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Forest Image Dehazing Based on Feature Fusion
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Abstract: Current algorithms often struggle with incomplete dehazing, loss of details in
dark areas, and color distortion in forest foggy images. To address these issues, this paper
proposed an adaptive forest image dehazing algorithm based on feature fusion attention
and contrastive learning. A multi-scale feature fusion attention mechanism was designed,
which dynamically adjusted feature responses by combining channel and spatial attention,
thereby enhancing the representation capability of important features. A local contrast
regularization module was constructed to enhance the ability of the model to discriminate
variations in fog concentration in dark and distant areas. Furthermore, an adaptive color
correction module was introduced to mitigate color distortion. Experimental results on
both synthetic and real-world forest foggy image datasets demonstrate that the proposed
algorithm outperforms existing methods, achieving significant improvements in peak signal-

to-noise ratio (PSNR) and structural similarity (SSIM) and a reduction in natural image
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quality evaluator (NIQE), and exhibiting strong robustness and generalization ability.
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Figure 1 Framework structure of proposed algorithm model
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Table 1 Composition of the RESIDE dataset subset

T4 KIS HR /iR EES7E RSS!
SOTS 500 EWN /=5 PR e

3.2 WwE
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Ryzen 5 7500F CPU, NVIDIA RTX 4060 Ti GPU. LA 16 MNEEA N —AMEk, %48 200 X,
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Table 2 Composition of FOREST and real-world forest foggy image datasets

PAEIE S PR /T K15 355 FHZ 5 FUE RN 15 %
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Table 3 Experimental environment and main hyper-parameters
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Figure 2 Visualization results on FOREST dataset

h T B BRI TSR ARk R R R, g5 R 4 pioR, b AT E
BRI ARMAT Z R, 5 AT GO IEH R R 25 B 5 . bk o AR 3 4 3 B0k i
A 2%, DCP Al AOD-Net £ ZRUH %, HEOBWRE W % ; FFA-Net fl RSHazeDiff fig
BRI ABLE BRI W X AFE R RE BRI S . A G0 S50 T B SE AR AR 2 13k
1T RS AR, BEHE AT ML AR R 50 .

HH 12 50 4 AN B 5 S5 I P 7 B A, s s VTR A ST, A S 2 dR ks
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Figure 3 Visualization results on SOTS dataset
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Table 4 Quantitative evaluation on SOTS and FOREST datasets

SOTS-indoor SOTS-outdoor FOREST

MR/
PSNR/dB? SSIM1T PSNR/dB? SSIM1 PSNR/dB? SSIM?
DCP 26.61 0.817 19.14 0.814 19.37 0.795
AOD-Net 33.56 0.978 33.88 0.922 18.28 0.774
FFA-Net 34.39 0.985 33.57 0.954 22.37 0.839
RSHazeDiff 36.25 0.980 34.78 0.959 24.36 0.824
AR 35.98 0.988 34.91 0.965 26.87 0.873
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Figure 4 Visualization results on real-world forest foggy image dataset
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Table 5 Quantitative evaluation results on real-world forest foggy image dataset

Jiik NIQE|
DCP 3.2876
AOD-Net 3.443 2
FFA-Net 2.978 1
RSHazeDiff 2.796 0
AT 2.723 6
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Figure 5 Ablation experiment results
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