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MODELING PEOPLE

Smart interfaces
Gesture recognition
Facial motion understanding

Media technologies
Electronic publishing in 2 and 3—D
Education and training
Scientific visualization
Database retrieval Surveillance
Incident detection
Automated recognition
Behavioral analysis

Entertainment
Special effects
Video Games

Currently, and in the
foreseeable future, a

Medicine and sports
Motion Analysis
Outcome evaluation

hot R&D area.

Plastic surgery

Cilab

USING IMAGES

Good news:

Images are readily available and can be acquired
using ever cheaper sensors.

Bad news:

Images provide noisy and incomplete
information.

- Use models to overcome poor data quality.

Ciiab

SURVEILLANCE

TALK OUTLINE

3—D models for
Tracking and Detection
Head Modeling
Body Modeling
- Allow the use of powerful constraints.

e Grao

HEAD DETECTION AND TRACKING

Real-time tracking at 25Hz Cilab




3—D TRACKING

Feature based tracking that combines:
Short-baseline matching with previous frames
Wide-baseline matching with keyframes

- Tracking at 25Hz without drift or jitter.
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PROJECTOR

- Cilab

FEATURE-BASED TRACKING

Interest points detection and matching;
Robust viewpoint estimation from 2D-3D correspondences;
Accounting for appearing/disappearing points.

-> Robust but tends to drift.
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KEYFRAMES

Ciiab

WIDE BASE-LINE MATCHING

| Keyframe

Keyframe rendered from the
previous viewpoint estimate

Current frame

Ciiab

KEYFRAME CHOICE
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Appearance-based criterion:

- Can be estimated quickly using OpenGl
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ADDING KEYFRAMES
ONLINE

If the number of points between the current
and closest key frame falls below a threshold,
the previous frame becomes a keyframe.

L
N+

Online Keyframe

Cilab

KEYFRAMES ONLY

Jitter is clearly visible

Cilab

COMPLETE METHOD
Keyframes eliminate drift but, if used alone,
introduce jitter - 2-step process:

Initial estimate using closest keyframe;
Refinement using previous frame.

- Tracking without drift or jitter.
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KEYFRAME + RECURSIVE
TRACKING

- No jitter and robust to aspect changes.

Ciiab

PERFORMANCE

Images 384x288:
25 fps on Pentium 4 2.6 GHz

Possible improvements:
Faster Processor (3.04 GHz already available)
Dual processor
Code optimization
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SLOT MACHINE

Lab




VIDEO AUGMENTATION
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COMBINING EDGE AND
TEXTURE INFORMATION

Improved accuracy for untextured objects.
Reduced number of keyframes.

ey
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points only
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With edge infomatin
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MULTIPLE HYPOTHESES
WHEN TRACKING EDGES

With single hypothesis:

ROBUST ESTIMATOR FOR
MULTIPLE HYPOTHESES

Searching for multiple hypotheses:

Edge contribution:

v =NLZZ (A:(Eﬂe;,J,i)vK ’AI(El'ell‘j,Kh’))
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where p*is our robust estimator for multiple hypotheses:
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CORRIDOR

Cilab

CORRIDOR
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DETECTION AT FRAME RATE

25 frames/sec, 640x480 images,
on a Pentium 4 2.6 GHz

AFFINE INVARIANT MATCHING

[Schmid and Mohr 97]
[Tuytelaars and VanGool 00]
[Mikolajczyck and Schmid 02]
[Lowe 04]

Search for the
|:> corresponding point in
the database

- By contrast, we propose to introduce a
training stage to speed up online detection.

Direct Classification of the patch
around the feature point

Affine deformation
estimation

Feature point
characterization

I Quoo| [N Qrab
VIEW SET LOCAL PLANARITY
CONSTRAINTS
Warping the patch under an affine transformation:
FENFZE - s b
withA =R, (Rp)1 SR, t=(t, t)
S View Set: Set of all possible appearances of a .
keypoint under different viewing conditions. Robustness to localization error:
t /s allowed to vary in the range of a few pixels.
Approach: Train a classifier to recognize the
viewsets build by synthesizing new views of the Invariance to illumination changes:
object keypoints. Normalization of synthesized patch intensities.
-> Fast keypoint recognition in the input image.
I Quoo| [N Qrab




DECISION TREES

They naturally handle multi-class problems:
Fast classification
High recognition rate
Provide a probability for the matches

Nodes: very simple test: I(x,, y,) = 1(x,, 3,) > s
/ with x,, y,, x,, v, s chosen to minimize the entropy>_ 7109,

Leaves give the match probability.

Remove the 2D rotation in the Lowe manner:
good compromise speed / classification.

( Vab

DETECTING A SAIL

Training image

Cilab

GENERIC 3D OBJECTS

Use 3D model it to generate the viewsets:
» Capture complex appearance changes

Bh

Training image |

» Merge information from several trainihg images:

FACE POSE ESTIMATION
TRAINING

e Grao

FACE POSE ESTIMATION
RESULTS

t.
Without glasses

e Grao

Partial occlusions

AUTOMATED INITIALIZATION

e Grao




NATURAL INTERACTION
WITH MOBILE DEVICES

Tourist photographs building using camer attached
to PDA/Phone.

System superposes 3—D model of the target object
onto the image.

Tourist can now point at any part of the image and
obtain information about it. (YLab

CONTRIBUTIONS

Real-time algorithms for

3D tracking robustly and without drift.
3D detection and pose estimation.

- Numerous potential applications in the
fields of AR, man-machine interfaces,
visual servoing ....

Cilab

FACES FROM
MONOCULAR SEQUENCES

*No calibration data

*Relatively little texture

«Difficult lighting (Vab

MAXFLOW RESULTS

PCA FACE MODEL

Average shape
Shape vector
. Shape coefficients

V. Blanz and T. Vetter, “A Morphable Model for the Synthesis of 3-D Faces’ in Computer Graphics, SIGGRAPH

mms»&ngd% CA, August 1999. O‘Lab

CORRESPONDENCES

Ciiab




TRANSFER FUNCTION

2 2
F(4,C0,CC) = Ylanhs| + X vl
€Oy keQ,
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MODEL BASED
BUNDLE ADJUSTMENT

- Median accuracy greater than 0.5mm

e Cron

ROBUSTNESS TO
LIGHTING CHANGES

£ 3

Reprojection of frame 4
into frame 3

Ciiab

MODEL FROM OLD MOVIE

NECK AND SHOULDERS

MODELING DEFORMATIONS

Must use silhouette information
- Express constraints on surface normals

e Grao




IMPLICIT SURFACES IN
COMPUTER GRAPHICS

J.F. Blinn. A Generalization of Algebraic Surface Drawing. ACM
Transactions on Graphics, 1982.

M.P. Gascuel and A. Verroust and C. Puech. A Modeling
System for Complex Deformable Bodies Suited to Animation
and Collision Processing. Journal of Visualization and
Computer, 1991.

D. Thalmann, J. Shen, and E. Chauvineau. Fast Realistic
Human Body Deformations for Animation and VR Applications.
In Computer Graphics International, June 1996.

The volumetric primitives melt like mercury drops

IMPLICIT VERSUS EXPLICIT
SURFACES

Explicit surfaces
Easy to deform & render
Implicit surfaces
Direct distance evaluation
Differentiable distance function
Surface normals and curvatures are well defined

-> Get best of both worlds by using the explicit mesh
to build an implicit surface.
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IMPLICIT MESHES

SPHERICAL METABALLS

obs(x,y,z)

e Grao

TRIANGULAR METABALLS

e Grao

POTENTIAL FIELD FUNCTION

Spherical:

S (r,1;) =exp(—k(r—d,))
Triangular:

S (r,1;) =exp(=k(r—r))

Fxn)=T=3 ()
S Qoo




SILHOUETTES AND TRACKING A DEFORMABLE
FEATURE POINTS PIECE OF PAPER

Track feature points on

the head. Track feature points on
Track silhouettes on the page
shoulders.

Fit page boundary

Detect and use silhouettes i
when they appear.

Deform neck according to
both head movement and
silhouette information.
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FULL BODY

MOTION CAPTURE COMPLEX 3-D MOTION

Ciiab

IMPLICIT SURFACES IN

COMPUTER GRAPHICS ELLIPSOIDAL METABALLS

J.F. Blinn. A Generalization of Algebraic Surface Drawing. ACM

Transactions on Graphics, 1982. EaCh one deﬁnes a f|e|d
M.P. Gascuel and A. Verroust and C. Puech. A Modeling T T
System for Complex Deformable Bodies Suited to Animation d[ (X) =X - Qi . Qi X

and Collision Processing. Journal of Visualization and
Computer, 1991.

- . =2d;(x)
Si(x)=e"
Human Body Deformations for Animation and VR Applications.

In Computer Graphics International, June 1996. The surface is an isosurface of their sums.
S=MF-T=0LFx=> ()

Algebraic distances of 3—D points to the surface
can be computed without search and are
differentiable.

Surface normals and curvatures can be computed
The volumetric primitives melt like mercury drops both simply and exactly. Oitab

D. Thalmann, J. Shen, and E. Chauvineau. Fast Realistic




STEREO DATA

@Lab

ROTATIONAL DERIVATIVES

To minimize: F(x,0)-T — min
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COMPLEX 3-D MOTION

vLab

IMPOSING JOINT LIMITS

MEASURING JOINT LIMITS

Optical motion capture of allowable motions.
For each motion sequence, define a referential.
Compute rotations with respect to this referential.

Represent in quaternion space.

@Lab

JOINT LIMITS AS
IMPLICIT SURFACES

Defining an implicit surface:

Pr=Y 1
Where r e
* Voxelizing the 3D quaternions.
* Placing a primitive in each voxel.

* Extracting the corresponding iso-surface.

11



HIERARCHICAL JOINT
LIMITS

¥
2 Morphed clbow

5 joint limits.

% Morphed G.H.

joint limits.
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HIERARCHICAL CONSTRAINTS

R Initialization

Jacobian at level i

Updating the projector

Optimization

@Lab

UNCONSTRAINED TRACKING

Projection roughly correct, but ..

e Crao

SHE BROKE HER ARM

We prefer
not to do
that to our
graduate
students!

@Lab

CONSTRAINED TRACKING

No more impossible postures.

e Grao

LOW QUALITY STEREO DATA

High shutter speed to avoid motion blur

Low resolution so that subject remains
within capture volume

@Lab
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NO MOTION MODEL

Occlusions create problems!

Cilab

WALKING AND RUNNING
DATABASE

PCA decomposition of motion vectors

Cilab

DETERMINISTIC
MOTION MODEL

Motion model:

0=6+ 209
State VeEltor:

6= dlmat,...,at) whereal = (al,...,al )
Objective function:

F= E F;(Gms(ltnﬂ:))
11T

Global optimization: o s or
7 _Iz:ay.'ﬁ

L (L -

SLOW WALK

Ciiab

FASTER WALK

Ciiab

RUNNING

Ciiab
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RECOGNITION

Flirst two coefficients Fourth coefficient

¥lab

ANIMATION
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SYNTHESIZED RUNS

Running inter-variability Running generation

database female
database female

synthesized from 6km/h
original motion

SYNTHESIZED WALKS

Walking inter-variability
Motion from
Fo——— video-sequences
database female

Cilab Ciiab
VARIABLE SPEED RUN FROM WALKING TO RUNNING
oA Crob|  [EEEPHIN Chod
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MONOCULAR TRACKING

Correspondences and transfer function

MONOCULAR TRACKING

e Qb

Correspondences and silhouettes
Cilab

AUTOMATED GOLF COACH

Ciiab

FUTURE RESEARCH

More sophisticated
Motion models
Biomedical constraints

- Best possible compromise between
anatomical “truth” and ease of use

- Accurate models from cheap sensors.
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