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Abstract

In order to deal with the problems such as the unsatisfactory effect of single network model in
foggy scenes and the image color distortion after fog removal, a new algorithm based on the fusion
of multiple fog removal models based on CycleGAN was proposed. First of all, in terms of the over-
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all de-fogging model, the traditional single model is changed into a multi-de-fogging model according
to different fog concentrations, and the fog images of different concentrations are respectively in-
troduced into the corresponding de-fogging network. Then, CBAM attention mechanism is intro-
duced into the generator module to help the model better consider the influence on channel and
space, and give more weight to important features. Finally, a new color loss function based on Lab
color space is proposed to solve the color distortion problem of the generated fog free image. The
experimental results show that compared with the traditional CycleGAN model, the proposed al-
gorithm achieves better performance and better visual effect on public synthetic data sets and real
world images.
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1. 5|15

AR, %55 ) R E AR A AR 544 . EFEEAMT, TS0 Rk & Ak
PIAATE, 2REBOCLIIEET SR, SBEH SR —LBgnaom], Mm% T B 2 5] . &
XPIX— ], T T IREE S I EB R F RS, BT BRI, HAR AL, 18X
aEI[2]. PAEBRENSEZ A0, DS S 08 NG E.

BOE I — L R, R R FHAREL T — AN ER IR R R B SR 10 UFP 25 B 55 58 1 715,
R FLAE R AP ERGE , Fn EOEREOR[3] [4] [5], HA s AARREMZ: BT EIE[6],
Retinex #ik[7], [FIZSUEBL[8], LA /N ASH[915. SR, FUA SRR EE & 4 1% N O 2 AN i
o RECE 1), FUARRKETR AL E HRRAE I REL K2 TV ER A FEDGZ %A T %
AT RSB AT BT XS U IR R, A SCHE BT A R4 H 7 — i (R i g e {5 2 A B0V [10], 75 At
by R E AR XA AR /N S DU KSR NG RAE S, R AL S H bR X E I R, M
T SEIUA HAR X IR s R g . 906, (ETHENU DU, R B o B PRI A R X — ) i
BET HHI L. JET CNN FIEREE S 2] 7 E R AR YU RTS8 2555 58 I L 1 — OCER R R . TR N 4R H T
DATR JE 2 SRR HEmh i G 2 3 S [11], Horp s T AN T3 28 SR 30 S0l 1) GCAnet [12], & —%
% M2 AOD-net [13], LA DehazeNet [14]% .

BARH BT CABRAKIIERE, (BATHIGE V2 SR . HAr, 7ESEbRM S, X8 REi
1T 2SI — U E PR R . A I L e T A, RTCBER, SRS & %4 T
AN RRYE. RN, I PR W 26 7 VAT TR X 2 5tz AR A R R I, JR R TEAL
R A Sy AN DX MG 2 55 55 ) i), e DUHAS B AR SR

T EHRUL BRI, 52 ER A R RO 1) R 25 55 Bl SR A PRI I R, A SO 3 mT R F RO ) 4
P 2L AR PR — B A T B 4% CycleGAN (Cycle-Consistent Adversarial Network) [15]4F 90 2% 3L fitl,
FIFHAS R % B2 55 58 R AR AT I 2R, AT B — Pl 2 B Z AT B Al & Ik S Hik. A TR
EEMA, RGLHEH T —AE Lab Bl EEIRRE . &5, EixEmd, N7 REE5EH
FHEEE, 51N CBAM VERE AIHLHI[L6], LAKESERM 25 T3 BAUE 4L .
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2.1, FEIRE R XML&

PEIRAE AR N 2 CycleGAN & —MEA B Bt 2% GAN(Generative Adversarial Network) [17]
Fefift BARHHTOIE ER e A, F T S BB MR 1 e e . CycleGAN 1) B FR 2 5 ST AN [A] 1Y)
WLt SC R SAEGI EUGET ANF, CycleGAN R B it I 2R B R4 Sk e, T 8 i 4 4t
IR AT SR . AR A AR R O 45 AT AN ) S 2 X 45, 0 ol T 7S ) PR e 4 R 74
18] IS EGNE 1 R, Horb Gue 5 Gea 28 BIBEATIR A 538 B 2[RI WL, Da M1 Dg NIX AN E A
IERER DA FH R A B MR S R 2 A
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Figure 1. Network structure diagram of CycleGAN
[E 1. CycleGAN MI4B£EH &

AT Gap LR Gas(a), #RJ5 HIFIH & De KA Gap(a) 2 5 W H K KR, HBUR AR WT

TR
Lean (Grar Do AB)=Ey ) [19D4 () ]+ B,y [ 19(1-Da (G (3))) &)
[F] ¥ Gpa 11 Da FRIF0 5% BREUUN N 0
Lo (Gen Da B A)=E,, o, [19D,(a)]+E, . [19(1- D4 (Gea (b)) ] @)

HEpias Gas K BIR A ¥ 4808 Gaa(@), T HI Gea ¥e40 Gea(Gas(@))JF s A 1 IRUELEPY IR AE I RE
BRI R AR — 2, fR 2RI EIR S Gea(Gas(@)) Z HIHIHR R . A — BRI T Rk

Lcyc (GAB 'GBA) = Ea~ Pdata (2) |: GBA (GAB (a)) - a”l] + Eb-pda‘a(b) |:||GAB (GBA (b)) - b||1:| (3)
)i, CycleGAN BEARMIHUR BN E =R BRS &, Hrh A NIBE RS, HE77508:
L(GAB'GBA’ DA’ DB) = LGAN (GAB' DB’ A, B) + LGAN (GBA’ DA' B, A) + j’Lcyc (GAB’GBA) (4)
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2.2. CBAM FEHHLHI

CBAM (Convolutional Block Attention Module) & —F47- 2018 fF# th &4 B, © A=
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Wik 2 fizs, CBAM AT RS 41 K {5 1E7FE = CAM (Channel Attention Module) 123 [a]7%: & SAM
(Spartial Attention Module) 5™ £2%t. fEHIAN T —MHIELLG, CAM B4 Hl T — 468, HdHS
JRAE G AT, SRJE UL CAM IS H N, 7E SAM KA #ET — 45, 20K 5 R IG E1G A3k,
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Figure 2. The overall structure diagram of CBAM
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Figure 3. Structure diagram of CAM
3. CAM £/

WEERE AN
M, (F)= o (MLP(AvgPool (F))+MLP(MaxPool (F)))

= (Wi (Wi (R ) )+ W (W (R ) ©®)
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Figure 4. Structure diagram of SAM
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32. ESEREZERBIEESE

AL 3 HEHRLE, S NIKREEESE, WiE SRS RIS, K@ E ik
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Figure 5. Overall structure of the model
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Figure 6. Generator structure diagram
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3.4. Lab BT EHK R

Ji CycleGAN H57 r A FiY ) 4 2K b B06F T CURZ MR IR (R D5 T i/ 2 6 (V%61 ek fRiE 2 % )R I
BB, PTBAASCEIRSIN Lab TR (A7 2k bR 4K

£ Lab BUEE R, B m L, aflb =MNlil: L@ERRRERE, a @ERRNLORSEOH
i, b EIER R WO R i

PURBREOH SN Ll loss,  BARUFEERE Y, K w21 Lab 245 H G, T Lab (a2
225 ) (R ¥ L AN B4 1 T e 2 S B T S0 R I AN (RS O AL AN, St LI, a EIEAN b JEiE Bk
ATV A PR DA M AN I IE VS, 2 JE e e m 1) Lab BB T 2B R 1 AL X TR MR R E,
THEWA BB NEE LR ESR, RJERREEF TR, B3R5 L1 loss.

4. STBRERSRSMHR
4.1, STEHGRSE

AXIAFES, HEMTIEES 3 HINLGLE, K EZAEZHIEERET NYU2 [19)154EEHIE,
Wl FAINGEEERH NYU2 B4, IREMEH SOTS [2018dE4E. IgdfEd, KEg ki
N 25615 % x 256 155K, ARG AN RIS ERIT IS, =R,

4.2. SERRIFEE

SCIGFREEACE . CPU AHJR RIE % i7-8700 @3.20GHZ, W 1EA 16GB, GPU ik #fHis RTX 3060
12GB RAFMRA, M Pytorch1.11.0 JRAAE AR FE = SIHESE, Cuda 24 11.6 hiAS, ks v Python 3.8 it
NS

I SHRE . S IERYIEI A 0.0002, batch-size B E A 2, EARRECH 200 R, hESHEE
0.5, fAb#sRH Adam At

4.3. SRREER

NRHEARSCEVE A U, A SCAE SOTS Hda &R AL HL 100 5K B g AT ORI, %o Bk
# DCP. GCANet. DehazeNet ll AOD-Net 53k, I MEMFH AN Z W PFA 95 TR B S AT 1
Mo [FIRS, DLESHIALLEE SSIM [21]. PSNR [22 8 1FAlidRFR, XHH 5 BOREAT AN LA PEAL -

K7 55 -5 L, 50 LRl R 3 DCP SVATE £ Uk 7R I R (U R |, [RI I GCANet.
AOD-Net 11 DehazeNet 5% 1) 2 5 BRI, VI EEA#H S, Hr GCANet FiEN R T EFZ RO
fERE . 237 1 MBE X EE 7 Bl LUK, A SCRIEAE SOT #dli 4 L) PNSR A1 SSIM i
WRE TR E, SHE A, RSO RRESRE E I R G R R

DOI: 10.12677/csa.2023.1310179 1813 THENUR 5 N H


https://doi.org/10.12677/csa.2023.1310179

B, FATE

EEZEEG DehazeNet AOD-Net GCANet

Figure 7. Comparison of fog removal effect of different algorithms

7. RRIEEEZHRILE

Table 1. Comparison of experimental results of different algorithms

1. FRIEASLWERITEL

g BREiL7n DCP #12 DehazeNet 5775 AOD-Net 5% GCANet 2 AICH L

PSNR/dB 17.28 24.54 25.64 28.79 31.37

)
SSIM 0.8007 0.8465 0.8774 0.9626 0.9876
PSNR/dB 16.36 23.11 22.78 27.62 31.02

vl
SSIM 0.8264 0.8651 0.8843 0.9379 0.9824

5. iHRASCIE

N TR BAE A SR 2 2 SRR AU R A 5L Lab (R BT CBAM {3 & LI A
Rt ASCLL CycleGAN BEALU M EERY, X hn LABE H (¥ ek ik 4756 L s ae

Xif L AR B2 FH CycleGAN 1By &t LR A, Fn PR A 2 5 55 il 48 A5 ALH AR K A Lab (%
FKk R AR CBAM 7 & 1L ) Model-A SR FH 25 25 55 il & I 4 B 8 R CBAM ¥4 & /1 HL i1 1) Model-B
FFI R 2 2 A W 4158, CBAM 7 = AipLiil B & Lab B4 2% ik £ Model-C 3 4 MEERLEAT
T

IEWTEE 8 TR, Al CycleGAN FEAYTE S LR TR A — & AR N, HE1E XS ErE
B 5IEGT T EUGEAT I I 5, AT AR IS FERE ) CycleGAN W28 AL B I (1) UG AE (38 R T
AR, ([FALFHRAAR, MIINL ZFHARES LK Lab (AR R AU CBAM JEE /1L
F6) I 248 A T A i P PR R ST ) CycleGAN WIZ% A i G AR B, 2 R0 AR s 4 — 28, BB %
JEEIMAR. FRZEE 2 R WEMEX AT LURIILE SSIM A1 PNSR W IUEUE FoRUE, A SCHEE
HEJG B SA B T e, A IR HIE B A SR G R S R
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Figure 8. Comparison chart of ablation algorithm effects

8. IHRABEMUIRIIELE

Table 2. Comparison of ablation algorithm effects

2. HREEMRILE

PEAE TR R CycleGAN Model-A Model-B Model-C
PSNR/dB 20.28 24.54 28.64 30.79
SSIM 0.8607 0.9265 0.9674 0.9826
6. £5ig

AICBE T FET CycleGAN HER ) 2 X ZMMBUR A E I BB £ Z 5%, SEEUARRE R
FAREGINGERERT MG, R EAE RN R BHAT L5 TAF. @R E R K5
Br, ASCEEERMEIR, NERAMEERZ L, CRARNIRIME L, HELRMGMZEELF. EaT b
St Ay PR P ) — SRR 5 S, B R A IXIEE, X S8 P e 0 DXSsR e A2 A | SR ) ) AL AT 1 et
(7] i 6} 25 25 BB AR A7 5 [ € R EORNAITY SRR 55 Ir) AU AT 1 it S5 R, SR X Z HA R,
ZEIEN BB BRI RAE B IHIE R, HRERA R L 4 R .
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