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Abstract: Dense and non-uniform haze in real-world scenes exhibits complex spatial variations, which significantly degrades the
generalization ability of existing deep image dehazing models, leading to unstable detail recovery and high deployment costs. To address
these challenges, this paper proposes a dual-path structurally re-parameterized dehazing network ( re-parameterized large kernel dehaze,
ReplLKDehaze). The proposed framework consists of a large-kernel structural re-parameterization subnet ( large-kernel rep subnet,
RepLK) and a full-resolution attention subnet ( full-resolution attention subnet, FRA ). The former is built upon a trimmed
UniRepLKNet-s encoder-decoder backbone, where multi-branch representations are introduced via dilated re-parameterization during
training and equivalently merged into a single large-kernel convolution at inference, enabling efficient modeling of global haze
distribution. The latter operates at full spatial resolution and incorporates residual channel attention to compensate for local texture and
edge information loss caused by downsampling. By fusing features from both paths, RepLKDehaze achieves a balanced reconstruction
between global consistency and fine-grained detail preservation. Experimental results demonstrate that although RepLLKDehaze does not
achieve the best performance across all metrics on synthetic datasets such as RESIDE-SOTS, it consistently outperforms state-of-the-art
methods on real-world datasets that better reflect realistic imaging degradation. Specifically, it achieves 17.66 dB/0.613/0.494
(PSNR/SSIM/LPIPS) on Dense-Haze, 21. 66 dB/0. 716/0. 254 on NH-Haze 2020, and 22. 74 dB/0. 857/0. 169 on NH-Haze 2021.
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The proposed method shows clear advantages in color fidelity, structural preservation, and residual haze suppression. These results

indicate that the proposed dual-path structurally re-parameterized dehazing network effectively enhances robustness in real dense non-

uniform haze scenarios while maintaining deployment efficiency, providing a practical solution for real-world hazy-scene visual perception

tasks.
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Table 1 The performance of the method proposed when the fusion tail activation function uses Tanh or ReLU

£y B A Y RESIDE (ITS) Dense-Haze NH-Haze 2020 NH-Haze 2021
BT RS PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
Tanh 32.79 0.979 17.42 0. 601 21.47 0.712 22.54 0. 856
ReLU 33.97 0.982 17. 66 0. 612 21. 66 0.715 22.74 0. 857
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Fig.7 Comparison of indoor image dehazing effects of various algorithms on the SOTS test set



- 42 - LSRR R e o

540 %

Kl 8 JE/R T A AIRTE B IMG UEIR 25 5 R
DCP J5 i AE A Bt i v H 300 P50 1R fl B 19 L 52, L G
FERZS X IR B O B G, 52 B0 S 1 O i 0, X
T PR T T S I A R S AR SR X R R,
B 42 ) RAEODCHIE S R TTHAFER 22 . CAP k%
RRB TR, £ 2B B T TR RS
THER SRR L S e 50T AR AR 55 U IR s
R %, % T W9 it #&, Dehazeformer 5 MB-
TaylorFormer B 7 7 78 K £ 501 LETﬂj Y SN U

B ES HAESS 2 SRER | Dehazeformer 4L 3 5 1)
Kas Kk = B AR , 1 MB-TaylorFormer W H 8 T =
FdZAP S, UCL-dehaze Fil ConvIR-S 3 L/ A 3
B4 MB-TaylorFormer V2 Dehaze XL UL K AR SCHE M
P25 S R RAF ) RS AR . I B %o L
BRI = AR R K 55 S TE LS B T fg
B 22 5 (HR AR SCHR 9 25 55 SRE AR 6L A
A1 DR B O AR IR A0, 255 J5 9 IEHRTE L oe T 4
JE(*W?IEH%

— - W "
s e d 5
84 i3 7 d
- x

nE AVAARA
ﬂﬂﬂﬂﬂﬂﬁ!ﬂﬂﬂﬂ!ﬂ!

HAZY DCP CAP  Dehazeformer UCL-

TaylorFormer dehaze

ConvIR-S  ConvIR-B Dehaze XL Ours
TaylorFormer V2

B 8 A AE SOTS Miat4E = HMAE 22 ZRUERXT L

Fig. 8 Comparison of the dehazing effects of various algorithms on outdoor images in the SOTS test set
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Table 2 Dehazing results of each algorithm in the SOTS test set

SOTS (indoor)

SOTS (outdoor)

L PSNR 1 /dB SSIM 1 LPIPS | PSNR 1 /dB SSIM 1 LPIPS |

DCP 18.78 0. 865 0. 089 16.91 0. 867 0. 106

CAP 17.50 0. 830 0. 096 22.11 0.911 0.045
Dehazeformer 37.84 0.994 0.213 34.95 0.984 0. 240
MB-TaylorFormer 36.85 0. 902 0. 190 29.79 0.912 0.314
UCL-dehaze 34.73 0.915 0.255 25.21 0.927 0.311
ConvIR-S 41.53 0.974 0.014 37.95 0.924 0.034
ConvIR-B 42.72 0.981 0. 020 39.24 0. 990 0.201
MB-TaylorFormer V2 38.69 0.979 0.015 29. 88 0. 946 0.295
Dehaze XL 26.76 0. 944 0.014 27.70 0. 959 0. 184
Ours (AL H) 33.97 0. 982 0.012 27.85 0.961 0.021
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Fig. 9 Comparison of image dehazing effects of various algorithms on the Dense-Haze dataset
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Fig. 10  Comparison of image dehazing effects of various algorithms in NH-Haze2020 dataset
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Fig. 11  Comparison of image dehazing effects of various algorithms on the NH-Haze2021 dataset
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Fig. 12 Comparison of the dehazing effect of this algorithm and DW-GAN on the NH-Haze 2021 dataset
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Table 3 Dehazing results of each algorithm in real foggy image dataset

pom Dense-Haze NH-Haze 2020 NH-Haze 2021

- PSNR 1/dB  SSIM T LPIPS| PSNRT/dB SSIM T LPIPS| PSNRT/dB  SSIM T LPIPS |

DCP 10. 01 0.412 0. 835 12.26 0.452 0.558 11.49 0. 637 0.457

CAP 9.89 0. 450 0.743 13.02 0. 429 0. 556 12. 64 0. 642 0. 455
Dehazeformer 16. 11 0.517 0.752 18.09 0.727 0.526 17. 67 0.819 0. 369
MB-TaylorFormer 16. 66 0. 560 0.348 17. 14 0. 600 0.377 18.02 0.779 0.298
UCL-dehaze 12. 49 0. 468 0. 585 12. 89 0. 549 0.479 13.15 0. 636 0. 481
ConvIR-S 17.45 0. 608 0.531 20. 65 0. 692 0.284 20. 94 0.715 0.192
ConvIR-B 16. 86 0. 600 0. 498 20. 66 0. 691 0.278 21.01 0.758 0. 201
MB-TaylorFormer V2 16.95 0.611 0. 546 10.53 0.391 0. 637 16. 69 0.762 0.317
Dehaze XL 15.24 0. 554 0. 687 18.25 0.599 0.475 17.99 0. 694 0.368

Ours (ARSLHT ) 17. 66 0. 613 0. 494 21. 66 0.716 0.254 22.74 0. 857 0. 169
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Table 4 Comparison of model parameters and defogging time

f A Dehazeformer UCL-dehaze ConvlR Dehaze XL Ours( YI1%k) Ours (#EH)
SRR/ (x10°) 25.4 22.8 8.6 125.4 41.3 40.7
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Table 5 Comparison of ablation experiment model

parameters and dehazing results

I 7305 PSNR/dB SSIM  Z¥/(x10%)
RepLK (no TL) 20.92 0.822 40.3
RepLK (TL) 21.83 0. 848 40.3
FRA 20.79 0. 835 1.0
RepLK (no TL) + FRA  21.79 0. 839 41.3
Ours ( J1%%) 22.74 0. 857 41.3
Ours( #fE2E) 22.74 0. 857 40.7

RAYHT Al 1, UniRepLKNet 3 i K A% % L1 2 2%
B tsR Al TRFIE SR ICEE 1, el 25 i A AL ) A 3L
A TR P R SRR Z IR G . A5G RS
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¥4 ( Small-Kernel Only) \F£FT A 4atis B Be 35 | A R 1 45
¥ (Early-Large-Kernel ) , DA J A SCH A AE H IR )2 4 K
W) 25 F T E ( Mid-Depth Large-Kernel ) , I 45 SR U1K 6
7 .
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Table 6 Ablation study on task-specific suitability of large-kernel modeling for image dehazing

Tk E KA HIr ET 4 PSNR/dB SSIM LPIPS
Small-Kernel Only ¥ 23 DW 3x3 21.36 0.812 0.241
Early-Large-Kernel Stagel-3 %2 LaK 21.98 0. 831 0.212

Mid-Depth Large-Kernel (Ours) Stage2-3 LarK +SmaK 22.74 0. 857 0. 169
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