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Abstract: In recent years, U-shaped convolutional neural networks (CNNs) have achieved remarkable progress in im-
age dehazing. However, most U-shaped dehazing networks directly pass encoder features to the decoder at the corresponding
scale, ignoring effective utilization of multi-scale features. In addition, channel attention widely used in dehazing networks is
restricted by receptive fields, failing to sufficiently leverage contextual information, which adversely affects learning of chan-
nel weights. To address the above issues, this paper proposes a novel dehazing algorithm with cross-layer attentive feature in-
teraction and multi-scale channel attention. Specifically, the cross-layer attentive feature interaction module learns hierarchi-
cal weights for multi-scale encoder features, and aggregates these cross-layer features for transfer to the decoder, thereby re-
ducing feature dilution during the dehazing network’ s reconstruction of clear images. Moreover, to uncover channel informa-
tion that is critical for dehazing networks, we devise a multi-scale channel attention mechanism that extracts multi-scale fea-
tures by dilated convolutions with different dilation rates, forming a parallel learning scheme of channel attention with multi-

scale contexts for more effective weight allocation for dehazing network features. Experimental results demonstrate that the
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proposed dehazing algorithm achieves better objective metrics and visual performance compared to 12 existing methods on 4
public datasets. The code for this paper has been uploaded tohttp://github.com/bohuisir/ AAFMAF.
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Log,= > —log D(G(x)) (14)

n=1
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4.1 ZREE
4.1.1 S¥IRE

S fd ] 5B AF K 24 GB (9 RTX 3090 i, AU A% Ak
F* Pytorch FESR ST, CUDA(Compute Unified Device Ar-
chitecture) IR A< A 11.0. 254 Adam {IL £k 5 B A 8 % )
2% Horh Bl g S 8 8,=0.9 F1 £,=0.999. 1115 4 pR%L
M SR, Ay Ay Ay 73 0B 1.0.,0.5.,0.01,0.5%.
eI Rt B b A0 0 268 1 R ST Ol 256%256.
T VLR, By IR LG I8 51 A T 90° (180 Fl
270" gL AR G i
4.1.2 HEE

A FE T RESIDE A 1A 55 44 427 Dense-
Haze H 92 B HUR A (NH-Haze21 IR 21 5L
2 LU R SR 4 StateHaze- 1k SR PRAR A 3L 11
BiAY . Hor, 7E RESIDE $dls £, SR T2 SM)IIZR5E OTS
(Outdoor Training Set) X ¥ 28 #4711 25 SOTS(Synthetic
Objective Testing Set) [ Outdoor YE & Il i 4£ . Dense-
Haze £ 5 45 5Kk 55 B8 52 . NH-Haze21 £ 55 25 5K EHY
) 55 B i T G IE AR AN AR GT BRI R A
A1, BEIBCHT 20 SRAE A IIZREE , 4% 5 5k AE i A T
PEAS . AT IR 4 StateHaze- 1k {55 34 F4dR 4
(Thin fog, Moderate fog, Thick fog) , AN Ta) 25 1 e B 1) &
AP EEALE 320 5K B, B Uk 4k 35 5K , 4R 45
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4.1.3 EMERR

R PG AY P RE | (5 4 {E {5 1 Lt PSNR (Peak Sig-
nal to Noise Ratio) F1 4% #4 48 {21 #4458 %% SSIM (Structural
Similarity Index ) NE BTN TENFE bR . X 2 WFE bR E
FEREZFRGH B . BRI R $5 2 UIQI(Universal
Image Quality Index) & —F % &Gk B L K(EE
HILE G UG AT R bR . BA5E T IRMBAHEEH: 52
J&E G LA e RE R B = AN D7 T (B -1, 1] =2 18] E
R RN EMG B B AT 377 154 22 RMSE (Root Mean
Squared Error) [z W 544 [KIF 5 J5 46 18 2 1] 1) i 22
B BT REE IR R SR ERZE IR (8
FRE M EUR S IR BRI, IR o g
4.2 TEESW

AT R A SCRE S A 12 F L T £ 5 Rk 2
] (4 b %% . b 42 4F DCP™ | AOD-Net, EPDN (En-
hanced Pix2pix Dehazing Network) """ | GCA-Net (Gated
Context Aggregation Network) ") MSBDN''") | FFA™ |
AECR™ | TBN (a Two-Branch Neural network for non-
homogeneous dehazing via ensemble learning) °' | SGID
(Self-Guided Image Dehazing using progressive feature fu-
sion) "' Huang.SAR (single satellite optical imagery de-
hazing using SAR image prior based on conditional genera-
tive adversarial networks) " | TMS-GAN (a Two-fold
Multi-Scale Generative Adversarial Network for single im-
age dehazing) "V HITTB, 1 MFE 2R T/ EEH
B TE A W55 B 4 SOTS-Outdoor | ¥k 55 U #5 4E Dense-
Haze . 3!5@/5‘]%55&%% NH-Haze VX &@@ﬁ(ﬁ% State-
Haze-1k BYMNALE R . 32 15101 T PSNR #1 SSIM 45 |
RPERE, 2 /R T UIQI A1 RMSE #8 b5 [ R 3 . Bl
Jii 2R3 MR A4k LL 7R 1 AR A BCHE 4 F it a2 2R
# 342t 1 PSNR A SSIM 5 45 Y PERE , % 4 WA 55 1
UIQI Fl RMSE 85 45 5 .

TE F1IR AT 25 5046 45 1 PSNR 1 SSIM (19 45 543 #r4n
1R 7E B S BESE Dense-Haze FIELSCIEY )
% $4E 4 NH-Haze W , 2R SCRT $ 5735 75 PSNR Al SSIM
Loy 1A #] T 17.42 dBL0.603 Fl 22.78 dB.0.845, Il
57X 2B a5 BRI ERESS R . 7E RESIDE = 4
B NI SOTS  , A SCRE AT HA R IS 1
B 5 149 PSNR 45 45 12 (19 SSIM 48 45 , AHAL T FFA Fl
MSBDN, A SCHE H (9 2 5 535 48 PSNR 20 Sl $2 5 1
0.13 dB 1 1.54 dB. H1 T FFA A FREEMRE, ARE T
EEEURIIAHRE R T LIA SCF 55 5E7E SSIM. EREAIK
FFFA S . AT ITB I TMS-GAN Fivk A SCRIETE
SSIM A1 PSNR L3447 i T}, i W £ Dense-Haze $3f 4R
b, PSNRFISSIM 735l #2 T+ 1 1.11 dB.0.042 F1 1.27 dB,
0.077. B, A S LS ARG A FEUEE B
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R1 EBERFGEEIRE L PSNR A0 SSIM A3t EE

SOTS-Outdoor | Dense-Haze NH-Haze
Method PSNR PSNR PSNR
SSIM SSIM SSIM
/dB /dB /dB

(TPAMI 10) DCP 15.55 | 0.815 | 10.85 | 0.404 | 11.30 | 0.605

(ICCV 17) AOD-Net | 19.63 | 0.861 | 13.30 | 0.469 | 13.22 | 0.613

(CVPR 19) EPDN 22.57 | 0.863 | 16.24 | 0.536 | 18.35 | 0.784

(WACV19)GCANet | 21.71 | 0.891 | 13.16 | 0.483 | 14.84 | 0.446

(CVPR 20)MSBDN | 32.16 | 0.976 | 14.84 | 0.494 | 19.63 | 0.804

(AAAT 20) FFA 33.57 | 0.984 | 16.26 | 0.545 | 20.40 | 0.806

(CVPR 21) AECR-Net | 30.90 | 0.968 | 15.10 | 0.451 | 18.64 | 0.750

(CVPRW 21) TBN 30.56 | 0.967 | 16.36 | 0.582 | 21.66 | 0.843

(Tip 22)SGID 30.20 | 0.975 | 13.09 | 0.519 | 16.42 | 0.682

(TCSVT 22)TMS-GAN | 32.58 | 0.964 | 16.15 | 0.526 | 20.94 | 0.811

(CVPRW 23) ITB 32.66 | 0.970 | 16.31 | 0.561 | 21.67 | 0.838

Ours 33.70 [ 0.977 | 17.42 | 0.603 | 22.78 | 0.845

We o5 Gy s B 45 LA S B AR I 5155 W s B 4 L AR S
AR RS A PERE ik 3] T SOTA PEfE .
Fx2 FEBARBEEIESE L UIQIFI RMSE B EE

SOTS-Outdoor NH-Haze

Dense-Haze

Method

UIQI | RMSE | UIQI | RMSE | UIQI | RMSE

(TPAMI 10) DCP 0.844 | 9.66 |0.234| 10.34 | 0.354 | 10.23

(ICCV 17) AOD-Net | 0.951| 9.34 |0.317 | 10.25 | 0.531 | 10.01

(CVPR 19) EPDN 0.946 | 9.76 |0.678 | 10.09 | 0.705| 9.91

(WACV19)GCANet | 0.798 | 8.34 | 0.497 | 10.35 | 0.530 | 10.20

(CVPR 20)MSBDN | 0.980 | 4.99 |0.537 | 10.13 | 0.906 | 9.57

(AAAT 20) FFA 0.989| 5.01 |0.669 | 10.01 | 0.898 | 9.59

(CVPR 21) AECR-Net | 0.900 | 6.29 |0.443 | 10.11 | 0.840 | 10.01

(CVPRW 21) TBN | 0.901 | 6.09 |0.688| 9.94 |0.935| 9.21

(Tip 22)SGID 0.899 | 6.23 |0.467 | 10.15 | 0.820 | 9.57

(TCSVT 22)TMS-GAN | 0.974 | 5.88 | 0.679 | 10.11 | 0.924 | 9.47

(CVPRW 23) ITB 0991 | 5.13 |0.683| 9.90 |0.932| 9.33

Ours 0.996 | 497 [0.727 | 9.85 |0.937| 8.82

2R T 1 AR s B4R L, UIQI F RMSE 45
DFIEAG AR A LB S5 0 . 7E RESIDE % b5 il i 45
SOTS H, A SCHE H (1 3L AE UTQI A RMSE 5 45 I #414K
BT R EIR, B F T 0.996 F14.97, 4 T 1TB 4351
FETHRIFEAR 7 0.005 F110.16. [RIKE , 76 EH SR B0l 4 0
LSk 55 B4 4B Dense-Haze F1 B 52 AE 195 25 B 48
NH-Haze |, A< SCH V5 AE UIQI 1 RMSE 15 45 - #F B /5
TEME R, 43R E] T 0.727.9.85 10.937 . 8.82.
TE B 52 1k 22 B0 95 52 Dense-Haze 1) UIQI $8 45 L AH EL T
ITB 1 TMS-GAN 43 5| #2 7+ T 0.044 F1 0.048. H e &
Sz AR ¥ 5] %% %0 U8 42 NH-Haze b, #H%2 T ITB Hl TMS-
GAN B V: AR SCHE AR UIQT 8 45 20 13 & 1 0.005 F1
0.013, 7 RMSE I 43 7l & I T 0.51 #1 0.65. 1EH] T

CLMSA-Net Bk TE LS54T 55 LA o
EESEEE LSS R T R 3B T4 LR
PTE 1B TR 45 [ B9 PSNR A1 SSIM PEREFE 5 , I HLAE
XF BRI T Huang. SAR 18 B FEF A, T
BRI AR T IEAH A S RO g AT T m AT e
. IEAh, Huang 8 A48 Hh R ETE L5 M rh o A2
LR IS AR R IS B 28R a5 1 2 B 40
E S, T LA S S B s R R LS IR (B
VEE AL B Z L7 T ik BIG A 1R (2 SLAR T Ik GO
RGB(Red ., Green .Blue) A X W K FR ). ARICEE
HERGIAZAREREIEIEOUT 2 #os F ks T
PSNR #1 SSIM 43 #3531 T 25.67 dB.0.921 F127.55 dB.
0.946, A5 13X 2 WA B TS i A e . 7F 8 B 25
B 4E A ok 55 80 4 AH#R T Huang. SAR \TBN, A&
CFA VL AE PSNR A1 SSIM 43 A $2 7+ T 1.51 dB.0.015,
2.24 dB.0.02 i1 1.15 dB.0.024,0.13 dB.0.002. 7K X 7E
TE R S BB AE 5 TMS-GAN %5 1 4H [, PSNR 2 7}
T 2.22 dB,7ESSIM _F4EF}+ 1 0.012. 5 ITB AH EL, 7E i 8k
S RN A g B 4 b AR SCELAE PSNR R SSIM 43
ST T 1.06 dB.0.009 F10.07 dB.0.002. i Tk %2>
Sl EE AR Bory ™ B AR Ak, PUTT S 85 2 55 X B T O
Huang ¢ A$2 HH BRI T 24U TR iR B0l iz 8
F0 5 UG 2 i 4n 7 SCBE DL K S5 A AR B A R MR
YT AR A . AR SO SR A B B 55 UM 4 I PSNR
FTSSIM IR 2 T 55 A9 RE , AR T HAh 5
RAFIRS RS RN B BB AR S W E T
B UTQI Al RMSE 545 HL A 25 5 R . AR SCRILTE %5
%3 7EStateHaze-1k B B EUIRE R EZ R EHHEE L PSNR #1SSIM

BIXFEE
Thin fog Moderate fog Thick fog
Method PSNR PSNR PSNR
SSIM SSIM SSIM
/dB /dB /dB

(TPAMI 10) DCP 13.45]0.701 | 9.78 | 0.591 | 10.89 | 0.572
(ICCV 17) AOD-Net | 18.62 | 0.851 | 17.91 | 0.882 | 15.21 | 0.739

(CVPR 19) EPDN 21.74 | 0.882 | 24.05 | 0.910 | 19.73 | 0.786

(WACV19)GCANet 18.71 1 0.791 | 20.58 | 0.799 | 17.73 | 0.724

(CVPR 20) MSBDN | 20.09 | 0.832 | 22.94 | 0.873 | 18.67 | 0.733

(AAAT 20) FFA 23.75 | 0.903 | 26.50 | 0.941 | 22.03 | 0.840

(CVPR 21) AECR-Net | 22.90 | 0.879 | 24.03 | 0.879 | 20.61 | 0.812

(CVPR 21)TBN 24.52 1 0.897 | 27.42 | 0.944 | 21.56 | 0.837

(Tip 22) SGID 23.34 1 0.907 | 23.95 | 0.935 | 19.20 | 0.823

Huang.w/o SAR 21.74 1 0.816 | 22.09 | 0.827 | 22.12 | 0.784

(WACV 20)Huang.SAR | 24.16 | 0.906 | 25.31 | 0.926 | 25.07 | 0.864

(TCSVT 22)TMS-GAN | 23.45 | 0.909 | 26.13 | 0.931 | 21.85 | 0.831

(CVPRW 23) ITB 24.61 | 0.912 | 27.48 | 0.944 | 22.10 | 0.839

Ours 25.67 | 0.921 | 27.55 | 0.946 | 23.37 | 0.863
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5 Ak 25 3 SO [ ok B SRR BSR4 1 1 UIQL 4331l 3k
#]0.976.0.979 F10.957, #H Lt T TMS-GAN 43 il $#& 7} 1
%4 7EStateHaze-1k B EBIEEAR R F R EHHEE £ UIQIFI RMSE
BIxFEE
Thin fog Thick fog
UIQI | RMSE | UIQI | RMSE | UIQI | RMSE
(TPAMI 10) DCP | 0.762 | 10.01 |0.594 | 10.19 | 0.608 | 10.09

Moderate fog

Method

(ICCV 17) AOD-Net | 0.859 | 9.64 |0.822| 9.96 |0.724 | 9.98

(CVPR 19)EPDN | 0.936| 9.31 |0.944 | 8.63 |0.887 | 9.68

(WACV19)GCANet | 0.948 | 9.26 0.932| 9.41 |0.922| 9.44

(CVPR 20) MSBDN | 0.927 | 9.53 |0.948 | 9.14 | 0.887 | 9.68

(AAAT 20) FFA 0.968 | 837 [0.973| 7.96 |0.946| 9.06

(CVPR 21) AECR-Net | 0.953 | 9.06 |0.947 | 8.67 |0.915| 9.60

(CVPR 21)TBN 0.969 | 8.46 (0977| 7.72 |{0.938 | 9.18

(Tip 22) SGID 0.963 | 886 [0.972| 897 |0.939| 9.62

(TCSVT 22)TMS-GAN | 0.968 | 9.02 | 0.967 | 8.24 [0.939 | 9.23

(CVPRW 23) ITB 0974 | 8.41 (0978 | 7.42 |0.945| 9.10

Ours 0976 | 830 [0.979| 7.37 |0.957| 8.80

(a) Hazy

(b) DCP (¢) AOD

) AECR TBN ) SGID

(d) EPDN
-——-——-—-

ﬂﬂﬂﬂﬂﬂﬂ

TMS-Gan ) ITB

0.008.,0.012 A1 0.018, A kb F TBN 43 5 #& 7+ T 0.007 .
0.002 F10.019. A L5 1 RMSE 43 %) 4 8.30.,7.37 il
8.80. MLt T ITB, A SCH L AE 5 (P 5 Ak 25 3 AN
[ B2 1= UT1QI 4351 #2 T+ 1 0.002,0.001 F10.012, RMSE
A3 SRR T 0.11.,0.05 F10.3. Huang %5 A\7E B 5]
AT Z AR TR EURAE R B B, w] LU LA S b iy
G A 0 15 B 2255 . (HZR SCRR ok B A 3 B M 4
PEAT YR AN , 7 A 4 B BCHE I 48 T, AR SR
W HAT T B 25 55 3R, H UTQT AT RMSE f8 bR ¥4
TXF R
4.3 TEESH

AR T ASCA R S HAD 1 T FpE T RS AR
53T . T Huang SAR B8 L5 VAR TR TR AN RE
FHUZ RS, DI FXHZ R T T T

& 4 % 4% 5 vE AE SOTS 2 A4 1 I i 4 Reside-
outdooriﬂﬁiﬁ%ﬁﬁTTWt%ﬁ DCP 53k 7E4b B

25 DX 25 o 7 A Y 3 3 RN 6 2R L ) [ R X
#IJL?'KTU\EI.?%?%Ef’égﬁlﬂ’]ﬁ%fﬂﬁé’ﬂﬁ%#
AT RSO EUE i S B AR B R IR 22, T
XA ) 25 55 TEMG ™ AR A7 TET S

(/) MSBDN (g) FFA

4  Reside-Outdoor 5 W ECG 4 AT MR AL 45

[ B A2 KR A A (1 BR ), AOD 555 %R
NE RAFH) RO I RE B R B e R % 5%
(K 4(c)). EPDN A& T AOD ¥4 B 4719 22 25 50U (H
2255 e I G e o i A ] 4 () R
25 DRI AT RS 4, 3 R R, EPDN B9 % A U 7 )
a2 R 2 5 W)E B REAS H . MSBDN Fl FFA
YRR A LSS BB A AT RIS AR Al R T 1 55 K]

1% BT A — S8 XS A7 AE [ 8. TMS-Gan 555 B 3L A
Eﬁ%ﬂ@é&%%{%,@E%?@%Lmlﬂﬁﬁgﬁ Y

L. ITB L I A i 25 35 TBN B 2R o, AP e it
ﬂﬁﬁ&ﬁﬁlﬂ .5 IR, AR SCRA AR RO A
4y it E R GTEIR . i TA U A& R R
FEAE 704358 B, FF 5 38 8 T 2 S WL EA T Ak, i
BEH A BT 25 U RRE
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1E Dense-Haze ¥t 25 B85 45 b 0y vl AL 45 R n & 5
iR B E T B e E AR 4,

PR e 5 TR A5 VK 2 BEGT IhT FE1 F8 AE 25 55 s AT 2 — K
PRk

(d) EPDN

(¢) FFA

(k) TMS-Gan

() 1ITB (n) GT

5 Dense-haze ¢35 Bdim 4 n] ¥ fb 45 51

Bi4n, DCP 83k 3= BARH G 88 A 1250, (B A
TAREN T BRI R, S8k FUR K
2. WK 5(h) s, N DCP K & /Y A% ] WAETE W3
) B I I 22 AN (5 2% L . AOD-Net fE R % B4 1Y
FERCRABAT AR, e 5 (e) T AUEE 3], &
KAE e W E KR M R GG (5 B B L% Bg 55 B
TEFE K55 36 . EPDN £ 55 B ) 22 RO A o 5
EAN L B s e A C S e N 8 2 i i O
B — 2 1 R 55O (R 1 QR B0 iR R B T
I5A N /& . MSBDN 55 L AHEL T GCA-Net 1k &2 K14
£, 5 B L L PN {5 B, MSBDN Bt & 7 4 5% )2 i
JE45 B 2 REERHEF B, H 52 H AR 45 A A A —
st BN S () 22 L FAAAAERR o Phsg . B 5(g) v,
FFA SR T WA T oRFET RGBT A 55 454, 9F
WA ENMEEEE N SBEZ TR NBIRENEE
SR A B ER PR B T R AR 45415 B {H FFA
) L 7 78 45 # W] B A A AR U R AR R €45 20T IHT
FEAEJR BRVE , S B &2 BRI B 6 5 GT B A T I
2% . TBN 59 3 4 12 =) 0 ST AR, 78 I 45 v fin 2% 7
YIGARIAG T R A ZROR MR FEEER S 6T
PEAGAR H B A G 3 O 1 (L S GO BT ). &l 5 (k) B
7, TMS-Gan 5 2 R 52 114 A AT €0 98 21 11 i) f8
ITB B AR WK DARIHAFFEAR L, BERCRA

FE AR SCRE L AEANAY | SCHURE (S T R B R R
LT GT MG, H X e 55 EG , if A7 7 ik — 25 1t 4k
ZS (] .

K6 R T AR SCH ik AE AR ¥ 50 %5 803 45 NH-
Haze21 | (255 Al AAL S5 S . DCP A 2k iy 25 8 &
GAFAE SR A, IF A e X B 5 R, W 6.(b)
TR . AOD Bk 5 MG 43 IX Sl A7 K i 25 %, L&
6(c) TR . TSI WAl A9 265 A L, EPDN BT
o B B RARAFAE L, WK 6(d) fif s , Hik 2 UG AE N
B X AT A 25 50 5% B AN . GCA-Net B30T IR
RPN ey R EPRZ AIALTOR DN R ras -

MSBDN . FFA , TBN 5 % fE % ik 2] K 45 19 £ F 5K
T AR 25 5 UG AP A7 7838 4 7] 8, 451 18 6 (f) v
MSBDN 225 & K 6 (¢) o FFA 2555 RS e [ THE S
SFEAERS 2555 . 53 5h , 76K 6 (i) TBN P& &2 [ 45, I
B8 4 1] T IR 4, 1X 2 T TBN [A)RE 2R FH U R 2R 44 4
h P2 1 — R 4) , R LA 22 )2 FRIE . SCID /A TE B &
KB, H L% RS R . AR SCHE 454k
PR A5 22 (B R AN SO A K B e IR S, . 1
6 (k) i 7k , TMS-Gan 5532 K3 43 38 J& A7 FE 55 3 5% 7
ITB WAFFE /D 55 5% B8, WKL 6(1) B3 & 1] IX S8 Fl B B
DR AR F A 50k AR SCRA AR B DL O
MR BB GT BIHE
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(®)

(a) Hazy DCP (c) AOD

(d) EPDN

(e) GCA

(h) AECR (i) TBN (j) SGID

(k) TMS-Gan

() ITB

(m) Ours

K6 NH-haze JFEH92) 25 dln e nl tl Ak 4s

K7 IR T ARSI 5 3 v B2 (Y B i AR i &
FROR . W ERE R (K 7(b)),DCPIEAE O R K B
B ] 1, AOD AH#E T DCP B AT 545 1Y 2= 25 31 (H A
A AE KA 55 9% . EPDN REAG R0 25 6 38 4
Za B H L BB 7 ER (G A I 2 .
MSBDN #1 FFA B8 MU 55 4 1) 25 55 208, 0 AR i ]
Go AR TBN Bk S 35 T R
R R 25 55 A5CR (0 AR ) R A7 A /D B 55 5
I H B0 W 1 . SGID 8% £ % Ja 1 S A7 76 B
@R AR G 7 (k) s, TMS-Gan 532 i A= A%
W RS AE 25 5% B B, R B il 5 GT BT L
WA TE A 2 B TR ITB W A e /D R 4R B A 42

TEPEEAEE R (F7(b)) , thFid B #5560
P, DCPAE U B R LIRS . AOD 55 J5 Y R
1154 KA 2% 5% , 900 155 . MSBDN 38 i 15 2 5 11 £ A
SRR Z RS B, A8 2255 R A B == &, (B84
XA A 45 BN . SGID Bk A7 1e BMG R H DL K it
PRER IR, 32 T Al fE b, SGID Ak A H T
HEERWRRE, b T g &3 A 55 B, iz
B BT R & 7 (k) A 7 (D i, HE 2k
) TMS-Gan 3375 19 & 7 i A 7 B 5l 7 25 % BRI 42, T
ITB e/ D SR B B R4 .

T R EGOE S S R RS S R BURR Rk
FE AN E B, DR ™ E A EGGR AL R ARk
EAEET , X E0 AR A 15 (& 7(6) ), DCP )
BRI B E 2 B AOD R I % R 7 ok

WA KEESE . AT AOD,EPDN Hl GCA 7£ 2554
BRI A E R KT A 55 S 471, HLEPDN
255 BRI E W U B o 2 R, 5 GT BHSAH 22 5%
K. MSBDN %4 32 7 ¥k 55 3 45 b A9 25 55 500 A e
SGID [FIAE H 3 T G B0 2 B HL Bt P 2 i )t . 4n
&7 () FE 7(1) 7R , TMS-Gan F1 1TB B3k A7 76 DR Y
AR R B Sk B . AT R AL
FVEAER TR MR B 1 55 35 T AR T A8 4 Iy A B 508
Y5 SR AN K A T BT T M, (IR =5 2t — 4
LUEiiN
4.4 HRRCIE

KT VAR AR SCREARY AR A 30, AR T MR R AHE 22
FEIHT AR ITHH A5, P4 46 5453855 . (1) Base:
U-Net (R R 4049, EZ 4 fs )2 R is 2/ 6 3k 25 el
B AR R AR A 2 A 2 0 o kRO B
Wi . (2) Base+CLA : 7£ U-Net JE Al HE 22 |5 wp (]
B Bk BR % 2 B, S 0 B )2 1 R ) R AF 28 AR
(CLA). (3) Base+CLA+CA : 7E 5256 (2) (9 JE Al 78 Im
W RS . (4) 7ES25 (2) i ERE EAR N ECA @ I8 TE
B (5) RS20 (2) (Y SERE LA MSCA & T ML .
T L IS R A9 7 72 A7, DASG IR AR SO HY A9 3 T S
RU - HAth 300 18 78 78 A

H 3% 5 7] %1, Base £ 42 7£ PSNR Al SSIM |- 2y
29.55 dB.0.963, il o ¥ I 55 2 1 )RR AE 22 LR
PSNR ] Ll 35 3 31.42 dB, SSIM ik 1 0.964. AH# T 3t
YER T PSNR $2 71 7 1.87 dB, SSIM #2 71 17 0.001. 5%



3722 H, T

2024 4F

(/) MSBDN (g) FFA

() SGID

(h) AECR (i) TBN

(k) TMS-Gan

() ITB (m) Ours

7 StateHaze- 1k JE S A2 - - 55 AT P45 21

RN T BB ERE 25 M B — T A
SC I R R A M 2 i 8 R ML Rk a7 B A7 BRI )
AL, [R] B A ECA 3 3 B ) &R — 46
Y Ay Hp ] e R DA/ B B ) S 80 R T 2 R
T E VE S MSCA. SR CA A L, A5 #0914 3 Sy 4
Hr MSCA 43 %1% PSNR F1 SSIM #£ 55 1 0.18 dB . 0.002.
5 ECA M H , A SCHY 1 3 ) BEHLLE PSNR Ml SSIM |
FETF T 0.17 dB.0.002, B iF T r & 71 B AL A
Bk

AR SC LA ) 245 580 o A 2 R — 2 R B %2
H 256 ANFAE T8 38 K1 53 447 64 FIAE N REGI AT AT #1
A, I 0 25 IR T 3 FMIL T 418 18 A R ) 4 i
AT IS . AN 8 T , CA \ECA IR 3 & 28
383 RV 8 AR 1T 3 T B A PR A — B R
CA FIECA 77 J8% 37 1 57 B [n) 1, Tevk AR BUA %0 B F

#R5  FESOTS-Outdoor H{#EEE |k PSNR F1SSIM 45

Model PSNR/dB SSIM

Base 29.55 0.963
Base+CLA 31.42 0.964
Base+CLA+CA 33.52 0.975
Base+CLA+ECA 33.53 0.975
Base+CLA+MSCA 33.70 0.977

A B AT EEAAE A M, MSCA @it A
[Fi) 233 JIR) 23R (14 23 ) 5 BURAH 2 RO 1R SUR BT
> A A G AR A C . AR 8 TS, AN SCHR M Y
MSCA 1 B AL ZEAE 15 ] b B A /D508 18 98 0 Be T
EERERUE , 5 CA FIECA HH HCHE 4540 5 R B %0



o1 M PN AT T 2 T R R S M 22 RO T T R B AR R R 25 M 4% 3723

Channel attention weight map in CA

Channel attention weight map in ECA

i N Tl T e

Channel attention weight map in MSCA

LY o g e e Py

0.0 02 04 0.6 0.8 1.0
E8 MSCA il & A ER

5 it

H 25 38 6 A5 P 2 R 8 MR L S e TR
PR B AT 38 AT S — A~ LA Bk AR B 5 T R AR SO
T—Fh TR IR B M R W iE T =
f 2= %5 W 2% CLMSA-Net, [ 2% 45 ¥ T B 40 35 15 2 1
FIRFIE A A A 2 ]ROBE Sl T8 . R
FIFRAEAE B A HAR 5 4 St 2 X R A FRE R L A
T 2 ) AR AR, LIS AP IR AR E, 9T FL
AR 2 B A 1 X 7 0D 23 DA fifk U 7B ) 26
TEFR B A ). 22 I 38 30 1 B S B 28 5 A TR) 4 1
R4 23 1 2 BUR AR I AT A [F) 2% Az BF (9 R 1R 3E 18, 78
SRR SUE BUAR RSN T R 2555 28 0 B 4
fEIEEAR B . a5 YT T 2o R T SR TE
BT BB B CLMSA-Net EL A H @ 1Y A %% v f1 &
Pk

S Sk

[1] KALWAR S, PATEL D, AANEGOLA A, et al. GDIP:
Gated differentiable image processing for object detection
in adverse conditions[C]//2023 IEEE International Confer-
ence on Robotics and Automation (ICRA). Piscataway:
IEEE, 2023: 7083-7089.

(2] 5KB, HyAeds, A8 . AR/ B AR RATA R B AR
PelT]. LT3R, 2023, 51(4): 944-955.

ZHANG Z, YI H H, ZHENG J. Focusing on small objects
detector in aerial images[J]. Acta Electronica Sinica, 2023,
51(4): 944-955. (in Chinese)

[3] LIS Y, FISCHER T, KE L, et al. OVTrack: Open-vocabu-

lary multiple object tracking[C]//2023 IEEE/CVF Confer-

ence on Computer Vision and Pattern Recognition (CVPR).
Piscataway: IEEE, 2023: 5567-5577.

[4] CHEN X, PENG H W, WANG D, et al. SeqTrack: Se-
quence to sequence learning for visual object tracking[C]/
2023 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). Piscataway: IEEE, 2023: 14572-
14581.

[5] WAN J, XI H, ZHOU I, et al. Robust and precise facial
landmark detection by self-calibrated pose attention net-
work[J]. IEEE Transactions on Cybernetics, 2023, 53(6):
3546-3560.

[6] YANG X, LIU C, XU L L, et al. Towards effective adver-
sarial textured 3D meshes on physical face recognition[C]//
2023 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition (CVPR). Piscataway: IEEE, 2023: 4119-
4128.

[7] CANTOR A. Optics of the atmosphere: Scattering by mol-
ecules and particles[J]. IEEE Journal of Quantum Electron-
ics, 1978, 14(9): 698-699.

[8] BERMAN D, TREIBITZ T, AVIDAN S. Non-local image
dehazing[C]//2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Piscataway: IEEE, 2016:
1674-1682.

[9] HE K M, SUN J, TANG X O. Single image haze removal
using dark channel prior[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2011, 33(12): 2341-
2353.

[10] CAIB L, XU X M, JIA K, et al. DehazeNet: An end-to-
end system for single image haze removal[J]. IEEE Trans-
actions on Image Processing, 2016, 25(11): 5187-5198.

[11] ZHANG H, PATEL V M. Densely connected pyramid de-
hazing network[C]//2018 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. Piscataway: IEEE,
2018: 3194-3203.

[12] LIR D, PANJ S, HE M, et al. Task-oriented network for
image dehazing[J]. IEEE Transactions on Image Process-
ing, 2020, 29: 6523-6534.

[13] wmadkde, oAede, &, 5 BUE R 51 S 40715 Fn g
Py £ SR R 25 55 4 0] 0 T2 41, 2023, 51(1):
160-171.
GAO J R, LI HF, ZHANG Y F, et al. Dual attention-
guided detail and structure information fusion network for
image dehazing[J]. Acta Electronica Sinica, 2023, 51(1):
160-171. (in Chinese)

[14] SUNH, LI B H, DAN Z P, et al. Multi-level feature inter-



3724 BT R 2024 4F
action and efficient non-local information enhanced chan- 905-909.
nel attention for image dehazing[J]. Neural Networks, [24] ZHONG Z L, LIN Z Q, BIDART R, et al. Squeeze-and-

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

(23]

2023, 163: 10-27.

ZUNAIR H, BEN HAMZA A. Sharp U-Net: Depthwise
convolutional network for biomedical image segmenta-
tion[J]. Computers in Biology and Medicine, 2021, 136:
104699.

HEF, T 4, PMIL, 55 . 3k T 00K 51 4% 5244 Cycle-
GAN HEZE T 2 Wi 38 T 2 0 A HE ) = S EMR 2255 7).
HL 2440, 2023, 51(9): 2558-2571.

DAN Z P, FANG S L, SUN H, et al. Outdoor image de-
hazing based on multi-order channel attention calibration
using a dual-discriminator heterogeneous CycleGAN
framework[J]. Acta Electronica Sinica, 2023, 51(9): 2558-
2571. (in Chinese)

DONG H, PAN J S, XIANG L, et al. Multi-scale boosted
dehazing network with dense feature fusion[C]//2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Piscataway: IEEE, 2020: 2154-
2164.

HUANG G, LIU Z, VAN DER MAATEN L, et al. Densely
connected convolutional networks[C]//2017 IEEE Confer-
ence on Computer Vision and Pattern Recognition (CVPR).
Piscataway: IEEE, 2017: 2261-2269.

WUHY, QU Y Y, LIN S H, et al. Contrastive learning
for compact single image dehazing[C]//2021 IEEE/CVF
Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Piscataway: IEEE, 2021: 10546-10555.

HU J, SHEN L, SUN G. Squeeze-and-excitation net-
works[C]//2018 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Piscataway: IEEE, 2018:
7132-7141.

WEI X C, ZHANG Y, ZHENG Y H. BSFCDet: Bidirec-
tional spatial-semantic fusion network coupled with chan-
nel attention for object detection in satellite images[J]. Re-
mote Sensing, 2023, 15(13): 3213.

YANG X, LV Z Y, ATLI BENEDIKTSSON J, et al.
Novel spatial-spectral channel attention neural network
for land cover change detection with remote sensed imag-
es[J]. Remote Sensing, 2022, 15(1): 87.

LIHF, QIU K J, CHEN L, et al. SCAttNet: Semantic seg-
mentation network with spatial and channel attention mech-
anism for high-resolution remote sensing images[J]. IEEE

Geoscience and Remote Sensing Letters, 2021, 18(5):

[25]

[27]

[29]

[31]

[33]

attention networks for semantic segmentation[C]//2020
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Piscataway: IEEE, 2020: 13062-
13071.

LIJ,LIUKY, HU Y T, et al. Eres-UNet++: Liver CT im-
age segmentation based on high-efficiency channel atten-
tion and Res-UNet++[J]. Computers in Biology and Medi-
cine, 2023, 158: 106501.

QIN X, WANG Z L, BAI Y C, et al. FFA-net: Feature fu-
sion attention network for single image dehazing[J]. Pro-
ceedings of the AAAI Conference on Artificial Intelli-
gence, 2020, 34(7): 11908-11915.

LI B Y, REN W Q, FU D P, et al. Benchmarking single
image dehazing and beyond[J]. IEEE Transactions on Im-
age Processing, 2018, 28(1): 492-505.

ANCUTI C O, ANCUTI C, SBERT M, et al. Dense-haze:
A benchmark for image dehazing with dense-haze and
haze-free images[C]//2019 IEEE International Confer-
ence on Image Processing (ICIP). Piscataway: IEEE,
2019: 1014-1018.

ANCUTI C O, ANCUTI C, TIMOFTE R. NH-HAZE:
An image dehazing benchmark with non-homogeneous
hazy and haze-free images[C]//2020 IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition Work-
shops (CVPRW). Piscataway: IEEE, 2020: 1798-1805.
HUANG B H, LIZ, YANG C, et al. Single satellite optical
imagery dehazing using sar image prior based on condition-
al generative adversarial networks[C]//2020 IEEE Winter
Conference on Applications of Computer Vision (WACYV).
Piscataway: IEEE, 2020: 1795-1802.

TANG K T, YANG J C, WANG J. Investigating haze-rel-
evant features in a learning framework for image deha-
zing[C]//2014 1EEE Conference on Computer Vision and
Pattern Recognition. Piscataway: IEEE, 2014: 2995-3002.
REN W Q, LIU S, ZHANG H, et al. Single image dehaz-
ing via multi-scale convolutional neural networks[[M]//
Lecture Notes in Computer Science. Cham: Springer In-
ternational Publishing, 2016: 154-169.

LI'Y N, MIAO Q G, OUYANG W L, et al. LAP-net: Lev-
el-aware progressive network for image dehazing[C]//
2019 IEEE/CVF International Conference on Computer
Vision (ICCV). Piscataway: IEEE, 2019: 3275-3284.



811 M PN R T 2 TR T RAAIE S LR 22 RRESH 3 1 ) Y B MR 25 55 T 4 3725

[34] REN W Q, PAN J S, ZHANG H, et al. Single image de- [44] CAIY T, WANG Y. MA-Unet: An improved version of
hazing via multi-scale convolutional neural networks with Unet based on multi-scale and attention mechanism for
holistic edges[J]. International Journal of Computer Vi- medical image segmentation[C]//Third International Con-
sion, 2020, 128(1): 240-259. ference on Electronics and Communication; Network and

[35] LIB Y, GOU Y B, GU S H, et al. You only look your- Computer Technology (ECNCT 2021). SPIE, 2022: 1-13.
self: Unsupervised and untrained single image dehazing [45] ATES G C, MOHAN P, CELIK E. Dual cross-attention
neural network[J]. International Journal of Computer Vi- for medical image segmentation[J]. Engineering Applica-
sion, 2021, 129(5): 1754-1767. tions of Artificial Intelligence, 2023, 126: 107139.

[36] ZHU J Y, PARK T, ISOLA P, et al. Unpaired image-to- [46] SHYAM P, YOON K J, KIM K S. Towards domain invari-
image translation using cycle-consistent adversarial net- ant single image dehazing[J]. Proceedings of the AAAI
works[C]//2017 IEEE International Conference on Com- Conference on Artificial Intelligence, 2021, 35(11): 9657-
puter Vision (ICCV). Piscataway: IEEE, 2017: 2242- 9665.

2251. [47] LIN C Y, RONG X W, YU X Y. MSAFF-net: Multiscale

[37] ENGIN D, GENC A, EKENEL H K. Cycle-dehaze: En- attention feature fusion networks for single image dehaz-
hanced CycleGAN for single image dehazing[C]//2018 ing and beyond[J]. IEEE Transactions on Multimedia,
IEEE/CVF Conference on Computer Vision and Pattern 2022, 25: 3089-3100.

Recognition Workshops (CVPRW). Piscataway: IEEE, [48] LEDIG C, THEIS L, HUSZAR F, et al. Photo-realistic
2018: 938-946. single image super-resolution using a generative adversar-

[38] ANVARI Z, ATHITSOS V. Dehaze-GLCGAN: Un- ial network[C]//2017 IEEE Conference on Computer Vi-
paired single image de-hazing via adversarial training[EB/ sion and Pattern Recognition (CVPR). Piscataway: IEEE,
OL]. (2020-08-15) [2023-03-29]. http://arxiv. org/abs/ 2017: 105-114.
2008.06632v1. [49] SIMONYAN K, ZISSERMAN A. Very deep convolu-

[39] LIB Y, PENG X L, WANG Z Y, et al. AOD-net: All-in- tional networks for large-scale image recognition[EB/
one dehazing network[C]//2017 IEEE International Con- OL]. (2015-04-10) [2023-03-29]. http://arxiv. org/abs/
ference on Computer Vision (ICCV). Piscataway: IEEE, 1409.1556v6.

2017: 4780-4788. [50] CHEN D D, HE M M, FAN Q N, et al. Gated context ag-

[40] QUY Y,CHENY Z, HUANGJ Y, et al. Enhanced Pix2pix gregation network for image dehazing and deraining[C]//
dehazing network[C]//2019 IEEE/CVF Conference on 2019 IEEE Winter Conference on Applications of Com-
Computer Vision and Pattern Recognition (CVPR). Piscat- puter Vision (WACV). Piscataway: IEEE, 2019: 1375-
away: IEEE, 2019: 8152-8160. 1383.

[41] GUO H F, PIAO J C. MARG-UNet: A single image [51] YUY K, LIU H, FUM H, et al. A two-branch neural net-
dehazing network based on multimodal attention resi- work for non-homogeneous dehazing via ensemble learn-
dual group[C]//2022 IEEE 2nd International Conference ing[C]//2021 IEEE/CVF Conference on Computer Vision
on Information Communication and Software Engineer- and Pattern Recognition Workshops (CVPRW). Piscat-
ing (ICICSE). Piscataway: IEEE, 2022: 105-109. away: IEEE, 2021: 193-202.

[42] WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional [52] BAIHR,PANJ S, XIANG X G, et al. Self-guided image
block attention module[M]//Lecture Notes in Computer dehazing using progressive feature fusion[J]. IEEE Trans-
Science. Cham: Springer International Publishing, 2018: actions on Image Processing, 2022, 31: 1217-1229.

3-19. [53] WANG P Y, ZHU H Q, HUANG H, et al. TMS-GAN: A

[43] WANG Q L, WU B G, ZHU P F, et al. ECA-net: Effi- twofold multi-scale generative adversarial network for

cient channel attention for deep convolutional neural net-
works[C]//2020 IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition (CVPR). Piscataway: IEEE,
2020: 11531-11539.

[54]

single image dehazing[J]. IEEE Transactions on Circuits
and Systems for Video Technology, 2022, 32(5): 2760-
2772.

LIUY Y,LIUH,LILY, et al. A data-centric solution to



3726 H, T

g
==

i

2024 4F

NonHomogeneous dehazing via vision transformer[C]//
2023 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition Workshops (CVPRW). Piscataway:
IEEE, 2023: 1406-1415.

[55] MEI Y Q, FAN Y C, ZHOU Y Q. Image super-resolu-
tion with non-local sparse attention[C]//2021 IEEE/CVF
Conference on Computer Vision and Pattern Recognit-
ion (CVPR). Piscataway: IEEE, 2021: 3516-3525.

[56] AINSLIE J, ONTANON S, ALBERTI C, et al. ETC: En-
coding long and structured inputs in transformers[EB/OL].
(2020-10-27)[2023-03-29]. http://arxiv.org/abs/2004.08483v5.

EEEN

BNOAR 5.19864F 4 AR Tl R . BRI A,
Iy =R 2 R AR, A A . F RIS Oy ) R LA e LA
BEFEHKTRBREBL.

E-mail: sunhang0418@whu.edu.cn

ARA 2, 19984F 8 H A T AR MLt . Bl =Wk
LI R e 6 <2 0 b g X AN S
E-mail: 15272874521@163.com

I L1998 4F 10 H WA TR A fE BT . B =k
BEWFTE A . LTS 1 AL R 5%

E-mail: snowwhite@uestc.edu.cn

BEE F,19764E3 A THALE B AT . By =WoRy:
YR . FEFET5 I R SR .

E-mail: zp_dan@ctgu.edu.cn

& B L, 19804F 1A WAL R . ROUREM A, I
SWRRAEYI . ST 1 R LS B R ) R

E-mail: yumei@ctgu.edu.cn



