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Abstract

A seamlessinfrastructure for information accessand
dataprocessingis thebackbonefor thesuccessfuldevelop-
mentand deploymentof the envisionedubiquitous/mobile
applications of the near future. The developmentof
such an infrastructure is a challenge dueto the resource-
constrained nature of the mobile devices, in termsof the
computationalpower, storage capacities,wirelessconnec-
tivity and batteryenergy. With spatial data and location-
aware applicationswidely recognizedas beingsigni�cant
bene�ciariesof mobilecomputing, this paperexaminesan
important topic with respectto spatial query processing
from the resource-constrained perspective. Speci�cally,
whenfacedwith the task of answeringdifferent location-
basedquerieson spatial data from a mobile device, this
paperinvestigatesthebene�tsof partitioning thework be-
tweentheresource-constrainedmobiledevice(client)anda
resource-rich server, that are connectedby a wirelessnet-
work, for energy andperformancesavings.Thisstudycon-
siderstwodifferentscenarios,onewhereall thespatialdata
andassociatedindex can�t in clientmemoryandtheother
where client memoryis insuf�cient. For each of thesesce-
narios,several work partitioningschemesare identi�ed. It
is foundthat work partitioning is a goodchoicefrom both
energy andperformanceperspectivesin several situations,
and theseperspectivescan havedifferential effectson the
relativebene�tsof work-partitioningtechniques.

1 Intr oduction

The proliferation of numerousmobile and embedded
computingdeviceshasmadeit imperative to provide users
with a seamlessinfrastructurefor informationaccessand
dataprocessing.The developmentof suchan infrastruc-
ture is a challengedue to the resource-constrainednature
of themobiledevices,in termsof thecomputationalpower,
storagecapacities,wirelessconnectivity andbatteryenergy.
With spatialdata and location-aware applicationswidely
recognizedasbeingsigni�cant bene�ciariesof mobilecom-
puting,thispaperexaminesanimportanttopicwith respect
to spatialqueryprocessingfrom the resource-constrained
perspective. Speci�cally, this paper introducesdifferent

ways of partitioning the work in the applicationbetween
aresource-constrainedclientandaresource-richserver that
areconnectedby a wirelessnetwork, and investigatesthe
energy consumptionand performancetrade-offs between
theseapproaches.

Resource-constraintsona mobiledevice canbiasanap-
plicationdeveloperto off-loadmostof thework to a server
whenever possible(througha wirelessnetwork). For in-
stance,thehandheldcouldserveasaverythin clientby im-
mediatelydirectingany userqueryto aserverwhichmaybe
muchmorepowerful andwhereenergy maynot bea prob-
lem. Thehandhelddoesnot needto storeany datalocally
or performany complicatedoperationson it in this case.
However, it is not clear whetherthat strategy is the best
in termsof theperformanceandenergy viewpoints. Send-
ing the queryto the server andreceiving the dataover the
wirelessnetwork exercisesthenetwork interface,whichhas
beenpointedout by otherstudiesto bea signi�cant power
consumer[6]. If this dominatesover the power consumed
by the computingcomponentson the handheld,then it is
betterto performthe entireoperationon the client sideas
longasthehandheldcanholdall thedata.Sometimes,even
if it is energy and/orperformanceef�cient to off-load all
thecomputationto theserver, thereareseveral reasons[1]
suchasaccessto theserver (unreachability/disconnectivity
from remotelocations)andprivacy (theusermaynot want
others,includingtheserver, to beawareof his/herlocation
or queries),causingthe entire queryexecutionto be per-
formedon thehandheld.Thereareseveraloptionsbetween
theseextremes- performingall operationsat the client or
everythingat theserver- thatareworthacloserlook. Parti-
tioningthework appropriatelybetweentheclientandserver
in a mobile settingcanhave importantrami�cations from
the performanceand energy consumptionviewpoints. To
our knowledge,no previousstudyhasexploreda possibly
rich spectrumof work partitioningtechniquesbetweenthe
mobileclientandtheserver for mobilespatialdatabaseap-
plicationsto investigateenergy-performancetrade-offs.

Thispaperspeci�cally focusesonSpatialDatabaseMan-
agementSystems(SDBMS)[17], animportantclassof ap-
plicationsfor the mobile devices. SDBMS are important
for mobilecomputing,with severalpossibleapplicationsin
this domain. Already, mobileapplicationsfor spatialnav-
igation and queryingusinga streetatlasare available for
many PDAs [16, 7]. Querieson spatialdataaretypically
answeredin two phases.The �rst phase,calledthe �lter -



ing step,traversesthe multidimensionalindex structureto
identify potentialcandidatesolutions. The secondphase,
calledthe re�nementstep,performsthe spatialoperations
on eachcandidateto �nd exact answers.Re�nementcan
be quite intensive for spatialdata(basedon the geometric
complexity) comparedto traditionaldatabaseswhere�lter -
ing costs(that is disk intensive) areusuallyoverwhelming.
Suchwell-demarcatedphasesserveto identify pointsin the
queryexecutionthatcanbeexploitedfor work partitioning
asis exploredin thispaper. Apart from thetwo extremesof
doingeverythingat theclient or theserver, onecouldenvi-
sionperformingthe�ltering attheclientandthere�nement
at theserver, andvice-versa.

It shouldbenotedthattheavailability of index structures
anddata,eitherpartiallyor completely, onthemobileclient
hasalargein�uenceonthechoiceof operationsdoneatthat
end.The�ltering steprequirestheindex tobeavailable,and
there�nementrequirestheactualdataitemsfrom �ltering.
Shippinga large amountof informationbackandforth is
not a goodideabecauseof the associatedcommunication
costs. At the sametime, the amountof information that
a handheldclient canhold is limited by its physicalmem-
ory size(DRAM) sinceit doesnot usuallyhave the luxury
of disk storage.Finally, the placementandavailability of
datais alsodeterminedby thefrequency of updates(either
changesor insertions)sincetheseagaininvolve communi-
cation.In ourexperiments,weconsidertwo scenarios.The
�rst scenario,AdequateMemory, assumesthat the client
hassuf�cient memoryto hold the datasetandassociated
index, while the secondscenario,Insuf�cient Memory, as-
sumesthat theclient canhold only a certainportionof the
datasetandindex thatis limited by its availablememory.

This paperexploreswork partitioning issuesfor these
scenariosusing somespatialqueriesfor road-atlasappli-
cationson real datasets. A detailed,cycle-accurateper-
formanceand energy estimationexecution-driven simula-
tor calledSimplePower [19], that is availablein thepublic
domain,is usedto analyzethe behavior of thesequeries.
Thesimulatoris augmentedwith detailedperformanceand
energy [18] modelsto analyzethewirelesscommunication
components.In additionto thesoftwareissuesof work par-
titioning and dataplacement,their interactionwith hard-
wareartifactssuchastheratioof themobileclientprocessor
speedto theserverprocessorspeed,thewirelesscommuni-
cationbandwidth,andthechoiceof dynamicallyadjustable
powermodesis studied.

Therestof this paperis structuredasfollows. Thenext
sectionputsthiswork in perspectivewith otherresearchen-
deavors. Section3 givesa quick backgroundof thespatial
queriesconsidered.Section4 de�nes the designspaceof
differentwork partitioningchoicesthatareevaluated.A de-
scriptionof themodelingof thedifferenthardwareandsoft-
warecomponents,includingthewirelesscommunication,is
givenin Section5, andtheresultsfrom this evaluationare
givenin Section6. Section7 summarizesthepaper.

2 RelatedWork

The areaof mobile computinghasdrawn a greatdeal
of interestfrom differentresearchgroups. Theseresearch
efforts addressissuesat the circuit andarchitecturallevel
[5], thecompiler[13], andalsoon higher-level issuessuch
asubiquitousinformationaccess[4] and routing protocol
design[2].

Severalvendorsalreadyoffer [7, 16] a versionof a road
atlas (a simple spatial databaseapplication). However,
many of theseapplicationshave beendevelopedin an ad
hocmanner, andthereis very little prior work on how best
to implementsuchqueriesonresource-constrainedsystems.

An earlier work [11] looked at the wirelesscommunica-
tionandassociatedenergyconsumptionissuesfor broadcast
data. Theproblemthat this studyexaminedis that of data
dissemination:whenthereis somepieceof informationthat
iswidelyshared,how besttodisseminatethisdatatoall mo-
bile devicesthatmaybeinterested,in aperformance/energy
ef�cient manner?The only known prior investigation[1]
into queryprocessingfor energy/performanceef�ciency in
resource-constrainedsystemshasstudiedthetrade-offs be-
tweenenergy and performancefor different spatial index
structures.In that study, all the dataand index structures
wereassumedto resideentirelyat theclient,andno client-
server communicationwas assumed. As was mentioned
earlier, it is notclearif this is really thebestapproachwhen
thereis the optionof of�oading somework to a resource-
rich server.

3 SpatialAccessMethodsand QueriesUnder
Consideration

Therehasbeenagreatdealof priorwork donein thearea
of storageorganizationsfor spatial(multidimensional)data.
Severalpreviousstudieshave comparedtheseindex struc-
turesfrom the performance,scalability, spaceoverheads,
simplicity, and concurrency managementviewpoints. [1]
has looked at sometypical spatial index structuresfrom
both the performanceand energy consumptionperspec-
tives for memory residentspatialdata. Thesestructures
have beenpointedout to be representative examplesfrom
thedesignspaceof storagestructuresfor multidimensional
data. Sinceoneof the goalsof this work is to investigate
how work partitioningcompareswith performingtheentire
queryat themobileclient,we usethesameindex structure
implementationmethodologyandquery-typeshereasaref-
erencepoint.

Line segments(or polylines)dominateroad-atlasappli-
cations,andtheseareusedasthe dataitemsin this study.
The queriesthat have beenusedin the earlier study, and
have beenidenti�ed as importantoperationsfor line seg-
mentdatabases[9, 10] includepoint, range, and nearest-
neighborqueries. In point queries,the user is interested
in �nding out all line segmentsthat intersecta givenpoint.
Rangequeriesareusedto selectall the line segmentsthat
intersecta speci�ed rectangularwindow. Nearestneighbor
queriesareproximity querieswheretheuseris interestedin
�nding thenearestline segmentfrom a givenpoint. More
detailsregardingthesequeriesaregiven in [8]. In the in-
terestof clarity, we uniformly presentall evaluationresults
usingthePackedR-treeindex structure.

4 Work Partitioning Techniquesand Experi-
mental DesignSpace

Therearenumerouswaysof partitioningthe total work
( � ) betweenthe client andserver for the queries.Figure
1 capturestheoverallstructurefor work partitioning,where
theclient performs��� amountof work, beforesendingoff
a requestto the server for it to in turn performits portion
of work ( �	� ). Whentheserver returnstheresultsfrom its
execution,theclientmayperformadditionalwork ( ��
 ) be-
forehandingtheresultsto theuser. It is sometimespossible
for theclient to overlapits waiting for theresultsfrom the
server with a certainamountof usefulwork ( ��� ) aswell.
Further, onecouldalsoenvisioncommunicationgoingback
andforth betweentheclientandserver, andwithout signif-
icant lossof generalityonecould capturethosescenarios
with appropriatevaluesfor the ��
 s.



Whereis thecomputationperformed? Wheredoestheindex reside? Wheredoesthedatareside?

AdequateMemory at Client
Fully at Client At ClientandServer At ClientandServer
Fully at theServer Only at Server Only atServer

Only at Server At ClientandServer
Filteringat Client,Re�nementat Server At ClientandServer Only atServer

At ClientandServer At ClientandServer
Filteringat Server, Re�nementat Client Only at Server At ClientandServer

Insuf�cient Memory at Client
Fully at theServer Only at Server Only atServer
Fully at theClient Partly atClient,Fully atServer Partly atClient,Fully atServer

Table 1. Work PartitioningandDataPlacementChoicesExploredin ThisStudy.

Result

w2

w1

w3

w4

       Request

CLIENT                                SERVER

Figure 1. OverallStructureof Work-Partitioning

By associatingdifferentvaluesfor ��
 , one could cap-
turea wide spectrumof work partitioningstrategies. Con-
sequentlythis designspacecanbecomeexceedinglylarge,
if onewereto considerall possiblevaluesfor the ��
 s. It
shouldhowever benotedthatwork partitioningcomesat a
cost.Oneneedsto packageandtransmit/receivestateinfor-
mation,anddatabackandforth,anddoingthisatavery�ne
granularitywould result in signi�cant overheads.Further,
programmingcan becomevery hard if one is to consider
migratingthework arbitrarily in themiddleof anoperation
(stateinformationhasto beexplicitly carriedover). It is for
this reasonthatwe look for explicitly demarcatedportions
of the codethat areat reasonablegranularitiesto consider
shippingthework over to theotherside. The �ltering and
re�nementstepsof queryprocessingoffer theseclearde-
marcationsin theexecution,andwe speci�cally targetour
work partitioningschemesat theboundariesof thesesteps.
Further, we do not assumeany scopefor parallelismin the
execution,thoughtherecouldbein reality (thisonly makes
usconservative in our estimateof thebene�tsof work par-
titioning),and �

� is setto zeroin ourconsiderations.
Table1 shows the work partitioningstrategies that are

actuallystudiedin this paper. The taxonomyis basedon
where the computation(�ltering and re�nement) is per-
formed for eachquery, togetherwith the location of the
datasetandassociatedindex. In the�rst scenario,weexam-
inesituationswherethereis adequatememoryat theclient.
For thisweconsider,

� Doing everythingat theclient (i.e. ������� ). In this case,
the dataand index needto be at the client to performthe
operations,andthis is theonly optionconsidered.

� Doing everythingat theserver (i.e. �
���

���
�

��
���� ).
In thiscase,thereis no needto keeptheindex at theclient.
While onemayavoid keepingthedataaswell at theclient,

anadvantagewith its presenceis thattheservercansimply
senda list of objectids afterre�nementinsteadof thedata
items themselves, thus saving several bytesin the results
messagetransmission.Hence,weconsiderbothoptionsfor
thedataat theclient.

� Doing �ltering at client and re�nement at server (i.e.
����� �ltering, �

�
� re�nement). Shippingall the index to

theclient canincura high cost.Consequently, we consider
only thecasewheretheindex is availableat theclient (and
by default,at theserver). For thedata,aswith theprevious
case,we considerboth optionsto explore the potentialof
saving communicationbandwidth.

� Doing �ltering at server and re�nement at client (i.e.
����� �ltering, ��
�� re�nement). In this case,it doesnot
make sensekeepingthe index at the client. Further, since
theearliertwo casesconsidertheimpactof moving �ltered
dataitemsfrom the server, we only considerthe situation
whenthedatais alreadyavailableat theclient.

Query Point

                          Master Index Structure

Send to
Client

Client Memory Size = 12 Data Items + 7 Index Nodes

Figure 2. ChoosingDataandIndex Structurefor Ship-
mentto Client

In the secondscenario,wherethe client memoryis in-
suf�cient, weconsider,

� Doing everythingat theserver (i.e. ���
�

�
�

�
�



��� ).

Thereis nodataor index maintainedattheclient,andall the
queriesaresimplyshippedover, andtheclient justdisplays
the�nal resultsit getsback.

� Doingeverythingat theclient. (i.e., �



� �ltering andre-
�nement). In thiscase,theclient is goingto holddataitems
in a partof thespatialextentandassociatedindex basedon
its availablememory. Whenaqueryis given,theclient �rst
checks(basedon the index it has),whetherit canbecom-
pletelysatis�edwith its datalocally. If so,it goesaheadand
doesthe�ltering onthesmallerindex andthecorresponding
re�nement(i.e. �	����� , andthereareno messagesgoing
backandforth). On theotherhand,if it cannotanswerthe
querywith localdata,it sendstherequestto theserver. The
serversendsbackdataitemsthatsatisfythequerypredicate,



togetherwith somemoreproximatedataitems,andan in-
dex encompassingall thesedataitemsbackto theclient( � �

is now theextrawork thattheserverdoesto pick suchdata
itemsandbuild anew index). Theamountof dataitemsand
index is determinedby theclient memoryavailability. The
client usesthis information to do the �ltering and re�ne-
ment,andstashesthis away for future queries. If thereis
suf�cient spatialproximity from onequeryto thenext, then
thedatatransfercostscanbeamortizedoverseveralqueries.
We would like to brie�y explain how the server picks the
dataitemsandnew index for the client in this case,since
we do not want to incur signi�cant overheads.We usethe
packedR-treestructureto explain thealgorithm. Together
with the query, the client sendsits memoryavailability to
the server. The server traversesthe masterindex structure
(for theentiredataset)asusualexcept,thatit notonly picks
nodesanddataitemsalongthepathsatisfyingthepredicate,
butalsocertainnodesoneithersideof it basedonhow much
datatheclient canhold. Figure2 showsanexample,where
the nodes/datasatisfyingthe actualpredicateis shown by
the thicker line, while the nodes/datathat is actuallysent
is shown by the shadedareawhenthe client memorysize
canhold 12 dataitemsand 7 index nodes. Note that we
can do this in just one passdown the index structure(as
is usual),sincethepackedR-treecangive reasonableesti-
matesof how many dataitemsandindex nodesarepresent
within agivensubtree.

One may ask how doesthe data and/or index get to
theclient in theschemeswhich require thoseto be locally
present.If the rewardswith suchschemesaresubstantial,
thenonecould advocateeitherhaving theseplacedon the
clientwhile connectedto a wirednetwork (beforegoingon
the road)or incurringa onetime costof downloadingthis
information. We focuson staticdata/information,anddo
notconsiderdynamicupdatesin thiswork.

Having describedthe designspaceof work partition-
ing schemesthat we consider, we would like to point out
that thereareseveral hardware,systemsoftwareand mo-
bility factorsthat govern the performanceand energy of
theseschemes.Someof thesefactorsincludethe relative
speedsof the mobile client and resourcerich server, the
wirelesscommunicationbandwidth,theavailability of pro-
cessorpowersaving modes,theavailability of powersaving
modeson the NIC, andthe physicaldistancebetweenthe
client and basestation. Thereare also other issuessuch
as noise, packet loss due to mobility, etc. affecting the
schemes,andin this studywe assumethoseissuescanbe
subsumedby anappropriatechoiceof theeffectivewireless
communicationbandwidth.

5 Experimental Platform

In the following subsections,we go over thesimulation
infrastructurewhichprovidesaplatformfor quantifyingthe
performancecyclesandenergy consumptionof the differ-
entqueryexecutionstrategies. We alsogive detailson the
workloads(both datasetsandqueries)andparametersthat
areusedin theevaluations.

5.1 Modeling the Mobile Client

We usethe SimplePower [19] simulationinfrastructure
to modelthecyclesanddynamicenergyconsumptionof the
executionof applicationcodeon a 5-stageintegerpipeline
datapath.This tool is available in the public domainand
providesdetailedstatisticsfor thedifferenthardwarecom-
ponents.The readeris referredto [19] for detailson how

it works, togetherwith the energy modelsfor the differ-
entpiecesof hardware- datapath,clock,caches,busesand
DRAM memory.

5.2 Modeling the Wir elessCommunication

In additionto theprocessordatapath,caches,buses,and
memory, wealsoneedto simulatetheinterfaceto thewire-
lessNIC, thedatacommunicationandthewirelessprotocol.
We have developeda NIC power andtiming simulator, to-
getherwith a protocolsimulator, andincorporatedthis into
the SimplePower framework. The effective bandwidthof
the channeldependson different parameterssuch as the
channelcondition and the underlying modulation/coding
schemesusedby theclient. In this work, we adjustthede-
liveredbandwidthto modelthewirelesschannelcondition
(errorsin wirelesstransmission).

TheNIC modelis basedon thedescriptionpresentedin
[14]. Thereare four statesfor the NIC, namelyTRANS-
MIT, RECEIVE, IDLE, and SLEEP, and its power con-
sumptionin thesestatesis given in Table2. The SLEEP
stateprovides the mostpower saving, but it is physically
disconnectedfrom the network. The NIC cannotbe used
whenit is in thismode,andcannotevensensethepresence
of a messagefor it (from theserver) leave alonereceiving
it. This statehasanexit latency of  "!#�#$&% [18] to transition
to oneof theactivemodes.TheSLEEPstateis usedbefore
sendingtherequestandaftergettingbackthedatato/from
theserver whenwe aresurethat therewill beno incoming
messagefor the client. The IDLE stateis usedwhenit is
importantfor the NIC to be ableto sensefor the presence
of a messagefrom theserver (whenwaiting for a response
after sendingthe requestto server). The TRANSMIT and
RECEIVEstatesareusedwhensendingandreceiving mes-
sagesrespectively. The transmitteris usuallymuchmore
power consumingthan the receiver. This power depends
largely on thedistanceto cover, asis shown in Table2 for
100 m and1 Km distancesto reacha basestation/access
point.

State Power (mW)
TRANSMIT 3089.1for 1 Km (1089.1for 100m)
RECEIVE 165

IDLE 100(Exit Latency: 0 s)
SLEEP 19.8(Exit Latency: ')(+*+,.- )

Table 2. NIC PowerStates

In addition to the NIC hardware simulation,we have
also developedapplication-level code (APIs) to simulate
the softwarenetwork protocolsover the wirelessmedium.
Theseare executedagainon the SimplePower simulator.
The APIs include: SendMessage, RecvMessage,
Sleep , and Idle . The SendMessage function simu-
latesthe sendingof dataand RecvMessage that of re-
ception(returningwhenthe messageis in the appropriate
buffers). The API code includesthe processof packag-
ing the datainto IP packets and TCP segments,and per-
formance/energy costsfor this are includedin the proces-
sor datapath,caches,busesandmemory. TheSleep and
Idle functionsareusedto puttheNIC into theSLEEPand
IDLE statesrespectively, andtheirusagewasexplainedear-
lier. WhentheNIC sensesan incomingmessage(whenin
IDLE mode),it transitionsto theRECEIVEstateandpicks
up the message.Thedurationof its stayin the RECEIVE
stateis governedby themessagelengthandnetwork band-
width.

All messagetransfersincludethe TCP andIP headers,
andarebrokendown into segmentsand�nally into frames



basedon the Maximum TransmissionUnit (MTU). The
transfertime andenergy consumptionarecalculatedbased
on the wirelessbandwidthand the power consumptionin
theappropriatemode.

In ourexperiments,in orderto minimizetheenergy con-
sumptionof theCPU,whenthemobileclient is waiting for
a message,we let the CPU block itself andmake the NIC
interruptit uponamessagearrival. Further, whentheappli-
cationis blockedon theclient, its CPUis put into a lower
powermode.

5.3 Modeling the Server

Sincewe alreadyhave several issuesto considerat the
client andfor wirelesscommunication,which is our main
focusin thispaper, wemakesomeassumptionsattheserver
end.We assumetheserver to beresource-rich,in thatthere
areno energy limitationsthere,andmemoryis not a prob-
lem either (i.e. we assumerequestscanbe satis�ed from
in-memoryindex structuresand data). Modeling I/O is-
suesandtheresultingthroughputat theserver is partof our
futurework, andour assumptionsherearepresumingthat
thereis suf�cient locality in theexecution(eitherfrom the
sameclient or acrossclients) that the dataandassociated
index nodesgetcachedin server memory. We believe that
relaxingsuchassumptionswould not signi�cantly impact
the relative bene�ts of the work-partitioningschemesthat
needto go to theserver for someinformationor theother,
andwe intendto considersuchissuesin our future work.
We alsoassumethattheserver is closeenoughto thewire-
lessaccesspoint/ basestationandthat thecostsof getting
from the basestationto the server arenot signi�cant (one
couldenvision relaxingsuchrestrictionsin futureresearch
aswell).

Consequently, all thatweneedto modelat theserverend
is theperformancecyclesthatareexpendedin performing
its portionof thequeryaftertherequesthasreacheda base
station.Sincewedonotneedenergysimulation,wedirectly
run this codeusingSimpleScalar[3], a popularsuperscalar
processorsimulator, with a differentsetof parameters[8]
thantheclient (to accountfor its highercomputationcapa-
bilities, speedandstoragecapacities),andfeedthe result-
ing performancevaluebackto the (SimplePower + Wire-
lessNetwork) simulator. This capturesthe �

� portion of
theexecutionshown in Figure1.

5.4 Workload and Simulation Parameters

We have usedtwo line segmentdatasetsfrom theTiger
database[15]: (a)PA contains139006streetsof four coun-
ties- Fulton,Franklin,BedfordandHuntingdon- in south-
ernPennsylvania,takingabout10.06MB in size.(b) NYC
contains38778streetsof New York City andUnionCounty,
New Jersey, takingabout7.09MB.

The index structuretakes around3.56 MB for the PA
datasetandaround1 MB for theNYC dataset.Theresults
in thepaperarepresentedusingthePA dataset.Thetrends
for theNYC datasetaresimilar [8].

For thescenariowith adequateclientmemory, weusethe
resultsfrom 100runsfor eachof thethreekindsof queries
(Point,RangeandNearestNeighbor).Eachrun usesa dif-
ferentsetof queryparameters.For the Point queries,we
randomlypick oneof theendpointsof line segmentsin the
datasetto composethe query. For the NearestNeighbor
queries,we randomlyplacethe point in the spatialextent
in eachof theruns.For theRangequery, thesize(between
0.01%and1%of thespatialextent),aspectratio (0.25to 4)
andlocationof thequerywindowsis chosenrandomlyfrom

thedistribution of thedatasetitself (i.e. a denserregion is
likely to have morequerywindows). Theresultspresented
arethesumtotal over all 100 runs. Theworkloadgenera-
tion for theinsuf�cient clientmemoryscenariois discussed
laterin Section6.2.

In work partitioningschemeswherethe requiredinfor-
mation(dataor index nodes)needsto be availableon the
mobileclient,weassumethatthisinformationcanbedown-
loadedfrom theserver (a onetime cost),perhapsevenbe-
fore theusergoeson theroadwith themobiledevice.

In our experiments,the server is assumedto have a 4-
issuesuperscalarprocessorclockedat1GHz,with adequate
memoryto holdall of thedatasetandindex thatareconsid-
ered.Theclient is modeledasasingleissueprocessor, with
clockspeedsthatarevariedasafractionof theserverclock.
Thecon�gurationchosenis representativeof whatis found
todayin commercialofferingssuchastheStrongARMSA-
1110 [12] (in PocketPCs)which operatesat 133 and 206
MHz. Detailedcon�gurationinformationof theserver and
theclient is givenin [8]. Weconsidertwo distances- 100m
and1 Km - for thewirelesscommunication,with commu-
nicationbandwidthsof 2, 4, 6, 8, 11Mbps.

6 Experimental Results

6.1 AdequateMemory at Client

We �rst considerthescenariowheretheclient hasade-
quatememoryto holdall of thedatasetandindex if needed.
As is pointedout in Table1, evenin this scenario,we con-
sidersomesituationswheretheactualdataobjectsarenot
necessarilypresentandneedto beshippedfrom theserver
aftera re�nement.

6.1.1 Comparisonof SchemesAcrossQueries

Our �rst setof resultsexaminesthe prosandconsof the
work partitioningschemesfor thethreesetsof queriesthat
areconsidered.Figures3, 4 and5 comparethe schemes
for point, range,andnearestneighborqueriesrespectively
with differentcommunicationbandwidthparametersfor the
PA dataset.Sincethenearestneighborquerydoesnot have
separate�ltering andre�nementsteps,the work partition-
ing basedon thesestepsarenot consideredhere,andwe
consideronly theoptionsof doingeverythingat theserver
versusdoingeverythingat theclient. In theseexperiments,
the ratio of the client CPU speedset to server CPU speed
(C/S)is setto �

/ andthetransmissiondistanceis 1 Km.
Resultsareshown in termsof the(a)energyconsumption

at the mobile client in the NIC during transmission(NIC-
Tx), reception(NIC-Rx) andwhenidle (NIC-Idle) together
with theenergy consumptionin theotherhardwarecompo-
nents(datapath,clock,caches,buses,memory)of theclient
thatareclubbedtogetherasProcessor(whilewehavestatis-
tics for eachcomponent,we do not explicitly show this for
clarity); and(b) thetotalnumberof cyclesfrom thetimethe
queryis submittedtill theresultsaregivenback(in termsof
thetime spentby theprocessorexecutingits work, andthe
NIC in transmittingandreceiving). In all thesegraphs,the
horizontalsolid line (thatmayappearto bemissingin some
graphsbecauseof its closenessto thex-axis)representsthe
correspondingvaluefor the”Fully at theClient” scheme.

Point Queries: Let us �rst examine the resultsfor the
point queries(Figure 3). This �gure compares”Fully at
the Client” executionwith the energy andperformanceof



: (i) Fully at Server (Figure 3(a), (ii) Filtering at Client,
Re�nementatServer (Figure3(b)) with theindex available
on the client but the dataresidingat the server (not avail-
ableat client), and (iii) Filtering at Server, Re�nementat
Client (Figure3(c)) with theindex anddataavailableon at
the server (after �ltering server needsto sendactualdata
itemsfor re�nementat client). The reasonwe do not ex-
plicitly show theseschemeswith dataresidingat theclient
optionis that this variationdoesnot give very differentre-
sults.Theselectivity of pointqueryis verysmall,andsend-
ing backthedataitemsor just objectids doesnot alter the
resultingmessagesizefrom theserversigni�cantly.
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(b) FilteringatClient,Re�nementatServer
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(c) FilteringatServer, Re�nementatClient
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Figure 3. PointQueries.Comparingtheschemesin terms
of energy consumptiononthemobileclient,andtotalcycles
taken for the execution. The horizontalline indicatesthe
energy andperformanceof ”Fully attheClient”. Thepro�le
for energy andcyclesis given in termsof what themobile
client incursin theNIC (givenseparatelyfor transmission,
receptionandidle) andall otherhardwarecomponentsthat
arebunchedtogetherasprocessor.

In all theexecutionsfor thepointquery, we�nd thatboth
theenergy consumptionaswell astheexecutioncyclesare
dominatedby thecommunicationportion(especiallyby the
transmitterwhich hasbeenpointedout to be a big power
consumer);processorcyclesor energy arenot evenvisible
in thesegraphs.As the transmissionbandwidthincreases,
bothenergyandcyclesdropsincetheNIC needstobeactive

for a shortertime andmessagesdo not take aslong. Even
at11Mbps,all theseschemesconsumemuchhigherenergy
than doing all the computationlocally. The schemesare
muchworsethanfull client executionon the performance
sideaswell. Acrossthe threework partitioningschemes
thatemploy theserver, wedonot�nd any signi�cant differ-
encesbetweenthemin termsof theenergy or performance
behaviors. The reasonbehindtheseresultsis the fact that
the point query is not ascomputationallyintense,andthe
selectivity is muchsmaller(not only after re�nement,but
after �ltering as well in our experiments). Consequently,
theexecution(andenergy) is dominatedby thecostof send-
ing therequestto theserver ratherthanby thecomputation
thatis performedoneithersideor theamountof datathatis
transferred(whichusually�ts in onepacket). Onecanalso
observe that the absolutecyclesandenergy consumedby
the queryaremuchsmallerthanthe correspondingvalues
for therangequerydiscussednext.
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(b) FilteringatClient,Re�nementatServer
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(c) FilteringatServer, Re�nementatClient
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Figure 4. RangeQueries. The left barsfor (a) and(b)
arefor thecasewheredataobjectsarenot availableat the
mobileclientandneedto beshippedfrom server, while the
right barsare for the casewheredataobjectsare already
availableon theclient.

RangeQueries: Moving on to therangequeryin Figure
4, we compare”Fully at theclient” executionwith the: (i)
Fully at theservercase(Figure4(a)),(ii) FilteringatClient,



Re�nementat Server case(Figure4(b)), and(iii) Filtering
at Server, Re�nementat Client case(Figure4(c)). For (i)
and(ii), thebarsontheleft for eachbandwidthin thecorre-
spondingenergy andperformancegraphsshow the results
for thedataresidingonlyontheserveri.e.,it is notavailable
on theclient. Consequently, theserverhasto sendbackthe
dataitemsaswell (which take many morebytesthanjust
the object ids) after re�nement. The barson the right in
thegraphsshow thecorrespondingenergy andperformance
whenthedataitemsareavailableat theclient,in whichcase
theservercanjustsendobjectids.

Thereare several interestingobservationsin the range
queryresults:

� We notethatwhile communicationis signi�cant, asin
thepoint query, theprocessorcyclesandenergy cannotbe
discountedin all executions.As theamountof computation
that theclient performsincreases(it increasesaswe move
from (i) to (ii) andto (iii) sincere�nementis themosttime
consuming),theprocessorcomponentsof cyclesandenergy
becomesdominating,especiallyat higher communication
bandwidths.

� We �nd that keepingthe datalocally helpsa lot for
(i) and(ii). The bene�ts aremuchmoreapparentfor the
fully at theservercasecomparedto theother, sincetheper-
centageof communicationtime/energy of the total execu-
tion/energy is muchhigher. We also�nd thatthebene�tsof
keepingdata locally at theclient savesmuch more on per-
formancethanonenergy. Thisoptimizationonly lowersthe
datareceptionat theclient (from server) anddoesnot alter
thetransmissionof therequestto theserver. Sincethetrans-
mitter power is muchmoredominant,andis unaffectedby
this optimization,thesavings in energy arenot asmuchas
thesavingsin cycles.

� Unlike the point queries,we �nd that work partition-
ingdoeshelprangequeries.With reasonablewirelessband-
widths,we cansurpasstheenergy andperformanceof do-
ing everythingat the client in many cases.However, the
performanceandenergy measuresshowdifferentpointsof
operating wirelessbandwidthat which thework partition-
ing schemesdo betterthan doing everythingat the client.
In general,theseschemesstartdoingbetterin performance
earlierthanin termsof energy. This is becausetheenergy
costsof communication,aremuchmoreexpensive thanits
performancecosts,andoneneedsto go to a muchhigher
bandwidthto offsetthisdifference.

� Wealsonoticedifferencesbetweentheschemes,which
we did not �nd in the point queries.We �nd the ”fully at
theserver” executionoutperforming(ii) and(iii) in termsof
bothenergy andcycles,especiallywhenthe datais stored
locally at theclient. Whenthedatais residentat theclient,
thereis very little communicationbetweenthe client and
server. In fact, this executionoutperformsthe”fully at the
client” executionevenat2 Mbpsbandwidth,thoughit takes
over 6 Mbps beforeit becomesmoreenergy-ef�cient. Of
the other two, we �nd againa very interestingsituation,
wheretheenergy andperformancecriteria canpick differ-
ent winners. Let us examinethe caseswherethe datais
availablelocally on theclient. We �nd thatthe”�ltering at
client, re�nementat server” is moreperformanceef�cient
than”�ltering at server, re�nementat client”, andbeatsthe
cycles of ”fully at client” beyond 4 Mbps. On the other
hand,theconverseis truein termsof energy. Theseresults
canbeexplainedbasedon the fact that re�nementis quite
computationallyintense,and of�oading this to the faster
server helpssave cycles. However, beforedoing this the
client hasto do the �ltering andsendthe candidatesfrom
�ltering to the server (which is not neededfor (iii)). This
makesthetransmittedmessagefrom theclientmuchlarger,
andasmentionedbefore,this consumesa lot of power (the
energy pro�les illustratethis).
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Figure 5. NearestNeighborQueries.

NearestNeighbor Queries: Sincewe do not have sepa-
rate�ltering andre�nementstepsin theprocessingof this
query, we have only comparedthe ”fully at server” case
with the”fully at client” executionin Figure5. Theselec-
tivity of thisqueryis againquitesmall,andwehavesimilar
observations/resultsasin the point queries.Hereagain,it
makessenseto doeverythingat theclientaslongaswecan
keepall of theindex anddataat its memory.

We havealsostudiedtheimpactof theclientCPUspeed
andthe physicaldistancebetweenthe client andbasesta-
tion. Overall,we �nd thata fasterclientprocessorprovides
greaterperformancewith little impacton the energy con-
sumption,astheoverall energy consumptionis not signif-
icantly affectedby the non-NIC componentsat the client.
In termsof thephysicaldistancebetweentheclientandthe
basestation,we �nd that work partitioningschemesthat
usemoretransmissionpoweraremuchmorecompetitiveat
shorterdistances.Thedetailedresultsfor theseexperiments
canbefoundin [8].

6.2 Insuf�cient Memory at Client

In the insuf�cient memory scenario,we considerthe
”fully atserver” and”fully atclient” situations.In thelatter
scheme,the client directsthe �rst querythat it getsto the
server. The server examinesits index basedon the query
andshipsbackacertainamountof dataandthecorrespond-
ing index (asexplainedearlier)to theclient,sothatthetotal
datashippeddoesnotexceedx, whichindicatesclientmem-
ory availability. Subsequentqueriesto theclientcanpoten-
tially besatis�ed locally if it falls within thespatialextent
for thedatathatit holds.Else,it throwsawayall thedatait
has,andre-requeststheserver for new dataandindex. The
trade-off with thisapproachis to beableto compensatefor
theadditionalcostsof transferringthedataandindex (and
thework thattheserverdoesin selectingtheseitems)to the
clientwhichis absentin the”fully atserver” case.However,
with suf�cient spatialproximity in successive queries(one
canexpectsuchproximity in realworkloads),thisextracost
canbeamortized.

To examinethisissue,we�re asequenceof queriesstart-
ing atsomerandompoint in thespatialextent,anddirecting
thenext set( 0 ) of queriesvery closeto that (so that it can
be satis�ed locally by the client). We investigateat what
valuesof 0 (referredto asspatialproximity) doesthe”fully
atclient” schemestartreapingthebene�tsfor rangequeries
in Figure6. Theinvestigationexaminestheeffectsfor 12�

1 MB and2 MB.
We canmake a coupleof interestingobservations. We

notethatthe”fully atclient” executioncanbecomeenergy-
ef�cient beyond a certainnumberof local queries,com-
paredto sendingthemall to the server. This numbergets
higher(from 115to 200)aswe increasetheamountof data
thatisshippedfromtheserver, whichreiteratesthatweneed
a lot more proximity to offset the higher volume of data
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Figure 6. Insuf�cient MemoryatClient - RangeQuery

transfer. However, the ”fully at server” is a clearwinner
acrossthe spectrumfor performance.The client is much
slower thantheserver, andthisdifferenceovershadowsany
wirelesstransmissioncycleoverheadsthatmaybeincurred
otherwise.This is anothersituationwherewe �nd energy
andperformancecriteria goingagainsteach other for op-
timization. The energy costof wirelesscommunicationis
muchmoresigni�cant thanthe performancecost, leading
to thisdisparity.

Theseresultssuggestthat it is importantto storea local
copy of assmalla setof spatiallyproximatedataitemsthat
theusermayneedto save onbothenergy aswell asperfor-
mance.

7 Summary of Resultsand Future Work

Energy constraintsand performancegoalsare two im-
portantcriteria that one needsto keepin mind when de-
signingapplicationsfor mobilesystems.A previousstudy
[1] lookedat this issuefor the�rst time by examiningspa-
tial dataindexing - thatcanbene�t severalmobile/location-
awareapplications- from theenergy andperformancean-
gles. However, therewas a limitation in that studysince
it wasassumedthat all the datais availableon the mobile
client and all operationsare directly performedon it. In
this paper, we have addressedthis limitation by examining
differentwaysof implementing/partitioningspatialqueries
betweenthemobileclientandserver, andexaminingenergy
and performancebene�ts, if any, from theseapproaches.
By identifyinga setof issuesandstrategiesthatneedto be
investigatedin partitioningthe work betweena client and
serveracrossawirelessnetwork,wehopeto provideamore
systematicwayof designingandimplementingapplications
for this environmentin a performanceandenergy ef�cient
manner. This effort is intendedto be the �rst steptowards
this goal, andthereareseveral issuesthat warrantfurther
investigation,suchasexploiting parallelismandpipelining
andconsiderationof otherspatialqueries.
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