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Abstract: Objective Image dehazing is a crucial task in computer vision and image processing. This task aims to recover
potential haze-free images from those degraded by atmospheric scattering phenomena such as haze and fog. Image dehazing
research holds substantial practical importance and application value. It enhances the performance and reliability of visual

systems under adverse weather conditions, which provides technical support for critical applications such as autonomous
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driving, intelligent surveillance, and remote sensing image analysis. It also serves as a preprocessing step to improve the
performance of advanced computer vision tasks including object detection, image classification, and scene understanding.
Simultaneously, image dehazing technology has driven the development of atmospheric scattering models and image restora-
tion theory, which promotes innovative applications of deep learning in low-level computer vision tasks. It has great value
for improving the effectiveness of public safety, environmental monitoring, and intelligent transportation systems, which
serves as a crucial supporting technology for achieving all-weather, all-scenario visual perception capabilities. Existing
methods utilize differential features of clear-degraded image pairs in spatial and frequency domains to achieve dehazing with
certain effectiveness. However, three major problems remain: limitations in spatial domain feature extraction and fusion,
poor performance in frequency domain feature fusion, and inefficient integration of features from both domains. To address
these issues, we propose the dual-domain feature fusion network (DFFNet) , which focuses on the fusion of features from
spatial and frequency domains. Method DFFNet is based on soft reconstruction (SR) to recover potential haze-free images
and consists of two key modules. First, we design a spatial-domain feature fusion module (SFFM) more suitable for image
soft reconstruction. This module adopts a Transformer-style architecture that captures global features through large-kernel
attention mechanisms to accurately locate hazy regions in images. Meanwhile, it models local features through pixel atten-
tion mechanisms to effectively restore image edges and details. The two attention mechanisms jointly satisfy the dual
requirements for global and local features in the image soft reconstruction process. Specifically, these features are mapped
and fused using a convolutional feed-forward network. The SFFM maintains a relatively small parameter scale and low com-

putational complexity. Meanwhile, according to the spectral convolution theorem, visual feature processing in the spatial

domain and frequency domain is essentially equivalent convolution operations in the spatial domain are equivalent to
multiplication operations in the frequency domain. Therefore, we choose to emphasize high-frequency components through
convolution. We propose the frequency-domain feature fusion module (FFFM) , which adopts an implicit method to process
high-frequency information without requiring explicit Fourier transforms. By stacking multiple convolutions as high-pass fil-
ters, the module enhances high-frequency components in the input features and enriches their diversity. As a result, the
capability of the model to restore high-frequency details in images is improved. Increasing the number of stacked convolu-
tional layers can extract richer high-frequency features, which enhances the quality of the output features of the FFFM mod-
ule. However, considering parameter scale and computational efficiency, we ultimately choose to stack three convolutional
layers for extracting three different types of high-frequency features. To better capture contextual information while optimiz-
ing computational overhead, the FFFM module is only applied between the encoder and decoder at the third scale. The out-
put features of the first and second scale encoders are adaptively fused with the upsampled output features of the second and
third scale decoders through SKFusion, respectively. The output features of the first scale decoder, after patch unembed,
are processed together with the input image through the SR module to recover the potential haze-free image. In DFFNet,
the fusion of spatial and frequency domain features occurs in the FFFM module located at the network bottleneck. The fea-
tures at the bottleneck have already extracted rich multi-scale spatial information through multiple SFFM layers, which pos-
sess strong semantic expression capabilities. Simultaneously, as the connection point between the encoder and decoder,
the features fused at this position can directly influence the subsequent recovery process. These fused features allow high-
frequency information to effectively guide the entire decoding process, which enhances restoration of image edges and
details. Result The DFFNet, which combines the two key module designs, demonstrates performance exceeding those of
current state-of-the-art methods on two benchmark datasets. DFFNet-L is the first dehazing network to achieve peak signal-
to-noise ratio values exceeding 43 dB on the SOTS-Indoor test set and 36 dB on the Haze4K dataset. The specific values are
43. 83 dB and 36. 39 dB, which outperform those of the current state-of-the-art image dehazing method MixDehazeNet-L by
1.21 dB and 0. 45 dB, respectively. Furthermore, DFFNet is more lightweight, with only 46. 0% of the parameters and
67. 1% of the floating point operations compared with MixDehazeNet-L. In the visualization experiments, DFFNet-L dem-
onstrates the highest quality of haze-free image restoration. This superior performance is primarily attributed to its large
receptive field design, which enables the model to fully capture and utilize global contextual information in images for pre-
cise dehazing. This advantage allows DFFNet-L to accurately identify the spatial distribution characteristics of haze in

scenes, which achieves thorough haze removal, uniform and natural color restoration, and improved overall visual effects
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in the recovered images. Simultaneously, DFFNet-L leverages the frequency domain differential features between clear and

degraded image pairs, which significantly enhances its capability to restore high-frequency components of images. This

improved capability results in sharper edge contours and clearer textural details in the recovered images, which enhance

the accuracy of detail restoration and make the results highly closely approximate the haze-free ground truth images. More-

over, the main modules of DFFNet, SFFM, and FFFM possess good transferability and scalability, which allow them to be

conveniently transferred to other computer vision tasks. As a result, new solutions for improving model performance are pro-

vided. Conclusion This study proposes a dual-domain feature fusion network that combines the advantages of convolutional

neural network models and Transformer models, which effectively addresses the existing problems in dual-domain feature

fusion and achieves excellent dehazing results. The code is available at https://github.com/WW J0720/DFFNet.

Key words: computer vision; image dehazing; dual-domain feature fusion; spatial-domain feature fusion; frequency-

domain feature fusion; attention mechanism; deep learning
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Fig. 4 Feature extraction effects of different convolutional

(c) 5 2 T BRFAE

layers ((a) input features; (b) the first type of high-frequency
features; (¢) the second type of high-frequency features ;

(d) the third type of high-frequency features )
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S, FEYIZRE R b i A BRBENL I B by 256 x
256 18 K HLHEATALFE . DFFNet £ 3 FfAS [R] LA Y
AR, =T =S —L 433 e 7 T RS R /INFRU RS R0 1R
TR, 43 )% AN ) RUBE G idh 25 5 e Am 2% h 1.2,
8 JZ 1Y SFFM e & 24, DFFNet-T Bi% £ J T
HEAT IS Bl 52560 4 BT 3 DFFNet-S #5751 HLA 57 5 4% 114 1)
2 AT e R W A I LN R R 7 g
DFFNet-L 45 51 W) 5E H X6 Pk & 1 T 55 RIG 5 22
SRS B EORG AT 55 o W AR AR 23K, DFFNet M
I %E WY 25 1) Resnet-152 R HEEUER 11.,35,143 152
JZ BRRAE T BB WAk, S R AN R 0, BEE
M A116, 178, 174, 1), KU 4 1Y 55 50 2 B0 B B 7
MixDehazeNet 1Y) 3% & . 7E RESIDE-IN JIl Z 4E |,
DFFNet-T 5% AR B bR 27 2 % (4 x 107) Fil it &
K/IN(32) DA e S, A58 T PR 5 B I il 52 565 5 1
DFFNet-S . DFFNet-L {6 F 45 /N 0] 4 2% 20 %8 (2 %
107) Atk & K/ (16) A AR I Zhfa e M. [RIRT, 2%
2] 2R3 3 4 5% R kTR R T A AR EE 0 U 2 S R
1%, DFFNetffi ] AdamW {4k %% (Loshchilov A1 Hut-
ter, 2019) A7 5, Horp B, = 0.9,8, = 0.999. Jir
A AT () 250 5 (parameters , Params ) F17F 55,328 5.1
# (floating point operations, FLOPs) J& F 256 x 256
1R W EUGH AT

SIS HHRAE < 7F RESIDE-IN Il 54 (13 990 4~ ]
&%) Fl HazedK Il 254 (3 000 4~ U X ) L #EA7 Il
25 FAE X W B SOTS-Indoor MR £E (500 4~ &R %)
Hl Haze4K 84 (1 0004 400 ) EEATIL
2.2 XfEESRIE
2.2.1 ERLE

T2 526, SR ) PSNR 145 4 A0 481 1 48 %
(structural similarity index measure, SSIM ) fif & 25 55
P A BE {8 Params Al FLOPs 7 £ 2 S5 A AU 11
RGN &

1E SOTS-Indoor M 4 Al Hazed K M IA4E |- 54
Set e EM AR 1R . 78 SOTS-Indoor

i 4E [, DFFNet-L405¢ MixDehazeNet-L#5# 1. 21 dB,
BN EANTEIZ R4 F PSNR M 43 dB il 2 AR
B[R, DFFNet-L T 5 118 JF 55 58 /N, Params X
g H:46. 0%, FLOPs U K 67. 1%, R, 1525 T DFF-
Net £ T SR kWK & T %5 FI& , i 5] A 55 5650,
DFFNet-S A8 % LB A 1) 3 F 55 98 U5 T8 52 B 75 1Y)
EUR RS5O . XA SR Pk B UL Sl AR ilis &
T U AR 5 S S A AN G R R AT A R A

2 JB/R T DFFNet 5 HoAth S i 1) 2 55 J5 vk X
SOTS-Indoor Ml i 4E H 1) 145 25 25 e 5 1sf T8 ) 5% L o
Ferhiz 7 8] A BRI 620 x 460 15 25 IR (1) 40 B
[ o 2k A o A8 T A R A T I PR S i — B

MR 20 DLFEH, B SR DFFNet-L 7F Params 11
FLOPs | ELAT LA, {0 J2 R (5145 i) Ak 3L ] 214
FHA . X PRI ZAR W] g & i T DFFNet-L
FEEREMIRESTT T8 RESHRAESIT
S AR E G AR D (BRI AT AR, Tevk 723
FIH GPU B FEATIFERE J1, I HHORFLU 4 9 7705
(i) 452 25 BN AT 58 R 2RI, DA T 52 T 401 7
B o AR JEAE LR N H 3 5 rf, B T DFFNet-L 1)
Params /)N, UAF 5 FHEEARG, BRIG mT DAl FH A R 1R it
Ab PRI /INRARE 55 GPU IR R SR AN AT EEAS I 1)
A R, AT A 3 R ke b SR R R 25 S5 b B
[l B, DFFNet-S H A3 L 75 19 2 25 M e A0 A 3 1
AT £ 55

1E HazedK IFREE |, DFFNet-L 405 MixDehazeNet-
LAY 0. 45 dB, WA 8 A7 1200 0 4 | PSNR #E i
36 dB [ 5 BiR
2.2.2 EVESLEG

FEE SR i I A ALK & 1Y) JE 55 RS
F14) R B 0 R o i e S AR 11 5 55 R R R H AR 2
55 25 L 5 J0 55 B % 22 R B i L AR 4 4
ok b A AR R AR R I Y 2 25 PERE . DFFNet-L 5
SOTS-Indoor M i £ I MixDehazeNet-L 28 75 2 %%
BT I 19 JC 55 USRS B4R an 181 5 T o 3l 3
g0 Fe g nl UL, DFFNet-L & & 1 T 2% K15 & i & i
e ez Jo % FAR BRI . X B T F R
WP R, R AR A% T A Al 4 T R R 4
Jai bR SCfE BT R i 2555 . X — R ## DFFNet-
L AE A% T M6 b TR0 3 5t v 25 R0 A3 8] A A R
AT AE R 52 4G rb S 3 BE A0S 9 25 0T R 345

3673



3674

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 11,Nov. 2025

%1 7£SOTS-Indoor MUK £ 0 HazedK MiX &£ _FRIE

BILRER

Table 1 Quantitative comparison results on the SOTS-Indoor test set and Haze4K test set

. S SOTS-Indoor Haze4K N LOPYC
PSNR/dB SSIM PSNR/dB SSIM

DCP TPAMI 2010 16.62 0.818 14.01 0.760 - -
DehazeNet TIP 2016 19.82 0.821 19.12 0.840 0.000 9 0.581
AOD-Net ICCV 2017 19.06 0.850 17.15 0.830 0.002 0.115
GridDehazeNet ICCV 2019 32.16 0.984 23.29 0.930 0.956 21.49
MSBDN CVPR 2020 33.67 0.985 22.99 0.850 31.35 41.54
FFA-Net AAAL 2020 36.39 0.989 26.96 0.950 4.456 287.8
AECR-Net CVPR 2021 37.17 0.990 - - 2611 52.20
PMDNet ECCV 2022 38.41 0.985 33.49 0.980 18.90 81.13
DehazeFormer-L TIP 2023 40.05 0.996 - - 25.44 279.7
SANet IJCAT 2023 40.40 0.996 - - 3.81 37.26
OKNet AAAT 2024 40.79 0.996 - - 4.72 39.67
FocalNet ICCV 2023 40.82 0.996 - - 3.74 30.63
IRNeXt ICML 2023 41.21 0.996 - - 5.46 41.95
SFNet ICLR 2023 41.24 0.996 - - 13.27 125.43
DEA-Net-CR TIP 2024 41.31 0.995 34.25 0.990 3.653 32.23
gUNet-D arXiv 2022 41.34 0.996 33.52 0.988 5.025 16.48
DSANet NN 2024 41.36 0.997 - - 3.86 37.72
ChalR KBS 2023 41.95 0.997 - - 15.02 140.75
FSNet TPAMI 2023 42.45 0.997 34.12 0.990 13.28 111.14
C2PNet CVPR 2023 42.56 0.995 - - 7.17 460.95
MixDehazeNet-I.  IJCNN 2024 42.62 0.997 35.94 0.992 12.42 86.7
DFFNet-S AL 41.59 0.996 - - 1.72 15.86
DFFNet-L A3 43.83 0.997 36.39 0.993 5.71 58.15

E IR R RIZ TR0 R S 5 BRI LS R =" FOR TSR A R

R2 REFETEERMIBITHRE L ER
Table 2 Comparison of computing efficiency and

running time for different methods

i Params/M  FLOPs/G &7 [H]/s
ChalR 15.02 140.75 0.082 0
FSNet 13.28 111.14 0.123 0
MixDehazeNel-L 12.42 86.70 0.118 0
DFFNet-S(A30) 1.72 15.86 0.037 4
DFFNet-L(Z30) 5.71 58.15 0.130 0

R 1 (0 R 3 Ji L B S IO () B AR R e S5 R . [k
DFFNet-L A 18 /28 fk G T 22 8] 1 50 5 3k 22 5+
FRAE, 5 B T MG s o e R R RE T X A

PRI A2 PG ) 30 % 56 J56 5 401 S0 0 o B 5
P2 e RG240 715 30 SO 32 (45 SR T Il i 6 %5 |
EEUE . E BT AE 28 R AT A 25 1
VRS 1 TC % EUR L3 25 57

] 6 3 2o A1 28 5l o3 B B At T 0 U %) 7 fiE OF
fli o ®l 6 & 75 T DFFNet Fll SOTS-Indoor ¥ 45 4 |-
MixDehazeNet-L 554 75 25 55 B AMK &2 19 To 55 KR 5
TC%5 FLAE EGORR Uk T 15 5% 25 PRl A 7 85 0 fe B A 46
Je BE SAt o AT g SRR DFFNet I &2 1) 15
TE A X 8 5 T0 25 B R B 25 S dme /N TR S T 3
TEARRI - B B AR IR O

K 7 7R T DFFNet-L 55 HazedK il 120 4 I £ 56
HE Y 2 5 BRI 1) TC 55 MBI e 38R . AT ]
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Fig. 5 Visual effects of haze-free indoor images restored by different models on SOTS-Indoor
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DSANet ChalR FSNet
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Fig. 6 Spectral distribution of residual results between
haze- free images restored by different models and real

haze-free images
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Fig. 7 Visual effects of haze-free outdoor images restored by different models on the Haze4K dataset

%3 SOTS-Indoor ##& %t DFFNet 7~ [5] 4814 i Bh A7 52
Table 3 Ablation study of different components of

DFFNet on the SOTS-Indoor dataset

Tk PSNR/dB  SSIM Params/M  FLOPs/G

Hetk 37.68 0.993 2 0.426 4.403
FLL + SFFM - 38.32 0.993 8 0.747 7.716
FHLL + FFFM  39.05 0.994 3 0.732 5.499
DFFNet-T 39.99 0.995 1 1.052 8.812

g

FIARHRHAE

PSNR % {i& T MixDehazeNet "1 i8I & 45 4 e , {0
SFFM 75 i+ 53 %% W5 A Oy 1 J B i @ 3 A 3,
Params X R 1R & 45 F B ) 46% , FLOPs {X A 53%.

X —HFPEA SFFM TE O/ 457 58 4 1k fig 1) [R] B, KR B3
I TIHA I IR B s T 80% . SFFM BB R
A 255 MR 03 L Ak R RSO I
o, AT VE S — A3 L R 300 2 5 b 4R il 3]
SR EMG IR B AR T R AR A 3 AR

w/SFFM

W/SFFM&FFFM

P8 Zeid SFFM I FFFM b HS FHIE i 5 RO
Fig. 8 Visual effects of features after processing by SFFM and FFFM
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FHE, K, KR, Bil, EXF/ETEHERSHEEREEMNE

LB S A X LSS B B8 (S0 2 T D) 8% 1 D 5
fE o SLER LSRR, A FSNet HF Y £ 43 32 sh 25
P B K AR B (multi-branch dynamic selective fre-
quency , MDSF) + £ 43 37 "5 123 3% 25 M % B B (multi-
branch compact selective frequency, MCSF) | FocalNet
HA AR TR PR R Bk A K ChalR HP 0 45 5830 3 1 75
BEHL, FFFM (% PSNR 43731 # 1. 05 dB 0. 35 dB Al
0.28 dB. XJ HL &5 SRAALA J7 kW] 1 45 R ik il
BAREEGEFZES TR EEME, M ERRT
FFFM P REDE . I H., FFFM t n] /5 S —438
(AL, (B A R B 25 S MR B2 2k o, AR T
TR BOR

6 IR T FFFM B 45 B2 5 )2 50 v X
DFFNet-T B AR VERE A SZ A . LI 45 R BEE N
(350, FEEM BE4% Rl 58 226 A0 09 = ABURFAE , AT
PR TV H A B9 B, 8 DFFNet (PR BEFE bR S 2 4
BT o SR, A B> B I 1 S PR AR - 45
FRIZ TR BE L B0 et | P RESR T 04 10 B2 2 el /) | 522
Bz B I R B, TR S RO AR
DARPEREHE 25 175 I8, BERRAE FRFM i 3 2B )=
R SE JH I-F A 3 PR AT .

F4 SFFM 5 H b = B FHERL SR LL 32
Table 4 Comparison of SFFM with other spatial

domain feature fusion modules

i PSNR/AB  SSIM  Params/M FLOPs/G
B + R B 35.82 09913 0.766 7.421
Lk 37.68 09932  0.426 4.403
Ll HIRAEEM 3835 09941 1.623  14.621
2% + SFFM 3832 0.9938  0.747 7.716

&5 FFFM 5 EMRERIEHRHER SRR A LL
Table 5 Comparison of FFFM with other frequency

domain feature fusion modules

7k PSNR/dB SSIM  Params/M FLOPs/G

JE4% + MDSF + MCSF 38.00
FLL + PUREPERYL  38.70

0.9937 0.454 4.423

0.9939 0.426 4.403

FELR + B 1E

e 3877 09941 0.704  5.461
FERER

HLE + FFFM 39.05 0.9943 0.732  5.499

x6 AFHEREHESEHN X DFFNet-T 1E5ERI R0
Table 6 Impact of different numbers of stacked

convolutional layers N on DFFNet-T performance

N PSNR/dB SSIM Params/M FLOPs/G

2 39.92 0.995 0 0.959 8.472

3 39.99 0.995 1 1.052 8.812

4 40.05 0.995 0 1.144 9.152

5 40.08 0.995 1 1.236 9.492
3 & it

A S X BUEREAE Fl S AR A Y TR) R, 4 XL
BURRE RGP 2% o B XTTE S SURRIE 4R ER SR A
AEAE SRy BR A g Ia) 0, £ i 28 (AR AR il A e, 3%
PR FH Transformer 2244 | 38 5o FAZ 1 & I AL H
R4 SRy AR ITHER A7 BHR B AT 55 X S840 A, i
G Z T B TIPS SRy SRR R I A Rk &2 (R4 Y
SUE S E RV QT IRE = WA 1N e i R S ESE T
T A AR G A SRR R R SRR A R T R . 4
X AR TR AR A2 o e AT A 4 5 ] DL R A T S 0
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