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Abstract

Image restoration aims to reconstruct a high-quality image
from a degraded low-quality observation. Recently, Trans-
former models have achieved promising performance on im-
age restoration tasks due to their powerful ability to model
long-range dependencies. However, the quadratically grow-
ing complexity with respect to the input size makes them
inapplicable to practical applications. In this paper, we de-
velop an efficient convolutional network for image restora-
tion by enhancing multi-scale representation learning. To
this end, we propose an omni-kernel module that consists
of three branches, i.e., global, large, and local branches,
to learn global-to-local feature representations efficiently.
Specifically, the global branch achieves a global perceptive
field via the dual-domain channel attention and frequency-
gated mechanism. Furthermore, to provide multi-grained re-
ceptive fields, the large branch is formulated via different
shapes of depth-wise convolutions with unusually large ker-
nel sizes. Moreover, we complement local information using
a point-wise depth-wise convolution. Finally, the proposed
network, dubbed OKNet, is established by inserting the omni-
kernel module into the bottleneck position for efficiency. Ex-
tensive experiments demonstrate that our network achieves
state-of-the-art performance on 11 benchmark datasets for
three representative image restoration tasks, including image
dehazing, image desnowing, and image defocus deblurring.
The code is available at https://github.com/c-yn/OKNet.

Introduction
Image restoration aims to restore a sharp image from its low-
quality counterpart, which suffers from degradations such
as haze, snowflakes, and blur. To deal with this longstand-
ing ill-posed problem, conventional approaches utilized var-
ious hand-crafted features and assumptions to restrict solu-
tion spaces. However, these methods are not applicable to
more challenging real-world scenarios (Zhang et al. 2022).

In recent years, convolutional neural networks (CNNs)
have achieved superior performance over traditional algo-
rithms on image restoration tasks by learning generalizable
priors from collected large-scale datasets (Chen et al. 2019).
To further improve performance, many advanced functional
units have been developed or borrowed from other domains
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Figure 1: (a) FLOPs vs. PSNR on the SOTS-Indoor (Li et al.
2018) dataset for image dehazing. (b) The number of pa-
rameters vs. PSNR on the DPDD (Abuolaim and Brown
2020) dataset for image defocus deblurring. Our network
achieves a better trade-off between performance and com-
putation overhead over other state-of-the-art algorithms.

for image restoration, such as the encoder-decoder archi-
tecture (Cho et al. 2021), residual connection (Mao et al.
2021), and attention mechanisms (Cui et al. 2023c). More
recently, Transformer models have been introduced into im-
age restoration and significantly advanced the state-of-the-
art performance (Zamir et al. 2022). Nonetheless, the com-
plexity of the core component, self-attention, grows quadrat-
ically with respect to the input size, making these methods
unsuitable for practical applications.

In contrast to the convolution operator that has limited re-
ceptive fields, Transformer models conduct global or large
window-based self-attention, enabling networks to obtain
large receptive fields. Inspired by this mechanism, a few
recent works on CNNs strike back by designing efficient
CNN frameworks with large kernels, such as 31× 31 in Re-
pLKNet (Ding et al. 2022) and 51 × 51 in SLaK (Liu et al.
2023). In the context of image restoration, LKDNet (Luo
et al. 2022) decomposes a 21×21 convolution into a smaller
depth-wise convolution and a depth-wise dilated convolu-
tion for image dehazing. LaKDNet (Ruan et al. 2023) lever-
ages large kernel size convolutions (e.g., 9 × 9) followed
by point-wise convolutions to obtain large effective recep-
tive fields for image deblurring. MAN (Wang et al. 2022b)
decomposes a large kernel size convolution into three com-
ponents, i.e., a depth-wise convolution, a depth-wise dilated
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convolution, and a point-wise convolution. However, the re-
ceptive fields produced by these methods are still limited,
and they do not provide global receptive fields.

In this paper, we explore the potential of unusually large
kernel size convolutions for image restoration by using a
63 × 63 depth-wise convolution. Furthermore, we utilize
large strip-based convolutions to further enhance represen-
tation learning for high-quality image reconstruction. To re-
strain computation overhead brought by these large convolu-
tions, we deploy them only in the bottleneck. Moreover, we
resort to the dual-domain channel attention and frequency-
gated mechanism to provide global receptive fields. In addi-
tion to pursuing large receptive fields, we also utilize a 1×1
depth-wise convolution to complement local information for
small-size degradations. Finally, the proposed omni-kernel
module (OKM) is formed by organizing the above designs
in parallel such that the network possesses the ability to han-
dle multi-scale degradations.

Equipped with OKM in the bottleneck, our simple con-
volutional network achieves state-of-the-art performance on
11 different datasets for three representative image restora-
tion tasks. More concretely, OKNet significantly outper-
forms the recent Transformer model Fourmer (Zhou et al.
2023) by 3.47 dB PSNR with comparable complexity on the
SOTS-Indoor (Li et al. 2018) dataset, as illustrated in Fig-
ure 1 (a). For single-image defocus deblurring, our model
achieves a performance gain of 0.2 dB PSNR over the strong
Transformer model Restormer (Zamir et al. 2022) in the
combined category of the DPDD (Abuolaim and Brown
2020) dataset with 46% fewer parameters. Furthermore, the
proposed model also represents the strong capability on
the image desnowing task, outperforming the recent algo-
rithm IRNeXt (Cui et al. 2023c) by 0.7 dB PSNR on the
CSD (Chen et al. 2021b) dataset. Overall, the contributions
of this paper can be summarized as follows:
• We present an omni-kernel module that is capable of

efficiently capturing multi-scale receptive fields for im-
age restoration, among which large-scale information is
modulated via the dual-domain processing and different
shapes of large kernel size depth-wise convolutions.

• Extensive experiments on 11 widely used benchmark
datasets demonstrate that the proposed model, namely
OKNet, achieves state-of-the-art performance on three
representative image restoration tasks, i.e., image defo-
cus deblurring, image dehazing, and image desnowing.

Related Works
Image Restoration
As a longstanding problem, image restoration aims to recon-
struct a clean image from its degraded counterpart, playing
an important role in many scenarios, such as surveillance,
self-driving technology, remote sensing, and medical imag-
ing. Due to its highly ill-posed property, many conventional
algorithms have been developed mainly based on assump-
tions and hand-crafted features, which are not applicable to
more challenging practical applications.

In recent years, deep learning methods have achieved
notably superior performance over traditional competitors

by learning generalizable priors from large-scale datasets.
These approaches can be roughly divided into two cate-
gories: CNN-based and Transformer-based methods. CNN-
based methods have dominated image restoration for many
years by designing or borrowing advanced functional units
from other domains (Cui et al. 2023b; Cui and Knoll 2023).
For instance, FFA-Net (Qin et al. 2020) utilizes the channel
attention and pixel attention modules to treat channel-wise
and pixel-wise features unequally for uneven haze distribu-
tion. SDWNet (Zou et al. 2021) leverages multiple dilated
convolutions with different dilated rates in parallel to ob-
tain large receptive fields. SFNet (Cui et al. 2023d) uses a
dynamic selective frequency module to select the most in-
formative frequency to recover. To model long-range de-
pendencies more efficiently, Transformer (Vaswani et al.
2017) has been introduced into image restoration (Chen
et al. 2021a; Liang et al. 2021). To improve the efficiency
of self-attention, the common strategies are restricting self-
attention regions (Wang et al. 2022c; Tsai et al. 2022) and
switching self-attention from the spatial dimension to the
channel dimension (Zamir et al. 2022). Despite these efforts,
Transformer models are still expensive for practical applica-
tions and sacrifice the long-range signals modeling capabil-
ity. Furthermore, Transformer models cannot capture multi-
scale receptive fields. In this paper, we present an efficient
convolutional network that is capable of learning multi-scale
representations.

Large Kernel Network

Recently, inspired by the plausible reason behind the suc-
cess of Transformer, i.e., the long-range dependencies mod-
eling ability, CNN-based methods strike back by using large
kernel convolutions. For instance, RepLKNet (Ding et al.
2022) achieves a 31 × 31 kernel following several guide-
lines for designing large convolutions, greatly closing the
performance gap between CNNs and Transformer models.
SLaK (Liu et al. 2023) leverages sparse factorized 51 × 51
kernels to confront Transformer methods. In the realm of
image restoration, LaKDNet (Ruan et al. 2023) enlarges the
effective receptive field via combinations of large kernel
(9×9) depth-wise convolutions and point-wise convolutions.
MAN (Wang et al. 2022b) presents the large kernel atten-
tion by decomposing a large kernel convolution into three
different kinds of convolutions. LKD-Net (Luo et al. 2022)
decomposes a depth-wise convolution into a smaller depth-
wise convolution and a depth-wise dilated convolution. Our
method is different from above image restoration algorithms
in fourfold: (a) we explore the potential of unusually large
kernel size convolutions for image restoration, i.e., 63× 63;
(b) apart from the regular square depth-wise convolution,
we use strip-based versions in different directions to provide
different shapes of receptive fields for high-quality image
reconstruction; (c) we offer full-size receptive fields via the
dual-domain processing; (d) we complement local informa-
tion via an extremely simple 1 × 1 depth-wise convolution.
Deploying the proposed method only in the bottleneck, our
efficient OKNet can perform on par with or better than state-
of-the-art Transformer models.
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Figure 2: The architecture of OKNet. FFT and IFFT denote fast Fourier transform and its inverse operation, respectively.

Methodology
In this section, we first describe the overall pipeline of the
proposed OKNet. Then, we delineate the architectural de-
tails of our omni-kernel module (OKM). Finally, we present
the used loss functions for the training stage.

Overall Pipeline
The overall pipeline is illustrated in Figure 2 (a). As shown,
OKNet adopts an encoder-decoder architecture, which con-
sists of three scales in both the encoder and decoder stages.
ResGroup is composed of multiple residual blocks, each in-
cluding two 3× 3 convolutions with the GELU (Hendrycks
and Gimpel 2016) nonlinearity in between. OKM is only in-
serted into the bottleneck position, where features have the
lowest resolution, for saving computation overhead.

Given an input degraded image I ∈ R3×H×W , we first
leverage a 3 × 3 convolution to project the image into em-
bedding features of size C × H × W , where C denotes
the number of channels, and H × W specifies the spatial
location of pixels. Next, the resulting features are fed into
the encoder stage to extract in-depth representations. The
downsampling operation is implemented by a strided con-
volution (kernel=3, stride=2), which expands the number of
channels while reducing the spatial dimension. After being
processed by the proposed OKM, the features pass through
the decoder network to restore high-resolution representa-
tions. During this process, the decoder features are concate-
nated with the encoder features to assist in recovery, fol-
lowed by a 1 × 1 convolution to reduce channels by half.
The upsampling layer is accomplished by a transposed con-
volution (kernel=4, stride=2) to enlarge the spatial dimen-

sion and halve the number of channels. Finally, a 3× 3 con-
volution is used to yield the learned residual image, to which
the input image is added to produce the final restored output.
Next, we introduce the proposed OKM in detail.

Omni-Kernel Module (OKM)
The schematic diagram of OKM is illustrated in Figure 2
(b). Given input features X ∈ RC×H×W , after being pro-
cessed by a 1× 1 convolution, the features are fed into three
branches, i.e., local branch, large branch and global branch,
to enhance multi-scale representations. The results of the
three branches are then fused by addition and modulated by
another 1×1 convolution. In the following, we introduce the
inside components of each branch.

Large Branch In this branch, we apply a cheap depth-
wise convolution of kernel size K×K to pursue large recep-
tive fields. In addition to the regular depth-wise convolution,
inspired by strip-based self-attention (Dong et al. 2022; Tsai
et al. 2022; Li et al. 2023), we also employ 1×K and K×1
depth-wise convolutions in parallel to the square one to har-
vest strip-shaped contextual information. To avoid introduc-
ing a large amount of computation overhead caused by large
kernel size convolutions, we place the module in the bottle-
neck position. We then explore the possibility of using ex-
tremely large convolutions for image restoration by progres-
sively increasing K. The experimental results are shown in
Figure 3. Generally speaking, the peak signal-to-noise ratio
(PSNR) and structural similarity index (SSIM) metrics in-
crease as we enlarge the kernel size from K = 3 to K = 63.
The placed location of our module allows us to adopt an un-
usually large kernel size for capturing large-scale different
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Figure 3: Experimental results on different kernel sizes of
convolutions in the large branch.

shapes of receptive fields with few introduced parameters
and low complexity. We finally choose K = 63 in the large
branch for better performance.

Global Branch OKNet is mainly trained on cropped 3 ×
256× 256 image patches and the bottleneck features have a
spatial size of 64×64, and thus we adopt the largest odd ker-
nel size in the large branch. However, during the inference
stage, input degraded images are much larger than training
patches. As a result, a 63× 63 kernel is not capable of cov-
ering the global field. To alleviate this issue, we superadd
the global modeling capability in the global branch by re-
sorting to dual-domain processing. Specifically, the global
branch consists of a dual-domain channel attention mod-
ule (DCAM) and a frequency-based spatial attention module
(FSAM). Next, we present these two modules successively.

Given input features XGlobal ∈ RC×H×W , DCAM firstly
applies frequency channel attention (FCA) to XGlobal as:

XFCA = IF(F(XGlobal)⊗WFCA
1×1 (GAP(XGlobal)))

(1)

where F and IF are fast Fourier transformer and its inverse
operation, respectively; XFCA, W1×1 and GAP denote the
output of FCA, a 1 × 1 convolutional layer and global av-
erage pooling, respectively; ⊗ represents the element-wise
multiplication operation. With the Fourier processing, the
global features are refined effectively according to the spec-
tral convolution theorem. After being modulated globally in
the spectral domain, the resulting features are further fed
into the spatial channel attention module (SCA), which can
be formally expressed as:

XDCAM = XFCA ⊗W SCA
1×1 (GAP(XFCA)) (2)

where XDCAM is the output of DCAM. DCAM only en-
hances dual-domain features at the channel-wise coarse
granularity. Then, we apply the frequency-based attention
module among the spatial dimension to refine the spectrum
at a fine-grained level, which is formally expressed as:

XFSAM = IF(F(W 1
1×1(XDCAM))⊗W 2

1×1(XDCAM))
(3)

where XFSAM is the result of FSAM. By doing this, the
model attends to informative frequency components for
high-quality image reconstruction.

Local Branch Inspired by the fact that local information
plays an essential role in image restoration (Zamir et al.
2022; Wang et al. 2022c), in addition to the large and global
branches that capture large-scale receptive fields, we also de-
sign an extremely simple yet effective local branch for local
signals modulation by using a 1 × 1 depth-wise convolu-
tional layer, as illustrated in Figure 2 (b). We demonstrate
its effectiveness in Table 5.

Loss Function
To restore faithful high-quality images, a straightforward
way is to make the content of the predicted image closer
to that of the ground truth image:

Lc = ∥Î − Y ∥1 (4)

where Î and Y represent the predicted image and ground
truth, respectively. In addition to spatial domain alignment,
the proposed network also promotes frequency signal learn-
ing. Accordingly, we additionally apply the frequency do-
main L1 loss (Cho et al. 2021) for training:

Lf = ∥F(Î)−F(Y )∥1 (5)

Finally, the overall loss function is given by:

Lo =
1

E
(Lc + λLf ) (6)

where E represents the number of elements in the output,
and λ is set to 0.1 for balancing dual-domain training.

Experiments
In this section, we conduct experiments on 11 different
benchmark datasets to demonstrate the effectiveness of our
network for three representative image restoration tasks: im-
age dehazing, image defocus deblurring, and image desnow-
ing. In the tables, the best and second best results are marked
in bold and underlined.

Implementation Details
We train separate models for different datasets. Accord-
ing to the task complexity, we scale OKNet by setting dif-
ferent numbers of residual blocks in each ResGroup (Fig-
ure 2 (e)), i.e., N = 4 for dehazing and desnowing, and
N = 16 for deblurring. Additionally, we provide a small
version for image dehazing, dubbed OKNet-S, by setting
N = 1 to better compare with the recent algorithm (Zhou
et al. 2023). Unless stated otherwise, the following hyper-
parameters are adopted. The models are trained using the
Adam optimizer (Kingma and Ba 2014) with β1 = 0.9 and
β2 = 0.999. The batch size is set to 8. The learning rate is
initially set to 2e−4 and decreased to 1e−6 gradually using
the cosine annealing decay strategy (Loshchilov and Hutter
2016). For data augmentation, the cropped patches of size
256 × 256 are randomly horizontally flipped with a proba-
bility of 0.5. FLOPs are measured on 256× 256 patch size.
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Figure 4: Image dehazing comparisons on the SOTS (Li et al. 2018) dataset. The top and bottom images are obtained from
SOTS-Indoor and SOTS-Outdoor, respectively. Our results are produced by OKNet.

SOTS-Indoor SOTS-Outdoor Dense-Haze NH-HAZE O-HAZE I-Haze
Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

GridDehazeNet 32.16 0.984 30.86 0.982 13.31 0.37 13.80 0.54 23.51 0.83 18.73 0.77
MSBDN 33.67 0.985 33.48 0.982 15.37 0.49 19.23 0.71 24.36 0.75 19.62 0.62
FFA-Net 36.39 0.989 33.57 0.984 14.39 0.45 19.87 0.69 22.12 0.77 19.72 0.73
PMNet 38.41 0.990 34.74 0.985 16.79 0.51 20.42 0.73 24.64 0.83 -
MAXIM-2S 38.11 0.991 34.19 0.985 - - - -
DeHamer 36.63 0.988 35.18 0.986 16.62 0.56 20.66 0.68 - -
SDCE - - 16.85 0.60 20.42 0.74 24.92 0.84 20.81 0.82
DehazeFormer-L 40.05 0.996 - - - - -
Fourmer 37.32 0.990 - 15.95 0.49 19.91 0.72 - -

OKNet-S 37.59 0.994 35.45 0.992 16.85 0.62 20.29 0.80 25.18 0.93 20.69 0.85
OKNet 40.79 0.996 37.68 0.995 16.92 0.64 20.48 0.80 25.64 0.94 21.72 0.87

Table 1: Image dehazing comparisons on the daytime synthetic and real-world datasets.

Input MRPTarget OSFD Ours

Figure 5: Nighttime image dehazing comparisons on the
NHR (Zhang et al. 2020) dataset.

Experimental Results
Image Dehazing Results We conduct dehazing experi-
ments on three kinds of datasets: daytime synthetic dataset
(RESIDE (Li et al. 2018)), daytime real-world datasets
(Dense-Haze (Ancuti et al. 2019), NH-HAZE (Ancuti, An-
cuti, and Timofte 2020), O-Haze (Ancuti et al. 2018b),
and I-Haze (Ancuti et al. 2018a)), and nighttime dataset
(NHR (Zhang et al. 2020)). For daytime datasets, we com-
pare our models with 9 representative state-of-the-art meth-

Method GS MRPF MRP OSFD HCD FocalNet OKNet

PSNR 17.32 16.95 19.93 21.32 23.43 25.35 27.92
SSIM 0.629 0.667 0.777 0.804 0.953 0.969 0.979

Table 2: Nighttime image dehazing comparisons on the
NHR (Zhang et al. 2020) dataset.

ods: GridDehazeNet (Liu et al. 2019), MSBDN (Dong et al.
2020), FFA-Net (Qin et al. 2020), PMNet (Ye et al. 2022),
MAXIM-2S (Tu et al. 2022), DeHamer (Guo et al. 2022),
SDCE (Zhu et al. 2023), DehazeFormer-L (Song et al.
2023), and Fourmer (Zhou et al. 2023). The results are pre-
sented in Table 1. Our OKNet achieves the best results on
most metrics. Specifically, OKNet outperforms the expen-
sive Transformer-based model DehazeFormer-L by 0.74 dB
PSNR on the SOTS-Indoor (Li et al. 2018) dataset with
only 14% FLOPs as shown in Figure 1 (a). Furthermore,
our OKNet produces better performance on all real-world
datasets over SDCE, which is elaborately designed for real-
world scenarios. Moreover, our OKNet-S achieves a signifi-
cant gain of 0.27 dB PSNR on SOTS-Indoor over the recent
algorithm Fourmer with 13% fewer FLOPs. The visual com-
parisons on SOTS-Indoor and SOTS-Outdoor are illustrated
in Figure 4. Our OKNet generates more faithful results than
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Figure 6: Image defocus deblurring comparisons on the DPDD (Abuolaim and Brown 2020) dataset.

Indoor Scenes Outdoor Scenes Combined
Method PSNR↑ SSIM↑ MAE↓ LPIPS↓ PSNR↑ SSIM↑ MAE↓ LPIPS↓ PSNR↑ SSIM↑ MAE↓ LPIPS↓
DPDNet 26.54 0.816 0.031 0.239 22.25 0.682 0.056 0.313 24.34 0.747 0.044 0.277
KPAC 27.97 0.852 0.026 0.182 22.62 0.701 0.053 0.269 25.22 0.774 0.040 0.227
DRBNet - - 25.73 0.791 - 0.183
IFAN 28.11 0.861 0.026 0.179 22.76 0.720 0.052 0.254 25.37 0.789 0.039 0.217
MDP 28.02 0.841 0.027 - 22.82 0.690 0.052 - 25.35 0.763 0.040 0.303
Restormer 28.87 0.882 0.025 0.145 23.24 0.743 0.050 0.209 25.98 0.811 0.038 0.178
LaKDNet - - 26.15 0.810 - 0.155

OKNet 28.99 0.877 0.024 0.169 23.51 0.751 0.049 0.241 26.18 0.812 0.037 0.206

Table 3: Single-image defocus deblurring comparisons on the DPDD (Abuolaim and Brown 2020) dataset.

other competitive algorithms.

We further present comparisons on the nighttime im-
age dehazing dataset NHR (Zhang et al. 2020) with 6
state-of-the-art methods: GS (Li, Tan, and Brown 2015),
MRPF (Zhang et al. 2017), MRP (Zhang et al. 2017),
OSFD (Zhang et al. 2020), HCD (Wang et al. 2022a), and
FocalNet (Cui et al. 2023a). Table 2 shows that our method
outperforms the recent FocalNet by 2.57 dB PSNR and 0.01
SSIM. Figure 5 illustrates that the results yielded by our net-
work are closer to the ground-truth targets.

Image Defocus Deblurring Results We verify the ef-
fectiveness of the proposed network for single-image de-
focus deblurring using the widely used DPDD (Abuolaim
and Brown 2020) dataset, and compare the results with 7
representative algorithms: DPDNet (Abuolaim and Brown
2020), KPAC (Son et al. 2021), DRBNet (Ruan et al. 2022),
IFAN (Lee et al. 2021), MDP (Abuolaim, Afifi, and Brown
2022), Restormer (Zamir et al. 2022), and LaKDNet (Ruan
et al. 2023). The results are shown in Table 3. As seen, our
model achieves better performance over other methods on
most metrics. Concretely, OKNet obtains a remarkable gain
of 0.27 dB PSNR over the strong Transformer-based model
Restormer in the outdoor scenes. Furthermore, compared
with LaKDNet, which also uses large kernel convolutions,
our model yields performance gains of 0.03 dB PSNR and
0.002 SSIM on the combined category with 21% fewer pa-
rameters, as illustrated in Figure 1 (b). The visual compar-
isons are shown in Figure 6. Our method generates a sharper
and more visually-faithful result than other competitors.

CSD SRRS Snow100K
Method PSNR SSIM PSNR SSIM PSNR SSIM

DesnowNet 20.13 0.81 20.38 0.84 30.50 0.94
All in One 26.31 0.87 24.98 0.88 26.07 0.88
JSTASR 27.96 0.88 25.82 0.89 23.12 0.86
HDCW-Net 29.06 0.91 27.78 0.92 31.54 0.95
TransWeather 31.76 0.93 28.29 0.92 31.82 0.93
FocalNet 37.18 0.99 31.34 0.98 33.53 0.95
IRNeXt 37.29 0.99 31.91 0.98 33.61 0.95

OKNet 37.99 0.99 31.70 0.98 33.75 0.95

Table 4: Image desnowing comparisons on the CSD (Chen
et al. 2021b), SRRS (Chen et al. 2020), and Snow100K (Liu
et al. 2018) datasets.

Image Desnowing Results We evaluate the proposed
model on three widely used datasets for image desnowing,
including Snow100K (Liu et al. 2018), SRRS (Chen et al.
2020), and CSD (Chen et al. 2021b). We then compare our
results with 8 state-of-the-art algorithms: DesnowNet (Liu
et al. 2018), CycleGAN (Engin, Genc, and Kemal Ekenel
2018), All in One (Li, Tan, and Cheong 2020), JS-
TASR (Chen et al. 2020), HDCW-Net (Chen et al. 2021b),
TransWeather (Valanarasu, Yasarla, and Patel 2022), Focal-
Net (Cui et al. 2023a), and IRNeXt (Cui et al. 2023c). Ta-
ble 4 shows that the proposed network has a strong capa-
bility for snow removal. Specifically, OKNet outperforms
the recent algorithm IRNeXt by 0.14 dB PSNR on the
Snow100K dataset. On the more complicated CSD dataset,
the advantage becomes greater, suggesting the effectiveness
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Figure 7: Image desnowing comparisons on the CSD (Chen et al. 2021b) dataset.

Large Branch Small Branch Global Branch
# Baseline Square Conv Strip Conv DCAM/FCA DCAM/SCA FSAM PSNR SSIM Params/M FLOPs/G

1 ✓ 31.32 0.98357 1.48 15.44
2 ✓ ✓ 35.07 0.99082 2.02 17.65
3 ✓ ✓ ✓ 35.29 0.99088 2.04 17.72
4 ✓ ✓ ✓ ✓ 35.48 0.99120 2.04 17.72
5 ✓ ✓ 32.84 0.98748 1.49 15.44
6 ✓ ✓ ✓ ✓ ✓ 35.82 0.99151 2.05 17.72
7 ✓ ✓ 32.35 0.98676 1.49 15.44
8 ✓ ✓ ✓ ✓ ✓ ✓ 36.12 0.99188 2.07 17.72
9 ✓ ✓ 33.32 0.98879 1.81 15.57

10 ✓ ✓ ✓ ✓ ✓ ✓ ✓ 36.48 0.99204 2.40 17.86

Table 5: Ablation studies for the proposed components.

of our method. Figure 7 shows that our results are more vi-
sually pleasing than others.

Ablation Studies

We perform ablation studies by training OKNet-S on the
RESIDE-Indoor (Li et al. 2018) dataset for 300 epochs and
evaluating on SOTS-Indoor (Li et al. 2018). The baseline
model is obtained by removing OKM from our model.

We progressively add the designed large branch, small
branch, and global branch to the baseline model. The re-
sults are shown in Table 5. The baseline model achieves
31.32 dB PSNR. The unusually large regular convolution
leads to a significant gain of 3.75 dB over baseline, while the
strip-based convolutions further improve the performance to
35.29 dB, demonstrating the effectiveness of capturing dif-
ferent shapes of receptive fields. The extremely simple small
branch boosts the accuracy to 35.48 dB by enhancing lo-
cal information. Finally, we investigate the efficacy of in-
dividual components in the global branch. FCA, SCA, and
FSAM achieve performance gains of 1.52 dB, 1.03 dB, and
2 dB over the baseline model. The combination (#8) of FCA
and SCA yields a higher score than only using FCA (#6),
suggesting the compatibility of our designs. Equipped with
FSAM, the full model produces the best result, which is 5.16
dB higher than that of the baseline model.

Conclusion

In this paper, we propose an efficient convolutional network,
dubbed OKNet, which is capable of capturing multi-scale re-
ceptive fields. The core component, OKM, consists of three
branches for modeling local, large, and global dependen-
cies. The large branch is designed by exploring the unusu-
ally large regular and strip-based depth-wise convolutions
for image restoration. The novel global branch utilizes dual-
domain channel attention and frequency-based spatial at-
tention for modulating global representations. Furthermore,
the extremely lightweight local branch brings locality to the
model. Inserting the simple yet effective OKM into the bot-
tleneck, OKNet achieves state-of-the-art performance on 11
different datasets for three image restoration tasks.
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