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Abstract

Recent developments in context modulation mechanisms have achieved significant improvements in performance,
as well as better trade-offs between model accuracy and efficiency. These mechanisms operate on input through
context modeling and then leverage these contexts to modulate projected input features. However, existing
methods have limitations. First, they cannot adaptively learn the extracted hierarchical context or ignore the
complementarity of the cross-scale context. Second, these methods do not adequately address the unique
frequency characteristics of hazy images. In response, we propose a synergic expert modulation (SEM) mechanism
to explicitly model context information. Specifically, the SEM consists primarily of two mixture of spatial experts
(MSE) modules that handle features of different scales and one mixture of frequency experts (MFE) module that
operates within the frequency domain. The MSE learns hierarchical features of various granularities in an adaptive
manner, guided by multiple gating experts and a routing network. The MFE specializes in mining frequency contexts
guided by multiple frequency experts and a routing network. At the micro level, each frequency expert operates in
two stages: spectral filtering and spectral learning. The former performs mask filtering to enhance the weights of
low-frequency components, and the latter performs Fourier amplitude and phase decoupled learning, thus
promoting the removal of haze information and global context learning. Finally, the obtained contexts are integrated
to modulate the projected feature, thereby significantly enhancing cross-domain feature synergies. The proposed
network, referred to as the synergic expert modulation network, is constructed by inserting SEM-based building
blocks into the U-Net architecture to increase efficiency. Extensive experiments demonstrate that our network
achieves state-of-the-art performance on multiple datasets for the image dehazing task while incurring lower
computational costs.
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ceived extensive attention from academic and industrial
communities.

1 Introduction
Image clarity significantly impacts downstream visual

tasks such as object detection [1, 2], scene understand- Existing image dehazing methods can be categorized

ing [3], and semantic segmentation [4]. Image dehazing, as
a long-standing low-level visual task, aims to reconstruct
haze-free high-quality images. Therefore, it has always re-
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into two main types: traditional approaches and deep
learning-based approaches. The emergence of convolu-
tional neural networks (CNNs) has greatly improved the
performance of dehazing, which can implicitly or explicitly
learn powerful image priors from large-scale data. The pri-
mary contribution of CNN-based methods is attributed to
advanced architecture designs, including multi-scale [5],
attention mechanism [6, 7], and contrastive learning [8].
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(a) Spatial modulation

(b) Spatial & frequency modulation (ours)

Figure 1 The illustration of modulation mechanisms. ® is
element-wise multiplication. Compared to solely using spatial
modulation [13, 14], our method explores the synergic effect of
cross-scale spatial and frequency contexts

However, these methods still cannot eliminate the local
nature of CNNs. Recently, Transformer-based dehazing
methods have demonstrated that capturing contextual fea-
ture dependencies is vital for haze removal. These in-
clude directly employing variants of Swin Transformer [9]
into the U-Net framework [10], utilizing Transformer fea-
tures to modulate convolutional features [11], or apply-
ing the Taylor expansion to approximate the softmax-
attention [12]. However, these methods are still ineffi-
cient due to the quadratic complexity of self-attention.
Recent studies have demonstrated that efficient modula-
tion mechanisms [13, 14] can yield satisfactory outcomes
with pure convolutional networks and these networks have
been shown to be more computationally efficient than
Transformers. These methods consider using large kernel
convolutional blocks for context modeling and then adopt
element-wise multiplication to modulate projected query
features, as shown in Fig. 1(a). Despite promising perfor-
mance improvements in other vision tasks, they overlook
the importance of cross-scale context modeling for image
dehazing and cannot adaptively extract hierarchical con-
texts, leading to suboptimal performance.

In addition, the Fourier domain inherently contains
global context properties, and rational utilization of Fou-
rier prior information has proven beneficial for dehaz-
ing. However, existing methods [15-17] have not suffi-
ciently investigated the varied spectral energy distribu-
tions characteristic of hazy images, and consequently lack
an effective integration of frequency and spatial modula-
tion mechanisms (see Fig. 1(b)). As shown in Fig. 2, we
observe that the difference between the corresponding
ground truth and hazy images is primarily in the low-
frequency components, indicating that haze significantly
affects the low-frequency information. Besides, based on
the principle of spectral power distribution in natural im-
ages, the power of natural images is statistically concen-
trated in the low-frequency region [18, 19], suggesting
that enhancing the learning of low-frequency features can
more effectively eliminate haze degradation and enhance
feature representation. Considering the significant vari-
ability in the frequency domain among different hazy im-
ages, it is necessary to dynamically regulate the low- and
high-frequency components to adapt to different samples.
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Figure 2 For different image dehazing datasets, such as ITS [20],
QTS [20], Dense-Haze [21], and Sate 1K [22], we show their log
amplitude of Fourier transformed residual images that subtract the
hazy images from the clear images. As we can see, there are larger
discrepancies in low-frequency components between the paired
hazy and clear images

In a word, how to adaptively enhance the learning of low-
frequency features in the Fourier domain and embed it into
the paradigm of the modulation mechanism is a crucial is-
sue.

Taking into account the aforementioned analysis, we
introduce a novel modulation mechanism from the per-
spective of a synergic spatial-frequency domain context.
Specifically, in the spatial domain, two consecutive mix-
ture of spatial experts (MSE) modules operating on fea-
tures at different scales are exploited to learn cross-scale
contextual information. For each scale, the MSE employs a
multitude of gating experts and a routing network to adap-
tively select hierarchical features of varying granularity for
dynamic learning. In the frequency domain, the mixture
of frequency experts (MFE) performs a dynamic selection
of frequency context based on multiple frequency experts
and a routing network. Each frequency expert consists of
two parts: spectral filtering and spectral learning. The for-
mer performs mask filtering to enhance the weights of low-
frequency components, promoting the removal of haze in-
formation; the latter involves Fourier amplitude and sepa-
rate learning phases, facilitating the global frequency con-
textual learning. With the assistance of the MoE [23] struc-
ture, we adaptively acquire blended dual-domain contexts
and then further exploit them to explicitly modulate pro-
jected local features, maximizing their collaborative con-
tribution. We call the whole procedure synergic expert
modulation (SEM). Finally, based on the proposed module,
we construct a basic plug-in block specifically for image
dehazing, a synergic expert modulation block, and incor-
porate it into the U-Net architecture to devise an efficient
image dehazing network. We summarize the main contri-
butions as follows:
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1) We have devised a novel modulation mechanism
called “synergic expert modulation’, which integrates
two mixture of spatial experts and a mixture of
frequency experts to facilitate contextual aggregation
and further boost the feature modulation. Leveraging
this module, we design an efficient dehazing network.

2) With the assistance of the MoE structure, the MSE is
proposed to adaptively aggregate hierarchical
contexts, and the MFE is proposed to dynamically
regulate low-frequency components and further
learn the global frequency context.

3) The proposed method has been evaluated on
multiple public benchmarks, demonstrating its
superior performance and strong generalization
capabilities. Furthermore, it strikes an excellent
balance between model complexity and performance.

2 Related work

2.1 End-to-end single image dehazing

Recent research has mainly focused on designing end-to-
end models that can directly recover clean images from
hazy ones. Many of these models were inspired by or
adapted from designs and components in other fields.
Ren et al. [24] developed a gated fusion mechanism to
combine three inputs, including white balance, contrast
enhancement, and gamma correction. Liu et al. [25] im-
plemented attention-based multi-scale estimation on a
grid network, enabling adequate information exchange.
Dong et al. [5] adopted a simple but effective boosting
strategy in the decoder and a back-projection scheme in
feature fusion to construct the network. Qin et al. [6] in-
corporated two local attention mechanisms, channel and
pixel attentions, to construct a very deep dehazing net-
work, which can flexibly deal with different types of infor-
mation. Wu et al. [8] and Zheng et al. [26] utilized the con-
trastive regularization to reduce the difference between
dehazing results and clear label images. More recently, due
to the superior long-range context modeling capabilities
of Transformers, Refs. [10—12] incorporated variants of
self-attention mechanisms into an encoder-decoder archi-
tecture to significantly improve model performance. How-
ever, these methods often require more computational re-
sources, even if the model capacity is smaller. Liu et al. [27]
proposed to utilize a diffusion model and frequency learn-
ing for unpaired image dehazing, inspiring other unpaired
restoration tasks. Lan et al. [28] adopted stable diffusion as
the foundation of the CycleGAN framework, boosting the
generalization ability of image dehazing in the real-world
scene. However, these methods still cannot handle images
in dense haze scenes and are very inefficient. To further
improve the efficiency of these methods, we attempt to
utilize a pure CNN architecture to fulfill spatial context
modulation. Deviating from methods that only consider
feature recovery from the spatial domain, Yu et al. [15]
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and Shen et al. [16, 29] further exploited the integration of
features from both the spatial and Fourier domains. How-
ever, they fail to explore the unique frequency character-
istics of hazy images. Consequently, there is still room for
better performance and efficiency trade-offs. Our method
considers frequency domain characteristics of haze dis-
tribution and customizes a modulation scheme to aggre-
gate frequency context, further achieving synergic feature
modulation.

2.2 Mixture-of-experts

The mixture-of-experts (MoE) mechanism [23] operates
on a divide-and-conquer principle, distributing learning
tasks across multiple specialized neural networks coor-
dinated by a gating mechanism. This architecture pro-
duces final predictions through an adaptive combination
of outputs from different expert networks. Such dynamic
learning capacity further enhances the model’s general-
ization performance across various scenarios. In recent
years, the MoE paradigm has been successfully extended
to numerous computer vision applications. He et al. [30]
incorporated MoE into pan-sharpening to facilitate sepa-
rate learning of high-frequency and low-frequency com-
ponents. Cao et al. [31] employed this framework to dy-
namically fuse local and global representations for infrared
and visible image fusion. Yang et al. [32] leveraged vision-
language model priors to identify suitable experts for im-
age restoration under diverse weather conditions. These
approaches generally only involve the top K experts for
certain tasks, following the sparse activation strategy in-
troduced in Ref. [33]. Our work pioneers the application of
MokE to image dehazing by comprehensively utilizing each
expert’s specialized knowledge in both the spatial and fre-
quency domains, which enables context-aware feature ag-
gregation for haze removal.

3 Methods

3.1 Network architecture

Committed to the purpose of efficiency, we adopt a U-
Net [34] architecture to construct the overall network,
shown in Fig. 3(a). Specifically, in the encoder, we first
use a 3 x 3 convolution to extract the initial hazy features
and then stack several synergic expert modulation blocks
(SEMBs) to formulate each layer. During the process, the
spatial dimension of the feature maps is reduced by half
while the channel dimension is increased by twofold. The
process of the decoder is opposite to that of the encoder;
that is, the spatial dimension gradually increases while the
channel dimension gradually decreases. Therefore, the di-
mensional sizes from the first layer to the fourth layer of
the encoder and decoder are C x H x W, 2C x % X %,
4C x % X %, and 8C x % x %, where H, W, and C rep-
resent the height, width, and number of channels of the
features, respectively. As depicted in Fig. 3(b), the SEMB
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Figure 3 The architecture of the network and its components. (a) The overall pipeline of the proposed synergic expert modulation network (SEMN)
approach. Inazy and Iy represent the corresponding hazy and clear images, respectively. H, W, and C represent the height, width, and number of
channels of the features, respectively. (b) The synergic expert modulation block (SEMB). (c) Synergic expert modulation (SEM) first aggregates spatial
context using two mixture of spatial experts (MSE) and frequency context using a mixture of frequency experts (MFE) and then incorporates them to
modulate projected local features. Lspa and L denote spatial loss and frequency loss, respectively. In SEM, X and X denote input and output
features, respectively. Xspa and Xg are input of two branches. Fgum is hierarchical features, G is the gating weights, w is the weight score, Espa is the
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adopts a Transformer-like architecture using synergic ex-
pert modulation to model relevant contextual informa-
tion efficiently and two linear 1 x 1 convolutions for re-
fined contextual features. To switch the feature scale, we
use 4 x 4 convolution with stride 2 for downsampling and
2 x 2 deconvolution with stride 2 for upsampling. Similar
to most dehazing models, we adopt multiple skip connec-
tions in the encoder and the decoder to facilitate the fusion
of shallow and deep features. Finally, a convolutional map-
ping layer is applied to output haze-free images.

3.2 Synergic expert modulation

The focal modulation [14] utilizes the depth-wise convolu-
tion (DConv) and a gating mechanism to efficiently aggre-
gate and modulate spatial features, which can be instanti-
ated as

% = pletx(f (%) @ f (%)), (1)

where f(-) and p(-) are linear projection layers, ctx(-) is
the context extraction function, whose output is a modu-
lator. However, this design fails to address cross-scale fea-
ture modulators, which are helpful for the removal of haze
degradation. Moreover, haze degradation primarily affects

the low-frequency information (see Fig. 2), yet existing
methods do not specifically address this issue.

To this end, we propose a synergic expert modulation
(SEM) solution, shown in Fig. 3(c), which can capture
global contexts in a lightweight manner and utilize them to
modulate input query features. The SEM first aggregates
spatial and frequency context features based on the pro-
posed mixture of spatial/frequency experts (MSE/MFE),
producing dual-domain context modulators, and then in-
teracts with visual query tokens using element-wise mul-
tiplication, which can be expressed in Eq. (2):

¥ =p(Fuse(Ctxspa(f(x)): Ctxfre(f(x))) ® f(x)), )

where ctxgpa(f(x)) and ctxg.(f(x)) denote spatial context
and frequency context aggregation function, respectively,
and Fuse(-) is used to integrate extracted context. In par-
ticular, we adopt a coarse-to-fine manner to progressively
perform spatial context aggregation of features at two
scales, that is, utilizing the MSE module on the different
resolution features, which can enhance multi-scale repre-
sentation learning and remove haze at different scales.

3.2.1 Mixture of spatial experts
The MSE consists of two parts: hierarchical feature extrac-
tion and feature aggregation. Given the input feature Xyp,
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and gating weights G obtained by performing a channel
split operation on projected features, we first stack multi-
ple DConvs with various kernel sizes and a pooling layer to
acquire local-to-global features. Each layer output can be
denoted as Fx(k = 1,2,...,K). Then, based on the resulting
hierarchical features, we explore utilizing multiple gating
experts and a routing network to choose the most suitable
context mixture dynamically.

Each gating expert takes the extracted Fy € RFT*W*C and
a gating weight Gy € Rf*">1 as inputs, and then adopts
element-wise multiplication to determine how many fea-
tures need to be aggregated. Thus, the formalization of a
gating expert is as follows:

E,, = Fr ® Gy, (3)
where E]S(pa is the output of the k-th gating expert, which

will be dynamically integrated based on the routing
weights.

To attain routing weights, we first adopt an element-wise
addition to integrate all hierarchical features, denoted as
F.um, and then input it into the routing network ’Rspa to
generate probability scores wgp, for each spatial expert Espa
The routing network is composed of a global average pool-
ing (GAP) layer, a linear layer, and a softmax activation.
Therefore, the weight generation process can be defined
as follows:

Wypa = softmax(GAP(Feym) - Wspa), (4)

where Wépa € ROK is a learned matrix that maps the
pooled features to K expert weights.

Finally, based on the mixed gating expert outputs and
obtained weights, the output of the MSE module can be
denoted as

spa - ZEspa ’ spa (5)

The output Y, is the linearly weighted combination of
each gating expert’s output with the corresponding rout-
ing weight. Such a dynamic learning mechanism can adap-
tively gather powerful spatial contextual feature represen-
tations.

3.2.2 Mixture of frequency experts
Given the input feature Xp., the MFE first adopts a chan-
nel split operator to divide features uniformly and then de-
ploys multiple frequency expert modules to extract global
contexts. Finally, all outputs from experts are aggregated
using a specific fusion mechanism.

Frequency expert As shown in Fig. 4, the frequency ex-
pert comprises two steps: spectral filtering and spectral
learning.
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Figure 4 The details of the frequency expert module. FFT denotes
fast Fourier transform operation. F(-) denotes the 2D FFT function,
and S(-) is used for shifting the Fourier information to ensure that
low-frequency components are located at the center. F~'(-) and
S7'(-) denote their inverse operations, respectively
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(1) Spectral filtering Research shows that the expected
power of the images is statistically concentrated in the low-
frequency region. Thus, we consider that low-frequency
components should be given higher weights than high-
frequency ones. Following Ref. [35], given visual features
Xt € RIXWXC the spectral filtering process can be de-
fined as follows:

Xie = F1 (7 (My © S (FXL))). (6)

where F(-) denotes the 2D fast Fourier transform (FFT)
[36] function, and S(-) is used for shifting the Fourier in-
formation to ensure that low-frequency components are
located at the center. Correspondingly, F~!(-) and S7(-)
denote their inverse operations, respectively. The My is a
mask map that distributes different weight values on the
low- and high-frequency regions. Specifically, ¢j is as-
signed to the selected low-frequency region Ay, and @y is
assigned to the rest of the high-frequency part. Hence, the
frequency spectral features can be manipulated by adjust-
ing the ¢y values or @y:

o (u,v) €Ay

My = o,
¢ne  otherwise

(7)

where (u,v) is a pair of positions for the low-frequency re-
gion, and ¢ys + ¢ = 1. Therefore, it is vital to determine the
boundary of the high- and low-frequency features, that is,
to define the range of Ajs. Some of previous works [19, 37]
adopt a rectangular shape to define it, yet this manner may
cause distortion or artifacts in the resulting images. There-
fore, we define it as a circular shape in Eq. (8):

A, v) = {(w,v) | (= u0)* + (v —v0)* < r*}, (®)

where (9, vo) is the origin of (4, v) pairs and r is a radius. In
other words, inside the radius and outside the radius, the
value of mask My is set to ¢ir and ¢y, respectively.

(2) Spectral learning Using the mask to modulate fre-
quency feature distribution manually is generally simplis-
tic, yet it neglects the Fourier prior learning. Motivated
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by recent work [15], we further conduct Fourier spectral
learning after spectral filtering. Specifically, based on the
modulated Fourier feature X]}- = S‘I(Mf ® S(]:(X/f‘re))), we
first obtain the corresponding amplitude features X’;l and
phase features X’7‘,. Subsequently, we perform two groups
of individual convolutional operations, consisting of two
1 x 1 convolutions and a GELU activation function, on
the amplitude and phase features, respectively, to enhance
global feature representations. Finally, inverse FFT is used
to convert them into the spatial domain. We name the out-
put of each frequency expert as E]f(re.

Feature aggregation To accentuate low-frequency infor-
mation and make the network better adapted to each in-
put sample, it is necessary to specify a reasonable value of
mask M. Here, we adopt mixed frequency experts with
various mask values to filter spectra features, which can
fully leverage each expert’s knowledge to facilitate adap-
tive frequency modulation. Then, we use a frequency rout-
ing network R, similar to the above spatial routing net-
work, to generate probability scores wg. for each expert.
The process is calculated using Eq. (9):

Wie = softmax(GAP(Xge) - WE ), 9)

fre

where Wére is the learned weight of linear layer, and wy, is
the obtained weight score. Finally, the aggregation scheme

is calculated using Eq. (10):

K

Yfre = Z Ck(E]f(re) - Wrre,
k=1

(10)

where Ci(-) is 1 x 1 convolution that is used to match the
feature dimension of input features, and Y. is the aggre-
gated frequency context. In Sect. 4, the detailed routing
score of each frequency expert is illustrated in Fig. 10.

3.3 Loss function

Our method adopts a spatial frequency mixed architecture
to build the network. Therefore, the loss function consists
of two parts: spatial and frequency loss functions. Let Iy
and I,y denote the clear image and dehazed image, respec-
tively, then the loss function can be denoted as

ﬁspa = Hlout - Igt’ 17
ﬁfre = HA (Tout) = A (Igt) H 1 T HP (Tout) = P (’gt) ‘

Liotal = Lspa + & Lofre,

1’

(11)

where the L, and L. represent spatial and frequency
loss, respectively, and .A(-) and P(-) denote Fourier ampli-
tude and phase components, respectively; o denotes the
trade-off factor, and we empirically set it as 0.05.
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4 Experiments

4.1 Setting

Datasets For the image dehazing task, as in the previous
work [11], we choose the RESIDE [20] dataset, which in-
cludes the Indoor Training Set (ITS) and Outdoor Train-
ing Set (OTS), to train our models and evaluate dehaz-
ing performance on the SOTS [20] dataset. In particular,
SOTS-Indoor and SOTS-Outdoor are used to evaluate the
models trained on ITS and OTS, respectively. In addition,
the Dense-Haze [21], NH-HAZE [38], and O-HAZE [39]
datasets are utilized to evaluate the effectiveness in real-
world scenarios, and the SatelK dataset [22] is used to
evaluate the effect of remote sensing dehazing.

Implementation details The number of SEMBs in each
layer of the proposed models is set to 2. The channel num-
bers from the first layer to the fourth layer are 32, 64, 128,
and 256. For the MSE, we use three DConvs with various
kernel sizes (3, 5, and 7) and a pooling layer to extract fea-
tures. For the MFE, we use three frequency expert modules
with various ¢; values (0.6, 0.7, 0.8, and 0.9). Additionally,
we provide a more lightweight version, dubbed SEMN-
L, by setting the initial channel numbers to 20. We im-
plement the proposed models on the PyTorch framework
with a single NVIDIA 4090 GPU. The ADAM optimizer
with B = 0.9, B> = 0.999, and € = 107® is used. Within
each mini-batch for different datasets, we augment train-
ing samples by applying horizontal or vertical flips and ro-
tations with 90, 180, and 270 degrees.

For the SOTS-Indoor, our models are trained for 800
epochs with an initial learning rate of 2 x 10™* and then
linearly decrease to half every 240 epochs. For the SOTS-
Outdoor, our models are trained for 40 epochs with an ini-
tial learning rate of 2 x 10~ and then linearly decrease to
half every 10 epochs. The patch and batch sizes are set to
256 x 256 and 8, respectively.

For Dense-Haze [21], NH-HAZE [38], and O-HAZE [39]
datasets, we train all models for a total of 4000 epochs
on 800 x 560 patch size, the initial learning rate is set to
2 x 107* and gradually reduced to 2 x 107 with the cosine
annealing, and the batch size is set to 2.

For the Sate1K [22] dataset, all models are trained for 100
epochs with an initial learning rate of 2 x 10~* and linearly
decay by a factor of 0.95 every 10 epochs. The patch and
batch sizes are set to 256 x 256 and 8.

4.2 Experimental results

We compare dehazing results with several state-of-the-art
(SOTA) approaches, including DCP [40], DehazeNet [41],
GDN [25], FFA-Net [6], MSBDN [5], AECR-Net [8], Res-
tormer [42], DeHamer [11], SGID-PFF [43], FSDGN [15],
MBTFormer-B [12], OKNet [44] and SGDN [45]. The
quantitative results on synthetic and real-world datasets
are shown in Table 1. Our SEMN approach achieves the
best result on the SOTS-Indoor and second-best result
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Table 1 Quantitative comparison of state-of-the-art methods for image dehazing. The symbol “-" indicates that the results are
unavailable. PSNR and SSIM are evaluation metrics, where higher values indicate better performance. Params and FLOPs are used to
evaluate the model's complexity, where lower values indicate better performance. Params: parameters; FLOPs: floating-point

operations. The highest score is highlighted in bold

Method SOTS-Indoor [20] SOTS-Outdoor O-HAZE [39] Dense-Haze [21] NH-HAZE [38] Params FLOPs
[20]
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM (M) Q)

DCP [40] 16.61 0.855 19.14 0.861 16.78 0.653 10.06 0.385 10.57 0.520 - 0.600
DehazeNet [41] 19.82 0.821 24.75 0.927 17.57 0.770 13.84 0425 16.62 0.524 0.009 0.581
GDN [25] 32.16 0.984 30.86 0.982 18.92 0.672 14.96 0.533 16.46 0.593 0.960 21.50
FFANet [6] 36.59 0.989 3357 0.984 2212 0.770 14.39 0452 19.87 0.692 4456 287.5
MSBDN [5] 32.77 0.981 3481 0.986 24.36 0.741 15.37 0.486 19.23 0.706 3135 41.54
AECR-Net [8] 3717 0.990 - - - - 14.88 0.505 19.92 0.672 2611 43.04
Restormer [42] 38.88 0.991 - - 23.58 0.768 15.78 0.548 - - 26.10 141.0
DeHamer [11] 36.63 0.988 35.18 0.986 2511 0.777 16.62 0.560 20.66 0.684 1324 59.67
SGID-PFF [43] 38.52 0.991 30.20 0.975 20.96 0.741 1249 0517 - - 18.90 81.13
FSDGN [15] 38.63 0.990 - - - - 1691 0.581 19.99 0.731 2.731 19.59
MBTFormer-B [12] 40.71 0.992 3742 0.989 25.05 0.788 16.66 0.560 - - 2662 38.50
OKNet [44] 40.79 0.993 37.68 0.989 25.64 0.784 16.92 0.608 2048 0.712 4.720 39.67
SGDN [45] 4041 0.889 37.25 0.985 25.04 0.743 16.56 0.593 20.02 0.691 541 29.50
SEMN-L (ours) 39.97 0.993 36.51 0.989 25.10 0.781 17.03 0.584 20.39 0.655 1.386 6.481
SEMN (ours) 41.46 0.995 37.60 0.991 25.94 0.794 17.52 0.607 20.70 0.700 3379 15.52
Table 2 Quantitative comparison on the Sate1K [22] dataset for non-uniform satellite image haze removal
Method Thin haze Moderate haze Thick haze

PSNR SSIM PSNR SSIM PSNR SSIM
DeHamer [11] 2277 0.933 26.37 0.943 2237 0.899
FSDGN [15] 21.73 0.946 2577 0.970 2235 0.937
DCINet [46] 20.19 0.947 27.43 0.964 2145 0.926
TrinityNet [47] 21.30 0.946 2647 0.963 20.76 0915
SEMN (ours) 23.44 0.960 26.64 0.972 23.79 0.946

on the SOTS-Outdoor dataset, achieving 41.46 dB and
37.60 dB PSNR scores, outperforming MBTFormer-B by
0.75 dB and 0.18 dB, respectively. As a lightweight ver-
sion, SEMN-L performs equally well. It can achieve bet-
ter results than FSDGN with only 51% of the parame-
ters and 33% of FLOPs. Furthermore, except for the SSIM
value on the NH-HAZE dataset, our method outperforms
most other dehazing methods for real-world datasets. For
the remote sensing dehazing, the quantitative results are
shown in Table 2. It is evident from these results that
our method continues to perform well on the SatelK [22]
dataset with different haze densities.

We provide visual examples of the SOTS dataset in
Figs. 5 and 6, from which we observe that the proposed
SEMN approach can effectively eliminate haze and re-
store satisfactory details and textures. The visualizations
from real-world datasets, Dense-Haze and NH-HAZE, are
shown in Fig. 7. We find that images produced by our
method do not exhibit severe color casts or artifacts. Con-
versely, other methods produce unexpected results.

4.3 Model complexity analysis

We summarize the model parameters and floating-point
operations (FLOPs) in Table 1. Compared to the second-
best Transformer-based method, MBTFormer-B [12], our
SEMN approach achieves a superior balance between
computation and performance. In comparison to the
Fourier-based FSDGN [15], our lightweight variant
SEMN-L consumes only half the parameters and com-
putational cost while achieving better results. In addi-
tion, the inference time comparisons of several representa-
tional Fourier and Transformer-based methods are shown
in Fig. 8, where the results are an average value obtained
after ten repeated experiments. Distinctly, it can be ob-
served that although the inference speed of our method is
lower compared to DeHamer [11] and FSDGN, the perfor-
mance is significantly improved. The MBTFormer-B and
DehazeFormer-L [10] can obtain more than 40 dB PSNR
scores, but the high computational cost of self-attention
hinders their efficiency. These results suggest that our
methods achieve high performance and are more practical
and efficient.
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Hazy image

W5 “

DeHamer FSDGN MBTFormer-B

Figure 5 Visual comparisons on the SOTS-Indoor [20] dataset

FSDGN

DeHamer

Figure 6 Visual comparisons on the SOTS-Outdoor [20] dataset

DCP MSBDN

MBTFormer-B

FFA-Net AECR-Net

SEMN (ours)

4.4 Ablation studies
We conduct ablation studies to verify the proposed com-
ponents. All experiments are performed on the SEMN,
trained on the ITS dataset with 400 epochs, and evaluated
on the SOTS-Indoor dataset.

Synergic expert modulation We evaluate the effective-
ness of the proposed SEM in Table 3. The baseline model
is implemented by replacing the SEMB with a basic resid-

ual block. The results show an obvious performance im-
provement after substituting it with our proposed block.
Specifically, since the SEM contains two components, MSE
and MFE, we conduct separate experiments to verify them.
The second row means we solely add the MSE in the SME
module, and the PSNR shows 2.02 dB performance gains
compared to the baseline. The MFE mainly operates in the
Fourier domain, so we further combine it with MSE to con-
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Hazy image MSBDN FFA-Net AECR-Net

Figure 7 Visual comparisons on Dense-Haze [21] and NH-HAZE [38] datasets
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Figure 8 The inference time comparisons of SOTA dehazing methods
on 256 x 256,512 x 512 and 1024 x 1024 images

Table 3 Ablation study on the synergic expert modulation (SEM).
FLOPs are computed on the image patch size of 256 x 256 x 3

Model MSE MFE PSNR (dB) Params (M) FLOPs (G)
Baseline X X 3741 451 19.94
SEMN (ours) v X 3943 271 12.68

4 v 40.63 3.38 1552

struct the SEM module in the third row. We note that, the
model achieves the best result, which demonstrates the
feasibility and effectiveness of the synergic context model-
ing mechanism. Additionally, we visualize the features be-
fore and after integrating the SEM into the SEMB as de-
picted in Fig. 9. When applying the SEM, the features con-
tain sharper textures and details, presenting superior con-
text modulation capabilities.

Mixture-of-experts mechanism The core designs of the
mixture of spatial experts (MSE) and the mixture of fre-
quency experts (MFE) are the corresponding experts and
the routing network, so we carry out breakdown ablation
to investigate their efficacy in Tables 4 and 5. It is particu-
larly emphasized that the output is the sum of all experts
when the routing network is not used. Firstly, in the MSE,
when two components are removed separately, the cor-
responding models drop 0.69 dB and 0.61 dB PSNR val-
ues, respectively, compared with our SEMN. Besides, the
performance is severely degraded when both modules are
discarded. This demonstrates the adaptive learning capa-

Before SEM After SEM

Hazy image

Clear image

Figure 9 Feature visualization. We show visualizations of feature
maps before and after employing SEM

Table 4 Ablation study of individual components on the mixture
of spatial experts (MSE). FLOPs are computed on the image patch
size of 256 x 256 x 3

Model PSNR (dB) Params (M) FLOPs (G)
MSE w/o gating expert 39.94 3.38 15.52
MSE w/o routing network 40.02 337 15.50
MSE w/o both 39.66 337 15.50
SEMN (ours) 40.63 338 15.52

Table 5 Ablation study of individual components on the mixture
of frequency experts (MFE) . FLOPs are computed on the image
patch size of 256 x 256 x 3

Model PSNR (dB) Params (M) FLOPs (G)
MFE w/o frequency expert 39.74 3.16 14.58
MFE w/o routing network 40.11 337 15.50
MFE w/o both 39.57 3.15 14.56
SEMN (ours) 40.63 338 15.52

bilities of gating experts and the dynamic feature aggrega-
tion capabilities of routing networks. Moreover, the design
does not result in excessive model parameters and model
complexity, which benefits the building of efficient dehaz-
ing networks. Secondly, in the MFE, we can find that all
the results after removing modules appear to have signif-
icantly decreased, verifying the importance of frequency
experts and the routing mechanism.
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Table 6 Ablation study for the dual-scale design in SEM

Model PSNR (dB) Params (M) FLOPs (G)
Single-scale 40.16 3.26 15.21
Dual-scale (ours) 40.63 338 15.52

To better grasp the MoE mechanism, we present the
routing weights of all 14 SEMBs allocated to various gat-
ing and frequency experts in Fig. 10. For gating experts,
due to the dual-scale design, we only present the results
of the second MSE in each SEMB. In our design, gat-
ing experts aggregate hierarchical features obtained using
DConvs with different kernel sizes (3, 5, and 7) or global
pooling operations. Therefore, the gating expert can see
that earlier blocks show a diverse range of expert choices,
meaning that extracting low-level features requires var-
ious hierarchical features. However, deep layers tend to
reconstruct structural features, and the convolution with
large kernels can better achieve the target. With respect to
the frequency experts, there is no regularity in the routing
weights. Therefore, it can be seen that if we set a uniform
value for My in the frequency domain expert and without
the routing network, the model hardly dynamically adapts
to different samples. These phenomena also demonstrate
the rationality of our design.

Dual-scale design of SEM We employ two MSE modules
to build SEM. Therefore, we conduct experiments to ver-
ify the effectiveness of the dual-scale design (See Table 6).
When equipped with SEM, the model’s performance in-
creases by 0.47 dB with only a slight increase in model pa-

Gating expert analysis in MSE 4
o8 [ Gating Expert 1 . - S
[ | Gating Expert 2 \
0.6 | |___] Gating Expert 3 4 R )
| | Gating Expert 4 .
=
204 L 4
= 2
02 ﬂ Hm ’-HH [H H H H H W | Expert #1 Expert #2 Expert #3 Expert #4 Output
0.0 H H D H all EH H [la H W Figure 11 Visualization of the features learned by each gating expert
b e L e R in MSE. The first and second rows are the features operating on
Frequency expert analysis in MEE low-scale and high-scale space, respectively
o : Frequency Expert |
; Frequency Expert 2|
] A= 1 Table 7 Ablation study of frequency expert (FE). FLOPs are
= computed on the image patch size of 256 x 256 x 3
Doal i
= Model PSNR (dB) Params (M) FLOPs (G)
02 FE w/o spectral filtering 39.82 338 15.52
H H H m I Fﬂ ! H HH H H FE w/0 spectral learning 40.15 316 14.58
O . s s 7 s 9 10 u 1 1 . SEMN (ours) 40.63 3.38 15.52
Block
Figure 10 The analysis of the mixture-of-experts (MoE) mechanism. ) )
We plot the weight scores assigned to each gating expert and rameters and computational cost. Figure 11 visualizes hi-
frequency expert of SEMB erarchical features and output features at each scale, and

we observe low-scale features focusing more on abstract
context and high-scale features extracting sharper textures
and edges. This further demonstrates that the dual-scale
design can provide more powerful representations.

Frequency expert To investigate the importance of com-
ponents within the frequency expert, we start by remov-
ing the spectral filtering operation and observe a perfor-
mance degradation of 0.81 dB. Next, we eliminate the spec-
tral learning process, resulting in a 0.48 dB drop in per-
formance (See Table 7). These findings indicate that ad-
justing and learning the Fourier spectrum can significantly
enhance dehazing performance. Furthermore, we exam-
ine the impact of specific parameters in spectral filter-
ing on performance, as shown in Table 8. Firstly, we set
@i to less than 0.5 to emphasize high-frequency compo-
nents. There is a cliff-like drop in performance, down by
1.52 dB, which is consistent with our motivation that as-
signing high weights to low-frequency components is ben-
eficial for haze removal. Secondly, we probe into the influ-
ence of the radius value of the low-frequency region on the
performance. Setting r = 2 is marginally better than r = 4;
therefore, we default to r = 2 for constructing all networks.

In Table 9, we investigate an additional set of experi-
ments, selecting 1 to 4 frequency experts higher than 0.5
for each experiment. We found that the performance was
optimal when the value was set to 4.

5 Conclusion

This paper proposes an efficient synergic expert modula-
tion network (SEMN) for image dehazing. The core design
is the proposed synergic expert modulation (SEM) mecha-
nism, which fully leverages dual-domain contextual infor-
mation to modulate initial local features. In detail, the SEM
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Table 8 Parameter settings in spectral filtering

Model PSNR (dB) Params (M) FLOPs (G)
@r=1[0.1,0.2,03,04] 39.11 3.38 1552
r (radius) = 4 40.32 3.38 1552
r (radius) = 2 (ours) 40.63 3.38 15.52

Table 9 Ablation study on the number of frequency experts

Model PSNR (dB)
N =1: g =[06] 40.09
N = 2: gy = [0.6,0.7] 4037
N = 3: ¢ =[06,07,08] 4041
N = 4: g = [06,0.7,08,09] 4063

comprises two core modules: the mixture of spatial experts
(MSE) and the mixture of frequency experts (MFE). Both
modules employ a mixture of experts (MoE) mechanism
to integrate specialized knowledge from various experts of
dual domains dynamically. The MSE adaptively learns hi-
erarchical features of varying granularity, guided by multi-
ple gating experts and a routing network. At the same time,
the MFE focuses on mining frequency context guided by
multiple frequency experts and a routing network. Based
on this design, the basic building block named SEMB is
devised. Equipping it into the U-Net architecture, the pro-
posed SEMN approach can achieve superior dehazing per-
formance with acceptable model complexity.
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