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The (Silly) Problem




Inferring 3D Human Motion

* Infer 3D human
motion from 2D image
properties.

el
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* No special clothing
* Monocular, grayscale, sequences (archival data)
* Unknown, cluttered, environment
* |ncremental estimation
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L ow contrast
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Clothing and Lighting




Large Motions

Limbs move rapidly with respect to their width.
Non-linear dynamics.

Motion blur.
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Ambiguities

Accidental alignment



Ambiguities

Occlusion Whose legs are whose?
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| nference/l ssues

Bayesian formulation

cues | model) In(model) |
p(cues)

p(model | cues)

1. Need aconstraining likelihood model that is also
Invariant to variations in human appearance.

2. Need aprior model of how people move.

3. Need an effective way to explore the model
space (very high dimensional) and represent
ambiguities.



Simple Body Model
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* Limbs are truncated cones

* Parameter vector of joint angles and angular velocities = f



Key |ldea#1 (Likelihood)

1. Use the 3D model to predict the location of
limb boundaries (not necessarily features) in
the scene.

2. Compute various filter responses steered to the
predicted orientation of the limb.

3. Compute likelithood of filter responses using a
statistical model |earned from examples.






Edge Filters

Normalized derivatives of Gaussians (Lindeberg, Granlund
and Knutsson, Perona, Freeman& Adelson, ...)

Edge filter response steered to limb orientation:
f*(x,q,s)=singf,(x,s)+cosqf (x,s)

Filter responses
steered to arm
orientation.




Distribution of Edge Filter Responses
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Likelihood ratio, p,./ P, Used for edge detection
Geman & Jednyak and Konishi, Yuille, & Coughlan

Object specific statistics



Other Cues

lag{Pon)

M otion

Log. Thigh

legiPon)
&
%R

. i 1
I T T T ]

e w m owm ®

Tempeeal difference on limb

Lesg. Thigh
" 4 Legy. Background

17y 1
R
J T — : 4 &

|

— | e evcd 2

I s 3 e lyrpga kel T
Trsgm e 4 g kel 3
a ol rana breald

R R L
Fidge resparse in ridge o ientation T ml W A m &3 B a1 B 1
Ridge response in ridge arfentation



Key Idea#2 (Likelihood)

Explain” the entire image. const 3 pimagel forg
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Likelihood

Steered edge
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crude assumption: filter responses independent across scale.



Learning Human Motion

* constrain the posterior to likely & valid
poses/motions
* model the variability

joi t angles

e N . 3D motion-capture data.

/\0/\( * Database with multiple

ENGASANIA actors and a variety of
motions.

: S
(from M. Gleicher) time
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Key |ldea #3 (Prior)
Problem:

* 1nsufficient data to learn probabilistic model
of human motion.

Alter native;

* the data represents all we know

* replace representation and Iearnl ng W|th search.
(search hasto be fast)

* DeBonnet & Viola, Efros & Leung, Efros & Freeman, Paztor & Freeman,

Hertzmann et dl, ...



lmplicit Empirical Distribution

Off-line;

e learn alow-dimensional model of every n-frame
seguence of joint angles and angular velocities
(Leventon & Freeman, Ormoneit et d, ...)

e project training data onto model to get small
number of coefficients describing each time instant

e build atree structured representation



“Textural” Model

On-line: Given an n-frame input motion
e project onto low-dimensional model.
e iIndex in log time using the coefficients.

e return the best k approximate matches (and form a
“proposal” distribution).

« sample from them and return the n+1% pose.



Synthetic Walker

* Colorsindicate different training sequences.



Synthetic Swing Dancer
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Posterior over model parameters given
an image seguence.
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Bayesian Formulation

p(f, |1,) =
K PO F OIS P If ) PCF o [ T0)) f s
| 1kelthood of

observing the image
given the model parameters




Bayesian Formulation

p(f |1,) = Tempora model (prior)
K p(LJF ) Sl IF ) Py [T ) o




Bayesian Formulation

p(f  |1,) =
k p(l,|f) ¢ P If 1)

p(f ...

M),

Posterior from

Drevious time instant



Key ldea#4 (Ambiguity)

* Represent a multi-modal
posterior probability
distribution over model
parameters

- sampled representation

- each sample is apose
and its probability

- predict over time
using a particle
filtering approach.

Samples from a distribution
over 3D poses.



Particle Filter

Posterior Temporal dynamics
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What does the posterior ook like?

Shoulder: 3dof
Elbow: 1dof

Elbow bends




What does the posterior look like?
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Elbow: 1dof




Stochastic 3D Tracking
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* 2500 samples, multiple cues.



Conclusions

Inferring human motion, silly or not, from video is
challenging.

We have tackled three important parts of the problem:

1. Probabilistically modeling human
appearance in a generic, yet useful, way.

2. Representing the range of possible motions
using techniques from texture modeling.

3. Dealing with ambiguities and non-linearities
using particle filtering for Bayesian inference.



