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Remote sensing image dehazing network via dynamic multi-expert gating
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Abstract: Objective Remote sensing images acquired under complex atmospheric environments are frequently affected by
haze, thin clouds, and aerosol scattering, leading to severe degradation in visual quality and information fidelity. Such deg-

radations manifest as reduced contrast, color distortion, blurred boundaries, and loss of fine structural details, which sig-
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nificantly compromise the reliability of downstream remote sensing applications, including land-cover classification, urban
monitoring, object detection, and disaster assessment. Although substantial progress has been made in image dehazing
over the past decade, most existing approaches are primarily developed for natural images and exhibit limited adaptability
when applied to remote sensing data. Unlike natural images, remote sensing images are characterized by large spatial cov=
erage, diverse land-cover distributions, complex textures, and highly non-uniform haze patterns caused by varying terrain
and atmospheric conditions. In particular, many deep learning—based dehazing models rely on static network architectures
and fixed feature fusion strategies, which lack the flexibility to dynamically respond to spatially varying haze densities and
heterogeneous scene structures. Consequently, these methods often suffer from over-smoothing, incomplete haze removal ,
or color inconsistencies in real-world remote sensing scenarios. To address these challenges, the objective of this study is to
develop an adaptive remote sensing image dehazing framework with enhanced feature modeling capability, capable of
dynamically adjusting its representation according to local atmospheric conditions and scene characteristics, thereby
improving robustness, stability, and generalization performance across diverse haze scenarios. Method To achieve this
objective, we propose a novel dynamic multi-expert gating dehazing network (DMEGD-Net) based on a U-Net encoder—
decoder architecture. Unlike existing based on U-Net architecture dehazing models that rely on a single static feature
extraction, the proposed network introduces a dynamic multi-expert modeling paradigm that explicitly decomposes feature
learning into complementary sub-tasks. Specifically, a dynamic multi-expert gating (MEG) is designed, consisting of a
color expert and an edge expert, each specializing in different aspects of haze degradation. The color expert employs a 1X1
convolutional layer to effectively capture inter-channel correlations and restore chromatic consistency distorted by atmo-
spheric scattering, while the edge expert utilizes a 3X3 convolutional layer to emphasize spatial structures and high-
frequency details critical for preserving object boundaries and textures. A key innovation of DMEGD-Net lies in its learned
gating mechanism, which dynamically predicts adaptive fusion weights for the two experts based on the input feature repre-
sentations. This gating strategy enables the network to selectively emphasize color-oriented or structure-oriented features at
different spatial locations, allowing for flexible adaptation to non-uniform haze distributions. Compared with fixed fusion
strategies, the proposed dynamic gating mechanism provides enhanced modeling capacity for complex remote sensing
scenes. Furthermore, a channel—pixel attention (CPA) is introduced to jointly model channel-wise importance and pixel-
level spatial saliency. By suppressing haze-dominated responses and enhancing informative regions, the CPA enables fine-
grained feature refinement and improves the discrimination of haze-free structures. To facilitate accurate image reconstruc-
tion, a dual-source fusion block (DFB) is incorporated into the decoder to explicitly integrate high-level semantic features
from deep layers with low-level structural details from shallow layers, effectively alleviating edge blurring and texture loss
commonly observed in dehazing tasks. In addition, a content—edge composite loss function is formulated to jointly enforce
global appearance consistency and local structural fidelity. This loss function combines a content reconstruction term with
an edge-preserving constraint, providing explicit supervision for recovering sharp edges while maintaining overall visual
realism. Result Extensive experiments are conducted on three representative remote sensing image dehazing datasets,
namely SateHazelk, HRSD, and RRSHID, which include both synthetic and real-world haze scenarios with varying haze
densities and scene complexities. The proposed DMEGD-Net is evaluated using both full-reference metrics, including peak
signal-to-noise ratio (PSNR) and structural similarity index measure (SSIM), as well as the no-reference fog aware density
evaluator (FADE) , ensuring a comprehensive and objective assessment of dehazing performance. Quantitative results dem-
onstrate that DMEGD-Net consistently outperforms existing state-of-the-art dehazing methods across all datasets and haze
levels. In particular, on the SateHazelk dataset, the proposed method achieves a significant improvement in average PSNR
compared with AU-Net, which is also based on a U-Net framework, with an increase of approximately 13. 8%. Notably,
the performance gains become more pronounced under moderate and heavy haze conditions, where spatially non-uniform
haze poses substantial challenges to conventional methods. The proposed model also achieves superior SSIM, indicating
improved structural consistency, and lower FADE values, reflecting more effective haze removal without introducing exces-
sive artifacts. Qualitative comparisons further confirm that the DMEGD-Net produces visually more natural dehazed
images, characterized by more accurate color restoration, clearer structural details, and reduced residual haze. In real

remote sensing scenarios, the proposed method demonstrates strong robustness in handling heterogeneous land-cover types
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and complex atmospheric effects, outperforming competing approaches that often suffer from color shifts, over-smoothing,
or incomplete haze removal. Ablation studies systematically validate the effectiveness of each proposed component, show-
ing that the dynamic multi-expert gating mechanism, the attention module, the dual-source fusion strategy, and the com-
posite loss function all contribute substantially to the overall performance improvements. Conclusion This study presents
an adaptive and effective solution for remote sensing image dehazing by introducing a dynamic multi-expert gating paradigm
into deep convolutional networks. By explicitly modeling and dynamically balancing color and structural information, the
proposed DMEGD-Net overcomes the limitations of static architectures when dealing with complex and non-uniform haze
conditions. The integration of attention-guided feature enhancement and multi-level feature fusion further strengthens the
network " s ability to recover fine details and preserve structural consistency, leading to superior performance in both objec-
tive evaluation metrics and subjective visual quality. Although the proposed method achieves significant performance
improvements, the dynamic multi-expert design introduces additional computational complexity, which may affect effi-
ciency in large-scale or resource-constrained applications. Future work will focus on lightweight network design, incorpo-
rating physical atmospheric constraints to improve interpretability, and extending the proposed dynamic expert modeling
strategy to other remote sensing image restoration tasks such as denoising, super-resolution, and cloud removal. Overall,
this work highlights the potential of dynamic multi-expert learning as a promising direction for robust, generalizable, and

high-quality remote sensing image enhancement. Code is available: https://github. com/YuH1127/DMEGD-Netorhttps://

doi. org/10. 57760/sciencedb. j00240. 00054.
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Fig. 1  Overall architecture of the DMEGD-Net
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A[E 75 iE7E SateHazelk iR & FRIEEXTLLER

Table 1 Quantitative comparison of different methods on the SateHazelk dataset

Hazelk—Thin

Hazelk—Moderate Hazelk—Thick

ik PSNR 1 SSIM 1 PSNR 1 SSIM 1 PSNR 1 SSIM 1

DCP(He %,2009) 20.57 0.8725 20.81 0.9039 15.81 0.7423
AOD-Net(Li%:,2017) 17.19 0.8403 15.60 0.7592 15.09 0.7281
GridDehaze—Net(Liu%,2021) 23.30 0.9074 23.80 0.9252 19.78 0.8067
FFA-Net(Qin%,2020) 22.06 0.8987 24.46 0.9232 21.10 0.8313
FCTF-Net(Li%,2021) 18.91 0.8496 21.62 0.8927 17.58 0.7675
SCA-Net(Guo %, 2023) 23.37 0.8946 23.16 0.8294 20.33 0.8114
PhD-Net(Lihe %5 ,2024) 23.68 0.9024 25.03 0.9301 21.32 0.8229
AU-Net(Du%,2024) 22.70 0.8992 21.05 0.9037 19.85 0.8226
DCMP-Net(Zhang 45,2024 ) 23.35 0.8809 25.01 0.8929 20.56 0.7969
AdalR(Cui%,2025) 24.43 0.9014 24.96 0.9353 21.67 0.8382
DMEGD-Net(430) 24.55 0.9111 25.49 0.9295 22.32 0.8441

B8 P RS R DU 7 AR 2R LA R RIZ R, T 3Rs (EBORr
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Fig. 4 Bar comparison of FADE metrics for different methods on the SateHaze 1k dataset
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Table 1 Quantitative comparison of different methods on the HRSD dataset

HRSD-DHID HRSD-LHID
7k

PSNR 1 SSIM 1 FADE | PSNR 1 SSIM 1 FADE |
DCP(He %5,2009) 18.90 0.8204 0.75 20.51 0.7870 0.52
AOD-Net(Li%:,2017) 15.87 0.7233 0.86 21.73 0.8482 0.78
GridDehaze—Net(Liu%%,2021) 24.64 0.8663 0.58 24.12 0.8816 0.62
FFA-Net(Qin%,2020) 22.73 0.8485 0.68 26.78 0.8949 0.63
FCTF-Net(Li%F,2021) 22.53 0.8521 0.70 26.94 0.8973 0.65
SCA-Net(Guo%§,2023) 23.47 0.8485 0.66 25.99 0.8874 0.67
PhD-Net(Lihe 25,2024 ) 25.59 0.8744 0.69 27.23 0.8972 0.60
AU-Net(Du%:,2024) 23.70 0.8548 0.62 16.91 0.5889 1.08
DCMP-Net(Zhang % ,2024) 25.60 0.8271 0.60 27.21 0.8990 0.57
AdalR(Cui%,2025) 23.97 0.8652 0.67 24.10 0.8874 0.58
DMEGD-Net(730) 26.77 0.8918 0.57 27.50 0.9058 0.52

U B9 R A R UMD 7R, IR SR L R R ARIC, © 1SR MO, | " IR (B e .

*®3 AREAEERRSHIDHIREE FHEEXLER
Table 3 Quantitative comparison of different methods on the RRSHID dataset

RRSHID-Thin RRSHID-Moderate RRSHID-Thick

i PSNR T SSIM 1 PSNR T SSIM 1 PSNR 1 SSIM 1

DCP(He %5,2009) 16.15 0.4762 13.32 0.4771 12.43 0.4493
AOD-Net(Li%:,2017) 18.22 0.4851 15.27 0.3924 15.10 0.3847
GridDehaze—Net( Liu%#,2021) 22.55 0.6104 22.55 0.6475 23.84 0.7126
FCTF-Net(Li%,2021) 21.20 0.5579 21.72 0.6313 22.43 0.6686
PhD-Net(Lihe % ,2024) 22.04 0.5920 2227 0.6423 23.11 0.6728
MixDehaze—Net (Lu %5 ,2024) 22.02 0.5667 22.44 0.6234 23.64 0.6728
AU-Net(Du%§,2024) 17.51 0.3493 17.16 0.5300 15.55 0.4755
DCMP-Net(Zhang 45,2024 ) 22.82 0.5512 22.98 0.5722 23.89 0.5759
AdalR(Cui%,2025) 22.50 0.6005 23.00 0.6632 23.67 0.7062
DMEGD-Net(7#32) 22.97 0.6171 23.09 0.6655 24.58 0.7252

E B8 PR 4 SR DR/ RS R DL R R ARl T 7 s (R8s

Thick (18 12) 35 b, B ORI A HERA PEFN 2548 58
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W ATLAE Y, 51 A LD-Conv 5 , 5 B AF A% R
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(a)FA %K% (b)DCP (¢)AOD-Net (d)GridDehaze-Net (e)FFA-Net (f)FCTF-Net (g)SCA-Net (h)PhD-Net (i) AU-Net (j)AdalR
(k)A ¥ (1) Ground Truth
K5 AS[EJ7E7E SateHaze Lk-Thin B9 2= 550U A0 5 X5 F
Fig. 5 Visual comparison of dehazing results by different methods on the SateHaze 1k-Thin ((a)Haze Image; (b)DCP; (¢c) AOD-Net;
(d)GridDehaze-Net; (e)FFA-Net; (f)FCTF-Net; (g)SCA-Net; (h)PhD-Net; (i)AU-Net; (j)AdalR; (k)Ours; (1)Ground Truth)

(a)HZEEE (b)DCP (¢)AOD-Net (d)GridDehaze-Net (&) FFA-Net (f)FCTF-Net (g)SCA-Net (h)PhD-Net (i) AU-Net (j)AdalR
(k) A5 (1) Ground Truth
K6 AFJTiELE SateHaze 1k-Moderate f4) 22 25 RG4S L
Fig. 6 Visual comparison of dehazing results by different methods on the SateHaze 1k-Moderate ((a) Haze Image; (b)DCP; (¢)AOD-
Net; (d)GridDehaze-Net; (e)FFA-Net; (f)FCTF-Net; (g)SCA-Net; (h)PhD-Net; (i)AU-Net; (j)AdalR; (k)Ours; (1) Ground
Truth)

- Tiuie &N UL NN IR LR LR X "
() HZEEIE (H)DCP (¢)AOD-Net (d)GridDehaze-Net (e)FFA-Net (f)FCTF-Net (g)SCA-Net (h)PhD-Net (i) AU-Net (j)AdalR
(k)A I (1) Ground Truth

Bl7 KI5 7E SateHaze Lk-Thick (1 25 25 SR BERS HE
Fig. 7 Visual comparison of dehazing results by different methods on the SateHaze 1k-Thick ((a) Haze Image; (b)DCP; (¢)AOD-
Net; (d)GridDehaze-Net; (e)FFA-Net; (f)FCTF-Net; (g)SCA-Net; (h)PhD-Net; (i)AU-Net; (j)AdalR; (k)Ours; (1) Ground

Truth)
TEARTERE , Sk T A REAE R R BRI b Y B TEAR R PRBCECTT DT T8, 3R 5 % TSRl R R
A1 BRI VERE R . SLI0 45 SR W] AU L1 301 2R 5
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(a) B ZEE% (b)DCP (¢)AOD-Net (d)GridDehaze-Net (e)FFA-Net (f)FCTF-Net (g)SCA-Net (h)PhD-Net (i) AU-Net (j)AdalR
(K)A I (1) Ground Trath

P8 Ak AE HRSD-DHID 1 25 25 AR I3 L
Fig. 8 Visual comparison of dehazing results by different methods on the HRSD-DHID ( (a) Haze Image; (b)DCP; (¢)AOD-Net;
(d)GridDehaze-Net; (e)FFA-Net; (f)FCTF-Net; (g)SCA-Net; (h)PhD-Net; (i) AU-Net; (j)AdalR; (k)Ours; (1) Ground Truth)

== = E=0T =" =N EE S e P e
(a)HZEEZ (b)DCP (¢)AOD-Net (d)GridDehaze-Net (e)FFA-Net (f)FCTF-Net (g)SCA-Net (h)PhD-Net (i) AU-Net (j)AdalR
(k) A ¥ (1) Ground Truth

P19 ATy AL HRSD-LHID ) 25 55 AR 30X L
Fig. 9  Visual comparison of dehazing results by different methods on the HRSD-LHID ((a) Haze Image; (b)DCP; (¢)AOD-Net;
(d)GridDehaze-Net; (e)FFA-Net; (f)FCTF-Net; (g)SCA-Net; (h)PhD-Net; (i)AU-Net; (j)AdalR; (k)Ours; (1) Ground Truth)

(a)HZE % (b)DCP. (¢)AOD-Net (d)GridDehaze-Net (e) FCTF-Net (f) PhD-Net (g)MixDehaze-Net (h)AU-Net (i) AdalR (j) 4%
I (k) Ground Truth

F 10 Ay AE RRSHID-Thin 1 25 55 3R 5 X 1L
Fig. 10 Visual comparison of dehazing results by different methods on the RRSHID-Thin ((a) Haze Image; (b)DCP; (c¢)AOD-Net;
(d)GridDehaze-Net; (e) FCTF-Net; (f)PhD-Net; (g)MixDehaze-Net; (h)AU-Net; (i)AdalR; (j)Ours; (k) Ground Truth)
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(a)H %K% (b)DCP (¢)AOD-Net (d)GridDehaze-Net (e) FCTF-Net (f) PhD-Net (g)MixDehaze-Net (h) AU-Net (i) AdalR (j)7<
J7% (k) Ground Truth
Bl 11 R[EJ52:4E RRSHID-Moderate [ 23 55 AU HE 0T L
Fig. 11 Visual comparison of dehazing results by different methods on the RRSHID-Moderate ((a) Haze Image; (h)DCP; (¢)AOD-
Net; (d)GridDehaze-Net; (e) FCTF-Net; (f)PhD-Net; (g)MixDehaze—Net; (h)AU-Net; (i)AdalR; (j)Ours; (k) Ground Truth)

() A7 Z % (bH)DCP (¢)AOD-Net (d)GridDehaze-Net (e) FCTF-Net (f) PhD-Net (g)MixDehaze-Net (h) AU-Net (i) AdalR (j)7<
S5 (k) Ground Truth

12 A7 E7E RRSHID-Thick A4 25 2885 5005 %t He
Fig. 12 Visual comparison of dehazing results by different methods on the RRSHID-Thick ((a) Haze Image; (b)DCP; (¢)AQD-
Net; (d)GridDehaze-Net; (e) FCTF-Net; (f)PhD-Net; (g)MixDehaze-Net; (h)AU-Net; (i)AdalR; (j)Ours; (k) Ground Truth)

F4  EBRE R XTEE R RN F5 AEHKERHITRE RN
Table 4 Effect of module composition on model perfor- Table 5 Effect of different loss functions on model perfor-
mance mance
HRSD-DHID Sa;;l-([iazetlk— — HRSD-DHID SateHaze1k—Moderate
Sk oderate PSNRT - SSIMT  PSNRT  SSIM 1
PS%\JR SSTIM PS?IR SSTIM LIk 25.90 0.8766 24.47 0.9175
L2k 26.34 0.8770 24.75 0.9216
Base 23.61 0.7968 23.09 0.8871
Lee 2R 26.77 0.8918 25.49 0.9295
Base (LD) 2448 0.8497 24.11 0.9092
Base (LD)+MEG 2494 0.8552 24.48 0.9150 ‘ 1R AR R
Base (LD)+MEG+CPA 25.60 . 0.8629 24.99 0.9290
Base (LD)+MEG+CPA+DFB 26,77 0.8918 2549 0.9295 3 & i

T 1 IR MO
ARSCE R 1 REHSAEAR  51 55 260 T S th B
Pk B S SRR, R T — R T a2
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