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8 Discrete Cosine Transform
? Wavelet

1 Curvelet

! Contourlet

12 Wedgelet

1 Bandlet

' Steerable Pyramid

15 Soft computing
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! Trained filter

2 Bilateral

? Anisotropic

* Over smoothing
5 Basis function

® Data adaptive

7 Clustering-based sparse representation
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5 Artifact
% Short Time Fourier Transform
7 Singularity

8 Shift invariance
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! Universal threshold

% Sub-band adaptive

® Stein Unbiased Risk Estimator
* Spatially adaptive
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> Ridgelete
¢ Directional filter bank
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! Decimation
% Undecimated wavelet transform
® Dual-Tree Complex Wavelet Transform

* Undecimated dual-tree complex wavelet transform
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! Non-sampled contourlet transform
? Shearlet

* Quaternion Wavelet Transform
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! Maximum Likelihood

2 Maximum a posteriori

? Expectation-Maximization
4 Expectation

> Maximization

% Local



Ll mslie 5 (55T (slgdobe Sl ool b ook 0 5 s Sl o9l 1o 2S5l s o ol (5000

S g

Al S
ol s balides S 4
S g a

S

0l (615 g0 STy e
055 S5
WS ler Sr s

Lo

S5 o)

A

A

Ty

Y S b
& w’:l:: e JLT;;-\
LS SNE w2
Y bl 2l 8 A sl i)

T PPITRNE DS o5

Llises g€ 555 bslses
BKF
BKF byl
b

A

A

A

w3l pens sS
S

3 S

o - stable

oleiy J&x w5

$astss (pedS
ML
MAP
EM

43 20

MAP Li et

MMSE

A

— s bl
I b

A

Jord 039 53 5oLl (gl duke s oo 90 S (Lo B 03 s (s1a Al 20 S



S LBl L5 a5 Sorse ol s [T 0] &0
Sheslinad b 55 dde sla bl 5 odd e (W30Y b glies
03 2 ) 5 Bloddd 635 eed o ) 4 EM o, S
Sl oS sy ol sl € 8 ) g0 s S e k3 0)
Lap— odd o3l MAP slns 51 s 05 2l (003
OBy [A¥] (0> <l odd odl Mix-ShrinkL
Jeis o35 53 alpd 035 ke ol s S35 ) i S
& Sl el b colps b ) a 50 8 Lo S &1 ST 5
o35 MAP jlas 3l eslisd b 5 NIG® oty Jlezl JEs
e Joes 5 (555088 oy o 4 e (e eyl L led o3
C)Lo\ Cgr sl S (.;:Ujii\ eaea 5 Ll edd 63
ol w8 S s kel 3 g g ST o 53 S 0y
Lol gz pm o 03 g wby sy [40] w2
S sl b 5 ows g0 4 30Y JE w6 5 eslind
ool SOILMAP 35, il .ol 0 033 Spradd MAP HLns
=B olse & NIG J&s mb [47] a2y 53 ol 0dd
2 25 @ 3 0dd o3linel MAP las 3 ol i S
oo QUL b i Jods S )ler Sarpe o o)
B P CRCI YOV NV PCH J FRRCI PR SUISUI -
5 odd o ksl QING hgy ool ) odd aeasloes (55128 2,5
[AA] gz 3L (o 2@ [4V] BM3D 25, 5l ol (2L
e O 53 &8 il o [4+] LAWMAP Jis @il 35
Jie 0 Glp S el O Sobyls b sl o Srge ol
S 3Ol 2 s el es @ S s A6 LS
(255 aw OB 5 [44] gz p0 53 3L o 2 LAWMAP
@i 03 1y Y bylsee 5 BKF bylsee (sl bslins
oS S V] NS Lalides S go NS Sr o
3 MAP sbaslons Sl oslinad b g [V o o] Vet e [V
Sledsy Lles S awslas syllbl  slas gl MMSE
«LapMixShrinkLMAP «GaussMixShrinkL
5 BKMixShrinkLMAP. LapMixShrinkLMMSE
@ Bhd awlie KU LBKMixShrinklL MMSE
sl mis sk slas Gly dase Ol (Gluand
slad ¢l s GaussMixShrinkL s LapMixShrinkLMMSE
(255 ks 52 2LIS LapMixShrinkLMAP w555 § 5k &
55 BKMixShrinkLMMSE s BKMixShrinkLMAP (sla
Lol Jhsl S J= 53 Lyl Ko sla w5 4 s 2L
23 3 MAP [las ol g C)J"“” 03 ezmad sl Jesle

5 Normal Inverse Gaussian

% Cycle Spinning

7 Discrete Wavelet Transform

8 Discrete Complex Wavelet Transform
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