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Abstract

We proposean automaticcamea calibration methodto
determinethe positionand orientationof a newly installed
cameas in our humantracking system.Dueto the increas-
ing costof camen calibration, automaticalgorithmsare
required. In our method,both 3D position tracking re-
sultsand 2D positionsand sizeson camer image planes
are used. Becauseve employa simple2D to 3D position
translationmethodbasedon the observedsize of the tar-
get, the calibration resultsbecomestableevenif the input
dataincludeslarge observatiorerrors. Observationdythe
newly installedcamen are takeninto accountwhile track-
ing toincreasehereliability of thecalibrationresult.Using
this method the costof installing new cameasin a human
tracking systemcan be effectivelyreduced. Experimental
resultsshowthe effectivenessf the proposednethod.

1. Intr oduction

We have beeninvestigatinga vision-basechumanmo-
tion tracking systemfor a non-contacttomputerinterface
[1, 2]. Thetargetsof our motiontrackingsystemincludea
faceimage,body height,and shirt color for humanidenti-
fication. By detectingsuchmotioninformation,the system
can be broadly applied, suchas for interactionin virtual
ervironments jn informationproviding systemsableto re-
spondto a users position,andin surweillancesystems.

Many humantracking systemausingimageshave been
proposedto date[3, 4, 5, 6]. Thesesystemsare usually
basedon oneor two viewpoints.In humanmotiontracking,
arestrictednumberof camerasn a systemcanoftencause
problemssuchasocclusionsa smalldetectionarea,andan
insuficient accurag. However, a humantracking system

using multi-viewpoint imagescan reduceocclusions,and
canbeexpectedo provide robustdetection7, 8, 9].

Unfortunately sucha systemrequiresmary camerago
track humanmovementsin a wide area. This produces
several problems. As mary vision systemsassumesi-
multaneousobserations by all camerasfor 3D measure-
ment, a synchronousnechanism(for the obsenations)is
required. In synchronoussystemshowever, the process-
ing efficiency becomesvorsewith anincreasinghumberof
cameraglueto the processingime differencesamongthe
cameras.Furthermoreredundang amongmultiple obser
vationsincreasesvith anincreasinghumberof camerasTo
reducetheseproblemswe earlierproposed systembased
on nonsynchronoumultiple obsenations[10].

Another problemis that the calibration cost becomes
higher as the numberof viewpoints (the numberof cam-
eras)is increased.We think that the scalability produced
by systemexpansioncan be significantin a tracking sys-
temusingmulti-viewpointimages.Accordingly, automatic
cameracalibrationshouldbe a key technologyhere.

Leeetal. have proposeda methodto determinegeomet-
rical relationsamongmultiple camerag11]. This method
requirescoplanaimagefeaturesandanon-linearalgorithm
for the calculations.We have proposedan automaticcam-
eracalibrationtechniqueusingtarget motion models[12].
We linearizedour calibration algorithm basedon the ob-
sened sizesof targets. The estimationsof target motion
aregivenby thetrackingsystem[10]. In this paperwe ex-
pandthemethodto includeaccurag evaluations.Usingthis
techniquegachnewly installedcameracanjoin the track-
ing processautomaticallypasedn anestimatedalibration
accurag and we can easily add/deleteobsenation nodes
(camerasjo/from our humantrackingsystem.



2. SystemConfiguration
2.1 Processlow

This sectiondescribesheoutlineof ourmultiple camera
basedhumantracking system. The systemconfiguration
andprocesdlow areshavn in Figurel. First, the obsena-
tion nodesperform featureextraction on the input images
obtainedndependentlfrom every camera.

After matchingbetweenthesefeatures(representegbo-
sition, head position, foot position, and the body region
color), and after the tracking node sendspredictedobser
vation positions,the obsenation nodessendthesefeatures
andtheobsenationtime to the trackingnode. Theremain-
ing (unmatchedfeaturesare sentto the discosering node.
Eachobsenationnoderunsindependently

Thediscoreringnodecandetecta humanthatnewly ap-
pearsin the sceneusing the unmatchednformation sent
from the obsenationnodes.Eachnew humandetectiorre-
sultis sentto thetrackingnode,andtrackingis started.

In the tracking node, the nev humaninformation and
obsenationinformationaretheinitial valueandinputvalue,
respectrely, andthe humanstate(position,directionangle,
height,etc.)is updatedby usinga Kalmanfilter. Moreover,
thefaceregion is detectedusingthe positionanddirection
angleestimatiorresults.
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Figure 1. System Diagram

2.2 Observation Node

This sectionbriefly explainsthe processingf the obser
vationnodes.First, aninputimageis dividedinto a human
region anda backgroundegion [13], anda distancetrans-
formationis appliedto the humanregion. Eachpixel of the
distancetransformedmagehasa certaindistancefrom its
nearesboundarypixel (Figure 2 right). We extract those
pixels having the maximumvalue in the transformedm-
ageasrepresentatie pointsof theregion. Furthermorethe
position of a headpoint and the colors of body partsare
extractedfrom theimage(Figure3).

Next, we describethe methodof matchingbetweenthe
tracking targets (model) already discorered and the ex-
tractedfeatures Linearuniform motionsof a humanp; are
assumedh thetrackingnode,andthe predictedpositionof
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Figure 2. Feature Extraction

Figure 3. Example of Feature Extraction

humanp; attimet is expressedy a 2D Gaussiardistribu-
tion. Here, the averageof the distribution is setto X, ;
andthecovariances setto S, ;.

The weak perspectie projection of the distribution
N(X,, +,Sp,:) of a predicted position to an image i
is identical to the following 1D Gaussiandistribution
n(Zp; 1, 8p; ¢,4), andthis shavs thehumanexistenceprob-

ability onimages.
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A featurepointwith the maximumoccurrencerobabil-
ity of anobsenationto thetrackingmodelis consideredo
be anobseration of humanp;, andis labeledp;[10]. The
labeledfeaturepoint is sentto the trackingnodeas obser
vationinformation. However, a featurepoint matchedwith
two or morehumansds judgedto be occludedat thetime of
the obsenation,andis notsent.

The obsenration information (positions, times) of un-
matchedeaturepointsis sentto thediscoreringnode.

2.3 Discovering Node

Thediscoreringnodecandetecta humanthatnewly ap-
pearsin the scene.And, a matchedmodelis addedto the
trackingnode. Sinceobsenation informationis acquired
asynchronouslythe usualstereomatchingcannot be used.
Instead amatching(discovery) techniqueusingKalmanfil-
teringaccordingo seriesnformationis used[10].

Information obsered at four differenttimesis selected
from theunmatchedbsenredinformationsentfrom theob-
senation nodes. The Kalmanfilter is thenupdated.If the
errorsbetweenthe predictedtrajectoryand eachobsened
information are lessthana threshold,this information be-
comesthe featurepoint setbelongingto the new human.
The latestestimatedposition of the humanis sentto the
trackingnodeastheinitial discovery positionof thehuman.



2.4. Tracking Node

Here,the humanmodelsundertrackingareupdatedus-
ing theimagefeatureamatchedwith the modelsin eachob-
senationnode[10].
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Figure 4. Observation Model

Letusconsidemuniformmovementsandexpresghestate
of humanp; as X,,; = (X, Yy, +Xp,,¢Yp, ) in the
world coordinates(X, Y)(Figure 4). ij,t is the speed
of direction X. Theinitial stateis determineddy the new
modelinformationsentfrom the discoseringnode.

Let usconsidetthesituationwherethetargetis obsened
onetime with camerai. With the information sentfrom
obsenationnodei, thisobsenationis expressedsfollows.

HR, C;=HR, X, +e 2

Here,C, is the positionof thecameraand R, , ; is the
clockwiserotation of angle ¢, ;: ;, which is madeby an
epipolardine andtheY axis. Here,e istheobsenationerror.

Theabove obsenationmodelconstitutesa Kalmanfilter
andthestateof humanp; is updated.

The updatingprocessandpredictionof the humanstate
are performedfor every cameraindependently The state
predictionof humanp; attime¢+1 is expressedby a Gaus-
siandistribution, the meanis X, ;11, andthe covariance
matrixis S, :+1. Theresultof the statepredictionis cal-
culatedandsenton demando the obsenationnodesandis
utilized for the featurepoint matchingstatedabove. A hu-
manmodelmaoving out of a detectionrangeis deleted and
thetrackingof the humanis stopped.

An exampleof apositiontrackingresultis shavn in Fig-
ure 5. The dashedline shavs the setting value and the
solid line shows the estimatedesult. Generally the results
shavedstabletracking. performed.

3. CameraCalibration

Here letusconsidethecasethatanuncalibratecdcamera
(i.e.,the positionanddirectionof the cameraareunknavn)
is addedto the system We assumehatpeoplewalk around
in thesceneandalsothatthe motionsof the peopleareob-
sened by several cameras.The obsenation nodethat has
the uncalibratedcameracan obtain 3D information of the
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Figure 5. Tracking Result

peoplefrom thetrackingnode.In addition,the positionand
sizeinformationof featurepointsregardinga humanimage
canbeobsenedonanimageplaneof theuncalibrateccam-
eraitself. In this section,we describea cameracalibration
algorithmusingsuchinformation.

3.1 Cameracalibration algorithm

We assumédhat X ; . .. X,,, the 3D positionsof feature
pointsof the trackingtamget, 1 . . . x,,, the obsered posi-
tion in theimage,andw; . .. w,, the sizesof the obsered
targetin theimage areobtainedtheabsolute3D sizeof the
targetis unknawn).

Figure 6. Feature Point Projection

We also assumethat the intrinsic cameramatrix of a
cameraA is given. Then, the relationshipof X, the 3D
positionsof featurepointsin the world coordinatesandx,
theobsenredpositionsin theimage,is expressedsfollows.
Rotationmatrix R andtranslationvectort expressthe po-
sition anddirectionof the cameran theworld coordinates.

B
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Here,as =[0 0 1].
Let X . bethe 3D positionsof featurepointsin the cam-
eracoordinates.

X.=[R t ﬁ(] . @)
s m = AX.. (5)



Fromthe 2D positionsof theobseredfeaturesonimage
planex andthe size of featurepointsw, X . canalsobe
expresseasfollows.
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Then,Z,_, the z elementof X ., canbe expressedsfol-
lows.

Zy, = SQm3 [ﬂ (8)

Assuminga weak perspectie transformatioraboutthe
imagefeature,Z,. canalsobeexpressedvith thewidth of

featurepointsw,

k
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ams {ﬂ is constanfrom as
(11)

Fromtheobseredx andw, X . canbecomputedasfollows.
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When the pair of Xi,...,X,. ®1,...,%,.
wi,...,wy IS given, Xg,..., Xy can be calcu-

latedfrom x4, ... ,x,. wi,...,w, using Equation(12)
mXy = RX;+t
mX;, = RX,+t. (13)
Therefore, mX;=RX +t. (14)
butX;=1%" X, X=21%" X;) FromEqua-
tions(13) and(14) B B
m (X -X;) = R(X1-X)
m(Xy, - Xy) = R(X,-X). (15

A rotation matrix that satisfiesEquation(15) is calcu-
latedas R, which minimizesthe following equationusing
singularvaluedecomposition.

i o —Xe) (X — X)

Xo—x] Fx-x|
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Then, m is calculatedfrom Equation(15) usinga least
squaremethod,

X, -X
= (X% Xrp) 'X%R SR (17)
X,-X
Here,
Xfl Xf
Xr= . (18)
X, —Xf

t is determinedy subsutitutingn, R in Equation(14).

3.2 Err or Estimation

By usingtheabove algorithm,therotationmatrix R and
positiont of eachnewly addedcameracanbe determined.
We have to evaluatethe accurag of R andt andhave to
obtainthevariances, of theerrore of Equation(2) to com-
posethe new obsenation nodewith thesecamera. From
Equation(3), the variances,. can be calculatedwith the
variationsA R andAt.

02 =b(AE[ARXX'AR/|A’

+AE[AtAY|ANY Ly, 4 (19)
~ b(AE[ARX XAR/|A’
+AE[AtAY|ANY Ly, 10 (20)
Here,
b=1[100] (21)

Sincel,, + i thedistancd)etweemamqrﬁi andhuman
X p, + is unknawn, it is approximatedy L, ; ; calculated
usingpredictedposition X, ;.

E[AtAt'] canbecalculatedasfollows.

E|AtAY] = m*E[ARX ;X | AR/]
+02 R'X ;X (R (22)

Here,o2, is thevarianceof m basedn Equation(17).

The errorvarianceof rotationmatrix R is calculatedoy
analgorithmgivenin literature[14, 15], andthevariableof
theabove equationis determined.

3.3 Implementation

We appliedthe proposecameracalibrationalgorithmto
our humantrackingsystem asfollows. Whena humanre-
gion wasobtainedat an obsenation nodehaving anuncal-
ibrated camerathe obsenration nodesentthe obsenation
time to the tracking node, and obtainedthe 3D headand
foot positionsandshirt color of the target. The shirt color
wasalsodetectedn the obseredimageat the obseration



nodelocally. Then,a similarity evaluationwas performed
betweerthetrackingmodelandtheimagefeatureusingthe
colorinformation. Becauseét satisfieda threshold thatob-
senationwasusedfor the cameracalibration.

The cameracalibrationalgorithm describedn the pre-
vious sectionwasthenperformedwith the 2D information
aswell asthe 3D positionobtainedfrom the trackingnode,
andthe calibrationerror was estimated. For stabletrack-
ing purposesthefixednumberof obserationsatthe newly
installedcamerawasinitially usedfor calibrationonly. Af-
ter that period,the newly installedcamerawill joinedthe
humantrackingprocessautomatically

Theprocesdlow is shavn in Figure?.
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Figure 7. Process Flow

4. Experiments

To confirmthe availability of this algorithm,the follow-
ing experimentsvereperformed.

Five cameraqcamera®-4) werearrangedas shavn in
Figure8. Eachcamerawasconnectedo a PC (Pentiumll
400MHz). The cameraand PC composedan obsenation
node. All inputimageswere processeat the obsenration
nodes.The processingpeedvasabout5-6 frames/sec.
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Figure 8. Camera Arrangement

EachPCwasconnectedo the samenetwork andthein-
ternalclock wassynchronizedy NTP (Network Time Pro-
tocol). The discorering nodeandtrackingnodewerealso
connectedo thenetwork.

Eachcameraexceptcameras3,4 hadalreadybeencali-
brated,and eachobsenration nodesentcameraparameters
and obsered information (obsenation time, position,and
color of afeaturepoint) to the discovering nodeandtrack-
ing node.In this experiment,a humanwalkedin thescene,

andthe humanwastracked usingcamera$-2. The obser

vation nodeshaving uncalibrateccameras3,4 acquiredes-
timated3D positionsof the headandfoot of thetargetfrom

the tracking node,andthen calibratedtheir camerasising
this informationaswell as2D features(2D headposition,
2D foot position,andheightof the humanregion) obtained
from their own images. Figure9 shaws the distribution of

3D headpositionsand3D foot positionsusedin the experi-

ment.
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Figure 10. Calibration Results

Figure10shaws estimatedesultsof thecamergparame-
tersfor camera3 (the horizontalaxis shovs the obsenation
count,andthe dashedine denoteghe parametewaluecal-
culatedby hand. In this example,this camerajoined the
trackingafter 60 obsenations). Figure11 shavs estimated
errorsof camergparametersAs canbeseentheestimation
errorsdecreasavith increasinghumberof obsenations.

Next, we measurecthangesn the accurag of human
trackingbeforeand after camerasvere added. In this ex-
perimentfirst, threecalibratedcameragrackedhumanmo-
tions,andthentwo new camerasvereaddedo the system.
The latter cameraswvere automaticallycalibratedwith our
algorithm.We comparedhetrackingaccurag betweerthe



Figure 11. Calibration Errors

Table 1. Human Tracking Accuracy(cm?)

PointA | PointB | PointC | PointD
3 Cameras NA NA | 74.837| 82.168
5Cameras| 157.41| 189.51| 22.325| 42.491

two casesWe measuredhetrackingaccurag atfour fixed
positionsasshowvn in Figure8.

Here, the estimated3D positions of a personwere
recordedor 10 secondsandthe variancegtraceof the co-
variancematrix) of the estimated3D positionswere com-
pared.Theresultsareshavnin Tablel. Thetrackingresults
at pointsA andB werenot applicablein the three-camera
casebecaus¢heboundsof thetrackingareawereexceeded.
With the additionof the two camerasthesepointswerein-
cludedin thetrackingarea. In addition,ascanbeenseen,
thetrackingaccurag wasimprovedat pointsC andD with
the new cameras.This suggestshatwe caneasily expand
the tracking areaand also canimprove the tracking accu-
ragy. Using this techniqguemultiple camerabasedhuman
trackingsystemsanbeinstalledin wider area.

5. Conclusion

This paperdescribesan algorithm for automaticcam-
eracalibration. The rotationsand the positionsof newly
installedcameraganbe automaticallycalibratedfrom hu-
mantrackingresultsusingnon-synchronousiultiple obser
vations. The newly installedcamerasanjoin the tracking
processautomaticallyaccordingo theestimatedtalibration
errors. This algorithm canbe usedto expandthe tracking
areaandalsoincreasehetrackingaccurag. Ourtechnique
reduceghe costof changingcameraarrangementWe con-
siderthatit canfacilitate the constructionof a large-scale
humantrackingsystemwith mary cameras.

Futurework includesimproving the featureextraction
and viewpoint selectionmethodto obtain highly accurate
results,the automaticdeterminationof the world coordi-
natesin a multiple camerasystem, and autonomousre-

covery from suddenchangeg(errors)in a cameras posi-
tion/orientation.
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