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Abstract

In heterogeneousnetwork environmentswith perfor-
mancevariationspresent,complex distributed applica-
tions,suchasdistributedvisualtrackingapplications,are
desiredto adaptthemselves andto adjusttheir resource
demandsdynamically, in responseto �uctuationsin either
endsystemor network resources.By suchadaptations,
they areableto preserve theuser-perceptiblecritical QoS
parameters,andtradeoff non-criticalones.However, cor-
rectdecisionsonadaptationtiming andscale,suchasde-
terminingdataratetransmittedfrom theserver to clients
in anapplication,dependonaccurateobservationsof sys-
temstates,suchasquantitiesof datain transitor arrived
at the destination.Signi�cant end-to-enddelaymay ob-
structthedesiredaccurateobservation.Wepresentanop-
timal statepredictionapproachto estimatecurrentstates
basedon availablestateobservations.Onceaccuratepre-
dictions are made,the applicationscan be adjusteddy-
namicallybasedon a control-theoreticalmodel. Finally,
we show the effectivenessof our approachwith experi-
mentalresultsin a client-server basedvisualtrackingap-
plication,whereapplicationcontrolandstateestimations
areaccomplishedby middlewarecomponents.

1 Intr oduction

Whencomplex distributedapplicationsdemanda par-
ticular level of Quality of Service(QoS)from theunder-
lying systemin a heterogeneousnetwork environment,
only thosesystemsthat provide system-wideend-to-end
QoS guarantees(via CPU and network resourcereser-
vation andadmissioncontrol) areableto meetsuchde-
mands. If this is not the case,suchasthe Internetwith
best-effort services,applicationsmayexperiencesigni�-
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cantvariationsin resourceavailability. Thesevariations
arecausedby eitherphysicallimitations, in the caseof
wirelesslinks, or dynamicmultiplexing of multiplecom-
petitive accessto a limited poolof resources.

However, thereexist �exible applicationsthat present
the following characteristics:First, they canacceptand
tolerateresourcescarcity to a certainminimum bound,
andcanimprove its performanceif givenalargershareof
resources.Second,they arewilling to sacri�ce theperfor-
mance/qualityof someapplication-level servicesin order
to preserve theperformance/qualityof critical functions.
For these�e xibleapplications,it ispossibletoadaptto the
availability variationsandstill manageto preserve QoS
for critical parameters.Application-level adaptationsup-
port is alsonecessarywhenit is hardto specifyanupper
boundof QoSdemandfor reservation,e.g.,for interactive
applications.

Theclient-serverbasedvisualtrackingapplicationisan
exampleof �e xible applications.A visualtrackingserver
grabslive video framesin real time from a camera,and
sendsthemover thenetwork to thevisualtrackingclient.
The client executesa computationallyintensive tracking
algorithm,which tracksthecoordinatesof interestedob-
jects.Our interestsfocuson key applicationQoSparam-
eterssuchastheprecisionof trackingalgorithms,which
dependsonvideoquality, network bandwidthavailability,
jitter andotherQoSparameters.As long astrackingpre-
cision is preserved, otherparametersin the application,
suchasvideoquality, canbedynamicallytuned,adjusted
andrecon�gured.

In orderto adjusttheapplicationappropriately, andto
decidewhen,how andto whatextent for theapplication
to adapt,accurateidenti�cation of currentsystemstates
is needed,basedon observableparameters.This observe
and control processresemblesa control system,where
control signalsaredeterminedby a controller, basedon
thecurrentstateestimates.Our previous work takesad-
vantageof control theory to model this process. As a
consequence,a TaskControl Model wasdevelopedand



theoreticalresultsweregiven to prove stability andfair-
nesspropertiesin the model [11]. The objective of the
approachwasto optimally adjustthe internalparameters
andsemanticsof �e xible applications,with a centralized
controlalgorithm.

Theeffectivenessof acontrolalgorithmdependsonac-
curateobservationsof systemstates.However, in a dis-
tributedapplicationwith the presenceof end-to-endde-
lays, many systemstatesare not directly observable in
theendsystem,thusneedto beestimated.For example,
in thevisual trackingapplication,in orderto control the
applicationanddynamicallyadjustthedataratetransmit-
tedfrom server to client,we needto obtainsystemstates
suchasquantitiesof datain transitor arrivedat theclient.
Signi�cant end-to-enddelaymayobstructthedesiredac-
curateobservations,whenestimationsareusedinstead.

The key contributionsof this paperarethe following.
(1) An extendedDistributed Task Control Model: The
TaskControlModel introducedin [11] is extendedfrom
a model focusingon local resourcessuchas CPU, to a
distributed model focusingon bandwidthavailability in
TransmissionTasks.Thetradeoff is thatthefairnessprop-
erty thatwaspreviously provedcanno longerbeguaran-
teed.(2) A linear modelfor TransmissionTasks: To char-
acterizethe TransmissionTasksin a distributedapplica-
tion,wedevelopalinearmodelwith concretecoef�cients,
on which stateestimationtechniquesarebased.(3) Op-
timal statepredictionmechanisms: Accuratecontrolsig-
nalsarebasedonpreciseestimatesof systemstates.With
thepresenceof signi�cant end-to-enddelaythatobstructs
accuratestateobservations,wepresentanoptimalpredic-
tion approachto estimatecurrentsystemstatesbasedon
availableobservations.We adoptoptimalestimationthe-
oriessuchastheKalmanFilter in ourapproach.Assisted
byoptimalstatepredictiontechniques,theapplicationcan
be optimally controlledto adaptto dynamicvariations.
(4) Veri�cation with visual tracking: We show thevalid-
ity of our approachby experimentswith a client-server
basedvisual trackingapplication,wheretrackingpreci-
sion is the crucial QoS parameterconsidered,andstate
predictionmechanismsare implementedas middleware
components.

Therestof this paperis organizedasfollows. In Sec-
tion 2, wediscussexisting relatedwork. In Section3, we
presentan overview of the middlewarecontrol architec-
ture,in which optimalestimationalgorithmscontributea
key functionality. In Section4, we focusonmodelingthe
TransmissionTaskin adistributedapplication.In Section
5, wepresentouroptimalpredictionapproachto consider
signi�cant delaysin thestateestimationprocess.In Sec-

tion 6, we show experimentswith theclient-server based
visualtrackingapplication.Section7 concludesthepaper
anddiscussesfuturework.

2 RelatedWork

In recentresearch,controltheorieshavebeenexamined
for QoSadaptation.In [3], a control model is proposed
for adaptive QoSspeci�cationin anend-to-endscenario.
In [4], the time variationsalong the transmissionpath
of a teleroboticssystemaremodeledasdisturbancesin
theproposedperturbedplantmodel,in which themobile
robot is thetarget to becontrolled.In our previouswork
[11], theoreticalproofs are given for variousproperties
applyingcontroltheoryto modelQoSadaptation.

The issuesrelatedto application-level QoSadaptation
hasalsobeenstudiedby variouspreviouswork. Thework
presentedin [2] usessoftwarefeedbackmechanismsthat
enhancesystemadaptivenessby adjustingvideosending
rateaccordingto on-the-�y network variations.In [5], the
authorsproposedapplicationadaptationat thecon�gura-
tion level, which carriesout transparenttransitionfrom
primary componentsto alternative components,as well
asatthecomponentlevel,whichredistributesresourcesin
differentcomponentssothataQoStradeoff canbemade.
In [1], a softwareframework wasproposedfor network-
awareapplicationsto adequatelyadaptto network varia-
tions.Similarly to theabove,our approachmodelsappli-
cationsasa seriesof tasksandassistedby the feedback
loop. However, we differ in the sensethat we take the
view thatmiddlewarecomponentscontrol theadaptation
behavior of applications,andwe proposea separationof
control andestimationalgorithms. With respectto con-
trol, properchoicesaremadeon adaptationtiming, scale
andmethodsused,whichbalancesbetweenthefrequency
andresponsivenessof adaptationactionswithin theappli-
cation;With respectto estimation,optimalpredictionsare
beingmadeto obtainthebestpossibleestimateof actual
states.

Optimalcontrolandestimationtheories,e.g.,Kalman
Filters, have beenpreviously appliedto �o w control in
high-speednetworks. In [9], a KalmanFilter wasgiven
for stateestimationin a Packet-Pair �o w controlmecha-
nism. In [10], KalmanFilter wasalsousedto shapetraf-
�c in a collectionof VC sourcesin oneVP of an ATM
network, in thiscasethesystemstateis thenumberof ac-
tive transmissionsources.Our work distinguishesitself
from previous work in the following way: (1) Kalman
Filter is usedasa optimal predictionalgorithm, instead
a �ltering or smoothingalgorithm; (2) We usea differ-



entanda macroscopicsystemmodelto interpretthedy-
namicsof theTransmissionTask;(3)Application-speci�c
adaptationareperformedin a slower time scale(in mul-
tiplesof round-tripdelays)and(4) Themiddlewarecom-
ponentsmake control decisionsin the applicationlevel,
andbasedon application-speci�csemantics,ratherthan
on thepacket level via a traf�c shaper.

3 The Middleware Control Ar chitec-
tur e

Wehaveadoptedamiddlewaresolutionin orderto im-
plementa centralizedcontrol of all active applications.
Wepresentthegeneralarchitectureof themiddlewareso-
lution in this section,followed by detaileddiscussionof
themodelandalgorithmsproposedfor optimalstatepre-
dictions,whichparticipatein thedesignof theoverall ar-
chitecture.

A major objective of the architectureis to implement
the observeand control process,i.e., to observe current
systemstatesin thedistributedenvironmentandproduce
control signalsto the complex distributed applications.
Thesesignalsdeterminetheactualadaptationactions(re-
con�gurationsor parametertuning) within the applica-
tions. The architectureconsistsof two parts: the Adap-
tors andCon�gurators. In an endsystem,eachAdaptor
correspondsto a single type of resource,suchas CPU
or transmissionbandwidth,andconsistsof anAdaptation
TaskandanObservationTask. EachCon�gurator corre-
spondsto a singletarget application,andmakescontrol
decisionsbasedon the output of Adaptorscorrespond-
ing to several typesof resources.The interactionamong
variousmiddlewarecomponentsandapplicationsis made
throughavailablespeci�c serviceenablingplatform,such
asCORBA or DCOM. Our middlewarearchitectureuses
active components,in the sensethat thesecomponents
call externalinterfacesin theapplicationsin orderto con-
trol them.Figure1 showsanoverview of thearchitecture.
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Figure1: TheMiddlewareControlArchitecture

Theoptimalpredictionalgorithmspresentedin thispa-
perareimplementedin theObservationTask,apartof the
Adaptor. The goal of the designis to accuratelyobtain
systemstatesataspeci�c instantin adistributedenviron-
ment,with thepresenceof signi�cant end-to-enddelays.
Themechanismsbelow show thatthemiddlewarecompo-
nentscanoptimally estimatethestateswithout soliciting
actionsin underlyinglayers,which may leadto layering
violations. Accuratelyestimatedstatesleadto appropri-
atecontrol decisionsmadeby the AdaptationTask [11]
in theAdaptor, whichareinterpretedby theCon�gurator
anddeliveredto theapplications,whereproperadaptation
actionsareperformed.

4 Modeling TransmissionTasks

We view each applicationas a seriesof connected
tasks, with eachtaskasa concretecomponentthat per-
formsoperationson the input, generatesoutputandcon-
sumesresources.We representthe relationshipsamong
taskswithin anapplicationusingadirectedacyclic graph,
with eachdirectededgeindicatingtheproducer-consumer
relationshipbetweenoutputof theupstreamtaskandin-
putof thedownstreamtask.Thedirectedacyclic graphis
referredto asthetask�o w graph[7].

With theaboveview of anapplication,adistributedap-
plication hasoneor moreTransmissionTasksin its task
�o w graph,whichtransmitsapplicationdatabetweentwo
endsystems.Sincemultipleendsystemsareinvolved,the
middlewarecontrolarchitectureshown in Figure1 resides
in all endsystems.In theObservation Task,we observe
thecurrentsystemstates,suchasavailablebandwidthin
theTransmissionTask. Theseobservationsaredelivered
to the AdaptationTask,which calculatescontrol signals
accordingto thecontrolpolicy [11]. Thedistributedview
is shown in Figure 2 in the exampleof a client-server
basedapplication.
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Figure 2: The Middleware Control Architecturewith a
DistributedApplication

Thecontrolalgorithmsintroducedin ourpreviouswork



[11] applythecontroltheoryin thepracticeof calculating
control signalsin theAdaptationTasks.In thePID con-
trol algorithmintroducedasanexample,we wereableto
prove that, if priority weightsaregiven to eachtask,the
systemfairly allocatesresourcesamongcompetingtasks
accordingto theweightedmax-minfairnessproperty. We
alsoprovedthatthesystemconvergesto equilibrium,and
stability of control is preserved arounda local neighbor-
hood. With an appropriatemodel for the transmission
task, we can extend this work to apply to a distributed
environment,with thepresenceof signi�cant end-to-end
delays.

4.1 StateObservation in the TransmissionTask

Theaccuracy of controlsignalscalculatedby theAdap-
tationTaskreliesonpreciseobservationsof systemstates.
However, in thedistributedenvironmentwhereobserving
systemstatesin a TransmissionTask is necessary, end-
to-endpropagationdelayposesseriousdif�culties to ob-
serve andcapturesuchinformation.

An importantstateto observe is available bandwidth
within theTransmissionTask

���
, with � beinganindex in

thesetof taskswithin the application.We take a client-
serverapplicationasanexample,andassumethattheOb-
servationTasklocatedon theclientcanobserve thenum-
ber of received dataunits1 during the time �����	��

��� ( �
beingdiscretetime instants),� ��� ��� . In reality, we assume
that � ��� ��� is the numberof dataunits actually received
during �����	��
���� . On the server, the actualnumberof
dataunitssentby

���
during �����	��
���� , denotedby � ��� ��� ,

is controlledby thetheAdaptationTask.Finally, � � � ��� is
thenumberof dataunitsin �ight in theTransmissionTask���

. NotethattheTransmissionTask
���

itself is distributed
on both client andserver side,therefore,both � ��� ��� and
� ��� ��� areinternalstatesin

���
, while � ��� ��� is alsotheout-

putof
� �

. Theabove scenariois illustratedin Figure3.
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Figure3: Statesin theTransmissionTask

Thechallengeis the following. Sincethemiddleware

1Data units are de�ned basedon application-speci�csemantics.
For example,in a video-on-demandapplication,a dataunit may be
de�ned asavideoframe.

controlarchitecturesaresituatedin differentendsystems,
if end-to-enddelaysarepresent,atany particulartime in-
stant� , theserverObservationTaskcanonlyobtainprevi-
ouslyobservedstatesby theclientObservationTask,with
the lag equivalentto theend-to-enddelay. This calls for
anestimationalgorithmin theserver ObservationTaskto
compensatetheobservationerror, andto predictthestates
for thecurrenttime instant � .

4.2 A Linear Model for the TransmissionTask

As a preparationfor later applicationsof analytical
techniquesin the optimal estimationtheory to estimate
systemstatesin the distributed TransmissionTask, we
presenta preciseanalyticalmodelto characterizethe in-
ternaldynamicsof theTransmissionTask

���
.

4.2.1 Abstract Model for A Generic Application
Task

In order to control any Application Task,we identify
several key parametersin this task, referredto as Task
States. If weuseavector � denotestaskstates, denotes
input to thetask,! denotestaskoutput," denotessystem
noisewithin the task, # denotesobservation, and $ de-
notesobservationerror, weexaminealinearanddiscrete-
timemodeldescribedby thefollowing form:

� � ���&%(')� � ��*+�,��
.-/ � �0*+�,��
1" � ��*+�,� (1)

! � ���2%43�� � ��� (2)

# � ���2%5! � ����
.$ � ��� (3)

where�6%
� to �8729;: , and ' , - , and 3 areknown tran-
sition matriceswithout anerror. In laterdiscussions,we
develop a concreteanalyticalmodelbasedon the above
genericlinearmodel,which is frequentlyusedwithin the
statespaceapproachin controlsystems.

4.2.2 A ConcreteModel for the TransmissionTask

In orderto developaconcretemodelfor thedistributed
TransmissionTask

���
, we considertwo typesof noises

in the system. First, the dataunits in �ight from server
to client, � ��� ��� , may suffer from random and unpre-
dictablevariationsanddisturbances< :� � ��� , causedeither
by physicalunstableconditions(in the caseof wireless
links) or statisticalmultiplexing of network connections.
Consequently, the received quantityof dataunits during
�����	�=
>��� , � ��� ��� , may also suffer from randomdistur-
bances<@?� � ��� . Theseareobviously systemnoisescaused
by externaldynamicsin theTransmissionTask. Second,



the Observation Taskitself is alsosubjectto randomer-
rors,whichcanbecharacterizedastheobservationnoise� � � ��� . Assumethattheobservedvalueis � ��� ��� , wehave

� � � ��� %5� � � ����
 � � � ��� (4)

In Equation(1),  � ��� is actuallya scalar � �;� ��� . Fol-
lowing theanalogyof Equation(4) with (2) and(3) com-
bined,we have ! � ��� % � ��� ��� , and � � ��� contains� � � ��� .
We thuscancompute3 basedon Equations(2) and(3):

# � ���2%4� ��� ��� % � � � � � � ��� ���� � � ����� 
 � ��� ��� (5)

and

3 % � � � � , � � ��� % � � � � ���
� � � ����� and $ � ���&% � � � ��� (6)

In addition,from thede�nition of � ��� ��� , � � � ��� , < :� � ���
and < ?� � ��� , wehave

� �;� ��� %4� ��� ��*6�,�,* � ��� � *6�,��
 � �;� ��*6�,� 
 < :� � ��*6�,� (7)

� � � ��� %4� � � ��* �,��
1< ?� � ��*+�,� (8)

It follows from Equations(7), (8), (1) and(6) that

'
%
� � �
*)� ��� , - %

� �
��� and " � ���&%

� <@?� � ���
< :� � �����

(9)
Thisconcludesthestatespacerepresentationof thelinear
modelfor TransmissionTask

���
.

4.3 Extending Control Algorithms to Dis-
trib uted Envir onment

In our previous work [11], a PID2 control algorithm
wasgiven,andaweightedmax-minfairnesspropertywas
proved.A prerequisitefor thefairnesspropertyto hold is
thattheObservationTaskhastheability to observe com-
pleteglobal systemstates.For example,if the resource
being observed is CPU usagein the sameend system,
globalstatescanbeobservedfor all competingtasks.

However, this is normally not the case in a dis-
tributedenvironment,whenobservingtaskstateswithin
the TransmissionTask. Sincethe Observation Tasksre-
sideasmiddlewarecomponentsin theendsystem,it has
no ability to obtainstatescorrespondingto all othercon-
nectionssharingthe network. In suchcases,the only
observable statesare the parametersusedor allocated

2PID controlis aclassiccontrolalgorithmwherethecontrolsignal
is a linearcombinationof theerror, thetime integral of theerror, and
therateof changeof theerror.

by the TransmissionTaskitself, suchasoccupiedband-
width. Therefore,while thecontrolalgorithmstill adapts
to variationsin resourceavailability andshows stability
andconvergenceproperties,it lackscrucialobservations
to guaranteeany globalfairnessproperties.

In distributed applications,the PID control algorithm
adoptedin the AdaptationTaskmay be modi�ed asfol-
lows:

� �;� ��� %4� ��� ��*+�,��

	/� ���� � ��� * � ��� ��� � 

�� � � �� � ��� * � ��� ��� � *5� � �� � ��*+�,� * � ��� ��*+�,� ��� (10)

where� �� is thereferencevalueexpectedatequilibrium,
� ��� ��� is theactualnumberof dataunitssentby

���
, � � � ���

is thenumberof dataunitsin transitfrom server to client,
and 	 and



arecon�gurablescalingfactors.Thestability

andconvergenceproofsstill holdasin thepreviouswork.
However, with thepresenceof end-to-enddelays,it is

inherentlynot trivial to accuratelyestimate� � � ��� directly
at the server, sincethe numberof dataunits in transitin
�����	� 
 ��� is notdirectlyobservable.3 � � � ��� , thenumberof
dataunitsreceived,is directly observable,but only at the
clientside.Therefore,at theserverside,theavailableval-
uesfor � ��� ��� computationin thecontrolalgorithm(Equa-
tion (10)) areimprecise,asthe � � � ��� values(neededfor
� � � ��� computation)previously observedby theclient are
receivedby theserveronly afteranend-to-enddelayfrom
thetimeof observation.This leadsusto thefollowing ap-
proach.Insteadof deriving � ��� ��� usingonly theavailable
observed valuestransmittedfrom theclient to theserver
with anend-to-enddelay, wewill adoptoptimalstatepre-
diction techniquesto estimate� ��� ��� at the currenttime
instant,which formsdiscussionsin thenext section.

5 Optimal Prediction of Task StatesIn
TransmissionTasks

In this section,we presentan optimal predictionap-
proachto optimally predictthe currenttaskstatesin the
TransmissionTask,basedon observed taskstatesin pre-
vious time instantsbeforetheend-to-enddelay. Theop-
timal predictionalgorithmsareimplementedin theserver
ObservationTask,while theactualobservationis madein
theclient ObservationTask.Optimality in theprediction
algorithmsguaranteesthat the relative errorbetweenthe
predictionandactualvaluesof taskstatesis minimized,

3Equation(7) is partof thelinearmodelof theTransmissionTask,
but it cannot beeasilyutilized for theestimationof ��������� sinceit is
notobservabledirectly.



i.e., a bestpossibleguessis obtained.We adopttheopti-
malcontrolandestimationtheory[12] to developthepro-
posedalgorithms,andassociatethe theoreticalsolutions
with the practicalcasesin complex distributed applica-
tions,focusingtheTransmissionTask.

5.1 The Needfor Prediction

It is obvious from Equation(4) that the client Obser-
vation Task is able to observe � ��� ��� as � ��� ��� , with an
observation noise � � � ��� . However, from the control al-
gorithm expressedin Equation(10), we note that � ��� ���
is actuallyusedin the AdaptationTask. In order to de-
rive � ��� ��� on the server from the observed values � ��� ���
on the client, we assumethat the client acknowledges
all received dataunits to the server, and that the server
Observation Task has the knowledgeof the total num-
ber of data units unacknowledged at the server up to
the time instant � , denotedby � �� � ��� . Then, we have
� �� � ��� %>� �� � ��� 
 � �� � ��� asthe observed valuesof � �� � ���
with an observation noise � �� � ��� . Naturally, � �� � ��� rep-
resentsthe total numberof unacknowledgeddataunits
which areeitherin �ight from server to theclient,which
is � ��� ��� , or received by theclient, but acknowledgments
not yet receivedby theserver. Wethushave

� � � ���&%5� �� � ��� *
������

�	� ����

� ������ � � ��� � (11)

where � � is the end-to-endtransmissiondelay from
client to server,

� � is thesamplingtime interval between
��� * � �	� � , assuming� ����� � . Ideally, if � ����� � ��� ���
��� *���� ����� �! �	� * ��� is known, � � � ��� can be computed
andthenusedin thecontrol algorithmof Equation(10).
However, the end-to-enddelay, representedby � � , pre-
ventstheknowledgeof � � ��� � �"� �#� ���6*$��� � ��� �  �	� *5��� .
Thelastavailableobservationis � �;� ��*%��� ����� �! � . Theneed
of predictingthesevaluesof � ����� � in theserver Observa-
tion Taskbeforecalculating� ��� ��� arisesfrom this lackof
knowledge.Figure4 illustratestheabove scenario.
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Figure4: StatePredictionin TransmissionTasks

We use &� � � ��� to denotethe predictedvaluesof � � � ��� .
Assumingthat &� � � ��� is alreadyobtainedoptimally, wecan
estimate� ��� ��� by thefollowing Equation:

� � � ���&%4� �� � ��� *
������

�	� ����
 � ����'� &� � ��� � (12)

The problemthenshifts to the developmentof appro-
priatemechanismsto obtain &� � � ��� .
5.2 Mechanismsfor Optimal Prediction

5.2.1 De�nition of Optimality

Basedon the SeparationPrinciple [12], for a linear
stochasticsystemwherean observer is usedto estimate
thesystemstate,theparametersfor theobserver andcon-
troller aredeterminedseparately. Informally, this means
that we candevelop an optimal predictionalgorithmfor
� � ��� � ��� �"� ����*(�*) �� �  �	��* ��� in theserverObservationTask,
while still retainingcompletefreedomfor adoptingalter-
native controlalgorithmsin theserver AdaptationTask.

With regardsto the predictionaccuracy, we prefer to
designanoptimalpredictionalgorithmthatminimizesthe
sumof squarederrorsbetweenthepredictionsandvalues
beingestimated,i.e., a least-squaresestimate.More pre-
cisely, if + � ���6% � � � ���/*,&� ��� ��� , where &� � � ��� is the pre-
dictedvaluesof � � � ��� at time � , we try to minimize the
quadraticerrorcostfunction - � ! �2%.- � � ��� �����&% �/ + / � ��� .
Theoptimalpredictionapproach,e.g.,KalmanFilter, pre-
sentedin this sectionis designedto minimize - � ! � .
5.2.2 Requirementsof an Optimal Solution

Theoptimalpredictionproblemis generallyhardif the
linearstochasticsystemis in its genericform. However,
it is proved in optimalcontrol theory[13] thatsimpli�ed
predictionalgorithmscan be adoptedas an optimal so-
lution in a specialcase,with two prerequisites.First, the
systemrandomdisturbances" � ��� andobservationnoises
$ � ��� areuncorrelatedwhiteGaussian-Markov sequences
with zeromean.This canbeinterpretedthat: (1) random
vectorsin the samestochasticsequenceareindependent
of eachother;(2) they canbeuniquelycharacterizedby a
joint Gaussianprobabilitydensityfunction; (3) this den-
sity functionhaszeromeanexpectation,and(4) random
vectorsin differentstochasticsequencesareuncorrelated
with eachother. Second,the initial systemstatevector
� ��� � is alsoaGaussianrandomvectorwith zeromeans.

Weassertthatthesystemstatesandnoisesin theTrans-
missionTask

���
observe suchnature. This assertionis

basedon thefollowing characteristics.



(1) The statesin the Observation Taskandthe Trans-
missionTask are not correlated,since the Observation
Tasks are implementedseparatelyin the middleware
level, while the TransmissionTask is part of the appli-
cation. This observation guaranteesthat the observation
noise$ � ��� andthesystemnoise" � ��� areuncorrelated.

(2) Within the transmissionpath,whenthenumberof
simultaneousconnections

�
sharingthe samephysical

communicationchannel(statisticalmultiplexing in inter-
mediateswitches)is large,we expectthatin a time inter-
val of length

� � , thechangesin
�

is verysmallcompared
to
�

itself. This leadsto the fact that changesin � ��� ���
dueto activitiesof otherconnectionswill besmall.Thus,
whenwe model � � � ��� asa processgivenby Equation(7)
� ��� ��� %5� � � � * �,��* � � � � * �,��
 � � � � * �,� 
 < :� � � * �,� ,
the term < :� � � *(�,� , which is the dynamicdisturbances
causedby activitiesof otherconnections,canbemodeled
asa zero-meanGaussianwhite noise[9]. Even though
when � � � ��� is small and the connectionis in a starting
stage,the possibility of an increaseis larger than a de-
crease,this assumptionof zeromeanis justi�able when
� ��� ��� is suf�ciently farfrom

�
. Thesameobservationalso

appliesto � ��� ��� and < ?� � ��� . This concludesthat theran-
dom noise " ��� ��� is a white Gaussian-Markov sequence
with zeromean.

We concludethat randomdisturbancesof the Trans-
mission Task satisfy the requirementsof applying the
simpli�ed predictionalgorithms,suchastheKalmanFil-
terpredictionalgorithmthatfollows.

5.2.3 Parametersin the Kalman Filter

We now apply the frequentlyusedoptimal estimation
algorithm,KalmanFilter, to solve thepredictionproblem
of TaskStatesin theTransmissionTask.

Equation(9) shows thatboth ' � � * �,� and - � ��*��,�
in Equation(1) areconstantswithout error. In addition,
 � � * �,� arealsoknown in theserver Observation Task
withouterrorin theinterval

��� � � � 7 9;: . Weintroduce
thede�nition of thefollowing terms:

(1) Theexpectedvalues, or expectations, � � � � of any
randomvector � is de�ned asthemeanvectorof � . For-
mally, � � � � % � � � � ��� ����� ��� � � �	� ����� ��� , where � � ��� for a
randomvariable� is de�ned as � � ���&%��
	� 	 ���

� ����� � , if
� � ��� is theprobabilitydensityfunctionof � .

(2) The error covariancematrix 
 of � in the Trans-
missionTaskis de�ned as:


 � ���&%���� � � � ��� * &� � ��� � � � � ��� * &� � ��� � � � (13)

(3)Thedynamicsystemdisturbance" is awhite,zero-
meanGaussianrandomsequenceshowing the following

properties,where � � ��� is the systemnoisecovariance
matrix: ��� " � ��� ��% �

(14)

� � ��� %���� " � ��� " � ����� � � (15)

� � " � ��� " ��� ��� � ��% � � �����%���� (16)

(4) Similarly, in Equation(2) and(3), 3 is a constant
and the observation noise is modeledas a white, zero-
meanGaussianrandomsequencethatisuncorrelatedwith
thesystemdisturbance:

��� $ � ��� ��% �
(17)

� � ���2%���� $ � ��� $ � ����� � � (18)

� � $ � ��� $ ��� ��� � ��% � � �����%���� (19)

� ��� � ��� " ��� ��� � ��% ���
all
�

and ��� (20)

where
� � ��� is theobservationnoisecovariancematrix.

Accordingto Equation(6), $ � ��� is a scalar� � � ��� , it fol-
lowsthat

� � ��� is thevarianceof � � � ��� , ����� � � ��� �����&%�� / ,
when � � � ��� is aGaussiandistribution

��� ����� .
In practice,it is necessaryto determine� � ��� and

� � ���
of�ine. Thesecovariancematricesindicatethe level of
con�dencein thesystemmodelandobservations,respec-
tively. If onewereto increase� , this would indicatethat
strongernoisesaredriving thedynamics.Consequently,
therateof growth of theelementsof theerrorcovariance
matrix 
 � ��� will alsoincrease,which increasesthe�lter
gain � � ��� (refer to Appendixfor formal presentations),
thus weighing the measurementsmore heavily. There-
fore,by increasing� , we in effect put lesscon�dencein
thesystemmodel. Similarly, increasing

�
indicatesthat

theobservationsaresubjectto astrongercorruptivenoise,
andthereforeshouldbeweighedlessby KalmanFilter.

5.2.4 Operationsof Kalman Filter

Basedon thesede�nitions, KalmanFilter operatesre-
cursively in a predict-updatemanneras informally de-
scribedin the following phases.Refer to Appendix for
theformalequations.

Update

i (k-1) zi (k)

x (k-1) x (k-1)

Observed

Estimated
- +

x (k) x (k)
- +

Phase

k-1(k-1)- (k-1)+

t c
PropagationUpdate

(k)-   k  (k)+

Update

Time

PredictPredict Update

z

Figure5: TheKalmanFilter in operation

(1) PredictionPhaseoccursat time � � , that is, before
observationsaremadeat time � . Statepredictions � � � ���



aremadefor states� � � ��� , anderror covariancepredic-
tions 
 � � ��� is alsomade.

(2) KalmanFilter GainComputationPhaseoccursbe-
tween � � and � �

, which is thetime after � . TheKalman
Filter gain matrix � � ��� is computedto be usedlater in
theUpdatePhase.

(3)UpdatePhaseoccursattime � �

. TheKalmanFilter
gainmatrix � � ��� is usedalongwith thenew observation
# � ��� . Theerrorcovariancematrix 
 � � ��� is alsoupdated
from previouslypredicted
 � � ��� in thePredictionPhase.

Thesephasesare executedrepetitively till the time
when the latestobservation is available from the client
ObservationTask.After this time instant,we candeploy
a linear-optimal predictorto predict the stateand its er-
ror covarianceon the basisof all the informationthat is
availablewithout observation. Denotingthe time of lat-
est available observation on the client as � * � ) �� �  for
TransmissionTask

���
, where � is the presenttime in-

stanton server, the linear-optimal predictorstartswith
the lateststateestimateupdatephaseusingKalmanFil-
ter, i.e.,  � � � ��* �*) �� �  � , and thenrecursively appliesthe
statepredictionphaseto calculate  � ��� � %  � � ��� � � � � �
��� * �*) �� �  �	� * ��� . Accordingto Equation(6), wehave the
following for TransmissionTask

���
:

&� � ��� � %43  � ��� � � � � � ����*$� �
�
� �  �	� * ��� (21)

Equation(21) concludesour prediction mechanisms
utilizing theKalmanFilter. Whentheestimatedvaluesof
� ��� ��� areappliedto Equation(11), � ��� ��� canbeobtained
andthusappliedto the control algorithmin the Adapta-
tion Taskaspresentedin Equation(10).

6 Experimentswith Visual Tracking

Basedon the algorithmsdevelopedin previous sec-
tions, we have implementeda preliminary middleware
controlarchitectureto controlaclient-server basedvisual
tracking application,adoptingKalman Filter as a opti-
malpredictionmechanismin theserverObservationTask,
with thepresenceof end-to-enddelay.

6.1 Overview of the Visual Tracking Applica-
tion

Weuseaclient-serverbasedvisualtrackingapplication
asanexampleof complex applicationsto evaluateourap-
proach. Figure6 shows an overview of its architecture.
Basedon the original XVision [6] project in Unix, we
have completedthe implementationof the client-server
basedvisualtrackingapplicationontheWindows NT 4.0

platform in Visual C++ 5.0, using Windows Sockets 2
API for thenetwork transmission.

Update
State

Update
State

Update
State

Video Camera

Network
Transmission

of Digital
Live Video

Visual Tracking 
Frame Digitizing

Visual Tracking
Feature Detection

Feature Detection

Visual Tracking
Feature Detection

ClientServer

Live video input
Identification
and display

Figure6: TheClient-Server VisualTrackingApplication

We have implementedthe Adaptorsshown in Figure
1 in C++ and Java as middleware components,includ-
ing boththeAdaptationTask,usingEquation(10) asthe
control algorithm, and the Observation Task, using the
KalmanFilter astheoptimalstatepredictor. All middle-
ware componentsinteractamongone anotherand with
the applicationusing CORBA. We useORBacus2.0.4
[8] asour CORBA implementation.Figure7 shows the
maintrackingwindow of theapplicationwith threetrack-
ers (SSD, line and corner)running simultaneously. By
enablingadaptation,theprimaryQoSparameterthatwe
focuson is the tracking precision. For quality assurance
of thisparameter, otherQoSparameterssuchastheimage
sizecanbesacri�cedasa tradeoff.

We testedour systemin a varying network environ-
ment, in order to experimentapplication-level adapta-
tion on transmissionbandwidth requirements. In or-
der to simulatebandwidth�uctuations in a typical dis-
tributed environmentover wide-areanetworks, we have
alsoimplementedasimplenetwork simulator, whichsim-
ulatespacket delaythrougha transmissionpathof multi-
plenetwork routers,eachof themimplementingtheFIFO
schedulingalgorithm. Becauseof the bursty natureof
crosstraf�c, throughput�uctuationsmayoccuratvarious
timesover theconnection.

For the purposeof repeatingthe sameset of experi-
mentsand for measurementsof tracking precision, we
usea computergeneratedimagesequence,in which the
object moves at �x ed speedand path. For the experi-
mentalresultsshown in Figure 8, the moving speedof
the rectangleis setat a constant3 screenpixels persec-
ond continuously. In addition, we assumethereare no
otherCPU intensive processrunning in the background
on the sameplatform. This is for the purposeof sepa-
rating the experimentson bandwidthrequirementsfrom
thoseonCPUrequirements.

In Figure8, thethreegraphson theleft arein thecase
without any adaptation. The threegraphson the right
are in the casewith adaptationsupportfrom the mid-
dleware framework, with integratedoptimal prediction
mechanismsin action in the server Observation Taskto



Figure7: VisualTrackingon Client: TheMain Tracking
Window with threetrackers

overcomeend-to-enddelay, aswell asthePID controlal-
gorithmin theAdaptationTask. We canobserve thatby
changingthe frame size of the visual tracking applica-
tion, thetrackingprecisionwill bepreservedwithoutany
trackingerrorat all timesduringtheconnection.In con-
trast,without any adaptation,whenthenetwork through-
put degradesto a certaindegree,the trackingalgorithm
is not ableto keeptrackof theobject,theerroraccumu-
latesrapidly verifying that the tracking algorithm loses
theobject. This prove-of-conceptsystemprovesthat the
approachwe have taken is effective in preservingtrack-
ing precisionin a distributedenvironmentwith �uctuat-
ing bandwidthandsigni�cant end-to-enddelaybetween
theclientandserver.

7 Conclusions

In this work, we focuson the scenariowhen �e xible
applications,suchasclient-server basedvisual tracking,
needto adjustthemselvesto adaptto resourcevariations
and preserve critical QoS parameters,suchas tracking
precision.WehaveextendedtheTaskControlModel in a
distributedenvironment,modeledtheTransmissionTask
in astate-spacerepresentation,presentedanoptimalstate
predictionmechanismto overcomeend-to-enddelay in
distributedstateobservations,andpresentedpreliminary
resultswith our client-server visualtrackingexperiments
to verify our approach.The optimal predictionmecha-
nism proposedin this paperis integratedin the server
ObservationTask,asmiddlewarecomponentsandpartof
themiddlewarecontrolarchitecturein a largerscale.On-
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Figure 8 (Left): Experiments without adaptation support

Figure 8 (Right): Experiments with adaptation support

Figure8: Experimentswith the Client-Server BasedVi-
sualTrackingApplication

going andfuture work involvesapplication-con�gurable
adaptationandestimationalgorithmsvia a con�guration
scriptinglanguage,aswell asQoSassuranceandadapta-
tion in amulticastingenvironment.

Appendix: The Kalman Filter

In thefollowing equations,we distinguishbetweenes-
timatesmadebeforeandafter theupdates.  � � � ��� is the
stateestimatethat resultsfrom the predictionequation
(22) alone(i.e. before the observationsareconsidered),
and  � � � ��� is thecorrectedstateestimatethataccountsfor
theobservationmade.
 � � ��� and 
 � � ��� arede�nedsim-
ilarly. For completeness,theinitial conditionsare  � � ��� �
and 
 � ��� � .



� StateEstimatePredictionPhase:

 � � � ���2% '  � � � ��*+�,��
 -  � �0*+�,� (22)


 � � ��� % ' 
 � � ��* �,�	' � 
 � � �0*+�,� (23)

� KalmanFilter GainComputationPhase:

� � ��� %�
 � � ��� 3 � � 3 
 � � ��� 3 � 
 � � ��� � ��� (24)

� UpdatePhase:

 � � � ��� %  � � � ����
 � � ��� � # � ��� * 3  � � � ��� � (25)


 � � ���2% � 
 � � ��� ��� 
.3 � � � ��� ��� 3 � ��� � ��� (26)
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