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Abstract: TImage dehazing is a classic and challenging research direction in the field of computer vision. In recent
years, methods based on deep learning have achieved remarkable achievements in image dehazing. However, most existing
dehazing algorithms rely on synthetic paired data training network, which limits the practical application of the dehazing
methods, due to the discrepancy in the distribution between the synthetic and real-world foggy images. At present, image de-
hazing algorithms based on the CycleGAN network framework regard image dehazing as general image transformation, ig-
noring the effectiveness of generator learning. In addition, these algorithms lacks the exploration of local areas in image res-
toration, and uses only first-order channel attention in the constructed network, ignoring the effective utilization of deep-level
channel-related information. Therefore, this paper proposes a dehazing algorithm for outdoor images based on multi-order
channel attention calibration using a dual-discriminator heterogeneous CycleGAN framework, which mainly consists of a du-

al-discriminator heterogeneous cycle framework and multi-order channel attention module. Specifically, the dual-discrimi-
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nator heterogeneous CycleGAN framework improves the convergence effect of the algorithm and increases the focus of the
local area through the batch normalization generator of the heterogeneous CycleGAN and constraining the generator’ s local
field of view. To further explore the feature channel information that is essential for image dehazing, this study employs a
multi-order channel attention module by introducing first-order and second-order feature statistics to improve the visual qual-
ity of dehazing images. The results of the experiment show that our proposed method outperforms eight state-of-the-art de-

hazing algorithms on both synthetic and real-world data sets, regarding the extent of objective evaluation and visual quality.
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B R 2 S5 AH D A
3.3 MEKEH
ARG AN L5 R 24 FH 30 A 81 2K pR . L B
AL B A % R x, e X, IEWIEILR y, e Y. P K]
G A REALER BT H— AR/ R 32 x 32 MG B . AR A
AR XTI AR E AR
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adv-global —

L gorar= E [DF™ (G (x,)— 11+ E [DE* (Fax ()11
+ B [DF (Fin Gy (x, )= 1]
+E [DF*" (Gax (Fan () 1] (14)
Lysvioea= E [DJ™ (Pg, ()= 11+ E (D (Pr, )~ 1]

+ 1; [Dg (P PG ™1

+E[D§]Obal(P (15)

croy) 1
Gon (Fn (3,))
Hrp x, FRA%5 BB, Goy (x,) Fon x, 480 55 15 LA
G 15 0 WL P2 L Py FR AT G () B
FHTG B A — K KN 32 x 32 By MG B . A SCH i g
HXS BT R e AnF
Liiv-global: I? [Dflom (x)—1]+ ];:' [D)glk)bal (Gpn (x;))-0]

+E [DE (Fi Gy (x,)— 0]+ E [DE (y,)-1]
+E [DE (Fyy (v,)~0]
+ E [D%Obal (GenFan () 0] (16)

Ly E Dy (P, )= 1]+ E[DP* (Pg, ()~ 0]

adv-local —

+E [D(P )—-0]+ E [D;"“'dl (P,)-1]
x y !

FinGpn (x))

+ ]; [Diocal (PFBh (y,))_o]
local
* ]; LDV P )~ 0 (17)

S A, A E AR x, BRI A AT % R AR
Fin Gy (x,)) LA BCTE W ARy, FATE BR A2 BT BT 115
Gon (Fn (0)) 2K A 296 35 — B ¢ . Bk 2k X
wr .

Lieawa= B[ Fax Gan 6 )=x,| ]

+El G Fu -2 1 (18)

LcGyclc-local: };’ [ P P

Fin Gy (x,) N X

]

1

P

P Gin(Fyx () © 0

+1;:[‘ ] (19)

SCHR (1626 BA o8 FHJER 1 — B A Mk 2 1) Il 5 4
BT HEZMEIER . BRI MRS TR R LG EG A
FAEMRTE VCG16 7 ML HYEE 3.5 .15 J2 1Y L2 Ju%, 1%
TIE D5 s PEAGOR T AR AN [R) R AE 2 1o (9 AR A . AR
SCAY I — B e AR

Lgerceplual-global = ];: [” ¢(F§N (GBN (xi ))) - ¢(xi ) |§ ]

+E (4G Fax 0900 1] 20)

]

Lgcrccptual-lncal = };’ [H ¢(PFI;N (Gn () )_ ¢(Px, )

2] (21)

tE [H P, o)~ 9L

JE L BEA A AR 2 R R AR s Y SR b %
A KOS ) s B A O, AR SCRRR R 41 2% n =X (22) BT
P a2y Ay, Ay R LR A ER
L=(L gdv-global +4, Lg/c]c-global +4,L
+23 (L roea LcGycle-local +L
+4 (Lade-global + L rocal)

o )
perceptual-global

o )
perceptual-local

(22)

4 I§

AR RS R N AR ST 4R B 25 55 RN E I 8 R ARG
F5 W 2255 7 1 1A ORI BSR4 1 1 DA SGE P
PPl 25 01 . XF HE Y 25 % 5 B A 45 - DCP' | Dehaze-
Net® , AOD-Net'’ , DCPDN''® | EPDN'™' | Cycle-
Dehaze!'® s FD-GAN'" s DA-Dehaze''". A 4 3R 0B
AR S BAREE SPAGHE bR LS E 2 FE 1 13T
Wb J . B, 8 T Al ST 56 50 UF AT A VE
4.1 ZWEERHEE

SCH I E AR SCACRS S BE T Pytorch AEZE SE B, 7F
Ubuntu & 455 T {4 H] NVIDIA 2080Ti GPU Il %k % 4% #&
R SR Adam fE AL 28 SEAT O A I 45 | H 2l g i 5 4K
B,=0.9,8,=0.999. W] 1fi ¥ >] TV E N 0.001, i 45 %L
FEI R M) R Gamma=0.98. 7EYI Zrt B2, Fr A
R4 KL K /N A 256 x 256, BatchSize 3% B 4 16, (2%
R 5 pR AL S %00, = 0.9,4,=1,4,=0.8,1,=0.5.

Bl B < AN SCUPAG B9800 45 £ 2045 RESIDE ™ |
HazeRD'> 'l OHaze"™"". 7F RESIDE ¥4 4 b , % Fl % 4b
Y £54E OTS (Outdoor Training Set) Yl 2k W 4% , OTS VIl 25
A4 1 8 970 5K I BT R4S F1 313 950 5K A 25 K14 .
FAR L2255 5 vk S i T A e KO 11 2 9 445 DRI DA
OTS 7 %5 K4 R BEHLIE B 8 970 5K 1K 5 8 970 5K 7 it
G — e fy = AP ZR 85 5 . SOTS (Synthetic Objec-
tive Testing Set) J % Hh & A 48 OTS By M4 , Horp
£ 1% 500 5k = S A % EIAR DL KA R T B R R
(Ground-Truth,GT). HazeRD B & 75 & A 2%
P15 FIURR 7 A 335 B RIS, OHaze BR8240 45 5K A7 55
PRI FUAE N (98 AT RS . R T B UE R s S i e
AW HazeRD BUHE 52 A1 OHaze BUE 52K 8 :2 1Y L.
Rl I 2 B R 4R . FR T 3 A B0 4 R S e
KR T FEINGSE A SCIE IR () R BEHLE
BYRL 2 0481 024 512 R B, R RUEE I MG 29
1 500 5K , SR J& SR FH OB A4 4 1 1) 7 208 X 28 R 2R Re-
size J{ 256 x 256.

PENFEAE : R T PPA 25 Bl 7 R R BE AR SCR FH I
{E 175 M b (Peak Signal-to-Noise Ratio, PSNR) F1 285 #4) 41
{1 45 %5 (Structural Similarity , SSIM ) VE b E B PEAL T8
B, 3K P A F8 bl i T R 55T 55 Thoar Al 3 ek
HEUE TR . BEAh AR SOR IS 2 A2 7E 4.3 717 8 M4y
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Br/R 1 &R EE 2555 IS AT ALAL SR
4.2 TEEHW

AR A 2255 i N 8 A 75 2555 vk B e AT
flian e 1 F2e 2 s , sk P ik R JB/R T BT A P74k L 55 58
7€ PSNR F1SSIM | IR 25 5 5 — 44 B dAk 5 —
B RRMAR S = A O RUARMA . N LRI 2 TPl LI
K 2B T 39 19 2 25 7%, 4 EPDN .FD-GAN . DA-
Dehaze 7£ Z WIEMF8br LT HFSEAN T2k,
U DCP, Dehaze-Net, DCPDN. %3 41, 7 %t £ i 1 2 2% )7

2, Cycle-Dehaze FIAS 3C 2255 7 vk J2 A AR B x5 4
SEIEAT VN LR 28 | AR 32 55 5 i o il ik i) 2504 4 op
PSNR F1 SSIM #8755 T Cycle-Dehaze 1 J7 5 . #£ RESIDE
) % A0 A R L £ (SOTS) W, A b FD-GAN Al DA-
Dehaze , A< 3255 )7 76 PSNR 4354255 7 4.98 dB Fll
0.39 dB, 7E SSIM I 43l 4/ 1 0.074 F110.037, 445 1 7E
Z MR EE 9719 SOTA (State-Of-The-Art)PERE . 7E HazeRD
F1 OHaze B 45 T, A SC 22 55 7 P76 5 148 75 PSNR A1l
SSIM [ W HUS T Hedf i 2h . R, AR SCHE Y 2557
AT DA RO 3 s 2 55 MG o i

#1 ARBBEREEHENPSNR UKL R HLf - dB
Method DCP Dehaze-Net AOD-Net DCPDN EPDN Cycle-Dehaze | FD-GAN | DA-Dehaze Ours
SOTS 15.55 15.03 19.63 20.13 20.02 16.09 22.19 26.78 27.17
HazeRD 15.18 13.60 16.07 15.28 18.14 11.92 15.93 14.68 19.13
OHaze 13.16 14.27 16.60 13.42 19.68 14.62 19.10 19.10 21.88
Average 14.63 14.12 17.43 16.27 19.28 14.21 19.07 20.18 22.72
w2 SRBREETEZTEENSSIMUKER
Method DCP Dehaze-Net AOD-Net DCPDN EPDN Cycle-Dehaze | FD-GAN | DA-Dehaze Ours
SOTS 0.815 0.791 0.861 0.871 0.885 0.825 0.888 0.925 0.962
HazeRD 0.798 0.651 0.769 0.738 0.792 0.687 0.787 0.780 0.803
OHaze 0.656 0.674 0.647 0.747 0.727 0.666 0.756 0.767 0.780
Average 0.756 0.705 0.759 0.785 0.801 0.726 0.810 0.824 0.848
4.3 TEMHESH ANFEE=ZAT T R . 380 20k o] A — 2L

A R AR SR M I 2 T R M 8 ML TS £ 55 07
B EME AT . 76 RESIDE =AM & B4 |- A ] #
AL ZE RN 4 s . DCP 2225 7 ik 3 i 1%
FAEE R A B0 B . Dehaze-Net 555 75555
MG A M XS T HE DCP XA IR | SR T AE R
2 RIBAMSRAF B R EM G I H AFE R NEIRS
T M UG AE L AR AERCR W 25 5 . AOD-Net 55 J7
BAER A BUER L KRR 34, &l 4 AOD-Net 55
AT AAHE ) X . DCPDN 2225 B HAS T ANEE Y
EEMR B REMTIKE LAKAANE, E 4
DCPDN 46 TLA7 i 5 K . EPDN 25 %5 07 3914 1k 3 4y
MR R8T, (R £ 55 7 K A2 1) 17 T Pl 5 A D
& 4 EPDN 55 — 47 H R AR IX Jak . XFF Cycle-Dehaze
REILRH T HARCRE Tk —HEIREH , Jf
ELAd AR BRI 2R R 4% . E S, T LB B E H
GEEITIEN L ERE A H R R B,
FEAE T R PR . FD-GAN 2555 J5 A 7F 2555 )i KM%
i, ST RGO LUAR SR AT D i S5 5 B L O B AR
JE R 5, Wil 4 FD-GAN 26 047 H (9 36 i X 3. DA-
Dehaze 255 J5 138 o i B RS (49 7 U8 /N6 i 5
FLSCHZ ] A 2200 B T 3K i R a5 R . (B AR
AR FONANAS SCRR %5 ik IR 45— AT

U 4B DA P B LT R X 38 . AR SC 258 ik an
& 4 Ours 715 , M HLHoAt 8 Fh 2 55 5 vk, AR SC 55 ik
TE35 B R 55 3 R A RIS A8 b an B 6, i AR
RIS BT 5 T e e 0 A R 1

HazeRD (4l 4E b o] AL 45 R (&l 5 fr7s , DCP &
3507 VR B I SR HE AR I . Dehaze-Net 2525 7 K i
B G R AE e D B 5% B . AOD-Net 22 25 )7 B 2 1Y
SR EMGH L B — R @ m 25 . DCPDN £% kA
B L5588 ) AR S AR I BB D, InEL S
DCPDN 55 —17 1 (5% BEES 43 . EPDN 2225 7155 Cycle-
Dehaze J5 1 1 2 25 SR AR 24, SR 1 EPDN 2555 7 1A A 18
N L FRRWN R, B Rk A GE ). FD-
GAN 25 55 7 1 B0 HH 35 4 1) 2 B8 000, AR A 40 3 Ak
H EMA A . DA-Dehaze J7 K 5 1) B R 3844 44, )5 i
BT, 5 R E W EMG B — e 22, W E 5 DA-Dehaze
CRFARCR RS

Bk T 1E A BB R R T AR 2 R AR S e
SO SRR URHI BB/ T A 2555 5k nl ik 4%
mE 6 Frs . HIE 6 DCP AT LIA i, DCP 2= 25 ik X%
s UG A BEAF A R B G [, I 2 7= AR R s
Dehaze-Net 2555 7 WK & 1 UL ATE R 25 X 8k HH 80 8 %
REAMG I FHEFEGA/PRERE . AOD-Net L% )7
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Hazy Image Dep Dehaze-Net  AOD-Net

DCPDN EPDN

Cycle-Dehaze  FD-GAN  DA-Dehaze Ours  Ground-Truth

El4  RESIDE 2S5 B4 I nl Ak 50 g0 25 1

e e g

Hazy Image Dep Dehaze-Net  AOD-Net DCPDN

EPDN  Cycle-Dehaze FD-GAN

DA-Dehaze Ours Ground-Truth

K5  HazeRD ZESMa BB 4 b T IAAL SE R0 25 2R

5% 5 Y PR G A (5 3 155 . DCPDN 2528 J7 v 1] LA
FBR R I R4 1 % (R LA BRI 2 20
W EHR . EPDN L2 i n] DL L PR EMG T R4
% H R HAKE 0 EAR R I, I LA B S A 5% R 22 1)
FETE2E, & 6 EPDN 4 —17 H LT @ AE X I, . Cycle-
Dehaze 2355 515 2555 I W MG AFAE 415 OB (] 3. FD-
GAN EZE 7 U8 T 8 0 F: 550 1 (R % 7 vk 7
PG (35 43 IX 32 7 e Wt 75 L I A7 7E €6 7% 2k L ) B
W 6 FD-GAN 55 FATHH A 2 A5 S /S s AT RS
F B . DA-Dehaze %5 )5 L RES ST 2 EMG, It
HLAE RS UG R RE B T 5 b A AR E ROR  ER %
AR R B AL NS HAR IR 6 DA-Dehaze 55 —
B R 2 LLRER-EAT TP R T B 6 Ours 7T L
W ARSCHR B R AT LA R R B Rl R T £
B4 AT A, R 31 7 1 RG b A B ) &5 SR A L L
b7k B A R TR AN T TS AR SO 25 %5 7 v

TE U 55 X 25 5RO A $2 T 25 )

5 , AR SCAE OHaze 5 A EUSEECHR AR FLEGUE T
FFEIRAEFENOR . WE 7 R, DCP £% AR R
23 X I T B8 . Dehaze-Net 2525 7 1K & KSR A
23 FREE . AOD-Net 2555 J7 A0 #1519 RS €6 1 I
5, IF HAR S B G A0 R FF R %, W&l 7 AOD-Net
S—4TH AR . DCPDN £ 25 5 L &R I U (R 2k
E. EPDN 255 5 ik B AR ] DL 2 Bl 43 55 (H 2K &2 1Y)
A% 20 755 BT, 4n &l 7 EPDN 45 — 47 rh 4 Hb i X 35 .
Cycle-Dehaze 2355 77 % 2 %5 J5 M EMG = £ T K&
P2, I HArH 5 ™ 8 . FD-GAN 2525 J7 ¥ BE S 80
WP R I A BRI & D 55 5% B . DA-
Dehaze 55 7 i HAG B 4F 0 L 5 68 J1 , (HJ X Rk 4
7 DX A B AN AR SC T Y 25 55 ik
4.4 HRRLIE

T B RS 25 55 T 1 T A S BEER A A A
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SCHE BEOHE LRI A 245 2546 15 0 SRR BT 17 T kS
¥, AU 6508 . S2I 1 Base R AH FT 554 i 2%
Z B A 250, 1355 Batch Normalization /2,
U — AN 55 A A — AR R 25 A e . SER 2
IBN (Independent Batch Normalization ) 3 7~ #H [R 4 55 4=
A A% 22 ) e 2 B R S 80, I Al 57 Batch Normali-
zation JZ , PR 1M 76 11 B AE 42 vh A 5 A il 57 27 > $i 4
O3 A 2 5 AR A DA SN A 55 AR L S

Dehaze-Net ~ AOD-Net DCPDN

Hazy Image Dcp

3: IBN2D (Independent Batch Normalization and 2
Discrimi-nator ) % 7~ 76 256 2 A9 FE Al [N A 42 5 Rl AL
F 5 2% . S25 4. IBN2D_FCA (Independent Batch Nor-
malization, 2 Di-scriminator and First order Channel Atten-
tion) FR/NTESL I 3 A LA F A — Bidi i 7 R
S 5. IBN2D_SCA ( Independent Batch Normalization, 2
Discrimi-nator and Second order Channel Attention) 3% 7

TE S50 3 HY LR A a5 6

P T T —

EPDN Cycle-Dehaze  FD-GAN DA-Dehaze Ours

E6 URHIZSNESERAE AL se g6 2%

Hazy Image Dep Dehaze-Net  AOD-Net DCPDN

EPDN  Cycle-Dehaze FD-GAN  DA-Dehaze Ours
€17 OHaze % SPILSHRE I ] AL L0 45

Ground-Truth
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IBN2D_MCA (Independent Batch Normalization, 2
Discrimina-tor and Multi-order Channel Attention ) 275 £E
SEH 3 AR 1A 2 B R

TH Rl S B 2 7E SOTS =AM & Lt AT 1Y, A [l
R PSNR I SSIM 45 R 4114 3 i . I A2 5 1 (1 Base
B 7E PSNR 1 SSIM 45 b5 1 HitE 1 25.79 #10.950 6 1
BLGT, AR EE 4.2 75 R 4K K CycleGAN A 25 4544 , R FH I
SR T AR Ak O [R5 A 3 B 11 Cycle-Dehaze 2355
FVEA WA X F BRI A SR IR 5%
F PR EAE 53 AT Z [ 2 A% ()3, 2K FH Batch Normal-
ization X A= AR 9 28450 v (0 B8 0 A A T U0 — Ak 2R
JICAS F) 24 i ) 246 485 ) D B b AN ) 43 B3 1 O 5%
J7 T 25 5385 1. R FH IBN A5 R A L Base #78 , PSNR

R3 FESOTS ESMHEE LAIPSNR 0 SSIM 45 R

Model PSNR/dB SSIM
Base 25.79 0.950 6
IBN 26.53 0.961 8

IBN2D 26.73 0.9619

IBN2D_FCA 26.76 0.962 1
IBN2D_SCA 26.85 0.962 4
IBN2D_MCA 27.17 0.962 7

BHT 0.74 dB, NI UE S AIHEZL B4 A0 . ANl 8 B
TR B SRS SR 2R, TBN 70 A B 2 A B4 i 0 S o
U Ak, R AR SCHRE B RUH) 5 5 F CycleGAN HE

(b) IBN2D

(a) Hazy Image

BEFARE Base BE USR5 T 0.94 dB. 38 3o WEZ T fil 52 56 i
Ji AR AT LR IR A B 0 4% Hoin b — B i R
J1 TR S L B E 7 PSNR FI SSIM 48 bR 7E 2
HARTE, I H 2B B AR HE TR K, AH EE IBN2D 45
7 PSNRE2FF T 0.44 dB, SSIM A5 — & U FH . A
SCUET B F T BUH 1) 45 5744 CycleGAN HEZE FI £ [ 8
TR, H L Base FE 58U 7E PSNR #5458 271 1.38 dB, 1
SSIM g5 L4 F-0.012 1.

5.5

5.0

45]

4.0

3.54

P R

3.0

2.51

2.0

0 25000 50000 75000 100000 125000 150 000 175 000
RS

(518  Base f5 1Az i 2% F1 IBN R A= i g i S th 26 14

P19 J 7 T XU 1) 4 S ) A 8 A0 22 B 3 3 0 T il
S AT AR AR g S A0 9 B — A7 i 41 £ HE X 3
IBN2D #5571 GE 1% 5¢ WA 30 25 %5, (H Rk & Y [R5

(c) IBN2D-MCA (d) Ground-Truth

9 XU S FIHELL RN 22 B i 2 9 Fi S 9 ] A2
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T M T D35 (R 1 B8O T 2 B v R B B IBN2D_
MCA #7255 J5 nl A0 Ak 45 S 1 B 2230 T i Tl 1% . e ]
95 AT, L A HEX IR T 7R , IBN2D_MCA #R75 J: 2%
Ja B S 7 25 R A HE A L TBN2D 45 0 B
T EAF IO . IR 9 158 = AT 4 e HE PO
Y E B 7, N T 2 B iE i A IBN2D_MCA A
TR TR R 2 0T T I LR R A 25 AR

P10 /R T — B B LA K 22 B il 20 1 2 0 30
SERG AT AR A SR . AR 10 25 — 17 20 (e A 2 B 3nl i X

BT, 20 1B IBN2D_MCA BRI 5 1 AR A
A, b R 422 30 W PRI, B T R 7 B IBN2D_SCA #52
TUAH L — B 25 7 IBN2D_FCA A6 75, B30 €, 52 AF ol 5
UL AR 10 55 AT MR B P AS 2 AE X rh, — B L
B LA K 22 W3 18 1 R D B A T AR IR A 7 e A
EEHCRBEHRTE . K 1028 A7 FUR R PI A 20 (AE X
W, AN S5 AR B W L T, £ B ) IBN2D_
MCA A5 7E X6} Ll B FEI €5 1 A0 5 50 5R 57 b P4 e
E2 Sl

(b) TBN2D_FCA
B0 —Br. Bl Bl v i i A s 3 m] e ah

(a) Hazy Image

5 it

ASSCHE T — b T UUH ) 4% 5248 CycleGAN AE
N Z P B R S AR L E N,
BEALE UK ) 25 548 CycleGAN HE AL HI £ By i i 14 &
JItEBR . ZAE S HL AT M R AT 55 10 2R AR BE A8 5T
7 > YA AN [ 23 A 00 B | TR 0T X SR i X sk
(T8 . 22 B il 18 1 BRI R T A 2 ik i
EAEE N T L Z AR B . 5B 8 R F5 1Y
REITEMEL, AR 30K 5507 A& U 5 L5
BRI BUR T EAETERE . AR AR SCE
T RAE M S M 57 55 PR 0 L 5 RE 1 B —
B TS 6] . ROk fF HE IS IR 55 L 5 55 Y LR
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