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Abstract

In this paperwe presentan extensionto our QoSopti-
mizationalgorithm,Q-RAM[7][11], that canimprove opti-
mizationtime by several orders of magnitudewhenmanay-
ing highly con gurabletasks.A highly con gurabletaskis
onewith a large numberof QoSdimensionsnd/ora large
numberof quality levelson thosedimensionsFor example
an applicationthat hasten QoSdimensionawith ten qual-
ity levelsead will have setpoints,or waysin which
it canbe con gured. While the existing Q-RAMalgorithm
hasbeenshownto bea veryeffectiveresoucemanajement
tool, it muststill explicitly performcomputationon all of
the setpointsfor ea task. For taskswith setpoints
or more, thisis clearly impractical. Thekey ideapresented
hereis a new approximationalgorithmfor the concavema-
jorant stepin Q-RAM. By usingthis algorithmin a lter -
ing step,the bestperformingsubsebf the setpointscanbe
quidckly found without explicitly examiningall of the set-
points. Theideais validatedusinga phasedarray radar
systenasan exampleapplication.

1 Intr oduction

Resourceananagemenis animportantconsideratiorin
ary large heterogeneousystemin which taskscompete
for resourcesWithout effective resourcemanagemente-
sourcescan be overlurdenedleadingto poor and unpre-
dictabletask performance.One part of the resourceman-
agemenproblemis QoSoptimization.In QoSoptimization
we have a collectionof taskscompetingfor resourcesyith
eachtaskrecevving somebene t from thoseresourcesThe
goalis to allocatethe resourcego tasksin sucha way as
to optimizethetotal bene t recevedby all the tasks. This
bene tis oftencalled“utility”[6 ]. A larger QoSfor atask
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generallyrequiresa larger amountof resourcesandresults
in larger utility. Furthermorethe QoS-utility curve usually
saturatest high QoSlevels with furtherincreasesn QoS
yielding smallerincreasesn utility [11].

Many approachego resourcemanagamenhave been
proposedwith varying systemmodels,goalsand applica-
tion domains[1[5][13] [12][10][14]. The approachtaken
in this paperis an extentionof the methodologyproposed
by the Q-RAM project[1][8][4]. Q-RAM is a QoSman-
agemenframenork thatenablesystemdevelopersandap-
plication developersto quantitatvely de ne QoS, andto
analytically plan and allocateresources. The systemre-
sourcegetdistributedamongmultiple applicationsat dif-
ferentquality levels suchthatthe netutility thataccruego
theend-userss maximized.

In Q-RAM we assumehatapplicationshave parameters
that can be adjustedto tunethe QoS andthe resourcede-
mandsof the application.Eachparametehasa x ednum-
ber of possiblevaluesandwe call eachcombinationof pa-
rametervalue settingsa “setpoint”. The basic QoS opti-
mizationgoal is to choosea setpointfor eachapplication
so asto maximizethe total bene t to the system. As the
numberof parametersncreasesthe numberof setpoints
increasegdramatically For exampleif an applicationhas

parametersvith  possiblesettingsfor eachparameter
thentherewould be differentsetpointsClearly, thisis
problematicfor ary optimizationalgorithmif eachsetpoint
of eachapplicationmustbe explicitly examined.

In this paperwe will showv thatin mary casest is pos-
sibleto prunethe setpointspacewithout explicitly examin-
ing mostof the pointsin thatspace.Thetechniquewill be
illustratedusing a phased-arrayadartracking application
asan example. The radarsystemis modeledasa setcon-
sisting of a radarantennaa sharedpower source,andan
bankof processor$o run signalandtrack processinglgo-
rithms. Resourcesnodeledin the systeminclude not only
traditionalresourcesuchasCPU andradarbandwidth but
constraint-modelesourcesuchasenegy utilization.

2 QoSModel

Let usassumea distributed systemwith a setof shared
resourceandasetof independentasks . Each
task is assumedo have a set of parameterghat can be



changedo con gure its QoS andresourcedemands.We

will call theseopemtional dimensions Someoperational
dimensionamay also be QoSdimensions A QoS dimen-
sionis a singleaspecof taskquality thatis of directrele-

vanceto the user;for example,the framerate of a video-

conferencepplication. Otheroperationaddimensionamay
be transparento the userwith respecto quality, but may
affect resourcedemands. For example,the selectionof a

video coding algorithm, or the path throughthe network.

Still otheroperationaldimensionamay affect both quality

andresourcedemandput maynotbe of directrelevanceto

theuser An exampleis thedwell periodof aradartracking
task. While a shorterdwell periodwill increasebothtrack-
ing quality andresourcedemandhe dwell perioditself is

notdirectly of interestto the user In suchapplicationsthe

QoSdimensionsnaynotbedirectly alignedwith theopera-
tionaldimensionsIn fact,thetaskquality mayevendepend
onfactorsin the ervironmentin additionto the operational
settingof a task. For example,in aradartrackingtaskthe

trackingquality candepenchotonly onthecon gurationof

thetask,but on factorssuchasthe distanceto thetargetas
well asits speedandtype.

Becauseof the possibiledisparitybetweernthe QoS ob-
jectivesof theuserandthecon gurationoptionsof thetask
we separatelyde ne anopemtional space a quality space
andanervironmentspace For atask we de ne theop-
erationalspaceas:

(1)

where is the th operationaldimension,we de ne the
quality spaceas:

(2)

where  isthe th QoSdimensionandwe de ne theen-
vironmentspaceas:

3)
where isthe thernvironmentdimensionWealsode ne
asharedesoucespaceas:

(4)
where isthe thsharedesourcelimension.

For sometypesof tasks the operationatdimensionsand
guality dimensiongnay be equivalentandtheremaybe no
ervironmentdimensions(e.g., a videoconferencindask),
but in generalwe saythatthereis a quality function

mappingeachpointin thecrossproductof the
operationalpaceand ervironmentspaceto a pointin the
guality space.We assumehatthe operationaldimensions
are discretehaving a x ed numberof possiblevaluesfor
eachdimensions. The QoS and ervironmentdimensions
mayor may not bediscrete.

Ratherthanconcernourseheswith the semanticof the
valuesthat canbe taken on by the operationadimensions,
we assumeeachoperationaldimensioncan be character
izedby anindex valuebetweert and . For operational
dimensionghataffect applicationquality (e.g.,frame-rate)
we assumel to be the lowestquality with increasingndex
valuesrepresentingncreasingquality. For othertypesof
operationaldimensionge.g., the video compressioralgo-
rithm to use)the mappingbetweerthe index valueandits
semanticdgs arbitrary We call eachpossiblecombination
of index values asetpoint The numberof

setpointdfor atask is

For eachtask, the user may specify a utility function
mappingeachpointin the quality spacewith

a real numberwhich we call the taskutility. Usually task
utility is de ned in termsof the weightedsum of a setof
dimension-wisautility functions . The sys-
temutility is thensimply the sumof theindividual taskutil-
ities. Note thatfor a given ervironmentalcondition , it
is straightforvard to map a setpoint  in the operational
spaceo a utility valueusingthe quality function andthe
utility function . Usingthis mapping,aresourcenanager
canonly concernitself with selectinga setpointin the op-
erationalspaceandneednot directly considermointsin the
quality space.

In order for a task to operateat a particular setpoint

, it generallyrequiresresources.We de ne a function

specifyingthe amountof resourcesequired

for ataskto operateat eachsetpoint.We alsode ne aquan-
tity  we call compoundesoucein termsof a compound
resourceunction mappinga resourcaequire-
mentof ataskto avaluerepresentingheoveralldemancbn
the systemfor a particularsetof resourceequirementsA
typical compoundesourcdunction[§ is:

(5)

where is a penalty vector representingthe relative
scarcity of the resources.For brevity, we will also write
to representhecompoundesourcaequiredof atask

operatingat setpoint .

An operationaldimension  of task is saidto be
monotonidf for all pointsin the ervironmentspaceanin-
creasen the operationalindex value resultsin increasing
utility andnon-decreasingesourcaequirementsacrossall
resourcedimensions.All otheroperationadimensionsare
saidto be non-monotonic Monotonic operationaldimen-
sionstypically includedirect QoS-like dimensionssuchas
video frame-rate,aswell asindirect QoS-like dimensions
suchasthe dwell periodin radartracking.
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Compound Resource

We cannow de ne the problemof QoS-basedesource
allocationasfollows. For eachtask intheset ,
assigrasetpoint suchthatthesystemutility is maximized
andnoresourcailtilization exceedsts maximum.Formally,
we write this as:

maximize:
subjectto:

While nding the optimal resourceallocationis NP-hard,
the Q-RAM algorithm[4[7] is ableto nd a nearoptimal
solutionto this problemwith  tasksand setpointsper
taskin time. Q-RAM usesaconcae majorant
computatiorasa pre-processingtepto reducethe number
of setpointsthat mustbe consideredor a task. The con-
cave majorantis computedin the spaceof compoundre-
sourceversusutility wherecompoundresourceis a value
representinghe total resourcedemandof a task. In the
contxt of Q-RAM, the concare majorantis the smallest
subsetof setpointsde ning a concae curve underwhich
all of the othersetpointday. An exampleis showvn in Fig-
ure 1. Setpointsnot on the concare majorantneednot be
consideredasincethey represenbperatingpointsfor which
an increasein utility canbe achieved with no increasein
resourceequirements[1]L

The stepsof the basic Q-RAM algorithm[1][8][6][7]
canbesummarizeds:

1. For eachsetpointof eachtaskcomputethe compound
resouce and utility values. The compoundresource
is measuref the impacton the systemof a particular
resourceequirementvector

2. Computethe concare majorantof the setpointsn the
compoundesourcesersusutility spaceandeliminate
all setpointsnotonthe concare majorant.

3. Eachtaskis initialized to the lowestutility setpoint.

4. Choosethe taskwith the highestmarginal utility be-
tweenits currentpoint andthe next point up its con-
cave majorantandmake thatthe new currentpoint for
that task. The maminal utility is de ned as the in-
creasen utility divided by the increasen compound
resource.

5. Repeathe previous stepuntil all resourcedhave been
allocated.

Thebasicalgorithmshovn hereworksbestwhenall op-
erationaldimensionsare monotonic. Extensiondo this al-
gorithmfor handlingnon-monotonidimensionshave also
beenpresentedn the literature[4. Theseheuristicshave
provento be very effective at quickly nding resourceal-
locationsthat are near optimal for taskswith reasonable
numbersof setpoints. However, for systemswith highly
con gurabletasks(i.e., taskswith a “large” numberof set-
points)the optimizationtime canincreasadramaticallydue
to the time requiredto do the concare majorantcomputa-
tion. Eventhoughthe numberof setpointsemainingafter
the concare majorantstepmay be small, a directcomputa-
tionrequireghatone rst determinghecompoundesource
andutility valuesfor all of the setpoints.Sinceanapplica-
tion with  operationadimensionsand index valuesper
dimensiorhasatotal of setpointsthe numberof set-
pointscanquickly becomeunmanageablehentherearea
large numberof operationablimensions.

3 Concave-Majorant Approximation

The bestknown algorithm for computingthe concare
majorantof a setof pointsis Even though
thisis arelatively benigncompleity, when is largeit can
still be prohibitively expensve. In this section,severalnew
heuristicsfor approximatingthe concare majorantwill be
presented.Theseheuristicscanbe appliedwithout explic-
itly performingcomputationson all of the setpoints. For
simplicity, we will rst assumeall taskshave only mono-
tonic operationaldimensions Laterwe discusshe general
casein which sometaskshave operationallimensionghat
arenon-monotonic.

Let the minimum setpoint for a task for which
all operationaldimensionsare monotonic be de ned as
, and let the maximumsetpoint be

de ned as Clearly all of
the setpointsin the utility/compoundresourcespacethat
lie belov a “terminating” line from to

asshown in Figurel cannotbeonthe
concae majorant.Thesepointscanbe eliminatedimmedi-
atelywithout beingpassean to the concare majorantstep.
We call this heuristic“slope-basedraversal” (ST). While
this heuristiccanreducethe time to computethe concae
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majorantby a constantfactor, it muststill scanall of the
setpointgo determinef they areabove or belov the termi-
natingline.

We now considera set of fast traversal heuristicsthat
do not requirecomputationsn all of the setpoints.Again,
for now we will assumehatall operationallimensionsare
monotonic. The key obsenation is that when observing
the actualconcare majorantgeneratedisingall of the set-
pointsfor typical tasks,the concare majoranttendsto be
comprisedof runsof setpointswhich vary in only onedi-
mensionat a time with occasionajumps betweenruns of
points. This suggestsve canuselocal searchto follow the
setpointup theconcare majorant.For all of thesemethods
we know that will alwaysbethe rst pointonthecon-
cave majorantand will alwaysbethelast. Thediffer-
ent methodspresentederediffer primarily in the method
usedto performthelocal search.

As an example, considera task with three operational
dimensions. If we considerthe subsetof the setpoints

consitingof all the setpointfor which dimensions
1 and2 have index valuel, thesepointswill tendto form a
line asshown in Figure2. The concae majorantwill tend
to follow suchaline until it switchesto someotherline, in
thiscase followedby

While the fasttraversalheuristicspresentedn this sec-
tion arenot guaranteedo nd the exactconcae majorant,
in Sections wewill shaw thattheseheuristicgpproducegood
approximationgo the concae majorantand moreimpor-
tantly thatthedropin systemutility from usingtheapprox-
imationsis negligible.

3.2.1 First-Order FastTraversal (FOFT)

In r st-oder forward traveisal (FOFT) we keepa current
point for eachtask  which we initialize to . We
thencomputethe maminal utility for all the setpointsadja-
centto . A setpointis adjacentf all of its index valuesex-

ceptfor oneareidentical,andthe onethatdiffersvariesby
only one(i.e., they have a Manhattardistanceof one). We,
in fact,needonly considelpositiveindex valuechangesWe
thenchoosethe point that hasthe highestmarmginal utility,
addit to the concare majorantandmake thatpoint the cur-
rent point. Formally, if is the currentpoint we choose
the next currentpoint where maximizesthe
mamginal utility:

(6)

andwhere is avectorthatis zeroeverywhereexceptin
dimension whereit is equalto 1. We repeathis stepuntil
we reach . After we have generatedhis setof points,
the resultingcurve may not be a concare majorantso we
performa nal concae majorantoperation.

The numberof setpointggeneratedeforethe nal con-
cave majorantstepwill bethe Manhattandistancebetween

and which is: . Ignoring

boundaryconditions,at eachpoint we consider possi-
ble next setpoints.This meanghatwhenwe have dimen-
sionsand index levelsperdimensionghenthecompleity
of thisalgorithmis

3.2.2 Higher Order Fast Traversal Methods

We cangeneralizeahe FOFTalgorithmtoan -step -order
Fast Traversalalgorithm as follows. Justasin the FOFT

heuristic,initialize thecurrentpoint  to . Thenchoose
the next point where suchthat the
mauginal utility is maximizedand isde nedas:
()
(8)

Thatis, we look attheall next setpointghatcanbereached
from the currentsetpointby increasingupto dimensions
upto steps.Forthe FOFT algorithmdescribedabore we
woulduse . As with FOFT, we needto performa nal
concae majorantoperationon theraw pointsgeneratedby
this heuristic. In this paper in additionto FOFT we will
only consider2-StepFirst-OrderFastTraversal( ) which
wewill call 2-FOFT, and1-step,Second-OrdeFastTraver-
sal( ) whichwewill call SOFT

The fast traversal algorithms describedabose assume
thatall of the operationaldimensionsare monotonic. Un-
like monotonicdimensionsnon-monotoni@perationadi-
mensiongenerallydo not have structurethatcanbe easily
exploited. For thisreasonif someof theoperationatlimen-
sionsarenon-monotonicye simply applythefasttraversal
algorithmsaboveto thesubsethatis monotonidor all com-
binationsof index valuesof thenon-monotoniadimensions.



(a) RadarLayout

(b) Dwell Parameters

We thenform the unionof all theseresultsandapplyacon-
cave majorant. In the worst casethat a taskhasonly non-
monotonicdimensionghis simply reducedo afull concae
majorantoperation.However, mosttasksof interesttendto
have moremonotonicdimensionsandfurthermoretasksin
which mostor all of the dimensionsarenon-monotoniare
notwell suitedto Q-RAM optimizationarnyway.

4 Radar Tracking Problem

To validate our Fast Traversal heuristics,we will use
radartrackingin aphasedrrayradarsystemasanexample.
Unlikeatraditional x edantennaadar aphasedrrayradar
hasanelectronicallycontrollablebeam.This allows differ-
enttargetsto be tracked at differentupdateratesand with
differentamountsof radarenegy dependingon their im-
portance.ln anactualradar therearedifferenttypestasks
including searchtasksfor acquiringtargetsand con rma-
tion tasksto determinaf someradarreturnreally is atarget
andif soto determinets type. Otherradarproblemscanin-
cludetrackmemging whenwe determinehattwo tracksare
actuallythe sametargetandtrack resolutionwhenwe must
decidebetweemmultiple candidatdracksfor atarget. Since
this paperis primarily concernedwith the resourceman-
agementssueswe will ignoremostof this complexity and
concentratg@rimarily ontrackingtasksof known targets.

We assumea ship-boardradar systemcomprisedof
radarantennagrientedat 90 to eachotherasshawn in
Figure3(a). We alsoassumehateachantennas capableof
trackingtargetsover a arc. This meanghatthereare
regionsof the sky thatarecapableof beingtrackedby only
oneradarantennaaswell asregionsthatcanbetrackedby
two antennasThe antennasreassumedo sharea pool of

processorsisedfor trackingand signal processingal-
gorithmsanda commonpower sourceto supplyenegy to
theantennas.

A singleinstanceof sendingaradarsignalandreceving
the echofor a particulartrackingtask is calleda dwell
(Figure 3(b)). A dwell consistsof multiple short pulses
transmittecandreceivedover a period. Thedurationof this
dwell is calledthe dwell time (). Thetime betweentwo
successie dwellsis calledthe dwell period (). For sim-

Dimension Values

Radar( ) 12,34

Algorithm () Kalman,LeastSqr,

Period( ) 120ms,180ms,240ms, , 720ms
Dwell Time( ) | 0.6ms,1.2ms,1.8ms, ,30ms
Power( ) , ) v

plicity, we modelall shorttransmittingpulsesin the form
of asinglelong pulsesentoveratransmit time (). Data
from theradarreturnis thenpassedo atrackingalgorithm
() that processeshe dataand computesheamsteering
commandsgor the next radardwell.

In our modelof the radartrackingproblemwe consider
the operationaldimensionshavn in Table1. The dimen-
sion  speci es the radarantennato which the track is
assigned. Note that due to the orientationof the radars,
eachtarget canbe tracked by only one or at mosttwo of
theradarsdependingn its position. Thetrackingalgorithm

is oneof threecommonlyusedtrackingalgorithms.The
period anddwell time  areasdescribedabore, and
the power s the transmitpower in Watts. Note that
sincerequiredpower increasessthe fourth power of dis-
tance,we specifythe actualpower levels asa function of
thedistance (in miles)to thetarget. We alsousean ervi-
ronmentallydependenmaximumpower coefcient of
The value of is chosenat the point whereincreasing
power haslittle additionalbene t for a particulartarget.
Typically it is no larger thanabout1.5. This givesus up
to setpointsfor targets
that canbe tracked by two radarsand 24,750setpointsfor
targetsthatcanbetracked by only oneradar

Thedimensions , and aremonotonicoperational
dimensionsgn thatincreasesn the value on thesedimen-
sionsresultin increasedrackingquality andincreasede-
sourcedemandTheradarselectiordimension isclearly
a non-monotonicdimensionsince it is merely choosing
from amongasetof resourcesWhile selectiorof atracking
algorithm( ) affectstrackingquality, thebestalgorithmto
usealsodepend®n ernvironmentalpropertieof thetargets.
For this reasorwe considerthis to be a non-monotonidai-
mension.

Noneof the dimensiondrom Table 1 areof directrele-
vanceto the userin assessinghe trackingquality. For this
reasorwe modela trackingerror QoS dimensionto assess
trackingquality. Thetrackingerroris a functionof the op-
erationaldimensionsas well asa numberof ervironmen-
tal dimensions. We considerdistance,accelerationnoise
(e.g.,dueto electroniccountermeasures)speedandbear
ing from the ship as ervironmentalpropertiesof the tar-
gets. Details of the track error computationare givenin
AppendixA.

Theradarproblemresourcespaceconsistof thefollow-



ing resourcalimensionsradarbandwidth radarpowerand
computingresourcesRadarresourcesonsumptions mod-
eledby autilizationvalue  for eachradar givenby:

— (9)

where isthesetof tracksthataremappedoradar . We
assumehatfor eachradarthereis a utilizationbound
suchthat  cannot exceedthis bound. While can
not exceed1l (correspondindgo 100% utilization) in some
casesve may needa valuelessthanl to modellimitations
of the dwell scheduler For the purposeof this paperwe
will assumehat

In addition to utilization, radarstypically have limita-
tions on how much power canbe dissipatedaswell. Too
muchpower dissipationrisks damagingthe radarantenna.
There are typically both short-termand long-term con-
straints,but for simplicity in this paperwe will only model
thelong-termconstraints We de ne the averagepower for
aradar as:

— (10)

This power mustbe lessthansomespeci ed bound
for eachradar

In additionto the radarresourcegachtrackingtaskre-
guirescomputingresourcego procesghe radardata,and
predictthe next locationof the target. The computingre-
sourcesequireddependonthetrackingalgorithm  used,
and the period We assumethat the requiredCPU is
of theform where is thecoefcient represent-
ing the computationatostof algorithm . For simplicity
we treatthe bankof processorasa single processing
resourcg QoS optimizationwith processomappingis ad-
dressedn [4]). Wethende ne the CPU utilization as:

(11)

andde ne astheresourceboundfor CPU.

5 Experimental Results

In order to validate the fast traversal methods,a se-
ries of experimentswere performedusing randomly gen-
eratedradartrackingscenariosA 2.0GHzPentiumlV with
256MB of memorywasusedfor theexperimentsThenum-
berof trackingtaskswasvariedbetween and  with re-
sultsaveragedover fty runsfor eachscenariosize. The
track parametersvere generatedandomlyfrom the ervi-
ronmentabdimensionshavnin Table2 with themappingo
utility valuesbeingperformedasdescribedn AppendixA.

For the purposeof theseexperiments the fasttraversal
algorithmswere implementedas a pre-processingtepto

| Parameter | Value(s) |
Type helicopterjet, missile
Distance - mi.
Acceleration -
Noise - levels
- kts. (helicopter)
Speed - kts. (jet)
- kts. (missile)
Bearing -

the Q-RAM algorithm. We useda compoundresourcesx-
pression:

to evaluatethe resourcecostof eachsetpointfor eachtask.
, and  arethe total amountof radarbandwidth,

powerandcomputationatesourcaequiredby eachtaskir-

respectie of the particularradarand cpu to which it was

mapped. , and arethetotal resourcecapac-
ities for radar powerandcpu.
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The bargraphin Figure 4 shows the averagenumber
of setpointsper task averagedfor all of the generated
tasksboth beforethe concare majorantgeneratior(labeled
“All"), aftertheconcae majorantgeneratior(labeled‘Ma-
jorant”), andaftereachof the of the concare majorantgen-
erationheuristics. The taskshadan averageof 13,794set-
pointswhich wasreducedo 91 setpointsafterthe concae
majorantoperation.As expectedthe ST algorithmdid not
signi cantly affect the numberof setpoints. Note that the
heuristicd=OFT, 2-FOFTandSOFTproducedapproximate
concaemajoranturvesthathave slightly fewerpointsthan
theactualconcare majorant.

While thefactthatthe heuristicconcare majorantshave
fewer setpointghanthe actualconcae majorantimply that



somedesirablesetpointdhave beeneliminated experiments
shaw thatthe actualimpacton systemutility is negligible.

Figure5 shaws the systemutility asa functionof the num-

berof tasks.Eachpointonthecurvesis theaverageoverthe

fty runs.As canbeseenall of the performancesurvesus-

ing theheuristicconcare majorantsvith Q-RAM arenearly
coincidentwith the performancecurve generatedisingthe

full concavemajorant.Thisshavsthateventhoughthecon-

cave majorantcurvesgeneratedy the heuristicsaarenot ex-

act,theeffecton optimizationquality arevery small.
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Figure 6 shaws a plot of the overall executiontime in-
cludingconcare majoranigeneratiotime andsolutiongen-
erationtime for Q-RAM using eachof the concae majo-
rant techniques. The top curwe is for a concare majorant
generatedisinga full concave majorantalgorithm,andthe
dotedline underneattis for the slope-basetraversaltech-
nigue. The slope-basedraversaltechniqueresultsin ap-
proximatelya factorof two speeduppver the full concare
majorantalgorithm. Theexecutiontime curvesfor Q-RAM
usingthefasttraversalheuristicsarenearlyidenticalto each
otherandmuchlessfor Q-RAM usingthefull concare ma-

jorant or the slope-basedraversalmethod. For example,
with 512 tracking tasks,the executiontime using the full

concae majorantalgorithmis 134 secondsbut is only 4.3
secondsisingthe FOFT heuristic.

6 Conclusion

In this paperwe have presentech set of heuristicsfor
rapidly generatingan approximationto the concare majo-
rantof a setof taskoperatingpointsby exploiting structure
in the tasks' QoS space.Of the threefasttraversalheuris-
tics FOFT, 2-FOFT and SOFT, it was found that all per
formed nearly identically and requirednearly an identical
amountof cpu time to execute. It was shavn that for a
setof taskswith approximatelyl4,000differentcon gura-
tions,thetime requiredto nd anearoptimalcon guration
for all of the taskswasreducedby a factorof over 30. It
wasalsoshavn thatthe quality of the solutionwasnegligi-
bly affectedby theuseof theheuristics It is anticipatedhat
this performancegapwould be evenlargerwhenpresented
taskswith evenlargernumbersof possiblecon gurations.

Appendix A Tracking Err or Computation

Since we are primarily focusedon evaluating the re-
sourcemanagemerdlgorithm,we assumea simplemodel
of tracking error We make no effort to createa precise
modelof actualradartrackingerror but merelyto capture
the key featurego the extentnecessaryo evaluatethe fast
traversal heuristics. We male the following assumptions
abouttrackingerror:

Increasesn tamgetspeed ), targetrange( ), tamet
acceleratior( ) or generatedargetnoise( ) result
in increasedrackingdif culty .

The power () requiredto obtain similar tracking
qualityincreasessthe  powerof therange( ).

Trackingcanbeimprovedby usingshorterdwell peri-

ods( ) and/orlongerdwell times( ). More distant
targetwill requirelongerdwell timesdueto speed-of-
light limitations.

The Kalman algorithmworks bestfor noisy but non-
maneuering (low acceleration}amgets. The al-
gorithm works bestfor maneuering (high accelera-
tion) but non-noisytargets. The Least Squaes al-
gorithmis a compromisewith moderateperformance
againsimaneueringandnoise.

Basedon theabove assumptionsye assumehefollow-
ing errorestimationequation:



(12)

Wherethe coefcients arethoseshowvn in Table3. Targets
generatedor the experimentshave ernvironmentaldimen-
sion valuesgeneratecit randomfrom the valuesshawvn in

Table2. Threetypesof targetsare generatedhelicopters,
ghter-jets,andmissiles.We usea function of theform:

(13)

where is aconstanto mapthetrackingerrorinto a utility
valueand is aweightfunctionof theform:

— (14)

providing an estimateof the importanceof a particulartar-
get. The  termrepresentshe importancebasedon the
targettype, andthe right-mostterm representshe time-to-
intercepf(i.e.,thetime thatwould berequiredfor atargetto
reachtheshipif ying directly towardit).

| ConstanName | Values |
Speed )
Distance( )
Kalman:
Acceleration( ) | LeastSquares
Kalman:
Noise( ) LeastSquares
Paver( )
Dwell ()
Intercept( )
(helicopter)1.2
Type( ) (et)1.4
(missile)1.6
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