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Hierarchical encoding and dual-branch guided reconstruction
network for image dehazing

ZHANG Xingi, TIAN Ying , LI Yirong

(School of Computer Science and Software Engineering , University of Science and Technology Liaoning,
Anshan 114051, China)

Abstract: To address the limitations of existing dehazing methods in detail restoration and global
modeling, this paper proposes HEDGR-Net, a deep dehazing network based on hierarchical encoding and
dual-branch guided reconstruction. HEDGR-Net adopts structure-enhanced convolution and non-local
attention in the encoder to capture multi-scale structural and contextual features. In the decoder, a dual-
branch design with a global context-guided module integrates local detail recovery and global semantic
consistency. At the output stage, an attention-enhanced residual fusion module combines reconstructed

and input features to refine image quality. A composite loss combining 1.2, SSIM, and TV is further
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employed to balance pixel fidelity, structural similarity, and smoothness. On the synthetic SOTS-outdoor
dataset, HEDGR-Net achieves 27.54 dB PSNR and 0.957 0 SSIM. On the real RTTS dataset, it
obtains 26.99 BRISQUE and 8. 77 Entropy. Compared with AOD-Net, HEDGR-Net improves PSNR
by 21.7% , SSIM by 5. 0%, reduces BRISQUE by 19.2%, and increases Entropy by 3. 9%, showing

clear advantages across multiple metrics. The proposed method enhances detail restoration and global

brightness consistency, effectively overcoming the limitations of traditional dehazing methods such as

incomplete haze removal and color distortion.

Key words: computer vision; image dehazing; multi-level feature fusion; dual-branch structure; attention

mechanisms
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F1 AFLRENENEZZHEEBF M
Tab.1 Effect of the loss weights A, and A, on dehazing

x2 GFHEGHEELHENINER

Tab.2 Objective evaluation results on synthetic image

performance dataset
A AL,(X107) PSNR/dB SSIM Models PSNR/dB SSIM
0.03 6.710 0 22.38 0.800 8 DCP 17.05 0.8686
0.09 0.248 0 22.35 0.820 4 AOD'™ 22.62 0.9113
0.24 0.0351 23.99 0.8933 PFEN'®! 24.17 0.927 2
0.32 0.0833 23.36 0.880 2 FFA" 24.16 0.9359
0.38 0.026 8 22.34 0.8197 MSBDN! 23.17 0.929 4
0.45 0.0559 20. 74 0.751 4 LKD" 24. 24 0.928 4
0.50 6.760 0 21.18 0.7533 MB_TaylorFormer "' 25. 29 0.944 0
0.56 0.2320 22.90 0.8613 DEA™ 24.32 0.9490
0. 64 0.017 3 22.98 0.8577 MixDehazeNet'*” 24.65 0.929 9
0.70 0.0239 23.11 0.859 1 HEDGR-Net 27.54 0.9570
0.76 0.1710 24.08 0.899 5 T ML B A 2 B 2
0.80 0.070 1 25. 67 0.944 5
0.83 0.0828 26.53 0.9520 x3 EZEGHEBEELNENTNER
0. 84 0.1750 26.42 0.9528 Tab.3 Objective evaluation results on real image dataset
0.85 0.001 2 27.54 0.9570 Models BRISQUE Entorpy
0.89 0.0055 27.09 0.9513 DCP 35 69 3 53
0.94 0.266 0 25. 83 0.946 6 AOD!™ 33 41 3 44
0.97 0.017 4 25.13 0.919 6 PEFN 34 61 3 68
0.99 0.003 2 24.43 0.9039 FRA 35 15 3 75
ke Y E R AESS ) R MSBDN'? 32.38 8.65
LKD™! 34.17 8.74
3.4 XfLbEIG MB_TaylorFormer""”’ 33.41 8.73
Ay 4 T 56 E T $E 2 55 ) 4% HEDGR-Net (1) 7% DEA"™" 33.22 8.64
B, K L DCP,AOD \PEEN* [FFA MSBDN MixDehazeNet 31.37 8.71
HEDGR-Net 26.99 8.77
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Net ™45 HA R LMW & 58 2 > ik 18
A W R 5 SOTS-outdoor 5 H A2 H i 4 RTTS
AT TR SR SR IR 2 5 R 3R .

7£ SOTS-outdoor & & %% #% 4 I+ , HEDGR-
Net i # L T X L 55 4% , 72 PSNR 5 SSIM 45 5
43 W3k #) 27,54 dB F10.957 0, % DCP £ 7t
10.49 dB H1 0.088 4, # AOD #& 7t 4. 92 dB #1
0.045 7, % DEA 42 J+ 3.22 dB #1 0.008 0, %%
MixDehazeNet # 7 2. 89 dB #1 0. 027 1, % 24 1
F AL 1 MB_TaylorFormer 43 5] $2 7 2. 25 dB
F10.013 0, F B A SCRL B AE A L 55 KR A5 T
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Fig.7 Dehazing effect of different algorithms on synthetic objective SOTS-outdoor dataset. (a) Hazy images; (b) DCP;
(¢) AOD; (d) PFFN; (e) FFA; () MBSDN; (g) LKD; (h) MB_TaylorFormer; (i) DEA; (j) MixDehazeNet;

(k) Ours; (1) Clear images.
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Fig.8 Comparison of the details obtained by different algorithms on real fog dataset RTTS. (a) Hazy images; (b) DCP; (¢)
AODj; (d) PFFN; (e) FFA; (f) MBSDN; (g) LKD; (h) MB_TaylorFormer; (i) DEA; (j) MixDehazeNet;

(k) Ours.
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