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Abstract

We proposean automaticcamera calibration methodto
determinethepositionandorientationof a newly installed
camera in our humantracking system.Due to the increas-
ing cost of camera calibration, automaticalgorithmsare
required. In our method,both 3D position tracking re-
sultsand 2D positionsand sizeson camera image planes
are used. Becausewe employa simple2D to 3D position
translationmethodbasedon the observedsizeof the tar-
get, the calibration resultsbecomestableevenif the input
dataincludeslargeobservationerrors. Observationsbythe
newly installedcamera are takeninto accountwhile track-
ing to increasethereliability of thecalibrationresult.Using
this method,thecostof installing new camerasin a human
tracking systemcan be effectivelyreduced. Experimental
resultsshowtheeffectivenessof theproposedmethod.

1. Intr oduction

We have beeninvestigatinga vision-basedhumanmo-
tion trackingsystemfor a non-contactcomputerinterface
[1, 2]. Thetargetsof our motiontrackingsystemincludea
faceimage,body height,andshirt color for humanidenti-
fication. By detectingsuchmotioninformation,thesystem
can be broadly applied, suchas for interactionin virtual
environments,in informationproviding systemsableto re-
spondto a user’sposition,andin surveillancesystems.

Many humantrackingsystemsusingimageshave been
proposedto date[3, 4, 5, 6]. Thesesystemsare usually
basedononeor two viewpoints.In humanmotiontracking,
a restrictednumberof camerasin a systemcanoftencause
problemssuchasocclusions,a smalldetectionarea,andan
insufficient accuracy. However, a humantrackingsystem

using multi-viewpoint imagescan reduceocclusions,and
canbeexpectedto provide robustdetection[7, 8, 9].

Unfortunately, sucha systemrequiresmany camerasto
track humanmovementsin a wide area. This produces
several problems. As many vision systemsassumesi-
multaneousobservationsby all camerasfor 3D measure-
ment, a synchronousmechanism(for the observations)is
required. In synchronoussystems,however, the process-
ing efficiency becomesworsewith anincreasingnumberof
camerasdueto the processingtime differencesamongthe
cameras.Furthermore,redundancy amongmultiple obser-
vationsincreaseswith anincreasingnumberof cameras.To
reducetheseproblems,we earlierproposeda systembased
on nonsynchronousmultipleobservations[10].

Another problem is that the calibration cost becomes
higher as the numberof viewpoints (the numberof cam-
eras)is increased.We think that the scalability produced
by systemexpansioncanbe significantin a tracking sys-
temusingmulti-viewpoint images.Accordingly, automatic
cameracalibrationshouldbea key technologyhere.

Leeetal. haveproposeda methodto determinegeomet-
rical relationsamongmultiple cameras[11]. This method
requirescoplanarimagefeaturesandanon-linearalgorithm
for thecalculations.We have proposedanautomaticcam-
eracalibrationtechniqueusingtarget motion models[12].
We linearizedour calibrationalgorithm basedon the ob-
served sizesof targets. The estimationsof target motion
aregivenby thetrackingsystem[10]. In this paper, we ex-
pandthemethodto includeaccuracy evaluations.Usingthis
technique,eachnewly installedcameracanjoin the track-
ing processautomaticallybasedonanestimatedcalibration
accuracy and we can easily add/deleteobservation nodes
(cameras)to/from ourhumantrackingsystem.



2. SystemConfiguration

2.1. ProcessFlow

Thissectiondescribestheoutlineof ourmultiplecamera
basedhumantracking system. The systemconfiguration
andprocessflow areshown in Figure1. First, theobserva-
tion nodesperformfeatureextractionon the input images
obtainedindependentlyfrom everycamera.

After matchingbetweenthesefeatures(representedpo-
sition, headposition, foot position, and the body region
color), andafter the trackingnodesendspredictedobser-
vationpositions,theobservation nodessendthesefeatures
andtheobservationtime to thetrackingnode.Theremain-
ing (unmatched)featuresaresentto the discovering node.
Eachobservationnoderunsindependently.

Thediscoveringnodecandetecta humanthatnewly ap-
pearsin the sceneusing the unmatchedinformation sent
from theobservationnodes.Eachnew humandetectionre-
sult is sentto thetrackingnode,andtrackingis started.

In the tracking node, the new humaninformation and
observationinformationaretheinitial valueandinputvalue,
respectively, andthehumanstate(position,directionangle,
height,etc.) is updatedby usinga Kalmanfilter. Moreover,
the faceregion is detectedusingthepositionanddirection
angleestimationresults.

Observation Node

Discovering Node Tracking Node
�

Camera nCamera 2Camera 1
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Figure 1. System Diagram

2.2. Observation Node

Thissectionbriefly explainstheprocessingof theobser-
vationnodes.First,aninput imageis dividedinto a human
region anda backgroundregion [13], anda distancetrans-
formationis appliedto thehumanregion. Eachpixel of the
distancetransformedimagehasa certaindistancefrom its
nearestboundarypixel (Figure2 right). We extract those
pixels having the maximumvalue in the transformedim-
ageasrepresentative pointsof theregion. Furthermore,the
position of a headpoint and the colors of body partsare
extractedfrom theimage(Figure3).

Next, we describethe methodof matchingbetweenthe
tracking targets (model) already discovered and the ex-
tractedfeatures.Linearuniformmotionsof a human��� are
assumedin thetrackingnode,andthepredictedpositionof

Binary Image Distance Transformed Image
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Figure 2. Feature Extraction

Figure 3. Example of Feature Extraction

human��� at time 	 is expressedby a 2D Gaussiandistribu-
tion. Here, the averageof the distribution is set to 
�
����� �
andthecovarianceis setto 
� ����� � .

The weak perspective projection of the distribution��� 
� � � � ��� 
� � � � ��� of a predicted position to an image �
is identical to the following 1D Gaussiandistribution� � 
� � � � ��� ��� 
  � � � ��� �!� , andthisshowsthehumanexistenceprob-
ability on image� .

" � �$# ���&% '(�) 
  ����� �+* # � , �$#-� , 
� ����� � �$.( 
  . ����� � (1)

A featurepoint with themaximumoccurrenceprobabil-
ity of anobservationto thetrackingmodelis consideredto
beanobservationof human� � , andis labeled� � [10]. The
labeledfeaturepoint is sentto the trackingnodeasobser-
vationinformation.However, a featurepoint matchedwith
two or morehumansis judgedto beoccludedat thetimeof
theobservation,andis notsent.

The observation information (positions, times) of un-
matchedfeaturepointsis sentto thediscoveringnode.

2.3. Discovering Node

Thediscoveringnodecandetectahumanthatnewly ap-
pearsin the scene.And, a matchedmodel is addedto the
tracking node. Sinceobservation information is acquired
asynchronously, theusualstereomatchingcannot beused.
Instead,amatching(discovery)techniqueusingKalmanfil-
teringaccordingto seriesinformationis used[10].

Informationobserved at four different timesis selected
from theunmatchedobservedinformationsentfrom theob-
servation nodes.The Kalmanfilter is thenupdated.If the
errorsbetweenthe predictedtrajectoryandeachobserved
informationare lessthana threshold,this informationbe-
comesthe featurepoint set belongingto the new human.
The latestestimatedposition of the humanis sent to the
trackingnodeastheinitial discoverypositionof thehuman.
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2.4. Tracking Node

Here,thehumanmodelsundertrackingareupdatedus-
ing theimagefeaturesmatchedwith themodelsin eachob-
servationnode[10].
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Figure 4. Observation Model

Let usconsideruniformmovementsandexpressthestate
of human � � as

� � � � �5% 6 78� � � �$9:� � � �<;7=� � � �>;9:� � � �$?A@
in the

world coordinates
� 7B�C9D�

(Figure 4).
;7 ����� �

is the speed
of direction

7
. The initial stateis determinedby the new

modelinformationsentfrom thediscoveringnode.
Let usconsiderthesituationwherethetargetis observed

one time with camera� . With the information sent from
observationnode� , thisobservationis expressedasfollows.E5FHG:IJLK ��M N�O � % EPFQGRIJLK ��M N �
���&S * (2)

Here, O � is the positionof the camera,and
F JLK ��M T$M N is the

clockwiserotation of angle U � � � ��� � , which is madeby an
epipolarline andthe

9
axis.Here,* is theobservationerror.

TheaboveobservationmodelconstitutesaKalmanfilter
andthestateof human�V� is updated.

Theupdatingprocessandpredictionof thehumanstate
areperformedfor every cameraindependently. The state
predictionof human�V� at time 	 S ' is expressedby aGaus-
siandistribution, the meanis 
�
����� �!W I , andthe covariance
matrix is 
� ����� �CW I . The resultof the statepredictionis cal-
culatedandsentondemandto theobservationnodes,andis
utilized for the featurepoint matchingstatedabove. A hu-
manmodelmoving out of a detectionrangeis deleted,and
thetrackingof thehumanis stopped.

An exampleof apositiontrackingresultis shown in Fig-
ure 5. The dashedline shows the settingvalue and the
solid line shows theestimatedresult.Generally, theresults
showedstabletracking.performed.

3. CameraCalibration

Here,let usconsiderthecasethatanuncalibratedcamera
(i.e., thepositionanddirectionof thecameraareunknown)
is addedto thesystem.We assumethatpeoplewalk around
in thescene,andalsothatthemotionsof thepeopleareob-
served by several cameras.The observation nodethat has
the uncalibratedcameracanobtain3D informationof the
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Figure 5. Tracking Result

peoplefrom thetrackingnode.In addition,thepositionand
sizeinformationof featurepointsregardingahumanimage
canbeobservedonanimageplaneof theuncalibratedcam-
eraitself. In this section,we describea cameracalibration
algorithmusingsuchinformation.

3.1. Cameracalibration algorithm

We assumethat
� IZY�Y[Y �
\ , the3D positionsof feature

pointsof the trackingtarget, � I:Y[Y�Y � \ , the observed posi-
tion in the image,and ] IRY�Y[Y ] \ , thesizesof theobserved
targetin theimage,areobtained(theabsolute3D sizeof the
targetis unknown).
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Figure 6. Feature Point Projection

We also assumethat the intrinsic cameramatrix of a
camerâ is given. Then, the relationshipof

�
, the 3D

positionsof featurepointsin theworld coordinates,and � ,
theobservedpositionsin theimage,is expressedasfollows.
Rotationmatrix

F
andtranslationvector _ expressthepo-

sitionanddirectionof thecamerain theworld coordinates.

` � ' % ^ F _ �
'

% a Ia .a:b
F _ �

' Y (3)

Here,a b % cdc ' .
Let

�fe
bethe3D positionsof featurepointsin thecam-

eracoordinates.

� eg% F _ �
' Y (4)

` � ' % ^ �
e Y (5)
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Fromthe2D positionsof theobservedfeaturesonimage
plane � andthe sizeof featurepoints h ,

�
e
canalsobe

expressedasfollows.�
e % ` ^ G:I � ' (6)

% ` a>i Ia>i .a>i b
� ' (7)

Then, jlknm , the o elementsof
�
e

, canbeexpressedasfol-
lows.

jlknm % ` api b � ' (8)

Assuminga weakperspective transformationaboutthe
imagefeature,j k m canalsobeexpressedwith thewidth of
featurepoints] ,j>k+m %rq] (k is constant) (9)

Therefore, ` % '
ali b � '

s q] (10)

a>i b � ' is constantfrom a b % cdc ' ,` %ut ] Y (11)

Fromtheobservedx andw,
� e

canbecomputedasfollows.� eg%vt ] ^ G:I
� ' % t �
w (12)

When the pair of
� I � Y�Y[Y � �
\Rx � I � Y�Y[Y � � \Rx] I � Y[Y�Y � ] \ is given,

� wzy � Y[Y�Y � � w�{ can be calcu-
lated from � I � Y[Y�Y � � \:x ] I � Y[Y�Y � ] \ usingEquation(12)

t �fw y % FD� I S _|�|[|
t �
w { % FD� \ S _ Y (13)

Therefore, t 
� w % F 
�}S _ Y (14)

(but 
� w % I\ \��~ I � w N 
� % I\ \��~ I �
� .) FromEqua-
tions(13)and(14),t �
w y , 
�fw % F � I , 
�|�|�|

t �
w { , 
�fw % F � \ , 
� Y (15)

A rotation matrix that satisfiesEquation(15) is calcu-
latedas

F
, which minimizesthe following equationusing

singularvaluedecomposition.\
��~ I

� e N , 
� e�
e N , 
�fe , F
� � , 
��
� , 
�

.��������
(16)

Then, t is calculatedfrom Equation(15) usinga least
squaremethod,

t % ��� @ � � � � G:I � @ � F � I , 
�|�|[|� \ , 
� (17)

Here,

� � % � wzy , 
� w|[|�|� w�{ , 
� w Y (18)

_ is determinedby subsutitutingt ,
F

in Equation(14).

3.2. Err or Estimation

By usingtheabovealgorithm,therotationmatrix
F

and
position _ of eachnewly addedcameracanbedetermined.
We have to evaluatethe accuracy of

F
and _ andhave to

obtainthevariance�-� of theerror * of Equation(2) to com-
posethe new observation nodewith thesecamera. From
Equation(3), the variance�Z� can be calculatedwith the
variations� F and ��_ .

� .� %�� � ^�� 6 � FD��� @ � F @ ? ^ @S ^�� 6 ��_���_ @ ? ^ @ ��� @�� ����� ��� � (19)� � � ^�� 6 � FD�
� � F @ ? ^ @S ^�� 6 ��_���_ @ ? ^ @ ��� @ 
� ����� ��� � (20)

Here, ��%�6
1 0 0

? @
(21)

Since
� ����� ��� �

thedistancebetweencameraO � andhuman�
����� �
is unknown, it is approximatedby 
� ����� ��� � calculated

usingpredictedposition 
�
����� � .� 6 ��_���_ @ ? canbecalculatedasfollows.

� 6 ��	���	 @ ?l% t . � 6 � F 
� w 
� @ w � F @ ?S � .i F G:I 
� w 
� w ��F G:I � @ (22)

Here,� .i is thevarianceof t basedon Equation(17).
Theerrorvarianceof rotationmatrix

F
is calculatedby

analgorithmgivenin literature[14, 15], andthevariableof
theaboveequationis determined.

3.3. Implementation

Weappliedtheproposedcameracalibrationalgorithmto
our humantrackingsystem,asfollows. Whena humanre-
gion wasobtainedat anobservationnodehaving anuncal-
ibratedcamera,the observation nodesentthe observation
time to the tracking node,and obtainedthe 3D headand
foot positionsandshirt color of the target. The shirt color
wasalsodetectedin theobservedimageat theobservation
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nodelocally. Then,a similarity evaluationwasperformed
betweenthetrackingmodelandtheimagefeatureusingthe
color information.Becauseit satisfieda threshold,thatob-
servationwasusedfor thecameracalibration.

The cameracalibrationalgorithmdescribedin the pre-
vioussectionwasthenperformedwith the2D information
aswell asthe3D positionobtainedfrom thetrackingnode,
and the calibrationerror wasestimated.For stabletrack-
ing purposes,thefixednumberof observationsat thenewly
installedcamerawasinitially usedfor calibrationonly. Af-
ter thatperiod,the newly installedcameraswill joined the
humantrackingprocessautomatically.

Theprocessflow is shown in Figure7.

Observation Node

Tracking Node

Uncalibrated Camera

Predicted Position
Head Point, Color

Observation Time

Observation Node

Figure 7. Process Flow

4. Experiments

To confirmtheavailability of this algorithm,thefollow-
ing experimentswereperformed.

Five cameras(cameras0-4) werearrangedasshown in
Figure8. Eachcamerawasconnectedto a PC(PentiumII
400MHz). The cameraandPC composedan observation
node. All input imageswereprocessedat the observation
nodes.Theprocessingspeedwasabout5-6 frames/sec.
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Figure 8. Camera Arrangement

EachPCwasconnectedto thesamenetwork andthein-
ternalclockwassynchronizedby NTP(Network TimePro-
tocol). The discovering nodeandtrackingnodewerealso
connectedto thenetwork.

Eachcameraexceptcameras3,4 hadalreadybeencali-
brated,andeachobservation nodesentcameraparameters
andobserved information(observation time, position,and
color of a featurepoint) to thediscoveringnodeandtrack-
ing node.In this experiment,a humanwalkedin thescene,

andthehumanwastrackedusingcameras0-2. Theobser-
vationnodeshaving uncalibratedcameras3,4 acquiredes-
timated3D positionsof theheadandfoot of thetargetfrom
the trackingnode,andthencalibratedtheir camerasusing
this informationaswell as2D features(2D headposition,
2D foot position,andheightof thehumanregion) obtained
from their own images.Figure9 shows the distribution of
3D headpositionsand3D foot positionsusedin theexperi-
ment.
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Figure 9. Sample Points (Head Positions and
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Figure 10. Calibration Results

Figure10showsestimatedresultsof thecameraparame-
tersfor camera3 (thehorizontalaxisshowstheobservation
count,andthedashedline denotestheparametervaluecal-
culatedby hand. In this example,this camerajoined the
trackingafter60 observations).Figure11 shows estimated
errorsof cameraparameters.As canbeseen,theestimation
errorsdecreasewith increasingnumberof observations.

Next, we measuredchangesin the accuracy of human
trackingbeforeandafter cameraswereadded. In this ex-
periment,first, threecalibratedcamerastrackedhumanmo-
tions,andthentwo new cameraswereaddedto thesystem.
The latter cameraswereautomaticallycalibratedwith our
algorithm.Wecomparedthetrackingaccuracy betweenthe
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Figure 11. Calibration Errors

Table 1. Human Tracking Accuracy(cm
.n�

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

two cases.We measuredthetrackingaccuracy at four fixed
positionsasshown in Figure8.

Here, the estimated3D positions of a person were
recordedfor 10 seconds,andthevariances(traceof theco-
variancematrix) of the estimated3D positionswerecom-
pared.Theresultsareshown in Table1. Thetrackingresults
at pointsA andB werenot applicablein the three-camera
casebecausetheboundsof thetrackingareawereexceeded.
With theadditionof thetwo cameras,thesepointswerein-
cludedin the trackingarea. In addition,ascanbeenseen,
thetrackingaccuracy wasimprovedat pointsC andD with
thenew cameras.This suggeststhatwe caneasilyexpand
the trackingareaandalsocan improve the trackingaccu-
racy. Using this technique,multiple camerabasedhuman
trackingsystemscanbeinstalledin widerarea.

5. Conclusion

This paperdescribesan algorithm for automaticcam-
era calibration. The rotationsand the positionsof newly
installedcamerascanbeautomaticallycalibratedfrom hu-
mantrackingresultsusingnon-synchronousmultipleobser-
vations.Thenewly installedcamerascanjoin the tracking
processautomaticallyaccordingto theestimatedcalibration
errors. This algorithmcanbe usedto expandthe tracking
areaandalsoincreasethetrackingaccuracy. Our technique
reducesthecostof changingcameraarrangement.We con-
sider that it can facilitate the constructionof a large-scale
humantrackingsystemwith many cameras.

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

covery from suddenchanges(errors) in a camera’s posi-
tion/orientation.
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