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An interpretable dual-branch deep learning dehazing algorithm

YANG Yan, LI Junyu, LIANG Haobo

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract; In order to address the issues of detail loss and poor interpretability in current deep learning-based
dehazing algorithms, this paper proposes an interpretable dual-branch deep learning dehazing algorithm. The
algorithm employs a dual-branch collaborative architecture to decouple the dehazing task; the upper branch focuses
on haze extraction through a designed haze removal block ( HRB) that captures haze features in the frequency
domain, while incorporating a channel attention mechanism to enhance feature extraction in dense haze regions.
The lower branch adopts an aggregated residual framework for detail restoration to correct texture details lost during
feature extraction. By computing the negative residual between the hazy image and the haze feature image, a
preliminary dehazed image is obtained, which is then refined by the lower branch to produce the final dehazed
result. Experiments on the SOTS, NH-HAZE, and real-world datasets demonstrate that compared to existing
mainstream dehazing algorithms, the proposed method achieves more thorough haze removal, more complete detail
preservation, and significant improvements in objective evaluation metrics. This work not only establishes new
research directions for deep learning in image dehazing field but also provides a practical solution for real-world
image clarity enhancement.
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Fig.1  Overall structure of the network
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Fig.6  Restoration results of different algorithms on the SOTS-Indoor test set
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Tab.1 PSNR and SSIM results on synthetic datasets

Methods SOTS-Indoor SOTS-Outdoor NH-HAZE
PSNR SSIM PSNR SSIM PSNR SSIM
AODNet!*! 19.27 0.8511 19.97 0.8215 16.71 0.720 1
FFANet % 33.25 0.974 6 31.04 0.934 2 19.45 0.698 1
SGID 20 33.55 0.984 8 29.23 0.976 9 21.25 0.829 1
DWT-FFCL?] 33.85 0.987 4 32.76 0.982 6 22.74 0.7289
UCL!! 30.05 0.977 5 28.34 0.931 1 18.99 0.682 7
Ours 36.43 0.974 6 32.11 0.960 2 21.38 0.841 3
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Tab.2 Objective comparison of ablation experiments

SOTS-Indoor SOTS-Outdoor

Models
PSNR SSIM PSNR SSIM
BL 31.59 0.964 4 27.87 0.9422
BL + SE 32.79 0.966 8 29.23  0.9456
BL + SE + BB - ACB 35.82 0.9715 30.98  0.959 1
BL +SE + BB - VCB 35.16 0.970 9 31.27  0.960 7
BL +SE + BB 36.36 0.973 9 32.18 0.9613

M T RS EUR R BT, AR SCEE  PSNR A
SSIM MU et 5256 25 R B2 THS 25 T A SCHR
) HRB 1 B-B &

Sk T B A b R R T B AR A A X S Rl
B EFEE VAT T B0, 45 R A& 10 Bk,
FH I 10 7T LAFE . BL R 4 1 A2 A6 2R FL AR 55 I
DR H R AR 2 85 M i 1 o b AT 2 %5, W %5 5
VB EL I RE J1 #5859 s BL + SE M 315 36 591 €5, 2 1L
FGE T 2% Rl I K& AE BL 2Rl BN A SE &
P SESEERNOE £ LY SWEENT LS ER T
B RS HIIE s BL + SE + BB — ACB 1 BL + SE +
BB - VCB 1E£%HE 17 & B4R DL b itk 36 51 (7, 2% 1L
Ty A LR JE PR 2 i 3 R FH 2 1 46 R e 4 ek
B e | S GRS Y e S TR o AN B
T LR 2 AN BIRE T, Ry S M4 AT R 5
FEASRH T JRy B B 0 e RGN & K M) ; BL +
SE + BB 7 J&y ¥ 41 15 A1 g €2 b S 4z i B LK
1§, EZJEH T H R IFATH ACB A1 VCB #7473
IR RFE,



£ 128 - B®oOROE T

%57 %

(b) BL

(d) BL+SE+

(&) GT

(¢) BL+SE+ (f) BL+SE+BB

(a) Hazy (c) BL+SE
BB-ACB BB-VCB
El10 HERKIwENXT L
Fig. 10 Subjective comparison of ablation experiments
. Institute of Technology, 2024, 56 (5). 103. DOI. 10. 11918/
3 £ 2
Z 02201030

AR T —Fh AT R Uy S R 2 2] R %%
Bk 7 SOTS \NH-HAZE MIE S5t B 45 L iktT
SEEG AR N AL

1) T 25 g P e (75 5 1k RE A% I 42 SR A
BE RN S S 0 A, A KR B A5 B AME IR E 5
o 2 WL 8358 o B G b A AR 55 3 RRAE , 33X — LA
B T SRS R v B 55 s ) JBR R ) L ST TR
B s PR ERE T

2) $EH T RA AR EMELL , (15 5L AR IS
FA X2 I LB R R4y, #—2
PET- T MR A T B RN 20 9 5 B

3) ARSCHE A WA B R B S 7 A B
FAR A0 35 R 55 BRI & WA 8 bn
B TR TEA Ak MR, B T Rk
AR, SIE50 225 AR L, SUE 55 DR Y
SERIR TR T S S5 1T SRR

5% ik

[11E, W7, Ok, 6. ZREK LA E AR sER [ g].
SRR Tl R22A4R, 2024, 56(5) : 103
HUANG Jing, TANG Ning, WEN Yuanqiao, et al. Multi-scale

visual detection for waterborne ship targets[ J]. Journal of Harbin

[2]SAKARIDIS C, DAI Dengxin, VAN GOOL L. Semantic foggy scene
understanding with synthetic data [ J ]. International Journal of
Computer Vision, 2018, 126 (9): 973. DOI. 10. 1007/s11263 -
018 - 1072 -8

[3]WANG Hai, XU Yansong, WANG Zining, et al. CenterNet-auto: a
multi-object visual detection algorithm for autonomous driving scenes
based on improved centerNet[ J]. IEEE Transactions on Emerging
Topics in Computational Intelligence, 2023, 7(3) . 742. DOI.10.
1109/TETCI. 2023. 3235381

[4]LI Yu, YOU Shaodi, BROWN M S, et al. Haze visibility
enhancement: a survey and quantitative benchmarking [ J ].
Computer Vision and Image Understanding, 2017, 165 1. DOI:10.
1016/j. cviu.2017.09. 003

[5]CANTOR A J. Optics of the atmosphere-scattering by molecules and
particles[ J]. IEEE Journal of Quantum Electronics, 1978, 14(9) .
698. DOI:10. 1109/JQE. 1978. 1069864

[6]NARASIMHAN S G, NAYAR S K. Vision and the atmosphere[ J].
International Journal of Computer Vision, 2002, 48(3) : 233. DOI.
10. 1023/A ;1016328200723

[7]HE Kaiming, SUN Jian, TANG Xiaoou. Single image haze removal
using dark channel prior[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2011, 33 (12). 2341. DOI.10. 1109/
TPAMI. 2010. 168

[8]ZHU Qingsong, MAI Jiaming, SHAO Ling. A fast single image haze
removal algorithm using color attenuation prior [ J ]. IEEE

Transactions on Image Processing, 2015, 24(11) : 3522. DOI.10.



59 1

Mg, A5 — Pl R XY SCIRIE 2 ) 5 Ak - 129 -

1109/TIP. 2015. 2446191
[9]REN Wengi, LIU Si, ZHANG Hua, et al. Single image dehazing via
multi-scale convolutional neural networks [ C ]//Proceedings of the
14th European Conference Computer Vision. Amsterdam: Springer,
2016 154. DOI:10.1007/978 -3 -319 -46475 -6_10
[10]LI Boyi, PENG Xiulian, WANG Zhangyang, et al. AOD-Net: all-
in-one dehazing network [ C]//16th IEEE International Conference
on Computer Vision (ICCV). Venice; IEEE, 2017 4780. DOI.
10.1109/1CCV.2017.511
[11] YANG Haohsiang, FU Yanwei. Wavelet U-net and the chromatic
adaptation transform for single image dehazing[ C]//26th IEEE
International Conference on Image Processing ( ICIP ). Taipei:
IEEE, 2019 2736. DOI.10. 1109/ICIP. 2019. 8803391
[12]RONNEBERGER O, FISCHER P, BROX T. U-net: convolutional
networks for biomedical image segmentation[ C]//18th International
Conference on Medical Image Computing and Computer-Assisted
Intervention ( MICCAI). Munich; Springer, 2015 234. DOI. 10.
1007/978 =3 =319 -24574 -4 _28
[13]WU Haiyan, QU Yanyun, LIN Shaohui, et al. Contrastive learning
for compact single image dehazing[ C]//Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
Nashville ; IEEE, 2021 ; 10546. DOI;10. 1109/ CVPR46437.2021. 01041
[14]HU Jie, SHEN Li, SUN Gang. Squeeze-and-excitation networks
[ C]//31st IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Salt Lake City; IEEE, 2018 7132. DOI;10. 1109/
CVPR. 2018. 00745
[15]HUANG Dean, KANG Liwei, YANG Minchun, et al. Context-
aware single image rain removal [ C ]//13th IEEE International
Conference on Multimedia and Expo. Melbourne: IEEE, 2012
164. DOI.10.1109/ICME. 2012.92
[16]LI Xia, WU Jianlong, LIN Zhouchen, et al. Recurrent squeeze-
and-excitation context aggregation net for single image deraining
[C]//715th European Conference on Computer Vision. Munich:
Springer, 2018 262. DOI.:10.1007/978 -3 -030 —01234 -2_16
[17]YU F, KOLTUN V. Multi-scale context aggregation by dilated
convolutions [ C ]//4th International Conference on Learning
Representations. San Juan: ICLR, 2016
[18]WOO S, PARK J, LEE J Y, et al. CBAM; convolutional block
attention module [ C ]//15th European Conference on Computer
Vision. Munich: Springer, 2018 3. DOI; 10. 1007/978 - 3 -
030 -01234 -2_1
[19]CHEN Ting, KORNBLITH S, NOROUZI M, et al. A simple

framework for contrastive learning of visual representations[ C]//
International Conference on Machine Learning (ICML). Vienna:
PMLR, 2020. 1597

[20]SIMONYAN K, ZISSERMAN A. Very deep convolutional networks
for large-scale image recognition[ C]//3rd International Conference
on Learning Representations. San Diego: ICLR, 2015

[21]WANG Zhou, BOVIK A C,SHEIKH H R, et al. Image quality
assessment ; from error visibility to structural similarity[ J]. TEEE
Transactions on Image Processing, 2004, 13 (4) . 600. DOI. 10.
1109/TIP. 2003. 819861

[22]LI Boyi, REN Wengi, FU Dengpan, et al. Benchmarking single-
image dehazing and beyond [ J ].
Processing, 2019, 28 (1) 492. DOI. 10. 1109/TIP. 2018.
2867951

[23]ANCUTI C, ANCUTI C O, TIMOFTE R, et al. I-HAZE:. a

IEEE Transactions on Image

dehazing benchmark with real hazy and haze-free indoor images
[ C]//19th International Conference on Advanced Concepts for
Intelligent Vision Systems( ACIVS). Poitiers ; Springer, 2018 ; 620.
DOI:10. 1007/978 -3 - 030 —01449 —0_52

[24 ] ANCUTI C O, ANCUTI C, TIMOFTE R. NH-HAZE: an image
dehazing benchmark with non-homogeneous hazy and haze-free
images [ C ]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition Workshops. Seattle :
IEEE, 2020 1798. DOI.10. 1109/CVPRW50498. 2020. 00230

[25]QIN Xu, WANG Zhilin, BAI Yuanchao, et al. FFA-Net: feature
fusion attention network for single image dehazing[ C]//Proceedings
of the 34th AAAT Conference on Artificial Intelligence. New York:
AAAIL, 2020 11908. DOI.10. 1609/AAAI V34107. 6865

[26 ] BAI Haoran, PAN Jinshan, XIANG Xinguang, et al. Self-guided
image dehazing using progressive feature fusion [ J]. IEEE
Transactions on Image Processing, 2022, 31 1217. DOI; 10.
1109/TIP. 2022. 3140609

[27]ZHOU Han, DONG Wei, LIU Yangyi, et al. Breaking through the
haze: an advanced non-homogeneous dehazing method based on fast
fourier convolution and convnext [ C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops.
Vancouver; IEEE, 2023: 1895. DOI: 10. 1109/CVPRW59228. 2023.
00187

[28 ] WANG Yongzhen, YAN Xuefeng, WANG F L, et al. UCL-
Dehaze: towards real-world image dehazing via unsupervised
contrastive learning[ J]. IEEE Transactions on Image Processing,

2024, 33 1361. DOI:10.1109/TIP.2024.3362153



