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Perspective

“Computers are both deaf and blind.”
A. Pentland, MIT Media Lab

| am interested in computer vision technigues for

recognizing humans and their activities, to enable
a machine to interact intelligently and effortlessly

with a human-inhabited environment.




Possible applications

pedestrian
protection

surveillance

motion capture for
animation and games

robotic
pets

motion analysis (sports, medical)




Looking-at-People: visual information channels

Whole-Bodies




Why is finding people in images difficult?

Variation in size and clothing  Variation in pose and viewpoint

Cluttered, dynamic
backgrounds

Fast changing
scenes

Depth ambiguities

Reduced observation
(occlusion, loose clothing) Real-time analysis often required.




How to perform a visual recognition task?

Measurements

—

e.g. pixel intensities,
color distributions,
outcome of image filters

Feature vector
captures the image
characteristics

“Apperance-based” approach: use feature vector directly
for visual recognition (classification)
=) \achine learns from Image examples.

“Model-based” approach: recover higher-level descriptions

related to human body pose.

mm) Machine matches a given model to image features.



Learning from examples: person detection
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Learning from examples: open questions

What are good features?

[ 1 [ 1

How to deal with the “curse of dimensionality” ?

I E—

What pattern classifier to use?




3D visualization ,person manifold“ (ISOMAP)
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Training size matters (a lot)

How many image examples does a machine need to learn
human appearance?

* Measure recognition
performance by “ROC”
plot: trade-off correct vs.
false detections

* Performance improves

with enlarged training set.

No saturation effects
(even) for N = 12.800.

Work with S. Munder (DC)

Machine needs more image examples!
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Generation of ,Virtual Persons”

 Labeling actual persons in images is time-consuming and tedious!

» Developed a model for person appearance, which can be used
to synthesize new person samples

 Enlarge training set with these ,virtual“ samples to improve
classification performance.

Shape
variation

o M. Enzweiler
|AS variation (DC)
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Use given 3D human models

e 3-D human body model =
“skeleton” + “flesh”

» “Skeleton™. in terms of joint angles.
Typical models have 20-30 DOFs.

» “Flesh”. body parts in terms of
cylinders, ellipsoids, super-quadrics
with optional global deformations

» Trade-off between complexity
and accuracy of model.

3D models “Ellen” and “Dariu”  (1996)

22 DOF skeleton (6 DOF for position and
orientation of torso, 4 DOF for each limb),
each bodypart tapered superquadric

(7 parameters)
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Use given 3D human models: 3D pose recovery

3D pose recovery: align human model in 3D
space such that its 2D projection(s) matches
the available 2D camera view(s). \/

‘ Pose recovery formulated as search in
high-dimensional pose parameter space.

X

Correlation
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How many model projections are needed?
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Hierarchical 3D pose recovery (multi-camera)

Work with M. Hofmann (TNO/UvVA)
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Looking forward

Learning from 2D examples Matching with prior 3D models

e relatively easy to implement « difficult to implement

» works for simple or constrained  « can deal with arbitrary,

recognition tasks (e.g. person/face unconstrained movement
detection, lateral walking, gestures)

Address scalability problems (e.g.  Address model matching,
views, different movements, occlusion) occlusion, use of single camera

L N

Fuse data- and
model driven
approaches:
model-adaptation .

Example: texture mapping
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From “narrow” to “global”’ scene understanding

Movement
recognition
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Experimental test bed: pedestrian protection (2000- )

» More than 4500 pedestrians are
killed in traffic yearly EU-15 wide
(14% of all fatalities, 2004)

 Children are especially at risk.

Pre-impact pedestrian (and bicycle) sensing for driver warning
and collision mitigation/avoidance.

» Especially useful in case of driver inattention or bad visibility.

Test bed for appearance-based algorithms for person detection
and tracking. Investigate perception — reason — action cycle.
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IAS

Warning and Automatic Braking

... but how to (safely) perform Pre-Crash tests with

real humans?

20



... use a “dummy” car!

On-board sensors m—"-

Safety cables
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Pedestrian detection from the test rig

Work with S. Munder (DC)
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Pedestrian detection in urban traffic

Work with S. Munder (DC)
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Experimental test bed: Surveillance

Motivation
» Public safety is a major societal/political issue.

« Surveillance technology is increasingly applied to secure public
spaces (e.g. train stations, shopping malls, street corners).

 Human operators monitor vast amounts of data for events that
occur rarely (inefficient, many “missed” events).

Goal

* Develop intelligent system that extracts from surveillance data
relevant parts for verification by a human operator.
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CASSANDRA project (2005-2009) s

e Detect complex human activity (aggression)

* Fuse (complementary) audio and video modality
* From signal processing to cognitive modeling
 Realistic experimental validation

» Amstel station 03/2006: different scenarios
played out by professional actors:
from “normal”, “lively” to “aggressive”

e Comparison CASSANDRA-estimated aggression level
with that of human
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IAS

CASSANDRA: video processing

 Tracking foreground region Work with W. Zajdel (UvA)

« Computation of basic motion features
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IAS

Aggression detection by audio—video fusion

-“critical”
-“serious”
-“attention”
-“normal”

_“none”

Work with W. Zajdel (UvA), D.J. Krijnders (RuG) and T. Andringa (RuG)
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Reality check & Forward look




Industry - Academia
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Machine helpt mens

Ik heb gezeqd.




Thank you.




