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I N F O R M A T I KIntr oduction : Moti vation
Motivation

� Repairingdamagedimages
� scratchesonpicturesor old �lms

� Fill in missingpartof images
� Imagessynthesizedby IBR, etc.

� Deleteunwantedobjectsonanimage
� subtitles,logos,microphones,...
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I N F O R M A T I KIntr o: Repairing damages
Repairingdamagedimages

� scratchesonpicturesor old �lms

Photofrom :
“ImageInpainting,”
M. Bertalmìo,etal.,
SIGGRAPH2000.

http://www.ece.umn.edu/users/marcelo/restoration.html
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I N F O R M A T I KIntr o: Fill-in hole
Fill in missingpartof images

� Imagessynthesizedby IBR, etc.

White triangles:
� occlusions
� registration

errors
� etc..
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I N F O R M A T I KIntr o : Deleteobjects
Deleteunwantedobjectsonanimage

� subtitles,logos,microphones,...
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I N F O R M A T I KDamagedpixels
Whataredamagedpixels?/ How to detectthem?

� Imagesequences: Assumingtemporalcoherence
� 3D Templatematching,3DMMF (3D

multi-level median�lter), 3D autoregressive
model(A.C.Kokaram,etal., “Detectionof Missing
Data in ImageSequences,” 1995)

� Oneimage: Hardto say
� Unwantedobjectcannotbedetected

automatically

� Here,weshouldmanuallyspecifyrestoration
area
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I N F O R M A T I KImageRestoration
� SolvingPDE:

� diffusesintensityfrom boundarypixels
� cankeepsmoothnessof image
� cannot reconstructdetails

� Texturesynthesis:
� searchessimilarpatternsandarrangesthem
� canreconstructdetails
� cannot reconstructsmoothnessof image

Question
Canwecombinebothadvantageswithoutinclud-
ing disadvantages?
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I N F O R M A T I KPDE method
� Anisotropicdiffusion

� M. Bertalmìo,etal., ªImage Inpaintingº,
SIGGRAPH2000

� Isotropicdiffusion
� M. M. Oliveria, etal., ªFastDigital Image

Inpainting,º VIIP 2001
� Interpolatingheight�eld with bicubicB-spline

surface

+

Assumingimageheight�eld continuity
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I N F O R M A T I KPDE method : Example (1)
Input Image
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MaskImage
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Imagewith Mask
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FastDigital ImageInpainting: Gaussiandiffusion
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I N F O R M A T I KPDE method : Example (2)
Input Image
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I N F O R M A T I KPDE method : Hard case
Input Image
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I N F O R M A T I KPDE method : Pros& Cons
PDEbasedmethods

� Advantages:

� Keepingboundaryconditions
� Keepinginsidearea'scontinuity

� Disadvantages:
� Toomuchsmoothinginsidethemaskedarea
� High frequency componentis hardto

reconstruct
! Anisotropic diffusion tries to recon-

struct high frequency part, but it is
limited
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I N F O R M A T I KTexturesynthesis(1)
Whatis a texture?
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I N F O R M A T I KTexturesynthesis(1)
Whatis a texture?

Texture:An imagethatexhibitsspatialhomogeneity
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I N F O R M A T I KTexturesynthesis(2)
Usingspatialhomogeneityfor synthesis

Input

)

Output
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I N F O R M A T I KTexturesynthesis:Classi�cation
� Procedurebased

� Fractal,Cellulartextures(Fleischer1995),
Reactiondiffusion(Turk 1991)

� Statisticsanalysisandsynthesis
� Pyramid-BasedTextureAnalysis/Synthesis

(Heeger1995)
� TextureMixing andTextureMovie Synthesis

UsingStatisticalLearning(Bar-Joseph2001)

� Non-parametricSampling
� TextureSynthesisby Non-parametric

Sampling(Efros1999)
� FastTextureSynthesisUsingTree-Structured

VectorQuantization(Wei 2000)
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I N F O R M A T I KNon-parametric Sampling (1)

Initialize targetimagewith randomcolorpixels
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I N F O R M A T I KNon-parametric Sampling (1)

Searchsimilar kernel(redshape) onseedimage
transferapixel
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I N F O R M A T I KNon-parametric Sampling (2)
� Advantage:

� Candealwith high frequency components

� Disadvantages:
� Doesnotcareaboutcontinuity/global

structure
� Not suitablefor non-homogeneoustextures

� Many improvements
� Multiresolutionsynthesis(Wei 2000,...)
� Coherentmatchmethod(Ashikhmin2001)
� ImageAnalogies(Hertzmann2001)
� Patch-BasedSampling(Efros2001,Liang

2001,Nealen2003,Cohen2003...)
� ...
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I N F O R M A T I KOur method
Returnto theQuestion

Canwecombinebothadvantageswithoutinclud-
ing disadvantages?

� Low frequency part:
Globalstructure/largegradientarea

) SolvingPDE
� High frequency part:

Texture/detailstructure

) Non-parametricSampling
� To combinebothmethods:

) Frequency decomposition
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I N F O R M A T I KThe Algorithm
Input Image

� Redpartwill bereconstructed
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I N F O R M A T I KThe Algorithm
Fill in holeregionwith diffusion

)

� ScratchandText region is well reconstructed
� Largearea: Problematic
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I N F O R M A T I KThe Algorithm
Frequency Decomposition

) )

� UsingFFT(DCT)
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I N F O R M A T I KThe Algorithm
ExtractHigh Frequency Part

) +

� (High frequency imageis gammacorrected)
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I N F O R M A T I KThe Algorithm
MultiresolutionAnalysis

) +
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I N F O R M A T I KThe Algorithm
Reconstructby Non-ParametricSampling(Level 2)

) +

CGI 2003– p. 19



I N F O R M A T I KThe Algorithm
Reconstructby Non-ParametricSampling(Level 1)

) +
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I N F O R M A T I KThe Algorithm
Reconstructby Non-ParametricSampling(Level 0)

) +

CGI 2003– p. 19



I N F O R M A T I KThe Algorithm
High Frequency partis reconstructed

) +
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I N F O R M A T I KThe Algorithm
Combinethemtogether

)

= +
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I N F O R M A T I KComparison

input
texture

non-
parametric
sampling
(texture
synthesis)

image
inpainting

ourmethod

CGI 2003– p. 20



I N F O R M A T I KComparison

input
texture

non-
parametric
sampling
(texture
synthesis)

image
inpainting

ourmethod

CGI 2003– p. 20



I N F O R M A T I KComparison

input
texture

non-
parametric
sampling
(texture
synthesis)

image
inpainting

ourmethod

CGI 2003– p. 20



I N F O R M A T I KComparison

input
texture

non-
parametric
sampling
(texture
synthesis)

image
inpainting

ourmethod

CGI 2003– p. 20



I N F O R M A T I KDecompositionparameter (1)
� Question

� Whatfrequency is thelow/high frequency?
� How canwechoosethefrequency

decompositionparameter?
� Frequency decompositionparameter: �

Upperboundfor thelow frequencies

� = 2 � = 4 � = 8 � = 16
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I N F O R M A T I KDecompositionparameter (2)
� Hypothesis

1. If thelow frequency partis suf�ciently
removed,therestpartis morelikea texture

2. Spatialhomogeneitycanbemeasuredby
autocorrelation

� Method
� Calculatetheautocorrelationmatricesof each

�
� ComputetheSD(standarddeviation)of the

matrices
� Experimentally, wechoose� atSD � 0:001
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I N F O R M A T I KCorr elation between� and SD
� Fourexampleimages(imageswill beshown up)
� SD is smallwhen� is large
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I N F O R M A T I KResults: Painting
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I N F O R M A T I KResults: Posters
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I N F O R M A T I KResults: Wall
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I N F O R M A T I KResults: Cablecar
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I N F O R M A T I KResults: Excursion 2

image
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input
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I N F O R M A T I KResults: Excursion 2

imageinpainting
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multiresolutiontexturesynthesis
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I N F O R M A T I KResults: Excursion 2

ourmethod
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I N F O R M A T I KConclusion
� Proposeanew imagerestorationmethod

! Frequency decompositionfor combining
imageinpaintingandtexturesynthesis

! A criterion for decidingthe decomposition
parameter�

� FutureWork
� Fuzzymask
� Imageinpaintingguidedtexturesynthesis

! usingimageinpaintingto suggestthe
transferregion

� Expandto 3D
� Imagesequences
� Fill in 3D holes
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