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Abstract

In this paper we proposea novel implementationof
thelevel setmethodthat achievesreal-timelevel-set-based
videotradking. In our fastalgorithm, the evolution of the
curve is realizedby simple opertions sud as switching
elementdbetweentwo linked lists and there is no needto
solve any partial differential equations. Furthermoe, a
novel procedue basedon Gaussianltering is introduced
to incorporate boundarysmoothneseegularization. By re-
placing the standad curve length penalty with this new
smoothingprocedug, further speedupsre obtained. An-
other advantae of our fast algorithmis that the topolagy
of the curvescan be contmlled easily For the tracing of
multiple objects,we extendour fast algorithm to maintain
the desied topolagy for multiple objectboundariesbased
onideasfromdiscretetopolagy. With our fastalgorithm,a
real-timesystemhas beenimplementecn a standad PC
and only a small fraction of the CPU power is usedfor
tracking. Resultfromstandad testsequenceandour real-
time systenare presented.

1. Intr oduction

Real-timetracking of object boundariesis an impor-
tanttaskin mary vision applicationssuchasvideo suneil-
lance, video conferencing,and human-computeinterac-
tion, etc. Parametriccontourshave beenappliedsuccess-
fully to achieve real-time performance[127, 6, 19, but
they have dif culties in handlingtopologicalchangesuch
asthememging andsplitting of objectregions. For this pur-
posethelevel setmethod[1% is amorepowerful technique
andvariousmodelshave beenproposed[216, 4, 14, 9, 21].
But the high computationatostof thelevel setmethodhas

This work was partially supportecby The Air ForceOf ce of Scien-
tic ResearclunderGrantF49620-03-1-0257The National Institutesof
HealthunderGrantNINDS 1 RO1NS34189andTheEngineeringesearch
centersprogramof the NSFunderaward EEC-9986821

limited its popularity in real-time scenarios. In this pa-
per, we proposea novel approachto implementthe level
setmethod. Our approachdoesnot needto solve ary par
tial differentialequation§PDES) thusreducingthecompu-
tation dramaticallycomparedwith optimizednarrav band
techniquesproposedefore. With our approachyeal-time
level-set-basedideotrackingcanbe achieved.

Tracking modelsusing level setscan be classi ed as
edge-basedr region-basedIn [16], ageodesianodelthat
combinesnotionandedgeinformationwasproposedSuch
edge-basedhodelscanbe tracedbackto the snale model
in [13]. Basedon morphingimages,an early work on
region-basedrackingwasproposedn [2]. Using the dif-
ferencebetweenthe currentframe and a referenceback-
ground, a region-basedmodel was proposedin [4]. By
generalizingheregion competition[22 idea, statisticalap-
proachesbecomequite popularrecently In [14, 21], the
featuredistributions of both the objectandbackgrounde-
gions were usedfor tracking. In [9], a prede ned distri-
bution for the objectregion was tracked by minimizing a
Kullback-Leibleror Bhattacharyyalistance.

Considerablavork hasbeendoneto improve the speed
of level-set-basedurve evolution. The basicideahasbeen
to limit the solutionof the level setPDE to a narrov band
aroundthe zerolevel set[1,17, 20, 16], but issuessuchas
narrav bandconstructionreinitializationandstepsizecon-
trol still malke existing level setmethodscomputationally
too expensve for real-timetracking.

The novel implementationwe proposein this paper
avoids the above problems. Our approachis basedon the
key obsenration that implicitly representecturves canbe
moved by simply switching elementsbetweentwo linked
lists. We alsoproposea Gaussianltering processo replace
curvature-basedmoothing,andthis further speedup our
algorithm. Anotheradwantageof our methodis thatideas
for controllingtopologicalchangesn [11] canbeincorpo-
ratedinto our algorithmeasily which canbeimportantfor
thetrackingof multiple objectsandmedicalimagingappli-
cations. With our fastlevel setimplementationwe have



developeda region-basedeal-timevideo tracking system
requiringonly asmallfractionof the CPUpower onastan-
dard PC, leaving computationalpower available for other
tasks,suchasrecognition trajectoryanalysis gtc.

Therestof the paperis organizedasfollows. In Section
2, we presentthe tracking model usedin this paper Our
fastlevel setimplementatiorfor thetwo-region caseis then
presentedn Section3. For the caseof multiple objectre-
gions,we extendour fastalgorithmto incorporateopology
controlcapabilitiesin Section4. Real-timetrackingresults
arepresentedn Section5. Finally conclusionsaaremadein
Section6.

2. Tracking Model

In this paper we use a region-basedtracking model
basedon theregion competition[22 idea,but our fastlevel
setimplementatioris alsoapplicablefor edge-basedod-
els.

We assumeeachsceneof the video sequenceas com-
posed of a backgroundregion o and M object re-
gions 1; 2; ; m. Theboundariesof theseM ob-
ject regions are denotedas C;;C,;  ;Cyn . We model
each region with a feature distribution p(vj m)(m =
0;1, ; M), wherev is the featurevectorde ned at each
pixel. For example thefeaturescanbethecolor, theoutput
of a Iter bankdesignedo modeltextures,or othervisual
cues.Assumingthatthefeaturedistribution at eachpixel is
independentthe trackingresultof eachframeis the mini-
mum of thefollowing region competitionenegy:

Z NG Z
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whereE is thedata delity termthatrepresentshelikeli-
hoodof thecurrentsceneEg is for smoothnessegulariza-
tion andis proportionatto thelengthof all curves,and is
the non-ngative regularizationparameter

By computingthe rst variationof this enegy, thecurve
evolution equationfor the minimizationof this enepgy is:

dc
d_tm = (Fa+ F)Ng, (m=12 ;M) (2

whereN¢,, isthenormalof Cp, pointingoutward,andFg
andF arethespeedesultingfrom E4 andEs, respectiely.
The speedF4 representshe competitionbetweentwo re-
gionsanditis Fq = log[p(v(X)] m)=p(V(X)] out)], where

out denotegheregionoutsideC, atx 2 C,,. Thespeed
Fs makesthe curve smoothandit is Fs = , Where is
thecunature.

0

Figure 1. The implicit representation of the
curve C; and the two lists Li, and Loy in the
neighborhood of Cj.
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Figure 2. lllustration of the motion of the
curve C; by switc hing pixels between L, and
Lout .

Sincethe focus of this paperis on real-timelevel set
implementatiorfor video tracking, we usea simpletrack-
ing stratgy asfollows. For eachframe,we usethe track-
ing resultsfrom the last frame as the initial curves, and
thenevolve eachcurwe accordingto (2) to locatethe object
boundariesn the currentframe.Onceit stopswe maove on
to trackthe next frameof thevideosequence.

3. FastLevel Setimplementation

In this sectionwe presentfastlevel setimplementation
of thecurve evolution processn (2) whenthescends com-
posedof only thebackground ( andasingleobjectregion

1. Extensionsarethenmadeto trackmultiple objectswith
differentfeaturedistributionsin the next section.

To representhe background o andthe objectregion

1, we usea level setfunction whichis nggative in
andpositve in 5. Basedon this representationye de ne
two lists of neighboringpixelsL i, andL, of C; asshavn
in Fig. 1. Formally, they arede ned as:

Lout = fXj (X) > Oand 9y 2 Ny4(x) suchthat (y) < Og;
Lin = fXj (X) < 0and 9y 2 N4(x) suchthat (y) > Og



whereN4(x) is a 4-connectedliscreteneighborhoodf a
pixel x with x itself removed.

In corventionalimplementationsf thelevel setmethod,
anevolution PDEis solvedeitherglobally onthewholedo-
main or locally in a narrav bandto evolve the curve ac-
cordingto (2). Our fastlevel setimplementatioris based
onthekey obsenationthattheimplicitly representedurve
C1 canbe evolved at pixel resolutionby simply switching
the neighboringpixels betweernthetwo lists L, andL oy -
For example,aswe shawv in Fig.2,thecurve C; movesout-
wardat pixel A andshrinksandsplitsat pixel B compared
with the curve shawvn in Fig.1. This motioncanberealized
by simply switching pixel A from Loy to Li, , and pixel
B from Li, to Loy . By doing this for all the pixelsin
Li» andL gy, the curve canbe moved inward or outward
for one pixel everywherein one scan. Sincethe cure is
still representednplicitly, topologicalchangesanbehan-
dledautomatically With thisidea,we canachieve level-set-
basedcurwe evolution at pixel resolutionandthis is usually
enoughfor mary imagingapplications Next we presenthe
detailsof our fastalgorithm.

3.1 BasicAlgorithm

The datastructureusedin our implementatioris asfol-
lows:
An arrayfor thelevel setfunction ;
An arrayfor theevolution speed-;
Two bi-directionallylinkedlists of neighboringpixels:
Lin andLgyt .

Besidegheinsideandoutsideneighboringpixelscontained
in Li, andL oy, we call thosepixelsinside C; but notin
Lin asinterior pixelsandthosepixelsoutsideC; but notin
Loyt asexterior pixels For fastercomputationye de ne
asfollows:

3 3 if X is anexterior pixel,
_ 1 ifx2Llou,
(l)_ 3 1 |f52 I—iny (3)

3 if x isaninterior pixel.

To switch pixels betweenLj, andL ., we de ne two
basicprocedure®n our datastructure.
Theprocedureswitch in() for apixelx 2 Loy moves
the curve outward one pixel at x by switching it from
Lot to Lin andaddingall its neighboringexterior pix-
elsto Loyt . Formally this procedurds de ned asfollows:
switch in(x):
Stepl: Deletex from L o andaddit toLj, . Set
x)= 1

Step2: 8y 2 Ny(x) satisfying (y) = 3, addy
to Lout, andset (y) = 1.

Similarly, the switch out() procedurethat movesthe
cune inward onepixel atx 2 Lj, is de ned asfollows:

switch out(x) :
Stepl: Deletex fromLj, andaddittoL o, . Set
(x) =L

Step2: 8y 2 Ny(x) satisfying (y) =
ytoLin,andset (y)= 1.

3, add

To tracktheobjectboundarywe computethespeedatall
pixelsin Loy andLj, andstoretheirsignin thearrayF.
We rst scanthroughthelist L o, andapplyaswitch in ()
proceduratapixel if F = +1. After this scan someof the
pixelsin Lj, becomeinterior pixels andthey aredeleted.
Wethenscarthroughthelist L, andapplyaswitch out()
procedurdor apixelwith F = 1. Similarly, exterior pix-
elsin Loy aredeletedafter this scan. At the end of this
iteration,a stoppingconditionis checled. If it is satis ed,
we stopthe evolution; otherwise we continuethis iterative
processin ourimplementationthefollowing stoppingcon-
dition is used:

Stopping Condition. Thecurveevolutionalgorithm stops
if eitherof thefollowing conditionsis satis ed:

(a) Thespeedat ead neighboringpixel satis es:

F(x) 08x2Lou;
F(xX) 08x2Li: 4)

(b) A pre-speci ed maximum number of iterations is
readed.

The conditionin (4) is very intuitive in the senseof re-
gion competition. Whenthe cune is on the objectbound-
ary, all thepixelsin Lo arein thebackgroundandall the
pixelsin L, arein theobjectregion. When(4) is satis ed,
they disagreewith eachotheron which directionto move
the curve and corvergenceis reached. Whenthe datais
noisy or thereis clutter, regularizationis necessargnd(4)
maynot be alwayssatis edin the nal curve. Thuspart(b)
of theconditionis alsonecessaryo stopthe evolution.

The above algorithm canbe appliedto arbitrary speed
elds and speedsup the evolution processin (2) dra-
matically comparedwith previous narrav bandtechniques
basedn solvingthelevel setPDE. For the curve evolution
equationin (2), we canachieve a further speeduby intro-
ducinga novel schemethat separateshe evolution driven
by the datadependenspeedrF4 andthe smoothingspeed
Fs into two differentcycles. In spirit, this ideais similar
to the work in [10] which proposeda fastmethodto im-
plementthe Chan-\ésemodel[3 over the whole domain,
but the two-cycle algorithmwe presentnext is still based
on updatingthetwo linkedlistsLj, andLy to evolvethe
implicitly representedurve.



3.2 Two-cycleAlgorithm

In the cunve evolution equationin (2), the speedr¢ for
smoothnessegularizationis a function of the cunature,
which is computationallyquite expensve to evaluategen-
erally. However whenthe level setfunction is chosenas
the signeddistancefunction, the cunvaturetakesa simpler
form and equalsthe Laplacianof From the theory of
scale-space[]8we know that evolution of a function ac-
cordingto its Laplacianis equivalentto Gaussianltering
the function. Motived by this obsenation, we proposeto
incorporatesmoothnessegularizationusinga Gaussianl-
teringprocesgo furtherspeedup our algorithm.

LetusdenoteanisotropicGaussianiter ofsizeNg Ny
asG. To smooththe zero level set, we computethe re-
sponseof to the Gaussianlter only at pixelsin thetwo
listsLi, andL oy . Dueto theneedof maintainingour data
structure,we do not take the outputof the Gaussianlter
directly. Only whenthe sign of the outputis differentfrom
theoriginal valueof  ata pixel, we applya switch in()
or switch out() procedurgo move the zerolevel set;oth-
erwise,theoriginal valueof is kept.

To combinethis smoothingprocesswith the evolution
of the datadependenspeedFy, we proposea two-cycle
algorithm.In the rst cycle of our algorithm,we evolve the
cune accordingto F4 usingthe fastalgorithmproposedn
Section3.1. In the secondcycle, we apply the Gaussian

Itering processto incorporatesmoothnessegularization.
Thedetailsof this algorithmarelistedin Table1.

Two factorsmake this two-cycle algorithm fasterthan
cunature-basedegularization. Whenthe noiseis low, we
can reducethe parameterNg or increasethe parameter
N, to reducethe percentagef computationallocatedfor
smoothnessegularization. The secondreasonis that we
canimplementthe Gaussianltering processwith integer
operationsincewe only careaboutthe sign of its output.

To conclude,we will use the two-cycle algorithm in
our level-set-basetracking. With this fastimplementation,
real-timetrackingcanbeachieved.

4. Tracking Multiple Objects

In this sectionwe extendourfastalgorithmto trackmul-
tiple objectswith differentfeaturedistributions.

For therepresentationf multiple objectregions,we use
two functions: one region indication function and one
level setfunction . Thissimplerepresentatiois motivated
by theworkin [8]. Theregionindicationfunctionis de ned
asfollows:

X)=m; fx2 p(m=201 ;M) (5

For thetrackingof eachframe,we assumeheinitial curves
for all the objectregionsare separatedy the background

Table 1. The Two-cycle Fast Algorithm

Step1: Initialize the array , Fgq, the two lists L oy
andLi, .

Step2(cycle one):Fori=1:N, do

— Computethe speedFq4 for pixelsin Loy and

I-in ;

— For eachpixel x 2 Lou, switch in(x) if
Fa(x) > O;

— Foreachpixelx 2 Lin,if 8y 2 N(x); (y) <
0, deletex from L, ,andset (x) = 3.

— For eachpixel x 2 Lj,, switch out(x) if
Fa(x) < 0;

— Foreachpixelx 2 Loy ,if 8y 2 N(x); (y) >
0, deletex from L ot , andset (x) = 3.

— Checkthe stoppingcondition. If it is satis ed,
goto Step3; otherwisecontinuethis cycle.

Step3(cycletwo): Fori=1:N4 do
— For every pixel X in Loy , computeG (x).
If G (x) < 0, switch in(x);
— Foreachpixelx 2 Lin , if 8y 2 N(x); (y) <
0, deletex fromL» , andset (x) = 3.

(x). If

— Foreverypixelx in Lin , computeG
G (x) > 0, switch out(x).

— Foreachpixelx 2 Loy ,if 8y 2 N(x), (y) >
0, deletex from Lot , andset (x) = 3.

Step4: If the stoppingconditionis satis edin cycle
one, terminatethe algorithm; otherwise,go backto
Step2.

region, but arbitrarytopologyis allowedin the nal track-
ing result. The level setfunction is negative inside all
the objectregionsandpositive in the backgroundFor each
objectregion (1 m M), two lists of neighboring
pixelsL] andL{,, canbede nedaswe did for thecaseof
singleobjectregion. Heretheinterior pixelsarethosepix-
elsinsidethe objectregionsbut not containedin ary L,
and exterior pixels are thosepixels in the backgroundout
notin ary Lg,; . Similarto thetwo region casethelevel set
functionis de ned as:

8
% 3 if X is anexterior pixel;
1

(x) = ifx2Ly foraoyl m M; ©)
31 ifx2Lp forayl m M;

3 if x is aninterior pixel.

To evolvetheM cunesCy; Cy; ; Cm andkeeptrack
of all theregions,weevolve and simultaneouslyvhile



keepingall theobjectregionsfrom meigingwith eachother
This kind of topologycontrolrequirementganberealized
easilyin our fastalgorithmsby incorporatingideasin dis-
cretetopology[3 11]. In the following, we introducere-
lated conceptsin the contet of video tracking. For more
detaileddiscussiorabouttopologicalnumbersanddiscrete
topology see[3].

Let Ng(x) denotethe 3 3 neighborhoodcenteredat
a pixel x but with x removed, and o, denotethe union
of all the objectregions (1 m M). The topo-
logical numberof x with respectto -,'-s the numberof
4-connecteccomponentsn the set o,  Ng(x) andwe
denoteit as Topj (X). The topologicalnumberof x with
respectto the backgroundregion oTis the numberof 8-
connecteccomponentsn theset o Ng(x) andwe de-
noteit asTyg(x). Accordingto [3], the pixel x is asimple
pointif both Topj (X) = 1 andTpeg(x) = 1. For asimple
point, its removal or additionto o, Will not changethe
topologyof  op; .

Basedon the idea of topolagical numbes, a topology
preservinglevel setmethodwas developedin [11] which
doesnot permitary splitting or meiging of the curve. Here
ourrequiremenis morechallenging We wantto allow each
region (1 m M) tohave morethanoneconnected
componentandthey canmeige andsplit atwill if they be-
long to the sameobjectregion, but we alsowantto prohibit
the memging of two connecteccomponentsf they arefrom
differentobjectregions. To achieve this goal, we propose
the conceptof the relaxedtopolagical numberfor a pixel
x2LN:, @ m M) asfollows:

De nition. Forapixelx 2 L7, (1 m M), if the
numberof objectregionsthatintersectwith Ng(x) is  (X),
its topolagical numberwith respecto  op; is Top; (X), and
its topolagical numberwith respectto ¢ is Tpg(X), then

the relaxedtopological number of x is de nedas:
T (x) = min( (x); max(Tobj (X); Tog(X))):

If x is asimplepoint,thenT, (x) = 1 andits additionto
anobjectregion will not causetwo differentobjectregions
to meme. If x is notasimplepointbut (x) = 1, we still
have T, (x) = 1. This meansthatthe additionof x to an
object region will causethe memge of connectedcompo-
nentsfrom the sameobjectregion. For all the othercases,
we have T, (x) > 1, thusthe relaxed topologicalnumber
at a pixel canbe usedto preventthe memging of different
objectregionswhile allowing e xible topologicalchanges
within eachobjectregion. Basedon this idea, we modify
theswitch in() andswitch out() procedurdo update
and totracktheM objectregionsaswe evolve the zero
level set. The modi ed proceduresare listed as follows:

(b)

Figure 3. (a) The original image and the ini-
tial curves(in white). One initial curve is used
for each object region. (b) The segmentation
result is shown in the region indication func-
tion.

switch in(x)forx 2L, (1 m M):

Stepl: ComputeT, (x). If T, (x) = 1, continue
to step2; otherwise gxit the procedure.

Step2: Deletex from Ly, andaddittoLf; . Set

(x)= 1land (x)=m.
Step3: 8y 2 Ny(x) satisfying (y) = 3, addy
toLgy . andset (y) = 1

switch out(x)forx2Lh (1 m M):

Stepl: Deletex fromL{ andaddittoLf, . Set
(x) = land (x) = 0.
Step2: 8y 2 Ny4(x) satisfying (y) = 3, add

ytoL{},andset (y) = 1.

Similar to the caseof a single objectregion, we usea
two-cycle algorithmto track multiple objectregions. Com-
paredwith the algorithmusedto track oneobject,we need
to scanthrough2M listsLiy andL3,,(m = 1,2, ;M)
in eachiterationof cycle oneandtwo to track M objects.
After the two-cycle algorithm nishes, we performa like-
lihood test for eachpixel in LT, (1 m M) with
T, (X) > 1 andsetits valuein the region indicationfunc-
tion as:

(X) = agmaxp(v(x)j m) (7)
m2Sy
where \
Sy =f1 m Mj 5, NgXx) 6:9:

Herep(j m) is thefeaturedistribution for eachobjectre-
gion usedin (1). By performingthis likelihood test, we
canassignpixels enforcedasbackgroundbeforeto proper
objectregionsand enablethe nal trackingresultto have
arbitrarytopology suchasmultiple objectregionsconnect-
ing with eachother With all the regionslabeled,the nal



Figure 4. Tracking results of the Hall monitorsequence . Frame 41,49,57,65 are shown.

Figure 5. Tracking results of the Tennissequence . Frame 1,38,45,65 are shown.

trackingresultis savedin  for the currentframeandwe
move onto thenext frame.

In Fig. 3, we illustrateanimageseggymentationexample
using our algorithm. The noisy original image showvn in
Fig. 3(a)is composedf the backgroundegion andfour
objectregions. We startwith four initial curvesto local-
ize thefour objectregionsof differentintensities.With our
method,successfubggmentationis obtainedandwe showv
theregion indicationfunctionin Fig. 3(b). Note thatonly
oneof thecurwveis ableto splitinto two partsto localizetwo
connectedcomponentghat belongto the sameobjectre-
gion. This exampledemonstratethe power of our method
to representindlocalize multiple regionswith the desired
topology

5. Results

In this section,we presentsomereal-timetracking re-
sultsusingour fastlevel setimplementationAll theresults
presentedh this sectionwererunonal.7GHzPC.

5.1 Resultsof TestSequences

We rst presentrackingresultsfrom threestandardest
seguences.

In the rst example,we tracka personin the Hall mon-
itor sequencén CIF formatfrom frame41to 65. The rst
frame of this sequencas usedas a referenceframe. The
featurev usedhereis the magnitudeof the intensity dif-
ferencebetweerthe currentframeandthereferencdrame.
A Gaussiardistribution is assumedor boththe objectand
backgroundegion. As we canseefrom thetrackingresults
shavn in Fig. 4, we successfullfrackedthe personandhis
shadaev, andtopologicalchangef the curvesarehandled
automaticallyashewalksin thehallway. For thissequence,
theaveragetrackingtime is 0.0069sperframe.

In the secondexample,we shav the trackingresultsof
65 framesfrom the Tennissequenceén SIF format. TheY
andV component®f the YUV color at eachpixel areused
asthe feature. The featuredistribution of the objectand
backgroundregion is modeledwith a 32 32 histogram.
Usingtheinitial curve, we learnthe histogramfor eachre-
gion in the rst frame of the video sequence.As shavn
in Fig. 5, we successfullytracked the playerashe moves
into the scene.The averagetrackingtime for eachframeis
0.005s.

In the third example,we track the faceof the character
in the Carphonesequencen QCIF format for 40 frames.
Thehueandsaturatiorcomponentsf thecolorin theHSV
spaceat eachpixel areusedasthefeature.Thetransforma-
tion of color spacerom YUV to HSV is performedonline.
Giventheinitial curvein the rst frame,we learnthedistri-
bution of the featurefor both the faceandthe background
region andstoretheresultsin a histogramof size32 32
Eventhoughthe headof the charactemovesdramatically
in a clutteredbackgroundn this sequenceye arestill able
to trackthefacesuccessfullyasshavn in Fig. 6. The aver-
agetrackingtime for this sequencés 0.0066sperframe.

Fromtheresultsof thesesequencesye canseethatour
level setimplementatioris ableto track objectsin a video
sequencet a rate much fasterthanthe real-timerequire-
ment. This makesour algorithmreadyto be incorporated
into real-timecontourtrackingsystemswvhereonly a small
fraction of the CPU time can be allocatedto the tracking
algorithm.

5.2 Resultsfrom Our Real-time Tracking System

As a demonstrationwe have implementeda real-time
tracking systemwhich includesvideo capturing,tracking,
motionanalysisandthedisplayingof trackingresults.This
systenrunsat 24 framesperseconconal.7GHzPC.



Figure 6. Tracking results of the Carphonesequence . Frame 1,20,30,40 are shown.
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Figure 7. The block diagram of our tracking
system.

A block diagramof our systemis shawvn in Fig. 7.
We usetheimageacquisitiontoolbox of Matlabto capture
video sequence$from a WebCam. The capturedframeis
sentto thetrackingalgorithmimplementedn C++. Track-
ing resultsfrom this moduleare forwardedto an optional
motion analysisalgorithmonceit is available. After that,
the nal resultsaresentbackto Matlabfor displaying.Then
thenext frameis capturedrom theWebCanto continuethe
trackingprocess.Currentlywe usecolor asthe featurefor
tracking.

We shawv two examplesfrom our tracking system. For
bothexamplesthe sizeof eachframeis 352 288 In the
rst example wetrackthemotionof two handsasshavnin
Fig. 8. Thissequenc@cludesvarioustopologicalchanges,
suchasthemeiging of curves,the creationof holes,andthe
splitting of curves. With this example,we demonstrat¢hat
complicatedopologicalchange€anbetrackedin real-time
with our system.

In the secondexample,we tracktwo objectsof different
color distributions using the algorithm for the tracking of
multiple objectsdevelopedin Sectiord. In themotionanal-
ysis module,we implementeda simple collision detection
algorithmby looking for pixelswith T, (x) > 1. Aswecan
seefrom theresultsshavn in Fig. 9, whenthetwo objects
collide, the boundarybetweenthesetwo regionsis labeled
in white color. By trackingthisinterface we candetectand
follow the collision process. Meanwhilethe deformation
and movementof the two objectsare tracked successfully
in real-time.

6. Conclusion

In this paper we have proposeda fastlevel setimple-
mentatiorwithouttheneedof solvingary PDEs.Real-time
resultshave beenachieved for the tracking of both single
andmultiple objects.With our approachareal-timevideo
trackingsystemhasbeenimplementedn a standard®C.
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