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Part I. Simplicity and complexity of video recognition
Main differences from image recognition
Ouir first video code with OpenCV and what's then?
Part Il. How human brain does it?

1. Video data acquisition — along the visual pathway
Using public OpenCV library
2. Video data processing — deeper to synapses

Using public PINN Associative Memory library
Part Ill. Faces
Part IV. Lets build it all.
- General rules
- From pixels to person’s name
Demos: NRC Perceptual Vision Technologies
1. Hands-free User Interfaces (PUI Nouse)

2. Face recognition at a desktop and on TV
k Automated Surveillance /

A little of history

1.Video revolution

and how to approach it

\_

/

Beginning of XX century:
First motion pictures (movies) appeared...

when it became possible to display video frames
fast: 12 frames per second

Beginning of XXI century:

Computerized real-time video processing...
became possible,as it became possible to
process video fast: >12 frames per second

\You are lucky to live in XXI ¢ - you can do it! /




Computers & Video

Processors (my computer)

1997: 100 MHz
2000: 300MHz \ /
2002: 1GHz ~2002
2004: 2.6GHz
Video camera:
1997: $1000

2000: $200 (+ USB)
2002: $100 (+ USB2, +IEEE 1394)
2004: $30 Can (+ TV, DVD..))
Today: Video has become part of our life. But only

\recently it became possible to process it in real-time. /

Peculiarities about video recognition

Finally, many automated video applications are
possible ?
(to match or assist human video processing)

However: automated video recognition
is not a mere extension of Image or Pattern
recognition.
is much harder than what most non-blind people
think...

\ Lets find it out! /

Pattern recognition vs Video recognition

Approaches developed

—- XXI centu

VideoRec

Video recognition is

- XX century (while pattern recognition is old) /
) .

L

Photos vs Video: Summary

Photos: Video:
High spatial resolution Low spatial resolution
No temporal knowledge High temporal resolution
E.q. faces:| ( Individual frames of poor

in controlled environment | quality)
(similar to fingerprint Taken in unconstrained
registration) environment (in a “hidden”
“nicely” forced-positioned | Camera setup)
60 pixels between the - don’t look into camera
eyes - even don’t face camera

Yet (for humans), video (even of low quality) is of  ten mush

more informative and useful than a photograph !
N\ Video requires different approaches! e




Constraint and requirement #1 — ?

Constraint and requirement #1 —

real time processing
Real-time: <80 msec per frame (>12 fps)
Is imperative for some applications:
Most expression/activity recognition/detection
eg. blinking, talking, nodding, collision, trespassing
Most tracking applications, such as
vision-based computer control/interaction (Nouse)
annotation/augmented reality

Close to (quasi) real-time: < 500msec (2 fps)
Is sufficient for some applications:

\ Surveillance/Monitoring /

real time processing (cntd
Real-time: <80 msec per frame (>12 fps)
for Short-term & Short Range:

objects close to camera (or captured at close zoom)
smaller image required  can be done faster !

Close to (quasi) real-time: < 500msec (2 fps)
for Long-term & Long-range:

objects away from camera (or wide zoom) larger
image required  can be done slower !

Have you noticed? — It's natural !
\ (Doesn’t constrain much) /

Constraint and requirement #2 —

low resolution

As you watch/video-tape TV, home videos,
You recognize everything easily there.

Do you know what resolution you recognize at?

~160x 120!
(interlaced 320x240 video)

\_ /

Common face-in-video setups

In TV & VCD (e.g. in movies): 320x240

Actors’ faces occupying 1/16 — 1/32th of screen

And that’s OK for humans !

\Head = 20-40 pixels i.0.d . = 10-20 pixels /




More on resolutions & formats:

Recognize: who, where & what ?

video sources
T NTSC:
Vert. res.(fixed) = active 487 (interlaced) out of 525
Horiz. res.(variable) = 330 (TV), 210 (VHS) - Due to fuzziness!
60 half-frames / second

PAL:
Vert. res. (fixed) = active 540 (interlaced) out of 625 x 25 fps

MRI scan of Dmitry’s brain:

VCD: 320x240 mpegl — most suited for TV (VHS) recording
DVD: 720x240 mpeg2 — most suited for digital recordings

George, John,
Ringo, Paul

Watch for problems
HDTV: 1920x1080, but...

't.h: o_rlen_tatlon_, expression, (_)ut-of_-focu_s, occ_lusmn, _multl-, it's sound (DolbyDigital) not video that makes the difference!
illumination, video compression, distortions, inter lacing,
RESOLUTION

More on compression and quality factors:

capture cards and compressing But again...

Interlacing, Focusing, Aperture, Exposure controls

NTSC hand-held analog 8mm (720x480): kell You don’t need high resolution or high quality
“fuzziness” factor=0.7 for a computer to do many tasks.

NTSC digital (720x480): interlaced vs progressive.

w ($50-$200) | You still may wish to have high resolution or high
Firewire ($100-1000, PointGrey) quality - for humans who'll watch it.

Compression (DivX, MS Mpeg4, mpeg2, mpegl)
card capture resolution may not be the same as

video capture: eg. 352x480 (or 640x480) Let write our first video capture program
CMOS (faster but more noisy - pixelwise) than CCD

\_ NG /




Doing it with (free)
Intel OpenCV library

Installing OpenCV

What you need:

Intel OpenCYV Library for Windows (we use 4.0)
http://sourceforge.net/projects/opencvlibrary

Microsoft DirectX 8 or later SDK  (we use 8.0)
www.microsoft .com/directx /

MS Visual Studio C++ (we use 6.0)

Linux (non-MS) versions are also available

BSD license permits commercial products using
OpenCV /

Tooks Window Help

Editat I Tabks | Dehug | Cumpﬂﬁbii@'l Build Ditectories l \Warkspacs [Tv]

Elattorrm: Show directeras far;
[Win32. | £s

{Ditactaries: f v

CADEVELORMENTADHSER\ LI
CADEVELOPMENTHINTELYOPENCY 44 LIB
C\Program Files\Micrasoft Visual Studio\YCI84LIB
CAProgram Files\Microsoft Visual Studio\VCI8YWMECILIB
CACPR\LIB

Has to be first!

Setting directories: header files

Options

Editor | Tabs | Debug | Compatiiiiy | Build  Directories | Workspace (7]

Elatfom: Bhow directaries for:
]W-inSZ, 1_1 ]Indude.files 1_1
Directories: X T ¥

CADEVELOPMENTADXSDK\ SAMPLES\MULTIMEDIA\DIRECTSHOWABASE |4

C\DEVELOPMENT\DXSDKAING DE\ =l
Y\ DEVELOPMENTYINTELY DPENCHYA4L CYYINCLUDE Have to bg first!

CADEVELOPMENTYINTELYOPENCY44 CXCOREYINCLUDE
C\DEVELOPMENTYINTEL\OPEN ATHERLIBS\HIGHGUI

CADEVELD PME'NT'\lNTEL\DPE NV CYALRINCLUDE
CAPragrar Files\Miciosof Visual Studio\yCIa\NCLUDE
4 Program Filesihicrosot Visual Studio\ VI8 MFCINCLUDE ¥

\ Co ] oo | /




Creating a C++ project

Iplilmage structure

Create “4tutorialconsole.cpp” in
New Project “Win 32 Console Application”

int nSize; I* sizeof(Iplimage) */

int ID; /* version (=0)*/

int nChannels; /* Most of OpenCV functions support 1,2,3 or 4 channels */

int alphaChannel; /* ignored by OpenCV */

int depth; /* pixel depth in bits: IPL_DEPTH_8U, IPL_DEPTH_8S, IPL_DEPTH_16U,
IPL_DEPTH_16S, IPL_DEPTH_32S, IPL_DEPTH_32F and IPL_DEPTH_64F are

supported */

char colorModel[4]; /* ignored by OpenCV */

char channelSeq[4]; /* ditto */

int dataOrder; /* 0 - interleaved color channels, 1 - separate color channels.
cvCreatelmage can only create interleaved images */

int origin; /* 0 - top-left origin,
1 - bottom-left origin (Windows bitmaps style) */

int align; /* Alignment of image rows (4 or 8).
OpenCV ignores it and uses widthStep instead */
int width; /* image width in pixels */

int height; /* image height in pixels */

struct _IpIROI *roi;/* image ROI. when it is not NULL, this specifies image region to process */
struct _Iplimage *maskROI; /* must be NULL in OpenCV */

void *imageld; /* ditto */

struct _IplITileInfo *tileInfo; /* ditto */

int imageSize; /*image data size in bytes
(=image->height*image->widthStep
in case of interleaved data)*/

har *imageData; /* pointer to aligned image data */

U

Basic OpenCyv capture & display

#include "cv.
#include "highgui.h"
#include <stdio.h>
#include <ctype.h>
main(){
Iplimage * ipIResult = 0, * iplFrame;;
CvCapture * capture = 0;
capture = cvCaptureFromCAM(0);
1 capture = cvCaptureFromAVI( “videol.avi");
if( capture ){

cvNamedWindow( “cam1", 1);

for(;;) {

iplFrame = cvQueryFrame( capture );

if (ipllmage==0) // initialize image
ipIResult=cvCreatelmage(cvSize( iplFrame->width, ip IFrame->
height, iplFrame->depth, iplFrame->channels );
cvShowlmage( “caml", iplFrame);
if( cvWaitK%y(lo) >=27)//ESC
reak;

cvReleaselmage(iplFrame); cvReleaselmage(iplFrame);
cvReleaseCapture( &capture );
cvDestroyWindow( “cam1");

Clpl: image class

ClassCip

Iplimage * p;
int m_depth; // IPL_DEPTH_32F or IPL_DEPTH_8U or IP L_DEPTH_16S
int m_channels; // 3 or 1
bool m_bWindowOpened;
CvSize m_size;
char m_strimageName[30];
Clpl(char type='G’, CvSize size=CvSize(160,120)){

switch (type) {

case ‘G’: m_depth= IPL_DEPTH_8U, m_channels=1; brea k;

}
if (')
cvReleaselmage(&p) ;
p = cvCreatelmage(size, depth, channels);
bWindowOpened = false;

}
~Clpl() {

if (p) cvReleaselmage(&p);
p=0;

}




CPVS: perceptual vision system class

Clpl
m_imcCaptured(‘C’), // 640x480 set by frame grabber
m_imcAttended('C’), // 160x120 bottom-up saliency d riven
m_imbFG('G’), /I for intermediate processing
m_imflave(‘F’),
m_imsIx('S’),

CMotionChannel ...;

CColourChannel ...;

CintensityChannel ...;

CObject m_obj[PVS_MAX_OBJECTS];

Multi-camera capture and processing

4 PV .
#define PV_MAX_CAMERAS 5

CPVS pvs[PV_MAX_CAMERAS];
int main(int argc, char* argv[])

{

printf("Hello World - | see youl\n");
/I detect cameras and start windows
for(i=0, iActiveCamera=0; i<PV_MAX_CAMERAS; i++)

capt = cvCaptureFromCAM(j);

if( capt) {
pvsliActiveCamera].m_imcIn.drawWin(NULL, 2, 0, iActiveCamera);
pvs[iActiveCamera++].capture = capt;

nCameras = iActiveCamera;
for(;;) {

for(iActiveCamera=0; iActiveCamera < nCameras; iActiveCamera++)

frame = 0;
frame = cvQueryFrame( capture[iActiveCamera] );
if( frame ) {
pvs[iActiveCamera].capture( frame );
pvs[iActiveCamera]. m_chanMotion.updatelmages(pPVS->m_imcin.p);
pvs[iActiveCamera]. m_chanColour.updatelmages(pPVS->m_imclin.p);
/I do object detection, tracking, recognition
pvs[iActiveCamera]. m_imcIn.drawWin();
} /I for(iActiveCamera)

return O;




The unique place of this research

You are here

Infant vision [Standford]

Infants learn to do video recognition tasks too...
Newborn

4 weeks . .

8 weeks

3 months

6 months LB
We'll get back to infants vision later.

What's the deal?

Face recognition systems performance
(from biometrics forums, NATO Biometrics workshop,
Ottawa, Oct. 2004)
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\ But why ? /

The reason ?

Different image-based biometrics modalities

[« 40 >
\ 4 |

r OUTER TS
29)
s

iris
face in document
fingerprint

face in video | |

gait
eye & skin colour, height

Universality &
Performance

\ Acceptability & Collectability
7




Part II. How human brain does it? On a higher level: visual pathway and
L : ' cortex areas

The visual system

Part 1. Video data acquisition

Part 2. Data processing

Part 1l.1: Getting the data

*Brain stores information using
synapses connecting the
neurons.

- Lessons from mother
eIn brain: 10°to 1013
interconnected neurons N atu re

*Neurons are either in rest or _ _
activated, depending on values [cs, neuro-biology, physiology, psychology]

=~ of other neurons Yj and the
..~ strength of synaptic connections:

- NG /




How do we see and recognize?

Vision From Front of the Eye to Back of the Brain

i s e Lateral Geniculate
HNucleus (LGM)

Retina

\ Human brain is a complicated thing ... /
... but a lot is known and can be used.

Where vs. What / Saliency vs Goals

» The Primary Visual Pathway

Localization vs recognition -_in different parts of
brain: Dorsal (“where”) vs Ventral (“what”) stream)

Visual saliency-driven vs goal-driven localization

(25ms vs lsec)
Refs: Perus, Ungerleider, Haxby, Riesenhuber, Poggio ...

Visual pathway

Lesson 1: order of recognition tasks

Try to recognize this
face ;

Detection

Tracting
\d

Recognition

Note how you scan the image with your eyes and

\ accumulate evidence over time




Lesson 2: Colour vs intensities

You can detect a face in any
colour inverted space

—
You can recognize a face in BW just as

well as in colour:
(Even for visa purposes !)

Colour, motion - for localization

\ Intensity - for recognition /

Lesson 2a: four modalities

Pendulums for my daughters (for 1-3 months olds)

Detection by saliency
in @) motion, b) colour, ¢) disparity, d) intensity.

*These channels are processed independently in brain
\ (Think of a frog catching a fly or a bull running on a torero)
eIntensity is not raw values, but: frequencies, orientations, gradients .

Lesson 3 & 4

For us: all video data are of low gquality (except
a fixation point) : Saccadic eye motion, Fovea
vision

Accumulation over time:

* We don't need high res

» Data are accumulated

over time

Lessons 5 & 6

* Local processing

* Non-linear colour
perception

\_
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 \We recognize associatively

* Associative memory allows us to

_~

\.accumulate (tune) data (knowledge) over time

Part 11.2: Processing the data

Lessons from mother
Nature

[neuro-biology, neural networks, math, physics]

\_

/

Associative thinking

Modeling association process

What makes human recognition
so efficient

Efficient neuro-associative mechanisms!

\_ /

Data is memorized and recognized in brain
associatively

What it gives:

1. Ability to accumulate data over time

2.Robust recognition (from parts or low quality)

KOur Task: To model associative process

/




Associative Memory (on high level)

Associate Receptor (R) to Effector (E):

Receptor neuron Effector neuron
Xi: {+1 cr -1} Yj: {+1 or -1}

Synaptic strengthi.
\ -1<Cij<+1 /

Associative Memory (on high level)

Associate Receptor (R) to Effector (E):

f?

Receptor neuron Effector neuron

Xi: {+1 or -1} Yj: {+Ler -1}
\ Synaptic streM /

-1<Cij<+1

Three neuro-associative principles

Efficient recognition in brain is achieved by

1. non-linear processing

2. massively distributed collective decision making

3. synaptic plasticity

a) to accumulate learning data in time by adjusting
synapses

b) to associate receptor to effector (using thus computed
synaptic values)

\_ /

Associative Memory: on a low level

*Brain stores information using synapses
connecting the neurons.

eIn brain: 1019 to 1013 interconnected neurons

*Neurons are either in rest or activated, depending
on values of other neurons Yj and the strength of
synaptic connections: Yi={+1,-1}

* Brain is a network of binary neurons evolving in
time from initial state:

< ' From stimulus (coming from retina) to an attractor
¥ which provides an association to a stimulus (name

(\ )\ of a person)
\ Refs: Hebb'49, Little'74,78, Willshaw'71, ... /




Modeling associative recognition

1) Y = (RI,Ei) vector of ALL attributes
2) Attributes are binary {-1;+1}

3) Synapses connect ALL attributes
Synaptic matrix NxN: C={Cij}
4) Starting from Y(t=0) the network evolves

N
Y;(t 4+ 1) = sign( Y Ci;Y;(t))
7=1

5) Until consensus (attractor) is reached
Yi(t+1) = Y(t) =V =(R*,E*)

\_

J

Modeling associative recognition

() +# &, - .#
N
Y(0)=Vpoisy Yi(t+1) = Slg”(jgl Ci;Y;j(t))
! ‘ . Main question:
iy _ v How to compute synapses Cij so that
Y(t+D)=sgn[CY(D)] a) the desired patterns V. ™ become attractors,
o e e ... o] i m m
12 3 N ie. VM ~CV
l l i l b) network exhibits best associative (error-
N correction) properties, i.e.
Y(t*)=V - largest attraction basins

- largest number of prototypes M stored

?
\Qalloch-Pitts%& Hebb'49, Amari'71,'77, Hopfield'82,Sejnowski'89, GorodniW

Main Question

/- & &
# "#012

How to update weights

Synaptic increment should be a function of

1. Current stimuli pair V = (R,E)

2. What has been already memorized
G =G +0gy
DC" =aF(C™* V™)

The main question
- Which learning rule to use?

\_

/




High-Performance Associative Neural

Network Library

m 1 m
Hebb (correlation learning): DCij =N\/imv'

Generalized Hebb: DCJ“ :aF(Vim,VJ-m)

Widrow-Hoff's (delta) rule :  ¢k+l = ¢k & a(V - C’W’)?T

Projection learning — the best :

S — ) N
Cr:’;), — C:’;L 1 + ) 1 = J i E2 — ”Vm —_qm le”Z

it takes into account the relevance of training stimuli and attributes

Publicly available at :

\ http://synapse.vit.iit.nrc.ca/pinn /

® Pseudo-Inverse Associative Memory

C=VV*

Obtained mathematically from stability condition: V™ =Cv™

*Also called Projective Associative Memory

C is the matrix which projects a vector to the subspace spanned
on already memorized patterns.

\ E is the distance from V to CV. /

! #4 %

... besides that it yields the best retrieval for this type of
networks.

» Itis non-iterative — good for fast (real-time) learning
» ltis also fast in retrieval.

[Gorodnichy&Reznik'94]:
“Process only those neurons which change during the evolution”
instead of N multiplications only a few of them (like in brain)

very few iterations in retrieval

\_ /

S #

» Guaranteed to converge.

The behaviour of the network is governed by the energy functions

1. .
EHorf(y (1)) = —EYT(t)CY(t) plleny (1)) = —%?T(t+ 1)CY (1)

E. E

\\\/ﬁ‘\ /“57.’ / %\%ﬂc\ // ,

Ty I

\' Vhnoisy

Staric attractor Dynamic attractor
Wcrk always converges: as long as Cij=Cji = [Gorodnichy&Reznik'97]




By looking at the synaptic
weights Cij, one can say
what is stored:

- how many main attractors
(stored memories) it has.

- how good the retrieval is.

\_

Building memory from blocks

1. E.g.: Facial memory - modeled as
collection of mutually inter-connected
N associative (attractor-based) networks
Yi(t +1) =sign( Y Cj;¥;(1)) . .
= - One for orientation

- One for gender
- One for association with voice, etc

2. After one network (of features)
reaches an attractor, it passes the
information to the next network (of
name tags)

To build a distributed (over mary8. Neurons responsible for specific tags
computers and many countries)  will fire, passing information to other
model of real brain (witl0°to neural blocks

Idea for the
“International Brain Station”

\ 10 neurons) !

\Joo far-fetched? — Possibly, no. /
N—

Possible outcomes

S10 - 0000100000 — one effector neuron fires
face in a frame is associated with one person: (confident)

S11-11111101111 or 0000100001 — several neuron fire
face is associated with several individuals: (hesitating or confusing)

S00 — 0000000000 — none of neurons fire
face is not associated with any of the seen faces

Final decision is made over several frames:

0000100000 0000100000 8888328888
0000000000 0010100000 0000100000
0000100000 0000100000

0000100000
\ 0000100000 0000100000 0000100000/

Part Ill:

Faces in Video




What's the deal?

Face recognition systems performance
(from biometrics forums, NATO Biometrics workshop,
Ottawa, Oct. 2004)

H%n & #
, B% "& #
I I

v s
\ But why ?

The reason ?

iris

face in document

eye & skin colour, height

Different image-based biometrics modalities

;

& g -
2 g fingerprint
‘ g £ face in video
¥ = 2 n
— sa gait

e —

Acceptability & Collectability

Which face part is most informative?
What is the minimal size?

1. By studying previous work:
[CMU, MIT, UIUC, Fraunhofer, MERL, ...]

2. By examining averaged faces:

9x9 12x12

16x16

24x24

HE IEL Iﬂl
BE TR AEE

Surprised to the binary
proportions of our
faces? 2100

10D

24

\_

210D




Devine proportions of face (L. da Vinci) ?

http://goldennumber.net/face.htm
Human face Phi ratios (1+1/a=a)

Applicability of 160x120 video

h

A\ccording to face anthropometrics race[vimage yaimage [ 18 T T8
) ) size image | image
-studied on BiolD database Inpixels |80x80 |40x40 |20x20 |10x10
-tested with Perceptual Vision interfaces [ Eewesn 40 20 10 5
. . eyes-
-observed in cinematography Eye 20 10 5 2
N
We | o5 |-
FS © © © b
FD () © b
FT [0) © b
FL [0} b -
FER © © b
FC © © b
FM/FI [0) ©
o3
+5+ "+,

What can be detected

The range of facial orientation and expression tolerated
by current face detection technology
can find faces as long as i.0.d >10 pixels
in bad illumination,
with different orientations,
facial expressions

\ If face is too far or badly oriented: /

Example: Face
Recognition in Video

\_




From video frame to neural values

Face-looking regions are detected using rapid class fifiers.
They are verified to have skin colour and not to be static.

(Face rotation is detected and rotated, eye aligned and)* resampled
to 12-pixels-between-the-eyes resolution face is ex  tracted.

This vector is then appended by nametag vector (E=  000010000)
In recognition (E=000000000)

Synapses Cij are updated with projection learning* using V = (R,E)

Brain model: N=1738

Extracted face is converted to a binary feature vec  tor* (R=1010011...

What do we want?

To incorporate all we know into VideoRecLibrary.lib to be
used for many applications.

A Video Recognition system is built by =

the same techniques (.lib) +
\ a-priory task-specific knowledge (main()) /

Part 3: Overview of techniques

Colour space.

Video processing and recognition:
» General rules and principles

» Popular techniques

o Useful OpenCV functions

 Demonstrations

\_ /

Perform image analysis in a non-linearly
transformed colour space, such as HSV or YCrCb
that preserves colour inter-relationship (separates
brightness from colour).

We use UCS (perceptually uniform colour space),
which is a non-linear version of the YCrCb space
obtained from the empirical study on
psychophysical thresholds of human colour
perception

\_ /




Local importance

Global image intensity and colour normalization,
(histogram equalization and normalization) is good.

But local (fovea-driven) image analysis is better.
This not only enhances video information, but also
provides a way to filter out noise.
Includes:

local intensity normalization [Ralph Gross]

local structure transforms [Bernhard Froba]
median filter and morphological dilation and closing.

For the same reason, it is often preferable to analyze

\gradient images rather than absolute-value images.

/

Collective decision

Use collective-based decisions rather than pixel-
based.

This includes
using support areas for change/motion detection

using higher-order parametrically represented objects
(such as lines and rectangles for detection and tracking
instead of raw pixels that comprise the objects.)

From pixels to parts to objects

\_ J

Accumulation over time.

Object detection schemes: 1

Finally, the temporal advantage of video, which
allows one to observe the same scenery or object
over a period of time, should be used.

Includes:
Histogram-based learning: accumulates values
doesn't learn intra-value relationship
Correlation learning: updates intra-value information
learns also local structure information
Other: Bayesian believe / Evidence propagation

\_ /

1/ Extraction from a background

when the object features are not known in advance
(e.g. when the objects is of unknown colour or shape)

when the camera is stationary with respect to the
background.

commonly used for surveillance applications

Techniques:

non-linear change detection techniques, which
consider a pixel changed based on the patch
around the pixel rather than the pixel itself,

statistical background modeling (such as the
Mixtures of Gaussians technique) that learns the
values of the background pixels over time.

\ second order change detection /




Example

Object detection schemes: 2

Non-linear change detection
&econd-order change detection [Gorodnichy’03]

J

2/ By recognizing the object dominant features.
when object features (colour, shape, texture) are known

when the camera-scenery setup is such that makes
background/foreground computation impossible.

Used for Face and skin detection

skin colour detection with edge merging techniques
[Terrillon,Nolker]

hysteresis-like colour segmentation of skin colour [Argyros]

\_ /

Example

Object detection schemes: 3

3/ Detection by tracking

the past information about object location and size is
used to narrow the area of search and to detect the
object.

Speeds up the detection of objects

Makes it possible to detect occluded/disappearing
objects.

Challenging problem: Multi-object tracking
Can be resolved by on-the-fly memorization of objects

\using associative principles (NRC) /




Part V.
Examples of use:

Perceptual Vision Technology

www.perceptual-vision.com

Computer Vision _ allows computers
to see.

Perceptual Vision _allows computers
to understand what they see

Examples:

Tracking for computer-user interfaces: Nouse

Detection and tracking of pianist hands and
fingers

Recognition and tracking for surveillance: ACE-
surveillance

Face recognition:
QTV shows & for computer login

/

A.C.E. Surveillance

ACE stands for
Automated (Annotated) Critical Evidence
Problem addressed:

Recording space problem

Data management problem

Solution — do as much as possible automated Video
Recognition at the time of capture

Critical Evidence Snapshot (CES) _is defined as a
video snapshot that provides to a viewer a piece of

Q‘ormation that is both  useful and new . /




Challenges:

Face Tracking for computer control

Challenges:
Poor visibility
Poor images (esp. Wireless cameras)
Manageability of data

\_

Key idea behind Nouse

By computer-vision standards, video tracking is ill posed
problem: Slight change in input (face orientation) way
result in big change in output (cursor position).

==> Hence, jerkiness in tracking visually distinctive
“features”, even when smoothing filters are used (such
as the averaging results of best N template matches)

Reformulated in mathematical way: design such a
template that makes mapping (i,j) = F(x,y,z,a,b,cla
continuous function. ==> Second best matches should
lie close to the best match.

==> |ntensity values around best match should change

gradually!

hanks to mother Nature, we have convex-shape nose!

For user with accessibility needs (e.qg. residents of SCO Ottawa Health
Center) will benefit the most. But also for other users.

1. Where - to see where is a user: {x,y,z...}

2. What - to see what is user doing: {actions}

------

: '
v
- —> Dbinaryevent = —>
M
\\\ PUI xy,za,bg .l v
£ recognition / Unknown User

— memorization —»|

TTOTitoT

@his feature should be unique and visible at all times.

\Our goal: to built systems which can do all three tasks./




Nouse: Now with user recognition How do we test?

Using video-sequences!

Seeing a face in video sequence, recognize it in
another video sequence.

Suggested Benchmarks:
IIT-NRC Video-based face database:

synapse.vit.iit.nrc.ca/db/video/faces
(pairs of facial videos: one for learning, one for testing)

Using TV (VCD) recordings

Recognize actors / politicians:
\ / \from “on the same stage” to “in different stages and years” /

Try it yourself lIT-NRC facial database

Pairs of 160x120 low-quality lot-
of-variation mpeg-ed videos.
Faces occupy 1/4-1/8 of frame
(iod = 10-20 pixels)

11 individuals registered:

ID1-10 are memorizes, ID 0 — not

- Works with your web-cam or .avi file

Shows “brain model” synapses as watch (in memoriz ation mode)
- Shows nametag neurons states as your watch a facia | video (in recognition mode)




Annotations of faces on TV Future (promising) trends

in research:

Problem: Recognize faces in 160x120 _mpegl video . _ _
recognition assisted tracking

] tracking assisted recognition
+ in multi-camera setups
Steven, in industry:
Gilles*

Interaction (hands-free),
Enhancement (e-presence)
* 4 guests memorized with 15 secs Secu rity

clips showing face

« 20 mins video used for recognition Thank you!

Q/orecognition / \ Questions and discussion welcome! /




