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Segmentation and Prior Knowledge TI_ITI
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Variational Image Segmentation

Mumford, Shah 89, Chambolle et al. ‘12:
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C={zcQ|éd(x) =0}, ¢0:QCR*—=R

Dervieux, Thomasset '79,’81, Osher, Sethian ‘88



Level Set Segmentation TI_ITI

Chan, Vese 01
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A Challenging Segmentation Problem T“TI
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Statistical Interpretation TI_ITI

Given an image [, find the most likely segmentation by maximizing
the conditional probability

IC)P(C)
P(I)

pc|n="4

with respect to a curve C!

This Is equivalent to minimizing its negative logarithm which (up to a
constant) is given by the energy

E(C) — Edata(c) - Esha,pe(c)
with
Eqata = —logP(I|C) and Fgpape = —log P(C)
Cremers, Osher, Soatto, IJCV 06
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Insufficient Low-Level Information
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Statistical Shape Priors for Level Sets Tu“

P x L3 o (L, ()

=l
Rosenblatt 56,
Cremers, Osher, Soatto, IJCV 06 Parzen ‘62
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Statistical Shape Priors

Edata + Elength — min Eda,ta, =+ Esha,pe — Min

Cremers, Osher, Soatto, IJCV 06
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Dynamical Models for Implicit Shapes Tu.“

Training sequence
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Dynamical Models for Implicit Shapes Tu.“

1. Low-dim. representation via PCA (Leventon et al. ‘00, Tsai et al. '01):

¢i(z) Ao (x)+ Y i)

=
Q= / (Pi—dg) ¥ dx ar, =N )

2. Autoregressive model for the shape coefficients:
k
ot = M- Z Ajog_; H M
=i
3. Synthesize shape vectors o+ and embedding surfaces @

ot(x) = ¢o(x) + o P (x)

Cremers, IEEE PAMI 2006
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Dynamical Shape Priors

Statistically synthesized embedding functions
Cremers, IEEE PAMI 2006

Daniel Cremers Variational Methods for Computer Vision 14



Dynamical Models for Implicit Shapes Tu.“

1. Low-dim. representation via PCA (Leventon et al. ‘00, Tsai et al. '01):

¢i(z) = p(x) + > i)

j=1
Qjj = / (bi—p) Y do =GR )
2. Autoregressive model for the shape coefficients:
k
ar=p+ > Ajoy_; + 1
1=
3. Synthesize shape vectors and embedding surfaces:
T
¢t(z) = ¢o(x) + oy P(z)

Cremers, IEEE PAMI 2006
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Dynamical Models for Implicit Shapes Tu.“

1. Low-dim. representation via PCA (Leventon et al. ‘00, Tsai et al. '01):

¢i(z) = p(x) + > i)

=1
Qjj = / (bi—p) Y do =GR )
2. Autoregressive model for the shape coefficients:
k
ar=p+ > Ajoy_; + 1
1=
3. Synthesize shape vectors and embedding surfaces:
i
¢t(x) = ¢do(Th, x) + ap Y (Tp, x)

Cremers, IEEE PAMI 2006
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Dynamical Priors for Image Segmentation Tu.“

Bayesian Aposteriori Maximization:

Gy, 0p = argmax P (o, O | I, Gyze-1, 0141
t)Yt

= arg max P (It | o, Ot) P (at ‘ 641;,5_1)

Q04
E(at, 0:) = — 109 P =|Egqi (s, O, It) |+ | Egyn (e, 1:4—1)
/7 k\
_1 _
Edyn — %(at—v)TC (at_v)’ v = u+ Z Aiat—fin()del
1=1

C . : dOLt OF d@t OF
Optimization by gradient descent: —— = ———, - =
dt (90(15 dT (9975
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3 x faster

2 X faster

5 x faster

4 x faster
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Implementation: Timo Kohlberger




3D Heart Tracking with Dynamical Prior

Projection on principal components
800 40

600

fdata/Myocardial_Perfusion_SPECT/P3_1/A000000.mhd
Original vol. size (VWWxHxD) = 64 64 37
Computation vol. size (WxHxD) = 64 64 38
initialiterations = 40

followuplterations = 7

poseWeight = 2.000000e-007

scaleVWeight = 3.000000e-009

data¥Weight = -5.000000e-004

prior¥eight = 1

rigidGradientTurbo = 1.329228e-003
epsilon =1

tau = 3.000000e-001

Implementation: Timo Kohlberger
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Dynamical shape prior
Cremers, IEEE PAMI 06
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Summary
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Bayesian inference

3D heart tracking
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