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Abstract

Vanilla convolution and window-based self-attention have
shown significant success in image dehazing. However, they
are constrained by limited receptive fields and ignore fre-
quency gaps between dehazed and clear images. The for-
mer hampers the modeling of global dependencies, while
the latter impedes the learning of high-frequency features,
leading to suboptimal performance. In this paper, we pro-
pose the Joint Spatial and Fourier Convolutional Network
(JSFC-Net), which leverages Fourier transformation to simul-
taneously address the two aforementioned problems with low
computational overhead. We introduce the Frequency-Spatial
Promoted and Physical Learning Block, which extracts high-
level features from the spatial domain and frequency domain
in parallel. We design a simple yet effective solution that uses
spatial features to promote and modulate frequency features
in a multi-scale manner, achieving refinement of frequency
features and addressing robustness issue caused by global
sensitivity. Additionally, we present the Receptive Field Se-
lection Module to facilitate improved fusion of spatial and
frequency domain features. Finally, we introduce frequency
loss to further narrow frequency gaps. Comprehensive exper-
iments on multiple datasets demonstrate that JSFC-Net is sig-
nificantly superior to SOTA dehazing methods.

Introduction
Images captured under hazy conditions often suffer from re-
duced visibility and low contrast due to atmospheric parti-
cles (Nayar and Narasimhan 1999). These degraded images
have limited usability in subsequent high-level computer vi-
sion tasks, such as object detection (Li et al. 2023) and se-
mantic segmentation (Ren et al. 2018b). As a result, image
dehazing has become a crucial pre-processing step.

Existing dehazing methods can be classified into two
main categories: prior-based methods (Fattal 2008; He, Sun,
and Tang 2010; Fattal 2014) and data-driven methods (Ren
et al. 2020; Cai et al. 2016; Li et al. 2017; Zhang and Pa-
tel 2018; Ren et al. 2018a; Dong et al. 2020; Qin et al.
2020; Song et al. 2023; Wang et al. 2023; Zhang et al. 2024;
Kulkarni, Phutke, and Murala 2022). Prior-based methods
are based on the Atmospheric Scattering Model (ASM) (Mc-
Cartney 1976; Narasimhan and Nayar 2002), incorporat-
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Figure 1: Comparison of performance and efficiency trade-
offs with SOTA methods on (a) RESIDE SOTS Indoor and
(b) O-Haze datasets. The line graph represents PSNR, and
the bar graph represents inference time.

ing various physical assumptions regarding image statistics.
However, these methods often perform poorly when the sta-
tistical priors do not hold in real-world scenarios.

In contrast, data-driven methods generally yield better re-
sults. However, several limitations and challenges remain.
1) Receptive Fields. Data-driven methods typically employ
vanilla convolution or window-based self-attention to ex-
tract features. However, these local operators have limited
receptive fields. Previous work has either relied on larger
and deeper models or adopted an encoder-decoder architec-
ture to address this issue. However, simply increasing the
capacity of deep models does not consistently lead to im-
proved performance (Kong et al. 2023). Moreover, reducing
the spatial resolution of features may result in information
loss. Most importantly, none of them have direct access to
the global receptive field in a single block. 2) Restoration of
High-Frequency Details. Dehazing methods aim to recover
two components of haze-free images: low-frequency struc-
tures and high-frequency details. However, learning both
components simultaneously is challenging for models that
operate solely in the spatial domain (Pan et al. 2022). While
many existing dehazing methods successfully preserve the
consistency of low-frequency structures, they struggle to re-
store high-frequency details effectively.

To simultaneously address challenges mentioned above,
we propose the Joint Spatial and Fourier Convolutional
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Network (JSFC-Net). Drawing inspiration from Fourier
transform theory (Katznelson 2004), our key insight is
that altering a single value in the frequency domain has a
global impact on the Fourier transform-involved input fea-
tures. Therefore, we introduce convolution operations on
the frequency domain features, enabling the acquisition of
global receptive fields. Additionally, Fourier convolution al-
lows for more direct learning of high-frequency features,
which aids in restoring high-frequency details. Given that
the Fourier spectrum can be efficiently computed using the
Fast Fourier Transform (FFT), with a computational com-
plexity of O((NM) log(NM)) for an image of size N×M ,
JSFC-Net addresses the two aforementioned issues with
low computational overhead. Furthermore, our approach no
longer relies on larger models or encoder-decoder architec-
tures, avoiding performance bottlenecks and the loss of spa-
tial information.

The core building block of JSFC-Net is the well-designed
Frequency-Spatial Promoted and Physical Learning (FS-
PPL) Blocks, which consist of a Frequency Promoted Learn-
ing Branch (FPLB), a Spatial Physical Learning Branch
(SPLB), and a Receptive Field Selection Module (RFSM).
The SPLB enforces physics-based priors from the ASM in
the feature space, capturing interpretable local spatial fea-
tures. The FPLB extracts global frequency features by per-
forming convolution operations in frequency domain. To
further refine frequency features and address robustness is-
sues caused by global sensitivity, we propose a simple yet
effective strategy that utilizes spatial features to promote and
modulate frequency features in a multi-scale manner, while
employing a Mixture-of-Experts (MoE) approach to aggre-
gate the results of multi-scale modulation. Finally, we use
the RFSM to predict the most suitable receptive field size
for each pixel, ensuring better fusion of the two domains.
Additionally, we introduce a frequency loss that enhances
the quality of dehazed images by reducing frequency gaps.
Comprehensive quantitative and qualitative experimental re-
sults demonstrate the superiority of JSFC-Net over SOTA
methods. And we are the first to demonstrate that frequency
loss can serve as a universal regularization technique to en-
hance the dehazing performance of various SOTA methods.

Our contributions can be summarized as follows:

• We propose the Joint Spatial and Fourier Convolutional
Network (JSFC-Net). It skilfully utilizes Fourier Trans-
form to achieve the global receptive field and addresses
the difficulty of high-frequency learning in existing de-
hazing models with low computational complexity.

• We develop a Frequency-Spatial Promoted and Physical
Learning Block that effectively facilitates the comple-
mentarity between spatial and frequency domain features
through cross-domain promotion and adaptive fusion.

• Extensive experiments demonstrate that JSFC-Net sig-
nificantly outperform existing SOTA methods in various
benchmarks, particularly in real-world dehazing.

Related Work
Single Image Dehazing
Single image dehazing is a highly ill-posed problem, so most
early prior-based methods (Fattal 2008; He, Sun, and Tang
2010; Fattal 2014; Zhu, Mai, and Shao 2015) employ vari-
ous priors or assumptions to estimate crucial parameters in
the ASM. For example, He et al. (He, Sun, and Tang 2010)
introduced the dark channel prior based on statistical laws,
exploiting the observation that pixel values in non-sky areas
tend to approach zero. However, these methods encounter
difficulties when applied to real-world images where the un-
derlying physical assumptions are invalid.

In early data-driven methods, networks were designed to
estimate key parameters within the ASM. Cai et al.(Cai et al.
2016) proposed a trainable framework that utilizes Bilateral
Rectified Linear Units for estimating intermediate transmis-
sion. Recently, ASM-independent deep networks (Ren et al.
2018a; Liu et al. 2019; Dong et al. 2020; Zhang et al. 2020;
Qin et al. 2020; Wu et al. 2021; Song et al. 2023; Yu et al.
2022) have been introduced to directly estimate clear images
or haze residuals. FFA-Net, introduced by Qin et al. (Qin
et al. 2020), is a representative CNN-based model that as-
signs varying importance to different features, thereby en-
hancing the representational capacity. DehazeFormer (Song
et al. 2023) is the first dehazing network to use the Swin
Transformer (Liu et al. 2021) as its backbone, incorporat-
ing several key design modifications such as normalization
layers, activation functions, and spatial information aggre-
gation. FSDGN (Yu et al. 2022) is the first work to apply
frequency-domain processing to image dehazing. It recon-
structs the phase spectrum under the guidance of amplitude
spectrum and integrates global frequency information to fa-
cilitate local feature learning in the spatial domain.

Frequency Learning in Vision Tasks
With the breakthrough of deep learning technology, several
researchers (Chi, Jiang, and Mu 2020; Rippel, Snoek, and
Adams 2015; Jiang et al. 2021; Zhou et al. 2022; Cui et al.
2023b; Miao, Deng, and Han 2024) have explored incor-
porating frequency analysis into deep neural networks for
vision tasks. For example, Chi et al.(Chi, Jiang, and Mu
2020) replaced traditional convolutions with a Fourier Unit
to achieve non-local receptive fields in deep models. Rao et
al.(Rao et al. 2021) proposed a computationally efficient ar-
chitecture that substitutes the self-attention layer in the Vi-
sion Transformer with a 2D discrete Fourier transform in
the frequency domain. Additionally, several studies (Rippel,
Snoek, and Adams 2015; Xu et al. 2020; Wang et al. 2016)
have utilized frequency analysis to compress networks and
accelerate CNNs. Recent applications of frequency-domain
analysis in vision tasks have achieved remarkable success,
including image recognition (Frank et al. 2020), style trans-
fer (Yoo et al. 2019), and super-resolution (Wei et al. 2021).

Proposed Method
Overview
Considering that spatial-domain convolution excels at ex-
tracting local context information, while Fourier convolu-
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Figure 2: (a) The architecture of our proposed Joint Spatial and Fourier Convolutional Network (JSFC-Net) for single image
dehazing. (b) The inner structure of Frequency-Spatial Promoted and Physical Learning (FS-PPL) Block.

tion captures long-range relationships and enhances high-
frequency learning capabilities, we propose the Joint Spa-
tial and Fourier Convolutional Network (JSFC-Net), as il-
lustrated in Figure 2.

Given a hazy image, Iin ∈ RH×W×3, we first apply a
3x3 depth-wise separable convolutional layer (Howard et al.
2017) to extract shallow features. These shallow features are
then sequentially processed through M Frequency-Spatial
Promoted and Physical Learning (FS-PPL) blocks to cap-
ture high-level features. Finally, the reconstruction module
projects high-level features back to original image size, pro-
ducing the dehazed image.

It is noteworthy that each FS-PPL block is connected
densely (Huang et al. 2017) (this is not shown in Figure 2).
This dense connection enhances information flow through-
out the network, aiding in the effective restoration of intri-
cate details. To prevent information loss during the down-
sampling process, and because JSFC-Net directly acquires
a global receptive field via FFT, we did not adopt the com-
monly used encoder-decoder architecture in image restora-
tion networks.

Frequency-Spatial Promoted and Physical
Learning Block
The FS-PPL block consists of the Frequency Promoted
Learning Branch (FPLB) and the Spatial Physical Learning
Branch (SPLB) in parallel, responsible for extracting global
frequency features and local spatial features, respectively.
Finally, the features from both domains are fused through
the Receptive Field Selection Modul (RFSM).

Frequency Promoted Learning Branch Let Fin ∈
RCxHxW denote the input features, which are initially trans-
formed into frequency domain through FFT:

Ffre = F(Fin), (1)

where F(·) is 2D FFT operator. Ffre = {R, I} is the
frequency features after FFT, where {R, I} ∈ RCxHx⌈W

2 ⌉

represents the real and imaginary parts, respectively. Here,
⌈·⌉ denotes the round-up operator. Please note that in ac-
cordance with the conjugate symmetry principle in Fourier
transform theory, we only keep half of the spectrum to re-
duce computational cost. Previous methods (Li, You, and
Robles-Kelly 2018; Zhang et al. 2022) only perform fea-
ture extraction on real part of Fourier spectrum, which loses
a part of frequency information. Therefore, we concatenate
the real and imaginary parts in the channel dimension. The
concatenated tensors Ffre ∈ R2CxHx⌈W

2 ⌉ are all real num-
bers, modeling the comprehensive amplitude and phase in-
formation of frequency features. Subsequently, we apply 1x1
convolution and LeakyReLU for feature extraction, as de-
picted in Figure 2 (b).

Next, we utilize spatial domain features F out
spa to promote

and modulate Ffre, addressing the issue of insufficient ro-
bustness caused by the fact that each value in Ffre is glob-
ally sensitive. Specifically, we first utilize kernel-generating
layers to produce a set of learnable convolution kernels with
multiple scales, formulated as:

filterk = Softmax
(
BN

(
Conv1x1

(
GAP(F out

spa )
)))

,
(2)
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where filterk represents a learned convolution kernel with
size of k × k. We set k to be 3, 5, and 7, respectively, to
perform feature modulation and refinement in a multi-scale
manner. BN, Conv1x1, and GAP are Batch Normaliza-
tion (Ioffe and Szegedy 2015), 1x1 convolution layer, and
global average pooling, respectively. Then, we operate on
Ffre using the filterk, which is expressed as:

F k
fre(i, j) =

r∑
m=−r

r∑
n=−r

Ffre(i+m, j+n) ·filterk(m,n),

(3)
where r = ⌊k

2 ⌋, ⌊·⌋ denotes the round-down operator. Here,
F k
fre represents the result of promoting Ffre using learned

convolution kernel filterk with size of k × k. In this paper,
we obtain F 3

fre, F 5
fre, and F 7

fre, respectively.
Drawing inspiration from classical Mixture-of-Experts

(MoE) (Masoudnia and Ebrahimpour 2014), we employ a
gated fusion sub-network, denoted by G, to determine the
contributions of each scale promoted frequency features. G
is computationally inexpensive yet sufficiently expressive to
make informative decisions, which can be expressed as:

(σ1, σ2, σ3) = G(F 3
fre, F

5
fre, F

7
fre),

F ∗
fre = σ1 ∗ F 3

fre + σ2 ∗ F 5
fre + σ3 ∗ F 7

fre,
(4)

where F ∗
fre represents the final promoted frequency fea-

tures. Finally, Inverse Fast Fourier Transform (IFFT) is ap-
plied to convert F ∗

fre back to spatial domain, resulting in
final output F out

fre of FPLB.

Spatial Physical Learning Branch In terms of spa-
tial domain feature learning, our objective is to integrate
physical priors into the feature space, thereby promoting
interpretability that aligns with the haze imaging equa-
tion (Narasimhan and Nayar 2002; Fattal 2008; Tan 2008).
For the simplicity of network design and given the outstand-
ing performance demonstrated by the physics-aware dual-
branch Unit (PDU) proposed in (Zheng et al. 2023), we build
SPLB on the basis of PDU.

PDU reformulates haze imaging equation (Narasimhan
and Nayar 2002; Fattal 2008; Tan 2008) as:

Fspa = Fin ⊙ t̃+ Ã(1− t̃), (5)
where Fspa represents physics-aware spatial domain output
features and Fin denotes input features. t̃ and Ã represent in-
termediate features corresponding to transmission map and
atmospheric light, respectively. The expression for Ã is:

Ā = H(σ(ConvC1×1(LeakyReLU(

Conv
C
8
1×1(GAP(Fin))))),

(6)

where σ(·) is the Sigmoid function, H(·) denotes a repli-
cation operation, and ConvC1×1 represents a convolutional
layer with output channels C and kernel size 1. The expres-
sion for t̃ is given by:

t̃ = σ(Conv3x3C(LeakyReLU(

Conv
C
8
3×3(Conv

C
3×3(Fin))))),

(7)

SPLB consists of a stack of N blocks. Finally, we obtain the
output F out

spa of SPLB.

Receptive Field Selection Module We believe that due to
differences in local details and global background, as well
as differences in the scale of image features, varying pix-
els require varying receptive field. For example, textures
and edges containing detailed information need a smaller re-
ceptive field (i.e., F out

spa ) to capture features more precisely,
while background or large haze regions require a larger re-
ceptive field (i.e., F out

fre ) for effective processing.
Following this insight, we introduce RFSM to dynami-

cally explore the optimal receptive field for each pixel to
better fuse spatial and frequency domain features. Specifi-
cally, we generate the receptive field maps as follows:

(Mshort,Mlong) =Softmax(Conv1×1(

DWConv([Fin, F
out
spa , F

out
fre ]))),

(8)

where [·] denotes concatenation, DWConv represents depth-
wise separable convolutional layer (Howard et al. 2017),
and Conv1×1 is a convolutional layer with an output chan-
nel of 2. Given that Fin, F

out
spa , F

out
fre ∈ RCxHxW and

Mshort,Mlong ∈ R1xHxW , the output of FS-PPL block is:

Fout = Mshort × F out
spa +Mlong × F out

fre . (9)

Loss Function
We adopt L1 loss L1 and perceptual loss (Johnson, Alahi,
and Fei-Fei 2016) LP to optimize the proposed JSFC-Net in
spatial domain. The former prevents the suppression of high-
frequency details caused by MSE loss (Gondal, Schölkopf,
and Hirsch 2018), while the latter ensures that dehazed im-
ages conform more closely to human visual perception.

However, existing deep dehazing networks only focus on
minimizing pixel gaps between the restored image and the
label. This minimization ignores the frequency gaps, result-
ing in inefficient recovery for hard frequency (e.g., high-
frequency details). To tackle this challenge, we introduce
frequency loss to directly optimize the network in the fre-
quency domain, which is formulated as follows:

Lfre = ∥F(Igt)−F(Net(Ihaze))∥1, (10)

where Igt and Ihaze are the ground truth image and hazy
input image, respectively; Net is our JSFC-Net. The overall
loss function is written as:

L = λ1L1 + λ2LP + λ3Lfre, (11)

where λ1, λ2, and λ3 represent the weight parameters.

Experiments
Experimental Settings
Implementation Details The JSFC-Net is implemented
using the PyTorch framework on an Intel Gold 6252 CPU
and NVIDIA A100 GPUs. We use the Adam (Kingma and
Ba 2014) optimizer with default parameters (β1 = 0.9,
β2 = 0.99) and a cosine annealing strategy (Loshchilov and
Hutter 2016) to train JSFC-Net. The initial learning rate is
set to 1× 10−4 and gradually decreases to 5× 10−6.
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Methods Publication SOTS-Indoor SOTS-Outdoor NH-Haze O-Haze #Param Time
PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ (M) (ms)

DCP (He, Sun, and Tang 2010) TPAMI-10 16.62 0.818 19.13 0.815 12.11 0.452 16.78 0.653 - 1.70
DehazeNet (Cai et al. 2016) TIP-16 19.82 0.821 24.75 0.927 12.38 0.455 17.57 0.770 0.01 0.63

GridDehazeNet (Liu et al. 2019) ICCV-19 32.16 0.984 30.86 0.982 18.19 0.608 23.48 0.726 0.96 14.95
MSBDN (Dong et al. 2020) CVPR-20 33.79 0.984 33.48 0.982 19.35 0.640 24.36 0.749 31.35 29.77
FFA-Net (Qin et al. 2020) AAAI-20 36.39 0.989 33.57 0.984 19.27 0.637 22.12 0.770 4.46 35.98

AECR-Net (Wu et al. 2021) CVPR-21 37.17 0.990 - - 19.46 0.641 23.21 0.749 2.61 6.08
MAXIM-2S (Tu et al. 2022) CVPR-22 38.11 0.991 34.19 0.985 - - - - 14.10 178.55
DeHamer (Guo et al. 2022) CVPR-22 36.63 0.988 35.18 0.986 20.66 0.680 25.11 0.777 132.50 18.74

DehazeFormer-M (Song et al. 2023) TIP-23 38.46 0.994 34.29 0.983 20.60 0.670 25.48 0.765 4.63 35.85
MITNet (Shen et al. 2023) MM-23 40.23 0.992 35.18 0.988 21.26 0.712 - - 2.73 14.15
FocalNet (Cui et al. 2023a) ICCV-23 40.82 0.996 37.71 0.995 20.43 0.790 - - 3.74 10.81

MB-TaylorFormer-B (Qiu et al. 2023) ICCV-23 40.71 0.992 37.42 0.989 - - 25.05 0.788 2.68 177.74
DEA-Net (Chen, He, and Lu 2024) TIP-24 40.20 0.993 36.03 0.989 - - - - 3.65 32.35

JSFC-Net - 41.32 0.996 37.84 0.994 21.42 0.799 25.72 0.804 3.73 22.38

Table 1: Quantitative evaluation on RESIDE (Li et al. 2018), NH-HAZE (Ancuti, Ancuti, and Timofte 2020) and O-Haze (An-
cuti et al. 2018) datasets. The best results and the second best results are in bold and underline, respectively.

Setting SOTS-Indoor NH-Haze O-Haze
PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑

(1) − Frequency Promoted Learning Branch 38.68 0.992 20.67 0.725 24.89 0.762
(2) − Spatial Physical Learning Branch 21.44 0.822 14.28 0.574 18.85 0.687

(3) → Randomly initialized kernels 40.58 0.994 20.99 0.774 25.33 0.778
(4) → Single scale learnable kernels 41.21 0.995 21.18 0.789 25.47 0.786
(5) − Mixture-of-Experts 41.17 0.995 21.24 0.793 25.62 0.791
(6) − Receptive Field Selection Modul 40.99 0.994 21.03 0.781 25.36 0.779

JSFC-Net 41.32 0.996 21.42 0.799 25.72 0.804

Table 2: Quantitative results of the ablation experiments on the proposed key components. The best results are in bold.

Datasets For a comprehensive comparison, we evaluate
the proposed JSFC-Net on synthetic haze datasets (i.e., RE-
SIDE (Li et al. 2018)), generated haze datasets (i.e., NH-
HAZE (Ancuti, Ancuti, and Timofte 2020) and O-Haze (An-
cuti et al. 2018) datasets) and real-world hazy images. In
RESIDE (Li et al. 2018), two subsets, the Indoor Training
Set (ITS) and the Outdoor Training Set (OTS), are selected
for training, consisting of 13,990 pairs and 313,950 pairs of
images, respectively. Models are evaluated on the Synthetic
Objective Testing Set (SOTS) subset. The NH-HAZE (An-
cuti, Ancuti, and Timofte 2020) and O-Haze (Ancuti et al.
2018) datasets contain 55 and 45 images, respectively. We
select 5 images from each dataset as test sets and the re-
maining images as training sets.

Comparison to State-of-the-Art Methods
Results on Synthetic Haze Dataset The quantitative re-
sults on the widely used synthetic dataset RESIDE are
shown in Table 1. Our JSFC-Net achieves the highest PSNR
on both indoor and outdoor test sets. Specifically, compared
to FocalNet with the second best performance, our JSFC-Net
achieves a PSNR improvement of 0.50 dB in indoor scenes
and 0.12 dB in outdoor scenes.

Figure 3 shows visual comparisons on the RESIDE SOTS
indoor dataset. The red box highlights low-frequency struc-
tures, while the green box highlights high-frequency tex-
ture details. Although MITNet (Shen et al. 2023) and DEA-
Net (Chen, He, and Lu 2024) achieve competitive quanti-
tative results, they still struggle to restore high-frequency
details effectively. For instance, in Figure 3, both MIT-
Net (Shen et al. 2023) and DEA-Net (Chen, He, and Lu
2024) fail to adequately restore the ear area of the man, re-
sulting in an incomplete facial appearance. Our JSFC-Net
produces the most natural results, closely resembling the
patterns observed in the ground truth for both low-frequency
structures and high-frequency details.

Results on Generated Haze Dataset We also compare
JSFC-Net with SOTA methods on NH-HAZE and O-Haze
datasets, which use a professional haze generator to simulate
real hazy conditions. As shown in Table 1, JSFC-Net consis-
tently outperforms other methods. Specifically, compared to
the second-best method, JSFC-Net achieves a performance
gain of 0.16 dB in PSNR and 0.009 in SSIM for NH-HAZE,
and 0.24 dB in PSNR and 0.016 in SSIM for O-Haze.
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Figure 3: Visual comparisons on the RESIDE SOTS indoor dataset. Zoom in for the best view.

Results on Real-World Hazy Images To further assess
the generalization capability of JSFC-Net, trained on syn-
thetic haze datasets, to real-world hazy scenes, we present
the dehazing results on natural hazy images, as illustrated in
Figure 4. To ensure that the comparison methods are well-
trained, we use the pre-trained weights provided by the au-
thors on the RESIDE Outdoor dataset. DCP and GridDe-
hazeNet produce impressive results, effectively restoring the
details of buildings (as seen in the green boxes), while other
SOTA methods exhibit haze residuals. However, both Grid-
DehazeNet and DCP show haze residuals and unrealistic de-
tails in the tree areas, respectively. In contrast, JSFC-Net
produces the most favorable results in both local textures
and overall visual quality. This demonstrates that JSFC-Net
not only achieves SOTA performance on synthetic datasets
but also generalizes well to real-world scenes, offering an
effective solution for real-world image dehazing.

Ablation Study
We conduct ablation studies on the RESIDE indoor dataset
to evaluate the effectiveness of the core components. The hy-
perparameters are adjusted to ensure that all variant models
have nearly the same number of parameters as JSFC-Net.

Joint Learning in Spatial and Frequency Domain To
evaluate whether joint learning of spatial and frequency do-
main features can enhance dehazing model performance, we
conducted ablation experiments. Specifically, based on the
original JSFC-Net, we construct two variants: model (1),
which excludes the FPLB component, and model (2), which
excludes the SPLB component. Model (2) consists solely of
convolutional layers operating on the frequency spectrum,
without spatial domain feature modulation and MoE mod-
ule. Both model (1) and model (2) also omit the RFSM.

As demonstrated in Table 2, relying solely on either the
spatial or frequency domain fails to yield satisfactory re-
sults, particularly in the latter case. However, when combin-
ing the two domains, an improvement of 2.64 dB in PSNR
and 0.004 in SSIM is achieved compared to the second-best
performance. These results also suggest that frequency fea-
tures are best utilized as a supplement to spatial features and
cannot be relied upon alone for image restoration.

Core Components in Frequency-Spatial Promoted and
Physical Learning Block Ablation experiments are con-
ducted to evaluate the effectiveness of each component in
the proposed FS-PPL block, including the modulation of fre-
quency features using spatial features, multi-scale learnable
kernels, the MoE module, and RFSM.

To validate the significance of promoting and modulat-
ing frequency features with spatial features, we first replace
the learnable kernels in the original JSFC-Net with three
randomly initialized convolution kernels of sizes 3x3, 5x5,
and 7x7, resulting in model (3). Next, we evaluate the im-
portance of multi-scale kernels by substituting the original
multi-scale kernels (3x3, 5x5, and 7x7) with kernels of the
same size. For a fair comparison, we use four 5x5 learnable
kernels based on spatial domain features, creating model (4).
Additionally, we replace the MoE module in JSFC-Net with
element-wise addition to form model (5). Finally, we exam-
ine the impact of RFSM by constructing model (6) using
element-wise addition. The quantitative results are presented
in Table 2. All of these strategies lead to performance im-
provements across multiple indicators on various datasets.

Universal Frequency Loss
We incorporate frequency loss into the training process of
SOTA methods to assess its general applicability. As shown
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Figure 4: Visual comparisons on real-world hazy image. Zoom in for the best view.

Method ( + Frequency Loss) PSNR SSIM

AOD-Net (Li et al. 2017) ↑1.94 ↑0.0766
GridDehazeNet (Liu et al. 2019) ↑0.47 ↑0.0015

MSBDN (Dong et al. 2020) ↑0.09 ↑0.0011
PCFAN (Zhang et al. 2020) ↑0.22 ↑0.0005
FFA-Net (Qin et al. 2020) ↑1.19 ↑0.0032

AECR-Net (Wu et al. 2021) ↑0.30 ↑0.0019
DeHamer (Guo et al. 2022) ↑0.19 ↑0.0006

DehazeFormer-M (Song et al. 2023) ↑0.08 ↑0.0003
DEA-Net (Chen, He, and Lu 2024) ↑0.11 ↑0.0005

Table 3: Quantitative results of applying frequency loss into
SOTA methods. ↑ denotes performance gains

in Table 3, the inclusion of frequency loss consistently
improves the performance of these SOTA methods. This
demonstrates that emphasizing discrepancies between the
restored image and ground truth in the frequency domain en-
hances the effectiveness of supervised dehazing algorithms,
without adding extra parameters for inference.

Deployability

To verify model’s deployability, we provide the inference
time at a resolution of 256x256 in Table 1. Additionally,
the performance and efficiency trade-offs are compared in
Figure 1. Our JSFC-Net achieves the best trade-offs, with a
frame per second rate of 45, meeting real-time requirements.

Conclusion

In this paper, we design JSFC-Net for image dehazing. Un-
like previous methods that relied on deeper networks or
encoder-decoder architectures to enlarge receptive fields,
JSFC-Net utilizes Fourier transform to achieve a global re-
ceptive field with lower overhead. Another benefit is that ex-
tracting features in the frequency domain addresses the com-
mon challenge of high-frequency learning in existing meth-
ods. The core building block of JSFC-Net is the Frequency-
Spatial Promoted and Physical Learning Block, which sig-
nificantly enhances the model’s expressive power by lever-
aging dual-domain features, namely physical spatial and
promoted frequency domain features. We design the Recep-
tive Field Selection Modul to determine the optimal recep-
tive field for each pixel, thereby enhancing the integration
of spatial and frequency domain. Finally, we introduce the
frequency loss, which reduces the disparities between de-
hazed and clear images in the frequency domain, providing
a valuable complement to existing spatial losses. We con-
duct extensive experiments on three benchmark datasets and
real-world hazy images, verifying the superior performance
of JSFC-Net compared to SOTA methods.
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