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Rudin-Osher-Fatemi(TV)

 for a given noisy image *I

2true image : [0,1],  gaussian white noise I R  

*( ) ( ) ( ),  ( , )I p I p p p x y   

L.I. Rudin, S. Osher, and E. Fatemi, “Nonlinear total variation based noise removal algorithms,” Physica D, Vol. 60, pp. 

259–268, 1992.
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Rudin-Osher-Fatemi(TV)

 using Lagrange multiplier
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Rudin-Osher-Fatemi(TV)

 Property

 preserve locations of discontinuities of data

 dislocate locations of discontinuities of data gradient
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Lysaker-Lundervold-Tai

 using fourth-order partial differential equation

1
2

*2
1 1 2 2min ( ( ) ( ) ( ) ( ))

2I
I I I I I I


 
          

M. Lysaker, A. Lundervold, and X.-C. Tai. Noise Removal Using Fourth-Order Partial Differential Equation with 

Applications to Medical Magnetic Resonance Images in Space and Time. IEEE Transactions on Image Processing, 

12(12):1579–1590, 2003.
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Lysaker-Osher-Tai

 using smoothed normals
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Lysaker, M., Osher, S., Tai, X.C.: Noise removal using smoothed normals and surface fitting. IEEE Trans. Image 

Processing 13(10) (2004) 1345–1357
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Tai-Osher-Holm (TV-Stokes)

 incompressibility condition

2 1( , ) 0tt I I I t     

S. Osher X.-C. Tai and R. Holm. Image Inpainting using a TV-Stokes Equation. ”Image Processing based on partial 

differential equations” Tai, Lie, Chan and Osher eds; Springer., pages 3–22, 2007.
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For a given image I, the tangential vectors to the level curves of the image satisfies 

the incompressibility condition.



Image Denoising
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Image Denoising & Inpainting
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R : Inpainting Domain
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Image Inpainting
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R : Inpainting Domain

E : Extended Inpainting Domain
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Image Inpainting
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Tai-Borok-Hahn (Orientation-Matching)

 incompressibility condition

2 1( , ) 0tt I I I t     

Xue-Cheng Tai1, Sofia Borok, and Jooyoung Hahn, Image denoising using TV-Stokes equation with an orientation-

matching minimization, 2009
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Litvinov-Raham-Tai

 there exist an image g such that

 the image f preserves discontinuities of images as the ROF model does

 the image g preserves discontinuities of image gradient and recovers 

smooth features of image surfaces as LLT model does 

g n 
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Algorithm for Image Denoising
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tvreg by getreuer@gmail.com

 variational imaging methods for denoising, deconvolution, inpainting, and 

segmentation

http://www.math.ucla.edu/~getreuer/

\
min ( ) ( ( ), ( ))

Du
u x dx F Ku x f x dx

 
  
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 variational imaging methods for denoising, deconvolution, inpainting, and 

segmentation

 Denoising

 Deblurring

 Inpainting

http://www.math.ucla.edu/~getreuer/

\
min ( ) ( ( ), ( ))

Du
u x dx F Ku x f x dx

 
  

 ( :Gaussian noise) =f u D   

 ( :blur operator) =f Ku K D  

2( ( ) ( )) / 2 Gaussian noise
( ( ), ( ))

( ) ( ) Laplacian noise

Ku x f x
F Ku x f x

Ku x f x

 
 


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 ( :Gaussian noise) f u D    
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 solution with split bregman

http://www.math.ucla.edu/~getreuer/

\, ,
min ( ) ( ( ), ( ))

Dd z u
d x dx F z x f x dx

 
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 d subproblem with z and u fixed
2

1
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u x b x
d x u x b x

u x b x 

 
   
 

Amir Beck and Marc Teboulle,  A Fast Iterative Shrinkage-Thresholding Algorithm for Linear Inverse Problems, 

SIAM J. IMAGING SCIENCES, Vol. 2, No. 1, pp. 183–202, 2009
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Amir Beck and Marc Teboulle,  A Fast Iterative Shrinkage-Thresholding Algorithm for Linear Inverse Problems, 

SIAM J. IMAGING SCIENCES, Vol. 2, No. 1, pp. 183–202, 2009
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 z subproblem with d and u fixed

 for Gaussian noise

 for Laplacian noise

 for Poisson model

 inpainting domain D

22
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 u subproblem with d and z fixed

 For denoising and inpainting, K is identity

 For general K

2 21 2
1 2 22

min
2 2u

u d b Ku z b
 

     

Amir Beck and Marc Teboulle,  A Fast Iterative Shrinkage-Thresholding Algorithm for Linear Inverse Problems, 

SIAM J. IMAGING SCIENCES, Vol. 2, No. 1, pp. 183–202, 2009

2 2
12

1 1

( ) ( )u u z b div d b
 

 
    

2 2
12

1 1

( * ) *( ) ( ) where *  is the adjoint of K K u K z b div d b K K
 

 
    
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Regularizers
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 Convex Regularizers

 regularizer : it is convex, lower semi-continuous and proper

 denoising function 

21
( ) ( )

2
f x x y x   

: 

( ) arg min ( )
x

y f x 



Regularizers
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 1-Homogeneous Regularizers

 positively homogeneous of degree 1 :                        for all 

 regularizer : it is convex, lower semi-continuous, proper, and 

phd-1

 denoising function 

21
( ) ( )

2
f x x y x   

: 

( ) ( )Cy y P y   

( ) ( )x x    0 



Regularizers
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 Total Variation

 Isotropic

 Nonisotropic

 Horizontal and vertical first-order local difference operators

2 2( ) ( ) ( )h v

iTV i i

i

x x x    

( ) h v

niTV i i

i

x x x    



Regularizers
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 Weighted lp norm

 The pth Power of a Weighted lp Norm

 Compressive sensing :  k-sparse solution

1/

,
( )p
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p
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i ip wl
i

x x w x
 

    
 
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p pp

i ip wl
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x x w x  

 
00

( ) # : 0ill
x x i x   



Exemplar-Based Inpainting
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Criminisi, P. Perez, K. Toyama.  Region filling and object removal by exemplar-based inpainting.  

In 2004 IEEE Transactions on Image Processing 9 1200-1212
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Criminisi, P. Perez, K. Toyama.  Region filling and object removal by exemplar-based inpainting.  

In 2004 IEEE Transactions on Image Processing 9 1200-1212



Applications
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 Clearer Vision http://www.lyyn.com/

Alps_from_air2.mov
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 Multiple View Geometry

 http://www.cs.unc.edu/~marc/

 http://www.cs.unc.edu/~marc/mvg/slides.html

http://www.cs.unc.edu/~marc/
http://www.cs.unc.edu/~marc/
http://www.cs.unc.edu/~marc/mvg/slides.html
3Dfrom2Dvideo.flv
medusa.dv

