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Single-image dehazing aims to restore a clear image from a single haze-degraded observation. Although re-
cent deep learning methods have shown promising performance, they still struggle to balance long-range de-
pendency modelling and computational efficiency. To address this issue, we propose a lightweight U-shaped 
Transformer network, termed UTNet. The proposed network adopts a U-shaped encoder-decoder architec-
ture to progressively extract and reconstruct hierarchical features, enabling effective integration of shallow 
spatial details and deep contextual information. To reduce the computational burden of Transformer-based 
modelling, local-window spatial attention is introduced at each stage to efficiently model dependencies. Un-
like Swin Transformer, UTNet leverages its hierarchical U-shaped architecture to enlarge the receptive field 
and progressively capture global contextual information. In addition, channel attention is incorporated in 
parallel with spatial attention to enhance feature representation further. Multi-scale auxiliary supervision is 
also introduced to improve optimization stability and promote consistent restoration from coarse structures 
to fine details. Moreover, gamma-based data augmentation is employed to improve the model generalization 
to real-world hazy images. Extensive experiments on the Haze4K and NH-Haze datasets demonstrate that 
the proposed UTNet achieves competitive dehazing performance while maintaining a compact architecture 
with fewer parameters and lower computational cost.
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1. Introduction
Single-image dehazing aims to recover a clear im-
age from a single haze-degraded observation. Haze 
reduces image contrast, distorts colour, obscures 
structural details, and degrades the reliability of 
subsequent vision tasks. It is therefore an import-
ant preprocessing step in autonomous driving, un-
manned aerial vehicle perception, and intelligent 
surveillance. These applications often operate on 
resource-constrained devices, making restoration 
quality and computational efficiency equally im-
portant. The problem is severely ill-posed because 
scene radiance, transmission, atmospheric light, 
and depth are unknown from a single input, particu-
larly under dense or spatially varying haze, complex 
illumination, and weak textures [11, 22].
Early dehazing methods estimated transmission 
and atmospheric light using handcrafted assump-
tions, including the dark channel prior, boundary 
constraints, and non-local colour modelling [2, 9, 
11, 20, 28]. Although physically interpretable, these 
methods are sensitive to violations of their priors. 
Deep-learning approaches subsequently learned 
transmission estimation or direct image restoration 
from paired data [3, 15, 26, 32]. Multi-scale architec-
tures, feature attention, dense fusion, and contras-
tive learning further improved contextual aggrega-
tion and restoration fidelity [4, 7, 16, 24, 30].
Transformer-based methods extend contextual 
modelling through self-attention. DehazeFormer 
adapts window-based Transformer components to 
low-level restoration and provides compact T and 
S variants [27]. C2PNet combines curricular con-
trastive regularisation with a physics-aware archi-
tecture [33], while DehazeDCT introduces deform-
able Transformer blocks for non-homogeneous haze 
removal [8]. Other efficiency-oriented approaches 
include MB-TaylorFormer, which employs Tay-
lor-expanded linear attention [25], LDFormer for 
lightweight dehazing [23], and DehazeXL for glob-
al-context fusion in large images [5].
Despite these advances, broad contextual modelling 
remains difficult under a strict computational bud-
get. Global self-attention is expensive at high spatial 
resolutions, whereas restricting attention to local re-
gions can limit long-range interaction. This motivates 

an architecture that aggregates context across scales 
without substantially increasing model complexity.
To this end, we propose UTNet, a lightweight 
U-shaped Transformer for single-image dehaz-
ing. UTNet adopts a hierarchical encoder-bot-
tleneck-decoder architecture with local-window 
spatial attention and parallel channel attention. 
Progressive downsampling expands contextual cov-
erage across stages, while skip connections preserve 
spatial information during reconstruction. Multi-
scale auxiliary supervision constrains intermediate 
decoder outputs, and gamma augmentation increas-
es illumination diversity during training.
Experiments on the synthetic Haze4K dataset and 
the real-world NH-Haze dataset demonstrate that 
UTNet achieves competitive restoration quality 
with a compact computational footprint.
The main contributions of this work are summarised 
as follows:
1	 We propose UTNet, a lightweight U-shaped Trans-

former that combines hierarchical feature pro-
cessing with efficient contextual modelling for sin-
gle-image dehazing.

2	 We design a hybrid spatial-channel attention block 
that integrates local-window spatial attention with 
channel-wise feature recalibration.

3	 We introduce multi-scale auxiliary supervision to 
constrain intermediate decoding stages and im-
prove network optimisation.

4	 We employ gamma augmentation to increase illu-
mination diversity and improve robustness to re-
al-world haze conditions.

 

2. Related Work
Single-image dehazing has progressed from physically 
motivated priors to CNN-based representation learn-
ing and Transformer-based contextual modelling. 
Representative developments are reviewed below.

2.1. Traditional Prior-based Dehazing Methods

Traditional methods were generally formulated un-
der the atmospheric scattering model [19]. Because 
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transmission and atmospheric light cannot be di-
rectly recovered from a single observation, these ap-
proaches introduced assumptions based on local con-
trast, natural image statistics, or colour distributions.
Tan enhanced visibility by maximising local con-
trast [28], while Fattal estimated transmission us-
ing the statistical independence of surface shading 
and transmission [9]. He et al. proposed the dark 
channel prior [11]. Meng et al. combined boundary 
constraints with contextual regularisation [20], and 
Berman et al. modelled haze-free colours as non-lo-
cal haze lines in RGB space [2].
These methods provide interpretable solutions, but 
their performance depends on the validity of the under-
lying priors and may degrade in bright regions, dense or 
non-homogeneous haze, and complex illumination.

2.2. CNN-based Dehazing Methods
CNN-based methods [14] replaced handcrafted 
optimisation with trainable mappings. DehazeNet 
estimated the transmission map [3], MSCNN com-
bined coarse and fine-scale estimation [26], AOD-
Net reformulated the atmospheric model into an 
end-to-end mapping [15], and DCPDN jointly esti-
mated transmission, atmospheric light, and the re-
stored image [32].
Later architectures placed greater emphasis on con-
textual aggregation and adaptive feature processing. 
GCANet used gated context aggregation [4], Grid-
DehazeNet introduced cross-resolution feature ex-
change [16], FFA-Net combined channel and pixel 
attention [24], and MSBDN employed dense multi-
scale feature fusion [7]. Contrastive learning further 
improved feature discrimination [30].
Although CNN-based methods substantially im-
proved restoration quality, broad spatial dependen-
cies often require deep or complex convolutional 
architectures.

2.3. Transformer-based Dehazing Methods
The Transformer was originally introduced for se-
quence modelling [29] and was later adapted to 
image dehazing. Guo et al. incorporated transmis-
sion-aware three-dimensional positional embedding 
[10]. DehazeFormer revised normalisation, activa-
tion, and window-based aggregation for low-level 
restoration [27]. C2PNet combined curricular con-
trastive regularisation with physics-aware modelling 

[33], and DehazeDCT employed deformable Trans-
former blocks for spatially varying haze [8].
Recent studies have also explored efficient Trans-
former designs. DehazeFormer-T/S provide compact 
window-attention variants [27], MB-TaylorFormer 
uses a multi-branch architecture with Taylor-expand-
ed linear attention [25], and LDFormer focuses on 
lightweight dehazing [23]. DehazeXL instead targets 
global-context fusion for large and ultra-high-res-
olution images [5]. UTNet differs by using progres-
sive resolution reduction to aggregate context across 
scales while retaining local-window attention.
Synthetic-to-real generalisation has been investi-
gated through physical priors and unpaired learning. 
PSD uses physical guidance for domain transfer [6], 
while self-augmented unpaired dehazing decomposes 
haze density and scene depth [31]. These approaches 
address data-domain adaptation, whereas UTNet fo-
cuses on lightweight hierarchical feature modelling.

3. Methods
3.1. Atmospheric Scattering Model
The task of recovering a clean scene from haze-de-
graded input is closely related to the physical imag-
ing process of atmospheric scattering. Unlike gen-
eral image enhancement tasks, haze removal must 
account for the depth-dependent nature of atmo-
spheric degradation. In outdoor scenes, image deg-
radation is mainly caused by two coupled factors: at-
tenuation of scene radiance during propagation and 
additive airlight scattered by atmospheric particles. 
As a result, the captured hazy image suffers from re-
duced contrast, faded colours, blurred wdetails, and 
reduced visibility, especially in scenes with dense 
haze, long viewing distances, or spatially varying at-
mospheric conditions.
The formation of a hazy image is commonly de-
scribed by the atmospheric scattering model [19]. 
Given a hazy image   at pixel location  , the model can 
be written as

1. We propose UTNet, a lightweight U-shaped 
Transformer that combines hierarchical feature 
processing with efficient contextual modelling for 
single-image dehazing. 
2. We design a hybrid spatial-channel attention 
block that integrates local-window spatial attention 
with channel-wise feature recalibration. 
3. We introduce multi-scale auxiliary supervision 
to constrain intermediate decoding stages and 
improve network optimisation. 
4. We employ gamma augmentation to increase 
illumination diversity and improve robustness to 
real-world haze conditions. 
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combined channel and pixel attention [24], and 
MSBDN employed dense multi-scale feature 
fusion [7]. Contrastive learning further improved 
feature discrimination [30]. 
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improved restoration quality, broad spatial 
dependencies often require deep or complex 
convolutional architectures. 
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large and ultra-high-resolution images [5]. UTNet 
differs by using progressive resolution reduction to 
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local-window attention. 
Synthetic-to-real generalisation has been 
investigated through physical priors and unpaired 
learning. PSD uses physical guidance for domain 
transfer [6], while self-augmented unpaired 
dehazing decomposes haze density and scene depth 
[31]. These approaches address data-domain 
adaptation, whereas UTNet focuses on lightweight 
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3. Methods 
3.1. 	�
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The task of recovering a clean scene from haze-
degraded input is closely related to the physical 
imaging process of atmospheric scattering. Unlike 
general image enhancement tasks, haze removal 
must account for the depth-dependent nature of 
atmospheric degradation. In outdoor scenes, image 
degradation is mainly caused by two coupled 
factors: attenuation of scene radiance during 
propagation and additive airlight scattered by 
atmospheric particles. As a result, the captured 
hazy image suffers from reduced contrast, faded 
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distances, or spatially varying atmospheric 
conditions. 
The formation of a hazy image is commonly 
described by the atmospheric scattering model [19]. 
Given a hazy image   at pixel location  , the model 
can be written as 

 �(�) = �(�)�(�) + �(1 − �(�)), (1) 

where J(x) denotes the underlying haze-free image, 
t(x)  is the transmission map representing the 
portion of scene radiance that reaches the camera, 
and  A  denotes the global atmospheric light. In this 
model, the first term J(x)t(x)  describes the 
attenuated scene radiance, while the second term 
A(1 − t(x))  represents the scattered airlight 
introduced by the atmosphere. 
The transmission map is usually related to scene 
depth and can be formulated as 

 �(�) = �−��(�), (2) 
where β  is the atmospheric scattering coefficient 
and  d(x)   is the scene depth. This expression 

 , (1)

where J(x) denotes the underlying haze-free image, 
t(x) is the transmission map representing the portion 
of scene radiance that reaches the camera, and  A  
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denotes the global atmospheric light. In this model, 
the fi rst term J(x)t(x) describes the attenuated scene 
radiance, while the second term A(1–t(x)) represents 
the scattered airlight introduced by the atmosphere.
The transmission map is usually related to scene 
depth and can be formulated as
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, (2)

where β is the atmospheric scattering coeffi  cient 
and d(x) is the scene depth. This expression indi-
cates that the farther the scene point is from the 
camera, the smaller the transmission becomes, and 
the stronger the haze eff ect appears. Consequently, 
haze is naturally a depth-dependent and spatially 
non-uniform degradation. This also explains why 
distant objects often exhibit greater contrast attenu-
ation and colour distortion than nearby regions.
Although the atmospheric scattering model provides 
a clear physical explanation for haze formation, 
recovering J(x) from a single input image remains 
highly ill-posed, because the transmission map t(x), 
the atmospheric light A, and the clean image J(x) are 
all unknown. Meanwhile, only one degraded obser-
vation is available. Moreover, real-world haze often 
deviates from the ideal assumptions of the model 
due to a non-homogeneous atmosphere, varying illu-

mination, and spatially inconsistent airlight. From 
the perspective of representation learning, eff ective 
dehazing requires the model to preserve fi ne local 
structures such as edges and textures, capture broad-
er contextual information for estimating haze den-
sity and scene structure, and adaptively emphasize 
informative features while suppressing haze-domi-
nant responses. Motivated by these observations, we 
design UTNet as a lightweight U-shaped Transform-
er framework that integrates hierarchical recon-
struction, effi  cient spatial modelling, and adaptive 
channel-wise feature selection.

3.2. Overall Architecture of UTNet
UTNet adopts a U-shaped encoder–bottleneck–de-
coder architecture with HSCBlocks, skip connec-
tions, and multi-scale outputs, as shown in Figure 1. 
A convolutional embedding maps the hazy input to 
shallow features, which are progressively encoded 
and reconstructed across scales.
Encoder. Each encoder stage applies one HSC-
Block followed by 2× downsampling. The reduced 
feature map merges neighbouring regions, enabling 
cross-window interaction, while the stage output is 
retained for the corresponding skip connection.
Bottleneck and receptive fi eld. Let s denote the lo-
cal-window side length. After i successive 2× downs-
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requires the model to preserve fine local 
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while suppressing haze-dominant responses. 
Motivated by these observations, we design 
UTNet as a lightweight U-shaped Transformer 
framework that integrates hierarchical 
reconstruction, efficient spatial modelling, and 
adaptive channel-wise feature selection.

3.2. Overall Architecture of UTNet

UTNet adopts a U-shaped encoder–
bottleneck–decoder architecture with 
HSCBlocks, skip connections, and multi-scale 
outputs, as shown in Figure 1. A convolutional 
embedding maps the hazy input to shallow 
features, which are progressively encoded and 
reconstructed across scales.
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Overall architecture of UTNet.
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ampling operations, one bottleneck window covers 
the following side length in the input image:

indicates that the farther the scene point is from the 
camera, the smaller the transmission becomes, and 
the stronger the haze effect appears. Consequently, 
haze is naturally a depth-dependent and spatially 
non-uniform degradation. This also explains why 
distant objects often exhibit greater contrast 
attenuation and colour distortion than nearby 
regions.
Although the atmospheric scattering model 
provides a clear physical explanation for haze 
formation, recovering J(x) from a single input 
image remains highly ill-posed, because the 
transmission map t(x), the atmospheric light A, and 
the clean image J(x) are all unknown. Meanwhile, 
only one degraded observation is available. 
Moreover, real-world haze often deviates from the 
ideal assumptions of the model due to a non-
homogeneous atmosphere, varying illumination, 
and spatially inconsistent airlight. From the 
perspective of representation learning, effective 
dehazing requires the model to preserve fine local 
structures such as edges and textures, capture 

broader contextual information for estimating haze 
density and scene structure, and adaptively 
emphasize informative features while suppressing 
haze-dominant responses. Motivated by these 
observations, we design UTNet as a lightweight U-
shaped Transformer framework that integrates 
hierarchical reconstruction, efficient spatial 
modelling, and adaptive channel-wise feature 
selection.

3.2. ������� ������������ �� �����
UTNet adopts a U-shaped encoder–bottleneck–
decoder architecture with HSCBlocks, skip 
connections, and multi-scale outputs, as shown in 
Figure 1. A convolutional embedding maps the 
hazy input to shallow features, which are 
progressively encoded and reconstructed across 
scales.

��
��� 1
Overall architecture of UTNet.

�������. Each encoder stage applies one 
HSCBlock followed by 2× downsampling. The 
reduced feature map merges neighbouring regions, 
enabling cross-window interaction, while the stage 
output is retained for the corresponding skip 
connection.
���������� ��� ��������� �����. Let s denote the 
local-window side length. After i successive 2×
downsampling operations, one bottleneck window 
covers the following side length in the input image:

�� (�) = � · 2 . (3)
Accordingly, the number of downsampling stages 
required for a window to cover an L×L input is

� = ��� (�/�). (4)
With L=64 and s=8, Equation (4) gives n=3. The 
bottleneck resolution is therefore 8×8, equal to the 
window size, so a single window covers the 
complete bottleneck feature map and RF(3)=64 
covers the entire training patch.
�������. The decoder progressively upsamples the 
bottleneck features and fuses them with the 

corresponding encoder features through skip 
connections. Each stage applies an HSCBlock, and 
prediction heads at multiple resolutions provide 
auxiliary supervision.
3.3. ��
��	 �������–������� ��������� �����
(��������)
A central component of UTNet is the proposed 
Hybrid Spatial–Channel Attention Block 
(HSCBlock), which is designed to model spatial 
dependencies and channel-wise feature importance 
jointly. This design is motivated by the observation 
that haze degradation manifests in both spatial and 
channel domains. Spatially, haze is often non-
uniform and coupled with scene depth, making it 
necessary to model structural dependencies beyond 
local neighbourhoods. Channel-wise, different 
feature channels respond differently to haze 
density, color attenuation, and airlight interference, 
implying that adaptive feature recalibration is also 
important for effective restoration. Based on these 
observations, HSCBlock integrates a spatial 
attention branch and a channel attention branch into 
a unified feature refinement module. The overall 
structure of HSCBlock is illustrated in Figure 2.
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Accordingly, the number of downsampling stages re-
quired for a window to cover an L×L input is

indicates that the farther the scene point is from the 
camera, the smaller the transmission becomes, and 
the stronger the haze effect appears. Consequently, 
haze is naturally a depth-dependent and spatially 
non-uniform degradation. This also explains why 
distant objects often exhibit greater contrast 
attenuation and colour distortion than nearby 
regions.
Although the atmospheric scattering model 
provides a clear physical explanation for haze 
formation, recovering J(x) from a single input 
image remains highly ill-posed, because the 
transmission map t(x), the atmospheric light A, and 
the clean image J(x) are all unknown. Meanwhile, 
only one degraded observation is available. 
Moreover, real-world haze often deviates from the 
ideal assumptions of the model due to a non-
homogeneous atmosphere, varying illumination, 
and spatially inconsistent airlight. From the 
perspective of representation learning, effective 
dehazing requires the model to preserve fine local 
structures such as edges and textures, capture 

broader contextual information for estimating haze 
density and scene structure, and adaptively 
emphasize informative features while suppressing 
haze-dominant responses. Motivated by these 
observations, we design UTNet as a lightweight U-
shaped Transformer framework that integrates 
hierarchical reconstruction, efficient spatial 
modelling, and adaptive channel-wise feature 
selection.

3.2. ������� ������������ �� �����
UTNet adopts a U-shaped encoder–bottleneck–
decoder architecture with HSCBlocks, skip 
connections, and multi-scale outputs, as shown in 
Figure 1. A convolutional embedding maps the 
hazy input to shallow features, which are 
progressively encoded and reconstructed across 
scales.
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Overall architecture of UTNet.

�������. Each encoder stage applies one 
HSCBlock followed by 2× downsampling. The 
reduced feature map merges neighbouring regions, 
enabling cross-window interaction, while the stage 
output is retained for the corresponding skip 
connection.
���������� ��� ��������� �����. Let s denote the 
local-window side length. After i successive 2×
downsampling operations, one bottleneck window 
covers the following side length in the input image:

�� (�) = � · 2 . (3)
Accordingly, the number of downsampling stages 
required for a window to cover an L×L input is

� = ��� (�/�). (4)
With L=64 and s=8, Equation (4) gives n=3. The 
bottleneck resolution is therefore 8×8, equal to the 
window size, so a single window covers the 
complete bottleneck feature map and RF(3)=64 
covers the entire training patch.
�������. The decoder progressively upsamples the 
bottleneck features and fuses them with the 

corresponding encoder features through skip 
connections. Each stage applies an HSCBlock, and 
prediction heads at multiple resolutions provide 
auxiliary supervision.
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uniform and coupled with scene depth, making it 
necessary to model structural dependencies beyond 
local neighbourhoods. Channel-wise, different 
feature channels respond differently to haze 
density, color attenuation, and airlight interference, 
implying that adaptive feature recalibration is also 
important for effective restoration. Based on these 
observations, HSCBlock integrates a spatial 
attention branch and a channel attention branch into 
a unified feature refinement module. The overall 
structure of HSCBlock is illustrated in Figure 2.
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With L=64 and s=8, Equation (4) gives n=3. The 
bottleneck resolution is therefore 8×8, equal to the 
window size, so a single window covers the complete 
bottleneck feature map and RF(3)=64 covers the en-
tire training patch.
Decoder. The decoder progressively upsamples the 
bottleneck features and fuses them with the corre-
sponding encoder features through skip connec-
tions. Each stage applies an HSCBlock, and predic-
tion heads at multiple resolutions provide auxiliary 
supervision.

3.3. Hybrid Spatial–Channel Attention Block 
(HSCBlock)
A central component of UTNet is the proposed Hy-
brid Spatial–Channel Attention Block (HSCBlock), 
which is designed to model spatial dependencies 
and channel-wise feature importance jointly. This 
design is motivated by the observation that haze 
degradation manifests in both spatial and channel 
domains. Spatially, haze is often non-uniform and 
coupled with scene depth, making it necessary to 

Figure 2
Overall architecture of the proposed HSCBlock.

model structural dependencies beyond local neigh-
bourhoods. Channel-wise, diff erent feature chan-
nels respond diff erently to haze density, color at-
tenuation, and airlight interference, implying that 
adaptive feature recalibration is also important for 
eff ective restoration. Based on these observations, 
HSCBlock integrates a spatial attention branch and 
a channel attention branch into a unifi ed feature re-
fi nement module. The overall structure of HSCBlock 
is illustrated in Figure 2.
As illustrated in Figure 2, given an input feature map 
X∈RC×H×W, the HSCBlock fi rst normalizes and trans-
forms the input features, and then sends them into 
two parallel branches: the spatial attention SA branch 
and the channel attention CA branch. The outputs of 
the two branches are then fused and added back to the 
input through a residual connection. This formula-
tion allows the block to preserve the stability of fea-
ture propagation while enhancing the discriminative 
capability of the learned representations.
Spatial Attention. The purpose of the spatial atten-
tion branch is to model structural dependencies 
among diff erent spatial locations. For a given input 
feature map  X , we fi rst project it into query, key, and 
value representations:

As illustrated in Figure 2, given an input feature 
map X ∈ ℝC×H×W, the HSCBlock first normalizes 
and transforms the input features, and then sends 
them into two parallel branches: the spatial 
attention SA branch and the channel attention CA 
branch. The outputs of the two branches are then 
fused and added back to the input through a residual 
connection. This formulation allows the block to 
preserve the stability of feature propagation while 
enhancing the discriminative capability of the 
learned representations. 
Spatial Attention. The purpose of the spatial 
attention branch is to model structural 
dependencies among different spatial locations. For 
a given input feature map  X , we first project it into 
query, key, and value representations: 

 � = ���,    � = ���,    � = ��� , (5) 

where  Wq ,  Wk , and  Wv  denote learnable linear 
projections. Instead of applying global self-
attention, which is computationally expensive for 
image restoration tasks, we adopt a local-window 
attention strategy. Specifically, the feature map is 
partitioned into non-overlapping local windows of 
size 8 × 8  with a stride 8, and self-attention is 
computed within each window as 

 SA(�) = Softmax (
��⊤

√� ) �  , (6) 

where  d  denotes the feature dimension of each 
attention head. 
This design has several advantages. First, it 
significantly reduces the computational burden 
compared with global self-attention, making it 
more suitable for lightweight dehazing networks. 
Second, local-window attention aligns well with 
the observation that many haze-related 
degradations, such as contrast attenuation and 
detail fading, exhibit localized spatial patterns. 
Therefore, computing attention within local regions 
allows the network to focus on meaningful 
structural relationships while maintaining 
efficiency. Third, because HSCBlocks are stacked 
across different scales in the U-shaped architecture, 
the effective receptive field of the overall network 
can still be progressively enlarged. As a result, 
UTNet achieves a favourable balance between local 
structural modelling and broader contextual 
interactions. 
Channel Attention. While the spatial attention 
branch focuses on modelling spatial dependencies, 
it does not explicitly account for the fact that 
different feature channels may contribute unequally 
to dehazing. To complement the spatial branch, we 
introduce a channel attention mechanism [12] that 
performs adaptive feature recalibration across 
channels. 
Given the input feature map X , we first aggregate 
spatial information by global average pooling: 

 �� = 1
�� ∑ ∑ ��

�
�=1

�
�=1 (�, �) , (7) 

where zc  denotes the global descriptor of the  c -th 
channel. Based on this compact channel 
representation, we apply a lightweight gating 
function to estimate channel-wise importance 
weights: 

 � = �(�2 ⋅ �(�1�)) , (8) 
where    and    are learnable parameters,   denotes 

the ReLU activation function [21], and   denotes the 
sigmoid function. The reweighted feature map is 
then obtained by 

 �
(�) = � ⊙ �, (9) 
where  ⊙  denotes channel-wise multiplication. 
This process enables the network to selectively 
emphasize channels that are more informative for 
haze removal while suppressing redundant or haze-
dominant responses. In image dehazing, such 
adaptive feature selection is particularly important 
because haze does not affect all feature channels 
equally. By explicitly modelling channel 
importance, the CA branch improves feature 
discrimination and complements the structural 
modelling ability of the SA branch. 
Fusion of Spatial and Channel Attention. After 
obtaining the outputs of the two branches, we fuse 
them as 

 � = � + �� (SA(�) + CA(�)) , (10) 

where Wf  denotes a learnable 1×1 convolution 
used for feature aggregation. This formulation 
allows the two branches to complement each other: 
the SA branch focuses on the locations of important 
structures, while the CA branch determines which 
feature channels to emphasize. Since haze 
degradation is both spatially variant and feature-
dependent, effective restoration cannot rely solely 
on a single type of attention. By integrating spatial 
and channel attention into a unified block, 
HSCBlock simultaneously enhances local 
structural reasoning and adaptive feature selection, 
achieving a better balance between representation 
capacity and computational efficiency. 
 
3.4. ���� �������� 
To effectively train UTNet and fully exploit its 
hierarchical reconstruction capability, we adopt a 
multi-scale supervision strategy. Instead of 
imposing supervision only on the final full-
resolution prediction, UTNet produces multiple 
dehazed outputs at different decoding stages. These 
intermediate outputs correspond to different spatial 
resolutions and are jointly optimized during 
training. Such a design introduces additional 
gradient signals into intermediate layers, facilitates 
optimization, and encourages the network to learn 
a consistent restoration behaviour from coarse 
structures to fine details. 
Let  Oi  denote the predicted output at scale i , and 
let  Gi   denote the corresponding ground-truth 
image resized to the same scale. The multi-scale 
reconstruction loss is defined as 

 ℒ�� = ∑ 	�
3
�=0 ‖�� − ��‖1, (11) 

where λi   controls the contribution of the 
supervision at the i-th scale. In this work, we assign 
the loss weights as 

[	0, 	1, 	2, 	3] = [1,0.5,0.25,0.125]. 

Under this setting, the final full-resolution output is 
assigned the largest weight, while lower-resolution 
outputs receive progressively smaller weights. This 
weighting strategy is motivated by the fact that the 
highest-resolution prediction is the ultimate 
restoration target, whereas intermediate outputs 
primarily serve as auxiliary supervision to stabilize 
optimization and guide hierarchical feature 

, (5)

where Wq, Wk, and Wv denote learnable linear pro-
jections. Instead of applying global self-attention, 
which is computationally expensive for image res-
toration tasks, we adopt a local-window attention 
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strategy. Specifically, the feature map is partitioned 
into non-overlapping local windows of size 8×8 with 
a stride 8, and self-attention is computed within 
each window as

computed within each window as 
SA ( ) = Softmax

⊤

√
 
 
, (6)

where d denotes the feature dimension of each at-
tention head.
This design has several advantages. First, it signifi-
cantly reduces the computational burden compared 
with global self-attention, making it more suitable 
for lightweight dehazing networks. Second, lo-
cal-window attention aligns well with the observa-
tion that many haze-related degradations, such as 
contrast attenuation and detail fading, exhibit local-
ized spatial patterns. Therefore, computing atten-
tion within local regions allows the network to focus 
on meaningful structural relationships while main-
taining efficiency. Third, because HSCBlocks are 
stacked across different scales in the U-shaped ar-
chitecture, the effective receptive field of the overall 
network can still be progressively enlarged. As a re-
sult, UTNet achieves a favourable balance between 
local structural modelling and broader contextual 
interactions.
Channel Attention. While the spatial attention 
branch focuses on modelling spatial dependencies, it 
does not explicitly account for the fact that different 
feature channels may contribute unequally to dehaz-
ing. To complement the spatial branch, we introduce 
a channel attention mechanism [12] that performs 
adaptive feature recalibration across channels.
Given the input feature map X, we first aggregate 
spatial information by global average pooling:

As illustrated in Figure 2, given an input feature 
map X ∈ ℝC×H×W, the HSCBlock first normalizes 
and transforms the input features, and then sends 
them into two parallel branches: the spatial 
attention SA branch and the channel attention CA 
branch. The outputs of the two branches are then 
fused and added back to the input through a residual 
connection. This formulation allows the block to 
preserve the stability of feature propagation while 
enhancing the discriminative capability of the 
learned representations. 
Spatial Attention. The purpose of the spatial 
attention branch is to model structural 
dependencies among different spatial locations. For 
a given input feature map  X , we first project it into 
query, key, and value representations: 

 � = ���,    � = ���,    � = ��� , (5) 

where  Wq ,  Wk , and  Wv  denote learnable linear 
projections. Instead of applying global self-
attention, which is computationally expensive for 
image restoration tasks, we adopt a local-window 
attention strategy. Specifically, the feature map is 
partitioned into non-overlapping local windows of 
size 8 × 8  with a stride 8, and self-attention is 
computed within each window as 

 SA(�) = Softmax (
��⊤

√� ) �  , (6) 

where  d  denotes the feature dimension of each 
attention head. 
This design has several advantages. First, it 
significantly reduces the computational burden 
compared with global self-attention, making it 
more suitable for lightweight dehazing networks. 
Second, local-window attention aligns well with 
the observation that many haze-related 
degradations, such as contrast attenuation and 
detail fading, exhibit localized spatial patterns. 
Therefore, computing attention within local regions 
allows the network to focus on meaningful 
structural relationships while maintaining 
efficiency. Third, because HSCBlocks are stacked 
across different scales in the U-shaped architecture, 
the effective receptive field of the overall network 
can still be progressively enlarged. As a result, 
UTNet achieves a favourable balance between local 
structural modelling and broader contextual 
interactions. 
Channel Attention. While the spatial attention 
branch focuses on modelling spatial dependencies, 
it does not explicitly account for the fact that 
different feature channels may contribute unequally 
to dehazing. To complement the spatial branch, we 
introduce a channel attention mechanism [12] that 
performs adaptive feature recalibration across 
channels. 
Given the input feature map X , we first aggregate 
spatial information by global average pooling: 

 �� = 1
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where zc  denotes the global descriptor of the  c -th 
channel. Based on this compact channel 
representation, we apply a lightweight gating 
function to estimate channel-wise importance 
weights: 

 � = �(�2 ⋅ �(�1�)) , (8) 
where    and    are learnable parameters,   denotes 

the ReLU activation function [21], and   denotes the 
sigmoid function. The reweighted feature map is 
then obtained by 

 �
(�) = � ⊙ �, (9) 
where  ⊙  denotes channel-wise multiplication. 
This process enables the network to selectively 
emphasize channels that are more informative for 
haze removal while suppressing redundant or haze-
dominant responses. In image dehazing, such 
adaptive feature selection is particularly important 
because haze does not affect all feature channels 
equally. By explicitly modelling channel 
importance, the CA branch improves feature 
discrimination and complements the structural 
modelling ability of the SA branch. 
Fusion of Spatial and Channel Attention. After 
obtaining the outputs of the two branches, we fuse 
them as 

 � = � + �� (SA(�) + CA(�)) , (10) 

where Wf  denotes a learnable 1×1 convolution 
used for feature aggregation. This formulation 
allows the two branches to complement each other: 
the SA branch focuses on the locations of important 
structures, while the CA branch determines which 
feature channels to emphasize. Since haze 
degradation is both spatially variant and feature-
dependent, effective restoration cannot rely solely 
on a single type of attention. By integrating spatial 
and channel attention into a unified block, 
HSCBlock simultaneously enhances local 
structural reasoning and adaptive feature selection, 
achieving a better balance between representation 
capacity and computational efficiency. 
 
3.4. ���� �������� 
To effectively train UTNet and fully exploit its 
hierarchical reconstruction capability, we adopt a 
multi-scale supervision strategy. Instead of 
imposing supervision only on the final full-
resolution prediction, UTNet produces multiple 
dehazed outputs at different decoding stages. These 
intermediate outputs correspond to different spatial 
resolutions and are jointly optimized during 
training. Such a design introduces additional 
gradient signals into intermediate layers, facilitates 
optimization, and encourages the network to learn 
a consistent restoration behaviour from coarse 
structures to fine details. 
Let  Oi  denote the predicted output at scale i , and 
let  Gi   denote the corresponding ground-truth 
image resized to the same scale. The multi-scale 
reconstruction loss is defined as 

 ℒ�� = ∑ 	�
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�=0 ‖�� − ��‖1, (11) 

where λi   controls the contribution of the 
supervision at the i-th scale. In this work, we assign 
the loss weights as 

[	0, 	1, 	2, 	3] = [1,0.5,0.25,0.125]. 

Under this setting, the final full-resolution output is 
assigned the largest weight, while lower-resolution 
outputs receive progressively smaller weights. This 
weighting strategy is motivated by the fact that the 
highest-resolution prediction is the ultimate 
restoration target, whereas intermediate outputs 
primarily serve as auxiliary supervision to stabilize 
optimization and guide hierarchical feature 
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where zc denotes the global descriptor of the c-th 
channel. Based on this compact channel representa-
tion, we apply a lightweight gating function to esti-
mate channel-wise importance weights:

As illustrated in Figure 2, given an input feature 
map X ∈ ℝC×H×W, the HSCBlock first normalizes 
and transforms the input features, and then sends 
them into two parallel branches: the spatial 
attention SA branch and the channel attention CA 
branch. The outputs of the two branches are then 
fused and added back to the input through a residual 
connection. This formulation allows the block to 
preserve the stability of feature propagation while 
enhancing the discriminative capability of the 
learned representations. 
Spatial Attention. The purpose of the spatial 
attention branch is to model structural 
dependencies among different spatial locations. For 
a given input feature map  X , we first project it into 
query, key, and value representations: 

 � = ���,    � = ���,    � = ��� , (5) 

where  Wq ,  Wk , and  Wv  denote learnable linear 
projections. Instead of applying global self-
attention, which is computationally expensive for 
image restoration tasks, we adopt a local-window 
attention strategy. Specifically, the feature map is 
partitioned into non-overlapping local windows of 
size 8 × 8  with a stride 8, and self-attention is 
computed within each window as 

 SA(�) = Softmax (
��⊤

√� ) �  , (6) 

where  d  denotes the feature dimension of each 
attention head. 
This design has several advantages. First, it 
significantly reduces the computational burden 
compared with global self-attention, making it 
more suitable for lightweight dehazing networks. 
Second, local-window attention aligns well with 
the observation that many haze-related 
degradations, such as contrast attenuation and 
detail fading, exhibit localized spatial patterns. 
Therefore, computing attention within local regions 
allows the network to focus on meaningful 
structural relationships while maintaining 
efficiency. Third, because HSCBlocks are stacked 
across different scales in the U-shaped architecture, 
the effective receptive field of the overall network 
can still be progressively enlarged. As a result, 
UTNet achieves a favourable balance between local 
structural modelling and broader contextual 
interactions. 
Channel Attention. While the spatial attention 
branch focuses on modelling spatial dependencies, 
it does not explicitly account for the fact that 
different feature channels may contribute unequally 
to dehazing. To complement the spatial branch, we 
introduce a channel attention mechanism [12] that 
performs adaptive feature recalibration across 
channels. 
Given the input feature map X , we first aggregate 
spatial information by global average pooling: 
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where zc  denotes the global descriptor of the  c -th 
channel. Based on this compact channel 
representation, we apply a lightweight gating 
function to estimate channel-wise importance 
weights: 

 � = �(�2 ⋅ �(�1�)) , (8) 
where    and    are learnable parameters,   denotes 

the ReLU activation function [21], and   denotes the 
sigmoid function. The reweighted feature map is 
then obtained by 

 �
(�) = � ⊙ �, (9) 
where  ⊙  denotes channel-wise multiplication. 
This process enables the network to selectively 
emphasize channels that are more informative for 
haze removal while suppressing redundant or haze-
dominant responses. In image dehazing, such 
adaptive feature selection is particularly important 
because haze does not affect all feature channels 
equally. By explicitly modelling channel 
importance, the CA branch improves feature 
discrimination and complements the structural 
modelling ability of the SA branch. 
Fusion of Spatial and Channel Attention. After 
obtaining the outputs of the two branches, we fuse 
them as 

 � = � + �� (SA(�) + CA(�)) , (10) 

where Wf  denotes a learnable 1×1 convolution 
used for feature aggregation. This formulation 
allows the two branches to complement each other: 
the SA branch focuses on the locations of important 
structures, while the CA branch determines which 
feature channels to emphasize. Since haze 
degradation is both spatially variant and feature-
dependent, effective restoration cannot rely solely 
on a single type of attention. By integrating spatial 
and channel attention into a unified block, 
HSCBlock simultaneously enhances local 
structural reasoning and adaptive feature selection, 
achieving a better balance between representation 
capacity and computational efficiency. 
 
3.4. ���� �������� 
To effectively train UTNet and fully exploit its 
hierarchical reconstruction capability, we adopt a 
multi-scale supervision strategy. Instead of 
imposing supervision only on the final full-
resolution prediction, UTNet produces multiple 
dehazed outputs at different decoding stages. These 
intermediate outputs correspond to different spatial 
resolutions and are jointly optimized during 
training. Such a design introduces additional 
gradient signals into intermediate layers, facilitates 
optimization, and encourages the network to learn 
a consistent restoration behaviour from coarse 
structures to fine details. 
Let  Oi  denote the predicted output at scale i , and 
let  Gi   denote the corresponding ground-truth 
image resized to the same scale. The multi-scale 
reconstruction loss is defined as 

 ℒ�� = ∑ 	�
3
�=0 ‖�� − ��‖1, (11) 

where λi   controls the contribution of the 
supervision at the i-th scale. In this work, we assign 
the loss weights as 

[	0, 	1, 	2, 	3] = [1,0.5,0.25,0.125]. 

Under this setting, the final full-resolution output is 
assigned the largest weight, while lower-resolution 
outputs receive progressively smaller weights. This 
weighting strategy is motivated by the fact that the 
highest-resolution prediction is the ultimate 
restoration target, whereas intermediate outputs 
primarily serve as auxiliary supervision to stabilize 
optimization and guide hierarchical feature 
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where and are learnable parameters, denotes the 
ReLU activation function [21], and denotes the sig-
moid function. The reweighted feature map is then 
obtained byAs illustrated in Figure 2, given an input feature 

map X ∈ ℝC×H×W, the HSCBlock first normalizes 
and transforms the input features, and then sends 
them into two parallel branches: the spatial 
attention SA branch and the channel attention CA 
branch. The outputs of the two branches are then 
fused and added back to the input through a residual 
connection. This formulation allows the block to 
preserve the stability of feature propagation while 
enhancing the discriminative capability of the 
learned representations. 
Spatial Attention. The purpose of the spatial 
attention branch is to model structural 
dependencies among different spatial locations. For 
a given input feature map  X , we first project it into 
query, key, and value representations: 
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where  Wq ,  Wk , and  Wv  denote learnable linear 
projections. Instead of applying global self-
attention, which is computationally expensive for 
image restoration tasks, we adopt a local-window 
attention strategy. Specifically, the feature map is 
partitioned into non-overlapping local windows of 
size 8 × 8  with a stride 8, and self-attention is 
computed within each window as 
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where  d  denotes the feature dimension of each 
attention head. 
This design has several advantages. First, it 
significantly reduces the computational burden 
compared with global self-attention, making it 
more suitable for lightweight dehazing networks. 
Second, local-window attention aligns well with 
the observation that many haze-related 
degradations, such as contrast attenuation and 
detail fading, exhibit localized spatial patterns. 
Therefore, computing attention within local regions 
allows the network to focus on meaningful 
structural relationships while maintaining 
efficiency. Third, because HSCBlocks are stacked 
across different scales in the U-shaped architecture, 
the effective receptive field of the overall network 
can still be progressively enlarged. As a result, 
UTNet achieves a favourable balance between local 
structural modelling and broader contextual 
interactions. 
Channel Attention. While the spatial attention 
branch focuses on modelling spatial dependencies, 
it does not explicitly account for the fact that 
different feature channels may contribute unequally 
to dehazing. To complement the spatial branch, we 
introduce a channel attention mechanism [12] that 
performs adaptive feature recalibration across 
channels. 
Given the input feature map X , we first aggregate 
spatial information by global average pooling: 
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where zc  denotes the global descriptor of the  c -th 
channel. Based on this compact channel 
representation, we apply a lightweight gating 
function to estimate channel-wise importance 
weights: 

 � = �(�2 ⋅ �(�1�)) , (8) 
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the ReLU activation function [21], and   denotes the 
sigmoid function. The reweighted feature map is 
then obtained by 
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where  ⊙  denotes channel-wise multiplication. 
This process enables the network to selectively 
emphasize channels that are more informative for 
haze removal while suppressing redundant or haze-
dominant responses. In image dehazing, such 
adaptive feature selection is particularly important 
because haze does not affect all feature channels 
equally. By explicitly modelling channel 
importance, the CA branch improves feature 
discrimination and complements the structural 
modelling ability of the SA branch. 
Fusion of Spatial and Channel Attention. After 
obtaining the outputs of the two branches, we fuse 
them as 

 � = � + �� (SA(�) + CA(�)) , (10) 

where Wf  denotes a learnable 1×1 convolution 
used for feature aggregation. This formulation 
allows the two branches to complement each other: 
the SA branch focuses on the locations of important 
structures, while the CA branch determines which 
feature channels to emphasize. Since haze 
degradation is both spatially variant and feature-
dependent, effective restoration cannot rely solely 
on a single type of attention. By integrating spatial 
and channel attention into a unified block, 
HSCBlock simultaneously enhances local 
structural reasoning and adaptive feature selection, 
achieving a better balance between representation 
capacity and computational efficiency. 
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To effectively train UTNet and fully exploit its 
hierarchical reconstruction capability, we adopt a 
multi-scale supervision strategy. Instead of 
imposing supervision only on the final full-
resolution prediction, UTNet produces multiple 
dehazed outputs at different decoding stages. These 
intermediate outputs correspond to different spatial 
resolutions and are jointly optimized during 
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where λi   controls the contribution of the 
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the loss weights as 
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Under this setting, the final full-resolution output is 
assigned the largest weight, while lower-resolution 
outputs receive progressively smaller weights. This 
weighting strategy is motivated by the fact that the 
highest-resolution prediction is the ultimate 
restoration target, whereas intermediate outputs 
primarily serve as auxiliary supervision to stabilize 
optimization and guide hierarchical feature 
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where ⊙ denotes channel-wise multiplication.
This process enables the network to selectively em-
phasize channels that are more informative for haze 
removal while suppressing redundant or haze-domi-
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As illustrated in Figure 2, given an input feature 
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and transforms the input features, and then sends 
them into two parallel branches: the spatial 
attention SA branch and the channel attention CA 
branch. The outputs of the two branches are then 
fused and added back to the input through a residual 
connection. This formulation allows the block to 
preserve the stability of feature propagation while 
enhancing the discriminative capability of the 
learned representations. 
Spatial Attention. The purpose of the spatial 
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dependencies among different spatial locations. For 
a given input feature map  X , we first project it into 
query, key, and value representations: 

 � = ���,    � = ���,    � = ��� , (5) 

where  Wq ,  Wk , and  Wv  denote learnable linear 
projections. Instead of applying global self-
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attention strategy. Specifically, the feature map is 
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where  d  denotes the feature dimension of each 
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where Wf  denotes a learnable 1×1 convolution used for 
feature aggregation. This formulation allows the two 
branches to complement each other: the SA branch fo-
cuses on the locations of important structures, while 
the CA branch determines which feature channels to 
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cannot rely solely on a single type of attention. By 
integrating spatial and channel attention into a uni-
fied block, HSCBlock simultaneously enhances local 
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achieving a better balance between representation 
capacity and computational efficiency.

3.4. Loss Function
To effectively train UTNet and fully exploit its hier-
archical reconstruction capability, we adopt a multi-
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es the network to learn a consistent restoration be-
haviour from coarse structures to fine details.
Let Oi denote the predicted output at scale i, and let 
Gi denote the corresponding ground-truth image re-
sized to the same scale. The multi-scale reconstruc-
tion loss is defined as

reconstruction loss is defined as 
L = ∑3

=0 ‖ − ‖1, , (11)
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sion at the i-th scale. In this work, we assign the loss 
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the SA branch focuses on the locations of important 
structures, while the CA branch determines which 
feature channels to emphasize. Since haze 
degradation is both spatially variant and feature-
dependent, effective restoration cannot rely solely 
on a single type of attention. By integrating spatial 
and channel attention into a unified block, 
HSCBlock simultaneously enhances local 
structural reasoning and adaptive feature selection, 
achieving a better balance between representation 
capacity and computational efficiency. 
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To effectively train UTNet and fully exploit its 
hierarchical reconstruction capability, we adopt a 
multi-scale supervision strategy. Instead of 
imposing supervision only on the final full-
resolution prediction, UTNet produces multiple 
dehazed outputs at different decoding stages. These 
intermediate outputs correspond to different spatial 
resolutions and are jointly optimized during 
training. Such a design introduces additional 
gradient signals into intermediate layers, facilitates 
optimization, and encourages the network to learn 
a consistent restoration behaviour from coarse 
structures to fine details. 
Let  Oi  denote the predicted output at scale i , and 
let  Gi   denote the corresponding ground-truth 
image resized to the same scale. The multi-scale 
reconstruction loss is defined as 
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where λi   controls the contribution of the 
supervision at the i-th scale. In this work, we assign 
the loss weights as 
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Under this setting, the final full-resolution output is 
assigned the largest weight, while lower-resolution 
outputs receive progressively smaller weights. This 
weighting strategy is motivated by the fact that the 
highest-resolution prediction is the ultimate 
restoration target, whereas intermediate outputs 
primarily serve as auxiliary supervision to stabilize 
optimization and guide hierarchical feature 

Under this setting, the final full-resolution output is 
assigned the largest weight, while lower-resolution 
outputs receive progressively smaller weights. This 
weighting strategy is motivated by the fact that the 
highest-resolution prediction is the ultimate resto-
ration target, whereas intermediate outputs primar-
ily serve as auxiliary supervision to stabilize optimi-
zation and guide hierarchical feature learning.
More specifically, coarse-scale supervision helps 
the network learn globally consistent dehazing be-
haviour in the early and middle stages of decoding, 
while stronger supervision at the finest scale en-
courages accurate reconstruction of high-frequency 
details. This combination improves gradient prop-
agation through the U-shaped architecture and re-
duces the risk of unstable optimization. Although 
the formulation is simple, this multi-scale loss plays 
an important role in practice. It not only enhances 
convergence stability but also helps UTNet achieve 
a better balance between global structural resto-
ration and local detail recovery.

3.5. Complexity Analysis
Let H×W×C denote a feature map and s the local-win-
dow side length. Following Swin Transformer [18], 
the computational costs of global multi-head self-at-
tention (MSA) and window attention (W-MSA) are

MSA) are 
( ) = 4 ² + 2( )²  (12)

( ) = 4 ² + 2( )²  
( − ) = 4 ²+ 2 ² .. (13)

At hierarchy level i, UTNet reduces the spatial reso-
lution to H/2i×W/2i and increases the channel width 
to 2iC. The corresponding attention cost isⁱ ⁱ

width to 2ⁱC. The corresponding attention cost is
ᵢ= 4 ²+ 2 ² /2ⁱ. . (14)

Summing over n+1 hierarchy levels gives
Summing over n+1 hierarchy levels gives

ℎ = ᵢ₌₀ⁿ ᵢ (15)

ℎ = ᵢ₌₀ⁿ ᵢ 
ℎ ≤ 4( + 1) ²+ 4 ² . . (16)

The attention term decreases geometrically with 
depth, and the overall complexity remains linear in 
the number of spatial positions. The measured UT-
Net FLOPs increase from 0.315G at 642 to 5.04G at 
2562 and 20.2G at 5122, consistent with this analysis. 
Table 1 provides an empirical comparison with rep-
resentative Transformer models.For L=64 and s=8, 
shifted-window propagation at a fixed resolution 
requires approximately L/s=8 cross-window steps, 
whereas UTNet reaches full bottleneck coverage af-
ter (L/s)=3 downsampling stages.

Model Attention Input Params (M) GFLOPs

Swin-T [18] W-MSA 2242 29.00 4.50

DehazeFormer-T Swin-style W-MSA 642 0.69 0.44

DehazeFormer-S Swin-style W-MSA 642 1.29 0.83

MB-TaylorFormer-B Taylor linear attention 642 2.68 1.99

UTNet (ours) Hierarchical W-MSA 642 1.34 0.32

Table 1
Empirical complexity comparison of representative Transformer models. Swin-T values are reported in [18]; the four 
dehazing models are evaluated at 64×64 under the same protocol.
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4. Experiments
4.1. Experimental Settings
Datasets. We conduct experiments on two repre-
sentative dehazing benchmarks, namely Haze4K 
and NH-Haze. Haze4K [17] is a large-scale synthet-
ic dehazing dataset containing 4,000 hazy-clean 
image pairs, which are divided into 3,000 pairs for 
training and 1,000 pairs for testing. The hazy imag-
es are synthesized using an atmospheric-scattering 
model with varying haze densities and scene depths. 
NH-Haze [1] is a real-world non-homogeneous haze 
dataset containing 55 pairs of hazy and correspond-
ing haze-free images captured in outdoor scenes. In 
this work, the proposed UTNet is trained exclusive-
ly on the Haze4K training set. The trained model is 
then evaluated on both the Haze4K test set and the 
full NH-Haze dataset.
Model configuration. Unless otherwise specified, all 
experiments are conducted using the proposed UT-
Net model. According to the implementation, the 
network adopts a four-scale U-shaped encoder-bot-
tleneck-decoder architecture with a base channel 
number of 32. After the initial 3×3 convolutional 
embedding, the encoder contains three hierarchical 
stages with channel dimensions of 32, 64, and 128, 
respectively, followed by a bottleneck stage with 256 
channels. The decoder then reconstructs the dehazed 
image through three symmetric upsampling stages 
with channel dimensions of 128, 64, and 32. Each en-
coder stage, the bottleneck, and each decoder stage 
contains one HSCBlock, resulting in a total of seven 
HSCBlocks in the default UTNet configuration. In 
the spatial attention branch, the number of attention 
heads is set to 4 and the local window size to 8. 
Training details. All experiments are implement-
ed in PyTorch 2.9.0 with CUDA 12.8 and conducted 
on an NVIDIA GeForce RTX 5070 Ti Laptop GPU 
(12 GB). During training, hazy and haze-free image 
pairs are cropped into  patches. The proposed model 
is optimized using the Adam optimizer [13] with an 
initial learning rate of , a batch size of 64, and a total 
of 500 epochs. Unless otherwise stated, the default 
multi-scale supervision weights are set to

[λ0,λ1,λ2,λ3]= [1,0.5,0.25,0.125].

Unless otherwise stated, all experiments follow the 
default training pipeline described above.

Evaluation metrics. We adopt both restoration-qual-
ity and efficiency-oriented metrics for comprehen-
sive evaluation. For image restoration performance, 
PSNR and SSIM are used as the primary quantita-
tive metrics on both Haze4K and NH-Haze. To eval-
uate model complexity and inference efficiency, we 
further report the number of parameters, FLOPs, 
and FPS, computed at an input size of 64×64 for fair 
comparison across methods. Through this evalua-
tion protocol, we assess not only the dehazing capa-
bility of UTNet but also its computational efficiency 
and practicality as a lightweight restoration model.

4.2. Comparison with Existing Methods
To evaluate UTNet against representative CNN- and 
Transformer-based dehazing methods, we compare 
it with FFA-Net [24], C2PNet [33], DehazeForm-
er-T/S [27], and MB-TaylorFormer-B [25]. The 
quantitative results are summarized in Table 2.
Quantitative comparison. UTNet achieves 23.26 
dB/0.9350 on Haze4K, comparable to Dehaze-
Former-T (23.24/0.9355) and DehazeFormer-S 
(23.21/0.9390), and higher than MB-TaylorForm-
er-B (22.38/0.9186). On NH-Haze, UTNet obtains 
11.96 dB/0.5032 and remains competitive with the 
DehazeFormer variants. Although competing meth-
ods achieve higher values on individual metrics, 
UTNet provides a favourable balance between res-
toration quality and computational efficiency. 
Visual comparison on the synthetic dataset. To fur-
ther examine the restoration quality, we present vi-
sual comparisons on the Haze4K test set in Figure 
3. Compared with FFA-Net [24] and C2PNet [33], 
the proposed UTNet produces dehazed results with 
clearer structural recovery, more natural colour res-
toration, and fewer residual haze artifacts. In par-
ticular, UTNet better restores scene contrast and 
preserves object boundaries in heavily degraded re-
gions, while avoiding the over-smoothed appearance 
or colour inconsistency that may occur in compet-
ing methods. These observations are consistent with 
the quantitative results in Table 2 and suggest that 
the proposed hybrid spatial-channel design is bene-
ficial for recovering both global scene structure and 
local details.
Visual comparison on the real-world dataset. We 
further provide qualitative results on NH-Haze in 
Figure 4 to evaluate the practical performance of 
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Method Haze4K PSNR ↑ Haze4K SSIM ↑ NH-Haze PSNR ↑ NH-Haze SSIM ↑

FFA-Net (pretrained) 19.40 0.9040 11.41 0.4184

FFA-Net (retrained) 21.55 0.8878 11.82 0.4340

C2PNet (pretrained) 20.06 0.8792 10.21 0.3617

C2PNet (retrained) 23.92 0.9396 12.29 0.4861

DehazeFormer-T (retrained) 23.24 0.9355 12.16 0.5042

DehazeFormer-S (retrained) 23.21 0.9390 12.25 0.5031

MB-TaylorFormer-B (retrained) 22.38 0.9186 11.60 0.4968

UTNet (ours) 23.26 0.9350 11.96 0.5032

Table 2
“Pretrained” denotes results from officially released models. DehazeFormer-T, DehazeFormer-S, and MB-TaylorFormer-B 
were retrained for 300 epochs under the Haze4K tile-64 data-processing and evaluation protocol, whereas UTNet follows 
its 500-epoch schedule.

Figure 3
Visual comparisons with representative dehazing methods on the synthetic Haze4K dataset.
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UTNet on real-world haze. Since real hazy scenes 
usually involve more complicated haze distributions, 
illumination variations, and texture ambiguity, they 
are substantially more challenging than synthet-
ic benchmarks. As shown in Figure 4, all compared 
methods exhibit noticeable performance degrada-
tion on real-world scenes. The proposed UTNet still 
suff ers from incomplete haze removal in dense re-
gions and slight color deviation in areas with strong 
illumination variation. However, compared with 
FFA-Net [24] and C2PNet [33], UTNet produces rel-
atively cleaner results with better contrast recovery 
and more faithful color reproduction. The competing 
methods tend to leave more prominent haze residues 
and produce less natural color tones, particularly in 
distant regions and areas with complex scene struc-
tures. Overall, although real-world dehazing remains 

a challenging problem for all evaluated methods, 
UTNet achieves comparatively better visual quality 
while maintaining its lightweight architecture.
To further analyze the reconstruction quality of UT-
Net on NH-Haze, we compute the pixel-wise mean ab-
solute error between the model output and the ground 
truth and visualize it as an error heatmap in Figure 5. 
As shown, large reconstruction errors are mainly con-
centrated in regions with dense non-homogeneous 
haze, complex sky–background boundaries, and fi ne 
vegetation textures. These regions exhibit strong spa-
tially varying attenuation, weak structural cues, and 
pronounced illumination changes, which are insuffi  -
ciently represented by the synthetic Haze4K training 
data. In UTNet, high-resolution features are primar-
ily processed within local windows, while broader 
contextual information is progressively aggregated 

Figure 4
Visual comparisons with representative dehazing methods on the real-world NH-Haze dataset.

Figure 5
Pixel-wise error heatmap of UTNet on an NH-Haze test image.
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through downsampling. This design may provide lim-
ited direct cross-window interaction at early stages 
when local structures are severely obscured. More-
over, the compact model capacity and the absence of 
explicit physical and colour-consistency constraints 
reduce robustness to extreme real-world haze, result-
ing in residual haze and slight colour deviation. 

4.3. Failure Case Analysis

To further examine the influence of the synthet-
ic-to-real distribution gap, we conducted a leak-
age-free held-out real-domain experiment. The 
55 NH-Haze image pairs were split into 44 train-
ing pairs and 11 strictly held-out test pairs. UT-
Net was retrained for 300 epochs using the same 
configuration as the Haze4K-only control, with 
the 44 real-image pairs oversampled by 30 times. 
The held-out images were never used for training 
or model selection. On the 11 held-out images, the 
Haze4K-only model achieves 11.79 dB PSNR and 
0.476 SSIM, whereas adding the 44 NH-Haze train-
ing pairs increases the performance to 17.05 dB and 
0.634 SSIM. Representative difficult images Nos. 
47, 46, and 53 improve by 7.47, 4.44, and 8.37 dB, re-
spectively, as shown in Figure 6. 
Since the model architecture, capacity, training ep-
ochs, and optimization settings remain unchanged, 
the substantial improvement on never-seen NH-
Haze images indicates that the synthetic-to-real dis-
tribution gap is a major contributor to the residual 
haze and colour deviation. The jointly trained mod-
el, however, decreases from 22.48 to 21.48 dB on the 
Haze4K test set under the same 300-epoch setting, 
revealing a trade-off between synthetic-domain ac-
curacy and real-domain adaptation. Therefore, the 
main comparison continues to report the original 
Haze4K-only 500-epoch model. The regional analy-
sis further shows that dense-haze areas remain the 
most difficult, with an average PSNR of 7.57±3.25 dB, 
compared with 14.82±4.36 dB in sky regions.

4.4. Cross-Resolution Evaluation

To evaluate the resolution adaptability of UTNet, 
the same trained model is tested on the Haze4K test 
set at 256×256, the native 400×400 resolution, and 
512×512. All images are processed using full-image 
inference without tiling or additional fine-tuning. 
The results are reported in Table 3.

Input resolution PSNR (dB) SSIM

256×256 22.81 0.9141

Native (400×400) 22.96 0.9182

512×512 23.05 0.9201

Table 3
Cross-resolution evaluation of UTNet on the Haze4K test set.

UTNet maintains stable restoration performance 
across the three input resolutions, with a maximum 
PSNR variation of 0.23 dB and an SSIM variation 
of 0.0060. The results show that the hierarchical 
encoder–decoder structure remains effective as 
the spatial dimensions of the intermediate fea-
tures change. Although larger inputs produce mul-
tiple local windows at the bottleneck, progressive 
downsampling and multi-scale feature aggregation 
preserve consistent dehazing performance without 
resolution-specific retraining.

4.5. Efficiency and Memory Analysis
In addition to restoration quality, computational 
efficiency and inference memory are important for 
practical image dehazing. We compare UTNet with 
FFA-Net, C2PNet, DehazeFormer-T, DehazeForm-
er-S, and MB-TaylorFormer-B in terms of param-
eters, FLOPs, FPS, latency, peak GPU memory, and 
peak CPU memory. All models are evaluated with a 
64×64 input and a batch size of 1 using PyTorch 2.9.0 
on Windows 11. Since no dedicated edge device was 
available, an NVIDIA GeForce RTX 5070 Ti Laptop 
GPU with 12 GB of memory and the host CPU were 
used as a consistent proxy platform.  
As shown in Table 4, UTNet achieves the lowest 
FLOPs and inference latency among the compared 
methods, reaching 108.93 FPS with a latency of 9.18 
ms. Its peak GPU memory is 25.76 MB, close to FFA-
Net and lower than C2PNet, DehazeFormer-S, and 
MB-TaylorFormer-B, although DehazeFormer-T re-
quires less GPU memory. UTNet uses 109.7 MB peak 
CPU memory; FFA-Net records the lowest value 
overall at 69.1 MB, while UTNet has the lowest CPU 
memory among the Transformer-based baselines 
(109.7 versus 165.7–196.0 MB). Overall, the main ef-
ficiency advantage of UTNet lies in its low computa-
tional cost and fast inference, together with moder-
ate GPU and CPU memory requirements.
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Figure 6
Failure-case diagnostic on held-out NH-Haze images Nos. 47, 46, and 53. From left to right: hazy input, output of the Haze4K-only 
model, output of the model retrained on Haze4K plus 44 NH-Haze training pairs, and ground truth. The displayed test images 
were never used for training or model selection. Green boxes indicate representative regions with large reconstruction errors.
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4.6. Gamma Augmentation
Gamma augmentation models exposure and lumi-
nance variation by applying the same exponent to 
each paired hazy and ground-truth image:

Native (400×400) 22.96 0.9182 

512×512 23.05 0.9201 

 
UTNet maintains stable restoration performance 
across the three input resolutions, with a maximum 
PSNR variation of 0.23 dB and an SSIM variation 
of 0.0060. The results show that the hierarchical 
encoder–decoder structure remains effective as the 
spatial dimensions of the intermediate features 
change. Although larger inputs produce multiple 
local windows at the bottleneck, progressive 
downsampling and multi-scale feature aggregation 
preserve consistent dehazing performance without 
resolution-specific retraining. 
4.5. ���������� ��� ������ �������� 

In addition to restoration quality, computational 
efficiency and inference memory are important for 
practical image dehazing. We compare UTNet with 
FFA-Net, C2PNet, DehazeFormer-T, 
DehazeFormer-S, and MB-TaylorFormer-B in 
terms of parameters, FLOPs, FPS, latency, peak 
GPU memory, and peak CPU memory. All models 
are evaluated with a 64×64 input and a batch size 
of 1 using PyTorch 2.9.0 on Windows 11. Since no 
dedicated edge device was available, an NVIDIA 
GeForce RTX 5070 Ti Laptop GPU with 12 GB of 
memory and the host CPU were used as a consistent 
proxy platform.

 

����� 4 
Quantitative comparison of model complexity, inference efficiency, and memory consumption.Peak CPU memory is measured as 
the per-process increment over the post-import baseline at 64×64 resolution with a batch size of 1, excluding common framework 

overhead. 
 

Method Params FLOPs FPS Latency Peak GPU Memory Peak CPU Memory 

FFA-Net 4.456M 17.971G 26.84 37.26 ms 25.34 MB 69.1 �� 

C2PNet 7.169M 28.810G 16.4 60.96 ms 36.56 MB 97.1 MB 

DehazeFormer-T 0.687� 0.435G 76.77 13.03 ms 21.81 �� 165.7 MB 

DehazeFormer-S 1.285M 0.834G 40.5 24.69 ms 27.84 MB 173.6 MB 

MB-TaylorFormer-B 2.677M 1.989G 8.05 124.18 ms 42.94 MB 196.0 MB 

UTNet (ours) 1.342M 0.315� 108.93 9.18 �� 25.76 MB 109.7 MB 
 

As shown in Table 4, UTNet achieves the lowest 
FLOPs and inference latency among the compared 
methods, reaching 108.93 FPS with a latency of 
9.18 ms. Its peak GPU memory is 25.76 MB, close 
to FFA-Net and lower than C2PNet, 
DehazeFormer-S, and MB-TaylorFormer-B, 
although DehazeFormer-T requires less GPU 
memory. UTNet uses 109.7 MB peak CPU 
memory; FFA-Net records the lowest value overall 
at 69.1 MB, while UTNet has the lowest CPU 
memory among the Transformer-based baselines 
(109.7 versus 165.7–196.0 MB). Overall, the main 
efficiency advantage of UTNet lies in its low 

computational cost and fast inference, together with 
moderate GPU and CPU memory requirements. 
4.6. 
���� ������
�
��� 
Gamma augmentation models exposure and 
luminance variation by applying the same exponent 
to each paired hazy and ground-truth image: 

 �′ = � , (17) 
where γ is applied identically to both images in a 
pair, preserving their structural correspondence. 
Figure 7 illustrates the exposure changes. We first 
determine the sampling interval and then evaluate 
the contribution of gamma augmentation. 

 

	����� 7 
Gamma-based augmentation at different exposure levels. The display gamma values are ����=2.0, 2.2, and 2.4 from left to right, 

where ����=2.2 is the identity case. The training transformation follows Equation (17). 
 

Input 
(����=2.0, darker) 

Input 
(����=2.2, identity) 

Input 
(����=2.4, brighter) 

(17)

where γ is applied identically to both images in a pair, 
preserving their structural correspondence. Figure 
7 illustrates the exposure changes. We first deter-

Method Params FLOPs FPS Latency Peak GPU Memory Peak CPU Memory

FFA-Net 4.456M 17.971G 26.84 37.26 ms 25.34 MB 69.1 MB

C2PNet 7.169M 28.810G 16.4 60.96 ms 36.56 MB 97.1 MB

DehazeFormer-T 0.687M 0.435G 76.77 13.03 ms 21.81 MB 165.7 MB

DehazeFormer-S 1.285M 0.83 4G 40.5 24.69 ms 27.84 MB 173.6 MB

MB-TaylorFormer-B 2.677M 1.989G 8.05 124.18 ms 42.94 MB 196.0 MB

UTNet (ours) 1.342M 0.315G 108.93 9.18 ms 25.76 MB 109.7 MB

Table 4
Quantitative comparison of model complexity, inference efficiency, and memory consumption.Peak CPU memory 
is measured as the per-process increment over the post-import baseline at 64×64 resolution with a batch size of 1, 
excluding common framework overhead.

mine the sampling interval and then evaluate the 
contribution of gamma augmentation.
Table 5 shows that [0.8,1.2] gives the highest Haze4K 
PSNR and NH-Haze SSIM, whereas [0.6,1.4] gives 
the highest Haze4K SSIM and NH-Haze PSNR. The 
wider [0.4,1.6] range is not optimal on either dataset. 
We therefore select [0.6,1.4] as the default interval, 
balancing synthetic-domain accuracy and real-do-
main generalisation. These results are used only 
for interval selection and are not directly compared 
with the 500-epoch main results.

Input
(gnew=2.0, darker)

   

   

Input
(gnew=2.2, identity)

Input
(gnew=2.4, brighter)

GT
(gnew=2.0, darker)

GT
(gnew=2.2, identity)

GT
(gnew=2.4, brighter)

   

   

Figure 7
Gamma-based augmentation at different exposure levels. The display gamma values are gnew=2.0, 2.2, and 2.4 from left to 
right, where gnew=2.2 is the identity case. The training transformation follows Equation (17).
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Using the selected interval, Table 6 shows that 
Flip+Gamma improves NH-Haze SSIM from 0.4864 
to 0.5032 compared with Flip, indicating greater 
robustness to illumination variation. However, its 
NH-Haze PSNR remains below the unaugmented 
baseline (11.96 versus 12.30 dB). Gamma transfor-
mation changes global luminance but does not re-
produce the spatial distribution of real non-homo-
geneous haze. This is consistent with Section 4.3, 
where dense-haze regions reach only 7.57±3.25 dB 
compared with 14.82±4.36 dB in sky regions. Thus, 
gamma augmentation improves structural similar-
ity under brightness variation but cannot eliminate 
the main domain gap caused by localized dense haze.

4.7. Multi-scale Loss Weights

To investigate how the supervision weights at dif-
ferent output scales affect the performance of 
UTNet, we conduct a comparative study on the 

Gamma Range Haze4K PSNR ↑ Haze4K SSIM ↑ NH-Haze PSNR ↑ NH-Haze SSIM ↑

Narrow [0.8,1.2] 23.0281 0.9229 11.9639 0.5015

Default [0.6,1.4] 22.4798 0.9262 12.3757 0.4900

Wide [0.4,1.6] 22.4805 0.9257 11.9289 0.4932

Table 5
Gamma interval selection under a common 300-epoch setting. Results are compared only within this table; the best 
result is bold and the second-best result is red.

Augmentation Haze4K PSNR ↑ Haze4K SSIM ↑ NH-Haze PSNR ↑ NH-Haze SSIM ↑

None (baseline) 21.42 0.9081 12.30 0.4988

Flip 23.50 0.9371 11.82 0.4864

Flip + Gamma (ours) 23.26 0.9350 11.96 0.5032

Table 6
Augmentation comparison using the selected gamma range [0.6,1.4]. The best result is bold and the second-best result is red.

multi-scale loss design. To isolate the effect of loss 
weighting, all models in this experiment are trained 
without data augmentation. Specifically, we evalu-
ate four weight settings for each of the four output 
losses. L0, L1, L2, and L3, as listed in Table 7. Among 
them, [1,0,0,0] corresponds to the single-scale su-
pervision setting, where only the final output is 
directly constrained, while the other three settings 
introduce progressively decaying auxiliary super-
vision at intermediate scales. 
The quantitative results are reported in Table 7. 
It can be observed that different weight distribu-
tions yield notably different restoration behaviours 
across the two datasets. The single-scale supervi-
sion setting  achieves relatively balanced perfor-
mance, but lacks additional guidance from interme-
diate outputs. Introducing multi-scale supervision 
generally improves the structural learning ability 
of the network, especially on the more challeng-
ing NH-Haze dataset. In particular, the setting  

Group Loss Weight [L0, L1, L2, L3] Haze4K PSNR Haze4K SSIM NH-Haze PSNR NH-Haze SSIM

A (baseline) [1,0,0,0] 21.71 0.9017 11.76 0.4979

B (ours) [1,0.5,0.25,0.125] 21.42 0.9081 12.30 0.4988

C [1,0.2,0.04,0.008] 21.35 0.9011 11.48 0.4915

D [1,0.1,0.001,0.0001] 21.73 0.9043 11.72 0.4923

Table 7
Quantitative evaluations of different multi-scale loss weight settings on the synthetic and real-world datasets.
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achieves the best performance on NH-Haze, yield-
ing 12.30 dB PSNR and 0.4988 SSIM, indicating 
that a moderately decaying supervision scheme is 
beneficial for improving restoration quality in re-
al-world hazy scenes.
Compared with the single-scale setting, introduc-
ing auxiliary supervision provides richer gradient 
signals at intermediate decoding stages, facilitating 
optimization and encouraging the network to learn 
coarse-to-fine restoration behaviour. However, the 
results also suggest that the relative weighting among 
scales can be carefully controlled. When the auxiliary 
losses decay too slowly or too strongly, the resulting 
supervision may either over-constrain intermediate 
outputs or become too weak to provide meaningful 
guidance. For example, the setting [1,0.2,0.04,0.008] 
shows weaker performance on NH-Haze, suggesting 
that insufficient intermediate supervision limits its 
contribution to real-world performance. On the oth-
er hand, the setting [1,0.1,0.001,0.0001] achieves the 
best Haze4K PSNR, but does not perform as well as 
[1,0.5,0.25,0.125] on NH-Haze, indicating that overly 
small auxiliary weights may bias the optimization 
toward the final high-resolution output alone.
Overall, these results show that multi-scale supervi-
sion is beneficial, but its effectiveness depends strong-
ly on the weighting strategy. Considering the better 
overall balance between synthetic and real-world 
performance, we adopt [λ0, λ1, λ2, λ3]=[1,0.5,0.25,0.125] 
as the default loss weighting scheme in the subse-
quent experiments.

4.8. Ablation on the Hybrid Attention Design
To evaluate the effectiveness of the proposed hybrid 
spatial–channel attention design, we conduct an ab-
lation study by removing either the spatial attention 
SA or the channel attention CA branch from the HSC-
Block. All models are trained under the same setting 
without data augmentation, and the loss weights are 
fixed to [1, 0, 0, 0] to eliminate the influence of multi-

scale supervision. The comparison includes three 
variants: SA+CA full model, SA only, and CA only. 
The quantitative results are reported in Table 8. As can 
be observed, the full model SA+CA achieves the best 
overall performance on the synthetic Haze4K dataset, 
with 21.71 dB PSNR and 0.9017 SSIM, outperform-
ing both the SA-only (21.45 dB / 0.8861) and CA-only 
(20.22 dB / 0.8708) variants by clear margins. On the 
real-world NH-Haze dataset, SA+CA also achieves a 
competitive 11.76 dB PSNR and the highest SSIM of 
0.4979, indicating that the combination of spatial and 
channel attention provides a more balanced feature 
representation for real-world hazy scenes.
When using only the spatial attention branch, the 
model achieves 21.45 dB PSNR on Haze4K, which is 
close to the full model, suggesting that spatial atten-
tion is highly effective at capturing local structural 
dependencies. However, its SSIM drops noticeably 
to 0.8861, and its NH-Haze performance (11.68 dB / 
0.4971) also falls behind the full model. The CA-only 
variant achieves the highest NH-Haze PSNR of 11.78 
dB, but its Haze4K performance degrades signifi-
cantly (20.22 dB / 0.8708), indicating that channel 
attention alone lacks sufficient spatial modelling 
capability for synthetic haze removal. It is because 
channel attention primarily focuses on recalibrating 
features across channels, without explicitly mod-
elling spatial relationships, which are essential for 
handling spatially varying haze.
Overall, these results demonstrate that spatial at-
tention and channel attention play complementary 
roles in image dehazing. Spatial attention focuses 
on modelling structural dependencies across spatial 
locations, while channel attention enhances feature 
discrimination across channels. By integrating both 
mechanisms, the proposed HSCBlock enables UT-
Net to achieve a better balance between local detail 
restoration and global feature selection, thereby 
improving performance on both synthetic and re-
al-world datasets.

Model Haze4K PSNR Haze4K SSIM NH-Haze PSNR NH-Haze SSIM

SA + CA (ours) 21.71 0.9017 11.76 0.4979

SA only 21.45 0.8861 11.68 0.4971

CA only 20.22 0.8708 11.78 0.4954

Table 8
Quantitative evaluations of different attention configurations on the synthetic and real-world datasets.
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5. Conclusion
In this paper, we proposed UTNet, a lightweight 
U-shaped Transformer for single-image dehazing. 
UTNet combines hierarchical encoder–decoder re-
construction with local-window spatial attention 
and channel-wise feature recalibration. The hier-
archical pathway progressively expands contextual 
coverage, while skip connections and multi-scale 
supervision support detail reconstruction and sta-
ble optimization. Gamma augmentation further 
improves robustness to illumination variation. Ex-
periments on Haze4K and NH-Haze show that UT-
Net provides competitive restoration quality with a 
compact computational footprint. The model con-
tains 1.34M parameters, requires 0.32G FLOPs for a 
64×64 input, and achieves 108.93 FPS with a latency 
of 9.18 ms on the laptop GPU used in our evaluation. 
Cross-resolution experiments also demonstrate sta-
ble performance from 256×256 to 512×512 inputs.

The results further show that performance on real 
non-homogeneous haze is strongly affected by the 
synthetic-to-real distribution gap. Introducing real 
NH-Haze training samples substantially improves 
performance on strictly held-out NH-Haze images, 
although a trade-off with synthetic-domain accura-
cy is observed. Difficult cases remain concentrated 
in regions with dense localized haze, weak structur-
al cues, and complex illumination. Future work will 
therefore investigate broader real-domain training 
data, lightweight cross-window interaction, and 
physical or colour-consistency constraints. Valida-
tion on dedicated edge hardware will also be con-
ducted to further assess practical deployment.
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