2021 sh=aka-n|cjo]2als] slAsheTg]

A4 ofelid o]g3t AHDR mo] A% 7t
gy
A EUehil o]0 EAZEA LA

ysj624637@ispl.snu.ac.kr

o
iy

oj28  myel

Performance Evaluation of AHDR Model using Channel Attention

Youn, Seok Jun Lee, Keuntek Cho, Nam Ik

Seoul National University Institute of New Media and Communication

QoF
& =zXt 7IE AHDRNeto] channel attention 7|H-Z A-8312 T 5ol omst e} Ql=AlE F7I6Idnt. 7]
Z oo} wigh ojo] Zxsk= DRDB(Dilated Residual Dense Block) Ato], 22| DRDB Ui9] &4l iy 2olo]
(dilated convolutional layer) Fofl Ett2 g 2ololg F7I5ke WAIC® channel attention 7]HZ A-&5ITh
glo]gAlS  Kalantari®] GJo]gAlS AR85Hgion], PSNR(Peak Signal-to-Noise Ratio)2 B|usijE ZAut 7]E9]
AHDRNet©] PSNRS 42.16560]0, A|otel @alo] PSNRLS 4281352 T =o}xl g stolsieict.

1. A& oj2te] visual system AR o2 QI7tO] A|Z} 7]ko] H]
AR of|A] BHALES =o]7] 95 WS L7} RIsHg] ol dynamic range’t 520, o] xto]= Qs L7} 7ujet
o, E3], A& AIZIHDNN, Deep Neural Nerwork)o] & 2 A3 A2 B2 o o A B0l S/ARIAY
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