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Abstract: Image dehazing remains a highly ill-posed problem in low-level computer vision, primarily due to the complex coupling of
spatially variant haze and high-frequency background details. Existing deep learning-based methods often struggle to balance the trade-off
between aggressive haze removal and the preservation of fine textures, frequently resulting in color distortion, halos, or detail loss. To
address these limitations and achieve high-fidelity restoration, this paper proposes a parallel feature fusion framework driven by a haze-
detail collaboration mechanism. Specifically, the proposed framework adopts a dual-branch parallel architecture to disentangle the dehazing
process. The upper branch functions as a haze layer extraction network. It employs a Res2Net-based encoder to capture multi-scale
semantic features and integrates a novel deformable convolution-residual hybrid attention module. By dynamically adjusting the receptive
fields, this module precisely characterizes non-uniform haze distributions and models long-range dependencies. Simultaneously, the lower
branch serves as a detail compensation network, leveraging context detail information blocks with multi-scale dilated convolutions to
aggregate contextual cues and reinforce the representation of high-frequency textural details. Subsequently, a fusion network performs
adaptive feature integration, effectively merging the extracted haze features with the enhanced detail information to reconstruct the haze-
free image. To ensure robust training, a dual-supervision mechanism is introduced, combining a feature regularization loss to align feature
distributions in the latent space and a reconstruction loss to constrain pixel-level content fidelity. Extensive quantitative and qualitative
experiments are conducted on both synthetic benchmarks and real-world datasets. The results demonstrated that the proposed algorithm
delivered superior performance, achieving higher peak signal-to-noise ratio and structural similarity scores compared to state-of-the-art
methods. Visual comparisons further confirmed that our method effectively removed dense haze while recovering vivid colors and sharp
structural details without introducing artifacts.
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maps for haze removal. He et al.”” introduced the dark

0 Introduction channel prior (DCP) , which estimates the transmission

Images captured under hazy weather conditions suffer
from severe quality degradation, characterized by a
significant loss of structural information and textural details.
This visual impairment adversely affects the performance
of downstream high-level vision tasks, such as satellite
remote sensing, object detection, and environmental
monitoring. Consequently, effective image dehazing to
restore visibility is of critical importance.

Existing image dehazing algorithms are primarily
categorized into two paradigms: traditional prior-based
methods and deep learning-based approaches'.
Traditional methods typically rely on the physical
atmospheric scattering model, leveraging hand-crafted

priors to estimate atmospheric light and transmission

map by employing the dark channel of the image in
conjunction with the atmospheric scattering model,
thereby enabling image dehazing. Ling et al."” proposed
the saturation line prior, which exploits pixel-wise
correlation to construct saturation lines for transmission
estimation and subsequent image reconstruction.
Similarly, to address the inaccurate estimation of
atmospheric light and transmission caused by white
objects or bright regions in the dark channel prior, Li et
al."' proposed a superpixel-based dehazing algorithm, by
utilizing simple linear iterative clustering (SLIC) to
estimate local atmospheric light and obtaining the final
transmission map. Although these prior-based methods
yield satisfactory results in specific scenes, they often
suffer

from performance degradation when their
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underlying assumptions are violated. In complex real-
world scenarios, this limitation frequently leads to
artifacts such as color distortion and incomplete haze
removal.

With the rapid advancement of deep learning,
methods based on deep neural networks have emerged as
a prominent research direction in the field of image
dehazing. Cai et al.” proposed DehazeNet, a dehazing
network that learns the global transmission map through
multi-scale feature extraction and restores haze-free
images based on the atmospheric scattering model. Chen
et al. " proposed GCA-Net,
aggregation network that employs smooth dilated

a gated contextual

convolutions to suppress gridding artifacts and
introduces a gating subnetwork to fuse multi-level
thereby

Qin et al.”! proposed FFA-Net, an end-to-end network

features, enhancing perceptual  quality.
that incorporates both channel and pixel attention
mechanisms to construct a feature attention module,
enabling the model to adaptively attend to informative
regions of the image. Luo et al."" designed a novel large-
kernel convolution dehazing block, which comprises
deep large-kernel convolution components and a
channel-enhanced feed-forward network. In this design,
the deep large-kernel convolution is decomposed into
shallow-depth convolution and dilated convolution,
while channel attention is introduced into the feed-
forward network to identify important channels and
enhance dehazing robustness. Chen et al." proposed a
detail-enhanced attention block composed of a detail
enhancement convolution and content-guided attention
to strengthen feature learning and improve dehazing
performance.

Although existing deep learning-based methods have
achieved remarkable performance, issues such as over-
removal or residual haze persist when processing images
with uneven haze distribution. This primarily arises from
the inadequate characterization of haze features during
training. To address these challenges, we propose a
parallel feature fusion framework driven by haze-detail
collaboration. Specifically, the proposed framework
integrates a haze layer extraction network, a detail
compensation network, and a fusion network, and it is
supervised by a feature regularization loss. This
effectively alleviates the issue of uneven haze removal in
images with non-uniformly distributed haze. The main
contributions are summarized as follows.

1) To effectively resolve the trade-off between haze-
layer feature removal and detail restoration, we propose
a parallel feature fusion framework driven by haze—detail

collaboration.

2) In the haze-layer extraction network, we leverage
Res2Net to more effectively capture image features at
different scales, and propose a deformable convolution—
residual hybrid attention block to enhance the network’ s
sensitivity to the distribution of haze features during training.

3) In the detail compensation network, we design a
detail contextual enhancement module that employs
dilated convolutions with multi-scale dilation rates to
aggregate contextual information, thereby expanding the
receptive field while enhancing the network’ s ability to
preserve fine-grained structural details.

4) In the fusion network, we introduce an attention
mechanism to generate weight masks to disentangle the
haze layers from background structures. Additionally,
we design a haze—background fusion module to facilitate
haze removal while further enhancing texture details.

5) We formulate a composite loss function by integrating
feature regularization loss, mean squared error loss, and
perceptual loss. By feeding paired hazy and clean images
into the network and extracting their feature maps, the
feature regularization loss imposes constraints on the
training process. This not only enhances feature alignment
and consistency but also improves the model’ s robustness

and generalization capability.

1 Theoretical background

In the field of computer vision, atmospheric scattering
models are widely adopted to model the haze formation

[10]

process within imaging systems"”. The mathematical

expression can be formulated as

I(x)=J(x)t(x)+A[1—¢t(x)], )]
where I'(x) denotes the haze image, J(x) denotes the
scene radiance (haze-free image) , #(x) is the transmission
map, and A refers to the global atmospheric light.

In practice, image dehazing is commonly achieved by
leveraging priors to estimate #(x) and A, thereby
recovering the haze-free image. To simplify the dehazing
model, we reformulate the physical model into an

additive form"Y

. By defining the background image as
B(x)=J(x), Eq.(1) canbe rewritten as
I(z)=B(x)+(A—B(x))(1—¢(z)), (2)
where the second term represents the haze-induced
degradation. If we denote the haze-layer features as
D(x)=(A — B(x))(1—t(x)), the haze image can be
simplified as
I(x)=B(x)+D(x), 3)

where I'(x) denotes the haze image, B(x) denotes the
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background image, and D(x) denotes the haze-layer
features. However, as indicated by the derivation
D(x)=(A—B(x))(1—1t(z2)), the haze component
D(x) is intrinsically dependent on the background
information B(x). Consequently, a simple additive
assumption oversimplifies the complex coupling between
B(x)and D(x) caused by the transmission medium"?. As
aresult, Eq. (3) cannot accurately characterize the dehazing
process in complex scenes. To address this, we reformulate

the model to explicitly account for their correlation.

I(z)=B(x)+D(x)+ F(B(x),D(x)), (4)
F(B(x),D(x))

relationship between the background image and the haze-

where denotes  the  coupling

layer features, capturing latent correlations and

redundancy shared between B(x )and D(x ).

2 Proposed algorithm

Fig.1 illustrates the overall architecture of the proposed
haze-detail synergistic parallel feature fusion framework.
This framework comprises four main components: the haze
layer extraction network, the detail compensation network,
the fusion network, and the feature supervision mechanism.
Specifically, the haze layer extraction network is structured
as an encoder-decoder architecture. The encoder takes hazy
images as input and employs stacked Res2Net blocks to
enhance the representational capability of haze layer

Encoder

Enhance Context detail Feati‘“"; .
block information block fgiu arization loss

features across different spatial scales. Additionally, we
introduce a deformable convolution-residual hybrid
attention module to better adapt to diverse haze distribution
characteristics, thereby increasing the network’ s sensitivity
to haze-related features.

To further restore structural fidelity, we design a
detail compensation network that employs a dilated
convolution architecture with multi-scale dilation rates
to aggregate contextual cues. This design enhances the
network’ s ability to capture fine texture details while
expanding the receptive field. Additionally, we design a
fusion network to achieve effective feature integration
thereby
obtaining richer and more precise feature representations.

between the haze layer and background,

Complementing the architectural design, this study
employs a feature supervision mechanism to guide
in Fig.1, the
supervision includes two parts. 1) By computing feature

network optimization. As shown
regularization loss (L) between paired hazy and clear
images, the network learns the intrinsic differences
between them and aligns feature representations
adaptively; 2) Simultaneously, a reconstruction loss
(Lx) is imposed between the restored output and the
reference image to constrain the content fidelity. This
dual-supervision ~ mechanism  enhances  feature
compactness and consistency, enabling more precise

characterization of haze-related components.

Deformable convolution-residual
Conv - Res2Net block hybrid attention

MSE+perceptual
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~
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Fig. 1 Network structure

2.1 Haze-layer feature extraction network

The haze layer feature extraction network is illustrated in
Fig.1. Specifically, we initialize the encoder component
using ImageNet pre-trained weights. This initialization

strategy incorporates rich semantic prior information,
significantly enhancing the network’s feature representation
capabilities and accelerating training convergence. The
decoder integrates a deformable convolution-residual

hybrid attention module, enabling the network to
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selectively emphasize meaningful channel responses and
spatial structures associated with haze. Additionally, an
enhancement module is appended after the DC-RHA
module to further enrich the representational capacity of the
extracted features.
2.1.1 Encoder module

Res2Net enhances the performance of the ResNet
architecture by introducing a novel hierarchical residual-like
structure designed to handle multi-scale feature maps
effectively™. Unlike the standard ResNet block, where
convolutional layers are restricted to a fixed receptive field
size, Res2Net addresses this limitation by partitioning input
feature maps into multiple subsets. These subsets are
processed through a cascade of convolutions, effectively
decomposing the standard 3X 3 convolution into a series of
multi-scale representations. By introducing a scale
dimension parameter, denoted as “s”, to control the
number of channel groups, Res2Net enables a single
convolutional layer to represent varied receptive fields. This
mechanism significantly improves the network’ s ability to
capture fine-grained multi-scale features. Fig.2(a)
illustrates the basic bottleneck block of ResNet. Fig.2 (b)
shows the basic module of Res2Net. Specifically, Res2Net
first adopts a 1 X1 convolution to split the input feature map

into s subsets, denoted as { X1, Loy T, }

r .
Channel attention

Conv | [ ReLu| | Conv

Y
Deformable conv
A\ 4
Maxpool

(a) Bottleneck block
Fig. 2
module

(b) Res2Net module

Comparison between bottleneck block and Res2Net

The first subset x, serves as an identity mapping to
produce y,, while the second subset is processed by a 3X3
convolution to produce the output y,. For the remaining
subsets, each current subset is added to the output of the
previous subset and then fed into a 3X 3 convolution. Let
the output of the i-th subset be denoted as y,. This process

can be formulated as

Xy 1= 1;
v, =K. (x;), i=2; (5)
Ki(1f+y«—1), 3.

2.1.2 Decoder module
To effectively characterize regional haze features, we
design the DC-RHA module, as shown in Fig.3.

Conv | | ReLu| | Conv

A 4

Fig.3 DC-RHA structure diagram

This module consists of a deformable convolution™ and
a hybrid attention mechanism. Specifically, the deformable
convolution dynamically adjusts the spatial sampling
positions of convolutional kernels to accommodate the
spatially non-uniform distribution of haze. Subsequently,
the module employs a hybrid attention mechanism to
enhance the focus on informative features. The channel

[15

attention” adaptively reweights different feature channels

to enhance the representation of crucial channels, while the

pixel attention®’

assigns weights to each spatial position,
further refining the feature representation. By sequentially
combining channel and pixel attention, the proposed

module enhances feature representation along both channel

and spatial dimensions, thereby bolstering the model’ s
robustness and generalization capabilities. We define the

mathematical formulation of this process as
F.,=oc(Conv(d(Conv(Max(DC(F,)))))), (6)

F,,=0o(Conv(d(Conv(F,)))), (7

Frx‘—RHA:((FCH®DC(F,-))®Fpg)@Fu (8)
where F, denotes the feature map input at the x-th layer;
and DC and Max denote the deformable convolution layer
and the max-pooling layer, respectively; Conv denotes a
3X 3 convolution operation; ¢ and o denote the RelLU and
Sigmoid activation functions, respectively; F., and F,,

denote the feature responses after channel attention and
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pixel attention, while Fp_pus denotes the final output
feature map of the deformable convolution-residual hybrid
attention block. Notably, during the channel attention
stage, the scalar weights generated by the Sigmoid function
are multiplied by the feature map output from the batch
normalization (BN) layer. This operation effectively
recalibrates the normalized features, enabling the network
to adaptively focus on important channels.
2.1.3 Feature representation enhancement module

To bolster the extraction of haze-layer features and
expand the model’ s receptive field, we design a feature
enhancement module, as illustrated in Fig.4.

ﬂ Conv
Multiscale AvgPool
ﬂ - Tanh

Nl

LI

Fig.4 Enhancement module

This module captures features across multiple spatial
scales through a multi-scale pooling strategy. First, feature
maps undergo preliminary feature extraction via a
convolutional layer. Subsequently, we apply average
pooling operations with kernel sizes of 32X 32, 16X 16,
8X8,

representations, enriching the semantic diversity of the

and 4X4 to generate multi-scale feature
extracted features. The pooled feature maps are then
upsampled to restore their spatial resolution, enabling
seamless concatenation with the original features. Finally,
we apply a convolutional layer with a Tanh activation
function to further enhance nonlinear representation

capabilities. The specific enhancement process is

),

),

F oy = Upsample(Conv(Avgs, .5 (F;))
)) ©)
))
)

F ., = Upsample(Conv( Avgy. s (F,
onv(Avgy. s(F,)
onv(Avg, ., (F,)

(
N = Upsample(C
F.,= Upsample(C

F.,.= a(Conv(cat( Fm]lchnZ’FCnS’FvnAl)))’ (10)
where F; denotes the output feature map of the i-th layer;
Avg and Upsample denote the average pooling layer and
the upsampling layer, respectively; the operator cat
denotes the feature concatenation operation; « indicates
the Tanh activation function; F., denotes the final output

feature map of the enhancement module.
2.2 Detail compensation network

To compensate for the structural details compromised
during the haze removal process, we design a dedicated

detail compensation branch. By leveraging a context
detail information block (CDIB) , this branch effectively
expands the receptive field and aggregates multi-scale
contextual cues, thereby facilitating the precise
restoration of fine-grained structures.

Fig.5 illustrates the structure of the CDIB, which is built
upon a contextual dilated convolutional layer (CDCL) with
residual connections. In the CDCL, three dilated
convolutions with dilation rates of 1, 3, and 5 are deployed
to capture detailed features at different spatial scales. 1X'1
convolution is applied to fuse the multi-scale features and
restore the channel dimensionality. The mathematical

formulation of the CDCL is expressed as

CDCL = Conv, ., (cat [ Convy. s, (x),Convs. ;. (1),
COHsts,ps(J?)]), (11)

where x denotes the input feature map, Conv,.,,

denotes a dilated convolution with kernel size %2 and

dilation rate pi. Formally, we define the CDIB as

CDIB=¢&(CDCL (e,6(CDCL(x))))Dz, (12)
where x denotes the input feature map, e and ¢ denote

the batch normalization and Rel.U activation operations,

respectively.

Contextual dilated
convolutional layer

. |

Fig. 5 Context detail information block

2.3 Haze-background feature fusion module

To facilitate effective feature

interaction, we design a feature fusion network to

separation and

integrate the information from the dual branches, as
illustrated in Fig.6.Let f, denote the haze-layer features
extracted by the haze layer extraction branch (upper
branch) , and f, denote the detail features generated by
the detail
Specifically, the low-level feature f; is processed by a

compensation branch (lower branch).
global channel attention mechanism to learn a weighting

matrix Q,, enabling the network to selectively
emphasize haze-related characteristics. In contrast, the
high-level feature f; is fed into a local pixel attention

mechanism to learn a weighting matrix Q,,, allowing the
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network to effectively attend to background information.
Both Q, and Q, are subsequently normalized through a
Softmax function to generate complementary weight
masks, ensuring that pixels at different spatial locations
are adaptively assigned to different layers (background

or haze layer) . We formulate the fusion process as

F,= Q,Xf, + Softmax (Q, )X f,, (13)

[Channel attention

Me
2
v

|

Fh: Qh ®ﬁ, + SOftmaX(Qh)®fh, (14)
where Q, ®fh denotes the haze components contained in

Softmax (Q,)X £,
represents the residual haze components that remain in
the background feature map, Q,& f; denotes the detail

information contained in the detail information that

the haze-layer feature map,

appears within the haze-layer feature map.

|
|
|
|
|
f _* ke Conv| |ReLu| [Conv Soft
h A pool max h
|
|
J — — L

M 1 Tt T === |
Pixel attention |

Yy

a

UV
v
|

|
! i
' i
I
| |Q1.‘ Soft
fh —PI(CL)nv ReLu| [Conv i max \‘ ,
I |
I |
[{— ! L (I

Fig. 6 Fusion network

Building upon this, we design a dual-stage fusion
module. In the first stage, global average pooling (GAP)
and global max pooling (GMP) are applied to extract multi-
scale detail information. The resulting features are
concatenated and passed through a convolution layer
followed by a Sigmoid activation function to compute the
corresponding fusion weights. In the second stage, the
learned weights are applied to I, and F),, and the two are
subsequently combined through weighted fusion to produce
the final output. We define the detailed fusion process as

F,= cat(8(Conv(GAP(cat(F\,F,)))),
0 (Conv(GMP(cat( Fy, Fy))))),
F,= Conv(cat(g(8(Conv(F,)))X F,,
a(0(Conv(F)))X F,)), (16)
where F', denotes the output of the first stage, F; denotes

(15)

the output of the second stage, cat represents the
concatenation operation, and Conv denotes the convolution
operation. In addition, GAP and GMP represent the global
average pooling and global max pooling operations,
respectively.

2.4 Loss function

During network training, the mean squared error (MSE)
loss, perceptual loss, and feature regularization loss are
employed to optimize the model parameters. The MSE loss
quantifies the pixel-wise discrepancy between the dehazed
image and the corresponding clear image, and is defined as

1 X
LZ—N;

2
’

J.—J

(17)

where j denotes the dehazed image, J, denotes the
corresponding clear image, and N represents the number
of restored image samples.

The perceptual loss is adopted to enhance the visual
quality of the reconstructed image, ensuring that the
dehazed image is more similar to the clear image at a
semantic level. Based on the VGG16 feature extraction
network pretrained on ImageNet"”, the perceptual loss is
defined as

LPZJiICj;j“/]‘QS](JN,.) 800)

where J, denotes the dehazed image, J; denotes the clear
image, and ¢, represents the j-th layer of the VGG16

network. In addition, C;, H;, and W, denote the number of

L)

channels, height, and width of the feature map at layer .
The feature regularization loss is introduced to ensure
that the encoder captures robust semantic and structural
information, impervious to haze interference. As illustrated
in Fig.1, during training, both the hazy image and the clear
reference image are fed into the shared Res2Net encoder.
We enforce consistency between their deep feature
representations to compel the network to learn haze-
invariant features. Specifically, the feature maps are
extracted from the 4th stages of the Res2Net encoder, as
these deep layers contain rich semantic context crucial for
disentangling background structures from haze components.
The regularization loss is formulated using the .1 norm.

1 &
L=y 2 EW)—EGD]) a9

i=1
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where E,(J;) and E,(J,) represent the feature maps
extracted from the clean and hazy images at the k-th stage,
and N denotes the number of restored image samples. By
minimizing L, the encoder is constrained to align the latent
representations of hazy and clean images, thereby
preserving structural fidelity. Accordingly, the composite

loss function is expressed as
14:1424’7/1][4])4’7A214F, (20)
where L denotes the composite loss function, and A, and

A, are weighting factors, which are set to 0.1 and 0.05.
3 Experimental results and analysis

3.1 Experimental setup

In this study, both synthetic and real-world datasets
were utilized to validate the efficacy of the proposed
network. Regarding synthetic data, we employed the indoor
training set (ITS) and the synthetic objective testing set
(SOTS) from the RESIDE benchmark dataset"’.

To further assess generalization capabilities under
realistic haze conditions, the O-HAZE"" and NH-HAZE™"
datasets were leveraged. The proposed method was
implemented using the PyTorch framework, and all

experiments were conducted on a workstation powered by

(h) peP () GCA

(a) Hazy image

d) FFA

an NVIDIA GeForce RTX 3060 GPU. To ensure a
rigorous evaluation, the datasets were randomly partitioned
into training and validation sets at a ratio of 8:2. The
network was trained for 100 epochs using the Adam
optimizer with a batch size of 8. The initial learning rate was
set to 1 X 10" and was annealed by a factor of 0.1 upon
validation loss saturation.

3.2 Comparative experiments

To empirically validate the effectiveness of the proposed
algorithm, we compared it against state-of-the-art
methods, including DCP", GCA-Net®”, FFA-Net"”,
LKD-Net®™, and DEA-Net”, across different datasets.
The evaluation was conducted from both qualitative and
quantitative perspectives.

Fig.7 presents the visual results on the RESIDE dataset.
As observed, while the DCP algorithm effectively removes
haze, it introduces pronounced halo artifacts. Both GCA-
Net and FFA-Net exhibit limited dehazing capabilities,
leaving residual haze in various regions. LKD-Net tends to
generate oversaturation sky regions, whereas DEA-Net is
plagued by local distortions and color shifts. In contrast, the
proposed method achieves superior dehazing completeness
while preserving natural color fidelity and optimal
brightness levels.

(€)

Fig. 7 Comparison of different algorithms on RESIDE dataset

Fig.8 illustrates the comparative results on the O-
HAZE dataset. Although DCP manages to remove
haze, the restored images suffers from a significant loss
of luminance, appearing noticeably darker. GCA-Net,
FFA-Net, and LKD-Net all exhibit varying degrees of
residual haze. DEA-Net produces uneven dehazing
introduces distortions.
method

performance, striking a balance between color fidelity

effects  and significant

Conversely,  our achieves  remarkable
and brightness preservation.
Qualitative results on the NH-HAZE dataset are

depicted in Fig.9. Images restored by DCP suffer from

local oversaturation and overall darkening. While GCA -
Net removes haze, it introduces noticeable color
distortions. FFA-Net, LKD-Net, and DEA-Net fail to
effectively penetrate dense haze regions, resulting in
images with insufficient brightness. By comparison, the
proposed method not only eliminates dense haze more
effectively but also yields restored images with vivid
details and natural color reproduction.

Fig.10 demonstrates the generalization capability of
the algorithms on real-world hazy images. DCP, while
effective in haze removal, introduces halo artifacts
around bright objects and sky regions. GCA-Net and
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FFA-Net struggle with incomplete haze removal in
distant sky areas. LKD-Net and DEA-Net produce

noticeable distortions in sky regions. In contrast, the

effectively removes haze while

proposed method

preserving rich details and sharp edge structures.
Moreover, for scenes containing large sky regions, our
method successfully corrects color deviations while

maintaining visually pleasing brightness levels.

(a) Hazy image ) c) GCA d) FFA

e) LKD (H DEA

Fig. 8 Comparison of different algorithms on O-HAZE dataset

(a) Hazy image (b) DCP (c) GCA (d) FFA

(e) LKD (f) DEA

Fig. 9 Comparison of different algorithms on NH-HAZE dataset

(d) FFA

(e) LKD '

Fig. 10 Comparison of different algorithms in real images

To quantitatively assess the performance of the proposed
method against competing algorithms, we employed two
widely adopted full-reference metrics: peak signal-to-noise
ratio (PSNR) and structural similarity index measure
(SSIM).

reconstruction fidelity, whereas SSIM assesses the

Specifically, PSNR quantifies pixel-level

preservation of structural integrity. The quantitative

comparisons are summarized in Table 1. As evidenced by
the tabulated data, the proposed method consistently
outperforms state-of-the-art approaches, achieving the
highest PSNR and SSIM scores across the tested datasets.
These quantitative indicators, corroborating the visual
comparisons, validated the robustness and superior efficacy

of our proposed algorithm.
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Table 1 Quantitative comparison on synthetic and real-world
datasets

RESIDE O-HAZE NH-HAZE

Method

PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
DCP 15.467 0.764 15.787  0.639 12.298 0.574

GCA-Net 21.172 0.896 16.281 0.639 18.762 0.752
FFA-Net 28.301 0.937 24.078 0.813 19.396 0.761
LKD-Net 26.762 0.897 21.117 0.704 18.736  0.692
DEA-Net 28.301 0.906 22.465 0.778 18.169  0.747

Ours 30.099 0.953 25.709 0.890 22.242 0.766

3.3 Ablation study

To validate the efficacy of the proposed architectural
components, we conducted comprehensive ablation
studies focusing on three key aspects: the parallel feature
fusion framework, the composite loss function, and the
internal mechanisms of the DC-RHA block. The
detailed procedures are described as follows.

1) To quantify the contribution of each component, we
performed a progressive ablation study. Specifically, we
defined four core components. A denotes the Res2Net
encoder for haze-layer extraction; B represents the DC-
RHA decoder for detail compensation; C corresponds to the
detail sub-network (DSN); and D signifies the proposed
parallel feature fusion module. We constructed baseline
variants by systematically integrating these components to
analyze their individual impact on the overall performance.
The quantitative results of this analysis are summarized in
Table 2. The progressive incorporation of the Res2Net,

DC-RHA, DSN, and the fusion module yields consistent
gains in both PSNR and SSIM metrics, thereby validating
the individual contribution of each component to the overall
restoration performance. The corresponding qualitative
comparisons across different ablation settings are presented
in Fig. 11, where Fig. 11(a) depicts the hazy input and
Fig.11(b) — 11 (g) illustrate the results corresponding to
1—6. Relative to the baseline, the inclusion of the Res2Net
module enhances feature extraction but fails to address non-
uniform haze distributions effectively. While the DC-RHA
module suppresses haze, it tends to introduce chromatic
distortions. Although combining Res2Net with DC-RHA
improves dehazing capacity, the restored images still
exhibit textural blurring and grid-like artifacts. The parallel
module further boosts performance but struggles to fully
recover high-frequency structural details. In contrast, the
proposed parallel feature fusion network successfully
eliminates haze, yielding high-quality images characterized

by natural color fidelity and sharp structural details.

Table 2 Haze layer detail dual branch network ablation
experiment
Index Model PSNR/dB SSIM
1 Baseline 19.197 0.651
2 Baseline+ A 20.245 0.685
3 Baseline+B 20.569 0.671
4 Baseline+A+B 22.054 0.748
5 Baseline+ A+B+C 24.371 0.826
6 Baseline+A+B+C+D 25.709 0.890

(a) Hazy image (b) Model 1 (c) Model 2

(d) Model 3

(e) Model 4 (f) Model 5 Mndel 6

Fig. 11 Parallel feature fusion network ablation experiment dehazing results

2) To evaluate the contribution of the proposed
composite loss function, we incrementally integrated the
mean squared error loss, perceptual loss, and feature
regularization loss. The quantitative results are detailed in

Table 3.

Table 3 Loss function ablation experiment

Loss PSNR/dB SSIM

L, 20.381 0.719

L, +L, 22.950 0.820
Ly+Ly+Leg 25.709 0.890

It is evident that supervising the network with the full
composite loss yields the most robust dehazing
performance. The corresponding visual comparisons are

presented in Fig.12.

a) Hazy image (b) L,

) Lo+,

(d) Ly+L Ly
Fig. 12 Loss function ablation experiment dehazing results

When the network was trained solely using the L, loss,
noticeable residual haze remains in the restored images.
Although incorporating the perceptual loss improves haze
removal, it tends to introduce chromatic artifacts, as
evidenced by the unnatural color shifts in the white pillar
region in Fig.12(c). By further integrating the feature
regularization loss, the proposed method achieves superior
dehazing completeness, effectively restoring natural color

fidelity and suppressing artifacts.
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3) To investigate the specific contribution of the
proposed DC-RHA block to haze feature extraction, we
disaggregated the module and evaluated the deformable
convolution (DC) and the hybrid attention mechanism
independently. The quantitative results are listed in
Table 4, demonstrating that the synergistic design
achieves superior performance compared to employing
either component in isolation.

Fig.13

extracted by different configurations, alongside their

visualizes the haze-layer feature maps
corresponding restored images. When employing only
the channel attention or pixel attention module, the
lacked

Although the hybrid attention module improves the

captured haze features spatial  continuity.

network’ s ability to attend to haze characteristics, the
extracted features remain spatially inconsistent, leading
to residual haze artifacts in the restored output (the left
car region in Fig.13). In contrast, the full DC-RHA
module generates spatially coherent haze feature maps,
facilitating thorough haze removal and preserving

sharper edge details in the reconstructed images.

Table 4 Experimental study on deformable convolution
residual hybrid attention block ablation
Index Model PSNR/dB SSIM
1 Baseline 24.591 0.902
2 Channel attention 26.938 0.915
3 Pixel attention 27.205 0.923
4 Hybrid attention 28.313 0.927
5 DC+Hybrid attention 30.099 0.953

(a) Hazy image

(b) Model 1 (¢) Model 2

(d) Model 3 (e) Model 4 (f) Model 5

Fig. 13 Experimental results of deformable convolution residual mixed attention block ablation

4 Conclusions

We presented a parallel feature fusion framework
designed to synergistically address the dual challenges of
haze removal and detail restoration.

We developed a fusion network to modulate the
interaction between the haze layer and background
components,  yielding refined dehazing results.
Complementing this architecture, we introduced a
feature regularization loss to constrain the network to
learn haze-invariant feature representations, thereby
enhancing both haze elimination and detail preservation.

Extensive experimental results on the RESIDE dataset
and real-world benchmarks demonstrated that the proposed
algorithm achieved superior dehazing performance. The
restored images exhibited natural color fidelity and well-
preserved textural details. However, dehazing in scenarios
with extremely dense haze remains a challenge. Future
work will focus on bolstering the network’s capability to
characterize and eliminate dense haze, aiming to further
elevate restoration quality under extreme atmospheric

conditions.
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