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I Multiscale Transforms

II Image Restoration
1 - Image Enhancement - Dynamic Range Compression
2 - Denoising

III Combination of Several Multiscale Transforms

IV  Astronomical Data Analysis



Critical Sampling                            Redundant Transforms

           Pyramidal decomposition (Burt and Adelson)
   (bi-) Orthogonal WT                                 Undecimated Wavelet Transform
   Lifting scheme construction                      Isotropic Undecimated Wavelet Transform
   Wavelet Packets                                        Complex Wavelet Transform
    Mirror Basis                                             Steerable Wavelet Transform
                                                                     Dyadic Wavelet Transform
                                                                     Nonlinear Pyramidal decomposition (Median)

 Multiscale Transforms

New Multiscale Construction

Contourlet                                               Ridgelet
Bandelet                                                  Curvelet (Several implementations)
Finite Ridgelet Transform
Platelet
(W-)Edgelet
Adaptive Wavelet



The Orthogonal Wavelet Transform (OWT)
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Reconstruction: 

Transformation
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Transform
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ISOTROPIC UNDECIMATED WAVELET TRANSFORM



Isotropic Undec. WT:
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I(k, l) = cJ ,k,l + w j,k,lj=1

J
∑



Problems related to the WT

_ 1) Edges representation:
  if the WT performs better than the FFT to 
  represent edges in an image, it is still not optimal.

_2) There is only a fixed number of directional elements
  independent of scales.

_ 3) Limitation of existing scale concepts: 
  there is no highly anisotropic elements. 



SNR = 0.1





Undecimated Wavelet Filtering (3 sigma)



Ridgelet Filtering (5sigma)



Wavelet

Curvelet

Width = Length^2

The Curvelet Transform



The Curvelet Transform for Image Denoising,  IEEE Transaction on  Image Processing, 11, 6, 2002,
   - 2D Wavelet Tranforfm
   - Local Ridgelet Transform



Continuous Ridgelet Transform

Ridgelet function:

 The function is constant along lines. Transverse to these ridges, it is a wavelet. 

Ridgelet Transform (Candes, 1998):
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The ridgelet coefficients of an object f are given by analysis 

of the Radon transform via:

€ 

Rf (a,b,θ) = Rf (θ,t)ψ( t − b
a∫ )dt



Local Ridgelet Transform

The ridgelet transform is optimal to find only lines of the size of the image.
To detect line segments, a partitioning must be introduced. The image is
decomposed into blocks, and the ridgelet transform is applied on each block.

Image

Partitioning

Ridgelet 
transform



In practice, we use overlap to avoid blocking artifacts.

The partitioning introduces a redundancy, as a pixel belongs to 4 neighbouring
blocks. 

Smooth partitioning

Image

Ridgelet
transform



Line detection by the ridgelet transform



 NEWTON/XMM Image
of the  supernovae SN1604 Ridgelet Filtering 



The Curvelet Transform

The curvelet transform opens us the possibility to analyse an image with 
different block sizes, but with a single transform.

The idea is to first decompose the image into a set of wavelet bands, and
to analyze each band by a ridgelet transform. The block size can be changed
at each scale level.

- à trous wavelet transform
-Partitionning
-ridgelet transform
      . Radon Transform
      . 1D Wavelet transform
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A trous algorithm:
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PARTITIONING





CONTRAST ENHANCEMENT

Curvelet coefficient

Modified
curvelet 
coefficient
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Contrast Enhancement
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Color Images

- R,G,B   ===>   L, U, V

- We apply the curvelet transform to the three components

- At each scale and at each position, we calculate:

 

- Coefficients correction

- Inverse curvelet transform

- L,UV to RGB€ 

e = cL
2 + cu

2 + cv
2
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Given a threshold t:
 if P > t, the coefficient could  be due to the noise.
 if P < t, the coefficient cannot be due to the noise,
and a significant coefficient is detected.

WAVELET FILTERING

Hard Thresholding:

Soft Thresholding: 

€ 

˜ y = WR[δ(WT y)]
€ 

δ(c) = c if c ≥ t
= 0 if c < t

€ 

δ(c) = sgn(c) c − t( )
+

NOISE MODELING
For a positive coefficient:

For a negative coefficient:

€ 

P = Prob(w > w j,x,y )

€ 

P = Prob(w < w j,x,y )













MULTIRESOLUTION SUPPORT

M(j,x,y) = 1   if w(j,x,y) is significant
                  0   if w(j,x,y) is not significant

ASTRONOMICAL DATA FILTERING

WE NEED TO PRESERVE THE FLUX:
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(Ws)l = (W˜ s )l



NGC2997 MULTIRESOLUTION SUPPORT







FILTERING

ROSAT  A2390
Gaussian Filtering

Wavelet Filtering



XMM (PN)  simulation  (50ks)









NOISE MODELING
For a positive coefficient: P= Prob W …w

For a negative coefficient P= Prob W „ w

Given a threshold t:
 if P > t, the coefficient could  be due to the noise.
 if P < t, the coefficient cannot be due to the noise,
and a significant coefficient is detected.

CURVELET  FILTERING

Hard Thresholding:

 

€ 

˜ y = CR[δ(CT y)]

€ 

δ(c) = c if c ≥ t
= 0 if c < t





Lena + Gaussian Noise 
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σ = 20Undecimated WTCurvelet 
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