546 % 5 1 Ak X F R (8 AR HF KR Vol.46,No.1
2025 1 A Journal of Northeastern University ( Natural Science ) Jan. 2025

doi: 10. 12068/j. issn. 1005 — 3026. 2025. 20239041

ETFTeR/RRETE N NEFEMESH
CNN-Transformer 2 ZE & %

FA, AR, FRT, HOR
(L ZRRY (EE2%6E, 21 BY 6500505 2. AMACERRLERERAT, £/ BY 650000;
3RS RS A Cekps, wEE BTREE 62000)

1 . NI B R BRI Z 2R E R SUF R AT R S i 55 IR 22 B R4 (5
SIS (R, $ T T A R AR 22 1 R 1 AN T S FRAE A i) CNN-Transformer 2525 575 . 16, 51
AR 25 1 T LT e b ASE R 1 3 7 b 4 BB 48 5 B IX ) 240 T R T 0 A 3 1 s T T AR B
W . SRJG , $2 H 4 )R B AR Transformer A5 I 4 5 25 19 45 1E $2 G 72, @3 Ha A H 17 B LY Swin
Transformer fif $E 4 AE 2 0] ORI OC 2 . I, 00T THs RRIE Al A A S bR 22 FH RIS B T T M S0P L B
BRANFHOCHY 5 M 7S | S i R a5 PERE . 16 4 DA TP B AR Bib A7 MR E i 500, S 45 R . r 8 v g %
A R A PR AR 3557 55 XSk, R g RN B Lo SO ) e PR LTG5 MR, LA 15 e b AN 5 A4 A AL PR BT

PTG e
* 8 W KGEE; 2 R%ETE AP CNN-Transformer 2244 ; [ 13545 0F B4 KR TR 7
FESHES: TP 391 XHRARERD: A XEHES: 1005-3026(2025)01-0026-09

CNN-Transformer Dehazing Algorithm Based on Global
Residual Attention and Gated Feature Fusion

LI Hai-yan', QIAO Ren-chao', LI Hai-jiang®, CHEN Quan’

(1. School of Information Science and Engineering, Yunnan University, Kunming 650050, China; 2. Yunnan
Communications Investment and Construction Group Co., Ltd., Kunming 650000, China; 3. Faculty of
Humanities, University of Artois, Arras 62000, France. Corresponding author: LI Hai-jiang, E-mail: li_cannie@
163.com)

Abstract: To address the shortcomings of existing image dehazing algorithms, such as the lack
of global contextual information, inadequate performance in dealing with non-uniform haze, and
the introduction of noise during the reuse of detailed information, a CNN-Transformer dehazing
algorithm based on global residual attention and gated feature fusion is proposed. Firstly, a
global residual attention mechanism is introduced to adaptively extract the detailed features from
non-uniform haze regions, and cross-dimensional channel-spatial attention is designed to
optimize information weights. Thereafter, a global modelling Transformer module is proposed to
deepen the feature extraction process of the encoder, and a Swin Transformer with parallel
convolutions is constructed to capture the inter-feature dependencies. Finally, a gated feature
fusion decoder module is designed to reuse the texture information required for image
reconstruction, to filter out irrelevant haze noise, and thereby to improve dehazing performance.
Qualitative and quantitative experiments conducted on four publicly available datasets indicate
that the proposed algorithm can effectively handle non-uniform haze regions, reconstruct
high-fidelity haze-free images with fine textures and rich semantics, and achieve higher peak
signal-to-noise ratio and structural similarity index compared to the classic algorithm.
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Table 1 Quantitative comparison of non-uniform
dehazing datasets
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AECR 19.24 0.5962 16.57 0.58
Dehamer 20.23 0.6844 18.83  0.62
2023 ITBdehaze 20.31 0.6260 19.01 0.63
AT 20.35  0.6971 19.23  0.63
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Table 2 Quantitative comparison of uniform
dehazing datasets

. O-Haze Dense-Haze
=R
PSNR/dB SSIM PSNR/dB  SSIM
FFANet 22.12 0.77 12.22 0.44
MSBDN 24.36 0.77 15.13 0.55
AECR 22.90 0.72 15.35 0.52
Dehamer 24. 61 0.75 16. 62 0.56

2023 1TBhehaze 25.84 0.78 16.31  0.56
FINSYEL =R 25.92  0.82 16.72 0.6l
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Table 3 Quantitative evaluation of ablation

experiments

EEEk PSNR/dB  SSIM

MSBDN il #5275 17.97  0.659 1
LR JRgkEFE B IR 18.84 0.6673
FB5 PC-Swin Transformer 3 imikEk  20.01  0.686 1
TR IR Rl A AR 19.85  0.6795
ARSI 20.35  0.697 1
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