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Abstract— Location-based routing signi cantly reduces the
control overhead in mobile ad hoc networks (MANETS) by
utilizing position information of mobile nodes in forwarding
decisions. However a location service is needed before any
forwarding schemecan be applied. Therefore the scalability of
the location sewices directly affects the overall scalability of
location-basedrouting. Recently, several location sewice schemes
have been proposed,most of which are evaluated basedon only
one or two performance metrics, and under only the uniform
traf c pattern. We believe that a comprehensve comparative
study is neededto gain a deeper understanding of the design
trade-offs in developing scalablelocation sewices.In this paper,
we rst presenta taxonomy of existing schemesand explore the
designspaceand tradeoffs involved. We then develop a common
theoretical framework to analyze ve existing and representative
schemesin terms of three important cost metrics — location
maintenance cost, location query cost, and storage cost — and
under different traf ¢ patterns. Our analysis shows that the
design of location sewices involves tradeoffs among all three
cost metrics, and overlooking any of them may lead to biased
conclusions.We also show that some of the schemesare more
effective in exploiting localized traf ¢ patterns, thereby more
suitable for large scaleMANETS, wheretraf c patternsare more
likely to be highly localized.

I. INTRODUCTION

Routing scalability is a critical issue in mobile ad hoc
networks (MANETS). Unlike infrastructure-basedvired net-
works, routing in MANETS is performedby eachand every
nodein a cooperatre manner Due to limited resourcesuch
as power, bandwidth,processingcapability and storagespace
at the nodesas well as mobility, it is importantto reduce
routing overheadsin MANETS, while ensuringa high rate
of paclet delivery. Despitemary recentadvances,designing
scalablerouting protocolsthat caneffectively operatein anad
hoc networking ervironmentwith a large numberof mobile
nodesremainsa challengingresearctproblem[1].

Classicalad hocnetwork routing protocols,suchasDSR[2]
andAODV [3], focustheir designon accommodatinghe mo-
bility of nodes.In theseprotocols,nodesattemptto discover
routeson demandby sendingroute query messagethat ood
the entire network. As the network size grows beyond a few
hundrednodes,the costof ooding becomesprohibitive [4].

To addresghe scalability problemassociatedavith the early
ad hoc network protocols, location-basedrouting protocols
have been proposed[5], [6], [7]. Location-basedrouting
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assumeghe availability (e.g., via the GPS system)of ge-
ographicallocation information of nodes:nodes(sourceor
intermediatenodes)make forwarding decisionsbasedon the
location of destinationge.g.,by choosingthe neighborclosest
to the destination.Hencenodesin location-basedouting do
not need maintain the traditional “routing tables” about all
potentialdestinationspnly information aboutneighbors.
Although location-basedouting eliminatesthe cost asso-
ciatedwith route discorery and maintenancdor destinations,
it introducesa new problem, namely the needfor location
service beforea paclet can be forwarded,the (source)node
hasto discover the location of nodeto which the paclet is
destined.Location serviceis a co-operatie servicein which
nodes are both clients and seners. As a node moves, it
mustupdateits locationinformation. When a node needsthe
location information about a particular destinationnode, it
gueriesthe location serviceto retrieve the location informa-
tion. Thereforescalability of location servicedirectly affects
the overall scalability of location basedroutingin MANET.
Severallocationserviceschemesave beenproposedn the
literature:GLS[7], SLURP[g, SLALoM[9], DLM[10], HIGH-
GRADE[1]] and HierarchicalGrid[12] are somerepresenta-
tive examples.Although scalability has beena main design
goal in all theseschemesmary questionsregarding their
scalability propertiesstill remain.First, differentperformance
metricsareemployedin previousperformancevaluations For
instance,the schemein [12] focusesmainly on the location
updatecost (i.e., averagenumber of paclets forwarded per
secondn the network to updateall the locationseners),while
in [9] and[10], both locationupdateandlocationquery costs
are consideredIn addition, differentsetsof parameterge.qg.,
mobility patternand trafc pattern) are usedin simulation
evaluationof theseschemesmnakingdirectcomparisorof their
scalabilityandperformancalif cult if notimpossible Second,
apartfrom location query and updateoverheadswhich are
good indicatorsof CPU processingand power consumption
of a location service, we believe that memory/storagere-
quirementis also an important metric that should be taken
into accountin the designof a location service, especially
when a large numberof small mobile devices are involved.
Finally, scalability of location servicesshouldbe considered
under various trafc  patterns(i.e., communicationpatterns
amongnodes),in additionto the uniform patternconsidered



previously. Of particularimportanceare morelocalizedtraf ¢
patternsjn which nodesare morelikely to communicatewith
those nodesthat are close-bythan those that are far away.
Suchtrafc patternshave provedto be prevalentamongmary
kinds of humanor computercommunicationservironments,
which we believe is also likely to hold in ad hoc network
ervironments.

In this paperwe rst explore the designspaceof location
servicesandpresenta taxonomyof existing schemesWe then
develop a commontheoreticalframework for studying their
scalability properties basedon the aforementionedhreecost
metrics. Using this framework, we analyzethe scalability of

ve existing and representatie schemesOur analysisshavs
that the designof a locationserviceinvolvestradeofs among
all threecostmetricsandoverlookingary of themmayleadto
biasedconclusionsWe alsoshowv thatsomeof the schemesire
more effective in exploiting localizedtraf ¢ patternsthereby
more suitablefor large scaleMANETS, wheretrafc patterns
aremorelikely to be highly localized.

The remainderof the paperis organizedas follows. In
Section Il we rst give a brief descriptionof the existing
location service schemesand then presenta taxonomy A
comprehensie comparisorof thesescheme$asedon theoret-
ical analysisis describedn sectionlll. Finally, we conclude
the paperand discusssomefuture work in sectionlV.

Il. LOCATION SERVICES. A TAXONOMY

Designingef cient locationserviceshasbeenanactive area
of researchin padet radio and cellular networks However
most of the schemesare basedon infrastructued networks
with dedicatedsenershandlingthe positioninformation[13],
[14]. In MANETS, all nodesare symmetric,andthereare no
dedicatedlocation seners. In other words, location services
must be provided by the nodesthemselesin a copperatie
manner The schemesdevised for paclket radio and cellular
networksarethusnotwell suitedto MANETS. In this papemwe
only considerthe schemespeci cally designedor MANETS.

Previous work [15] has classied location service in
MANETs basedon whetherall or somenodesin the net-
work act as location seners, and whethereachsener stores
locationsof all or someother nodes.This yields four com-
binations: all-for-all, all-for-some, some-forall, and some-
for-some.DREAM [6] is an example of all-for-all location
service,in which all thenodesood their locationinformation
to all othernodesin the network. Clearly this approachs not
scalable.Some-forsomeand some-forall schemesalso have
problemsasthey putgreatburdenon nodesselectedasseners.
In this paper we focus on analyzing all-for-somelocation
services,where all the nodesin the network store some
informationaboutothernodes.In particular we will compare

ve examples:HIGH-GRADE, GLS, SLURR SLALoM and
DLM.

To design an all-for-some location service, we need to
answerthe following basicquestionsHow doesa node(with
ID) A choosea setof location sener(s)to storeits location
information? How should A update these location seners

as it moves around?How does anothernode (with ID) B
discover the appropriatelocation sener(s) of A to retrieve
A's location? The solutions proposedby various schemes
mainly differ in two dimensions.The rst dimensionis how
seners are organized,e.g., how mary location seners does
every nodehave? If eachnodehasmultiple seners,how are
they distributed acrossthe network area?Uniformly or more
denselydistributedaroundthe nodebeingsened?The second
dimensionis the granularityof locationinformationstoredon
the seners. Some schemesstore exact locations of nodes,
therefore require frequent updatesof location information,
while other schemesstore only a coarseinformation about
a nodes location. In the remainderof the section,we rst
briey describe ve existing and representatie schemesand
thenpresent taxonomyof locationserviceshasedon the two
designdimensions.

A. GLS[7]

Grid LocationService(GLS) dividesan areacontainingthe
ad hoc network into a hierarchicalgrid of squaresThe largest
squareis called the level-H square.The level-H squareis
thenrecursvely divided into four level-(H 1) squareauntil
level-0 squaresare reachedforming a so-calledquad-treeln
eachlevel-i square(for i > 0), nodeA selectsthreelocation
seners,onein eachlevel-(i 1) squarethatA is notin. The
structureof GLS is shavn in gure 1(c).

GLS selectsthe location seners basedon the nodeID in
eachsener's servicearea(i.e., a quadrant) For anodeC to be
nodeA's locationsener, C hasthe smallestiD thatis larger
thanA's ID in that quadrant,.e.,

C = minfxjnodex is in the quadrantl D(x) > ID(A)g

We say C is “closest” to A in the quadrant.For all other
schemesve analyze the locationsenersarechosenin a way
that closenesss de ned in termsof geagraphic distanceto
a point obtainedusing hashfunctions,insteadof the distance
determinedn the ID space.

Eachnodeupdatests locationsenerswith its exactlocation
afterit movesa thresholddistance . To queryfor a particular
nodeA, anodeB sendshequeryto the nodethatis closesto
A for which B haslocationinformation,andsoon. Eventually
the querywould reachone of A's locationseners.

B. SLURP[S]

In SLURR the entire network area(a square)is divided
into a at grid of squaresNodeA selectsits locationseners
by applyinga hashfunctionto A's ID and obtainsthe (x, y)
coordinateof a pointin the entirearea.The squarecontaining
that point is called the “home square”for nodeA. All nodes
in thatsquarestoreA's exactlocationinformation.Every time
nodeA movesto adifferentsquarejt updatests homesquare
with new location information. For ary node B wishesto
communicatevith nodeA, the samehashfunctionis applied
to node A's ID to obtain A's home square.A query packet
is thenforwardedto A's homesquareto retrieve A's location
information. This is illustratedin Figure 1(a).
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Fig. 1.

C. SLALoMI9]

One of the main drawbacksof SLURP is that the query
lateny grows asthe network size grows. Even if nodeB is
relatively closeto node A, node B may still needto query
A's home squarethat is far away. To addressthis problem,
SLALoM usesatwo-level structure Theentirenetwork is rst
divided into a at grid of level-1 squaresasin SLURP The
network is then partitionedinto variouslevel-2 squareswith
eachlevel-2 squarecontainingmary level-1 squaresNode A
selectsits location seners by hashingto the (same)point in
eachof the level-2 squaresNode A thus hasa homesquare
in every level-2 squareasin Figure 1(b).

Insteadof storing the exact location information at every
home square, SLALOM uses a two-level grained location
information. SLALoM de nes “home squaresiear A" asthe
ninelevel-1 homesquareglosesto A, i.e.,thehomesquaren
the level-2 squarewhereA is in, plusthe eighthomesquares
in the surroundinglevel-2 squaresAll the home squaresin
the network know which level-2 squareA is in, andthe nine
home squaresnear A knows the exact location of A. Using
this approach,as A moves around,only closerseners need
to be updatedfrequently whereagemotesenersrequireonly
infrequentupdates.

To querynodeA, nodeB sendsquerypacletto A's home
squarein the level-2 squareB is in. If that home squareis
theonenear A, B canretrieve A's exactlocation. Otherwise
the senersin thathomesquareknow which level-2 squareA
is in, and can forward the query to the home squarein the
level-2 squarethat A is in.

D. DLM [10]

DLM partitions the entire network much like GLS, i.e.,
thereare H + 1 level of squares.The location seners are
duplicateduniformly acrossthe region, one sener in every
level-K square,whereK is a systemparameterbetweenl
andH . The senersarechosenin a way similar to SLALoM,
i.e., by hashingto a point in eachlevel-K square therefore
we say DLM also usesa two-level serverstructure.

DLM usestwo addressingpolicies: completeand partial
addresslIn completeaddresspolicy, all the location seners
storetheexactlocationof anode Whenanodemoves,it needs
to updateits locationinformationat all of its locationseners.
This can causea storm of update paclets when the node
movesat high speed.The partial addresgolicy is introduced

(a) at sener organization;(b) two-level; (c) multi-level hierarchical.
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Fig. 2. Network hierarchyandlocationqueryin HIGH-GRADE.

to alleviate this problem.Eachlocation sener storeslocation
information with different granularity For i > K, if the
locationsener of nodeA is locatedin the samelevel-i square
in which A residedn, the senersstoreonly whichlevel-(i 1)
squareA is in. If the sener is locatedin the samelevel-K
squareas A, the completelocationinformationis stored.
The query operationis straightforvard if the complete
addresspolicy is used.Node B simply queriesthe nearest
location sener of A to obtain A's location. If the partial
addresgolicy is usednodeB rst querieghenearestocation
sener of A. If the complete addressof A is found, the
gueryis complete.Otherwisethe sener of A indicateswhich
level-(i 1) squareA is in, the queryis then forwardedto
A's location sener in thatlevel-(i 1) square.This process
continuesuntil A's completeinformationis found.

E. HIGH-GRADE[11]

HIGH-GRADE usesa similar hierarchicalgrid structureas
GLS, with eachnodeA residesin exactly onelevel-i square,
0 i H. Figure 2 illustrates such a hierarchical grid
with H = 3, and the level-0; 1; 2 squaresof node A are
highlightedwith differentlevels of shadesin HIGH-GRADE,
a node A has one set of location sener(s) in each level-i
squareit residesin. To determinethe relative locationof A's
locationsenersin the H + 1 squaresHIGH-GRADE applies
H + 1 well-known hashfunctionson A's ID. We call this
setof hashpoints Location ServerPoints (LSPs) denotedby
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LSPxi (0 i H).Figure2 shovs nodeA's four LSPswith

differentsolid markers.The locationsenersarea setof nodes
thatare“closest”to eachLSP,;; andthe locationinformation
is maintainedusing a rangedperimeterrefreshprotocol that
boundsthe numberof senersaroundLSPs.For more details,
pleasereferto [11].

Location senersin HIGH-GRADE store multi-grainedin-
formation,i.e., eachlevel-i locationsener(1 i H) stores
theinformationof which level-( 1) squae A is in, andonly
level-0 location seners store the exact location of A. When
anodeB wantsto nd A's location, it obtainssequentially
the so-calledlevel-i potential LSP (pLSPs .4 ) by applying
the samehashfunctionsto A's ID in B's level-i square.The
processstartswith B's level-0 squareand thereforethe point
PLSRs .a; 0. If nodeB andnodeA areco-locatedn the same
level-0 squarethenpLShs .a: 0 = LSPa. o, andB canretrieve
A's exactlocationfrom the senersat LSPa. o. Otherwise the
nodesatpLSH; .a. o would nd thatthey do nothave alocation
record for node A, and will then re-forward the query to
PLSR; A 1. This processcontinuesuntil pLSP; .a;; = LSPa;i
for somei, wherethe rst locationsener of A is found. Since
only coarsegrainedlocationinformationis storedon high level
seners, the query is then re-forwardedto lower level LSPs
sequentiallyi.e.,LSPai 1,LSPai 2, ...,until LSPa: o, where
the exactlocationof A is nally retrieved. Figure 2 showvs an
example of node B querying node A using the conceptof
LSPandpLSP Notethatin the gure, we specifypLSPswith
dashedine markers.

Since multi-grainedinformation is storedat eachlevel of
LSP, nodeA only needsto updateit levelj senerswhenA
movesacrossa level-i squareboundaryfori j 1.

F. DesignTradeofs

We presenta taxonomyof the abore schemesn Figure 3.
As we can see,eachschemediffers in the way the location
seners are structured: at, two-level and multi-level. The
granularityof locationinformationstoredis alsodifferent.The
choice of location sener structuredetermineghe numberof
location seners. The more location seners, the more update
pacletsandlocationinformationcopiesin the network, which
translatego higherlocation updatecost and storagecost. On
the other hand, a large number of location seners usually
reduceshe query costand lateng.

Multi-grainedlocationinformationaffectsthe rate at which
location seners need to be updated.If complete location
information is used,all location seners needto be updated
frequently With multi-grainedlocation information, the fre-
gueng of updatinga location sener is roughly proportional
to the distancebetweenthe nodeandthe sener, which means
remotesenersonly needvery infrequentupdates But multi-
grainedinformationincreaseshe costof query sincerecursve
gueryoperationsarerequiredto pin-pointthe exactlocationof
the destinationln designinga locationservice,onemusthave
a cleargoal and carefully balancethesetradeofs involved. In
the next section,we will quantifythesetradeofs andshaw the
strengthandweaknes®f every schemewe describedn terms
of differentscalability metrics.

I1l. COMPARATIVE STUDY BASED ON ANALYTIC MODELS

In this section,we employ a commontheoreticaframenork
to analyzethe scalability of the ve schemesdescribedin
sectionll. We areinterestedn how well theseschemescale
as1) the sizeof the network, denotedby the numberof nodes
N, increasesand 2) the moving speedof a node,denotedas
v, increasesand 3) underdifferenttrafc patterns.

A. Metrics

We use three metrics to evaluate the scalability of each
scheme:location maintenancecost, location query cost and
storagecost, which are formally de ned asfollows.

De nition 1 (LocationMaintenanceCost): The location
maintenanceostCy, is de ned asthe numberof forwarding
operationseachnodeneedsto performin a secondto handle
the location update/maintenangaaclets. It canbe viewed as
the costof maintainingfreshlocationinformationon location
senersin the network.

De nition 2 (LocationQuery Cost): The location query
cost Cq is de ned as the numberof paclet forwarding op-
erations due to location querieseachnode needsto perform
in a second.

De nition 3 (Storage Cost): The storagecost Cs of a
location serviceis de ned asthe numberof location records
a nodeneedsto storeasa location sener.

We separatethe location maintenanceand query costsfor
two reasons.First, as we shall see, the design choices of
various schemesaisually involve tradeofs betweenthesetwo
types of cost. Examiningthesetwo typesof cost separately
allows usto derive a betterunderstandingn the consequences
of the various designchoices.Second,we believe that in a
location servicescheme the location query costis relatively
easyto reduceby employing variouscachingstratgies,while
thelocationmaintenanceostis not. Therefore separatinghe
two typesof costprovidesmoreinformationfor oneto predict
the likely scenarioin practice.

Both location maintenancecost and location query cost
are evaluatedbasedon the forwarding load, i.e., the number
of hops a paclket needsto traverse during each operation
(update/query).This way, a paclet travels far away has a
higher cost then paclet sendsto a nearbydestination.It is



naturalto correlatethe forwarding load to CPU processing
and power consumption.Also, all three metrics are de ned
in termsof individual node Sinceall nodesare symmetricin
MANET, the expectedvalue of the metricsare the samefor
eachnode.

B. Assumptions

Theremainderof the sectionaredevotedto the derivation of
the expectedvalue of the threemetricsasfunctionsof N and
v. We summarizeour notationsin Tablel. Beforewe proceed,
we rst discussthe basicassumptionsve malke:

The node density is constant,i.e., the area of the
network A grows linearly with the numberof nodesN .
We also assumethat is high enoughthat geographic
forwardingis possible.

Nodesmove accordingto a simpli ed randomway-point
mobility model[16]. Eachnodepicks a randompoint in
the network and movestoward it with velocity v chosen
uniformly between[0; vimax ]. After the point is reached,
nodeselectsa nev randompointandmaoveson with zero
pausetime.

A trafc patternis the probability distribution of trafc
intensitiesbetweenary pair of nodesin the network. The
mostcommonlyusedtraf ¢ patternis the uniform pattern,
in which the probability of initiating a packet transmis-
sion betweenary two nodesis the same.However, as
shavn in [17], [18], the capacity of ad hoc wireless
network can be surprisinglow when the uniform traf c
patternis assumedin fact, [17] proved that the end-to-
end throughputavailable t(b eachindividual node hasa
theoreticalbound of O(1=" N). This demonstrateshe
poor scalability of any MANET underthe assumptiorof
uniform trafc: asN increasesthe network throughput
approachegzero quickly regardlessof routing protocols!
Fortunately we expect that the trafc patternin large
MANETSs usuallyexhibits a morelocalizedpropertyi.e.,
nodescloseto eachotheraremorelikely to communicate
than nodes far apart. Therefore,in our analysis, we
considera localized trafc pattern in addition to the
commonlyassumediniform traf c.

Note that both SLALoM and DLM both have uniformly
distributed location seners acrossthe entire network, and
SLURP only hasone x ed location for location seners for
eachnode,thusdifferenttraf c patternsare unlikely to affect
the performanceof the schemesin GLS andHIGH-GRADE,
location seners for a node are chosenin such a way that
the senersare densenearthe nodeand sparsefar away from
the node. Thereforewe need someway to characterizethe
behaior of both schemeaunder both uniform and localized
patterns.

To studytheimpactof differenttraf c patternson scalability
of locationserviceswe introducethe following notations.For
| =
qgueryingnode)andA (the nodebeingqueried)are co-located
in the samelevel-i square(as de ned in GLS and HIGH-
GRADE). We useP! andP/ to represent; underuniform

TABLE |

NOTATIONS
Cm location maintenancesost
Cq location query cost
Cs storagecost
\Y nodespeed
z averageprogressof eachforwarding hop
i level-i squareboundarycrossingrate
du distancetraveled by an updatepaclet
dd distancetraveled by a query paclet
nY numberof forwarding hopsof an updatepaclet
nd numberof forwarding hopsof a query paclet
perimeterrefreshingrate
distancethresholdin perimeterrefresh
pY proh queryingnodesin level-i square(uniform trafc)
P, proh queryingnodesin level-i square(localizedtraf c)
c1 constantof randomdistancewithin a square
c2 constantof randomdistancebetweensquares
c3 anotherconstantof randomdistancebetweensquares

Fig. 4. Distancetraveled by a nodewithin a region

and localizedtrafc patternsrespectiely. Basedon the size
of thelevel-i squaresf anode,P! canbe easilyobtainedas
follows,

3 . .
u 7 f1l i H
PP= 4 gizo

For simplicity of analysis,we considera speci c localized
trafc patternin which the probability P} decreasesxponen-
tially in largerandlargerlevel-i squaresformally, we de ne
P!=1p! ,,forl i H.Giventhat § P/ =1, wecan
obtainthat

1 1

C. BoundaryCrossingRate

For all the schemesthe location updatecost is directly
relatedto the boundarycrossingrate of a moving node. A
nodeA generates locationupdatepaclket whenit crosssome
squareboundariesThe following Lemmagivesthe boundary
crossingrate.

Lemmal (BoundaryCrossingRate): The squareboundary
crossingrate of a nodeA is

2H 1

° R



wherev is the moving speedof the nodeA, andR is the side
length of a level-0 square.

The boundarycrossingrate ; for alevel-i squarein multi-
level hierarchicalstructureis

i 0 il; foroO i H 1;
Proof: In [8], theauthorshovedthatwe canapproximate
o with the crossingrate of a nodein a circular areawith
diameterR. As illustratedin gure 4, when a nodeentersa
region, it travels somedistanceR cos before exiting. is
the angle betweenthe velocity vector v and the tangentat
the point where node entersthe region. Hence,the average
distancetraveled by a nodewithin a region is

Z o
27 2R
— Rcosd = —
0
Thereforewe get

% %

0 _ v

2R= 2R

Obsenre that a boundary crossing is either a vertical or
horizontalboundarycrossingin multi-level structure In either
case, a leveli boundaryis also a level<(i 1) boundary
while every other (vertical/horizontal)level-(i 1) boundary
is a leveli boundary Therefore,we have ; = % ; ; for

. 2
1 i H 1 |

D. HIGH-GRADE

As describedin Sectionll, HIGH-GRADE usesa multi-
level hierarchicalstructure.A nodeA selectsa LSP in each
leveli square,0 i H. NodeA only updatesits level
seners when A moves acrossa level-i squareboundaryfor
i j 1. Toquerythelocationof anodeA, the querypaclket
sentby a nodeB will be forwardedto the pLSCsin nodeB's
level-i square,startingwith i = 0. If a recordof nodeA is
not found at a pLSC, the query paclet is forwardedfurtherto
to a higherlevel (level-(i + 1)) pLSC until a recordof node
A is found. After that, the query is forwardedto lower and
lower level of LSPsand eventually reachinga level-0 sener
of A.

We prove the following theoremfor HIGH-GRADE.

Theoem?2: For HIGH-GRADE, the expected location
maintenanceostE (Cy, ) andthe expectedocationquerycost
E(Cq) are:

E(Cn) = O(vlogN);
E(Co) O( N) for uniformtrafc pattern
q O(logN) for localizedtrafc pattern

Proof: To computethe location maintenancecost Cp,,
we rst considerthe expecteddistancebetweennode A and
its level- LSR, denotedas E(d') (“u” for update),and the
averagenumberof hopsa updatepaclet takes from node A
to A'slevel-i LSR, denotedasE (n}'). Sincea uniform random
hashfunction is usedto obtainits level-i LSP, we can view

1
e

Fig. 5. ThreeconstantsLeft: c;—randomdistancebetweena pair of nodes
in a unit square Right: c,—randomdistancebetweena pair of nodesin two
unit squaresdjoinedon a side;cz3—randomdistancebetweenra pair of nodes
in two unit squaresadjoinedon a corner

di asthe distancebetweenthe two randompointsin a level-i
squareasshowvn in Figure5 (left pane).Therefore,

_ ZZ%ZQ
E(d') =2R (X1 X2)2+ (y1 Y2)2dxidyidxzdys
0000O0
= ¢ 2R 05214 2R

Denotez asthe averageprogressfor eachforwarding hop,
z canbe viewed asa function of the radio transmissiorrange
r. andthe nodedensity [8]. Sincewe assumebothr,; and
areconstantsois z. Thuswe hae E(ny) = E@) = « 2R

In HIGH-GRADE, C, is a combinationof two costs le,
the cost of updatingall H + 1 LSPs, and Cp,2, the cost
of perimeterrefreshing operationsto maintain A's location
informationaroundits LSCs[11]. Therefore,

E(Cm1) i E(n)
i=0
vciH
= > / v H
We hold R, the side length of g level-0 square,as constant.
Therp H is proportionalto log= A. SinceA / N, H /
log’ N, E(Cn1) = O(v logN).

ForE(Cn2), let betheperimeterrefreshrate. Thenumber
of nodesaroundthe perimeteris boundedby —, where is
the distancethreshold.Since thereare H + 1 LSPs wgich
needto berefreshedwe have E(C2) = (H + 1) — =

O(log N). Combiningthe two, we have
E(Cm) = E(Cm1) + E(Cn2) = O(viogN):

For location query cost, denote E(n{) as the expected
forwarding hopstraveled by a query paclet from nodeB to
nodeA's level-0 senerwhennodesA andB areco-locatedn
the samelevel-i square.As describedpreviously, eachquery
paclet is forwardedsequentiallyfrom pLSR), pLSR,, ..., up
to pLSR (i.e.,LSR), thento LSR, ; until LSP, is reached.
We canview eachstepas the distancebetweentwo random
pointsin a levelj square,with j rst increasedrom O to i
thendecreasefom i to 1. Therefore,

E(n?) = X —E(dju) + X —E(dju)
: . z oz
j=0 j=i
~ 2” a 2R ¢ R
B i 2 z
; R
= 2|+2 -
( 3) a -



For the uniform traf ¢ pattern,the expectedquery costis,

E(Cy) = E(nf) P
i=0
i+ R 3
(2I2 3) ¢ ERVE
i=0
2H+1 a ;
p_—
= O( N):
For the localizedtrafc pattern,
Xt
E(Cy) = E(nf) P
i=0
i 1 1
2I+2 3) ¢ o i
i:o( ) 1 2I+l 1 2Hl1
2 C1 E H
z
= O(logN):

[ |
Theoem 3: The expectedvalue of the storagecostE (Cs)
for HIGH-GRADE is:

E(Cs) = O(logN):

Proof: The averagenumber of recordsa node stores
is the total numberof recordsstoredin the network divided
by the total numberof nodes.Each node storesits location
information at H + 1 LSP's. Since the average number of
senersat eachLSP is boundby —2, we have

N (H+1) —

E(Gs)

N
O(logN)

E. GLS

The GLS schemeusesa similar multilevel hierarchical
structureas HIGH-GRADE. A nodeA selectsthreelocation
senersin eachlevel-i squarepnein eachlevel-(i 1) squares
thatnodeA is not in, asshavn in Figure 1(c). An important
differencebetweerGLS andHIGH-GRADE is thatGLS stores
the exact location information on every sener. Therefore,to
ensurefreshnessof location information and to reducethe
query failure rate, all location seners of node A needto be
updatedperiodically The updateperiodis setasthe expected
time a nodemovesa distanceof , namely =v

WhenanodeB wantsto nd thelocationof A, it sendsa
guery paclet towardsa nodeCj, the nodeclosestto A in the
ID spacethat B knows of. C; doesthe same re-sendingthe
querypacketto C,, the nodeclosestto A thatC; hasarecord
of andsoforth, until alocationsenerof A is found.Assuming
nodesare relatively static during the lifetime of a paclet, the
GLS schemeguaranteeghat in i steps,the location sener

will be reachedwherei is the level of the minimal common
squareA andB are co-located.In addition,in eachof thei
steps,the sourceand destinationof the re-sentpaclet in that
stepare within a level- squarewherej decreaseagradually
fromi to 1.
We now prove the following theoremaboutGLS.
Theoem4: For GLS,

ECn) = OK N

E(Cq) o( N) for unifo'rm trafc pattern
O(logN) for localizedtrafc pattern ’

E(Cs) = O(logN):

Proof: We rst considerthe location maintenanceost
metric Cn,. Since in GLS, a node updatesall its seners
with the sameperiod, no location maintenanceaclet (asin
the perimeterrefreshingof HIGH-GRADE) is neededC, is
solelydueto locationupdatesn the GLS schemeConsidetthe
expecteddistanceghe threeupdatepacletstraveledto update
thethreelocationssenersatthelevel-i squaredenoted= (d}').
We have _

E(d') = e+ c3) 2'R;

where2 R is the sidelengthof alevel-i squarec, andcs are
two constantffactorsrepresentinghe averagerandomdistance
betweentwo pointsin two neighboringsquareﬁgs shown in

F'[gl_JreS (right pane).Obviously, we have ¢, 5, andcs

2 2. Sinceupdatesare sentout at a rate of ¥, we have

X2 p+c) 20 R

I <

E(Cm)

R
= Y @Qute) - @7
p_
= O(v N):
Next we considerthe location query cost Cy. Basedon
the location query proceduredescribedabove, the expected
locationquery costwhenA andB are co-locatedin a level-i
squareis
X E@@)

z

E(n?)

j=0

X ¢ 2R

= ?

: R

= 2" 1) ¢ —:
( ) a5

For the uniform trafc pattern,

X q
E(Cq) = E(n?) P
i=0
” R 3
(2I ! 1) Cl ; 4H i
i=0
2H C1 E
p_ z
= O( N):



andfor the localizedtrafc pattern,

Xt
E(C) =  E(M) P
i=0
; 1 1
" 1) g — =
. 2i+1 1 2Hl1
R
C1 E H
= O(logN):
Finally, the storagecostis,
N 3H
E(Cs) = N3 = O(logN):
[
F. DLM

In ouranalysiswe will focusonDLM partialaddressption.
As describedn Sectionll, DLM usesmulti-grainedlocation
information similar to HIGH-GRADE. A major differenceis
thatin DLM the location senersof a nodeA are distributed
uniformly acrossthe network: one sener in every level-K
squarewhereK is anetwork parametechoserbetweenl and
H . The choiceof valuefor K involvesa tradeof betweerthe
location maintenancesost and the location query cost of the
DLM schemelntuitive, whenK is small, thereis a location
sener for nodeA in every low level squaresTherefore,the
location query costis low asary nodeB can nd a nearby
sener of A. However, the location updatecostis high, since
mary seners needto be updatedacrossthe network. When
K is large, the reverseis true. We shawv thatthe performance
metricsare functionsof the parameteiK , asin the following
theorem.

Theoem5: The expectedlocation maintenancecost and
the expectedlocationquery costof DLM are:

E(Cm) = O(v@2“ +2% )+ 2%)
E(Cq) = O(2%):
independentf trafc patterns.
Proof:

Thelocationupdatecostof DLM (denotedy Cp,,1) consists
of two parts. First, when a node A moves out of its level-0
square |t needsto updateonly its closestlocationsener (the
sener within its level-K square).ln addition, when a node
A malkes a level-(i + K) squareboundarycrossing(i  0),
it needsto updateall its senerswithin its level-(i + K + 1)
square.

We next derive the cost of updatingall the seners within
thelevel-(i + K) squareThe DLM paper[10] did not discuss
how to perform the updates A naive approachwould be to
send a unicast messageto each sener. However, a better
approachss to build a multicasttree-like structureconnecting
all thesenerswithin thelevel-(i + K ) squareandsendupdate
messagealongthe“tree”. Sincethereare4' senersin alevel-
(i + K) squarethetreewill have 4' 1 “edges”.It is easyto
seethateachedgewill have the geographicalengthof 2K R.

Therefore the total costof updatingall the senerswithin the
level-(i + K) squareis 2K R (4" 1).
Using the sameanalysisas in HIGH-GRADE, the level-j

squareboundarycrossingrateis j = 51]— > - Thereforethe
location updatecostof DLM is
0
q 2 R X 2K R
E(Cmi1) = ! —+ Pk @ 1)
i=0
= K 1g 7V+2_\Z/ @11 1
(c; 2¢ l+2H°) 7V

Note that H is the numberof levels above level K, i.e.,
H°= H K, H is thetotal numberof levelsin the network.

In DLM, alocationsener of nodeA is chosenby hashing
the ID of nodeA to onelevel-0 squarein the level-K grid. If
thatlevel-0 squareis void (i.e., no nodein the level-0 square),
a “backup” searchprocessis performedto searchthe entire
level-K grid areain a certainorder In addition,asthe current
location sener moves, it needsto periodically searchat least
a partial areaof the level-K grid to ensurethatit is still the
“closest” node to the hashedposition of node A; otherwise
it needsto passthe location information of node A to the
“closer” node,which now sene asthe new locationsenersof
A. In theworsecase the currentsener needso searchall the
2K 2X level-0 squaregperiodicallyto ensurethe correctness
of locationsener selection.Therefore anotherpartof location
maintenanceost (denotedoy Cp,») is

R (2K 2¢
z

1)

E(Cm 2) m
0@*);

where n, is the rate of the periodical checkby the current
location sener. Note that in the derivation, we assumethe
“backup” searchprocessfollows a tree like sequencesimilar
to thosediscussedn the last subsectionTherefore,

E(Cm) = O(v(2K + 21 K)+ 22K)

The location query processof DLM is simple.To nd the
location of node A, a nodeB will querythe location sener
of A within B's level-K square.However, becauseof the
“backup” searchschemejn the worst casenodeB may need
to searchall the2X  2X level-0 squareso nd outnodeA's
locationsener. Therefore the locationquery costof DLM s

R (2% 2K
4
0(2%);

1)

E(Cq)

[ |
We notethatthe sumof thelocationmaintenancandquery
costsare minimizedwhenK = % In that case,
O(Vg N)

E(Cn) =
O(QW):

E(Ca)



The storagecost metric for DLM is givenin the following
theorem.
Theoem6: The expectedstoragecostof DLM is

E(Cs) = O(22H K)y:

whenK = &,
E(Cs) = O(Ig N 2):
Proof:

In DLM, a node A hasa location sener in eachlevel-K
square.This meansthat all the nodesin a level-K grid will
host the location information for all the nodesin the entire
network. Therefore the storagecostfor eachnodeis

2" R)2" R)
(2¢ R)(2 R)
— 22(H K)

= O(N?3):

E(Gs)

G. SLURPand SLALoM

In [8] and [9], the authorsgave the upper bound of the
expectedvalue of the location maintenanceostand location
query cost for SLURP and SLALoM. The analysisof these
studiesare basedon the sameassumptionge.g., is held
constant,etc.) except that only the uniform trafc patternis
used.However, the resultsof their analysisstill hold in the
localized trafc pattern,i.e., the results do not dependon
whichtrafc patternis assumedor the SLURPandSLALoM
schemes.We duplicate their results in the following two
theorems.

Theoem7 (Wbo and Singh): For SLURR

E(Cnm) = O(Vpﬁ)
E(Cy) = O( N):
Theoem8 (Chenget al.): For SLALoM,
E(Cn) = O(VQW)
E(Cq) = O( N):

Note thatin SLALoM, the location maintenanceand query
costs are actually functions of K, the size of the level-2
squaresTheresultsin Theorem8 is basedonK = ( N19),
in which caseE (Cn) + E(Cy) is minimizedover K . Finally,
our lasttheoremof our studyis on the storagecostof SLURP
and SLALoM.

Theoem9: For SLURR

E(Cs) = O(1):

For SLALoM, 0
E(Cs) = O(" N):

Proof: To analyzethe storagecost of SLURR we note
thatin SLURR the locationinformationof a nodeA is stored
in eachnodeof the level-0 squarecontainingthe hashedpoint
of A. Assumingthe nodedensityis , we have

N RR
N
0(1)

We next analyzethe storagecostfor SLALOM. In SLALoM,
every K K level-1 squarega level-2 square)containsthe
locationinformationof all N nodesin the network. Assuming
K = ( N*¥3), we can calculatethe numberof nodesin a
level-2 squaresareais

(N'=)(N'=3)
A

E(Gs)

N/ NZ3

Sincethese ( N 27%) nodesstore the location information
of all N nodes,we have

N
E(C) | s

= O(N'®)

H. Summary

We summarizethe three performancemetrics of the ve
locationserviceschemesn Tablell, and make several obser
vationsaboutthe results.

The resultsof HIGH-GRADE and GLS are very similar,
which is not surprising, as their designsexhibit the most
similarity. However HIGH-GRADE outperformsGLSin terms
of locationmaintenanceostwhile having the sameasymptotic
costsfor queryandstorage The saving in the locationupdate
cost in HIGH-GRADE is mostly due to the use of multi-
grainedlocationinformation,which avoidsfrequentandcostly
updatego remoteseners.We alsonotethatthe query costof
bothschemesrereducedvhenthetraf ¢ patternis localized.
This shows the adwantage of having a multi-level sener
structure with senersdensemearthe nodeandsparsefarther
away.

In terms of the total ovgrheads,both schemeshave the
sameasymptoticresultsO(v N if theuniformtrafc pattern
is used (obtainedby summingthe rst two rows for both
schemes).But if the localized trafc pattern is assumed,
HIGH—GR@E has a better asymptotic cost, O(vIiogN)
versus O(v. N) for GLS. The reduction in the location
updatecostin HIGH-GRADE has several advantagesFirst,
the location update cost is usually the dominating cost in
locationservicesandcannotbe avoided.Secondasmentioned
previously, the location query cost can be reducedby using
various cachingtechniques Any improvementfrom caching
has direct impact on the overall cost for HIGH-GRADE,
whereascachingdoesnot offer much bene t in GLS since
the total costis dominatedby the location updatecost.

We notethat both DLM and SLALoM improve the overall
locationmaintenance/quergostover SLURP by usinga two-
level sener structureand multi-grainedlocation information.
However this improvementcomesat the cost of increasing
storagecost,which is anotherimportantmetric for scalability



TABLE I
SUMMARY OF THREE SCALABILITY METRICS FOR THE FIVE LOCATION SERVICE SCHEMES

| [ HIGH-GRADE | GLS | DLM___ | SLURP | SLALOM |
Locationmaintenanceost | O(ylogN) O(KF N) O(\f N) O(KF N) O(yﬁ N)
Location query cost o( N) o( N) O(°N) | O( N) [O(°N)
(uniform) (uniform) | (both) (both) (both)
O(logN) O(logN)
(localized) (localized) n n
Storagecost O(logN) O(logN) | O(°N2) | 0(2) O(° N)

In the caseof DLM, the storagecost actually dominatesthe
overall cost. This indicatesthat to presenta completepicture
of the scalabilityof alocationserviceschemewe needto take

into accountall the threemetricsto avoid biasedconclusions.

Finally, we point out that becauseSLALoM and DLM
uniformly distribute location seners acrossthe network, they
cannot take advantageof localizedtrafc patterns(they have
the sameasymptoticcostswith both uniform and localized
traf c patterns).This suggestghat they arelesssuitablethan
HIGH-GRADE and GLS for large scale ad hoc networks,
wherelocalizedtraf cs are morelikely to be true.

IV. CONCLUSIONS

We have exploredthe designspaceof locationservicesand
classi ed previously proposedschemesWe have developeda
uniform theoreticalframewnork to comparethe scalability of

ve existing and representatie schemesOur analysisshowvs
that the designof scalabldocationservicesinvolvestradeofs
amongall three cost metrics— location query cost, location
maintenancecost, and storagecost. We shov that different
designchoicescan signi cantly affect the scalability of loca-
tion services,and in turn the overall scalability of location-
basedrouting. Therefore,in designinga location servicewe
mustcarefully balancethe tradeofs involved. We believe that
our comparatie study will enablea deeperunderstandingf
routing scalabilityin MANETS.
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