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Key Features
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Å Spatial Smoothness

Å Spatial Correlation

Å Spatial Heterogeneity

Key Features

Å Infinite Dimension
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Image is the point or set of points in the range corresponding 

to a designated point in the domain of a given function.

|| f (x)||k dx 
W
ñ <¤  for some k>0

Mathematics.

Infinite Dimensional Image
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Spatial Smoothness

Cartoon Model
qk(d)

ÅDisjoint Partition

ÅPiecewise Smoothness: Lipschitz condition

ÅSmoothed Boundary

ÅLocal Patch 

ÅDegree of Jumps

f=ÆÇ= = '1  and  lll
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Cartoon Model


