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Abstract: The goal of image dehazing is to restore the latent haze-free image from a hazy image. EXxisting
methods utilize the differences between clear/degraded image pairs in both spatial-domain and frequency
-domain for dehazing and achieve some achievement. However, there are still issues with insufficient spatial
-domain feature extraction and fusion, as well as unsatisfactory frequency-domain feature fusion in du-
al-domain feature fusion. To address this, a novel dual-domain feature fusion network called DFFNet is
proposed. Firstly, a spatial-domain feature fusion module (SFFM) is designed, which is more suitable for
image soft reconstruction. It adopts a Transformer-style architecture and incorporates large kernel attention
and pixel attention to model global and local features separately using different receptive fields, and per-
forms mapping and fusion through a convolutional feed-forward network. Simultaneously, a frequen-
cy-domain feature fusion module (FFFM) is designed, which uses convolutional layers to amplify and enrich
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high-frequency features. It employs a novel feature fusion strategy that emphasizes and fuses multiple
high-frequency features through channel interaction. Combining these two key designs, the proposed
DFFNet demonstrates comparable or even better performance than state-of-the-art methods on two bench-
mark datasets. DFFNet-L is the first dehazing method to achieve a peak signal-to-noise ratio (PSNR) ex-
ceeding 43dB on the SOTS-Indoor dataset, with a PSNR of 43.83dB. The code has been released on

https://github.com/WWJ0720/DFFNet.

Key words: image dehazing; spatial-domain feature fusion; frequency-domain feature fusion; attention

mechanism; deep learning
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DCP TPAMI10 16.62 0.818 14.01 0.760 - -
DehazeNet[?2 TIP16 19.82 0.821 19.12 0.840 0.0009 0.581
AOD-Net? ICCV17 19.06 0.850 17.15 0.83 0.002 0.115
GridDehazeNetl™ ICCV19 32.16 0.984 23.29 0.93 0.956 21.49
MSBDNI28] CVPR20 33.67 0.985 22.99 0.850 31.35 41.54
FFA-Net®l AAAI20 36.39 0.989 26.96 0.950 4.456 287.8
AECR-Net!?] CVPR21 37.17 0.990 - - 2.611 52.20
PMNetl® ECCV22 38.41 0.985 33.49 0.98 18.90 81.13
DehazeFormer-L[13! TIP23 40.05 0.996 - - 25.44 279.7
SANet[?7 1IJCAI23 40.40 0.996 - - 3.81 37.26
FocalNet("] ICCV23 40.82 0.996 - - 3.74 30.63
IRNeXt!28 ICML23 41.21 0.996 - - 5.46 41.95
SFNet[? ICLR23 41.24 0.996 - - 13.27 125.43
DEA-Net-CREY TIP24 41.31 0.995 34.25 0.99 3.653 32.23
gUNet-DBY arXiv22 41.34 0.996 33.52 0.988 5.025 16.48
DSANet!® NN24 41.36 0.997 - - 3.86 37.72
ChalR!el KBS23 41.95 0.997 - - 15.02 140.75
FSNet[?4 TPAMI23 42.45 0.997 34.12 0.99 13.28 111.14
C2PNetl3 CVPR23 42.56 0.995 - - 7.17 460.95
MixDehazeNet-L arxiv23 42.62 0.997 35.64 0.992 12.42 86.7
DFFNet-S Ours 41.59 0.996 32.84 0.9879 1.72 15.86
DFFNet-L Ours 43.83 0.997 35.29 0.9916 5.71 58.15
. IREEUE N RIS R, TRIZN RIS R
0.30 —— DFFNet_L —— DFFNet_L
MDNet_L 0.020 - [ MDNet_L
~—— C2PNet | ~— gunet_d
0.25 —— FSNet A —— FSNet
—— ChalR —— DEA-Net-CR
020 —— DSANet 0.015 4
§ 0.15 E ?p
8 8 0.010 4
0.10
0.005 4
0.05
0.00 0.000
'0 ; 1'0 1‘5 2‘0 6 2(‘)0 4(;0 600 B[;O 10‘00 12'00

Variance Difference

(a)SOTS-Indoor{ill i 5

Variance Difference

(b)HazedK i £

K 5 SOTS-Indoor AR A (a)Fil HazedK I3 AE (b) b AS [l 25 55 455 40 15 0 A 2152 (&1 4%
MR E P B RRZ BRI 245

It HEA LT S8 i EaeE.

FEME#. DFFNet 5 SOTS-Indoor i 4 |
Haze4K £ 4 | e Sk AR AU AH Fb B9 4058 2558
K6, K 7Hmx. HAT58 A7 eHERS
R A 55 1= WA= B, AT, DFFNet
P AZ 0 G BB T . i B B, oA
DFFNet HAG K&z 8, o] LU e shof R SOfs
BT RS, i E M EG 555k B | B
I A) | S BCR B 4. [AlHT DFFNet ) A i M/
B Ak PR T 22 T fg 01 2% 2 S F T - iR &2 TR 1Y
R S, AR MR i 2 5 401 TV . [
6 FIIE 7 Hh A HE T HE T 58 Hh JR R AN [R) AR BBk 52 1

T Eg R 2= 5. [Mrt, & 8 /R T DFFNet 5
Je i M RT R i) 2 55 25 R 5 J0 25 UG AH Bl i 15 5% 22
PEIAG Y B M H AR e 25 5L piy [ W] 41 DFFNet &
02 1 TG 55 MG AE A R 8 e B30T 055 IR
33 HELSEI

i i 7 RESIDE-Indoor Il % £ L VIl %
DFFNet-T B8 LK HARAK, Ff7E SOTS-Indoor %k
P 4 b o A3 ok HE AT 0 Al SE S, LU UE 4 b
DFFNet b =il SFFM Fl FFFM 194 21k,
DFFNet-T 43~ R ) SFFM HES 25N $°4 1.
DFFNet-T Y587 K 400, #IIG24 3%k 4x1074,
iR/ R 32, K4k (Baseline)ifii i MDNetlt 4l



39.44dB

41.49dB
DSANet

18.52dB

Hazy ChalR

42.39dB

39.65dB 40.49dB 42.79dB

36.94dB

47.03dB
DFFNet-L

44.11dB
MDNet-L

44.29dB
C2PNet

44.57dB
FSNet

Kl 6 SOTS-Indoor £ % 1= N 5 L 55 45 51

1" 73dB "l 59dB

22 67dB "6 l’idB 79 47dB

LA -ﬂ-ﬂ-ﬂ-ﬂ

31.11dB
DEA-Net-CR

24.20dB
Hazy

PSNR

33.04dB
FSNet

33.59dB
MDNet-L

40.57dB
DFFNet-L

32.38dB
gunet_d

B 7  HazedK $E4E b rY % MRS 2 55 25

ChaIR FSNet

DSANet

& 8

L5 2A
o HA

() MSBlock i 5 VANIORAS . K [] 4 4 A 52 i o
Z 2 Jfi7n. Baseline fJ PSNR & 37.68dB. Base-
line+SFFM (¥ Baseline 111 VAN &4l SFFM)FI
Baseline+FFFM(Jfi] Baseline HF il A FFFM)f PSNR
435 e Baseline $2%5 T 0.64dB #1 1.37dB. i 45
4 SFFM H1 FFFM, DFFNet 4 [t Baseline PSNR #2
f 7 2.31dB. EEIET SFFM Fl FFFM 94 3L
.

%2 SOTS-Indoor ##2 4 F DFFNet 1[G 48 4 MR A 33

Ik PSNR/AB  SSIM  Params/M  FLOPS/G
Baseline 37.68 09932  0.426 4.403
fgf:eF';\;e 38.32 0.9938  0.747 7.716
f;sFeF';\;e 39.05 09943  0.732 5.499
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WiRiS PSNR/dB SSIM Params/M FLOPs/G
ResBlock!8! 35.82 0.9913 0.766 7.421
VAN 37.68 0.9932 0.426 4.403
MSBlock! 38.35 0.9941 1.623 14.621
SFFM 38.32 0.9938 0.747 7.716
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MDSF+MC
SF2A 38.00 0.9937 0.454 4.423
FSMI7] 38.70 0.9939 0.426 4.403
FCALel 38.77 0.9941 0.704 5.461
FFFM 39.05 0.9943 0.732 5.499
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