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Abstract

In this paper we proposea novel implementationof
the level setmethodthat achievesreal-timelevel-set-based
videotracking. In our fast algorithm, the evolution of the
curve is realizedby simpleoperations such as switching
elementsbetweentwo linked lists and there is no needto
solve any partial differential equations. Furthermore, a
novel procedure basedon Gaussian�ltering is introduced
to incorporateboundarysmoothnessregularization.By re-
placing the standard curve length penalty with this new
smoothingprocedure, further speedupsare obtained. An-
other advantage of our fast algorithm is that the topology
of the curvescan be controlled easily. For the tracking of
multiple objects,we extendour fast algorithm to maintain
the desired topology for multiple objectboundariesbased
on ideasfromdiscretetopology. With our fastalgorithm,a
real-timesystemhasbeenimplementedon a standard PC
and only a small fraction of the CPU power is usedfor
tracking. Resultsfromstandard testsequencesandour real-
timesystemarepresented.

1. Intr oduction

Real-time tracking of object boundariesis an impor-
tanttaskin many vision applicationssuchasvideosurveil-
lance, video conferencing,and human-computerinterac-
tion, etc. Parametriccontourshave beenappliedsuccess-
fully to achieve real-time performance[12, 7, 6, 19], but
they have dif�culties in handlingtopologicalchangessuch
asthemerging andsplitting of objectregions.For this pur-
pose,thelevel setmethod[15] is amorepowerful technique
andvariousmodelshavebeenproposed[2, 16, 4, 14, 9, 21].
But thehigh computationalcostof thelevel setmethodhas
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limited its popularity in real-time scenarios. In this pa-
per, we proposea novel approachto implementthe level
setmethod.Our approachdoesnot needto solve any par-
tial differentialequations(PDEs),thusreducingthecompu-
tation dramaticallycomparedwith optimizednarrow band
techniquesproposedbefore. With our approach,real-time
level-set-basedvideotrackingcanbeachieved.

Tracking modelsusing level setscan be classi�ed as
edge-basedor region-based.In [16], a geodesicmodelthat
combinesmotionandedgeinformationwasproposed.Such
edge-basedmodelscanbe tracedbackto the snake model
in [13]. Basedon morphing images,an early work on
region-basedtrackingwasproposedin [2]. Using the dif-
ferencebetweenthe current frame and a referenceback-
ground, a region-basedmodel was proposedin [4]. By
generalizingtheregion competition[22] idea,statisticalap-
proachesbecomequite popularrecently. In [14, 21], the
featuredistributionsof both theobjectandbackgroundre-
gions were usedfor tracking. In [9], a prede�neddistri-
bution for the object region was tracked by minimizing a
Kullback-Leibleror Bhattacharyyadistance.

Considerablework hasbeendoneto improve thespeed
of level-set-basedcurve evolution. Thebasicideahasbeen
to limit thesolutionof the level setPDEto a narrow band
aroundthe zerolevel set[1,17, 20, 16], but issuessuchas
narrow bandconstruction,reinitializationandstepsizecon-
trol still make existing level set methodscomputationally
tooexpensive for real-timetracking.

The novel implementationwe proposein this paper
avoids the above problems.Our approachis basedon the
key observation that implicitly representedcurves can be
moved by simply switchingelementsbetweentwo linked
lists. WealsoproposeaGaussian�ltering processto replace
curvature-basedsmoothing,andthis further speedsup our
algorithm. Anotheradvantageof our methodis that ideas
for controllingtopologicalchangesin [11] canbeincorpo-
ratedinto our algorithmeasily, which canbe importantfor
thetrackingof multipleobjectsandmedicalimagingappli-
cations. With our fast level set implementation,we have
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developeda region-basedreal-timevideo trackingsystem
requiringonly asmallfractionof theCPUpoweronastan-
dard PC, leaving computationalpower available for other
tasks,suchasrecognition,trajectoryanalysis,etc.

Therestof thepaperis organizedasfollows. In Section
2, we presentthe trackingmodelusedin this paper. Our
fastlevel setimplementationfor thetwo-regioncaseis then
presentedin Section3. For the caseof multiple objectre-
gions,weextendour fastalgorithmto incorporatetopology
controlcapabilitiesin Section4. Real-timetrackingresults
arepresentedin Section5. Finally conclusionsaremadein
Section6.

2. Tracking Model

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

We assumeeachsceneof the video sequenceis com-
posed of a backgroundregion 
 0 and M object re-
gions 
 1; 
 2; � � � ; 
 M . The boundariesof theseM ob-
ject regions are denotedas C1; C2; � � � ; CM . We model
each region with a feature distribution p(vj
 m )(m =
0; 1; � � � ; M ), wherev is thefeaturevectorde�ned at each
pixel. For example,thefeaturescanbethecolor, theoutput
of a �lter bankdesignedto modeltextures,or othervisual
cues.Assumingthatthefeaturedistributionat eachpixel is
independent,the trackingresultof eachframeis the mini-
mumof thefollowing regioncompetitionenergy:

E = �
MX

m =0

Z


 m

logp(v(x)j
 m )dx

| {z }
E d

+ �
MX

m =1

Z

Cm

ds

| {z }
E s

(1)

whereEd is thedata�delity termthatrepresentsthelikeli-
hoodof thecurrentscene,Es is for smoothnessregulariza-
tion andis proportionalto thelengthof all curves,and� is
thenon-negative regularizationparameter.

By computingthe�rst variationof thisenergy, thecurve
evolutionequationfor theminimizationof thisenergy is:

dCm

dt
= (Fd + Fs) ~NCm (m = 1; 2; � � � ; M ) (2)

where ~NCm is thenormalof Cm pointingoutward,andFd

andFs arethespeedresultingfrom Ed andEs, respectively.
The speedFd representsthe competitionbetweentwo re-
gionsandit is Fd = log[p(v(x)j
 m )=p(v(x)j
 out )], where

 out denotestheregion outsideCm at x 2 Cm . Thespeed
Fs makesthecurve smoothandit is Fs = �� , where� is
thecurvature.
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Figure 1. The implicit representation of the
cur ve C1 and the two lists L in and L out in the
neighborhood of C1.
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Figure 2. Illustration of the motion of the
cur ve C1 by switc hing pix els between L in and
L out .

Since the focus of this paperis on real-time level set
implementationfor video tracking,we usea simpletrack-
ing strategy asfollows. For eachframe,we usethe track-
ing resultsfrom the last frame as the initial curves, and
thenevolve eachcurve accordingto (2) to locatetheobject
boundariesin thecurrentframe.Onceit stops,wemove on
to trackthenext frameof thevideosequence.

3. FastLevel SetImplementation

In thissection,wepresentafastlevel setimplementation
of thecurveevolutionprocessin (2) whenthesceneis com-
posedof only thebackground
 0 andasingleobjectregion

 1. Extensionsarethenmadeto trackmultipleobjectswith
differentfeaturedistributionsin thenext section.

To representthe background
 0 and the object region

 1, we usea level set function � which is negative in 
 1

andpositive in 
 0. Basedon this representation,we de�ne
two listsof neighboringpixelsL in andL out of C1 asshown
in Fig. 1. Formally, they arede�ned as:

L out = f xj� (x) > 0 and 9y 2 N4(x) suchthat� (y) < 0g;

L in = f xj� (x) < 0 and 9y 2 N4(x) suchthat� (y) > 0g

2



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

In conventionalimplementationsof thelevel setmethod,
anevolutionPDEis solvedeithergloballyon thewholedo-
main or locally in a narrow bandto evolve the curve ac-
cordingto (2). Our fast level set implementationis based
on thekey observationthattheimplicitly representedcurve
C1 canbe evolved at pixel resolutionby simply switching
theneighboringpixelsbetweenthetwo lists L in andL out .
For example,asweshow in Fig.2,thecurveC1 movesout-
wardat pixel A andshrinksandsplitsat pixel B compared
with thecurve shown in Fig.1. This motioncanberealized
by simply switchingpixel A from L out to L in , andpixel
B from L in to L out . By doing this for all the pixels in
L in andL out , the curve canbe moved inward or outward
for onepixel everywherein onescan. Sincethe curve is
still representedimplicitly, topologicalchangescanbehan-
dledautomatically. With this idea,wecanachievelevel-set-
basedcurve evolution at pixel resolutionandthis is usually
enoughfor many imagingapplications.Next wepresentthe
detailsof our fastalgorithm.

3.1 BasicAlgorithm

Thedatastructureusedin our implementationis asfol-
lows:

� An arrayfor thelevel setfunction� ;
� An arrayfor theevolutionspeedF ;
� Two bi-directionallylinkedlistsof neighboringpixels:

L in andL out .

Besidestheinsideandoutsideneighboringpixelscontained
in L in andL out , we call thosepixels insideC1 but not in
L in asinterior pixelsandthosepixelsoutsideC1 but not in
L out asexterior pixels. For fastercomputation,wede�ne �
asfollows:

� (x) =

8
>><

>>:

3 if x is anexteriorpixel,
1 if x 2 L out ,
� 1 if x 2 L in ,
� 3 if x is aninteriorpixel.

(3)

To switch pixels betweenL in andL out , we de�ne two
basicproceduresonourdatastructure.

Theprocedureswitch � in () for a pixel x 2 L out moves
the curve outward one pixel at x by switching it from
L out to L in and adding all its neighboringexterior pix-
els to L out . Formally this procedureis de�ned asfollows:

switch � in (x) :

� Step1: Deletex from L out andaddit to L in . Set
� (x) = � 1.

� Step2: 8y 2 N4(x) satisfying� (y) = 3, addy
to L out , andset� (y) = 1.

Similarly, the switch � out() procedurethat moves the
curve inward onepixel at x 2 L in is de�ned as follows:

switch � out(x) :

� Step1: Deletex from L in andaddit to L out . Set
� (x) = 1.

� Step2: 8y 2 N4(x) satisfying� (y) = � 3, add
y to L in , andset� (y) = � 1.

To tracktheobjectboundary, wecomputethespeedatall
pixels in L out andL in andstoretheir sign in the arrayF .
We�rst scanthroughthelist L out andapplyaswitch � in ()
procedureatapixel if F = +1 . After thisscan,someof the
pixels in L in becomeinterior pixels andthey aredeleted.
Wethenscanthroughthelist L in andapplyaswitch � out()
procedurefor a pixel with F = � 1. Similarly, exteriorpix-
els in L out aredeletedafter this scan. At the endof this
iteration,a stoppingconditionis checked. If it is satis�ed,
we stoptheevolution; otherwise,we continuethis iterative
process.In ourimplementation,thefollowingstoppingcon-
dition is used:

Stopping Condition. Thecurveevolutionalgorithmstops
if eitherof thefollowingconditionsis satis�ed:

(a) Thespeedat each neighboringpixel satis�es:

F (x) � 0 8x 2 L out ;

F (x) � 0 8x 2 L in : (4)

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

The conditionin (4) is very intuitive in the senseof re-
gion competition.Whenthecurve is on theobjectbound-
ary, all thepixels in L out arein thebackgroundandall the
pixelsin L in arein theobjectregion. When(4) is satis�ed,
they disagreewith eachotheron which directionto move
the curve and convergenceis reached. When the data is
noisyor thereis clutter, regularizationis necessaryand(4)
maynotbealwayssatis�edin the�nal curve. Thuspart(b)
of theconditionis alsonecessaryto stoptheevolution.

The above algorithm can be appliedto arbitraryspeed
�elds and speedsup the evolution processin (2) dra-
maticallycomparedwith previousnarrow bandtechniques
basedon solvingthelevel setPDE.For thecurve evolution
equationin (2), we canachieve a furtherspeedupby intro-
ducinga novel schemethat separatesthe evolution driven
by the datadependentspeedFd and the smoothingspeed
Fs into two differentcycles. In spirit, this idea is similar
to the work in [10] which proposeda fast methodto im-
plementthe Chan-Vesemodel[5] over the whole domain,
but the two-cycle algorithmwe presentnext is still based
on updatingthetwo linkedlists L in andL out to evolve the
implicitly representedcurve.
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3.2 Two­cycleAlgorithm

In the curve evolution equationin (2), the speedFs for
smoothnessregularizationis a function of the curvature,
which is computationallyquite expensive to evaluategen-
erally. However when the level set function is chosenas
the signeddistancefunction, the curvaturetakesa simpler
form and equalsthe Laplacianof � . From the theory of
scale-space[18], we know that evolution of a function ac-
cordingto its Laplacianis equivalent to Gaussian�ltering
the function. Motived by this observation, we proposeto
incorporatesmoothnessregularizationusinga Gaussian�l-
teringprocessto furtherspeedupouralgorithm.

Let usdenoteanisotropicGaussian�lter of sizeNg � Ng

as G. To smooththe zero level set, we computethe re-
sponseof � to theGaussian�lter only at pixels in the two
lists L in andL out . Dueto theneedof maintainingourdata
structure,we do not take the outputof the Gaussian�lter
directly. Only whenthesignof theoutputis differentfrom
theoriginal valueof � at a pixel, we applya switch � in ()
or switch � out() procedureto move thezerolevel set;oth-
erwise,theoriginal valueof � is kept.

To combinethis smoothingprocesswith the evolution
of the datadependentspeedFd, we proposea two-cycle
algorithm.In the�rst cycleof ouralgorithm,weevolve the
curve accordingto Fd usingthefastalgorithmproposedin
Section3.1. In the secondcycle, we apply the Gaussian
�ltering processto incorporatesmoothnessregularization.
Thedetailsof thisalgorithmarelistedin Table1.

Two factorsmake this two-cycle algorithm fasterthan
curvature-basedregularization.Whenthenoiseis low, we
can reducethe parameterNg or increasethe parameter
Na to reducethe percentageof computationallocatedfor
smoothnessregularization. The secondreasonis that we
can implementthe Gaussian�ltering processwith integer
operationssinceweonly careaboutthesignof its output.

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

4. Tracking Multiple Objects

In thissection,weextendourfastalgorithmto trackmul-
tiple objectswith differentfeaturedistributions.

For therepresentationof multipleobjectregions,weuse
two functions: one region indication function  and one
level setfunction� . Thissimplerepresentationis motivated
by thework in [8]. Theregionindicationfunctionis de�ned
asfollows:

 (x) = m; if x 2 
 m (m = 0; 1; � � � ; M ): (5)

For thetrackingof eachframe,weassumetheinitial curves
for all the object regionsareseparatedby the background

Table 1. The Two­cycle Fast Algorithm

� Step1: Initialize the array � , Fd , the two lists L out

andL in .

� Step2(cycleone):For i=1:N a do

– Computethe speedFd for pixels in L out and
L in ;

– For eachpixel x 2 L out , switch � in (x) if
Fd (x) > 0;

– For eachpixel x 2 L in , if 8y 2 N (x); � (y) <
0, deletex from L in , andset� (x) = � 3.

– For eachpixel x 2 L in , switch � out(x) if
Fd (x) < 0;

– For eachpixel x 2 L out , if 8y 2 N (x); � (y) >
0, deletex from L out , andset� (x) = 3.

– Checkthe stoppingcondition. If it is satis�ed,
go to Step3; otherwisecontinuethiscycle.

� Step3(cycle two): For i=1:Ng do

– For every pixel x in L out , computeG 
 � (x).
If G 
 � (x) < 0, switch � in (x);

– For eachpixel x 2 L in , if 8y 2 N (x); � (y) <
0, deletex from L in , andset� (x) = � 3.

– For everypixel x in L in , computeG 
 � (x). If
G 
 � (x) > 0, switch � out(x).

– For eachpixel x 2 L out , if 8y 2 N (x), � (y) >
0, deletex from L out , andset� (x) = 3.

� Step4: If the stoppingconditionis satis�ed in cycle
one, terminatethe algorithm; otherwise,go back to
Step2.

region, but arbitrarytopologyis allowed in the �nal track-
ing result. The level set function � is negative inside all
theobjectregionsandpositive in thebackground.For each
objectregion 
 m (1 � m � M ), two lists of neighboring
pixelsL m

in andL m
out canbede�ned aswedid for thecaseof

singleobjectregion. Heretheinterior pixelsarethosepix-
els insidethe objectregionsbut not containedin any L m

in ,
andexterior pixelsare thosepixels in the backgroundbut
not in any L m

out . Similar to thetwo regioncase,thelevel set
functionis de�ned as:

� (x) =

8
>>><

>>>:

3 if x is anexteriorpixel;
1 if x 2 L m

out for any 1 � m � M ;
� 1 if x 2 L m

in for any 1 � m � M ;
� 3 if x is aninteriorpixel.

(6)

To evolve theM curvesC1; C2; � � � ; CM andkeeptrack
of all theregions,we evolve � and simultaneouslywhile
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keepingall theobjectregionsfrom mergingwith eachother.
This kind of topologycontrol requirementscanberealized
easilyin our fastalgorithmsby incorporatingideasin dis-
cretetopology[3, 11]. In the following, we introducere-
latedconceptsin the context of video tracking. For more
detaileddiscussionabouttopologicalnumbersanddiscrete
topology, see[3].

Let N8(x) denotethe 3 � 3 neighborhoodcenteredat
a pixel x but with x removed, and 
 obj denotethe union
of all the object regions 
 m (1 � m � M ). The topo-
logical numberof x with respectto 
 obj is the numberof
4-connectedcomponentsin the set 
 obj

T
N8(x) and we

denoteit as Tobj (x). The topologicalnumberof x with
respectto the backgroundregion 
 0 is the numberof 8-
connectedcomponentsin the set 
 0

T
N8(x) andwe de-

noteit asTbg(x). Accordingto [3], thepixel x is a simple
point if both Tobj (x) = 1 andTbg(x) = 1. For a simple
point, its removal or addition to 
 obj will not changethe
topologyof 
 obj .

Basedon the idea of topological numbers, a topology
preservinglevel set methodwas developedin [11] which
doesnot permitany splitting or merging of thecurve. Here
ourrequirementis morechallenging.Wewantto allow each
region 
 m (1 � m � M ) to have morethanoneconnected
componentsandthey canmergeandsplit at will if they be-
long to thesameobjectregion,but wealsowantto prohibit
themerging of two connectedcomponentsif they arefrom
differentobjectregions. To achieve this goal, we propose
the conceptof the relaxedtopological numberfor a pixel
x 2 L m

out (1 � m � M ) asfollows:

De�nition. For a pixel x 2 L m
out (1 � m � M ), if the

numberof objectregionsthat intersectwith N8(x) is � (x),
its topological numberwith respectto 
 obj is Tobj (x), and
its topological numberwith respectto 
 0 is Tbg(x), then
the relaxedtopologicalnumber of x is de�nedas:

Tr (x) = min(� (x); max(Tobj (x); Tbg(x))) :

If x is a simplepoint, thenTr (x) = 1 andits additionto
anobjectregion will not causetwo differentobjectregions
to merge. If x is not a simplepoint but � (x) = 1, we still
have Tr (x) = 1. This meansthat the additionof x to an
object region will causethe merge of connectedcompo-
nentsfrom thesameobjectregion. For all theothercases,
we have Tr (x) > 1, thus the relaxed topologicalnumber
at a pixel canbe usedto prevent the merging of different
objectregionswhile allowing �e xible topologicalchanges
within eachobjectregion. Basedon this idea,we modify
theswitch � in () andswitch � out() procedureto update�
and to track theM objectregionsaswe evolve thezero
level set. The modi�ed proceduresare listed as follows:

(a) (b)

Figure 3. (a) The original image and the ini­
tial cur ves(in white). One initial cur ve is used
for each object region. (b) The segmentation
result is sho wn in the region indication func­
tion.

switch � in (x) for x 2 L m
out (1 � m � M ):

� Step1: ComputeTr (x). If Tr (x) = 1, continue
to step2; otherwise,exit theprocedure.

� Step2: Deletex from L m
out andaddit to L m

in . Set
� (x) = � 1 and (x) = m.

� Step3: 8y 2 N4(x) satisfying� (y) = 3, addy
to L m

out , andset� (y) = 1.

switch � out(x) for x 2 L m
in (1 � m � M ):

� Step1: Deletex from L m
in andaddit to L m

out . Set
� (x) = 1 and (x) = 0.

� Step2: 8y 2 N4(x) satisfying� (y) = � 3, add
y to L m

in , andset� (y) = � 1.

Similar to the caseof a singleobject region, we usea
two-cycle algorithmto trackmultiple objectregions.Com-
paredwith thealgorithmusedto trackoneobject,we need
to scanthrough2M lists L m

in andL m
out (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 L m

out (1 � m � M ) with
Tr (x) > 1 andset its valuein the region indicationfunc-
tion as:

 (x) = argmax
m 2 SM

p(v(x)j
 m ) (7)

where

SM = f 1 � m � M j
 m

\
N4(x) 6= ;g :

Herep(�j 
 m ) is the featuredistribution for eachobjectre-
gion usedin (1). By performingthis likelihood test, we
canassignpixels enforcedasbackgroundbeforeto proper
object regionsandenablethe �nal trackingresult to have
arbitrarytopology, suchasmultipleobjectregionsconnect-
ing with eachother. With all the regionslabeled,the �nal

5



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

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

trackingresult is saved in  for the currentframeandwe
move on to thenext frame.

In Fig. 3, we illustratean imagesegmentationexample
using our algorithm. The noisy original imageshown in
Fig. 3(a) is composedof the backgroundregion andfour
object regions. We start with four initial curves to local-
ize thefour objectregionsof differentintensities.With our
method,successfulsegmentationis obtainedandwe show
the region indicationfunction in Fig. 3(b). Note thatonly
oneof thecurveis ableto split into two partsto localizetwo
connectedcomponentsthat belongto the sameobject re-
gion. This exampledemonstratesthepower of our method
to representandlocalizemultiple regionswith the desired
topology.

5. Results

In this section,we presentsomereal-timetracking re-
sultsusingour fastlevel setimplementation.All theresults
presentedin this sectionwererunona1.7GHzPC.

5.1 Resultsof TestSequences

We �rst presenttrackingresultsfrom threestandardtest
sequences.

In the �rst example,we tracka personin theHall mon-
itor sequencein CIF formatfrom frame41 to 65. The�rst
frameof this sequenceis usedasa referenceframe. The
featurev usedhereis the magnitudeof the intensity dif-
ferencebetweenthecurrentframeandthereferenceframe.
A Gaussiandistribution is assumedfor both theobjectand
backgroundregion. As wecanseefrom thetrackingresults
shown in Fig. 4, wesuccessfullytrackedthepersonandhis
shadow, andtopologicalchangesof thecurvesarehandled
automaticallyashewalksin thehallway. For thissequence,
theaveragetrackingtime is 0.0069sperframe.

In the secondexample,we show the trackingresultsof
65 framesfrom theTennissequencein SIF format. TheY
andV componentsof theYUV color at eachpixel areused
as the feature. The featuredistribution of the object and
backgroundregion is modeledwith a 32 � 32 histogram.
Usingthe initial curve, we learnthehistogramfor eachre-
gion in the �rst frame of the video sequence.As shown
in Fig. 5, we successfullytracked the playerashe moves
into thescene.Theaveragetrackingtime for eachframeis
0.005s.

In the third example,we track the faceof the character
in the Carphonesequencein QCIF format for 40 frames.
Thehueandsaturationcomponentsof thecolor in theHSV
spaceat eachpixel areusedasthefeature.Thetransforma-
tion of color spacefrom YUV to HSV is performedonline.
Giventheinitial curve in the�rst frame,we learnthedistri-
bution of the featurefor both the faceandthe background
region andstoretheresultsin a histogramof size32 � 32.
Even thoughthe headof the charactermovesdramatically
in a clutteredbackgroundin this sequence,we arestill able
to trackthefacesuccessfullyasshown in Fig. 6. Theaver-
agetrackingtime for thissequenceis 0.0066sperframe.

Fromtheresultsof thesesequences,we canseethatour
level setimplementationis ableto trackobjectsin a video
sequenceat a ratemuch fasterthan the real-timerequire-
ment. This makesour algorithmreadyto be incorporated
into real-timecontourtrackingsystemswhereonly a small
fraction of the CPU time canbe allocatedto the tracking
algorithm.

5.2 Resultsfr om Our Real­timeTracking System

As a demonstration,we have implementeda real-time
trackingsystemwhich includesvideo capturing,tracking,
motionanalysisandthedisplayingof trackingresults.This
systemrunsat24 framespersecondona1.7GHzPC.
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Figure 6. Tracking results of the Carphonesequence . Frame 1,20,30,40 are sho wn.
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Figure 7. The bloc k diagram of our trac king
system.

A block diagramof our systemis shown in Fig. 7.
We usethe imageacquisitiontoolboxof Matlabto capture
video sequencesfrom a WebCam. The capturedframe is
sentto thetrackingalgorithmimplementedin C++. Track-
ing resultsfrom this moduleare forwardedto an optional
motion analysisalgorithmonceit is available. After that,
the�nal resultsaresentbackto Matlabfor displaying.Then
thenext frameis capturedfrom theWebCamto continuethe
trackingprocess.Currentlywe usecolor asthe featurefor
tracking.

We show two examplesfrom our trackingsystem. For
bothexamples,thesizeof eachframeis 352� 288. In the
�rst example,wetrackthemotionof two handsasshown in
Fig. 8. Thissequenceincludesvarioustopologicalchanges,
suchasthemergingof curves,thecreationof holes,andthe
splitting of curves.With this example,we demonstratethat
complicatedtopologicalchangescanbetrackedin real-time
with oursystem.

In thesecondexample,we tracktwo objectsof different
color distributionsusing the algorithmfor the trackingof
multipleobjectsdevelopedin Section4. In themotionanal-
ysis module,we implementeda simplecollision detection
algorithmby looking for pixelswith Tr (x) > 1. As wecan
seefrom theresultsshown in Fig. 9, whenthetwo objects
collide, theboundarybetweenthesetwo regionsis labeled
in whitecolor. By trackingthis interface,wecandetectand
follow the collision process. Meanwhilethe deformation
andmovementof the two objectsaretracked successfully
in real-time.

6. Conclusion

In this paper, we have proposeda fast level set imple-
mentationwithout theneedof solvingany PDEs.Real-time
resultshave beenachieved for the trackingof both single
andmultiple objects.With our approach,a real-timevideo
trackingsystemhasbeenimplementedonastandardPC.
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