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Denoising by a linear and a non-linear
diffusion process

linear
diffusion

non-linear
diffusion
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Diffusion PDE
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Denoising by anisotropic diffusion
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Segmentation by the level-set method
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Level-set equation

]1,0[:,functionset -level and image Initial 0 →Ωϕp
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image based
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e.g. curvature k[j]
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Segmentation by the level-set method
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Registration by a reguralized 
gradient flow

distorted image original image initial error

result errordeformation registration result
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Cascaded gradient flow on a multi-scale 
hierarchy

]1,0[:,imagesInput →ΩRT
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Registration by a reguralized 
gradient flow
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Local Gather Operation

Step n Step n+1
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Object recognition by the Generalized 
Hough Transform

original
image edge

image

first
detected
cube

second
detected
cube
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ikl ,ikl ,

Generalized Hough Transform

Store pose k
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and scale3D geometry
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Object recognition by the Generalized 
Hough Transform
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Object classification by skeletons

original
boundary

trimmed
skeleton

fine
skeleton

distance
transform
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distance transform

Adaptive Generalized Distance 
Transform

boundary
coarse image coarsed coarse solution

full solution

coarsemin dd <
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Distance Transforms and Voronoi
Diagrams

Generalized weighted  Voronoi diagram
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Motion estimation by an eigenvector 
analysis of the spatio-temporal tensor



Robert Strzodka
caesar research center

22

Motion estimates as weighted least 
square minimizers
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Brightness change constraint equation, one equation two unknowns

Local continuity assumption of the flow     gives the minimization problemp

The diagonalization of the symmetric spatio-temporal 3x3 tensor
matrix eigenvalue diagonal  basis,r eigenvecto , ΛΛ= VVVJ T

gives a motion estimation as the solution to the minimization problem
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Motion estimation by an eigenvector 
analysis of the spatio-temporal tensor
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Global Gather Operation
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Coarse Adaptivity – Tiling
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