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In more detail ...

Dmﬁ Data acquisition
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Focus of this talk

This part is very

Dmﬁ Recognition
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Recognition of signs\

and nonmanual
markings from
features

0:00.00 — 0:02.25 JOHN
0:03.47 — 0:04.86 LOVE
0:05.75 - 0:07.12 WHO

0:05.75 — 0:08.00 question marking

This part, too, is very hard!




— | Transcription and translation
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Output of transcription in| Automatic translation
human-readable form to English

JOHN LOVE WHOq Whom does John love?

Translation to English is also very hard!

DHWWe do we care?

]
Because sign language recognition is cool!
Seriously ...

Speech recognition might feature in future
human-computer interaction

If that happens, Deaf people will encounter
major accessibility problems with computers

Unless we also provide sign language
recognition
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DﬂﬁAppIications to linguistics
[

Some (all?) linguists would love to have help
with transcription of data

We are not at that point yet
However, tracking alone can be used for
motion analysis

Face and hand tracking can reveal 3D position,
orientation, movements, facial expressions,
handshape ...

Useful for studying prosody and other work that
requires knowledge of kinematics
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Dmﬁ The trouble with human annotators
|
Humans excel at discrete descriptions
Eyebrows raised vs not raised
Head tilt vs no head tilt, etc ...
Conversely, computers are much better at
continuous descriptions
Degree of tilt
Speed of movement, etc ...

That is, humans and computers can
complement each other
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O Show video DHD Continuous description

Show video example
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— | Seems too easy? Dmﬁ Overview
] ]
There's a big fly in the ointment: What is this all about?
First we have to know where the face, hands, What makes tracking from video hard?
and their respective parts are in the video Face tracking framework
Then we have to track the objects across Outlook

video frames ...
... - fiendishly difficult for a computer
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]
] = In a nutshell ...

It is hard, because computers are stupid, and
humans are smart.

Consider the following three “simple”
situations:
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H . .
i Poor video quality

Low contrast: where
are the lips?

Noisy image: sampling
and compression artifacts
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DHD Occlusions

Hands
frequently
block the view
of the face
(occlusions)

Tends to
confuse
tracking
algorithms
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m .
] = Movements and deformations

The face and
hands turn

3D movements
are difficult to
detect from 2D
image

The hands, lips
and facial
muscles move a
lot and quickly
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]
. - Focus on face

We focus on the face here

More urgent for kinematic analysis

Hand information can be obtained through motion
capture

The same is not really possible for the face

Sensors are unwieldy and would interfere too
much
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H .
] = Overview

What is this all about?

What makes tracking from video hard?
Face tracking framework

Outlook
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Dmﬁ 3D models

]
Use 3D models to describe the human face

Adapted to each human, starting from a
generic face model

Are overlaid onto the video images
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Dmﬁ 3D face models
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m .
. - Parameterized 3D models

A few parameters govern the model

Important behaviors are condensed into
single numbers:
Eyebrow
Raised eyebrows = positive humber
Lowered eyebrows = negative humber
Position
X, Yy, z coordinates (3 numbers)
Etc ...
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H .
i Face deformation example

Show face deformations
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H .
] = Parameterized models

Provide redundancy — model moves as a

whole, instead of single image points
Helps with poor image quality

How does this work?
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m .
i Deformable model tracking

- Calculate where

“~ individual points
-~ » should be.
-~ Then take “aver-

age” to get effect
on parameters.
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— Wﬁ Statistical inference
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Another important benefit of
parameterization:

We “know” something about the model

Possible to use statistical inference for the
model deformations

Again helps with poor image quality

Also helps with occlusions ...
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Dmﬁ Occlusions
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Occlusions throw off the tracking process at
the hand edges

Estimates of movement are wildly off there
“Outliers”
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k= Outliers
]
y Suppose these are our
o estimates for the

00,5 O x and y parameters of the
O O o L

o. 00 o model from the individual
© 0O tracked points
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Dmﬁ Outliers

i

Then the real x and y
coordinate of the model is
somewhere here

Covariance
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Dmﬁ Outliers
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Covariance

Suppose a point estimate
is wildly off now
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Dmﬁ Effect of outliers

|
Obviously, outliers lead to wildly incorrect
parameter estimates
We know that “good” parameter estimates
should be close together
In contrast to individual point estimates

Standard mean and covariance suffer from
masking.

Two or more outliers “cancel” each other and are
undetectable
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— Hﬁ Robust statistics
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Use robust estimators to detect outliers

The biggest problem is finding one that is
practical for high dimensions

Minimum Covariance Determinant
(Rousseeuw & Van Driessen, 1999)

MCD works with up to ~50% outliers
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Dmﬁ Robust outlier detection
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Robust outlier detection
with MCD

Covariance
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Outlier rejection

L
e

The solution becomes “simple:”
Detect the outliers with MCD ...

... and just ignore them for the calculations of
the parameters
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[ ]
i DTracked sequence
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H . .
mie Partial computer annotation
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Dmﬁ Limitations of face tracking
]

Partial occlusions work, full occlusions still
cause problems
3D model parameterization limits what types
of expressions can be tracked

Many parameters = many expressions

Many parameters = many chances to go wrong
Model needs to be fitted to each subject

At present, slow laborious process

Some groups are now looking into automation of
fitting
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[ ]
0 Summary of system

System has been run successfully on Linux
(32 and 64 bit), and MacOS X.

Port to Windows was partially done as of
June 16, 2005.

Not every video works equally well.

Still requires considerable knowledge about
the internals of the tracking process.

We hope to make it easier to use in
collaboration with potential users.
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H .
] = Overview

What is this all about?

Sign language recognition today
Analysis of the face

Outlook
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[ ] : i
O Outlook: Face tracking

Outlier rejection hurts finer details of
deformations — hybrid approach?

Initialization and fitting of the 3D model to
each person needs to be (semi-) automated

Combine discrete and continuous tracking for
face?
more about this in Carol's talk this evening
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[ ]
] = Outlook

Since parameterized deformations limit what
we can track, should we use
nonparameterized descriptions instead?

For recognition: Is 3D tracking necessary at
all, as opposed to 2D tracking?
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DHD Conclusion

For more information

-

It will take a while before recognition
becomes useful in practice

Face tracking can be useful now for linguistic
research, especially prosody and other
kinematic analysis
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Christian.Vogler@gallaudet.edu
http://gri.gallaudet.edu/~cvogler/

Slides of this talk will be made available at
this web address shortly, under the section
“Research/Talks.”
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