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Highlights

What are the main findings?

* We propose an enhanced visual state space model and an adaptive self-attention mecha-
nism that jointly improve global-local feature modeling and selective feature enhancement.

* A novel framework for dehazing remote sensing images.

What are the implications of the main findings?

¢ Enhancing global-local feature interaction and selective feature refinement is essential
for achieving robust remote sensing image restoration.

* On both real and synthetic remote sensing datasets, our method achieves state-of-the-
art performance.

Abstract

Although Transformer-based and state-space models (e.g., Mamba) have demonstrated
impressive performance in image restoration, they remain deficient in remote sensing
image dehazing. Transformer-based models tend to distribute attention evenly, making
them difficult to handle the uneven distribution of haze. While Mamba excels at modeling
long-range dependencies, it lacks fine-grained spatial awareness of complex atmospheric
scattering. To overcome these limitations, we present a new O-shaped dehazing archi-
tecture that combines a Sparse-Enhanced Self-Attention (SE-SA) module with a Mixed
Visual State Space Model (Mix-VSSM), balancing haze-sensitive details in remote sensing
images with long-range context modeling. The SE-SA module introduces a dynamic soft
masking mechanism that adaptively adjusts attention weights based on the local haze
distribution, enabling the network to more effectively focus on severely degraded regions
while suppressing redundant responses. Furthermore, the Mix-VSSM enhances global
context modeling by combining sequential processing of 2D perception with local residual
information. This design mitigates the loss of spatial detail in the standard VSSM and
improves the feature representation of haze-degraded remote sensing images. Thorough
experiments verify that our O-shaped framework outperforms existing methods on several
benchmark datasets.
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1. Introduction

Advances in remote sensing technology [1,2] have made satellite imagery an essential
data source for applications such as agriculture, environmental monitoring, and urban
planning. Nevertheless, atmospheric particles and gases near the Earth’s surface scatter
and absorb light during image acquisition, leading to haze-related degradations, including
blurred textures, reduced contrast, detail loss, and color distortion. These degradations
significantly undermine the reliability of downstream tasks such as object detection, surveil-
lance, and land-cover mapping. Consequently, satellite image dehazing has become a
crucial preprocessing step for restoring visual quality and ensuring robust performance in
practical remote sensing applications.

Image dehazing [3-7] is essentially an underdetermined inverse problem that re-
quires the simultaneous estimation of multiple parameters. Traditional physics-based
approaches [8] can partially mitigate the effects of haze, but often yield unstable results
when confronted with complex terrains and non-uniform atmospheric conditions. Earlier
image dehazing techniques, which include methods based on filtering, Retinex theory,
and histogram equalization, mainly aim to enhance contrast but often overlook the un-
derlying physical causes of degradation, leading to over-enhancement. Model-based
approaches rely on simplified atmospheric transmission models and focus on estimating
the transmission map and atmospheric light to better align with the underlying degradation
mechanisms. Wang et al. [9] proposed a haze removal strategy for individual images, inte-
grating a physical degradation model with the MSRCR method to improve image clarity
and color quality. He et al. [10] introduced a dehazing approach for individual images
based on the Dark Channel Prior, effectively recovering haze-free scenes by estimating
transmission and atmospheric light. Zhu et al. [11] presented an efficient single-image de-
hazing framework based on the color attenuation prior, enabling accurate depth estimation
and clear image restoration.

Initially, convolutional neural networks (CNNSs) [12] became the dominant choice.
By stacking convolutional layers, CNNs progressively extract local features from images,
effectively enhancing the perception of edges and textures. Cai et al. [13] developed
DehazeNet, a CNN-based approach that learns to estimate the transmission map from hazy
inputs, enabling image restoration through the atmospheric scattering principle. Another
line of approaches employs end-to-end learning to generate haze-free results without
estimating intermediate physical parameters. AOD-Net [14] simplifies the atmospheric
scattering model by combining the transmission map and atmospheric light into a unified
parameter, enabling direct optimization through reconstruction loss. GridDehazeNet [15]
utilizes residual learning to enhance clean image prediction. Following this, FCTF-Net [16]
builds upon residual structures by introducing cross-level fusion and enhanced feature
transmission, further improving detail preservation and dehazing quality. FFA-Net [17],
based on a feature fusion design, incorporates adaptive attention mechanisms to effectively
integrate multi-scale features and enhance overall image clarity. However, due to the
inherent constraints of convolutional operations, CNNs are challenged in capturing long-
distance dependencies, even when employing dilated convolutions or U-Net architectures.
This limitation becomes especially pronounced in remote sensing scenarios, where large-
scale haze regions require effective global context modeling.

With the rise of self-attention mechanisms, Transformer-based models have been
introduced into single-image dehazing to enhance global context modeling. For in-
stance, DehazeFormer [18] leverages a multi-scale transformer backbone with special-
ized dehazing-oriented designs to achieve superior performance, especially in handling
non-uniform haze. To overcome the locality constraints of CNNs, Transformers [19-21]
have been introduced into image restoration tasks and quickly gained prominence.

https:/ /doi.org/10.3390/rs18020191


https://doi.org/10.3390/rs18020191

Remote Sens. 2026, 18, 191

30f20

Vision Transformers (ViT) [22], based on a global self-attention mechanism, can directly
model dependencies between any two positions in an image, significantly improving long-
range modeling capability. In dehazing tasks, this allows for better contextual integration.
However, the standard self-attention mechanism treats all positions equally, making it
difficult to distinguish the sparse and regionally concentrated nature of haze. As a re-
sult, Transformer-based methods may still suffer from missing details or blurred edges in
the output.

In recent years, numerous advanced deep learning techniques [23-27] have been ap-
plied to image dehazing, primarily categorized into CNN-based methods and Transformer-
based methods. Thanks to their powerful feature representation capabilities, learning-
driven dehazing algorithms have demonstrated superior performance compared to tradi-
tional approaches. Continuing this trend, MixDehazeNet [28] introduces a Mix Structure
Block that combines convolutional and attention-based pathways to balance local de-
tail restoration and global context modeling, achieving improved dehazing performance.
The Omni-Kernel Network [29] further explores adaptive receptive fields by integrating
multiple convolution kernels of varying sizes, allowing the network to flexibly capture
diverse degradation patterns in hazy images. AdalR [30] proposes a unified image restora-
tion framework that adaptively mines frequency information and modulates restoration
strategies based on input content, enabling robust performance across different haze levels
and scene types.

More recently, the state space models (S5SMs) [31] have attracted attention as a se-
quence modeling framework with linear computational complexity. State Space Models
(SSMs) are recurrent architectures that capture long-range dependencies via dynamic state
transitions. Evolving from classical linear systems, recent developments like 54 introduce
HiPPO-based mechanisms for efficient memory retention, while Mamba (S6) [32] enhances
this by enabling dynamic parameterization, making SSMs effective for long-sequence
modeling and context-aware reasoning. Mamba improves traditional SSMs by using a
selective mechanism and a hardware-optimized cyclic scanning method, boosting efficiency
while modeling long-range dependencies. This enables strong performance in recent low-
level vision tasks. Vmamba [33] was the first to apply the Mamba architecture to visual
tasks, demonstrating performance comparable to Transformers on recognition and scene
understanding benchmarks. Building on this, MambalR [34] adapted Mamba for tasks
such as enhancing image resolution and removing noise, achieving notable results. De-
spite their strong sequential modeling capabilities, Mamba’s design primarily emphasizes
one-dimensional channel-wise processing and lacks fine-grained spatial modeling. This
structural limitation reduces its adaptability in remote sensing image dehazing, where
complex atmospheric degradation and uneven haze distribution demand both accurate
local detail recovery and robust global estimation.

To address the limitations of CNNs, Transformers, and state space models (S55Ms) in
remote sensing image dehazing, we present an O-shaped network architecture capable
of capturing global contextual information while maintaining local detail fidelity. Unlike
U-shaped architectures [35] that emphasize hierarchical encoder-decoder feature reuse,
or parallel designs [36] that fuse Transformer and Mamba features in a single forward pass,
the proposed O-shaped topology enables two complementary branches to perform inde-
pendent and complete feature reconstruction before forming a closed-loop interaction. This
design allows the Transformer branch to focus on explicit global attention modeling, while
the Mamba-based branch emphasizes efficient long-range state propagation with preserved
local continuity. Motivated by the spatially sparse and regionally clustered nature of haze
in remote sensing imagery, as well as the need for both long-range dependency modeling
and precise local perception, we design two key components. First, a sparsely enhanced
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self-attention (SE-SA) mechanism is introduced to dynamically emphasize haze-affected
regions and enhance structural detail recovery. Unlike traditional attention, which treats all
positions equally, this module selectively focuses on degraded areas, improving both the
selectivity and accuracy of the dehazing process. Second, to address the spatial modeling
limitations of existing SSMs like Mamba, we develop a mixed visual state space model
(Mix-VSSM) that fuses the local receptive field of convolutions with the long-range model-
ing capability of state space representations. Integrated into an O-shaped topology, this
module facilitates multi-scale and cross-level feature interactions, equipping the network
with stronger robustness against complex, large-area, and non-uniform haze distributions.
The contributions of this study can be summarized as follows:

*  We propose a novel O-shaped topology that fosters comprehensive multi-scale and
cross-level feature integration, thereby enhancing the network’s capability to address
large-scale and spatially uneven haze distributions in remote sensing imagery.

*  We design a sparsely enhanced self-attention (SE-SA) mechanism that adaptively
focuses on degraded regions, effectively recovering structural elements, including
edges and surface patterns.

* A mixed visual state space model (Mix-VSSM) combining convolution and state space
modeling to balance local spatial awareness and global sequence modeling.

*  Our proposed network demonstrates superior effectiveness on both real-world
and synthetic datasets, handling diverse scales and haze density levels with
remarkable robustness.

2. Materials and Methods
2.1. Motivation

The haze distribution in remote sensing images is inherently non-uniform, making
fixed sparse patterns a suboptimal choice. Unlike conventional dehazing scenarios with pre-
dominantly horizontal viewpoints, remote sensing images are captured from a near-vertical
perspective, where atmospheric scattering effects exhibit large-scale spatial continuity and
strong adjacency influence across wide regions. The dual-branch Transformer-Mamba
architecture is motivated by its complementary strengths: the Transformer branch captures
global spatial dependencies, while the Mamba branch efficiently models long-range con-
textual information. To further enhance the efficiency and adaptability of the attention
mechanism, we design a Sparse-Enhanced Self-Attention (SE-SA) module. Unlike existing
sparse attention mechanisms [18,20] that rely on fixed local windows or channel reduction,
SE-SA adaptively adjusts the attention distribution to better handle spatially varying haze.
Existing hybrid approaches [37,38] merely combine the two paradigms without establish-
ing effective cross-hierarchical interaction. To overcome these limitations, we propose an
O-shaped framework enhanced by the SE-SA and an enhanced Visual State Space Module
(Mix-VSSM), where late fusion allows each branch to learn independently without early
interference, and their integration at the final stage enables effective cross-level feature
interaction, jointly improving texture restoration and haze adaptability.

2.2. Overview of Proposed O-Transformer-Mamba Architecture

Figure 1 depicts the O-Transformer-Mamba framework, which employs a dual-branch
O-shaped configuration with three hierarchical levels in each branch, forming a balanced
multi-stage encoder-decoder architecture.

The first branch is the Transformer branch, built upon stacked Transformer Blocks to
model global contextual information. This branch is capable of capturing long-range depen-
dencies, which helps to restore structural information severely degraded by widespread
haze. Each Transformer Block consists of Layer Normalization, Sparse-Enhanced
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Self-Attention (SE-SA), and residual connections. The encoded features are gradually
upsampled to recover spatial resolution and are fused with corresponding decoder-stage
features through skip connections to enhance detail representation.
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Figure 1. The architecture of our O-Transformer-Mamba. The overall architecture adopts an O-shaped
design, consisting of two branches: one based on Transformer and the other on Mamba.

The second branch is the Mamba branch, centered on State Space Models (SSMs),
and employs stacked Mamba Layers for sequential modeling. It serves to compensate for
the missing information from the first branch. While the overall structure mirrors that of the
Transformer branch, it differs by embedding a Mixed Visual State Space Model (Mix-VSSM)
within the Mamba Layers.

In the encoder stages of both branches, Frequency Attention Modules (FAMs) of
varying scales are embedded to guide the model’s focus toward frequency-domain
features, thereby enhancing sensitivity to edges and textures. During the decoding
phase, both branches reconstruct features independently and form a circular informa-
tion flow through the O-shaped topology, enabling cross-branch contextual interaction.
The network integrates multi-scale processing, dual-path encoding, and frequency-aware
mechanisms, collectively enhancing dehazing performance while maintaining efficient
modeling capacity.

2.3. Sparse-Enhanced Self-Attention

The self-attention operation in the SE-SA module, acting on the channel dimension,
is shown in Figure 2a. An input feature map X € RH*W*C g processed with a point-
wise convolution and a subsequent 3 x 3 depth-wise convolution to encode inter-channel
dependencies, resulting in the query (Q), key (K), and value (V) representations. These
are then reshaped and used to compute a dense self-attention matrix A € R“*C via dot-
product operation.
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Figure 2. The architecture of our Sparse-Enhanced Self-Attention. In the figure, (a) represents the
overall architecture, while (b) illustrates the generation of M within the SEO module.

However, we observe that not all tokens in the key matrix are strongly correlated with
those in the query, and attending to irrelevant tokens may introduce noise and redundancy
into the self-attention map, ultimately degrading the clarity of the reconstructed images.
In order to address this challenge, we introduce a masking mechanism M that selectively
filters the self-attention scores. Unlike standard self-attention, this mechanism amplifies
important responses and suppresses uninformative ones, thereby improving self-attention
focus during the dehazing process. Specifically, when the self-attention score exceeds
a learned threshold, it is enhanced; otherwise, it is attenuated. As shown in Figure 3,
the difference between the two types of attention is intuitively demonstrated.

\ (a) Traditional Self- (b) Sparse-Enhanced
N Attention Self-Attention 7

Figure 3. The difference between traditional Self-Attention and Sparse-Enhanced Self-Attention.
The Sparse-Enhanced Self-Attention module applies localized enhancement and suppression to the
traditional Self-Attention mechanism.

In addition, we introduce a lightweight learnable module called the Sparsity
Enhancement Operator (SEO), which has FLOPs and parameters of 1.28 G and 0.02 M,
respectively. Specifically, SEO generates dynamic guidance signals directly from the input
features, which encode contrast attenuation, frequency suppression, and spatial inconsis-
tency caused by haze. These signals modulate the self-attention weights by enhancing
informative responses and suppressing noisy or redundant ones. As shown in Figure 2b,
the generation process of M in SEO is as follows:

X = Conv*3(ReLU(Conv®*3(X))) 1)
M = Linear(GAP(X)) )
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where GAP(-) stands for global average pooling, Linear(-) represents Linear layer,
and Conv®*3(-) denotes 3 x 3 convolution. Formally, the SE-SA process is expressed as:
SE—SA = Softmax(SE(Q—KT))V 3)
Vd
here, SE(-) denotes the sparsity enhancement operation guided by prompt modulation,
and /d represents the number of attention heads. Similar to most existing methods, we
adopt a multi-head attention mechanism: the outputs of multiple attention heads are
concatenated along the channel dimension and then passed through a linear projection
layer to produce the final attention output.

SEO produces a dynamic modulation mask M in a data-driven manner. This design
avoids rigid structural constraints and enables the attention distribution to adapt flexibly
to local feature variations and spatial complexity. Through adaptive scaling, informative
and discriminative features are emphasized, while redundant or less relevant responses
are suppressed, leading to a more efficient and balanced attention allocation. The detailed
procedure of the SEO-guided adjustment is summarized in Algorithm 1.

Algorithm 1: Sparse Enhancement Operation
RHExWxC

Input: Input feature map X €
Output: Attention-enhanced feature map Y € RE*C
Step 1: Reducing Channels:

X « Conv¥*3(ReLU(Conv¥*3(X)));
Step 2: Generate M:

M < Linear(GAP(X));
Step 3: Calculating the gap between the attention score and M:

A — A—M;
Step 4: Gaps Enlargement and Smoothing:

A + Sigmoid (A’ x scale);

// scale is the adjustable scaling factor

Step 5: Compute attention output:

Y « Ax A;
return Y

2.4. Mixed Visual State Space Model

The standard Mamba framework was first developed for modeling sequential data in a
one-dimensional format, but its direct application to 2D images presents notable challenges
due to the rich spatial structures and contextual information inherent in visual data. Flattening
the 2D feature representation into a linear sequence can separate spatial neighbors, compro-
mising local consistency and causing what is termed “local pixel forgetting.” This issue is
particularly pronounced in remote sensing image dehazing, where the central pixel is highly
influenced by the spatial arrangement and intensity values of its surrounding pixels, a phe-
nomenon known as the adjacency effect [39]. As such, the strategy used to convert 2D features
into sequential representations plays a critical role in determining dehazing performance.

To deal with the challenges outlined above, we integrate the Vision State Space Model
(VSSM) into the dehazing framework. Specifically, Mix-VSSM converts two-dimensional
feature maps into sequential representations through a structured scan that preserves spatial
ordering, enabling effective long-range dependency modeling. To better preserve local
continuity and spatial details, an additional convolutional residual branch is introduced
to capture contextual information around each anchor pixel, after which the outputs are
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reshaped back to the two-dimensional feature space. The architecture of the proposed
Mix-VSSM is illustrated in Figure 4a.

Building upon prior work [33], Mix-VSSM processes the input feature X € R7*Wx¢
through three parallel branches. In the first branch, a linear projection expands the channel
dimension to AC, where A is a predefined expansion factor. This is followed by depthwise
convolution, a SiLU activation, and a 2D Selective Scanning Module (2D-SSM). In the second
branch, the feature channels are similarly expanded to AC via a linear layer, followed by
depthwise convolution, SiLU activation, and a Residual Convolutional Group (ResGroup).

The outputs of these two branches are concatenated and fused via a linear layer,
followed by Layer Normalization. Meanwhile, the third branch also expands the channels
to AC using a linear layer, followed by SiLU activation. The resulting features are then
combined with the fused features from the first two branches via element-wise (Hadamard)
multiplication. Finally, a linear projection reduces the channel dimension back to C, yielding
the output feature X,,; with the same spatial size as the input. X,,; can be written as:

x;1 = SiLU(DWConv(Linear(X))) 4)
x; = SiLU(DWConuv(Linear(X))) ()
X; = 2D —SSM(x;) (6)
X, = ResGroup(xy) (7)
X. = LN(Linear(Cat(X1,X3))) (8)
X3 = SiLU(Linear(X)) 9)
Xout = Linear(Xs * X¢) (10)

where DWConv(-) denotes depth-wise convolution, Linear(-) represents Linear layer,
Cat(-) denotes Concatenate, and * stands for the Hadamard product.

The proposed 2D Selective Scanning Module (2D-SSM) extends the capabilities of Mamba,
which was originally optimized to process sequential streams causally, making it suitable
for one-dimensional sequence applications such as NLP. However, the architecture shows
limitations when processing visual data without inherent sequential order, including images.
To enhance the modeling of spatial relationships in two dimensions, we employ the 2D-SSM.

I
|
> |
8 |
E | 1123 (4 — \
| A,B =exp(AA),AB .
| T B 10324 - - |
z = | Unfold h, = Ah,_, +Bx, |
5 g 34 43|21 .
a ~ l ¥, =Ch, +Dx, |
: 4)2)3|1 /
‘ ® Element-wise Product @ siL @ Concatenate | /'
| .
/
(a) Mix-VSSM ' (b) 2D-SSM 2

Figure 4. The architecture of our Mixed Visual State Space Model. In the figure, (a) represents the
overall architecture, while (b) illustrates the internal mechanism of the 2D-SSM.

Figure 4b demonstrates how the 2D-SSM converts two-dimensional feature maps into
a series of linear sequences by scanning along four diagonal orientations: top-left to bottom-
right, bottom-right to top-left, top-right to bottom-left, and bottom-left to top-right. Each
directional sequence is then processed using a discrete state-space formulation to capture
long-range dependencies. After processing, the outputs from all directions are aggregated
and reshaped to reconstruct the original 2D spatial structure. This approach allows the
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model to better utilize spatial context across multiple orientations, thereby improving its
capacity for image-based restoration tasks.

2.5. Loss Function

The L; loss is adopted as the main optimization target because of its effectiveness
in preserving structural fidelity and improving PSNR and SSIM. Additionally, to refine
frequency representation, a frequency-domain constraint is incorporated by performing
the Fourier Transform (FT) on both predicted and reference images and computing their L,
distance in the complex domain.

Loss = w - [H]reul - GTreulHl + H]imag - GTimagHJ + H] - GTHl (11)

here, | denotes the dehazed remote sensing image produced by O-Transformer-Mamba,
while GT is its corresponding ground truth. J,.,; and GT,.,; represent the real components
of the generated and ground truth images in the frequency domain, respectively, and Jiyqq
and GTjyaq refer to their imaginary components. a set at 0.1, it modulates the significance
of the frequency loss component.

3. Results
3.1. Dataset

The effectiveness of the proposed O-Transformer-Mamba is evaluated on the syn-
thetic remote sensing datasets SateHazelk [40] and HRSD [41], along with the real-world
RRSHID [42] and UAV-based HazyDet [43] datasets, to comprehensively evaluate its de-
hazing capability across diverse scenarios and complex degradation conditions.

The SateHazelk dataset is intended for remote sensing image dehazing and includes
images with varying haze intensity. It is divided into three subsets corresponding to light,
medium, and dense haze levels. Each subset contains a training set of 320 images and
a test set of 45 images. Light haze images are created based on masks obtained from
authentic cloud formations, medium haze combines features typical of mist and moderate
haze, and dense haze is synthesized via transmittance maps to emulate severe atmospheric
conditions. This hierarchical arrangement enables a thorough evaluation of dehazing
methods across diverse haze scenarios.

HRSD comprises two subsets: LHID and DHID. LHID contains 30,517 images
allocated for training and 500 for evaluation, generated using an atmospheric scatter-
ing model to capture varying haze intensities and enhance model generalization. DHID,
in contrast, consists of 14,990 images synthesized with real haze patterns for higher realism,
with 14,490 assigned to training and 500 to testing. By combining both simulated and
realistic haze distributions, HRSD provides a diverse benchmark for thoroughly assessing
the performance of O-Transformer-Mamba across different dehazing scenarios.

RRSHID is a pioneering large-scale real-world dataset for remote sensing image dehazing,
consisting of 3053 pairs of hazy and corresponding haze-free images. The dataset was
collected from various regions in China, including urban areas, agricultural zones, and coastal
landscapes, under diverse lighting and seasonal conditions, thus capturing rich geographic
and atmospheric variations. Unlike datasets produced through oversimplified atmospheric
simulation processes, RRSHID was constructed jointly with meteorological agencies, ensuring
that haze distribution and sensor-induced spectral distortions are authentically represented.
This makes RRSHID a reliable benchmark for evaluating dehazing algorithms and a valuable
resource for studying model generalization in real-world remote sensing scenarios.

To evaluate the real-world applicability and robustness of our model, we utilize the
recently released HazyDet dataset, which includes drone-captured images degraded by
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haze. It provides 8000 training images, 1000 validation images, and 2000 test images,
combining naturally hazy scenes with synthetic samples generated via the Atmospheric
Scattering Model (ASM).

3.2. Implementation Details

Experiments were performed on a system equipped with two NVIDIA RTX 4090
GPUs. To expand the training set, images were randomly rotated by 90°, 180°, or 270°
and subjected to horizontal flipping. During training, the initial learning rate was set to
0.0003, with a batch size of 8 and a weight decay factor of 5 x10~%. All input images
were uniformly resized to 240 x 240 pixels. Optimization was performed using the Adam
algorithm, with exponential decay rates configured as 1 = 0.9 and B, = 0.999. Addition-
ally, a cosine annealing schedule was employed to dynamically adjust the learning rate
throughout training.

3.3. Quantitative Results

Tables 1 and 2 present the quantitative evaluation results on the SateHazelk and
RRSHID datasets, where the performance is evaluated using PSNR and SSIM metrics,
with mean performance reported across different haze density levels. Table 3 summarizes
the corresponding results for the HRSD dataset. In addition, Table 4 reports the performance
on the HazyDet dataset, further demonstrating the strong generalization ability of our
model for drone-based remote sensing image dehazing tasks. Table 5 shows the number of
network parameters and floating-point operations (FLOPs) for the proposed method and
other similar methods on a 512 x 512 image.

Table 1. For the SateHazelk dataset, the leading method is marked in bold, while the second-best
approach is shown with underline.

Methods Thin Moderate Thick Average

PSNR 1 SSIM * PSNR 1 SSIM ¢ PSNR 1 SSIM PSNR 1 SSIM *
DCP [10] 20.15 0.8645 20.51 0.8932 15.77 0.7117 18.81 0.8241
FCTEF-Net [16] 19.13 0.8532 22.32 0.9107 17.78 0.7617 19.74 0.8419
AOD-Net [14] 15.97 0.8169 15.39 0.7442 14.44 0.7013 15.27 0.7541
GridDehaze-Net [15] 19.81 0.8556 22.75 0.9085 17.94 0.7551 20.17 0.8397
Dehazeformer [18] 24.90 0.9104 27.13 0.9431 22.68 0.8497 24.90 0.9011
MixDehaze-Net [28] 22.12 0.8822 23.92 0.9040 19.96 0.7950 22.00 0.8604
FFA-Net [17] 24.04 0.9130 25.62 0.9336 21.70 0.8422 23.79 0.8963
OK-Net [29] 20.68 0.8860 25.39 0.9406 20.21 0.8186 22.09 0.8817
AdalR [30] 24.14 0.9092 25.26 0.9376 21.01 0.8209 23.47 0.8892
Ours 25.621072  0,9227100097 97 471034 (9451100020 3 94+026  ( g56310.0066 55 34+0.44 0 90gp+0-0069

Table 2. For the RRSHID dataset, the leading method is marked in bold, while the second-best
approach is shown with underline.

Methods Thick Fog Moderate Fog Thin Fog Average

PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1
DCP [10] 12.43 0.4493 13.32 0.4771 16.16 0.4762 13.97 0.4675
FCTF-Net [16] 22.43 0.6686 21.72 0.6313 21.20 0.5579 21.78 0.6193
AOD-Net [14] 15.10 0.3847 15.26 0.3923 18.22 0.4850 16.19 0.4207
GridDehaze-Net [15] 23.84 0.7125 22.54 0.6475 22.54 0.6203 22.97 0.6601
Dehazeformer [18] 24.71 0.7309 20.93 0.6183 23.09 0.6452 22.92 0.6648
MixDehaze-Net [28] 23.64 0.6728 22.43 0.6233 22.02 0.5666 22.70 0.6209
FFA-Net [17] 25.09 0.7397 23.24 0.6713 23.09 0.6409 23.81 0.6840
OK-Net [29] 24.76 0.7415 24.18 0.7025 23.55 0.6599 24.16 0.7013
AdalR [30] 23.98 0.7146 23.12 0.6671 22.54 0.6007 23.21 0.6608
Ours 25521043 0,7541100126 24 481030 7096100071  23.92+037 (6798100199 4 641048  ( 7714510.0132
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Table 3. For the HRSD dataset, the leading method is marked in bold, while the second-best approach
is shown with underline.

Methods LHID DHID Average
PSNR 1 SSIM + PSNR 1 SSIM + PSNR 1 SSIM +

DCP [10] 21.34 0.7976 19.15 0.8195 20.25 0.8086
FCTF-Net [16] 28.55 0.8727 22.43 0.8482 25.49 0.8605
AOD-Net [14] 21.91 0.8144 16.03 0.7291 18.97 0.7718
GridDehaze-Net [15] 25.80 0.8584 26.77 0.8851 26.29 0.8718
MixDehaze-Net [28] 29.47 0.8631 27.36 0.8864 28.42 0.8748
FFA-Net [17] 29.33 0.8755 24.62 0.8657 26.98 0.8706
OK-Net [29] 29.03 0.8766 27.80 0.8973 28.42 0.8870
AdalR [30] 28.08 0.8776 24.01 0.8676 26.05 0.8726
Ours 29.8110:34 0.881910:0043 g 6q+084 0.899310:0020 59 p3+0.81 0.89060-0036

Table 4. For the HazyDet dataset, the leading method is marked in bold, while the second-best
approach is shown with underline.

HazyDet

Methods PSNR 1 Y SSIM 1
DCP [10] 17.03 0.8024
FCTF-Net [16] 24.89 0.8552
AOD-Net [14] 18.99 0.7808
GridDehaze-Net [15] 26.66 0.8801
MixDehaze-Net [28] 28.75 0.9068
FFA-Net [17] 27.12 0.8782
OK-Net [29] 27.76 0.8875
AdalR [30] 27.60 0.8857
Ours 29.08+0-33 0.90800-0012

Table 5. Comparison of FLOPs and parameters across models.

Method FLOPs Parameters
DCP - -

FCTEF-Net 40.19 (G) 163.48 (K)
AOD-Net 457.70 (M) 1.76 (K)
GridDehaze-Net 85.72 (G) 955.75 (K)
MixDehaze-Net 114.30 (G) 3.17 (M)
FFA-Net 624.20 (G) 4.68 (M)
Dehazeformer 358.89 (G) 9.68 (M)
OK-Net 158.20 (G) 443 (M)
AdalR 588.73 (G) 28.74 (M)
O-Transformer-Mamba 395.98 (G) 6.20 (M)

According to Table 1, the proposed O-Transformer-Mamba model demonstrates no-
table improvements in PSNR and SSIM for varying haze densities, indicating strong de-
hazing capabilities. Earlier dehazing techniques like DCP and AOD-Net, which are based
on atmospheric scattering models, exhibit poor overall performance. Similarly, FCTF-Net
and GridDehaze-Net also yield suboptimal results. MixDehaze-Net and OK-Net achieve
moderate performance, while FFA-Net, Dehazeformer, and AdalR perform comparatively
well. Nonetheless, O-Transformer-Mamba consistently surpasses all other methods in
key metrics. Notably, it achieves an average PSNR and SSIM gain of 0.44 dB and 0.0069,
respectively, over the second-best method, Dehazeformer. These results validate the effec-
tiveness and robustness of our approach in addressing the challenges of remote sensing
image dehazing.
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As shown in Table 2, our proposed O-Transformer-Mamba demonstrates superior
dehazing performance across various haze levels tested with the RRSHID dataset compris-
ing challenging real-world remote sensing scenes. The complexity of haze distribution,
diverse degradation patterns, and absence of reliable priors in real-world images make
accurate modeling difficult, resulting in generally lower performance across existing meth-
ods. Methods like DCP, AOD-Net, and FCTF-Net achieve relatively low performance,
whereas GridDehaze-Net, MixDehaze-Net, and Dehazeformer yield intermediate results.
More competitive performance is observed with FFA-Net, OK-Net, and AdalR. In contrast,
O-Transformer-Mamba achieves notable gains, surpassing the second-best OK-Net by
0.48 dB in PSNR and 0.0132 in SSIM on average. These outcomes highlight the strong
adaptability and effectiveness of our model in tackling the complexities of real remote
sensing dehazing tasks.

Table 3 presents the dehazing performance of O-Transformer-Mamba on two synthetic
benchmark datasets, LHID and DHID, both generated using an atmospheric scattering-
based approach to generate a range of haze intensities. On the LHID dataset, our method
outperforms the second-best MixDehaze-Net and AdalR, achieving a PSNR improvement
of 0.34 dB and a SSIM gain of 0.0043. For the DHID dataset, while OK-Net benefits from
large-kernel convolutions and delivers competitive results, O-Transformer-Mamba still
surpasses it with a PSNR increase of 0.5 dB and a SSIM improvement of 0.0017. The findings
as a whole highlight the robust performance and dehazing effectiveness of O-Transformer-
Mamba in synthetic remote sensing environments.

To further show that our model performs well beyond specific datasets, extending to
diverse and complex real-world conditions, we evaluated it on a UAV-based hazy image
dataset to assess its adaptability, robustness, and generalization capabilities. As shown in
Table 4, our O-Transformer-Mamba consistently outperforms all competing methods across
all evaluation metrics. Notably, it achieves a PSNR gain of 0.33 dB and a SSIM improvement
of 0.0012 compared to the second-best approach, indicating substantial enhancements in
dehazing quality under challenging aerial imaging conditions.

3.4. Qualitative Results

Visual results of multiple dehazing methods on the light-haze test images are presented
in Figure 5. As observed, DCP exhibits limited dehazing capability, leaving a significant
amount of residual haze and producing a noticeable green tint. GridDehaze-Net and
OK-Net can remove most haze but still suffer from minor haze retention. While FFA-Net,
MixDehaze-Net, Dehazeformer, and AdalR achieve relatively effective dehazing results,
they fall short in terms of detail and color fidelity. For instance, in the regions marked
by red boxes, the color reproduction deviates from that of the ground truth. In contrast,
our O-Transformer-Mamba demonstrates superior haze removal and better aligns with
the reference images. Specifically, in the first image, the rooftop within the red box shows
color recovery much closer to the ground truth. In the second image, the vegetation area
exhibits more accurate green tones, while other methods tend to produce overly light
hues. Overall, O-Transformer-Mamba outperforms other methods in haze removal, color
accuracy, and frequency detail restoration, yielding results that are visually more consistent
with real-world scenes.

Figure 6 evaluates the performance of several dehazing methods on moderately hazy
remote sensing images. In the first image, DCP fails to effectively remove the haze, while in
the second image, it achieves partial dehazing but still leaves residual haze. In comparison,
methods such as GridDehaze-Net, Dehazeformer, MixDehaze-Net, FFA-Net, OK-Net,
and AdalR deliver visually convincing results, with dehazed outputs generally close to
the ground truth. However, closer inspection of the highlighted regions reveals noticeable
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" GridDehaze-Net FFA-Net  MixDehaze-

differences. In the first image, within the red box highlighting a land area, most methods
show varying degrees of distortion, whereas our O-Transformer-Mamba produces results
that more closely resemble the reference image. In the second image, the rooftop with white
stripes in the red box shows darkening or loss of high-frequency details in most methods,
while our approach maintains more accurate color and structural fidelity. These results
demonstrate that O-Transformer-Mamba offers enhanced restoration of high-frequency
content and more faithful color reproduction, largely due to its integration of multi-scale
frequency-domain features.

Figure 7 presents a comparison of various methods on heavily degraded images from
the thick haze dataset. DCP fails to effectively suppress atmospheric interference, resulting
in hazy outputs with strong color distortions. GridDehaze-Net also suffers from noticeable
color shifts across the scene. Although FFA-Net, MixDehaze-Net, OK-Net, and AdalR
produce relatively cleaner images, their reconstructions of the rooftop area (highlighted
by the red box) remain insufficient in terms of color fidelity. Both Dehazeformer and our
O-Transformer-Mamba generate visually similar results; however, our method provides
slightly more accurate reconstruction in the rooftop region. Overall, O-Transformer-Mamba
demonstrates strong robustness and superior capability in recovering fine details under

severe haze conditions.

ef OK—Net‘ Dehaze'forerk- AdalR . Ours GT

Figure 5. Visual evaluation of two thin hazy samples from the Hazelk-thin dataset.

Hazy Input _ DC

GridDehze-Net FFA-Net MixDehaze-Net OK-Net Dehazeformer AdalR Qurs GT

GridDehaze-Net  FFA-Net  MixDehaze-Net ~ OK-Net  Dehazeformer  AdalR Ours GT

Figure 7. Visual evaluation of two thick hazy samples from the Hazelk-thick dataset.
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(a)

Figure 8 presents a visual comparison of various dehazing methods on degraded
images from a real-world remote sensing dataset captured under heavy haze conditions.
The DCP method exhibits severe color distortion, causing the entire image to appear
reddish. Within the red rectangle of the first image, the rooftop’s high-frequency stripe
patterns are blurry in the outputs of GridDehaze-Net, Dehazeformer, MixDehaze-Net,
FFA-Net, OK-Net, and AdalR, whereas our method preserves these patterns with greater
clarity. In the second image, GridDehaze-Net, MixDehaze-Net, and AdalR fail to recover
the red rooftop structure. Compared to FFA-Net, OK-Net, and Dehazeformer, our method
demonstrates superior restoration performance, particularly in recovering fine details.

Figure 9 illustrates the performance of various methods on real-world remote sensing
images affected by moderate haze. The DCP method continues to exhibit a strong reddish
color cast. GridDehaze-Net, MixDehaze-Net, and Dehazeformer fail to effectively remove
the haze, resulting in suboptimal restoration. In the red-marked regions of both images,
the outputs from FFA-Net, OK-Net, and AdalR show significant blurring of rooftops and
roads, while our method achieves clearer structural details. Overall, dehazing for real
remote sensing imagery remains a highly challenging task, with all existing methods
demonstrating limited restoration capability.

,.\\\w' mn\ul\ll\ i
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Figure 8. Visual evaluation of two thick fog samples from the RRSHID dataset. (a) Hazy Input;
(b) DCP; (c) GridDehaze-Net; (d) FFA-Net; (e) MixDehaze-Net; (f) OK-Net; (g) Dehazeformer;
(h) AdalR; (i) O-Transformer-Mamba; (j) GT.
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Figure 9. Visual evaluation of two moderate fog samples from the RRSHID dataset. (a) Hazy
Input; (b) DCP; (c) GridDehaze-Net; (d) FFA-Net; (e) MixDehaze-Net; (f) OK-Net; (g) Dehazeformer;
(h) AdalR; (i) O-Transformer-Mamba; (j) GT.

Figure 10 presents a visual comparison of a test set of real-world remote sensing
images affected by light haze. Apart from DCP, most methods successfully eliminate
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PSNR/SSIM  25.23/0.8843

PSNR / SSIM 2578 /0.8982
DCP

Hazy Image

the majority of haze, with the main differences lying in their ability to reconstruct fine
details. Specifically, in the red-marked area of the first image, O-Transformer-Mamba can
recover the general structure, whereas the outputs from other methods remain highly
blurred. In the second image, within the red box, O-Transformer-Mamba reconstructs the
outline of the road to a noticeable extent, while the other approaches show very limited
restoration performance.

Figure 11 showcases the performance comparison of several dehazing algorithms on
the LHID dataset. The DCP method produces overly saturated results, which leads to the
loss of important structural information. While all approaches deliver visually reasonable
outputs, there are notable discrepancies in their PSNR and SSIM scores. In particular, our
method surpasses the second-best in the first image by 0.32 dB in PSNR and 0.0013 in SSIM.
For the second image, the improvements are 0.1 dB and 0.0002, respectively. In the third
case, our approach achieves a gain of 0.12 dB in PSNR and 0.0015 in SSIM over the next
best method.

(@) (b) () (d) (e) () (9) (h) (i) )
a c e g [

Figure 10. Visual evaluation of two thin fog samples from the RRSHID dataset. (a) Hazy Input;
(b) DCP; (c) GridDehaze-Net; (d) FFA-Net; (e) MixDehaze-Net; (f) OK-Net; (g) Dehazeformer;
(h) AdalR; (i) O-Transformer-Mambea; (j) GT.
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Figure 11. Visual evaluation of three examples from the LHID dataset.

Figure 12 presents a benchmark evaluation of dehazing performance on the DHID
dataset. The output from DCP exhibits severe brightness reduction and loss of details,
failing to restore essential high-frequency features. AOD-Net introduces an obvious dark
overlay across its outputs. In the third image, FFA-Net and AdalR struggle to effectively re-
move haze. Although GridDehaze-Net, MixDehaze-Net, and OK-Net manage to eliminate
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14.82/0.7780 27.06/0.9114 19.85/0.8701
AOD-Net GridDehaze-Net FFA-Net MixDehaze-Net OK-Net

haze to a large extent and restore the general scene structure, their PSNR and SSIM scores
fall noticeably short compared to those achieved by our proposed O-Transformer-Mamba.

Figure 13 provides a benchmark comparison of dehazing performance on UAV-
captured images under varying atmospheric conditions. DCP performs poorly across
the board—failing to clear heavy haze in the first image, introducing sky distortion in the
second, and leaving substantial haze residues in both the third and fourth images. AOD-
Net also falls short, showing limited dehazing capability in all four cases. GridDehaze-Net,
MixDehaze-Net, FFA-Net, OK-Net, and AdalR successfully restore clarity to the third
and fourth images by removing haze; however, our method offers superior restoration
of ground structures and buildings. The first and second images are heavily obscured by
dense haze, concealing key visual information. Compared to other approaches, our method

can remove more haze and restore finer details throughout the scene.

16.85/0.7647

ity

26.66/0.9175 28.57 10.9246 20.04 /0.8763 28.89/0.9253 /1
AdalR Ours GT

Figure 12. Visual evaluation of three examples from the DHID dataset.
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Figure 13. Visual evaluation of four examples from the HazyDet dataset.

3.5. Ablation Study

To comprehensively evaluate the effectiveness of our proposed design, we performed
a series of ablation experiments on a light haze dataset, focusing on key modules within the
framework. These include the Sparse-Enhanced Self-Attention (SE-SA), the Hybrid Visual
State Space Module (Mix-VSSM), and the O-shaped architecture. Two baseline structures
were constructed for comparison: one based on standard self-attention (SA), and the other
on a conventional visual state space model (VSSM). The SE module was used as a control
to assess SE-SA, while VSSM served as the reference for Mix-VSSM.

For computational efficiency during training, 120 x 120 patches were extracted from
the original RGB images, while keeping the same hyperparameters and training settings as
the full-resolution model. Table 6 presents the numerical evaluation, showing that each key
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module contributes a noticeable performance gain when applied individually, confirming
the effectiveness of their design. Additionally, the visual comparisons in Figure 14 further
illustrate the individual contributions of these components, highlighting their roles in

enhancing the overall dehazing capability of the network.

Figure 14. Visual evaluation of ablation experiments on the Thin dataset. (a) Hazy image; (b) SA;
(c) SE-SA; (d) VSSM; (e) Mix-VSSM; (f) O(SE-SA + Mix-VSSM); (g) SE-SA + Mix-VSSM + FAM;
(h) ground truth.

Table 6. Ablation studies on the thin-haze subset compare method performance, with the best
outcomes shown in bold.

Thin Haze
Methods PSNR 1 SSIM 1
SA 262 0.8986
SE-SA 2336 0.9046
VSSM 2301 0.8991
Mix-VSSM 24.07 0.9060
O(SE-SA + Mix-VSSM) 2453 0.9121
SE-SA + Mix-VSSM + FAM 24.80 0.9152

Effectiveness of Sparse-Enhanced Self-Attention (SE-SA): To evaluate the impact of
the SE-SA module, an ablation experiment was performed against a conventional self-
attention (SA) baseline without the Sparse Enhancement Operation (SEO). As reported
in Table 6, SE-SA demonstrates clear performance gains over SA, with improvements
of 0.74 dB in PSNR and 0.006 in SSIM. A qualitative comparison in Figure 14 further
supports this finding: in the red-boxed region containing dense haze over green vegetation,
the input image exhibits significantly heavier haze compared to the rest of the scene.
The baseline SA performs uniform dehazing but fails to sufficiently clear this highly
degraded area. In contrast, SE-SA effectively removes the residual haze, highlighting its
capacity to adaptively focus attention on regions with varying haze density. This confirms
that our method enhances the model’s robustness by dynamically adjusting attention
distribution in response to spatial haze variation.

Effectiveness of Mixed Visual State Space Module (Mix-VSSM): An ablation study was
conducted to assess the effectiveness of the proposed Mix-VSSM by comparing it with the
baseline VSSM module. As shown in Table 6, Mix-VSSM achieves superior performance,
with improvements of 1.06 dB in PSNR and 0.0069 in SSIM. While both methods effectively
remove haze across the entire image, as observed in Figure 14, Mix-VSSM demonstrates
noticeably better performance in restoring local details, particularly in the region high-
lighted by the blue box. This confirms that our approach significantly enhances local feature
recovery, thereby improving the overall perceptual quality of the dehazed image.

Effectiveness of O-shaped architecture: To validate the effectiveness of the proposed
O-shaped architecture, we integrated both the SE-SA and Mix-VSSM modules into its
structure. This integration led to significant improvements in both quantitative metrics
and overall visual quality. The O-shaped architecture successfully combines the comple-
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mentary strengths of the Transformer and Mamba paradigms, resulting in high-quality
image restoration and enhanced dehazing performance. For the O-shaped topology, we
conducted additional ablation experiments, comparing the proposed O-shaped archi-
tecture with a U-shaped architecture and a simple parallel design. Table 7 shows that
the O-shaped structure achieves more efficient feature fusion and consistently maintains
superior performance.

Table 7. Ablation experiments on the mist subset compare the performance of different network
structures; the best results are shown in bold.

Structures Thin Haze

PSNR 1 SSIM 1
parallel 23.68 0.9051
U-shaped 24.11 0.9078
O-shaped 24.80 0.9152

4. Discussion

This paper proposes a remote sensing image dehazing framework called O-Transformer-
Mamba. This framework combines Transformer-based global modeling with Mamba-based
state-space representation through an O-shaped topology. This is further validated by
specific ablation experiments targeting this topology. In addition, the SE-SA and Mix-VSSM
modules enhance the model’s adaptability to complex haze distributions and large-scale
spatial structures in remote sensing images.

Nevertheless, several limitations remain. Like other strongly supervised methods,
the proposed model relies on paired training data, which may constrain cross-dataset
generalization under severe domain shifts. In extreme haze scenarios with near-opaque
regions, restoration performance is fundamentally bounded by the amount of recoverable
information in the input. Future work will explore extending the O-Transformer-Mamba
framework to weakly supervised or semi-supervised learning paradigms, incorporating
unpaired data and domain-invariant constraints to balance high-fidelity restoration with
stronger generalization.

5. Conclusions

In this paper, we propose an O-shaped remote sensing image dehazing network based
on Transformer and Mamba, named O-Transformer-Mamba, which is designed to address
both the uneven haze distribution and long-range dependency modeling challenges in
remote sensing imagery. The network incorporates two key components: First, the Sparse-
Enhanced Self-Attention (SE-SA) module introduces a dynamic prompting mechanism to
sparsely modulate the attention matrix. This allows the model to selectively focus on heavily
degraded regions while suppressing redundant responses in irrelevant areas, thereby
enhancing detail recovery. Second, the Mixed Visual State Space Module (Mix-VSSM)
combines 2D state space modeling with a convolutional residual pathway to strengthen
local spatial perception while preserving long-range context representation. This design
is particularly effective in handling large-scale and complex atmospheric degradations
common in remote sensing images. Experimental results demonstrate that O-Transformer-
Mamba achieves superior performance across various synthetic and real-world remote
sensing dehazing datasets, validating its robustness and generalization capability under
multi-scale and non-uniform haze conditions.
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