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Abstract

In heterogeneousetwork environmentswith perfor
mancevariations present,comple distributed applica-
tions, suchasdistributedvisualtrackingapplicationsare
desiredto adaptthemseles andto adjusttheir resource
demandslynamicallyin responséo uctuationsin either
end systemor network resources.By suchadaptations,
they areableto presere theuserperceptiblecritical QoS
parametersandtradeoff non-criticalones.However, cor-
rectdecisionson adaptationiming andscale suchasde-
terminingdataratetransmittedrom the sener to clients
in anapplicationdependnaccurat@bserationsof sys-
tem states suchasquantitiesof datain transitor arrived
at the destination. Signi cant end-to-enddelay may ob-
structthedesiredaccuratebseration. We presenanop-
timal statepredictionapproacho estimatecurrentstates
basedon availablestateobserations.Onceaccuratere-
dictions are made,the applicationscan be adjusteddy-
namically basedon a control-theoreticamodel. Finally,
we shaw the effectivenessof our approachwith experi-
mentalresultsin a client-serer basedvisualtrackingap-
plication,whereapplicationcontrolandstateestimations
areaccomplishedby middlevarecomponents.

1 Intr oduction

Whencomple distributed applicationsdemanda par
ticular level of Quality of Service(QoS)from the under
lying systemin a heterogeneousetwork environment,
only thosesystemghat provide system-widesnd-to-end
QoS guaranteegvia CPU and network resourcereser
vation and admissioncontrol) are ableto meetsuchde-
mands. If this is not the case,suchasthe Internetwith
best-efort servicesapplicationsmay experiencesigni -
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cantvariationsin resourceavailability. Thesevariations
are causedby either physicallimitations, in the caseof
wirelesslinks, or dynamicmultiplexing of multiple com-
petitive accesgo alimited pool of resources.

However, thereexist exible applicationsthat present
the following characteristicsFirst, they canacceptand
tolerateresourcescarcityto a certainminimum bound,
andcanimprove its performancéf givenalargershareof
resourcesSecondthey arewilling to sacri ce theperfor
mance/qualityof someapplication-lgel servicesn order
to presere the performance/qualityf critical functions.
Forthesee xible applicationsit is possiblego adaptio the
availability variationsandstill manageto presere QoS
for critical parametersApplication-lesel adaptatiorsup-
portis alsonecessaryhenit is hardto specifyanupper
boundof QoSdemandor reseration, e.g..for interactve
applications.

Theclient-sererbasedvisualtrackingapplicatioris an
exampleof e xible applicationsA visualtrackingsener
grabslive video framesin real time from a cameraand
sendghemover the network to thevisualtrackingclient.
The client executesa computationallyintensve tracking
algorithm,which tracksthe coordinate®f interestecb-
jects. Ourinterestdocuson key applicationQoSparam-
eterssuchasthe precisionof trackingalgorithms,which
depend®nvideoquality, network bandwidthavailability,
jitter andotherQoSparametersAs long astrackingpre-
cision is presered, other parametersn the application,
suchasvideoquality, canbe dynamicallytuned,adjusted
andrecon gured.

In orderto adjustthe applicationappropriatelyandto
decidewhen,how andto whatextentfor the application
to adapt,accuratedenti cation of currentsystemstates
is neededpasedon obserable parametersThis observe
and contol processresemblesa control system,where
control signalsare determinedby a contoller, basedon
the currentstateestimates.Our previous work takes ad-
vantageof control theoryto model this process. As a
consequencea Task Control Model was developedand



theoreticalresultsweregivento prove stability andfair-
nesspropertiesin the model[11]. The objectve of the
approachwasto optimally adjustthe internalparameters
andsemanticof e xible applicationswith a centralized
controlalgorithm.

Theeffectivenesof acontrolalgorithmdepend®nac-
curateobserationsof systemstates.However, in a dis-
tributed applicationwith the presencef end-to-endde-
lays, mary systemstatesare not directly obserable in
the endsystem thusneedto be estimated.For example,
in the visualtrackingapplication,in orderto controlthe
applicationanddynamicallyadjustthe dataratetransmit-
tedfrom sener to client, we needto obtainsystemstates
suchasquantitiesof datain transitor arrivedattheclient.
Signi cant end-to-endlelaymay obstructthe desiredac-
curateobsenrations,whenestimationsareusedinstead.

The key contritutions of this paperare the following.
(1) An extendedDistributed Task Contiol Modet The
TaskControl Model introducedin [11] is extendedfrom
a modelfocusingon local resourcesuchas CPU, to a
distributed modelfocusingon bandwidthavailability in
TransmissioMasks.Thetradeof isthatthefairnesgprop-
erty thatwaspreviously proved canno longerbe guaran-
teed.(2) A linear modelfor Transmissiolasks To char
acterizethe TransmissionTasksin a distributed applica-
tion, wedevelopalinearmodelwith concreteoefcients,
on which stateestimationtechniquesarebased.(3) Op-
timal statepredictionmedanisms Accuratecontrol sig-
nalsarebasedn preciseestimate®f systemstates With
thepresencef signi cant end-to-endlelaythatobstructs
accuratestateobserations,we preseninoptimalpredic-
tion approacho estimatecurrentsystemstateshasedon
availableobserations. We adoptoptimal estimationthe-
oriessuchasthe KalmanFilter in our approachAssisted
by optimalstatepredictiontechniquestheapplicationcan
be optimally controlledto adaptto dynamicvariations.
(4) Veri cation with visualtracking: We shaw the valid-
ity of our approachby experimentswith a client-serer
basedvisual tracking application,wheretracking preci-
sion is the crucial QoS parameterconsideredand state
prediction mechanismsre implementedas middlevare
components.

Therestof this paperis organizedasfollows. In Sec-
tion 2, we discussxisting relatedwork. In Section3, we
presentan overview of the middlewvare control architec-
ture,in which optimalestimationalgorithmscontritute a
key functionality In Sectiord, we focuson modelingthe
TransmissioMaskin adistributedapplication.In Section
5, we presenburoptimalpredictionapproachio consider
signi cant delaysin the stateestimationprocessin Sec-

tion 6, we shav experimentswith the client-serer based
visualtrackingapplication.Section7 concludeshepaper
anddiscusse$uturework.

2 RelatedWork

In recentesearchgontroltheorieshave beenexamined
for QoSadaptation.In [3], a control modelis proposed
for adaptve QoSspeci cationin anend-to-endscenario.
In [4], the time variationsalong the transmissionpath
of a teleroboticssystemare modeledas disturbancesn
the proposederturbedplantmodel,in which the mobile
robotis thetametto be controlled. In our previouswork
[11], theoreticalproofs are given for various properties
applyingcontroltheoryto modelQoSadaptation.

The issuegelatedto application-lgel QoSadaptation
hasalsobeenstudiedoy variouspreviouswork. Thework
presentedn [2] usessoftwarefeedbackmechanismshat
enhancesystemadaptvenesdy adjustingvideo sending
rateaccordingo on-the- y network variations.In [5], the
authorsproposedapplicationadaptatiorat the con gura-
tion level, which carriesout transparentransitionfrom
primary componentgo alternatve componentsas well
asatthecomponenlevel, whichredistrilutesresourcen
differentcomponentsothata QoStradeof canbemade.
In [1], a softwareframavork wasproposedor network-
awareapplicationgo adequatehadaptto network varia-
tions. Similarly to the aborve, our approachmodelsappli-
cationsasa seriesof tasksandassistedy the feedback
loop. However, we differ in the sensethat we take the
view that middlevarecomponentgontrolthe adaptation
behaior of applicationsandwe proposea separatiorof
control and estimationalgorithms. With respectto con-
trol, properchoicesaremadeon adaptatiortiming, scale
andmethodausedwhichbalancebetweerthefrequenyg
andresponsienesf adaptatioractionswithin theappli-
cation;With respecto estimationpptimalpredictionsare
beingmadeto obtainthe bestpossibleestimateof actual
states.

Optimal controland estimationtheories,e.g.,Kalman
Filters, have beenpreviously appliedto ow controlin
high-speecdhetworks. In [9], a KalmanFilter wasgiven
for stateestimationin a Packet-Pair o w controlmecha-
nism. In [10], KalmanFilter wasalsousedto shapetraf-
c in acollectionof VC sourcesn oneVP of an ATM
network, in this casethe systemstateis thenumberof ac-
tive transmissiorsources.Our work distinguishestself
from previous work in the following way: (1) Kalman
Filter is usedas a optimal predictionalgorithm, instead
a ltering or smoothingalgorithm; (2) We usea differ-



entanda macroscopicystemmodelto interpretthe dy-
namicsof theTransmissioMask;(3) Application-speci ¢
adaptatiorare performedin a slower time scale(in mul-
tiplesof round-tripdelays)and(4) Themiddlevarecom-
ponentsmalke control decisionsin the applicationlevel,
and basedon application-speci csemanticsratherthan
onthepacletlevel viaatrafc shaper

3 The Middleware Control Architec-
ture

We have adopteda middlevaresolutionin orderto im-
plementa centralizedcontrol of all active applications.
We presenthegenerahkrchitecturef themiddlevareso-
lution in this section,followed by detaileddiscussiorof
the modelandalgorithmsproposedor optimal statepre-
dictions,which participatein the designof the overall ar
chitecture.

A major objective of the architectures to implement
the observeand contrwol processj.e., to obsere current
systemstatesn thedistributedervironmentandproduce
control signalsto the complex distributed applications.
Thesesignalsdetermindheactualadaptatioractions(re-
con gurations or parametertuning) within the applica-
tions. The architectureconsistsof two parts: the Adap-
tors andCon gurators. In anendsystem,eachAdaptor
correspondgo a single type of resource suchas CPU
or transmissiorbandwidth andconsistof an Adaptation
Taskandan ObservationTask EachCon gurator corre-
spondsto a singletarget application,and makes control
decisionsbasedon the output of Adaptorscorrespond-
ing to several typesof resourcesTheinteractionamong
variousmiddlevarecomponentsndapplicationds made
throughavailablespeci c serviceenablingplatform,such
asCORBA or DCOM. Our middlevarearchitecturauses
active componentsjn the sensethat thesecomponents
call externalinterfacesin theapplicationsn orderto con-
trol them.Figurel shavs anoverview of thearchitecture.
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Figurel: TheMiddlewareControl Architecture

Theoptimalpredictionalgorithmspresentedh this pa-
perareimplementedn theObsenationTask,apartof the
Adaptor The goal of the designis to accuratelyobtain
systemstatesata speci ¢ instantin adistributedenviron-
ment,with the presencef signi cant end-to-endlelays.
Themechanismbelov shav thatthemiddlevarecompo-
nentscanoptimally estimatethe stateswithout soliciting
actionsin underlyinglayers,which mayleadto layering
violations. Accuratelyestimatedstatedeadto appropri-
ate control decisionsmadeby the AdaptationTask[11]
in the Adaptor which areinterpretedby the Con gurator
anddeliveredto theapplicationsyhereproperadaptation
actionsareperformed.

4 Modeling TransmissionTasks

We view each applicationas a seriesof connected
tasks with eachtaskasa concretecomponenthat per
formsoperationon the input, generatesutputandcon-
sumesresources.We representhe relationshipsamong
taskswithin anapplicationusingadirectedagyclic graph,
with eachdirectededgeindicatingthe producerconsumer
relationshipbetweenoutputof the upstreanmtaskandin-
putof thedownstreamtask. Thedirectedagyclic graphis
referredto asthetask o w graph[7].

With theabove view of anapplication adistributedap-
plication hasone or more TransmissioriTasksin its task
o w graph,whichtransmitsapplicationdatabetweertwo
endsystemsSincemultiple endsystemsareinvolved,the
middlevarecontrolarchitectureshavn in Figurel resides
in all endsystems.In the Obseration Task,we obsere
the currentsystemstates suchasavailable bandwidthin
the TransmissiorTask. Theseobserationsaredelivered
to the AdaptationTask, which calculatescontrol signals
accordingo thecontrolpolicy [11]. Thedistributedview
is shavn in Figure 2 in the exampleof a client-serer

basedapplication.
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Figure 2: The Middleware Control Architecturewith a
Distributed Application

Thecontrolalgorithmsntroducedn our previouswork



[11] applythecontroltheoryin the practiceof calculating
controlsignalsin the AdaptationTasks. In the PID con-

trol algorithmintroducedasanexample,we wereableto

prove that, if priority weightsaregivento eachtask,the

systemfairly allocategesourcemmongcompetingtasks
accordingo theweightedmax-minfairnesgroperty We

alsoprovedthatthe systemcorvergesto equilibrium,and

stability of controlis presered arounda local neighbor

hood. With an appropriatemodel for the transmission
task, we can extend this work to apply to a distributed

ervironment,with the presencef signi cant end-to-end
delays.

4.1 StateObservation in the TransmissionTask

Theaccurag of controlsignalscalculatedy the Adap-
tationTaskreliesonpreciseobserationsof systenstates.
However, in thedistributedenvironmentwhereobserving
systemstatesin a TransmissionTaskis necessaryend-
to-endpropagatiordelayposesseriousdif culties to ob-
sene andcapturesuchinformation.

An importantstateto obsere is available bandwidth
within the TransmissioMaskT;, with 7 beinganindex in
the setof taskswithin the application. We take a client-
senerapplicationasanexample, andassumehatthe Ob-
senation Tasklocatedon theclientcanobsere thenum-
ber of receved dataunits' duringthetime [k, k + 1] (k
beingdiscretetimeinstants) z; (k). In reality, we assume
that y; (k) is the numberof dataunits actually receved
during [k, k + 1]. On the sener, the actualnumberof
dataunitssentby 7; during [k, k + 1], denotedby u;(k),
is controlledby thethe AdaptationTask.Finally, z;(k) is
thenumberof dataunitsin ight in theTransmissioask
T;. Notethatthe TransmissioTaskT; itself is distributed
on both client andsener side, therefore both z;(k) and
y; (k) areinternalstatesn T;, while y; (k) is alsothe out-
putof T;. Theabove scenarias illustratedin Figure3.
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The challengeis the following. Sincethe middlevare

IData units are de ned basedon application-speci csemantics.
For example,in a video-on-demandpplication,a dataunit may be
de ned asavideoframe.

controlarchitecturesresituatedn differentendsystems,
if end-to-endlelaysarepresentatary particulartimein-
stantk, thesener ObsenrationTaskcanonly obtainprevi-
ouslyobseredstatedy theclientObseration Task,with
the lag equivalentto the end-to-enddelay This calls for
anestimationalgorithmin the sener Obsenration Taskto
compensattheobsenrationerror, andto predictthestates
for thecurrenttime instantk.

4.2 A Linear Model for the TransmissionTask

As a preparationfor later applicationsof analytical
techniquesdn the optimal estimationtheory to estimate
systemstatesin the distributed TransmissionTask, we
presenta preciseanalyticalmodelto characteriz¢he in-
ternaldynamicsof the TransmissiomaskTs;.

4.2.1 Abstract Model for A Generic Application
Task

In orderto control ary Application Task,we identify
several key parametersn this task, referredto as Task
StatesIf we useavectorx denotegaskstatesu denotes
inputto thetask,y denotegaskoutput,w denotesystem
noisewithin the task, z denotesobsenration, andv de-
notesobserationerror we examinealinearanddiscrete-
time modeldescribedy thefollowing form:

x(k)=®x(k—1)+Tuk—-1)+w(k—-1) (1)

y (k) = Hx(k) (2)
z(k) = y(k) + v(k) 3)

wherek = 110 k4., and®, T', andH areknown tran-
sition matriceswithoutanerrot In laterdiscussionsye
develop a concreteanalyticalmodel basedon the above
genericlinearmodel,whichis frequentlyusedwithin the
statespaceapproachn controlsystems.

4.2.2 A Concrete Model for the TransmissionTask

In orderto developa concretemodelfor thedistributed
TransmissionTask T;, we considertwo typesof noises
in the system. First, the dataunitsin ight from sener
to client, z;(k), may suffer from randomand unpre-
dictablevariationsanddisturbances? (k), causeceither
by physicalunstableconditions(in the caseof wireless
links) or statisticalmultiplexing of network connections.
Consequentlythe receved quantity of dataunits during
[k, k + 1], yi(k), may also suffer from randomdistur
bancess! (k). Theseareobviously systermoisescaused
by externaldynamicsin the TransmissiornTask. Second,



the Obsenation Taskitself is alsosubjectto randomer
rors,which canbecharacterizeédsthe observatiomoise
v;(k). Assumethatthe obseredvalueis z;(k), we have

zi(k) = yi(k) + vi(k) 4)

In Equation(1), u(k) is actuallya scalaru;(k). Fol-

lowing the analogyof Equation(4) with (2) and(3) com-
bined,we have y(k) = y;(k), andx(k) containsy; (k).
We thuscancomputeH basedn Equationg2) and(3):

a(k) = zi(k) = [1 0] [ ﬁji’;; ] +vi(k)  (5)

and

H=[ 0],x(k) = l vilk) ] andv (k) = v;(k) (6)

In addition,from thede nition of z;(k), vi(k), w¥ (k)
andw? (k), we have

zi(k) = zi(k—1)—yi(k—1)+ui(k—1)+wi (k—1) (7)

yi(k) = yi(k — 1) + wf(k — 1) (8)
It follows from Equationg7), (8), (1) and(6) that

@:[_11 g] ,r:[g]andwwzlg;gg]
)

Thisconcludeghestatespacaepresentatioof thelinear
modelfor TransmissioMaskT;.

4.3 Extending Control Algorithms to Dis-

trib uted Envir onment

In our previous work [11], a PID? control algorithm
wasgiven,andaweightedmax-minfairnesgpropertywas
proved. A prerequisitdor thefairnesgpropertyto holdis
thatthe Obsenration Taskhasthe ability to obsere com-
plete global systemstates. For example,if the resource
being obsered is CPU usagein the sameend system,
globalstatescanbe obseredfor all competingtasks.

However, this is normally not the casein a dis-
tributed ervironment,when observingtask stateswithin
the TransmissiorTask. Sincethe Obsenration Tasksre-
sideasmiddlevare componentsn the endsystemjt has
no ability to obtainstatescorrespondingo all othercon-
nectionssharingthe network. In such cases,the only
obserable statesare the parametersusedor allocated

2PID controlis aclassiccontrolalgorithmwherethecontrolsignal
is alinearcombinationof the error, the time integral of the error, and
therateof changeof theerror

by the Transmissiorraskitself, suchasoccupiedband-
width. Thereforewhile the controlalgorithmstill adapts
to variationsin resourceavailability and shavs stability
andcorvemencepropertiesjt lackscrucial obserations
to guaranteary globalfairnesroperties.

In distributed applicationsthe PID control algorithm
adoptedn the AdaptationTaskmay be modi ed asfol-
lows:

uz(k) = uz(k - 1) + OA[.TZC(]{I) — .’L‘Z(k')] +

Pl (k) — zi(k)] — [27(k — 1) —zs(k — D]} (10)
wherezs isthereferencevalueexpectedatequilibrium,
u; (k) is theactualnumberof dataunitssentby T;, z;(k)
is thenumberof dataunitsin transitfrom senerto client,
anda andg arecon gurablescalingfactors.Thestability
andconvergenceproofsstill hold asin thepreviouswork.
However, with the presencef end-to-enddelays,it is
inherentlynottrivial to accuratelyestimater; (k) directly
at the sener, sincethe numberof dataunitsin transitin
[k, k4 1] is notdirectly obserable? y;(k), thenumberof
dataunitsreceved,is directly obserable,but only atthe
clientside. Thereforeatthesener side,theavailableval-
uesfor u; (k) computatiorin thecontrolalgorithm(Equa-
tion (10)) areimpreciseasthe y;(k) values(neededor
z;(k) computation)previously obsered by theclientare
recevedby theseneronly afteranend-to-endielayfrom
thetime of obseration. Thisleadsusto thefollowing ap-
proach.Insteadof deriving y; (k) usingonly theavailable
obsenred valuestransmittedfrom the client to the sener
with anend-to-endlelay we will adoptoptimalstatepre-
diction techniquedo estimatey;(k) at the currenttime
instant,which formsdiscussiongn the next section.

5 Optimal Prediction of Task StatesIn
TransmissionTasks

In this section,we presentan optimal predictionap-
proachto optimally predictthe currenttask statesin the
Transmissiornask,basedon obsered taskstatesn pre-
vious time instantsbeforethe end-to-enddelay The op-
timal predictionalgorithmsareimplementedn thesener
Obsenation Task,while theactualobserationis madein
the client Obseration Task. Optimality in the prediction
algorithmsguaranteeshatthe relative error betweenthe
predictionandactualvaluesof task statess minimized,

2Equation(7) is partof thelinearmodelof the TransmissioTask,
but it cannot be easilyutilized for the estimationof z;(k) sinceit is
notobserabledirectly.



i.e.,abestpossibleguesss obtained.We adoptthe opti-
mal controlandestimatiortheory[12] to developthepro-
posedalgorithms,andassociatehe theoreticalsolutions
with the practicalcasesin complex distributed applica-
tions,focusingthe Transmissiomask.

5.1 The Needfor Prediction

It is obvious from Equation(4) thatthe client Obser
vation Task is able to obsere y;(k) as z;(k), with an
obseration noisew; (k). However, from the control al-
gorithm expressedn Equation(10), we note that z; (k)
is actuallyusedin the AdaptationTask. In orderto de-
rive z;(k) on the sener from the obsered valuesz; (k)
on the client, we assumethat the client acknavledges
all receved dataunits to the sener, andthat the sener
Obsenation Task hasthe knowledge of the total num-
ber of data units unaknowledgd at the sener up to
the time instantk, denotedby y:(k). Then, we have
z{ (k) = yj (k) + vi (k) asthe obsered valuesof y; (k)
with an obsenration noisev; (k). Naturally yf(k) rep-
resentsthe total numberof unacknavledged data units
which areeitherin ight from sener to the client, which
is z;(k), or receved by the client, but acknavledgments
notyetrecevedby thesener. We thushave

k—1
zik) =yi(k) — Y wi(d)

d:
t=k—[ 7t

(11)

where d; is the end-to-endtransmissiondelay from
clientto sener, t. is the samplingtime intenal between
[k — 1,k], assumingd; > t.. ldeally if y;(t),Vt €
[k — [d;/tc],k — 1] is known, z;(k) canbe computed
andthenusedin the control algorithmof Equation(10).
However, the end-to-enddelay representedby d;, pre-
ventstheknowledgeof y;(t), Vt € [k — [d;/t.], k — 1].
Thelastavailableobserationis z; (k—[d; /t.]). Theneed
of predictingthesevaluesof y;(¢) in the sener Obsera-
tion Taskbeforecalculatingz;(k) arisesfrom this lack of
knowledge.Figure4 illustratesthe above scenario.
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Figure4: StatePredictionin Transmissiorrasks

We usey; (k) to denotethe predictedvaluesof y;(k).
Assuminghatg; (k) is alreadyobtainedptimally, wecan
estimater;(k) by thefollowing I%quation:

—1

zi(k) =2 (k)= Y. %)

d;
t=h—[§]

(12)

The problemthenshifts to the developmentof appro-
priatemechanismso obtaing; (k).

5.2 Mechanismsfor Optimal Prediction
5.2.1 De nition of Optimality

Basedon the SeparationPrinciple [12], for a linear
stochasticsystemwherean obserer is usedto estimate
thesystemstate the parameterfor theobserer andcon-
troller aredeterminedseparately Informally, this means
thatwe candevelop an optimal predictionalgorithmfor
yi(t),Vt € [k—[%ﬂ,k—l] in thesenerObsenationTask,
while still retainingcompletefreedomfor adoptingalter
native controlalgorithmsin the sener AdaptationTask.

With regardsto the predictionaccurayg, we preferto
designanoptimalpredictionalgorithmthatminimizesthe
sumof squarecerrorsbetweerthe predictionsandvalues
beingestimatedi.e., a least-squaresstimate.More pre-
cisely if e(k) = y;(k) — 9:(k), whereg;(k) is the pre-
dictedvaluesof y;(k) attime k, we try to minimize the
quadraticerrorcostfunctionJ(y) = J(y;(k)) = 2€(k).
Theoptimalpredictionapproache.g.,KalmanFilter, pre-
sentedn this sectionis designedo minimize J(y).

5.2.2 Requirementsof an Optimal Solution

Theoptimalpredictionproblemis generallyhardif the
linear stochasticsystemis in its genericform. However,
it is provedin optimal controltheory[13] thatsimpli ed
predictionalgorithmscan be adoptedas an optimal so-
lution in a specialcase with two prerequisitesFirst, the
systenrandomdisturbancesv(k) andobserationnoises
v(k) areuncorrelatedvhite Gaussian-Marv sequences
with zeromean.This canbeinterpretedhat: (1) random
vectorsin the samestochasticsequenceareindependent
of eachother;(2) they canbeuniquelycharacterizety a
joint Gaussiarprobability densityfunction; (3) this den-
sity function haszeromeanexpectation,and(4) random
vectorsin differentstochasticequenceareuncorrelated
with eachother Second,the initial systemstatevector
x(0) is alsoa Gaussiamandomvectorwith zeromeans.

We asserthatthesystenstatesandnoisesn theTrans-
missionTask T; obsere suchnature. This assertions
basednthefollowing characteristics.



(1) The statesin the Obseration Taskandthe Trans-
mission Task are not correlated,since the Obseration
Tasks are implementedseparatelyin the middlevare
level, while the TransmissionTaskis part of the appli-
cation. This obseration guaranteeshatthe obseration
noisev (k) andthesystemrnoisew (k) areuncorrelated.

(2) Within the transmissiorpath, whenthe numberof
simultaneousonnectionsN sharingthe samephysical
communicatiorchannel(statisticalmultiplexing in inter
mediateswitches)is large, we expectthatin atime inter
val of lengtht., thechangesn N is very smallcompared
to N itself. This leadsto the factthat changesn z;(k)
dueto actities of otherconnectionsvill besmall. Thus,
whenwe modelz;(k) asa procesgjivenby Equation(7)
zi(K) = zi(k — 1) — ya(k — 1) + ui(k — 1) +wf (k - 1),
the termw?(k — 1), which is the dynamicdisturbances
causedy actiities of otherconnectionscanbe modeled
asa zero-mearGaussiarwhite noise[9]. Eventhough
when z;(k) is small andthe connectionis in a starting
stage,the possibility of anincreases larger thana de-
creasethis assumptiorof zeromeanis justi able when
z;(k) issufciently farfrom0. Thesameobsenrationalso
appliesto y;(k) andwy (k). This concludeghattheran-
dom noisew; (k) is a white Gaussian-Mardv sequence
with zeromean.

We concludethat randomdisturbance®f the Trans-
mission Task satisfy the requirementsof applying the
simpli ed predictionalgorithms suchasthe KalmanFil-
ter predictionalgorithmthatfollows.

5.2.3 Parametersin the Kalman Filter

We now apply the frequentlyusedoptimal estimation
algorithm,KalmanFilter, to solve the predictionproblem
of TaskStatesn the Transmissioask.

Equation(9) shavs thatboth®(k — 1) andI'(k — 1)
in Equation(1) areconstantsvithout error In addition,
u(k — 1) arealsoknown in the sener Obseration Task
withouterrorin theintenal 0 < k < k;,q2. Weintroduce
thede nition of thefollowing terms:

(1) The expectedvalues or expectations E(x) of ary
randomvectorx is de ned asthe meanvectorof x. For-
mally, E(x) = [E(yi(k)), E(z;(k))]*, whereE(z) for a
randomvariablez is de nedasE(z) = [*% zp(z)dz, if
p(z) is theprobabilitydensityfunctionof z.

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

P(k) = E[x(k) — x(k)][x(k) —-x(k)]"]  (13)

(3) Thedynamicsystendisturbancew is awhite, zero-
meanGaussiarrandomsequencashaving the following

properties,where Q(k) is the systemnoise covariance
matrix:

Elw(k)] =0 (14)
Q(k) = E[w(k)w(k))"] (15)
E[w(k)w(j))"]1=0,(j # k) (16)

(4) Similarly, in Equation(2) and(3), H is a constant
and the obsenration noiseis modeledas a white, zero-
meanGaussiamandomsequencéhatis uncorrelatedvith
thesystemdisturbance:

E[v(k)] =0 (17)

R(k) = E[v(k)v(k))"] (18)
Ev(k)v(i)T]=0,(j #k) (19)
Eln(k)w(5))"] = 0(all j andk) (20)

whereR/(k) istheobsenrationnoisecovariancematrix.
Accordingto Equation(6), v(k) is a scalarv;(k), it fol-
lowsthatR.(k) is thevarianceof v;(k), var(v;(k)) = o2,
whenwv; (k) is a Gaussiardistribution (m, o).

In practicejt is necessarto determineQ(k) andR.(k)
ofine. Thesecovariancematricesindicatethe level of
con dencein the systemmodelandobserations,respec-
tively. If onewereto increaseQ, this would indicatethat
strongemoisesaredriving the dynamics. Consequently
therateof growth of the elementsf the errorcovariance
matrix P (k) will alsoincreasewhichincreaseshe Iter
gainK(k) (referto Appendixfor formal presentations),
thus weighing the measurementmore heaiily. There-
fore, by increasingQ, we in effect putlesscon dencein
the systemmodel. Similarly, increasingR. indicatesthat
theobsenrationsaresubjecto astrongercorruptive noise,
andthereforeshouldbeweighedlessby KalmankFilter.

5.2.4 Operations of Kalman Filter

Basedon thesede nitions, KalmanFilter operatege-
cursiely in a predict-updatemanneras informally de-
scribedin the following phases.Referto Appendixfor
theformal equations.

Observed 7 (k-1) 7 (k)

te

Phase ‘ Update —=| Propagation ——=| Update %‘
1 1
(k-1)- k1 (k1)+ (k)- k (k)+ Time
- + - +
Estimated x (k-1) x (k-1) x (k) x (k)
Predict Update Predict Update

Figure5: TheKalmanFilter in operation

(1) PredictionPhaseoccursattime k£, thatis, before
obserationsaremadeattime k. Statepredictionsk~ (k)



aremadefor statesx™(k), anderror covariancepredic-
tionsP~ (k) is alsomade.

(2) KalmanFilter Gain ComputatiorPhaseoccursbe-
tweenk™— andk™, whichis thetime afterk. The Kalman
Filter gain matrix K(k) is computedto be usedlaterin
theUpdatePhase.

(3) UpdatePhaseoccursattime k™. TheKalmanFilter
gainmatrix K (k) is usedalongwith the nev obseration
z(k). Theerrorcovariancematrix P (k) is alsoupdated
from previously predictedP ~ (k) in thePredictionPhase.

These phasesare executedrepetitively till the time
whenthe latestobseration is available from the client
Obsenation Task. After this time instant,we candeplo/
a linearoptimal predictorto predictthe stateandits er
ror covarianceon the basisof all the informationthatis
availablewithout obseration. Denotingthe time of lat-
est available obseration on the client as £ — [%1 for
TransmissionTask T;, wherek is the presenttirﬁe in-
stanton sener, the linearoptimal predictor startswith
the lateststateestimateupdatephaseusing Kalman Fil-
ter, i.e., ¥ (k — [4]), andthenrecursiely appliesthe
statepredictionphaseto calculatex(t) = % (t), Vt €
[k — 47, k— 1]. Accordingto Equation(6), we have the
following for TransmissiomaskT;:

Gl =HR(), Vi€ [F - [T,k -1 @1)

Equation(21) concludesour prediction mechanisms
utilizing the KalmanFilter. Whentheestimated/aluesof
y; (k) areappliedto Equation(11), z;(k) canbeobtained
andthusappliedto the control algorithmin the Adapta-
tion Taskaspresentedn Equation(10).

6 Experimentswith Visual Tracking

Basedon the algorithmsdevelopedin previous sec-
tions, we have implementeda preliminary middlevare
controlarchitecturdo controlaclient-serer basedvisual
tracking application,adoptingKalman Filter as a opti-
mal predictionmechanisnin thesenerObsenrationTask,
with the presencef end-to-endlelay

6.1 Overview of the Visual Tracking Applica-
tion

Weuseaclient-serer basedrisualtrackingapplication
asanexampleof complex applicationgo evaluateour ap-
proach. Figure 6 shaws an overview of its architecture.
Basedon the original XVision [6] projectin Unix, we
have completedthe implementationof the client-serer
basedvisualtrackingapplicationontheWindowns NT 4.0

platformin Visual C++ 5.0, using Windows Soclets 2
API for the network transmission.

’% Visual Tracking State

|| Feature Detection Update

| Network || — - —

' | Transmission ‘[Vlsual Tracklng }[ State F[Idemlflcanon]
' of Digital : Feature Detection Update and display

Live Video [ Visual Tracking State
Feature Detection Update

Video Camera
Live video input —=}

Frame Digitizing

Server | Client
I

Figure6: TheClient-Serer Visual TrackingApplication

We have implementedthe Adaptorsshavn in Figure
1 in C++ and Java as middlevare componentsjnclud-
ing boththe AdaptationTask,usingEquation(10) asthe
control algorithm, and the Obsenration Task, using the
KalmanFilter asthe optimal statepredictor All middle-
ware componentsnteractamongone anotherand with
the applicationusing CORBA. We use ORBacus2.0.4
[8] asour CORBA implementation.Figure 7 shaws the
maintrackingwindow of theapplicationwith threetrack-
ers (SSD, line and corner)running simultaneously By
enablingadaptationthe primary QoS parametethat we
focusonis thetradking precision For quality assurance
of thisparametemtherQoSparametersuchastheimage
sizecanbesacri cedasatradeof.

We testedour systemin a varying network erviron-
ment, in order to experimentapplication-lgel adapta-
tion on transmissionbandwidth requirements. In or-
der to simulatebandwidth uctuations in a typical dis-
tributed ervironmentover wide-areanetworks, we have
alsoimplementedhsimplenetwork simulator which sim-
ulatespaclet delaythrougha transmissiorpathof multi-
ple network routers eachof themimplementinghe FIFO
schedulingalgorithm. Becauseof the bursty natureof
crosstraf ¢, throughputuctuationsmayoccuratvarious
timesovertheconnection.

For the purposeof repeatingthe sameset of experi-
mentsand for measurementsf tradking precision we
usea computergeneratedmagesequencein which the
objectmoves at x ed speedand path. For the experi-
mentalresultsshavn in Figure 8, the moving speedof
the rectangles setat a constant3 screenpixels per sec-
ond continuously In addition, we assume&hereare no
other CPU intensve processrunningin the background
on the sameplatform. This is for the purposeof sepa-
rating the experimentson bandwidthrequirementgrom
thoseon CPUrequirements.

In Figure8, thethreegraphson theleft arein the case
without any adaptation. The three graphson the right
are in the casewith adaptationsupportfrom the mid-
dleware framework, with integrated optimal prediction
mechanismsn actionin the sener Obsenration Taskto



i GrabWindow

SSD Tracker Line Tracker

Corner Tracker

Tracked Moving Object

Figure7: Visual Trackingon Client: The Main Tracking
Window with threetraclers

overcomeend-to-endlelay aswell asthePID controlal-
gorithmin the AdaptationTask. We canobsere thatby
changingthe frame size of the visual tracking applica-
tion, thetrackingprecisionwill be preseredwithoutary
trackingerrorat all timesduringthe connection.In con-
trast,without ary adaptationywhenthe network through-
put degradesto a certaindegree, the tracking algorithm
is not ableto keeptrack of the object,the erroraccumu-
latesrapidly verifying that the tracking algorithmloses
the object. This prove-of-concepstystemprovesthatthe
approachwe have taken is effective in preservingrrack-
ing precisionin a distributed ervironmentwith uctuat-
ing bandwidthandsigni cant end-to-enddelay between
theclientandsener.

7 Conclusions

In this work, we focus on the scenariowhen e xible
applicationssuchasclient-serer basedvisual tracking,
needto adjustthemselesto adaptto resourcevariations
and presere critical QoS parameterssuchas tracking
precision.We have extendedhe TaskControlModelin a
distributed ernvironment,modeledthe TransmissiorTask
in astate-spaceepresentatiorpresente@noptimalstate
predictionmechanisnto overcomeend-to-enddelay in
distributed stateobserations,andpresentegreliminary
resultswith our client-serer visualtrackingexperiments
to verify our approach. The optimal predictionmecha-
nism proposedin this paperis integratedin the sener
Obsenation Task,asmiddlevarecomponentandpartof
themiddlewvarecontrolarchitecturen alargerscale.On-

2 sooo0

(a) Obsered Throughput (b) Obsened Throughput
(c) Application-level (d) Application-level
Adaptation:  Original Adaptation:  Chopped
ImageSize ImageSize

(e) TrackingPrecision (f) TrackingPrecision

Figure 8 (Left): Experiments without adaptation support
Figure 8 (Right): Experiments with adaptation support

Figure8: Experimentswith the Client-Serer BasedVi-
sualTrackingApplication

going and future work involves application-con guable

adaptatiorandestimationalgorithmsvia a con guration

scriptinglanguageaswell asQoSassurancandadapta-
tion in amulticastingenvironment.

Appendix: The Kalman Filter

In thefollowing equationsye distinguishbetweeres-
timatesmadebeforeandafterthe updates.x (k) is the
state estimatethat resultsfrom the prediction equation
(22) alone(i.e. befoe the obserationsare considered),
andx* (k) isthecorrectedstateestimatehataccountgor
theobserationmade P~ (k) andP (k) arede nedsim-
ilarly. For completenesgheinitial conditionsarex*(0)
andP*(0).



e StateEstimatePredictionPhase:

(k) =®%(k—1)+Tu(k—1) (22

P (k)=®P"(k—1)®T +Q(k—1) (23)

e KalmanFilter GainComputatiorPhase:
K(k) =P (k)H'[HP (k)H! + R(K)]"! (24)

e UpdatePhase:

%" (k) = % (k) + K(k)[z(k) - Hx (k)] (25)

Pf(k) = [P™(k)"' + H'R(k)T'H(k)]™" (26)
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