Engineering Applications of Artificial Intelligence 162 (2025) 112595

Contents lists available at ScienceDirect

Artificial
Intelligence

Engineering Applications of Artificial Intelligence

journal homepage: www.elsevier.com/locate/engappai

Research paper ' ,')
Large coordinate attention network for lightweight image super-resolution e
Fangwei Hao P, Jiesheng Wu ““?, Haotian Lu®®, Ji Du®’, Jing Xu »"®*, Xiaoxuan Xu ®**

2 College of Artificial Intelligence, Nankai University, Tianjin, 300350, China
b Ocean Engineering Research Center, Nankai University, Tianjin 300350, China
¢ the School of Computer and Information, Anhui Normal University, Wuhu 300350, China

ARTICLE INFO ABSTRACT

Keywords:

Lightweight image super-resolution
Large coordinate kernel attention module
Large coordinate attention network

The Multi-Scale Receptive Field (MSRF) and Large Kernel Attention (LKA) module have been shown to
significantly improve performance in the lightweight image super-resolution (SR) task. However, existing
lightweight SR methods seldom pay attention to designing lightweight yet effective building block with
MSRF for local modeling, and their LKA modules face a quadratic increase in computational and memory
footprints as the convolutional kernel size increases. To address the first issue, we propose a simple but
effective block, Multi-scale Blueprint Separable Convolutions (MBSConv), as highly efficient building block
with MSRF, and it can focus on the learning for the multi-scale information which is a vital component of
discriminative representation. As for the second issue, in order to mitigate the complexity of LKA, we propose
a Large Coordinate Kernel Attention (LCKA) module which decomposes the two-dimensional convolutional
kernels of the depth-wise convolutional layers in LKA into horizontal and vertical one-dimensional kernels.
LCKA enables the adjacent direct interaction of local information and long-distance dependencies not only
in the horizontal direction but also in the vertical. Besides, LCKA allows for the direct use of extremely
large kernels in the depth-wise convolutional layers to capture more contextual information which helps
to significantly improve the reconstruction performance, while incurring lower computational complexity
and memory footprints. Integrating MBSConv and LCKA, we propose a Large Coordinate Attention Network
(LCAN) which is an extremely lightweight SR network with efficient learning capability for local, multi-scale,
and contextual information. Extensive experiments show that our LCAN with low model complexity achieves
superior performance compared to previous lightweight state-of-the-art SR methods.

1. Introduction EDSR (Lim et al., 2017) and RCAN (Zhang et al., 2018a) leverage deep

architectures to achieve state-of-the-art performance. However, these

Single image super-resolution (SISR), as a fundamental task in low-
level vision, aims to reconstruct a high-resolution (HR) image from
its low-resolution (LR) counterpart. This task is inherently challenging
due to its ill-posed inverse nature, resulting from massive informa-
tion loss of degradation. Despite its complexity, SISR holds a wide
range of applications across diverse domains, including medical imag-
ing (Feng et al., 2024), remote sensing (Kong et al., 2024), video
surveillance (Berardini et al., 2025). In recent years, deep learning-
based methods have achieved remarkable progress in this field. Pio-
neering works such as SRCNN (Dong et al., 2015) and VDSR (Kim et al.,
2016a) demonstrate the potential of convolutional neural networks
(CNNs) in learning LR-to-HR mappings. Subsequent advancements,
including residual learning (He et al., 2016; Lim et al., 2017), dense
connection (Zhang et al., 2018b), and attention mechanism (Zhang
et al., 2018a), further improve reconstruction accuracy. For instance,

* Corresponding authors.

models often suffer from excessive computational complexity, limiting
their deployment on resource-constrained devices.

To address efficiency challenges, lightweight SR networks have
emerged. Early attempts like DRCN (Kim et al., 2016b) and DRRN (Tai
et al., 2017) employ recursive structures to reduce parameters but
suffered from performance degradation. Feature distillation strategies,
exemplified by IDN (Hui et al., 2018), IMDN (Hui et al., 2019) and,
RFDN (Liu et al., 2020b), improve model efficiency through channel
splitting and attention mechanisms. In addition, DRSAN (Park et al.,
2021) leverages novel dynamic residual attention (DRA) and residual
self-attention (RSA) modules for feature enhancement, LatticeNet (Luo
et al., 2022) utilizes lattice blocks (LB) and contrastive loss mecha-
nisms, and SCN (Yang et al., 2023) adopts a hierarchical self-calibration
module. OSFFNet (Wang and Zhang, 2024) develops an Omni-Stage
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Fig. 1. Comparison of model performance and complexity of different meth-
ods on Set5 (Bevilacqua et al., 2012) dataset for 4 x SR. Our model achieves
a better performance than previous lightweight state-of-the-art SR methods.

Feature Fusion (OSFF) architecture to integrate features from different
levels and capitalize on their mutual complementarity. However, they
ignore the effective learning for long-range contextual dependencies,
resulting in limited efficiency.

Recently, Large Kernel Attention (LKA) mechanism (Guo et al.,
2023) is becoming a common paradigm in CNN-based networks due
to its powerful ability for capturing long-range dependencies. Re-
cent lightweight SR methods including MSID (Hu et al., 2023) and
LKDN (Xie et al., 2023) apply LKA and its improved version in lightweight
SR task, and they use Blueprint Separable Convolutions (BSConv) to
alleviate model complexity, achieving effective reconstruction perfor-
mance. Despite their advancements, two limitations persist: (1) Their
BSConv neglects to capture multi-scale information, which is vital for
discriminative feature representation; (2) Their LKA modules incur
quadratic increases in computational and memory footprints as kernel
size increases, hindering their practicality.

This work aims at further bridging the gap between model complex-
ity and reconstruction performance, offering an efficient framework
named Large Coordinate Attention Network (LCAN) for lightweight
SISR. Specifically, we first design Multi-scale Blueprint Separable Con-
volutions (MBSConv) as an efficient building block. Unlike standard
convolutions, MBSConv integrates multi-scale depth-wise kernels to
capture intra-kernel correlations and multi-scale information simulta-
neously. Secondly, we revisit the limitations of LKA and propose the
Large Coordinate Kernel Attention (LCKA) module. By decomposing 2D
convolutional kernels into cascaded horizontal and vertical 1D kernels,
LCKA enables direct interaction between local details and long-range
dependencies in both spatial directions while reducing computational
complexity. This design allows the use of extremely large kernels to
aggregate contextual information efficiently. Finally, integrating MB-
SConv and LCKA into a lightweight network, LCAN achieves superior
performance with fewer parameters.

When equipped with the proposed MBSConv and LCKA, our LCAN
performs favorably against state-of-the-art algorithms for lightweight
SR. As shown in Fig. 1, on Set5 (Bevilacqua et al., 2012) dataset, LCAN
with the fewest model parameters outperforms recent lightweight SR
methods including RFDN (Liu et al., 2020b), DRSAN-32s (Park et al.,
2021), MSID (Hu et al., 2023), SCN (Yang et al., 2023), LKDN (Xie
et al., 2023), and OSFFNet (Wang and Zhang, 2024).

Overall, our contributions are four-fold:

» We propose a Large Coordinate Attention Network (LCAN) which
is an extremely lightweight SR model to recover a high-quality
image from the LR input. Besides the effective learning capability
for local, multi-scale, and contextual information, our LCAN is
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more lightweight than previous lightweight SR networks, while
achieving superior reconstruction performance.

We provide Multi-scale Blueprint Separable Convolutions (MB-
SConv) as a highly efficient building block with multi-scale recep-
tive field for local modeling, and it can focus on the learning for
multi-scale information while optimizing intra-kernel correlations
compared with standard convolution operation.

We present a novel Large Coordinate Kernel Attention (LCKA)
module to capture more contextual information, while enabling
the adjacent direct interaction of local information and long-
distance dependencies not only in horizontal direction but also
in the vertical. Compared with LKA, the LCKA incurs lower com-
putational complexity and memory footprints, and allows for the
direct use of extremely large kernels in the depth-wise convolu-
tional layers, which boost model performance even further.

We conduct extensive experiments which show that our LCAN
with extremely low model complexity achieves superior perfor-
mance compared with previous state-of-the-art lightweight SR
methods.

2. Related work
2.1. Deep networks for lightweight SR

In recent years, image super-resolution based on deep learning has
made tremendous progress. The groundbreaking SR network known
as SRCNN (Dong et al.,, 2015), a three-layer convolutional neural
network (CNN), can directly simulate the mapping function from LR
to corresponding HR. Due to the powerful representation of CNN,
SRCNN achieves a significant improvement quantitatively and visually
compared to early interpolation-based method (Zhang and Wu, 2006).
To further improve the performance, Kim et al. (2016a) design a very
deep super-resolution (VDSR) network with 20 convolutional layers.
Then, to utilize fewer parameters for large receptive field, Kim et al.
(2016b) propose a deep recursive convolutional network (DRCN) by
adopting the relatively simple recursive structure. Later, Tai et al.
(2017) provide a deep recursive residual network (DRRN), which is
an improved one of DRCN. Under the same network depth, DRRN has
fewer parameters but outperforms DRCN.

To make a trade-off between model performance and computa-
tion, Ahn et al. (2018) propose CARN by combining the group convo-
lutions and the cascading mechanism. Next, Luo et al. (2022) economi-
cally adopt two butterfly structures for combining two residual blocks,
and they propose a lightweight SR model, LatticeNet, which has rela-
tively low computation and memory requirements. Other lightweight
SR networks (Chu et al., 2021; Cheng et al., 2022) are designed au-
tomatically by the neural architecture search (NAS) technology which
enriches network structures. Another one effective strategy is feature
distillation by channel splitting or dimension reduction. Thus, Hui et al.
(2018) firstly introduce the feature distillation strategy into the SR task
and propose an information distillation network (IDN), which has the
advantage of fast execution due to the comparatively few numbers
of filters per layer and the use of group convolution. Besides, Hui
et al. (2019) improve IDN and propose a lightweight information multi-
distillation network (IMDN) by constructing the cascaded information
multi-distillation blocks (IMDB), in which the channel splitting strategy
is applied multiple times and the channel-wise attention mechanism
is introduced. Because of its powerful performance, IMDN wins the
first place in the AIM 2019 constrained image SR challenge (Zhang
et al., 2019). Moreover, based on IMDN, Liu et al. (2020b) further pro-
pose a residual feature distillation network (RFDN) which incorporates
their feature distillation connection and shallow residual block. And it
achieves good performance while being more lightweight.

Later, BSRN (Li et al., 2022) achieves a new state-of-the-art per-
formance at that time. It utilizes the same feature distillation struc-
ture as IMDN and introduces the blueprint separable convolutions
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(BSConv) (Haase and Amthor, 2020) to replace the standard convolu-
tion in lightweight SR. The results in BSRN show that the BSConv is
useful for reducing the parameters of the standard convolution while
maintaining effectiveness. However, one BSConv lacks the ability to
extract multi-scale information which is a vital component of dis-
criminative representation. To improve the representation capacity, we
design multi-scale blueprint separable convolutions (MBSConv) which
incorporate the BSConv and the multi-scale structure, and we take it as
the highly efficient building block of our LCAN.

2.2. Vision attention

Vision attention can be viewed as an adaptive reweighting accord-
ing to its input feature, and its superior capability has been demon-
strated in not only high-level tasks (e.g., image classification (Hu et al.,
2018; Liu et al., 2021a; Sun et al., 2022; Lau et al., 2024), object
detection (Liu et al., 2021; Symeonidis et al., 2023; Zhang and Ma,
2023), segmentation (Shi et al., 2023; Lu et al., 2023; Zhang et al.,
2023)) but also low-level tasks (e.g., image SR (Park et al., 2021; Luo
et al., 2022; Yang et al., 2023; Hao et al., 2024; Hu et al., 2023; Xie
et al., 2023)). Since the channel attention mechanism proposed in Hu
et al. (2018) shows its effectiveness on image classification, it and its
modified ones (Wang et al., 2020; Zhang and Yang, 2021) are quickly
introduced and applied to SR networks (Zhang et al., 2018a; Gao et al.,
2022; Hao et al., 2022). Although the channel attention mechanism
only refines the feature maps along the channel dimension, it shows
significant improvements in reconstruction performance. To further
improve the discriminative ability for different spatial locations, (Hu
et al., 2019; Liu et al., 2020a) incorporate channel-wise attention with
spatial attention to force model to automatically learn the multi-level
feature maps in global and local manners. Liu et al. (2020c), Zhao
et al. (2020) respectively propose one unified attention module by
integrating the channel-wise and spatial attention, and the generated
three-dimension attention matrix is used to recalibrate feature maps
in pixel-level. Besides, (Park et al., 2021) also adopts such joint atten-
tion, including channel-wise attention and spatial attention, to exploit
discriminative representation of residual features.

After the visual attention network (VAN) (Guo et al., 2023) with
large kernel attention (LKA) module is proposed and shows its effec-
tiveness on various tasks, Xie et al. (2023) combine the large kernel
attention (LKA) and the Adan optimizer (Xie et al., 2024) to further
propose a large kernel distillation network (LKDN), which pushes the
model performance of lightweight SR to a new state-of-the-art. Al-
though LKA can provide remarkable performance improvement, it en-
counters a quadratic increase in computational and memory footprints
as the convolution kernel size increases. Recently, Lau et al. (2024)
propose a family of large separable kernel attention (LSKA) modules
for object recognition, object detection, semantic segmentation, and
robustness tests, yet no work is proposed to investigate the effect of
LSKA on low-level visual tasks (e.g., image SR). By decomposing the
two-dimensional convolutional kernel of the depth-wise convolutional
layers into cascaded horizontal and vertical one-dimensional kernels,
the LSKA incurs lower computational complexity and memory foot-
prints than LKA, while providing similar performance. However, such
decomposition ignores adjacent direct interaction of local information
and long-distance dependencies in respective directions, leading to lim-
ited performance. Inspired by these works (Guo et al., 2023; Xie et al.,
2024; Lau et al., 2024), we propose a large coordinate kernel attention
(LCKA) module with adjacent direct interaction of local information
and long-distance dependencies in horizontal and vertical directions for
the SR task.
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3. Method

In this section, we firstly introduce the overall network architecture
of LCAN. Then, we give a detailed introduction to the designed multi-
scale blueprint separable convolutions (MBSConv), followed by the
details of the proposed novel large coordinate kernel attention (LCKA)
module. Next, we introduce the proposed multi-scale attention residual
block (MARB) in detail. Finally, we show the details of the loss function.

3.1. Network architecture

As shown in Fig. 2, similar to lightweight SR networks (Xie et al.,
2023; Li et al., 2022), our LCAN mainly consists of four parts: shal-
low convolution operation for shallow feature extraction, multi-scale
attention residual blocks (MARBs) to extract deep feature, the feature
fusion part, and the reconstruction block. Given the input LR image
I g of our LCAN, we firstly replicate the input image I; z n times and
concatenate the replicated images along the channel dimension to get
I} p as the input of the network. Then, we use only one MBSConv,
which is composed of a 1 x 1 convolutional layer and a multi-scale
depth-wise convolution layer, to extract the multi-scale shallow feature

Fy=H,I] ). 1

where H(-) is the multi-scale blueprint separation convolutions (MB-
SConv) operation. Subsequently, M stacked MARBs gradually refine the
F, by processing each of its input features and producing the refined
one. The final MARB’s output feature is the obtained deep feature in the
part of deep feature extraction. The process of deep feature extraction
can be formulated as

F,=H(F_).k=1,...M, )

where H,(-), F,_,, and F, denotes the kth MARB operation, its input
feature, and the output refined feature, respectively. After gradually
refined by M MARBs, M refined features (F, ..., F);) from M MARBs
are concatenated along the channel dimension, and one 1 x 1 convo-
lution layer is used to fuse the concatenated feature maps, followed by
a MBSConv for smoothing. The process can be formally expressed as

Frusea = H fygion(Concat(Fy, ..., Fyp)), 3)

where Concat(-) denotes the concatenation operation along the channel
dimension, H j,q;,,(-) represents the feature fusion function which is
made up of a 1 x 1 convolution layer, a GELU (Hendrycks and Gimpel,
2016) activation, and one MBSConv block, and Fy,,,, is the obtained
fused feature. At last, a long skip connection is involved across M
MARBs, and the result Fj,., + Fy will be further processed by the
reconstruction block, which consists of a 3 x 3 convolution layer and
a sub-pixel convolution layer (Shi et al., 2016) at the tail. We can
formally express the reconstruction block as

Isg = R(Fyyseq + Fo), @

where R (-) represents the reconstruction function of the reconstruction
block, and Iy is the reconstruction output of the entire network. The
detailed configurations of the proposed LCAN are shown in Table 1.

In order to fairly compare with other state-of-the-art SR methods
including LKDN, MSID, DRSAN-32s and LatticeNet-CL, we also adopt
the L1 loss function to optimize the SR model. Hence, our LCAN’s loss
function is formulated as

N
L(e)=%2”HLCAN (I1x) = gl (5)
i=1

Where H;,n (1) is the function of our proposed LCAN, and © rep-
resents its learnable parameters. In order to make a fair and com-
prehensive comparison with LKDN, the network is also optimized by
Adan (Xie et al., 2024) optimization algorithm in which the adaptive
optimization, decoupling weight attenuation, and modified Nesterov
impulse are combined.
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Fig. 2. Network architecture of our LCAN for x2 SR.

Table 1
Configurations of the proposed LCAN.
Stage Layer specification Kernel size Number
Shallow feature extraction MBSConv 1x1,3x3,5x5 1
Deep feature extraction MARB 1x1,3x%x35x%x5 8
Concat - 1
1 x 1 convolution - 1
Feature fusion GELU - 1
MBSConv 1x1,3x%x3,5x%x5 1
Reconstruction block Sub-pixel convolution 1x1,3x3 1
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Fig. 3. The comparison of standard convolution layer, BSConv and the pro-
posed MBSConv.

3.2. Multi-scale blueprint separable convolutions (MBSConv)

Recently, a blueprint separation convolution (BSConv) (Haase and
Amthor, 2020) is improved from the depth-wise separable convolution
(DSConv) (Howard et al., 2017), showing its higher learning efficiency
in SR networks (Hu et al., 2023; Xie et al., 2023; Li et al., 2022)
for optimizing intra-kernel correlations when compared with standard
convolution operation. However, one BSConv lacks the capability of
extracting multi-scale information which is crucial to discriminative
feature. As demonstrated in Hu et al. (2023), benefiting from the
multi-scale receptive field, the acquired multi-scale information is an
essential component for effective lightweight SR reconstruction. Nev-
ertheless, existing lightweight SR methods seldom pay attention to
designing efficient building block with multi-scale receptive field for
local modeling. Inspired by these principles, we design the multi-scale
blueprint separable convolutions (MBSConv), which incorporates the
BSConv with the multi-scale structure, to extract discriminative feature
with multi-scale information, and we take the MBSConv as the efficient
building block of our LCAN. MBSConv can be a superior alternative to
BSConv in domains where more multi-scale information is needed.

As Fig. 3 shows, one MBSConv is composed of a 1 x 1 standard
convolutional layer and a multi-scale depth-wise convolution layer

with different kernel sizes. Compared to original BSConv in Haase and
Amthor (2020), our MBSConv can not only effectively formulate intra-
kernel correlations and allow for a more efficient separation of regular
convolutions, but also pay attention to the learning of multi-scale infor-
mation for more discriminative feature. Considering the complexity in
depth-wise convolution layer, we utilize the convolutional kernels with
1x1,3x3,and 5 x 5. During the operation of one MBSConv, the input
feature F,, is firstly refined by a 1 x 1 standard convolutional layer,
then the refined feature maps F,.;,.q are evenly divided into 3 parts
along the channel dimension, and the divided ones are respectively
processed by 1 x 1, 3 x 3, and 5 x 5 depth-wise convolutional kernels to
generate the corresponding feature maps F;, Fs,3, and Fsys. At last,
Fiy1,> F33, and Fsys are concatenated along the channel dimension to
get feature Fypgcony Which is the output of the entire MBSConv.

3.3. Large coordinate kernel attention (LCKA) module

Before introducing the LCKA in detail, we simply revisit the large
kernel attention (LKA) module in Guo et al. (2023). Specifically, a
13 x 13 convolution can be decomposed into a 5 x 5 depth-wise
convolution (DW-Conv5), a 5 x 5 depth-wise dilation convolution with
dilation rate 3 (DW-D-Conv5), and a point-wise convolution (Convl).
And it can be expressed as

Higai3(F) = Hey (Hppes (Hpes(Fp,))) @) Fis ©)

Where Hj g 4;5(:) is the function of LKA, Hppes(-), Hpes(+), and Heq(+)
are the convolutional operations of DW-D-Conv5, DW-Conv5, and
Convl, respectively. Besides, Fl’n denotes the input feature of ith LKA
module, and ® denotes element-wise product. In addition, we further
revisit the key properties of LKA. As shown in Fig. 4-(a), within one
LKA module, the spatial local convolution (depth-wise convolution) is
mainly used to extract local information, then the extracted local infor-
mation is immediately processed by the spatial long-range convolution
(depth-wise dilation convolution) to capture long-range dependencies.
Therefore, the adjacent direct interaction of local information and
long-distance dependencies is a key property of LKA. In one LKA
module, we can see that the complexity encounters a quadratic increase
in computational and memory footprints as the kernel sizes of the
depth-wise convolutions increase.

Therefore, how to keep the advantages of LKA including large recep-
tive field and high effectiveness while incurring lower computational
complexity and memory footprints, is a key principle for building a
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lightweight SR module. As Fig. 4-(b) shows, one method in Lau et al.
(2024) is to decompose each depth-wise two-dimensional convolutional
kernel of Hpy_p_cons(-) and Hpyr_cons(+) into staggered-connected
horizontal and vertical one-dimensional kernels, and the decomposed
attention module is denoted as LSKA. Although the LSKA incurs lower
computational complexity and memory footprints than LKA, its decom-
position ignores the adjacent direct interaction of local information and
long-distance dependencies in respective directions, leading to limited
performance.

To tackle the issue, we decompose both Hpyu _p_cons(0) and
Hpy_conss(+) into adjacent horizontal one-dimensional convolutional
layers and the adjacent vertical ones, that is, the convolutional opera-
tions in each direction consist of adjacent layers of a depth-wise one-
dimensional convolution layer and a depth-wise dilated one-dimensional
convolution layer. Considering the obtained horizontal large kernel and
vertical large kernel by decomposition, we denote the entire proposed
module as large coordinate kernel attention (LCKA) module, and use it
as the building attention module of our LCAN.

In addition, as Fig. 4 shows, due to decomposing large convolution
kernels in LKA into horizontal and vertical one-dimensional kernels,
both LSKA and LCKA provide significant reductions in computational
complexity and memory footprints, but LCKA enables the adjacent
direct interaction of local information and long-distance dependencies
not only in the horizontal direction but also in the vertical. We will
experimentally show that the LCKA is more effective than LSKA for the
SR task.

3.4. Multi-scale attention residual block (MARB)

Feature distillation strategy by channel splitting or dimension re-
duction in Hui et al. (2018, 2019), Liu et al. (2020b), has been demon-
strated effective for the lightweight SR task. Following these works,
we also use the distillation structure as the basic component of one
block. Besides, in order that one block can extract more discriminative
representation, we further combine it with the MBSConv and LCKA to
propose a powerful multi-scale attention residual block named MARB.

In the kth MARB, the input feature Fy L, is refined gradually. As
shown in Fig. 5, the process of distillation module based on MBSConv

can be formulated as

Fy Fy, = Dy(Firg): St (Fjars):
Fy,. F,, = Dy(F,,), Sy(F),), -
Fyy, Fy, = Dy(F,,), S3(F,),

Fy, = Dy(F,,).

where D;(-) denotes the ith 1 x 1 convolution of distillation operation,
and S;(") is the corresponding operation of MBSConv for refinement. F,

and Fy respectively represents the obtained ith distilled features and
corresponding refined features. During the feature fusion stage, all of
the distilled features generated by previous distillation operations are
concatenated together, and the concatenated features are fused using a
1 x 1 convolution. We can express the process as

Ffuxion = Hfusion(concat(Fdl ’ Fd2 ’ Fd3 > FdA ))’ (8)

where Hg,,,(+) is the operation of the 1 x 1 convolution layer, and
Fjyi0n denotes the obtained fused feature. Then, to further enhance
the learning for discriminative representation, we utilize the proposed
LCKA module to capture long-range dependencies. The process of LCKA
can be formulated as

©)

Frega = HLCKA(Ffusion)’

where Hycx, (1), Froxa represent the function of LCKA, its refined
features, respectively. Subsequently, F; -4 is further refined bya1 x 1
convolution layer, followed by a pixel normalization (Zhou et al., 2022)
module to ease stable model training. We can formulate the process as

F

normalized = Normpixel(conulxl(FLCKA))’ (10)

where Conv,y (), Normy (), and Fpomatizeq denote the function of
the 1 x 1 convolution layer, the operation of pixel normalization,
and the normalized features, respectively. Finally, we adopt a long
skip connection to force the module to focus on learning the residual
information. The process can be formulated as

Fk—l

k
F MARB’

MARB — an

normalized T

where F]\Ij[ Arp Tepresents the output of the kth MARB.

As we can see in Fig. 5, a MARB has the advantages of feature
distillation strategy, capturing multi-scale information, and learning
long-range dependencies. Its high efficiency will be demonstrated in

the subsequent experimental section.

4. Experiments

In this section, the experimental settings is firstly introduced in
detail, and then a series of ablation experiments on LCAN are conducted
to verify the efficiency. Next, we compare our LCAN with many other
state-of-the-art lightweight SR methods quantitatively and visually.
Finally, a complexity analysis of LCAN is performed.
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Fig. 5. The details of the proposed MARB.
4.1. Settings Table 2

Following the previous advanced works (Hu et al., 2023; Xie et al.,
2023; Li et al., 2022), we use the common DF2K (800 images from
DIV2K (Timofte et al.,, 2017) and 2650 images from Flickr2K (Lim
et al, 2017)) as training dataset. Following previous methods (Li
et al., 2022; Xie et al., 2023; Wang and Zhang, 2024), the proposed
LCAN also consists of 8 main modules, i.e., MARBs, and its distilla-
tion structure channel number and attention module channel number
are set to 55. After finishing training, five widely used benchmark
datasets: Set5 (Bevilacqua et al., 2012), Setl4 (Zeyde et al., 2012),
BSD100 (Arbelaez et al., 2010), Urban100 (Huang et al., 2015) and
Mangal09 (Matsui et al., 2017) are chosen as test datasets, and the
output results of the SR models are converted to YCbCr space. Then,
the evaluation metrics: peak signal-to-noise ratio (PSNR) and structural
similarity index (SSIM) (Wang et al., 2004) on the Y channel are
adopted, and the evaluated quantitative results are applied to showing
the model performance. In order to conduct a fair comparison with
earlier SR methods, we train our model using the BI training dataset,
which is produced via bicubic (BI) degradation using scaling factors of
%2, X3, and x4.

During training process, following (Xie et al., 2023), the ADAN (Xie
et al., 2024) optimizer with g, = 0.98, g, = 092 and f;;3 = 0.99 is
utilized to optimize our SR model from scratch, and the exponential
moving average (EMA) is set to 0.999 to stabilize training. For each LR
input, the batch size and input patch size are set to 64 and 48 x 48,
respectively. We conduct all experiments using the Pytorch (Paszke
et al., 2017) framework with an NVIDIA 3090 GPU. The network is
trained for 1 x 10° iterations, and the learning rate is set to a constant
5x 1073

For testing, We conduct the test experiments on both BI test datasets
(Set5, Setl4, BSD100, Urban100 and Mangal09) and Real-World Pho-
tos with compression artifacts (Lai et al., 2018; Zhang et al., 2018c).

4.2. Ablation studies

We carry out a series of experiments to analyze the performance
of the proposed LCAN and the efficiency of its components including
MBSConv and LCKA. Besides, we also conduct experiments to compare
the performance of LCKA with the results of LSKA.

Break-down ablation. Firstly, we train the model without the
MBSConv, LCKA, and LSKA, on the DF2K dataset for x4 SR, and take
the tested performance 32.23 dB PSNR on the Set5 dataset as the
baseline.

Then, we conduct experiments on the same datasets to train and test
the model with the MBSConv only. Compared with baseline model, it
achieves 0.04 dB gain reaching 32.27 dB PSNR, demonstrating that our
MBSConv is effective for extracting feature with multi-scale information
and can effectively improve the model performance.

Next, the model with MBSConv and LCKA is trained to verify
overall performance of LCAN, and the obtained test result reaches

Investigations of MBSConv, LCKA, and LSKA on the Set5 (x4). We highlight
the best result.

Baseline v v v v
MBSConv X v v v
LCKA X X X v
LSKA X X v X
PSNR/dB 32.23 32.27 32.40 32.43

32.43 dB, which shows the remarkable performance of proposed LCAN
for lightweight SR.

Finally, for comparison, we carry out the same experiments on
the model with MBSConv and LSKA, and corresponding test result is
32.40 dB PSNR, which is 0.03 dB lower than the result of the model
with MBSConv and LCKA. According to the testing data, the best PSNR
of 32.43 dB is achieved by the model with MBSConv and LCKA, proving
the effectiveness and superiority of the suggested MBSConv and LCKA.
Specifically, our MBSConv can enhance the model performance by
capturing discriminative feature with multi-scale information, and our
LCKA can capture more contextual information by achieving extremely
large receptive field with the direct interaction between local infor-
mation and long-distance dependencies, which further improves model
performance. All experimental results are presented in Table 2.

Ablation of MBSConv. We conduct experiments to validate the
selection of the kernel sizes of multi-scale depth-wise convolutions in
MBSConv. The input feature maps of MBSConv have 55 channels and
they are almost evenly divided into several parts along the channel
dimension for corresponding multi-scale depth-wise convolutions. Con-
sidering the model complexity, we adopt different multi-scale kernel
sizes of the depth-wise convolution in MBSConv, i.e., a set of 1 x 1 (for
18 channels), 3 x 3 (for 18 channels) and 5 x 5 (for 19 channels), a set
of 1 x 1 (for 13 channels), 3 x 3 (for 13 channels), 5 x 5 (for 13 chan-
nels) and 7 x 7 (for 16 channels), and a set of 3 x 3 (for 18 channels),
5 x 5 (for 18 channels) and 7 x 7 (for 19 channels). Moreover, we also
utilize different single-scale BSConvs for comparison experiments. We
separately train the models under the same experimental setting and
test them on the Urban100 (Huang et al., 2015) dataset for x4 SR. The
detailed results are shown in Table 4.

In one MBSConv, the depth-wise 1 x 1 convolution kernels are less
effective than larger ones, and using MBSConv with 3 x 3, 5 x 5 and
7 x 7 depth-wise convolutional kernels can lead to better performance
yet result in more model parameters.

In addition, as the depth-wise convolutional kernel size of BSConv
increases, it improves model reconstruction performance accordingly,
yet the improvement gradually becomes saturated.

Overall, under almost the same number of model parameters, the
model with MBSConv can achieve superior performance than the model
with BSConv, thanks to the capture of multi-scale information. Due
to our aim of using a more lightweight module as a highly efficient
building block for lightweight SR, we adopt the MBSConv with 1 x 1,
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Table 3
The model performance with different channel numbers on Set5 dataset for
x4 SR. The performance of our model with 55 channels is underlined.

Channel number 32 48 55 64
Model Params (K) 125 247 309 413
PSNR on Set5 (x4) 32.13 32.31 32.43 32.45

3 x 3 and 5 x 5 depth-wise convolutional kernels in our LCAN for a
better trade-off of module complexity and performance.

Ablation of LCKA. In order to further verify the effectiveness of
the proposed LCKA, we conduct experiments to analyze the effect
of different strip sizes of depth-wise convolutions with corresponding
dilation rate (dr) in LCKA. Specifically, as strip size k changes from
5 to 9, the dilated rate (dr) which is equal to (k + 1)/2 varies from 3
to 5. After finishing training separately under the same experimental
setting for x4 SR, the models are tested on the Mangal09 (Matsui
et al., 2017) dataset. Table 5 shows the detailed experimental results.
In addition, we also analyze the effect of different decoupling path
settings. Concretely, DWC-DWDC-PC denotes the decoupling order of
a depth-wise convolution (DWC), a depth-wise dilation convolution
(DWDCQ), and a point-wise convolution (PC); DWDC-DWC-PC denotes
the decoupling path of a depth-wise dilation convolution (DWDC),
a depth-wise convolution (DWC), and a point-wise convolution (PC).
Notably, for the input feature maps, the module with DWDC-DWC-PC
discards the pixels in dilated regions in the process of DWDC, leading
to the loss of some contextual information of the input feature maps.

By contrast, when the decoupling order is DWC-DWDC-PC, we
can see that as the strip size k increases, the PSNR value of model
performance increases from 30.76 dB to 31.03 dB. For the input feature
maps, although the LCKA with DWC-DWDC-PC discards the pixels in
dilated regions in the process of DWDC, the input feature maps have
already all been learned by the DWC, resulting in capturing more
complete contextual information via LCKA. Therefore, the PSNR values
of the model with the decoupling path DWDC-DWC-PC are lower than
aforementioned performance of DWC-DWDC-PC. This means that the
decoupling order DWC-DWDC-PC in LCKA is a more effective choice
for lightweight SR. Considering the module complexity, we employ
the LCKA with the strip size k as 9 in our LCAN to capture the vital
long-range contextual information.

In addition, we further analyze and validate the modules with
different decoupling path of horizontal and vertical depth-wise convo-
lutions. The H-DWC, H-DWDC, V-DWC, V-DWDC, and PC respectively
denote the horizontal depth-wise convolution, horizontal depth-wise
dilation convolution, vertical depth-wise convolution, vertical depth-
wise dilation convolution, and point-wise convolution. Table 6 shows
the detailed validation results, which demonstrate that the LCKA with
the decoupling path of H-DWC, H-DWDC, V-DWC, V-DWDC, PC is a
superior choice for SR.

The effect of the channel number. In order to validate the effect of
the number of feature channels on the model performance, we conduct
different validation experiments for x4 SR. Specifically, we train and
test the models with different channel numbers of 32, 48, 55, and
64, respectively. The detailed results are shown in Table 3. It can be
seen that as the number of feature channels increases, the performance
PSNR of the model increases accordingly. When the number of feature
channels increases from 55 to 64, the model performance increases
slightly, indicating that the model performance is becoming saturated.

4.3. Comparisons with other SR methods

In order to further confirm the efficiency of the proposed LCAN,
we quantitatively and visually compare our experimental results for
upscaling factor x2, x3, and x4 with the results of other state-of-
the-art lightweight SR methods, including SRCNN (Dong et al., 2015),
FSRCNN (Dong et al., 2016), VDSR (Kim et al., 2016a), DRCN (Kim
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et al.,, 2016b), DRRN (Tai et al.,, 2017), LapSRN (Lai et al., 2017),
IDN (Hui et al., 2018), IMDN (Hui et al., 2019), PAN (Zhao et al.,
2020), RFDN (Liu et al., 2020b), BSRN (Li et al., 2022), LKDN (Xie
et al., 2023), MSID (Hu et al., 2023), DRSAN-32s (Park et al., 2021),
LatticeNet-CL (Luo et al., 2022), SCN (Yang et al., 2023), and OSFFNet
(Wang and Zhang, 2024). The self-ensemble strategy is used to further
enhance our LCAN, and we denote it as LCAN+.

PSNR/SSIM results. Table 8 shows the quantitative evaluation
results for x2, x3 and x4 lightweight SR. For x2 SR, with self-ensemble
strategy, our LCAN+ has the best quantitative performance with the
highest PSNR and SSIM values on all datasets. Besides, on five bench-
mark datasets, our LCAN achieves most of the highest PSNR and SSIM
values in addition to having a minimum of 292K model parameters
among these methods. For x3 SR, with a minimum of 299K model
parameters among them, our LCAN+ achieves the highest PSNR and
SSIM values on five benchmark datasets, offering the finest quantitative
performance, and our LCAN obtains most of the highest PSNR and
SSIM. For x4 SR, all the best quantitative performance, all the second
PSNR results and all the second SSIM results are reached by our LCAN+,
and our LCAN, respectively. Overall, the experimental results show
that our LCAN can achieve superiority for lightweight SR, especially
for large scaling factors (e.g., x4) compared with previous lightweight
state-of-the-art SR methods.

In addition, our LCAN and the heavyweight state-of-the-art SR
methods are tested for x4 SR on the benchmark datasets, and the
results are compared in Table 7 in terms of model complexity and
performance. As we can see, even when compared with the heavy SR
networks, our model, which has at least 10 times less parameters, can
produce competitive results. Specifically, our LCAN can respectively
achieve 28.80 dB and 27.70 dB on Set14 and BSD100 datasets, which
are equal to the corresponding results of the heavy network EDSR.
Noted that the 0.309M parameters of our LCAN are far fewer than
the 43.1 M parameters of EDSR. For Set5 and Urban100 datasets, the
performance differences start to become large, reaching 0.03~0.31 dB
and 0.13~0.56 dB, respectively. These results demonstrate that our
LCAN can achieve a good trade-off between model complexity and
performance.

Visual results. For x2, x3, and x4 SR, Fig. 6 presents the visual
comparison of different methods on specific images of Set14, BSD100,
Mangal09 and Urban100 datasets.

As for the images “img 024.png” and “img_092.png” for x2 SR,
there exists a lot of sharp contour information in the original HR
images. We can find that the worst visual reconstructions are achieved
by the early bicubic algorithm, while other advanced methods yield
clearer details and more complete shapes. And the same trend goes for
the quantitative results of PSNR and SSIM of these methods.

In terms of the images “barbara.png” and “img 098.png” for x3
SR, CNN-based methods produce better visual results than the bicubic
algorithm and obtain higher PSNR and SSIM values. Notably, in these
methods, our LCAN produces more complete and natural contours and
edges, and achieves higher PSNR and SSIM values, presenting superior
reconstruction performance visually and quantitatively.

As for the images “148026.png” and “YumeiroCooking.png” for x4
SR, the early bicubic algorithm still performs poorly with widespread
blurring, aliasing artifacts, indicating its unstable trend for SR. Con-
trastively, the visual results of other CNN-based methods including
IMDN, RFDN, BSRN and our LCAN, have been greatly improved, and
they provide more contour information although they still have dis-
torted shapes and blurring in some regions. The quantitative results
of PSNR and SSIM also show that the reconstruction results of CNN-
based methods are much better than those of the bicubic interpolation
algorithm.

Overall, among these methods, our LCAN can yield clearer visual
results and achieves the highest PSNR and SSIM for these test images,
which show the effectiveness of the extracted discriminative feature
with multi-scale information and more contextual information.
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Table 4
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Ablation studies of MBSConv on the Urban100 (Huang et al., 2015) dataset for x4 SR. The input feature maps of MBSConv have
55 channels and the numbers in parentheses are the corresponding number of depth-wise convolutional kernels. The result of our
adopted lightweight MBSConv with 1 x 1, 3 x 3, 5 x 5 kernels in our LCAN is underlined.

1x1(18),3x3(18),5x5(19) v X X X X X X
MBSConv 1x1(13),3x 3 (13),5 x5 (13), 7 x 7 (16) X v/ X X X X X

3x3(18),5x5(18),7x7@19 X X v X X X X

1x1(55) X X X v X X X
BSConv 3 x 3 (55) X X X X 4 X X

5 x 5 (55) X X X X X 4 X

7 x 7 (55) X X X X X X v
Params/K - 309 326 335 297 309 331 364
PSNR/dB - 26.47 26.53 26.60 26.25 26.40 26.49 26.51

Table 5

Ablation studies of LCKA on the Mangal09 (Matsui et al., 2017) dataset for x4 SR. The TRFS denotes the theoretical receptive
field size of single module. We adopt the LCKA with the strip size k as 9 in our LCAN. The best result is highlighted.

strip size k 5 7

dr = (k+1)/2 3 4

DWC, DWDC, PC v v
DWDC, DWC, PC X X

TRFS 17 x 17 31 x 31
PSNR/dB 30.76 30.91

9 5 7 9

5 3 4 5

v X X X

X v v v

49 x 49 17 x 17 31 x 31 49 x 49
31.03 30.71 30.85 30.99

Table 6

The further ablation studies of LCKA on the Mangal09 (Matsui et al., 2017)
dataset for x4 SR. The strip size k is set to 9 in these modules. The best result
is highlighted.

(H-DWC, H-DWDC, V-DWC, V-DWDC, PC) v X X

(H-DWC, H-DWDC, V-DWDC, V-DWC, PC) X v X

(H-DWDC, H-DWC, V-DWC, V-DWDC, PC) X X v

PSNR/dB 31.03 30.99 30.98
Table 7

Quantitative comparison of our LCAN with the heavy state-of-the-art SR
methods on benchmark datasets for x4 SR.

Method Params/M PSNR/dB
Set5 Set14 BSD100 Urban100

EDSR 43.1 32.46 28.80 27.70 26.64
RDN 22.3 32.47 28.80 27.72 26.60
RCAN 15.6 32.63 28.87 27.77 26.82
DRN 9.8 32.74 28.98 27.83 27.03
ERAN 8.02 32.66 28.92 27.79 26.86
LCAN 0.309 32.43 28.80 27.70 26.47

4.4. Experiments on real-world photos

To validate the model performance in practice, we also run test
experiments on real LR images that degenerate in an unknown man-
ner. Since there are none ground-truth HR images for these real LR
images, we only provide visual results for comparison. We select images
“pattern.png” and “Historical 006” as test images and compare our
LCAN with five SR methods, including early bicubic algorithm (Zhang
and Wu, 2006), SRCNN (Dong et al., 2015), RFDN (Liu et al., 2020b),
LKDN (Xie et al., 2023), and MSID (Hu et al., 2023). As shown in Figs.
7 and 8, our LCAN yields natural SR visual results with clearer contour
information and sharper details, while early methods, i.e., bicubic and
SRCNN, yield distorted and unstable results with a lot of compression
artifacts, and other methods including RFDN, LKDN, and MSID produce
better SR visual results than the early methods. Overall, our LCAN
can yield better or comparable visual performance than other methods,
confirming its effectiveness and robustness when applied to real-world
images.

4.5. Model complexity analysis

Now, according to the recorded results, we analyze the model
complexity and reconstruction performance of different methods on
Urban100 dataset for x2 SR. As widely used evaluation metrics, model
parameters and multi-adds are used to quantitatively present the model
complexity, and the PSNR is utilized to evaluate the reconstruction
quality of visual outputs. All quantitative results of these SR meth-
ods, including LapSRN (Lai et al., 2017), IMDN (Hui et al., 2019),
RFDN (Liu et al., 2020b), LKDN (Xie et al., 2023), MSID (Hu et al.,
2023), LatticeNet-CL (Luo et al., 2022), and our LCAN, are listed in
Table 9. We can see that our LCAN achieves the highest PSNR with
the fewest model parameters, which demonstrates the efficiency of our
network. Noted that our LCAN with only 291.6K parameters is the most
lightweight network while achieving the highest PSNR 32.62 dB on
Urban100 dataset for x2 SR.

Additionally, the multi-adds defined in Ahn et al. (2018) denotes
the number of multiply accumulate operations, and it is another quan-
titative evaluation metric for model complexity. To fairly compare our
model with other state-of-the-art SR networks, following (Shi et al.,
2023; Xie et al., 2023), we also assume the SR output size to 1280 x 720
to calculate the model multi-adds. To gain a better understanding of
model complexity and performance, we compare our LCAN with other
methods on Urban100 for x2 SR in terms of PSNR and Multi-Adds.
Table 9 shows the detailed comparison results. As we can see, our
LCAN has only 68.37 G multi-adds, which are 0.73 G fewer than 69.1
G multi-adds of LKDN, and it can achieve the highest PSNR 32.62 dB,
outperforming LKDN by 0.09 dB and surpassing other SR methods by
a large gap. The comparison results show that our proposed LCAN is
effective and efficient.

4.6. Inference time

With fewer parameters and activities, our LCAN could obtain su-
perior performance, as shown in Table 8. To further evaluate model
efficiency, we compute the practical inference times of different ad-
vanced SR models. Using official codes of these compared methods,
we compute their average inference times on one hundred 1280 x 720
super-resolved RGB images under the same experimental environment
as ours. The PyTorch framework’s torch.cuda.Event is used to compute
inference times of these methods. For x4 SR, Table 10 presents the
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Table 8

Quantitative outcomes of our method and other state-of-the-art lightweight SR methods on five benchmark datasets. The methods
with ¥ and * are retrained based on their official codes and tested on their open-source models, respectively, and for the rest
methods without both, we also directly adopt the results in their original papers as in the previous methods (Li et al., 2022; Yang
et al., 2023; Wang and Zhang, 2024). We respectively highlight and underline the best and the second-best results.

Method Scale Params Set5 Setl4 BSD100 Urban100 Mangal09
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
Bicubic - 33.66/0.9299 30.24/0.8688 29.56/0.8431 26.88/0.8403 30.80/0.9339
SRCNN ¥ 8K 36.66/0.9542 32.45/0.9067 31.36/0.8879 29.50/0.8946 35.60/0.9663
FSRCNN # 13K 37.00/0.9558 32.63/0.9088 31.53/0.8920 29.88/0.9020 36.67/0.9710
VDSR * 666K 37.53/0.9587 33.03/0.9124 31.90/0.8960 30.76/0.9140 37.22/0.9750
DRCN 1774K 37.63/0.9588 33.04/0.9118 31.85/0.8942 30.75/0.9133 37.55/0.9732
DRRN ¥ 298K 37.74/0.9591 33.23/0.9136 32.05/0.8973 31.23/0.9188 37.88/0.9749
LapSRN # X2 251K 37.52/0.9591 32.99/0.9124 31.80/0.8952 30.41/0.9103 37.27/0.9740
IDN # 553K 37.83/0.9600 33.30/0.9148 32.08/0.8985 31.27/0.9196 38.01/0.9749
IMDN *# 694K 38.00/0.9605 33.63/0.9177 32.19/0.8996 32.17/0.9283 38.88/0.9774
PAN *# 261K 38.00/0.9605 33.59/0.9181 32.18/0.8997 32.01/0.9273 38.70/0.9773
RFDN 534K 38.05/0.9606 33.68/0.9184 32.16/0.8994 32.12/0.9278 38.88/0.9773
LKDN * 304K 38.12/0.9611 33.90/0.9202 32.27/0.9010 32.53/0.9322 39.19/0.9784
MSID # 375K 38.10/0.9609 33.84/0.9198 32.29/0.9012 32.57/0.9326 39.23/0.9783
DRSAN-32s 370K 37.99/0.9606 33.57/0.9177 32.16/0.8999 32.10/0.9279 -/-
LatticeNet-CL 756K 38.09/0.9608 33.70/0.9188 32.21/0.9000 32.29/0.9291 -/~
SCN 688K 38.10/0.9608 33.82/0.9200 32.28/0.9010 32.57/0.9324 39.12/0.9776
LCAN (ours) 292K 38.12/0.9610 33.90/0.9202 32.30/0.9013 32.62/0.9331 39.28/0.9783
LCAN+ (ours) 292K 38.14/0.9611 33.94/0.9203 32.31/0.9014 32.78/0.9342 39.38/0.9785
Bicubic - 30.39/0.8682 27.55/0.7742 27.21/0.7385 24.46/0.7349 26.95/0.8556
SRCNN ¥ 8K 32.75/0.9090 29.30/0.8215 28.41/0.7863 26.24/0.7989 30.48/0.9117
FSRCNN # 13K 33.18/0.9140 29.37/0.8240 28.53/0.7910 26.43/0.8080 31.10/0.9210
VDSR # 666K 33.66/0.9213 29.77/0.8314 28.82/0.7976 27.14/0.8279 32.01/0.9340
DRCN 1774K 33.82/0.9226 29.76/0.8311 28.80/0.7963 27.15/0.8276 32.24/0.9343
DRRN # 298K 34.03/0.9244 29.96/0.8349 28.95/0.8004 27.53/0.8378 32.71/0.9379
LapSRN # x3 502K 33.81/0.9220 29.79/0.8325 28.82/0.7980 27.07/0.8275 32.21/0.9350
IDN # 553K 34.11/0.9253 29.99/0.8354 28.95/0.8013 27.42/0.8359 32.71/0.9381
IMDN *# 703K 34.36/0.9270 30.32/0.8417 29.09/0.8046 28.17/0.8519 33.61/0.9445
PAN # 261K 34.40/0.9271 30.36/0.8423 29.11/0.8050 28.11/0.8511 33.61/0.9448
RFDN 541K 34.41/0.9273 30.34/0.8420 29.09/0.8042 28.21/0.8525 33.67/0.9449
LKDN # 311K 34.54/0.9285 30.52/0.8455 29.21/0.8078 28.50/0.8601 34.08/0.9475
MSID * 383K 34.54/0.9283 30.51/0.8456 29.22/0.8083 28.53/0.8603 34.14/0.9477
DRSAN-32s 410K 34.41/0.9272 30.27/0.8413 29.08/0.8056 28.19/0.8529 -/-
LatticeNet-CL 765K 34.46/0.9275 30.37/0.8422 29.12/0.8054 28.23/0.8525 —/-
SCN 697K 34.52/0.9281 30.44/0.8443 29.15/0.8070 28.45/0.8582 33.96/0.9467
LCAN (ours) 299K 34.58/0.9286 30.53/0.8456 29.22/0.8082 28.57/0.8613 34.18/0.9478
LCAN+ (ours) 299K 34.63/0.9289 30.57/0.8461 29.25/0.8087 28.68/0.8628 34.32/0.9485
Bicubic - 28.42/0.8104 26.00/0.7027 25.96/0.6675 23.14/0.6577 24.89/0.7866
SRCNN ¥ 8K 30.48/0.8626 27.50/0.7513 26.90/0.7101 24.52/0.7221 27.58/0.8555
FSRCNN # 13K 30.72/0.8660 27.61/0.7550 26.98/0.7150 24.62/0.7280 27.90/0.8610
VDSR # 666K 31.35/0.8838 28.01/0.7674 27.29/0.7251 25.18/0.7524 28.83/0.8870
DRCN 1774K 31.53/0.8854 28.02/0.7670 27.23/0.7233 25.14/0.7510 28.93/0.8854
DRRN * 298K 31.68/0.8888 28.21/0.7720 27.38/0.7284 25.44/0.7638 29.45/0.8946
LapSRN # x4 502K 31.54/0.8852 28.09/0.7700 27.32/0.7275 25.21/0.7562 29.09/0.8900
IDN # 553K 31.82/0.8903 28.25/0.7730 27.41/0.7297 25.41/0.7632 29.41/0.8942
IMDN *# 715K 32.21/0.8948 28.58/0.7811 27.56/0.7353 26.04/0.7838 30.45/0.9075
PAN # 272K 32.13/0.8948 28.61/0.7822 27.59/0.7363 26.11/0.7854 30.51/0.9095
RFDN # 550K 32.24/0.8952 28.61/0.7819 27.57/0.7360 26.11/0.7858 30.58/0.9089
LKDN # 322K 32.39/0.8979 28.79/0.7859 27.69/0.7402 26.42/0.7965 30.97/0.9140
MSID # 393K 32.40/0.8973 28.79/0.7858 27.69/0.7401 26.43/0.7966 30.94/0.9132
DRSAN-32s 410K 32.15/0.8935 28.54/0.7813 27.54/0.7364 26.06/0.7858 -/-
LatticeNet-CL 777K 32.30/0.8958 28.65/0.7822 27.59/0.7365 26.19/0.7855 -/~
SCN 709K 32.34/0.8967 28.71/0.7834 27.62/0.7381 26.31/0.7926 30.76/0.9112
OSFFNet 537K 32.39/0.8976 28.75/0.7852 27.66/0.7393 26.36/0.7950 30.84/0.9125
LCAN (ours) 309K 32.43/0.8979 28.80/0.7860 27.70/0.7405 26.47/0.7980 31.03/0.9145
LCAN+ (ours) 309K 32.49/0.8985 28.84/0.7867 27.73/0.7412 26.54/0.7994 31.17/0.9155
Table 9
Computation and parameters comparison (X2 Urban100), The best results are highlighted.
Metric IMDN RFDN LKDN DRSAN-32s LatticeNet-CL LCAN (ours)
Params/K 694 535 304 370 756 291.6
Multi-Adds/G 158.8 95 69.1 85.5 169.5 68.37
PSNR/dB 32.17 32.12 32.53 32.1 32.29 32.62
inference times for the proposed LCAN and the state-of-the-art SR meth- However, the high memory access cost (MAC) to floating-point op-
ods. Theoretically, depth-wise convolution can lessen the standard con- erations (FLOPs) of depth-wise convolution means that the acceleration
volution’s computational complexity and number of parameters (Haase performance of GPU is currently unable to reach the theoretical value.
and Amthor, 2020; Chollet, 2017). Therefore, as shown in Table 10, our method offers no significant
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Fig. 6. Visual comparisons for x2, x3, and x4 SR on the Set14, B100, Urban100 and Mangal09 datasets with the BI degradation. We highlight the best results.

Table 10
The performance on Set5 dataset and average inference times in millisecond for various advanced
methods on 100 SR RGB pictures with 1280 x 720 for x4 SR. The best results are highlighted.

Method NGswin IMDN RFDN PAN BSRN LKDN MSID LCAN (ours)
Time/ms 157.36 8.93 7.61 17.26  17.93 2097 1877  23.95
PSNR/dB  32.33 32.21 3224 3213 3235 3239 3240  32.43
advantages in terms of practical inference time over other lightweight FLOPs in theory. It is worth noting that our method infers faster than

CNN-based approaches, even if our LCAN has fewer parameters and transformer-based method, NGswin Choi et al. (2023). Further research
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Fig. 7. Comparison of real image “pattern.png” for x4 SR.
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Fig. 8. Comparison of historical image “img006.png” for x4 SR .

is required to improve the implementation efficiency of depth-wise
convolution in order to speed up its feed-forward process, which would
further ease the development of lightweight networks.

5. Conclusions

We propose a Large Coordinate Attention Network (LCAN) which is
extremely lightweight for efficient image SR. Specifically, we propose
multi-scale blueprint separable convolutions (MBSConv) to optimize
intra-kernel correlations for discriminative feature with multi-scale
information. In addition, we propose a novel large coordinate kernel
attention (LCKA) module which enables the adjacent direct interaction
of local information and long-distance dependencies in horizontal and
vertical directions, respectively. Besides, the LCKA allows for the direct
use of extremely large kernels in the depth-wise convolutional layers
to capture more contextual information, which helps to significantly
improve the reconstruction performance, and it incurs lower com-
putational complexity and memory footprints. Extensive experiments
quantitatively and visually demonstrate the superiority, efficiency and
robustness of our proposed LCAN for lightweight SR, on the datasets
created via BI degradation and on the real-world photos. For future
works, the inference speed of our LCAN needs to be further improved,
and we hope our MBSConv and LCKA can succeed on other low-level
vision tasks (e.g., denoising and deblurring) and the high-level vision
tasks (e.g., image classification and object detection).
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