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List of Topics
L P

Looking for Shapes in Clutter: Connecting the Dots
Bayesian Shape Extraction

= MCMC sampling from posterior (level set)

= MAP estimation, prior using distribution differences
= MAP estimation using active contours (contours)
Facial Biometrics

Predicting Novel Shapes
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Looking for Shapes in Clutter:
“Connecting the Dots”

Bayesian Fusion of Features in Images for Shape Classification
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P Problem Motivation

Data Front-End Processing: Feature Detection

An important problem is:
HOW TO COMBINE FEATURES INTO HYPOTHESES OF INTEREST?
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Problem Motivation
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Two-Dimensional Point Cloud
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Shrek Wisdom
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Problem Challenges
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Problem Challenges
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Clutter Rejection Ordering Classification

1011 possibilities 1018 possibilities
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B Our Approach

® Select a shape class (',

® Generate a shape ( in that class ﬂ

® Sample that shape using 77 points

® Match this point set with the data set y

m points n points
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\r R . - = .
E Bayesian Classification

MAP Estimation of Shape Class
C = argmaxqs. P(Csly)

Posterior Probability

P(Cily) = Ig((g)) J | J P(ylg,z,v)P(q|C;) P(v|C;) P(x|C;)dq dvy dx

where

q is the shape of the curve
Z is the placement of the curve

7 is the sampling function
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Sampling Variability ~:]0,1] — [0,1

08

07

06

05

02

0.1

09

04t

08

02

06

L
08

1
1
ool 09t
o) I N S S— 08 :
06 06}
05 05}
04t 77 NS SN 5 (A SR S
1) PO RS SUS. IA | W &3
030 fevmsunsmiomsilon s ob mnmmasstmas s i
02}
0.1 : : i
; | SO EETTN SRS L pe e
0 i i : :
0 02 04 06 08 1 0 : i
0 02 04 06 08

MURI: Integrated Fusion, Performance Prediction,
and Sensor Management for Automatic Target
Exploitation

11



tJoint Matching & Transformation
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® [terative optimization:
® Fix transformation and register points using Hungarian algorithm

® Fix registration and transform points using Procrustes method

OHIO
e
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- Experimental Results

Simulated Data
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Experimental Results
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- Experimental Results
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- Experimental Results
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- Experimental Results
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Publications
L

m Looking for Shapes in Two-Dimensional, Cluttered Point Cloud
Srivastava and Jermyn,
oth DSP Workshop Special Session (Moses Organizer)

IEEE Transactions on Pattern Analysis and Machine Intelligence, accepted,
August 2008.
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List of Topics
L P

Looking for Shapes in Clutter: Connecting the Dots
Bayesian Shape Extraction

= MCMC sampling from posterior (level set)

= MAP estimation, prior using distribution differences
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Bayesian Shape Extraction

Bayesian framework allows:
1. Inference: estimation of unknown variables
2. Performance Prediction: posterior errors, error bounds
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= | MCMC Approach (Fan, Fisher, Willsky)

s Force level set to
be zero on the
curve

W(C(p)) =0
vp € [0, 1]
= Chain rule gives

us dv _ dC
dt dt
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L Markov Chain Monte Carlo

Cis a curve, y is the observed image (can be vector), Sis a
shape model

= Typically model data as iid given the curve
We wish to sample from p(x|y;S), but cannot do so directly

Instead, iteratively sample from a proposal distribution g and
keep samples according to an acceptance rule a. Goal is to
form a Markov chain with stationary distribution p

Examples include Gibbs sampling, Metropolis-Hastings

p(Cly; S) o p(y|C; S)p(C; S)
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E Metropolis-Hastings

1.

2.

3.

Metropolis-Hastings algorithm:
Start with x0
At time t, sample candidate f, from q given x,_,
Calculate Hastings ratio:
t _ p(eh) a(zt"teh)
— p(wt—l) Q(¢t|wt_1)
. Set x, = f, with probability min(1, r,), otherwise x, = X4
>. GO back to 2

[")

MURI: Integrated Fusion, Performance Prediction,
and Sensor Management for Automatic Target
Exploitation

26



E MCMC Curve Sampling

= Generate perturbation on the curve:
C'(s) = C(s) + f(s)N(s)dt
= Sample by adding smooth random fields:
f~N(=k+v,X)
= 2 controls the degree of smoothness in field,

Kk term is a curve smoothing term, 7Yis an
inflation term

= Mean term to move average behavior

towards higher-probability areas of p

INTE S S\LY Op - - -
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i Synthetic noisy image

= Piecewise-constant observation model:

y(z) = p(z) + n(z)
= Chan-Vese energy functional:

B(C) = [[ (y=no)?do+ [ [ (y—pm)?du+a § ds
Ro Ry c

= Probability distribution (T=2s2):
() = exp(~E(C)/T)
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E Needle in the Haystack

OHIO
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Most likely samples

true |
#1

UNIVERSITY
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Least likely samples

true |
#1

UNIVERSITY
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L Confidence intervals

= true
10/90%
50%
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L When “best” is not best

In this example, the most likely samples under the
model are not the most accurate according to the
underlying truth

10%/90% “confidence” bands do a good job of
enclosing the true answer

Histogram image tells us more uncertainty in upper-
right corner

“Median” curve is quite close to the true curve
Optimization would result in subpar results
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3 Distribution-based Representation (Karl)

= Use feature distributions to represent object
= Shape
= Appearance

= Construct priors through distribution differences

= Couple priors with curve evolution methods
= Evolve curve to match feature distributions
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LCurve evolution formulation

= Curve evolution

C" =argmin E(C)=argminE, +0F

C C

ata shape

= New distribution-based shape prior
Eane (O =Y w [ [ (1)~ 1,(C, 1) |
i=1 y)

M Feature Target Distributions
functions distributions for the curve C
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E Knee segmentation example

= Knee cartilage segmentation for thickness assessment in
osteoarthritis treatment

= Many competing nearby edges
= Even local intensity is insufficient

Initial

——— Ground truth Eil ﬁfe Iength

wmr

MRI-knee-images: courtesy Paul Debevec, ICT Graphics lab
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p Bayesian Active Contours
(Joshi, Srivastava)

= Shapes are represented by contours

= Posterior Energy:
Eroral(B) = A 4 Eimage( B ) + A sEcmoorn( B )+ A 3Eprior( £)

= Gradient: Each term provides a vector field on
the curve
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" Bayesian Active Contours

lllustration of shape evolution under different £ prior IN S
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E Bayesian Active Contours

Original Image

Training Shapes

Prior Mean

Bayes Estimate

d //f/j
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s o, E

< \—/L/ '\(\J( 4 \,\Z

//}/\

Expert Reconstruction
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Bayesian Active Contours

Curve Evolution under different prior energies
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N LPuincations

MCMC Shape Sampling
Fan, Fisher, and Willsky,
MICCAI 2007 and

Special Issue of IEEE Transactions on Pattern Analysis and Maching
Intelligence, to be submitted, 2008

Distribution-Based Shape Prior
Litvin and Karl

Special Issue of IEEE Transactions on Pattern Analysis and Maching
Intelligence, submitted, 2008

Intrinsic Bayesian Active Contours for Extraction of Object Contours in
Images

Joshi and Srivastava,
International Journal of Computer Vision, accepted, July 2008.
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Facial Biometrics: Shapes of Face Parts

Collaboration with Prof. Daoudi, University of Lille, France.
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Face Biometrics: Pre-Processing

Range Image Fill Holes/
Generate Mesh

Median Filter

Nose Detection
Face Cropping
Face Smoothing
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- Shape of Facial Surfaces Using Curves
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Shape of Nose Region
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Statistical Shape Averaging

id = 04407d271

id = 04233d392

id = 04334d300

Karcher mean

id = 04202d552

id = 04265d267

id = 02463d546

id = 02463d550

id = 02463d548 id = 02463d560

Karcher mean

id = 02463d668 id = 02463d546

id = 02463d674
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Recognition Performance: Face Vs Nose

=—8— Our approach (Nose) ") m'$r°

—0— Our approach (Face) " 7
90 ~ H = ICP (Nose) o2 a0

= © ~ ICP (Face) y 1

80—

70~

Verification Rate (%)

60—

40

107
False Accept Rate (%)
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Publications
L

Elastic Shape Models for Face Analysis Using Curvilinear Coordinates,
Srivastava et al., Journal of Mathematical Imaging & Vision, accepted, 2008

Intrinsic Framework for Shape Analysis of Facial Surfaces
Samir et al., International Journal of Computer Vision, accepted, 2008

Face Recognition in Presence of Facial Expressions
Ben Amor et al., Annals of Telecommunications, accepted, 2008

Biometrics Using Shapes of Nose Region
Drari et al., European Journal on Signal Processing, submitted, 2008
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L E Prediction of Novel Shapes

Given: Stochastic models for shape variability of
a known object or a known view.

CY IS
S |
C ) s L]
N |~
() 3 D
. . . H/’\\, P [A’\xl
Problem: Predict shape variability of a new S NN | -
i I 1 - f"/’\" - KM‘\
(similar) object or the same object C ) <1 { ]
1 N J A
from a novel view. ‘Y \;\ N
N . \
dh Rl i
,/l\, ~ \ﬁ\ s
l ] T { ,'I
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tParaIIeI Transport of Models on Manifolds
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Publications
L

s Shape Analysis of Elastic Curves in Euclidean Spaces
Joshi, Klassen, Srivastava and Jermyn,

IEEE Transactions on Pattern Analysis and Machine Intelligence, to be
submitted, 2008.
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LAdditionaI Shape Efforts

s Rate-Invariant Recognition of Humans and Their Activities
Veeraraghavan, Srivastava, Roy-Chowdhury, Chellappa (UMD)
IEEE Transactions on Image Analysis, accepted, 2008.

s Labelling of Cortical Sulci using Multidimensional Scaling
Mani, Srivastava, Barillot (IRISA, Rennes, France)
MICCAI Workshop on Manifolds in Medical Imaging, 2008

m  Genetics of Brain Fiber Architecture and Intellectual Performance
M.-C. Chiang et al. (UCLA)
Journal of Neuroscience, accepted, 2008.

s Modelling Spatial Patterns of Shapes
Srivastava, Liu, and Joshi, ICIP, 2008.
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Looking Ahead
L g

Joint Shape and Texture Analysis of Objects in Images

20 4gp 20
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k Joint Shape-Texture Geodesics
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