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Segmentation and Prior Knowledge
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2 label segmentation 10 label segmentation

Variational Image Segmentation

Mumford, Shah ’89, Chambolle et al. ‘12:
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Dervieux, Thomasset ’79,’81,   Osher, Sethian ’88 

Level Set Methods
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Chan, Vese ’01 

Level Set Segmentation
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Cremers, IEEE PAMI ’06 

A Challenging Segmentation Problem
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Cremers, Osher, Soatto, IJCV ’06 

Statistical Interpretation

Given an image , find the most likely segmentation by maximizing

the conditional probability

with respect to a curve .

This is equivalent to minimizing its negative logarithm which (up to a 

constant) is given by the energy

with

and
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Insufficient Low-Level Information
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Rosenblatt ’56,  

Parzen ’62 

Statistical Shape Priors for Level Sets

Cremers, Osher, Soatto, IJCV ’06 
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Cremers, Osher, Soatto, IJCV ’06 

Statistical Shape Priors
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Limitations of Static Shape Priors
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Training sequence

Dynamical Models for Implicit Shapes
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1. Low-dim. representation via PCA  (Leventon et al. ’00, Tsai et al. ’01):

2. Autoregressive model for the shape coefficients:

3. Synthesize shape vectors       and embedding surfaces     :

Cremers, IEEE PAMI 2006

mean
eigenmodes

Gaussian noisetransition matricesmean

Dynamical Models for Implicit Shapes
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Dynamical Shape Priors

Statistically synthesized embedding functions

Cremers, IEEE PAMI 2006
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1. Low-dim. representation via PCA  (Leventon et al. ’00, Tsai et al. ’01):

2. Autoregressive model for the shape coefficients:

3. Synthesize shape vectors and embedding surfaces:

Dynamical Models for Implicit Shapes

Cremers, IEEE PAMI 2006
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1. Low-dim. representation via PCA  (Leventon et al. ’00, Tsai et al. ’01):

2. Autoregressive model for the shape coefficients:

3. Synthesize shape vectors and embedding surfaces:

Dynamical Models for Implicit Shapes

Cremers, IEEE PAMI 2006
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Optimization by gradient descent:

Bayesian Aposteriori Maximization:

Image formation model Dynamical shape model

(color, texture, motion,…)

Dynamical Priors for Image Segmentation
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Cremers, IEEE PAMI ’06 

Dynamical Shape Priors
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Dynamical Shape Priors

Cremers, IEEE PAMI ’06 
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2 x faster 3 x faster

4 x faster 5 x faster

Robustness to Speed Variation
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Implementation: Timo Kohlberger

3D Heart Tracking with Dynamical Prior



22Daniel Cremers Variational Methods for Computer Vision

Implementation: Timo Kohlberger

3D Heart Tracking with Dynamical Prior
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Cremers, IEEE PAMI ’06 

Dynamical Shape Priors

Dynamical shape prior
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Dynamical Shape Priors

Cremers, IEEE PAMI ’06 

Dynamical prior of shape and translation
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Summary

Bayesian inference

3D heart tracking

Statistical shape priors

Dynamical shape priors


