34.51 0.938 34.59 0.940
NAFNet [2] 39.48 0.982 29.19 0.888 34.69 0.937 34.45 0.936
ELFformer [ 18] 38.85 0.980 28.93 0.885 33.54 0.936 33.77 0.934
ESDNet [31] 39.85 0.986 30.01 0913 34.52 0.939 34.79 0.946
MSGNN [35] 39.09 0.987 29.63 0.918 33.11 0.927 33.94 0.944
ACL(Ours) | 4074 0.988 | 3045 0916 | 34.81 0938 | 3533 0.947

(a) Rainy Image (b) GT (c) MPRNet (d) MAXIM () Restormer (f) Ours

Figure 3. Visual comparison of ACL and other recent SOTA models on rainy image removal. The first two scenes contain slight rain streak
degradation, while the last two scenes contain severe rain streak degradation.
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Table 3. Quantitative results of our method compared to recent
approaches in blurry image restoration.

Methods GoPro
PSNR 1 SSIM 1 FLOPs(G) | Param(M) |

MIMO [4] 32.68 0.959 617 16.1
DMPHN [47] 31.20  0.940 - 21.7
DBGAN [49] 31.10  0.942 759 11.6
MPRNet [43] 32.66 0.959 777 20.1
Restormer [44] 3292 0.961 140 26.1
IRNeXt [6] 33.16  0.962 114 13.21
Stripformer [32] 33.08 0.962 170 20
SSAMAN [42] 33.53 0.965 165 18.3
LoFormer [26]  33.73  0.966 47 16.4
Ours 33.25  0.964 55 4.6

240 0212

(a) Blur Region (b) Reference (c) DMPHN

|~2:4a o=212 240 0212+ L2408 0212

(e) IRNeXt (f) Restormer (g) Ours

Figure 4. Visual results of ACL and four other advanced models
on motion blurred image restoration.

be observed that our method outperforms the other com-
pared methods, except for the powerful Transformer-based
Restormer on the Rain200H. Additionally, Fig. 3 further il-
lustrates the visual comparison results, where ACL demon-
strates superior performance in restoring image details.

4.3. Single Image Deblurring Results

We conducted evaluations on motion blur image restoration
using the GoPro dataset [27], which includes 2,103 training
images and 1,111 testing images. The compared methods
include the recently proposed 9 advanced methods. In Ta-
ble 3, we present the comparative results of various metrics
on this dataset. As shown, ACL achieves advanced perfor-
mance while maintaining a low parameter count and low
FLOPs. Additionally, Fig. 4 displays visual comparison re-
sults with other methods. We selected critical numerical
information within the images, and it can be observed that
ACL also exhibits good performance in restoring motion-
blurred images.

4.4. Ablation Studies

To further understand the contributions of each mod-
ule in the ACL model and other factors affecting model
performance, we conducted a unified experiment on the

Table 4. Comparison of ablation experiments between two mod-
ules on Rain100L.

Settings PSNR 1 SSIM 1
Baseline 38.24 0.978
Baseline + LAMA 38.89 0.981
Baseline + LAMA + MDC 39.18 0.983

Rain100L/H rain removal dataset. Specifically, we per-
formed ablation studies on the two main modules of the
model. Additionally, to verify that the linear attention capa-
bility can be restored using the Mamba structure, we con-
ducted experiments by replacing LAMA with other struc-
tures to compare the results under different configurations.

4.4.1. LAMA and MDC modules:

To validate the roles of the two main modules in ACL,
namely LAMA and MDC, as well as their respective impor-
tance, we conducted ablation experiments. We removed the
MDC module and replaced the core encoder/decoder mod-
ules with the structure shown in Fig. 1(b), where the Trans-
former block in the baseline model is implemented based on
Linear Attention. We then gradually replaced the encoder-
decoder modules with LAMA and added the MDC mod-
ule to the baseline model, resulting in two different con-
figurations, which were trained and tested separately. The
experimental results are shown in Table 4. By comparing
the “Baseline” and “Baseline+LAMA” configurations, it is
evident that the Mamba structure, implemented with linear
attention, achieves better results, proving the potential of
the Mamba structure to activate linear attention. Besides,
adding the MDC further enhances the model’s performance.

4.4.2. Different Mechanisms for Core Modules:

To validate the effectiveness of LAMA, we replaced the LA
structure within LAMA with the original one-dimensional
scanning SSM structure and the bidirectional scanning SSM
structure for verification. Additionally, replacing LAMA
with a standard LA structure resulted in a new configura-
tion, referred to as the Baseline model. The results ob-
tained from these various configurations are presented in
Table 5. On one hand, the proposed method outperforms
both the Baseline and the strategies employing unidirec-
tional and multi-directional scanning for modeling. On the
other hand, compared to the unidirectional Mamba model,
the multi-directional scanning strategy demonstrates supe-
rior performance, indicating that unidirectional modeling is
not optimal for image data. Furthermore, Fig. 5 provides
visual examples corresponding to each configuration. It can
be observed that while the SSM-based scanning methods
are capable of removing rainy degradation elements, they
result in significant loss of image details. In contrast, our
method achieves superior visual outcomes.
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Table 5. Quantitative results of different mechanisms used in the
core module on rainy streak removal.

. Rain100L Rain100H
Settings

PSNR SSIM PSNR SSIM

Baseline 3824 0978 31.02 00913

Mamba (w. 1D Scan) 36.47 0959 29.72  0.887
Mamba (w. 2D Scan)  38.07 0977 30.93  0.907
Ours 39.18 0983 3222 0.920

7 (d) 1D scan amBa V(Ye\)AZD scan ambé B -(f) LA Mamba .

Figure 5. Visual results of the encoder/decoder blocks adopting
different mechanisms.

Table 6. Evaluation results of different /V; configurations on
the Rain100L dataset in ACL. % represents the combination we
adopted.

(N1,N3,N3) | PSNR? SSIM T
(333 38.95 0.978
(4,4,4) 39.03 0.980
(6,3.3)% 39.18 0.983
(6,6,6) 39.19 0.983

4.4.3. The Impact of the Number of Encoders/Decoders

As mentioned in the above, a crucial hyper-parameter in the
model is the number of feature processing blocks at each
encoding/decoding stage, denoted as N;. To investigate the
impact of NV;, we conducted a series of experiments on the
deraining dataset using different combinations, with the re-
sults presented in Table 6. Additionally, Fig. 6 illustrates
the output images generated by the models with various
configurations. The numerical results indicate that increas-
ing IV; contributes to performance improvement, but the ef-
fect is limited. Notably, a significant enhancement is ob-
served when V; is increased, suggesting that learning high-
resolution feature maps plays a critical role in improving
the model’s recovery performance.

4.4.4. The Dilation Rate of Convolution in MDC Module

We propose a local feature enhancement module, MDC,
which includes two dilated convolution layers, as shown in

A ——

Input 4.4.4) (6,6,6) (6,3,3)
Figure 6. Visual Results on Various N;
Table 7. The evaluation results of the MDC module’s convolution

operations with varying dilation rates on the Rain100L dataset.
represents the combination we adopted.

dilation PSNR?T SSIM?t
1 38.12 0.981
2% 39.18 0.983
3 39.10 0.981

Fig. 2 (d). We further investigate the impact of dilation rates
on the module’s performance. As shown in Table 7, the re-
sults indicate that compared to the non-dilated convolution
setting (d = 1), the performance is inferior to the other two
configurations. However, with increased dilation rates, per-
formance improves to varying degrees, with the best overall
performance observed at d = 2.

4.5. Conclusion and Limitations

We introduced ACL, a novel image restoration model
that addresses the limitations of traditional CNNs and
Transformer-based approaches in handling global receptive
fields and computational efficiency. By integrating linear at-
tention into the Mamba structure, we developed the LAMA
module, which enhances global feature dependencies with
linear computational complexity. Additionally, the MDC
module was designed to improve local detail restoration
through multi-scale dilated convolutions. Our experiments
confirmed that the ACL achieves promising performance
in de-raining tasks, demonstrating its effectiveness in both
quantitative metrics and visual quality. Furthermore, our
work provides a new perspective on leveraging the Mamba
structure in the IR domain. Nevertheless, our method also
has some limitations. The ACL model does not have an
advantage over CNN-based models when processing large-
sized images. Moreover, in the image deblurring task, there
is still a gap between ACL and SOTA Transformer mod-
els. In the future, the ACL model still has room for further
optimization to adapt more IR tasks.
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