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problem, this paper designed a GAN network incorporating dark channel prior loss to defogging single image. This

prior loss can influence the model prediction results in network training and correct the sparsity and skewness of

the dark channel feature map. At the same time, it can definitely improve the actual defogging effect and prevent

the model from over-fitting problem. In addition, in order to solve the problem that the extraction method of
traditional dark channel feature has non-convex function and is difficult to be embedded into network training, this
paper introduces a new extraction strategy which compresses pixel values instead of minimum filtering. The

implementation function of this strategy is a convex function, which is conducive to embedded network training and

enhances the overall robustness of the algorithm. Moreover, this strategy does not need to set a fixed scale to

extract the dark channel feature map, and has good adaptability to images with different resolutions. Experimental

results show that the proposed algorithm performs better on real images and synthetic test-sets like SOTS when

compared with other sota algorithms.

Keywords: generative adversarial network; prior loss; sparsity; skewness

1 8] B

TERAAE S, ShRE T 290/ NIRY)
IXLEAH/NIRL ) 23 B0 A AT ST RS, SR
JEIEF RS, SUEYIRE MA@ . X
FE LAY, SRR RERMEGZ R EH N, SR
i, FEFIFALE R BhREREY . Birak" F
BRRY SH 2 RmPUT S, MEGREARENTR .
PRI TE A T AT 55 20, AT P R L 25 LR TS
e B RS T B E L

FIXT RS X5, NN 25580 Kt
5o TERIEEGRLEEHFRNWIRI B, L5 By
SRR LI 255, R T A T Y A A
. FIH Retinex Hlig %10 4, (Hik s k=
PEERIEE 5, KRR 1999 45,
Narasimhan'™ M4 5 (G HUEE R 1 3 B EMGGR 1L 1o 4
PRAEAY, BRI A

1(x,y) = J(x,»)i(x,y) + AL - 1(x,y)) , (1)
Hrr: 1(xy), J(xy), 1(x,y), AZ3 5 iR A s i fE 25
1§, WG . BIAGERE AR RS0, EEARR
¥orie s, BAAE 5 o) BE U 1(x,y) =
e e - Hhd (e, y) A EREE , T BRI G i R AR
ATLAE RS, fEpEEG s T, FaRsAfh e
HIBIEENRI (x,y) o TEIXFERVIEOLT R FIZA A 2555
BN ERAE . DR, TR s
(e s BoRSE .

2011 4F, He™ 4 AR BUAEBA KA 1 1 W B 45
RS N EE A SRR ERIML, E R
F 0. HFX KM, AT KB (dark
channel prior, DCP) Jf-FIFH RKSBURBAI ST T L% .

T i RRRE R, Wb s AT ], He 5§
AT 2013 SR80 T 51 Uk P AR I i A B 2 i
WiTR BT, BUS T Rk, WA, Meng”
HNIRZE TR AL B A A2, 2
i B K B SCIE B SRS (boundary constraint
and contextual regularization, BCCR), fhfl]H] X —
Sel LA S A R A B SE I T A 55 . 2015 4R,
Zhu" NI IR E RS, B E 552
FRLRNRE Z 22 BOEAHDG, A PRI — e B g
B3 Il /55 (color attenuation prior, CAP), F-#&1t
AW A ) TS THE SR R R AR, RS
T E%, 2020 4F, Wang"" 2 AL S E LR
KA T EHR 55

fE FREE TR E R LAY, Wl E e
BRI T AR SO A A T B R 2 55 10 5
T, ABIXF fA BAE RN 2555 T i AR — &R [R)
B—, IRARH IR 2 () 2k 25 R BUR A L %5 IR
FIEN SR, B, BSRAETER S K s A A
FrA B m A S M A R Xk, AR EERIGE Rk
B, R T oG R R A A SR 22 (4 R E, Zhao!”
FENT 2019 R4 —Fh 22 RUEE Rl B AR AR e 348 i
R IE 23 St 2020 4F, Yan'™ % AET
T /MU IR A% R, (TS R SR IR T AR R A ik
RS AT READ G | AGh 205 BBRER o Sl T AR R 2 ik
ST, Wang!™ % AHEth R L A
K MBAMERA BRI . AU, FETFREREEn
EERFBANKAEN LR, BT THE B k. (H2,
XA AR R AR 5 R ARUE RSO, Rl
HA—Em R R

WIUAE, BREE PR 2 1)t B TG IS 2

210448-2


https://doi.org/10.12086/oee.2022.210448

TR, 45 S TR, 2022, 49(7): 210448

https://doi.org/10.12086/0ee.2022.210448

REFAT S5 it TR ok TR, e 7 RIEEIR L5
BAYPEHE L . Ren'™ 28 A$EHFIFHMZ (convolutional
neural network, CNN) 2% 1755 L vh ) A=Al 1T LA
FAMEAL IR . Cai % N T —Fopr B 45 T
FRIBURFIERAAL,—SL e 005 DAY S, Rl nA T 22
ROBE BB At . Lt 45 NG i A AR
BERURIBA A THL S I 5 R A0, SE8 T “u 21 i
555, IRk s F 5 SR A BB E A2 ST 1
PR S B G AR Z [ T E R DG &R
ARG BRATR A R SRR SE B, A%
ST 5 ARS8 A T SCBLEIE
(o RN 2555, Ren™ S8 AT T —Fl 145 M 45 5k
fil G — SR OC Y RRE MR, B SEl T K% . 2014
4F, Goodfellow " # H Az bl XF HT M 45 (generative
adversarial network, GAN) A, JEFx—EAH, Li™
NI T —Fp &4 GAN W%, S5IA T XHridk .
Ltk o BRI ok AF 25 UG r i A 17 i 1A o
Deniz”"! %5 Al FAG IR X B M 2% CycleGAN™ gE47 3|
S5, G OB A AR

b IRTE T A UG I £ 1 2 B SR AR T 1 2458
PR, B8 755 i TR g T 45 SR X AR AR B
FERIA . FETFXRERY I, Li™Y 45 A 51 AR 18 e
Wik, kT —Fh 4 GAN 4%, —ERERE [ itk
TR EERLA A I, E A BT I 8 S e R
AR, A RE B AR BGS BRAR R -
e /ME UE B A AR R, Tk S A PR E U B A
fiE 1 Alona™ S AR T —Fh MR 9 2555 07k,
HRA AR P A AL B T Pk pR R, (ER 7 B Y
By B 45 1 I 25 DASRAS TR 4 Ay R o o

5 EREARR], ASCE e R/ IME IS A AL
1R EAR L™, R I 18 T8 FRAE 0 fee /M g
RGO GRS B H S T AR R s M R i . —
J7 T MARAS | e 1 I T SR A pR AR T Y R] i,
TR W B S I I AN Gl o mT g 5 — 7
T, %7 RN B ] RRE B8 I T R R
P TR R ES R, Ok, A SRR
XPUH . LA . BRI 2 5ok AE T M AR AL
Yx, PREMEFHOR, EET MG REAE I A B
PELA AR BEPERT, F8E T — M3 A2 SR 4
PRAC, T2 S0 R A G R . SRR
TR TECRR P B A % R Rl P e R e A P 2
i, XTHUNES R AR, ke T SRR AR

A

SR, ARSCREMCT LU = A TR AR
THEA ) 155550 -

D) SIA T f/ MBS UG R A e, R
PR IR A ST IR S A RGN SR T i, s
TR ) R R 38 1 1

2) 308 3k Ay SR R PR 1 L Rl R v I
AL T 0 5300 3 S A 2 PR

3) FEALSE 1Y GAN W45 KL HELL i A T I 3
e, W TR REAR EAA L BE RS, AR
BT RERCR

2 tAxEE

2.1 £

W — B IE] Az RO P 28 k3 ks iy FH T Pl {5k
=R ISR ISR i =1 L iy ey ]
B TAMERIRCR . AR P 48 A HESE =245 —
AR B G UL S — SR 28D, A iLA% X 4%
S SRR AT REZR B LS G 32 D i K PR B b S
R PR e T P2 PIE e B DR == f P e = e
28PN A EAEAS 5 ELAREAR A DX, ATATER B A Bl A
W& i He S AE T, L EAR Y N 28 HE SR I Al 1
i

Hrp i 2R B A I 8 GTEH ) 4 W 2% DY) 45 3 F B
B SEL, AR R A S B BLSCRE AR
Bl orAn, HHARRECT DL IR A

G" = min DIV(pauas Po) » (2)

Hop: GUEREME SRS 73T paw 5 £ U KR
IM peZ [EIRIEES o A 1 A e LSRR O3 A 5 A iU
e oA Z AR RE RS, FIl e R 28 Y H bR ek gioe SCh
D= mla)lx[Eprm(x) [log D(x)]
+E pollog(l —D())]], 3)
Horp: DRERERIAHEF AR, ENECA I,
E.py.ollog D) F 5 BLSBUHIE (label = 1) FIHE
A, Erpyollog(l = DO RS FUNAEE (label = 0)
MR . T, Az A 45 (4 B A oA T 9 B a2
S
G = rnGin mglx{ [E . puuo[log D(x)]
+ E\pyiollog(1 = DO} - 4)

e, MRS LR F AR R BE I 2 S8 SR A
J R 2 5 R I 25 2R, (AR PTE e R ik

210448-3


https://doi.org/10.12086/oee.2022.210448

TR, 25 GHL TR, 2022, 49(7): 210448

https://doi.org/10.12086/0ee.2022.210448

Sample
B

D Label=1

I Generator Generated
fake
samples
Update
Noise
B 1 st xR MEGIER

Fig. 1 Framework of adversarial generation network
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Fig. 2 Dark channel feature comparison.
(a) Original images; (b) Dark channel feature
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Fig. 3 Dark channel feature intensity distribution.
(a) Intensity distribution; (b) Average intensity distribution of 5000 images
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T 45 4 1L A 10 45 SR a5 LA e TR AR 5

%3 &JikfE SOTS MK LA HSTS MR LA R B R Loy 4R
Table 3 Quantitative results of each algorithm on SOTS test-set & synthetic images of HSTS test-set

itk HSTS SOTS-outdoor SOTS-indoor
RIS PSNR SSIM PSNR SSIM PSNR SSIM
DCP" 17.22 0.80 17.56 0.82 20.15 0.87
BCCR" 15.09 0.74 15.49 0.78 16.88 0.79
CAP!" 21.54 0.87 22.30 0.91 19.05 0.84
MSCNN'™ 18.29 0.84 19.56 0.86 17.11 0.81
D-Net" 24.49 0.92 22.72 0.86 21.14 0.85
AOD-Net"” 21.58 0.92 21.34 0.92 19.38 0.85
GFN'™ 22.94 0.87 21.49 0.84 22.32 0.88
DEnergy*” 24.44 0.93 24.08 0.93 19.25 0.83
ARSI 25.35 0.96 2517 0.96 23.70 0.82
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e, g rim sl Ak Zorik, mw
SR T AR5 AR L0 22 [ )4 2 ok BT I 45 2
B, HUNGSRAT FRFEARBEEN —RZ 5. W
LS 2 RO 25 5 SR AR B R AT, T2
TEPREERE S . BT M M55 B e M
K grd i, B G IR B B 11 45 S 508 B
DABIESRAS A A S5 F 5 4077 . s ik I 2 it AL
AR, 2 L PP A R R IRRE . 5 AW
RO AN, AR SCEPGE L I B AT
PARAGEAE B MG AT RSO S540 S5 8OAnT , 8
1o I T S B I PR E A AR A P A5 7 B 3 TR 1
HATEWIENR, A RO SRR A B A
PETFE RPN R bR

AR, BT RRIE AR B LR 1 555 R R B &
J&, RERURAWHET, AT P RIA AN
e, 5256 X 4 B CycleGAN™? | SM-Net™,
RefineDNet™ = Fft i i 450 78 - 75 5 P 3 5L i 4 D-
HAZY"™ | B54r $ER ASE HazeRDM! Fl L 5247 25 ]
154 BeDDE (1315 208 4™ HLSA7 55 MG A L 11
BN ER) LA ese s, 51 vsI™ L vt &
RI™ fr s Bk A Rk, BREE RN 4 s

B, WNENGRIEALSE D-HAZY Eordr, A&
SCHEA PSNR B SSIM 865 85 T CycleGAN™
F1 SM-Net™ W Fp gkt A AL, RefineDNet"™ #5551 B 15
T HLF) PSNR M SSIM 645, 43l iy Hh A SCAR
0.05 F1 0.01, {HJZIX M55 A9 25 B 2455 B

A RefineDNet™ 570 ffi Ff] 25 P 3 St 5040 4 1TS (1 42
HREARMATINGR, — e R TR N
PRI R

HK, MESHERIASE HazeRD Fofr, AL
B B TE BTN P bR W T DCP Y ATk
BfE B EEHE, BT MSCNN™ | D-Net'” D) &
GFN"" =R TR i 22 ] 9 £ 5 B9k . AOD-Net!”
DA CycleGAN™ 7 i 43 HER RIS 2225 7 T BUAS T OF
U E BPEM IR bR , (A SCR IR S A1 22 A K,

T, MBS EIZ A4 BeDDE L4 #r,
AR SCR LA TG b LSBT T s AR, FE
& VSLIGRHR, 7EEAEhHER S —, Xl A
SCRRAANAE ST LS5 v BE 7 T HLA DB, dnT LA
Aok MR R A R

4.4 FEEFH

R T E LM R A SRR A RE, [4] S Je
T AREEZ BT SOTS, HSTS, D-HAZY %454
IR e PSSR 18] 6 R T AR RS AR H
FAr5 EUR B E LS R, A Bt BREH AN A s
BRI R, ASCREA A AL IEE R, Arha]
LI i, DCP" 5 BCCR"™ SIL7E AR 23 X Il it
BT HAR A R G ;. CAP! Bk gl A B T
KA, HRLEEMERZIEWRERm, L%
ZERAWE ., MSCNN", D-Net'”, AOD-Net''” 253k
T ) IR AR R Y 2355 BUA TR AL LS SR A 55 Bk
B o GFN'™ B3k i A B A5 B LU T, (H 3 A
T—ERE F O RmFE. CycleGANT 344k iy 4b i
BRI HA KRB, SM-Net”™, RefineDNet"”
TEEIGBARE A A FRRCR AN, SRR Z . XTI
BT PRI S5 5 AR S5 . A0 TS, [ASE
PRy R PEREAE, FHIRERZ . MILZT, A

% 4 BHik%E D-HAZY. HazeRD v % BeDDE MiX & Foy T 4%
Table 4 Quantitative results of each algorithm on D-HAZY & HazeRD & BeDDE test-set

Kl e D-HAZY HazeRD BeDDE

W TE bR PSNR SSIM PSNR SSIM &l VI RI
DCP" 15.09 0.83 14.01 0.39 0.946 0.911 0.965
MSCNN!™ 13.57 0.80 15.58 0.42 0.947 0.892 0.972
D-Net"” 13.76 0.81 15.53 0.41 0.952 0.890 0.972
AOD-Net"” 13.13 0.79 15.63 0.45 0.954 0.896 0.970
CycleGAN® 13.55 0.77 15.64 0.44 0.942 0.866 0.961
RefineDNet™” 15.44 0.83 15.61 0.43 0.960 0.907 0.971
SM-Net?™” 15.32 0.81 15.55 0.40 0.961 0.899 0.969
ARSI 15.39 0.82 15.59 0.44 0.967 0.899 0.967
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Fig. 5 Qualitative comparison on synthetic images
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Fig. 6 Qualitative comparison on real hazy images
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BRS8N 25 b B LB
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Table 5 Quantitative results of the control groups & proposed algorithm on real images of HSTS test-set

Pic1 Pic2 Pic3 Pic4 Pic5 Pic6 Pic7 Pic8 Pic9 Pic10

e 0.0162 -0.0506 0.0868 0.1629 0.3869 0.3391 0.6262 1.0014 0.9579 0.0160

X REZ A r 1.0100 1.0435 1.1291 1.0450 1.6743 1.4286 1.4641 1.4606 1.8278 1.0928
p 0.0000 0.0000 0 0.0019 0 0.0002 0 0.0002 0.0003 0.0000

e 0.3360 0.6421 0.2709 0.0774 0.3833 0.4338 0.7845 1.8348 0.6207 0.4650

XJHRZH2 r 1.4605 1.4222 1.2640 1.2047 1.6926 1.4382 1.3379 1.5126 1.6021 1.1351
p 0.0102 0.1155 0.0001 0.0081 0 0.0072 0.0002 0.0081 0.0016 0.0286

e 0.3534 0.6061 0.8870 0.1232 0.4504 0.6265 1.2378 2.0714 1.1443 0.5197

ARSI r 1.6284 1.5576 1.6631 1.3572 2.1599 1.6863 1.5793 1.7814 1.9561 1.3026
p 0.0082 0.1015 0.0001 0.0020 0 0.0079 0.0011 0.0108 0.0013 0.0153

HSTS

SOTS-indoor

SOTS-outdoor
0 5 10
m X4 SSIM

15 20 25 30

AR SSIM m 4T HE4] PSNR m A3 3 PSNR
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Fig. 7 Quantitative comparison with control group on SOTS test-set & synthetic images of HSTS test-set
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Fig. 8 Qualitative comparison with control groups on real images of HSTS test-set
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Fig. 9 Quantitative comparison with control group on real hazy images of HSTS test-set

A 6 HFikf SOTS MK 4E EeyE 47 E (AT1A)/s)
Table 6 Run time of each algorithm on SOTS test-set

DCP CAP™ MSCNN" D-Net"” AOD-Net!"” GFN'" CycleGAN® AR
Device CPU CPU GPU CPU GPU GPU GPU GPU
Run time 1.74 0.72 3.41 3.33 0.56 6.10 2.96 1.37

D-Net'" 50957 CPU I 52 %t SOTS MIKAEMALFE,  @2.80GHz 2.81GHz,

i MSCNN"" | AOD-Net'"”| CycleGAN™ GFN!"" 2) GPU: Nvidia GeForce GTX 1060 6GB CUDA
PIRASCR AR GPU _F5ER, T ELAARRL Sy 1280,
1) CPU: Intel(R) Core(TM) i5-8400 CPU CAP" 1325 THRILAMEE 22 . AOD-Net'”! 1435
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A generative adversarial network incorporating
dark channel prior loss used for
single image defogging
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Framework of the proposed algorithm

Overview: In the atmospheric environment, there are many fine particles in the air, which will lead to the absorption
or refraction of light and affect the normal radiation of light. In this case, the color, contrast, saturation and detail of the
image captured by the camera are often seriously affected. At present, computer vision needs to realize many high-level
tasks such as pedestrian recognition, automatic driving, air navigation, remote sensing and telemetry, and these high-
level tasks have a high demand for image quality. Therefore, it is of great significance to carry out single image defogging
to obtain higher quality images before performing high-level tasks. In recent years, single image defogging using
generative adversarial networks(GAN) has become a hot research aspect. However, the traditional GAN algorithms rely
on annotated datasets, which is easy to cause over-fitting of ground truth, and usually performs not well on natural
images. To solve this problem, this paper designed a GAN network incorporating dark channel prior loss to defogging
single image. This prior loss can influence the model prediction results in network training and correct the sparsity and
skewness of the dark channel feature map. At the same time, it can definitely improve the actual defogging effect and
prevent the model from over-fitting problem. In addition, this paper introduced a new method to obtain dark channel
feature map, which compresses pixel values instead of minimum filtering. This method does not need to set fixed scale
to extract dark channel feature map, and has good adaptability to images with different resolutions. Moreover, the
implementation function of this method is a convex function, which is conducive to embedded network training and
enhances the overall robustness of the algorithm. The proposed algorithm is quantitatively analyzed in the
comprehensive test set SOTS and the mixed subjective test set HSTS. The peak signal-to-noise ratio (PSNR), structural
similarity SSIM and BCEA Metrics are used as the final evaluation indexes. The final result shows that our algorithm can
raise PSNR up to 25.35 and raise SSIM up to 0.96 on HSTS test sets. While it comes to SOTS test sets, our method
achieves the result of 24.44 PSNR and 0.89 SSIM. When we use BCEA metrics to evaluate our algorithm, we achieve the
result of 0.8010 ¢,1.6672 r and 0.0123 p. In summary, Experimental results show that the proposed algorithm performs
well on real images and synthetic test sets compared with other advanced algorithms.

Cheng D Q, You Y Y, Kou Q Q, et al. A generative adversarial network incorporating dark channel prior loss used for
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