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Abstract

Unsupervised remote sensing dehazing remains a challenging and
ill-posed task due to the absence of reliable supervision signals. Ex-
isting dehazing methods with unpaired data often oversimplify haze
removal as style transfer, limiting generalization in complex scenar-
ios. Moreover, current unimodal frameworks neglect cross-modal
cues that could improve contextual reasoning. To address these
issues, we propose a novel cross-modal guided self-supervised de-
hazing framework called CLIP-HNet, which achieves multi-model
feature extraction, boundary-focused reconstruction and adaptive
sample filtering. Specifically, to capture global-local contextual
features, a hybrid feature interaction network is designed, which
bridges the feature representations of multi models with global
context-aware module (GCAM) and hybrid feature fusion module
(HF’M). Then, based on the hybrid features, a boundary-aware
feature reconstruction (BFRec) is proposed to further refine edge
details. Furthermore, a CLIP-guided progressive information dis-
tillation scheme is presented to dynamically prioritize training
samples and distill useful signals, which predicts haze concentra-
tion by CLIP and progressively increases sample difficulty during
the training stage. Finally, a frequency-domain texture matching
(FTM) strategy refines texture and spectral details, enhancing the
model’s ability to recover fine details. Experiments on synthetic
and real RSIs demonstrate that the proposed CLIP-HNet surpasses
state-of-the-art approaches, achieving superior visual quality and
quantitative performance.

CCS Concepts

+ Computing methodologies — Artificial intelligence; Com-
puter vision tasks; Reconstruction.
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1 Introduction

With advancements in Earth observation technology, remote sens-
ing now provides high-resolution optical images rich in surface
information [19], which are widely used in fields such as envi-
ronmental monitoring, agricultural production, and geographic
information acquisition [1, 10, 30]. However, atmospheric particles
like haze, fog, and clouds often degrade these images by absorbing
and scattering light, resulting in blurred textures, low contrast, and
color shift. This deterioration hampers the effectiveness of remote
sensing images (RSIs) in computer vision tasks, making haze re-
moval crucial for restoring image quality and enhancing ground
surface visibility.

Early dehazing methods [4, 12, 62] usually use various priors or
assumptions to invert the atmospheric scattering model (ASM) [31]
to restore clear results on single RSI:

I(x) = J(x)t(x) + A(1 - t(x)), (1)

where x denotes the pixel coordinates in an image, I(x) is the
observed hazy image, J(x) is the clear image without haze, A is
the airlight, and #(x) is the trasmission map. The emergence of
these prior-based methods [24, 26, 34] has greatly promoted the
development of image dehazing technology. However, a significant
drawback remains: the performance of these methods is entirely
dependent on the accuracy of the proposed priors or assumptions.
When these priors fail to adequately represent certain types of hazy
images, the dehazing effectiveness significantly diminishes [3, 15].

With the rapid development of deep learning technology, RSI
dehazing methods have gradually evolved from traditional physical
models to data-driven learning methods. As shown in Fig. 1, based
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Figure 1: Schematic diagram of different data-driven methods
for RSI dehazing,.

on the extent to which the model relies on supervisory signals,
existing methods can be categorized into three main categories.

Fully Supervised Dehazing with Paired Data. Methods within
this paradigm [5, 8, 32, 33, 45, 54] rely on large-scale paired datasets
of hazy and clear images, directly learning the mapping from hazy
inputs to clear outputs through end-to-end training. These fully
supervised learning-based dehazing methods can usually generate
very promising results if fed with enough paired data [27, 52]. How-
ever, they exhibit poor generalization performance and struggle to
handle real-world hazy images.

Semi-Supervised Dehazing with Paired and Unpaired Data.
To mitigate limited labeled data, these methods [9, 16, 50] lever-
age small labeled sets with larger unlabeled data for joint training.
Some approaches [2, 41] incorporate physical priors to enhance
supervision, while others [6, 17, 39] exploit data distribution charac-
teristics through augmentation and adversarial learning to enforce
consistency on unlabeled samples. Despite their effectiveness, label
noise and distribution gaps between labeled and unlabeled data can
lead to pseudo-labeling errors and degraded performance.

Unsupervised Dehazing with Unpaired Data. Techniques
falling within this category [22, 43, 61] achieve dehazing via domain
transfer without the need for paired training data by leveraging
an adversarial learning framework. By applying a style transfer
paradigm between the hazy and clear image domains and enforcing
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cycle consistency constraints (or using adversarial training), they
ensure both the authenticity and semantic consistency of the gen-
erated images. Since the aforementioned methods require training
the network with unpaired images, thereby converting the dehaz-
ing task into a style transformation, the network still struggles
to handle real-world hazy images effectively. Moreover, most of
these methods, which are designed for natural images, are ill-suited
for RSIs, often leading to a loss of rich texture and spectral details
during the dehazing process.

In real-world applications, obtaining ground-truth haze-free RSIs
is often prohibitively expensive or even unfeasible. Moreover, a
notable gap exists between synthetic hazy images and the actual
conditions encountered in practice. In light of these challenges, we
ask: can we develop a robust dehazing method that relies solely on
a single hazy RSI?

Recently, the Contrastive Language-Image Pre-training (CLIP)
[35] model has demonstrated remarkable capabilities in cross-modal
understanding between text and images. Its architecture, trained on
400 million image-text pairs, enables powerful zero-shot transfer
to various visual tasks without task-specific fine-tuning [7, 11, 59].
This dataset-agnostic nature of CLIP [25, 51], combined with the
semantic patch relationships captured by multi-head self-attention
(MHSA) in its Vision Transformer (ViT) backbone [28], makes it
particularly suitable for self-supervised image dehazing. The strong
correlation between textual descriptions and corresponding visual
elements indicates that CLIP can effectively identify the degree
of degradation of hazy images, which is expected to guide self-
supervised dehazing models to learn samples more efficiently.

This paper proposes a novel cross-modal guided self-supervised
dehazing framework CLIP-HNet specifically designed for RSI. As
shown in Fig. 1(d), our method distills inherent self-supervised
cues from the input hazy images and incorporates CLIP-guided
progressive information distillation to adapt dynamically to the
unique characteristics of each scene. This enables the framework to
generate high-quality, haze-free outputs without the requirement
of paired training data.

The key contributions are summarized as follows:

o To fully extract missing context information and seamlessly
integrate global-local features from hazy RSIs, we propose
a novel hybrid feature interaction network, which bridges
the feature representations of transformer and convolutional
network, enabling a more comprehensive feature fusion to
improve dehazing results.

o To effectively derive pseudo-supervised signals, we propose
a CLIP-guided progressive information distillation scheme
that leverages cross-modal guidance to create an adaptive
training framework. This framework dynamically selects
samples based on multimodal haze density assessment, while
progressively escalating learning challenges via a difficulty-
adaptive curriculum.

e We introduce frequency-domain texture matching (FTM) to
enhance model performance by refining the texture and spec-
tral details. By leveraging the frequency domain, FTM decom-
poses images into sub-bands to extract and preserve critical
high-frequency components, ensuring improved restoration
of fine details and overall spectral consistency.
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Figure 2: The framework of the proposed model.

2 Related Work
2.1 Fully Supervised RSI Dehazing

With the success of CNNs in computer vision, fully supervised
learning has become the mainstream for RSI dehazing. The key
challenge lies in jointly modeling the physical laws of ASM and the
semantic features of surface scenes. Early work like DehazeNet [5]
pioneered end-to-end CNN-based learning. Subsequent methods
enhanced feature extraction via multi-scale structures (FFA-Net
[33]) and dense connections (DCPDN [53]). Recent advances in-
troduce Transformer and diffusion models: DehazeFormer [38]
captures global degradation via window attention, PCSformer [57]
uses cross-stripe and proxy Transformers, and RSHazeDiff [46]
incorporates Fourier priors to improve texture and color. Despite
strong performance, these methods heavily rely on high-quality
paired data, which is often scarce in real-world scenarios.

2.2 Unsupervised RSI Dehazing

Recently, some scholars have begun to focus on unsupervised
learning-based dehazing techniques [21, 22, 43, 49, 60]. Li et al.
[21] proposed a zero-shot dehazing method, which disentangles
hazy images into multiple layers eliminating the need for paired
training data. Zhao et al. [60] presented RefineDNet, which com-
bines prior-based visibility restoration with learning-based realism
enhancement. Li et al. [22] developed an unsupervised single im-
age dehazing network (USID-Net), which leverages disentangled
representations without requiring paired training images. Yang
et al. [48] proposed a self-supervised enhanced dehazing frame-
work, which re-rendered the haze effect through depth estimation
to improve the generalization ability of the model, and introduced
contrast-aware loss to optimize the dehazing quality. Wang et al.
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[43] proposed an unsupervised contrastive learning paradigm for
image dehazing using unpaired images to train the model. Zheng
et al. [61] presented Dehaze-TGGAN, a Transformer-enhanced Cy-
cleGAN framework that removes haze from satellite imagery by
incorporating spatial-spectral attention mechanisms.

2.3 CLIP based Image Dehazing

The integration of CLIP models into image dehazing tasks has
gained significant attention due to their powerful cross-modal rep-
resentation capabilities [29]. Wang et al. [40] proposed a language-
guided adaptation framework for image dehazing. Zhang et al. [56]
proposed DehazeMatic, where Mamba and Transformer are inte-
grated by CLIP for image dehazing. In addition, Ren et al. [36]
introduced a triplane-smoothed video dehazing model based on
CLIP-enhanced generalization. These approaches typically leverage
the rich semantic representations learned by CLIP to provide more
informed guidance for dehazing task.

3 Methodology

Our goals are twofold: (1) enhancing multi-model feature extraction
and boundary-focused reconstruction for effective haze removal,
and (2) developing a dynamic sample filtering mechanism that lever-
ages contrastive cues for efficient unsupervised optimization. Fig. 2
shows our model structure. For the first goal, we design a hybrid
feature interaction network (HFIN) that fuses multi-model repre-
sentations via a global context-aware module (GCAM) and a hybrid
feature fusion module (HF?M). Additionally, a boundary-aware fea-
ture reconstruction (BFRec) module refines edge details to boost
restoration accuracy. For the second goal, we propose a CLIP-guided
progressive information distillation scheme, adaptively prioritizing
training samples by estimating haze concentration and increasing
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Figure 3: Hybrid Feature Fusion Module (HF2M).

sample difficulty during training. This strategy distills more reliable
supervision signals in an unsupervised setting.

3.1 Hybrid Feature Interaction Network

As illustrated in Fig. 2, the proposed HFIN is built upon an encoder-
decoder architecture, designed to extract and integrate both local
and global features. The encoder consists of three main compo-
nents: the backbone, GCAM, and HF?Ms. These components work
collaboratively to produce high-quality, multi-scale features.

The backbone is responsible for extracting local features. Initially,
the input image is processed by a pre-block, which generates shal-
low feature maps through a combination of a convolution layer and
a max-pooling layer. These feature maps are then passed through n
encoder layers (typically n = 4) adapted from ResNet [13], enabling
the extraction of hierarchical local features.

Global Context-Aware Module. The GCAM is designed to
capture global context information by collecting D-dimensional
context features from multiple layers. The input image is divided
into non-overlapping patches of size 32 X 32 during patch embed-
ding. These patches are flattened and projected into D-dimensional
tokens, which are further enhanced with position embeddings. The
tokens are then processed through four attention blocks, leveraging
the long-range dependency modeling capabilities of transformers
[37, 38, 42]. Finally, the feature tokens from all attention blocks
are concatenated to serve as inputs for feature interaction. In each
encoder layer, the HF?M integrates these global context features
with local features.

Hybrid Feature Fusion Module. The HF?M fuses global and
local features by dynamically generating filter weights from global
context features. As shown in Fig. 3, the i-th block of the HF?Ms
first compresses the global context features G into a smaller vector
G using a multi-layer perceptron (MLP). These compressed fea-
tures are then transformed via two linear layers and reshaped into
compressed kernals ©, which are used to convolve the local feature
maps. This convolution operation produces hybrid feature maps
that combine global and local information. A 1 X 1 convolutional
layer is subsequently applied to adjust the channel dimensions of
the hybrid feature maps, which are then added back to the original
local feature maps via a residual connection. This process ensures
efficient feature integration and propagation through the network.
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Boundary-aware Feature Reconstruction. In general, the
haze-free image can be obatined by the reversing ASM:

@

However, directly estimating ¢(x) via a neural network can lead
to numerical instability when #(x) approaches zero, causing ex-
ploding gradients. Enforcing valid ranges for #(x) also becomes
non-trivial. Without proper regularization or priors, the network
may learn physically inconsistent solutions, compromising both
interpretability and generalization.

To address above issues, we propose a novel BFRec as the decoder
of HFIN that estimates an “inverse transmission map” T(x) instead.
By avoiding direct prediction of #(x) in the denominator, T(x) can
reduce numerical instability and simplifies the training process,
while also adhering more closely to physical constraints.

In contrast to ¢(x), which often benefits from being relatively
blurred [12], the inverse transmission map T (x) requires sharper
texture details to more accurately reconstruct the haze-free images.
Therefore, we extracte gradient features from RSI as boundary
information to further enhance the generated T(x):

Te(x) = T(x) + T(x) * B(x), ®)

where B(x) is boundary information, which is calculated by So-
bel operator. Then, the enhanced T, (x) is substituted into J(x) =
A—(A-I(x))*T(x) to obtain the dehazed results. In this method, A
is chosen as the average of the first 0.1% brightest pixels in the hazy
RSI, leveraging the bright-spot scattering phenomenon commonly
observed under uneven haze conditions. Physically, this scatter-
ing elevates intensity in certain regions, creating bright spots that
provide a suitable approximation of the global atmospheric light.

3.2 CLIP-guided Progressive Information
Distillation

While conventional training strategies treat all samples equally
regardless of difficulty (e.g., thin-haze vs. dense-haze samples), this
uniform approach proves inefficient. Challenging samples with
dense haze introduce excessive noise into the training process,
hindering optimal learning, especially in early stages.

To address the aforementioned issues, we introduce a CLIP-
guided progressive information distillation approach, which inte-
grates haze concentration estimation and a sample filtering strategy
into a unified optimization process (see Fig. 2). This method selec-
tively updates training samples based on their haze concentration,
gradually increasing sample difficulty over time. By prioritizing
easier samples initially and progressively incorporating more chal-
lenging ones, the model achieves a smoother learning curve and
enhanced robustness.

Haze Concentration Estimation. As illustrated in Fig. 4, CLIP
can effectively distinguish varying levels of haze concentration
using carefully crafted text prompt sets. This ability is attributed to
CLIP’s extensive pre-training on diverse image-text pairs, enabling
it to capture subtle atmospheric characteristics. By utilizing con-
trastive prompt sets, CLIP can infer the presence and intensity of
haze in a given image with impressive sensitivity.
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Algorithm 1 CLIP-guided Sample Filtering

Require: Inputs I = {I(™) }i=q; total training epochs Tiax.
Ensure: Updated model parameters 6.

1: Initialization:

2. Given initial threshold §(*) and scaling factor T.

3: for each epoch t = 1 to Tpax do
4: if t <=T then
5 Update the control factor () by (5).
6: for each hazy image 1(m) do
7 Compute the haze concentration P(haze | I (m)) by (4).
8: if P(haze | I'™) < 6(!) then
9 Set binary selection vector vy, « 1.
10: else
11: Set vy, < 0.
12: end if
13: end for
14:  elseif t > T then
15: for each hazy image 1™ do
16: Set vy, « 1.
17: end for
18:  endif
19:  Compute joint loss E(w, v) by (7).
20:  Update model parameters 6 using backpropagation.

21: end for

To fully harness this capability, we propose a prompt-based
framework tailored for haze concentration estimation. Specifically,
we construct two complementary categories of textual prompts:
hazy prompts (Tj) and clear prompts (T;). The hazy prompts are
designed to describe aerial scenes with haze, using expressions
such as “non-uniform fog” and “bright scattering” while the clear
prompts capture haze-free conditions with phrases like “clear scene”
and “no haze”.

Given an input image I, we first extract global visual features
using CLIP’s image encoder E;, and compute their similarity with
text embeddings produced by the text encoder E;. This process
yields a probabilistic estimate of haze presence:

2heT, S(Ei(D), Er(h))
Yke(n, 1.y SEi(D), Er (k)

where S(-, -) denotes the cosine similarity between image and text
embeddings. This formulation allows CLIP to serve as a semantic
haze detector, laying the foundation for reliable and interpretable
haze concentration estimation.

CLIP-guided Sample Filtering. Inspired by self-paced learning
[18], we introduce a control factor § to dynamically adjust the
selection of training samples. The value of § evolves during training
and is defined as:

P(haze|l) = 4)

t
Ccos T
P

1
50 = 50) 4 (1- 5(0)) - (5)

where 6(0) is the initial threshold, ¢ is the current epoch, and T
serves as a scaling factor to modulate the cosine term. At each
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Figure 4: Sample haze concentration estimation by CLIP and
corresponding text prompt sets.

epoch t, the value of § determines which samples are included in
the training process. The sample inclusion criterion is expressed as:

(6)

1, if P(haze|I(™) < 8.
Um =
otherwise.

where P(haze|I(™)) is the probabilistic estimate of the m-th sam-
pleI (m) | calculated by CLIP. Smaller P(haze|I (m)) values indicate
lower haze concentration, making such samples easier for the model
to process. Therefore, the process of progressive information distil-
lation can be expressed as:

n n
minE(w,v) = 3" om Lom: (fI",07) =8 3 om, (1)
m=1 m=1
where I" is the m-th training sample, and v = [v1,0p,...,0;] is a
binary selection vector determined by (6). We show the pseudo-code
implementation of CLIP-guided sample filtering in Algorithm 1.

3.3 Joint Optimization Strategy

Frequency-domain Texture Matching. RSIs inherently preserve
rich texture and spectral details, even in the presence of haze. These
textures and details are crucial for maintaining the visual and struc-
tural integrity of dehazed results. However, these features are often
degraded during the dehazing process. To address this, we propose
a frequency-domain texture matching (FTM) strategy that lever-
ages frequency-domain analysis to enhance texture and spectral
refinement in a self-supervised manner.

Our approach utilizes the discrete wavelet transform (DWT) to
decompose an image I € RW>*HXC into four sub-bands: one low-
frequency approximation sub-band and three high-frequency detail
sub-bands, which can be expressed as:

(8)
where ¥(-) represents the DWT operation, I1 1 is the low-frequency
sub-band containing global structure and smooth intensity vari-
ations, and Iy, Igr, Iy are high-frequency sub-bands captur-
ing finer details and edges along horizontal, vertical, and diagonal

Iy, I, Inc, Ing = YD),
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orientations, respectively. These high-frequency components are
particularly valuable for extracting texture and edge features.

For hazy images, the high-frequency texture features are defined
asTh = {Irg, Iyr, Igg }, while for the corresponding dehazed re-
sults, the texture features are T¢ = {JrH,JuL, Jam }- To ensure that
the dehazing model retains the fine textures and edges inherent in
the original hazy images, we introduce a FTM loss defined as:

3
1
Lftm_%; |1’

where Tl.h and Tl.d are the high-frequency sub-bands of the hazy and
dehazed images, respectively.

Contrastive Feature Representation. In the context of unsu-
pervised contrastive representation for image dehazing, the anchor
is defined as the recovered result produced by the proposed dehaz-
ing network, the positive as the recovered result from an existing
dehazing model, and the negative as the hazy input. The goal of this
contrastive representation is to minimize the L; distance between
the embeddings of the anchor and the positive while maximizing
their distance from the negative. This can be formulated as:

[[©:(g(1.65)) = @i (f(L 0p))|
L fr = Z Wi+ )
= [[©:(D) - @:(f(1.6p))|, +e
where f (-, ) denotes the proposed dehazing network with param-
eters 0, and g(+, 6y) denotes an existing dehazing model with pa-
rameters 6. € is a small positive constant added to prevent division
by zero. For ease of implementation, we use the results generated by
[12] as g(+, 0). Additionally, ®;(-) represents the i-th latent feature
map extracted from VGG-19, and w; is the weight coefficient for
the i-th feature map, empirically set it to 1/16, 1/8, 1/4, 1/2, and 1.
In addition to the two aforementioned loss functions, we also
incorporate a color loss L., and an identity loss £;4,,, to pre-
serve the color fidelity and structural consistency of the dehazed
output. Specifically, L., measures the discrepancy between the
U and V channels of the dehazed image and the original image in
the YUV color space, ensuring color consistency. Meanwhile, £; 4.,
is computed by comparing the dark channel of the dehazed result
with that of the reference image generated by the method in [12],
thereby maintaining structural integrity. The overall optimazation
Ljoint is the sum of all the above loss functions.

©

h d
[t -,

n

(10)

4 Experiments and Results

4.1 Experimental Settings

Datasets. We evaluate our proposed framework on multiple pub-
licly available datasets, including SateHaze1k [14] and RSID [8].
SateHaze1lk contains 1,200 pairs of nonuniformly hazy RSIs cap-
tured by the GF-2 satellite, categorized into three haze concentra-
tion levels: thin, medium, and thick. From this dataset, we allocate
1,078 image pairs for training and 120 pairs for testing. Notably,
CLIP-HNet requires only the hazy images during training, with-
out utilizing the corresponding clear images. RSID provides 900
synthetic hazy images for training and 100 for testing. To further
validate our model’s restoration quality and generalization capa-
bility, we incorporate two additional real-world hazy RSI datasets:
MODIS [54] and UAV.
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Implementation Details. We implement CLIP-HNet using Py-
Torch and train on an NVIDIA RTX 4090 GPU. The decoder of CLIP-
HNet is mainly based on RDN [58]. The optimizer of CLIP-HNet is
Adam optimizer [20] with a batch size of 16. The initial learning
rate is set to 2 X 10~* and decreases by a factor of 0.5 whenever
validation performance deteriorates for three consecutive epochs.
To enhance model robustness and generalization capability, we ap-
ply data augmentation during training by randomly rotating input
images at angles of 0°, 90°, 180°, 270°.

4.2 Exploration of Model Hyperparameters

Setting T in CLIP-guided sample filtering. The parameter T
in (5) significantly influences the sample filtering rate’s progres-
sion. As a temporal scaling factor, T determines how rapidly the
filtering threshold 6(*) transitions from its initial value §(°) toward
its maximum. When T is larger, the cosine term cos % decreases
more gradually as ¢ increases, resulting in a slower, more measured
change in § (), Conversely, a smaller T accelerates this transition,
causing () to reach higher values more quickly. As shown in Fig.
5, the experimental results clearly support selecting T = 50 as the
optimal value. This choice achieves a significantly higher dehazing
quality compared to other settings. It provides the optimal balance
between early training stability and progressive refinement, allow-
ing the model to establish foundational learning before gradually
incorporating more challenging hazy instances while avoiding both
premature difficulty introduction and excessively delayed filtering.

Setting & ) in CLIP-guided sample filtering. The parameter
5() in (5) serves as the initial threshold value for sample filtering,
fundamentally determining the starting point of the adaptive se-
lection process. This parameter directly impacts both the initial
filtering strictness and the overall trajectory of threshold evolution
throughout training. As shown in Fig. 5, our experimental results
support choosing & 0 =05 as optimal. This value achieves the
highest dehazing quality, outperforming other configurations by at
least 1.16 dB. Setting 50 =05 provides a balanced approach that
filters approximately half the samples initially, allowing the model
to focus on moderately challenging examples from the beginning
while maintaining sufficient diversity in the training set. This bal-
anced initial filtering avoids both the overly permissive inclusion of
all samples (0 0) = 0) and the excessively strict filtering (§ 0) = 1)
that could limit learning from valuable training signals.

4.3 Comparison with the State-of-the-arts

The comparative methods are categorized into two groups: super-
vised and unsupervised approaches. The supervised algorithms
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Table 1: Quantitative comparison on two paired nonuniform hazy RSI datasets.The best performance is shown in red and the

second best is shown in blue.

SateHazelk RSID

Method Type

PSNR (dB)T SSIMT FSIM{ PSNR(dB)T SSIMT FSIM1
FFA-Net (s A ar2020) [33] Supervised 23.12 09151  0.9685 20.85 0.9058  0.9871
FCTF-Net (Ggsp.2021) [23] Supervised 22.43 0.9051  0.9593 20.56 0.8984  0.9812
DCIL (1Grsz022) [54] Supervised 24.85 09124  0.9782 20.46 07271 0.9749
Trinity-Net (tGrs2023) [8] Supervised 23.12 0.8904  0.9641 21.52 0.8774  0.9795
RSHazeNet jcasspaooe) [45]  Supervised 23.94 0.8963  0.9710 20.39 0.8898  0.9821
ZID (11p2020) [21] Unsupervised 12.32 05281  0.8997 11.46 03259  0.9274
USID-Net (rypyi2022) [22] Unsupervised 17.36 0.6489  0.8976 16.58 0.6335  0.9535
UCLD (7py024) [43] Unsupervised 16.43 0.7256  0.9563 17.50 0.7269  0.9586
D4+ (5jcy2004) [48] Unsupervised 13.15 0.6048  0.8940 15.90 0.8259  0.9608
UR2P 4 ,yiy2025) [47] Unsupervised 11.87 0.4640  0.8601 1459 0.6582  0.9000
CLIP-HNet (Ours) Unsupervised 19.51 0.7760  0.9682 17.63 0.8367  0.9665

Satehazelk

RSID

Figure 6: Visual comparisons of our CLIP-HNet and other unsupervised dehazing methods on restoring RSIs from SateHaze1lk
[14] and RSID [8]. (a) Hazy RSIs. (b) Ground Truths. (c) ZID [21]. (d) USID-Net [22]. (¢) UCLD [43]. (f) D4+ [48]. (g) UR2P [47].

(h) CLIP-HNet (Ours).

include FFA-Net [33], FCTF-Net [23], DCIL [54], Trinity-Net [8],
and RSHazeNet [45], while the unsupervised algorithms comprise
ZID [21], USID-Net [22], UCLD [43], D4+ [48] and UR2P [47].
Evaluation on Synthetic Datasets. We evaluate performance
using established quantitative metrics including Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM) [44], and
Feature Similarity Index (FSIM) [55]. Table 1 provides a comprehen-
sive quantitative comparison across two paired nonuniform hazy
RSI datasets. Supervised approaches (e.g., DCIL [54] and Trinity-Net
[8]) consistently show strong performance but depend on paired
training data. In contrast, unsupervised methods face greater chal-
lenges but offer broader applicability; among them, UCLD [43] and
D4+ [48] perform relatively well yet still struggle in more com-
plex scenes. Our proposed CLIP-HNet surpasses all unsupervised
counterparts, achieving the highest PSNR and superior SSIM/FSIM,
due to its cross-modal guidance. Notably, its performance narrows
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the gap with supervised methods or even exceeds them, indicating
robust haze removal without explicit supervision.

Visual comparisons (Fig. 6) confirm that CLIP-HNet restores
sharper textures and more natural colors. For instance, other ap-
proaches often show residual haze or missing details in the red
boxes, while CLIP-HNet preserves building rooftops and airplane
contours with greater fidelity and fewer artifacts, highlighting the
advantages of its cross-modal design.

Evaluation on Real-world RSIs. From the visual results in
Fig. 7, CLIP-HNet removes haze more effectively in challenging
regions, such as mountainous terrain or densely vegetated areas.
Compared with UCLD and UR2P, for instance, CLIP-HNet retains
more realistic colors and sharper textures, mitigating color shifts
or over-smoothing artifacts. Additionally, in urban environments,
edges of buildings and other structures appear crisper, reflecting
CLIP-HNet’s capacity to preserve subtle boundaries while effec-
tively suppressing haze-induced distortions.
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@)

(b) © ©) O]
Figure 7: Visual comparison on real-world hazy RSIs. (a) Real-
world hazy RSIs. (b) USID-Net [22]. (c) UCLD [43]. (d) UR2P

[47]. (e) CLIP-HNet (Ours).

Table 2: The ablation experiments of modules on SateHaze1k
dataset.

GCAM HF?Ms BFRec CLIP-PID|PSNR (dB) T SSIM T FSIM |
X X v v 1743 0.7076 0.9492
v X v v 1854  0.7155 0.9579
v v X v 1862 0.7335 0.9614
v v v X 1826 0.7173 0.9569
v v v v 19.51  0.7760 0.9682

4.4 Ablation Studies

We performed ablations on different components of the model and
loss functions on the SateHaze1lk dataset.

Investigation of GCAM. As shown in the first two rows of
Table 2, adding the GCAM leads to a notable improvement in PSNR
from 17.43 dB to 18.54 dB, as well as consistent gains in SSIM and
FSIM. This indicates that capturing long-range dependencies via
transformer-based attention blocks significantly enhances dehaz-
ing performance. Furthermore, the global context features from
GCAM provide complementary information that refines local patch
representations in subsequent modules.

Investigation of HF2Ms. The HFIMs are replaced with a pixel
unshuffle operation and a convolution layer in ablation model.
Comparing the second row (w/o HF?Ms) with the final row (full
model) reveals that incorporating the HF?Ms raises the PSNR from
18.54 dB to 19.51 dB. This improvement underscores the value of
dynamically blending local and global features, where filter weights
are adaptively generated from global context. As a result, HF?Ms
effectively consolidate multi-scale information, yielding clearer
structural details in the dehazed output.
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Table 3: Ablation studies of the contribution of loss functions.

Loss function PSNR(dB)T SSIMT FSIM T
W/ Lfim 17.49 07071 0.9522
w/o Legr 18.45 0.7167  0.9571

w/0 Leolor 18.32 07145  0.9577
Full Loss 19.51 0.7760 0.9682

Investigation of BFRec. In this ablation model, the boundary
informtion is removed from BFRec. By contrasting the third row and
the full model, one observes a jump in PSNR from 18.62 dB to 19.51
dB and accompanying increases in SSIM/FSIM. This confirms that
the proposed BFRec with boundary informtion further refines out-
put quality by preserving edge information. Consequently, BFRec
not only improves visual sharpness but also ensures consistent
physical interpretation in haze removal.

Investigation of CLIP-PID. As shown in Table 2, the proposed
model with CLIP-PID achieves clear performance boost demon-
strating the effectiveness of progressively incorporating challeng-
ing samples based on haze concentration. By focusing on simpler
data early on and gradually introducing heavily hazed samples,
the model avoids being overwhelmed by high-noise inputs. Con-
sequently, CLIP-PID not only stabilizes training but also leads to
more robust generalization.

Investigation of Loss Functions. The £ ftm Preserves criti-
cal high-frequency textures and edges, mitigating over-smoothing.
Meanwhile, £, enhances network robustness by aligning with
reference images while distancing from hazy inputs. In addition,
the L., maintains color fidelity through YUV space comparisons.
Ablation studies in Table 3 show removing any loss causes signif-
icant drops in PSNR, SSIM, and FSIM metrics. Combining these
losses produces high-quality dehazed outputs by balancing texture
preservation, color accuracy and structural consistency.

5 Conclusion

In this paper, we introduced a novel unsupervised dehazing frame-
work for RSI, termed CLIP-HNet. By incorporating cross-modal
guidance from CLIP, our approach effectively captures both global
and local representations through the GCAM and the HF?Ms. The
proposed BFRec further refines edge details, enhancing structural
fidelity in the final dehazed images. Additionally, the CLIP-guided
progressive information distillation scheme dynamically filters
training samples based on haze concentration, fostering a smoother
learning trajectory that steadily accommodates increasingly com-
plex hazy scenarios. Lastly, the FTM strategy preserves subtle tex-
ture and spectral details, mitigating common oversimplifications
of haze removal as mere style transfer. Extensive experiments on
both synthetic and real-world RSI datasets confirm the superior
performance of CLIP-HNet, showcasing its robust generalization
and improved visual quality over existing methods.
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