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H 55 BN, R IA PA IR R AL FRBOR 3G AT E
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PEEE R =AM ZR4E (outdoor training set, OTS) F1=E P4 i
254 (indoor training set, ITS) 2% [ AL il HL 2000 X Fe %}
UG TH BB SR, thst, & MARARTE R SEA 5 BIR
(unannotated realistic hazy images, URHI) Z{#ig & K HL3h
B 2000 5k A F EGHT T M B 70 SR, DUEEA ST
I E R -
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AN 500 5K Z N HIA 55 BUE S H0 8L TE 55 3 R 1
DENSE-HAZE #4558 ) 1 55 5K 5052 1A 55 5 HxT R 1
T R AL

22 TR E

AL HE T PyTorch AE 4%, 7E Ubuntu £ 358 T F H Nvidia
RTX3090 GPU #E4T IR 25 SR Adam T0ALSHEATAR
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BEXS AN 3 BRI A R, K AR BN T W5 2 R/
4256 px X256 px HIEMGHAE A ML %N, batch size K/
wEA 4.
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PPN R 22 55 I ME e, AR H T R 2 5 40
WH YRR AEAR, OFR S M AT IME R4 (structural similarity
index, SSIM) F % i 15 M Eb (peak signal-to-noise ratio,
PSNR) % 5B 48 Rk A7 ¥

AR SCHG BT R 1) 2 55 0 5 Ot b g 1) 2 55 0,
£ #5 Cycle-Dehaze. DA Dehaze. RefineDNet™. D4 LI K&
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A B4 11 SSIM AT PSNR f845. Hih, o4 A
bR 3 R =R, I AE R
W ASCHR I BAAE & AR B 4R BRI 7, TR R
FE7E Outdoor #i 44 1=, H: SSIM Fl PSNR 43 3liE %] T 0.942
F126.72dB, %G HAh /%, 7E Indoor I DENSE-HAZE
AR b, ABERFEARIT BHArih k5 s R, KPR
DENSE-HAZE ##li 5 R IR i, SSIM 4 0.512, PSNR
9 14.89 dB, UERA T ARBETE AN IRV 55 1) e b IR S A 1

2024 555 12 H ﬂ



:
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transactions on image processing, 2015,
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