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<E 1> 2} ¢a2)E0f ch3 PSNR [dB] HIR

Image | noise level | GXSLAWML BayesShrink Propose
2
02 =100 3413 3332 34.72
lena 5
T, =400 30.46 30.17 31.26
2
o210 3254 30.86 32.67
babara 9
0y =400 28.43 2713 28.59
2
o210 32.24 3224 3238
boat 5
O =400 28.50 28.14
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(c) BayesShrink (PSNR : 30.17) (d) Propose (PSNR : 31.26)
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