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Abstract—Geographicrouting protocolslike GOAFR or GPSR
rely on exact location information at the nodes, becausewhen
the greedy routing phase gets stuck at a local minimum, they
require, as a fallback, a planar subgraph whoseidenti cation, in
all existing methods,dependson exactnode positions.In practice,
however, location information at the network nodesis hardly
precise;be it becausethe employed location hardware, such as
GPS, exhibits an inherent measuementimpr ecision, or because
the localization protocolswhich estimate positions of the network
nodescannot do so without errors.

In this paper we proposea novel naming and routing scheme
that can handle the uncertainty in location information. It is
basedon a macroscopicvariant of geographicgreedyrouting, as
well asa macroscopicplanarization of the communication graph.
If an upper bound on the deviation from true node locations is

available, our routing protocol guaranteesdelivery of messages.

Due to its macroscopicview, our routing schemealso produces
shorter and more load-balancedpaths than common geographic
routing schemesjn particular in sparselyconnectednetworks or
in the presenceof obstacles.

I. INTRODUCTION

For mary applicationsof wireless sensornetworks it is
essentiathat the wirelessnodesbe aware of their geographic
location. A notableexampleis geographiaouting, which has
been extensiely studiedin the past[1], [2], [3], [4], [5],
[6], and proved to be very useful in practice becauseof its
simplicity, scalability and low routing overhead.Geographic
routing is also a basisfor other higherlevel applicationsof
sensometworks, suchasthe data-centricstorage or tracking
and suneillance.

However, the assumptiornthat nodeshave their exact geo-
graphic location information available is often unwarranted.
Evenwith onboardGPSrecevers,thereis a certainmeasure-
ment error which causeshe reportedgeographidocation to
be only nearthe true location. Also very often— in particular
in wireless sensornetwork applicationswhere thousandsof
nodesaredeplo/ed— onecannotafford equippingevery sensor
nodewith a positioningdevice dueto high cost.Furthermore,
sucha device would wasteeneqy, or evenfail to work in the
areaof badreceptionor indoors.Anotherway in which nodes
can discover their locationsis using one of the localization
algorithmsto infer the location from a small set of anchor
nodesequippedwith GPSrecevers. This solutionis evenless
satishctory sincethe performanceof localizationalgorithms
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heavily depend®n the distribution andnumberof anchorsas
well asthe connectiity of the network asa whole.

For geographiaouting protocols,impreciselocation infor-
mationcanhave devastatingconsequencesn particular when
the network is sparseor in the presenceof obstacles,the
greedygeographicrouting phasefrequently encounterdocal
minima, where a paclet gets stuck due to all neighboring
nodes being further away from the tamget than its current
location. In this case,a recovery phasehasto be employed,
guiding the paclet out of the local minimum andtowardsthe
targetnode.This recovery phases basedon a planarizatiorof
the communicatiorgraph,which essentiallyallows the paclet
to be routed aroundcommunicatiornvoids in the network. In
the presenceof impreciselocationinformation, typical planar
graphconstructiongik e the Gabrielgraph do not necessarily
producea connectedplanar subgraphof the communication
graph. Seefor example Figure 1. Here we have drawvn three
nodesin the plane, all with a communicationradius of 1.
Assume that the locations of nodesP and Q are known
precisely The position of S is incorrectly estimatedto be
at S though.Note that the absolutedeviation from the true
positionis lessthan 1=3. The communicationgraphof these
threenodescontainsonly two edges,(P; Q) and (Q; S). Un-
fortunately dueto the impreciselocationinformationof node
S, the edge(P; Q) doesnot passthe Gabriel edgecondition
(having an empty diametralball) and henceis deleted.The
remaininggraphis not connectedcairymoreandcannotbe used
as a reliable fallback in casewhen the geographicgreedy
routing phasegets stuck. Furthermore,once a messagegets
very closeto its tamget, imprecisenodelocationsare of no use
in delivering the messagehencesomedifferentstratay, such
aslocal ooding, hasto be employed.

On the otherhand,for somesensometwork applicationsit
is not necessaryo know the true locationsof sensornodes,
but insteadsomeothersetof inventedlocationscansene the
purpose;the made up coordinatesmay or may not have to
resemblethe original onesin one way or another depending
on the application. The true coordinatesare typically less
importantin caseswhenthey are only internally usedby the

1Two points/nodesn the planep,q are neighborsin the Gabriel graphif
the ball whoseequatoris pg is empty of other points/nodes.



Fig. 1. Non-connectednessf the Gabriel graph constructionin caseof
imprecisenodelocations.

algorithm and not communicatedto the user; for example
in the caseof geographichashingfor data-centricstorage.
On the other hand,they are clearly indispensablén tracking
applicationswherein factthis is the main informationthat a
userwantsto knowv about.

Recentlyanumberof methodgor computingthesesocalled
virtual coordinateshasbeenproposedn the literature. These
methodstypically use only connectiity information, which
is in in most casesreadily available in a wireless network,
see for example [7], [8], [9]. The problem with all these
approachegs thatthe computatiorof thesevirtual coordinates
is computationallyratherchallengingandin all theapproaches
requiresat leastin somestepsa global view on the network
whencomputinga planargraphembeddingThe approactthat
we presentin this papercan be seenas a way to avoid the
expensve and centralizedembeddingcomputationby using
approximatdocationinformationthatis often available at the
nodes.

Another approachto avoid the compleity of global em-
beddingis suitably partitioning the domainand constructing
a set of local embeddingswhich are then connectedusing
someother perhapsion-geometricouting method.The land-
mark basedmethodcalled GLIDER [10], proposesa two-tier
scheme targeted at making the routing infrastructurestable
under small uctuations of the network connectvity, which
are inevitable in practice.It achieves this goal by having a
preprocessinghasein which a sparsesetof landmarknodes
is selectedo sene asa roughguidelinefor high-level global
routing betweendistantpartsof the network. The assumption
is that the connectvity of sucha sparseset, which captures
the globaltopologyof the network, tendsto be morerobustto
local link variability. The routing is then performedby using
the landmarkgraph and the associatedouting table (which
every nodecanafford to storelocally duringthe preprocessing)
to planthe globalroute,andrealizingthis routein the original
real-world network (in a way that takes care not to overload
the landmarknodes).The set of landmarkshasto be sparse,
in order to be of manageablesize for a single sensorto
store. On the other hand, The numberof landmarksis also
constrainedby the compleity of the sensor eld that the
landmarkgraph hasto capture(in particular the numberof
holesandpassages)learly, thesetwo requirementsre often
in collision.

In this paperwe proposea methodthat combinesthe ideas
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Fig. 2. A comple network topology (left), and the planar Combinatorial
DelaunayMap (CDM) computedby our algorithm (right).

from several of the above approachesilt takes a high-level
view on the topology of the sensor eld, by adopting a
landmark-base@pproach,and thus inheriting the robustness
and load-balancingoropertiesof e.g. GLIDER. On the other
hand,we remove the sparsenesgestrictionon the landmarks,
thatis we canafford to have asmary of themasrequiredby
the amountof topologicalfeaturesof the network. We achieve
this by not having to storethe landmarkgraphandits routing
information in eachnode;instead,we use geometricrouting
to navigatethe landmarkgraph What malesthis possibleis
the fact that our landmarkgraphis guaranteedo be planar.
We take adwantageof the fact that even impreciselocation
information sufces to embedsucha graphin a completely
localizedfashion.

Il. OVERVIEW

Unless noted otherwise,we assumethat the sensorsare
representedy pointsin the planeand cancommunicatewith
eachother accordingto the unit disk graph [11] or quasi-
unit-disk graph [12] model of connectity. The quasi-unit-
disk graphwith parameter® for a setof pointsin the plane
certainly hasan edgebetweenall nodesthat have distanceat
most 1=® and certainly no edge betweenpairs of nodesat
distancemorethan 1. For nodesat distancebetweenl=® and
1 the the presenceof an edgeis uncertain.In our exposition
we furthermoreonly deal with the static case,i.e. stationary
network nodes,as this is typical in wirelesssensornetwork
applications.

Our starting point is the GLIDER method of Fang et
al. [10], in the sensethat we alsobuild a two-layerlandmark-
basedstructure.We extend and modify their approachin the
part that deals with the upper layer of the hierarcly. The
authorsof [10] do not proposea speci ¢ landmarkselection
schemeput they emphasizehat the set of landmarksshould
be sparse,becausets main purposeis to capturethe large
scaletopologicalfeaturesof the sensoreld, suchasthelarge
holes, which are assumedo be few. Furthermorethey use
the fact that the global topology is likely to remain stable
over extendedperiodsof time, given the typical variationsin
network connectvity. Their routing algorithm hasa proactive
global planning phasethat usesa global routing table stored
at eachnodes memory Clearly, sparsityand stability of the



landmark graph are the key propertiesthat enablesuch an
approach.

In this work we take a slightly different approachin
the landmark selectionstratgy and the constructionof the
landmarkgraph.First, we allow our landmarksetto be much
denserin the GLIDER terminology this correspondso parti-
tioning the sensoreld into mary very small “routabletiles”,
whereeachtile is a setof nodesthat sharethe closest(in the
graphdistance)andmark.Smallertiles meansner resolution,
andthe ability to capturesmallertopologicalfeatures.On the
otherhand,the compleity of the landmarkcomplex becomes
prohibitively high, so the routing table approachto global
planning,employed by GLIDER, is not scalableary more.

We get aroundthis problemby making surethat the land-
mark graphthat we constructis planar The graphconstructed
by GLIDER is a variation of the combinatorial Delaunay
graph (CDG), which was proposedin [13] as a way to
extend the classicalnotion of Delaunaytriangulation from
planar geometryto the unit-disk graph setting. The idea is
to approximatethe Voronoi and the Delaunaydiagramof a
sparseset of landmark nodes(analogousto a set of points
in the plane), using the rest of the nodesas a sampling
of the plane. Then the nodesare partitioned into Voronoi
tiles, such that the nodesin a single tile sharethe closest
landmark(measuredn the graphdistance).Variationsof this
constructionhave beenstudiedin the pastunder the name
graph\Voronoi diagram[14], [15]. Finally, the CDG is agraph
inducedby the adjacenciesf the Voronoitiles associatedvith
distinct landmarks.

Unfortunately the CDG is not a triangulation,in factit is
not even planarin general.The typical reasonfor violating
planarityis that mary spuriousDelaunayedges(tile adjacen-
cies)are detectedn the “degenerate’regions of the network,
i.e. those that are roughly equally distant from more than
threelandmarks.While this type of degenerag can often be
consideredan extremely rare, or easyto handleeventin the
continuousgeometryin the graphsettingit is not the case.

We presenta completelylocalizedanddistributedprocedure
for computinga landmarkgraphwhich is provably planar We
adopta similar approachof trying to mimic planargeometry
but we take special care that the degeneraciesas described
above are not consideredas valid. Then, we constructa
planarembeddingof the landmarkgraph.We arguethat even
impreciselocationinformation at the landmarknodessufces
to computesucha planarembeddingn a completelylocalized
fashion. The resulting embeddingfaithfully resemblesthe
true geometryand topology of the sensor eld. Finally, we
use the approximatecoordinatesof the landmark nodesas
their virtual coordinatedor global planningpurposesanduse
standardgeographiaouting algorithmsto route pacletsat the
macroscopidevel, amongthe tiles. At the microscopiclevel
— whenforwarding a paclet from atile to an adjacenttile as
determinedby the geographiaouting algorithm— we employ
the samestrat@y as GLIDER by following gradientlines to
landmarksof adjacenttiles.

Note that this completelyeliminatesthe needfor keeping

ary global stateinformation storedat ary of the nodes.

In Figure 2, left, we seea network of complex topology
including holes.Using the structureof the connectity graph
and the approximategeographiclocationsof the nodes,our
algorithm computesa planar Combinatorial Delaunay Map
(CDM) (andits embedding)as canbe seenon the right. The
CDM is navigatedusinga macroscopiwersionof geographic
routing with the fallback routine basedon the planarembed-
ding of the CDM.

The restof the paperis organizedasfollows. In Sectionlll
we introducea variantof greedygeographigoutingthatworks
on the macroscopidevel of the landmarkgraph,at that point
still assumingthat exact geographiclocation information is
available. In SectionlV we describea distributed construc-
tion of a provably planar substructureof the combinatorial
Delaunaygraph,which we call CombinatorialDelaunayMap
(CDM). Due to spacerestrictionswe leave out the proofs,
which can be found in [9]. We shov how the combinatorial
embeddingof the CDM can be computedeven using only
approximatelocation information at the landmarknodes.Fi-
nally, in SectionV we compareour new approactwith known
routing protocolslike GLIDER and GPSR.

I1l. MACROSCOPIC GEOGRAPHIC GREEDY ROUTING

Let us for now assumethat all the nodesin our wireless
network by somemeansare aware of their true geographic
location. In that case,very attractve routing protocols are
basedon geographicrouting, as pioneeredin GPSR, GFG
andre ned later e.g.in AFR [6], GOAFR [4] and GOAFR+
[5]. The idea of greedygeographicrouting is very simple:
when sendinga paclet to a destination,the node currently
holding the paclet simply forwards it to the node among
its one-hop neighborswhich is closestto the destination
(basedon the Euclideandistancegiven by the geographic
locations).It canhappenthough,thatin presencef holesin
the network a paclet getsstuckin alocal minimum. Different
methodshave beenproposedto overcomethis problem.The
bestknown amongthoseis probablyGPSR,which exhibits a
planarsubgraphof the connectiity graphand usesperimeter
forwarding when the greedy phasegets stuck. What makes
GPSRand other geographicrouting schemesso attractie is
the factthat, in particularfor densenetwork deployments,the
producedpathsare very closeto optimum, still no auxiliary
routing structureshave to be maintained.

The quality of the pathsproducedby geographicrouting
protocolsdecreasesthough, in the presenceof holesor for
low nodedensities(as this inducessmall holeseverywherein
the network). In thesesituationsGPSRfor exampleoften has
to switch from the greedyphaseto perimeterrouting, which
not only tendsto producelonger pathsthan necessarybut
alsoleadsto loadimbalancean particularon the hole boundary
nodes Onecanpartly remedythis problemby consideringnot
only a 1-hop neighborhoodbut a k-hop neighborhoodwvhen
determiningthe nodewhereto forward the paclet. If the size
of the holesis belowv the chosenneighborhoodsize k, the
greedyphasewill still succeedand not get stuckin a local



minimum. The problemwith this approachs thatthe required
storageper node to keep track of the k-hop neighborhood
increasedrasticallywith k (it is aboutquadraticin k).

In this sectionwe introducea variantof geographiayreedy
routing — we call it MacroscopicGeayraphic GreedyRouting
(MGGR)-thatis alsolesssusceptibléo small holes,but does
not require additionalmemory at the network nodesto store
anextendedneighborhoodThe coreof our approaclis to rst
computea partition of the network into smalltiles by choosing
a setof landmarksand assigningeachnodeto its closest(in
hop-distance)andmark. The sameidea is employed by the
GLIDER routing protocol,with the crucial difference though,
thatfor GLIDER onecanonly afford to createa smallnumber
of landmarks,since the resultinglandmarkVoronoi complec
(LVC) or its respectre dual,the combinatoriaDelaunaygraph
(CDG), which captureshe adjacencie®f the tiles, hasto be
storedat everysinglenetwork node.For MGGR the navigation
betweerthetiles will notbebasedon the globalavailability of
the CDG but on locationinformation, so the maintenancend
storageoverheaddoesnot grow with the numberof tiles. Like
in GLIDER, specialtreatmentis necessaryafter the paclet
hasreachedhe tile of the target node.For GLIDER, a local
coordinatesystemis de ned within thetile. The pacletis then
ledtoits nal destinatiorby thelocal coordinateslf this fails,
thewholetile is ooded, which canbe quite expensie, asthe
tiles areratherbig for large networks. In caseof MGGR, due
to the increasechumberof landmarksthe tiles are relatively
small,so ooding atile or broadcasting messagacrossatile
via a backbonde.g.a connectedlominatingset)is arelatively
cheapoperation.

A. LandmarkSelectionand Inter-tile Connectivity

Moving betweenthe two extremes — each node is a
landmarkvs. picking only a constantnumberof landmarks
independenbf the network size — interpolatesthe resulting
combinatorialstructurebetweenthe original communication
graph (as usedfor GPSR)and the combinatorial Delaunay
graph (as usedin GLIDER). We certainly aim to choosea
large numberof landmarksas we want to bound the effort
for delivering a paclet in its nal tile. On the other hand
we don't want to have the tiles too small as MGGR then
becomesmore susceptibleto small local minima/holes,like
theoriginal GPSR.Thereis anothermrgumentfor choosingnot
too mary landmarks/tossmall tiles which will only become
apparentn the next sectionwherewe discussthe casewhen
only impreciselocationinformationis available.

Our approachis to have the interlandmark distancebe
constant,i.e. independenbf the network size. To this end,
we x a small constantk, e.g.k = 5, and selectthe set of
landmarksto be a k-hop independentset of nodes.For this
we use a very simple greedy algorithm. Initially, all nodes
are active. Active nodesdecideto becomelandmarks(join
the independenset)asynchronouslywWhena nodebecomesa
landmark,it broadcastanIN messagevithin its k-hop neigh-
borhood.All the recipientsof the messagdiecomeinactie,
i.e. losethe ability to becomelandmarks A deactvatednode

broadcastsan OUT messagewithin its k-hop neighborhood.
The processcontinuesuntil all nodesare either landmarksor
inactie.

To shaw that the outputis indeeda k-hop independenset,
it sufces to ensurethat a nodecannotreceve a deactvation
messagefter it hasalreadyjoined the landmarkset. This is
achieved by requiringthat the nodesjoin the independenset
in the orderof increasingDs, i.e. anodeis allowedto become
a landmarkonly after it hasreceved eitheranIN or an OUT
messagdrom all its k-hop neighborswith lower IDs.

We then computethe graph Voronoi diagram [14] of the
communicationgraph with respectto the set of landmarks
selectedas above. The graph Voronoi diagramis a graph
analogueof the correspondingobject de ned in geometry
Informally, the Voronoi diagramof a graphwith respectto a
subsef its vertices(thelandmarksj)s a partition of the vertex
setinto disjoint subsetgVoronoiregionsor tiles) accordingto
whichlandmarkis closesto theverticesof a givensubsetThe
distancesare de ned in a standardgraph-theoreticsense as
shortespathlengthson the unweighteccommunicatiorgraph.
Note that Voronoi regions and landmarksare in one to one
correspondenceasin the geometriccase.

Finally, we store for eachnodev in tile ¢, the distance
to and coordinateof each landmark whose respectie tile
is adjacent to ¢,. For communicationgraphs of bounded
doubling dimension— as they typically arisein the context
of wireless networks — there are only few adjacenttiles,
hencethereis only very little additional storagerequiredat
eachnode.The combinatorialDelaunaygraph (CDG) is then
the graphwhich hasa nodefor eachlandmarkand an edge
betweentwo landmarksif andonly if the respectie tiles are
adjacent.SeeFigure 3 for a depictionof theseconcepts:on
theleft, thewhole network with a setof landmarksselectedas
a maximal k-hop independenset;in the middle, the induced
graph Voronoi diagram(in fact only edgesthat connecttwo
nodesin two different tiles); and on the right, the dual
structure, the combinatorial Delaunay graph (CDG), which
exhibits non-planaritiesn several places.

The construction- apartfrom the factthat we createmary
tiles of constantdiameterinsteadof a constantnumber of
tiles of rather large diameter— is exactly the sameas in
GLIDER; hencewe canemploy their distributed construction,
only skipping the global distribution of the CDG acrossthe
whole network. And likewise we usethe distanceinformation
to landmarksof adjacenttiles to forward a paclet from one
tile t; to an adjacenttile t, by just following the gradientof
the respectre distancefunction towards the landmarkof t,
until crossingthe boundaryto t».

B. Namingand GreedyRouting

The naming schemefor the resulting network is rather
straightforvard: a nodev with uniquelD id is assignedthe
name (p;id) where p denotesthe position of the landmark

2A tile ¢ is adjacentto a tile &0 if thereexist nodesv 2 ¢, v02 ¢9 and
(v;v9 is an edgein the communicationgraph.



Fig. 3. A network topologywith a setof landmarksthe inducedgraphVoronoi diagram,andits dual combinatorialDelaunaygraph(CDG).

owning thetile thatcontainsv. Clearly, theresultingnamesare
uniqueif the nodelDs were uniquein the rst place.Several
nodescan have the same rst componentin their name —
theseare exactly all the nodesthat belongto the sametile.

Greedyrouting thenfollows the sameschemeas GPSRbut
on a macroscopidevel. Let us assumea paclet needsto be
sentfrom a node with name(ps;ids) to a node with name
(pt;idy). Assumerst thatps 6 py, i.e. thetargetnoderesides
in tile ¢, the sourcenode residesin tile ¢s with ¢ 6 ¢s.
As long as the paclet is at a nodev in ¢s with respectie
rst namingcomponentps, the nodeinspectsthe coordinates
p1; p2;: i pr of all landmarksof the adjacentiles ¢3; ¢é2;::: ¢
andselectssometile ¢; astamettile if the Euclideandistance
from p; to p; is smallerthan that to ps. It can reachthe
boundaryof ¢; by just following the distancegradientstored
for thelandmarkof ¢;. Onceit reacheg; it again inspectsthe
neighboringtiles of ¢; whetherfor ary of themthe respectie
landmarkis closerto p;. The processis repeateduntil the
paclet hopefully reachedile ¢;. Thereremaintwo issuesto
addressWhathappensf noneof thelandmarksf theadjacent
tiles are geographicallycloserto the target landmarkthanthe
landmarkof the currenttile? And oncethe paclet reacheghe
taget tile ¢;, how is the paclet delivered to the respectre
target node(py;id;)?

C. Intra-Tile Connectivity

Let us rst discussthe paclet delivery in the nal tile. By
constructiorvia a maximalk-hop independensetfor smallk
(e.g.k = 5), ourtiles arevery small(their diametelis bounded
by 2k), that is we can either afford ooding the whole tile
— which is much cheaperthan in GLIDER, where the tile
size essentiallygrows with the network size if the number
of landmarksis kept constant— or we can use one of the
mary known algorithmsto constructa connecteddominating
set (CDS) within eachtile and use this as a backboneto
spreadthe paclet to all nodesin thattile. Note thatthe CDS
only hasto coverthe nodeswithin onesmalltile andhencecan
be computeccompletelylocally. Hencewhenthe paclet enters

3A connectedlominatingsetfor agraphG(V; E) is asubseD u V such
that8v 2 V :v2 D orw 2 D for somew suchthat(v;w) 2 E.

the nal tile in somenodev, eitherv is adjacentto a node
in the CDS backboneor alreadypart of the CDS backbone.
In the former caseit relaysthe paclet to one of its adjacent
nodescontainedn the CDS backbongwhich hasto exist asit
is a connectedlominatingset). Thenthe paclet is propagted
throughthe CDS backbonewhereessentiallyevery nodew 2
CDS retransmitghe paclet once.By the dominationproperty
all nodeswithin the tile are guaranteedo receve the paclet.
Due to the sparsityof the CDS, interferencecan alsobe kept
undercontrol much easierthanin caseof ooding thetile in
an uncontrolledfashion.A connecteddominatingset can be
easilycomputedocally within each(small!) tile usingknown
algorithmslike [16].

D. Planar Graph Construction

As in caseof the “non-macroscopic’GPSRit may happen
that a paclet that is currently in sometile ¢; with landmark
at position p; realizesthat all of the landmarksof adjacent
tiles are further avay from the target landmarkthan p;. That
is, the paclet is stuck at a local minimum To overcomethis
problem,GPSRswitchego the perimeteroutingphasewnhere,
with the help of a planar subgraphof the original unit-disk
communicatiorgraph,the pacletis routedaroundproblematic
localminimaor holes.Theimportantfacthereis thatperimeter
routing requiresthe identi cation of a planar subgraphof the
network in which the greedyrouting takes place (the whole
communicatiorgraphin caseof GPSR).To be more precise,
also GPSR requiresa geometricembeddingof this planar
subgraphsSincein our caseGPSRoperate®n themacroscopic
level of tiles or respectie landmarks,we essentiallyneed
to exhibit and constructa planar subgraphof the adjaceng
graph of all the landmarks.This can be accomplishedby
the following construction First createan edgebetweentwo
landmarksif their respectie tiles are adjacent.The resulting
graphis the abore mentionedcombinatorialDelaunaygraph
as usedin the GLIDER approach.Unfortunately this graph
is typically not planar However, sincethe actualedgesin the
CDG cannotbe longer than 2k, a simple inspectionwithin
a local neighborhooctanidentify intersectingpairs of edges,
one of which canthenbe remored. This techniquehasbeen
exploitedin [17], but of coursethe searchperformedby their



algorithmmay not be local. Sowhenduring the greedyphase
a paclet getsstuckin a local minimum, this planargraphis
usedto recover. We will not elaborateon this planarization
approachbut insteadpresentan alternatve way to planarize
the CDG which alsoworks for imprecisenodelocations.

E. Summary

In this sectionwe combinedideasfrom geographiaouting
protocols,like GPSR,with landmarkbasedrouting schemes,
like GLIDER. The rationale behind that is to improve the
behaior whenlocal minimaareencountereduringthegreedy
routing phasethis still posesa problemfor geographicouting
protocolslike GPSR,especiallyin scenarioswhere the net-
work exhibits mary holesor hasa low-densitycommunication
graph.While we expectthe greedyphasein this macroscopic
versionof geographicoutingto encountefewerlocal minima,
we still have the fallbackin the form of a planarsubstructure
on the CDG, instrumentedoy perimeterrouting to guarantee
messagelelivery. In our experimentalsectionwe will seethat
MGGR leadsto a much higher delivery rate of the greedy
phasethan GPSR without perimeterrouting. Note that up
to now we were assumingthat exact location information is
available at the selectedandmarknodes.

IV. PLANARIZATION AND EMBEDDING OF THE
COMBINATORIAL DELAUNAY GRAPH

Let us now switch to the scenariowhereonly approximate
geographiclocation information is available. Most of the
constructiordescribedn the previoussectionstill applies.One
essentiaingredientis missing,though:how canwe prunethe
combinatorialDelaunaygraphto guaranteglanaritybasedon
approximatdocationinformation only?

In a rst stepwe will sketchhow a planarsubgraphof the
CDG can be extracted— we call it combinatorial Delaunay
map (CDM). Thenwe shov how a combinatorialembedding
of the CDM canbe computedusing the approximatdocation
information at the landmark nodes.This combinatorialem-
beddingallows us to use the recovery/fallback protocolsas
describede.g.in GPSRor GOAFR.

A. Planar Graph Extraction

Theideafor the constructiorandthe main propertiesof our
planargraphare largely derived from geometricintuition. To
be speci c, the planarityfollows from thefactthatour CDM is
the dual graph of a suitablyde ned partition of the planeinto
simply connectedlisjoint regions.In the following, we de ne
sucha planarpartitionbasedon the landmarkset,andpropose
amethodfor identifying a subsebf edgesf the combinatorial
Delaunaygraph using only the information available in the
graphconnectiity. The whole reasonings basedon the fact
thatthe original communicatiorgraphis notanarbitrarygraph
but in someway resembleghe geometryof the underlying

4A combinatorialembeddingof a planargraphis given by its nodesand
edgesaswell asa cyclic orderingof the edgesaroundeachvertex in some
planarembeddingof the graph.Given a combinatorialembeddingthe face
cycles canbe easily traversed.

domainby being either a unit-disk or quasi-unit-diskgraph.
First we introducea labeling of the communicatiorgraph for
a given setof landmarks.

De nition 1:

(i) Consideralandmarka andavertex v. We saythatv is an
a-vertex if a is oneof the landmarkswhich are closestto

v, andit hasthe smallestiD amongall suchlandmarks.
Considerarbitrarylandmarksa, bandanedgee = (u;v).

We saythate is ana-edgeif bothu andv area-vertices.
We saythat e is an ab-edgeif u is an a-vertex andyv is

a b-vertex or vice versa.

Clearly this rule assignsa unique label to eachvertex and
edge,dueto the uniquenes®f nodes'IDs. Also notethatary
landmarka is an a-vertex. Next we presenta criterion for
making two landmarksadjacentin the CDM.

De nition 2: Landmarksa andb are adjacentin the CDM
if thereexists a pathfrom a to b whose1-hop neighborhood
(includingthe pathitself) consistonly of a andb vertices,and
suchthatin the orderingof the nodeson the path(startingwith
a andendingwith b) all a-nodesprecedeall b-nodes.We call
sucha pathwitnesspath for the adjaceng betweena andb.
Note that the CDG is actually de ned in a very similar way
with the only differencethat the 1-hop neighborhoodof the
pathis not caredabout.

Due to spacerestrictionswe cannotelaborateon the proof
of why this constructioryields a planarsubgraptof the CDM.
Insteadwe referto [9], wherethe full proofis givenin detail,
andonly cite the main resultof [9]:

Theoem1: The combinatorialDelaunaymap (CDM) built
usingtherule ofd}_e nition 2 is planarfor ary quasi-unitdisk
graphwith ® -~ 2.

(ii)

B. Embeddinghe Combinatorial DelaunayMap

The goal of the embeddingphaseis to determinethe
clockwiseorder of the pathsthat withessedhe adjacenciesf
ary vertex in the CDM, thatis, to determinethe combinatorial
embeddingof the CDM.

Considersomelandmarka andits neighboringandmarksn
the CDM, one of which is b. For an edge(a; b) in the CDM
we de ne its cone denotedby conef;b), to be the angle
underwhich a seesall nodeson the witnesspathfrom a to b
outsidea'stile. For alandmarka we considerthe setk , of all
adjacentedgesin the CDM; we determinea maximal subset
E? of thoseedgessuchthattheir respectie conesaremutually
disjoint. We saythatlandmarka supportsthe edgesetE 2. We
keepanedge(a; b) from the CDM if andonly if it is supported
by both a and b. In the following, let us only considersuch
edgessupportedy both endpointsandthe associatedRe ned
CombinatorialDelaunayMap (RCDM) By constructionjt is
ohvious that the order of the anglesaroundeachlandmark
gives us the circular order of the surviing adjacenciesThat
is, we have determinedthe combinatorialembeddingof the
RCDM. Obsere that this processis completely localized,
sincealandmarkhasto inspectonly adjacentandmarkswhich
are at most 2k hops away, and k is chosento be a small
constant.



Sofarwe have still neglectedthefactthatonly approximate
nodelocationsare available. Assumenow that nodelocations
arenot given exactly, but with someuncertainty+, thatis, the
true positionof alandmarkmight be + away from the location
reportedto us.

1) Choiceof theinter-landmarkdistancebasedon location
uncertainty: The idea of how to deal with uncertainnode
locations is rather trivial. We simply put a ball of radius
+ aroundeachnode of the witness path. conga;b) is then
de ned asthe angleunderwhich a seesall the balls of radius
+ aroundthe nodeson the witnesspath from a to b outside
a's tile. That, of course,widensconga;h), but not by much,
provided that k — which determinesthe minimum distance
betweenadjacentlandmarks— is chosenlarge enough.So,
the more uncertainthe node locations are — i.e. the larger
+ — the larger one hasto pick k — in our experimentswe
obtainedvery good performance(that is, most edgesof the
CDM survived the angletest) by settingk = 5max(1; +=2).
Choosingk larger essentiallymakes the anglesunderwhich
the witnesspath partsare seensmaller(sincethey areat least
k hopsaway).

2) Dealing with disconnectedness the CDM: Using our
rulesfor pruningadjacenciegrom the CDM, it might happen
in theory that a landmarka chosenby our algorithm turns
out to be disconnectedrom the rest of the CDM. In such
caseswe would deletea andassignits tile accordinglyto the
neighboringandmarksin practice though for all the network
deploymentswe have consideredthis is not anissue.

C. Embeddingn the Absenceof Location Information

Our procedurefor extracting a planargraphdoesnot rely
on ary locationinformation, only the embeddingphasedoes.
It is actuallypossibleto derive an embeddingof the extracted
planar graph without using ary location information, [9] is
an example.Unfortunately thesemethodsare typically more
involved and requirenon-localcomputation.

V. SIMULATION RESULTS

To evaluate the performanceof our routing scheme,we
performeda setof computersimulatedexperiments We com-
paredour routing schemeto GLIDER and GPSRin termsof
delivery successate, pathlength, messagéoad on the nodes
and the numberof routing messagesent. In particular we
were interestedin the comparisorwith GPSRin the caseof
uncertainnode locations (note that imprecisionof the node
locationshasno effect on GLIDER, since GLIDER doesnot
uselocationinformation).

Our simulator(writtenin C++) is not paclet-basedandthus
it doesnot take into accountsomeissueghatoccurin practice
(i.e. mediumaccessand messagédoss). However, we feel that
thesefactorswould have similarimpacton all algorithms,and
thuswould not signi cantly affect the relative performance.

The localizedDelaunaygraph[18] is usedfor facerouting
in GPSR.In all the experimentsinvolving GLIDER, we use
a x ed numberof 20 landmarks,which is consistentwith
GLIDER's philosoply of sparsdandmarkgraphs.

GPSR | MGGR
+=0 0.613 0.929
+= 0:25 0.533 0.916
+= 0:50 0.258 0.832
+= 0:75 0.084 0.710

Fig. 4. Succesgate of greedyforwarding. (i) The network usedin our
simulation. (i) The simulationresultsfor varying degreesof imprecisionof
the nodelocations.

We emphasizehatin all our experimentsthe nodedensity
is quite low relative to the communicatiorradius(the average
degreeof the communicatiorgraphis always not muchmore
than 10). This is meantto showv that our method does not
require extremely densedeployments, despite the fact that
it relies on the fact that the nodes“sample” the plane and
“witness” the various adjacenciedbetweendifferent regions.
Sensornodesare always deployed uniformly at randomin a
square and additionalholeshave beencreatedmanually

A. SuccesfRateof GreedyForwarding underimpreciseNode
Locations

Previously we made the claim that our method retains
the bene ts of the macroscopicview on network topology
e.g. robustnessto small holes. As a good measureof this
robustnesswe consideredhe fraction of times when greedy
forwarding aloneis able to successfullydeliver the message.
We comparedbur algorithmwith GPSRundervariousdegrees
of imprecisionof the nodelocations(+ = 0 denotesxactnode
locations,+ = 0:25 that the true location of a nodemight be
up to one quarterof the communicatiorradiusaway from the
location assumedry GPSR/MGGR).We obtainedthe results
shawvn in Figure4.

The simulated network had about 10; 000 nodesand an
averagedeggreeof 6. In additionto being sparsethe network
hadmary smallholes.Thelandmarksfor MGGR werechosen
with k = 5, i.e.accordingo theformulamentionecabore. The
rateswere obtainedby averagingover 10; 000 trials, wherein
eachtrial a messagevasroutedusingGPSR/MGGRpetween
a sourceand a destinationchosenuniformly at random.We
canseethat MGGR signi cantly outperformsGPSR,the dif-
ferencebecomingeven more pronouncedvith higherdegrees
of imprecisionof the nodelocations.

B. Path Length

For the settingof exactnodelocationswe alsocomparedhe
lengthsof the producedpaths,averagedover 1; 000 randomly
chosen source-destinatiorpairs. The network consistedof
about17; 500 nodes.We consideredwo differenttopologies
on the samenodedistribution: a unit-disk graph(correspond-
ing to ® = 1) anda quasi-unit-diskgraph (® = 1:25). In the

rst casethe averagedegreewas10, andin the secondcases.
The landmarkselectionparametewask = 5. Figure5 shawvs
the network usedin the simulationandthe valueswe obtained.



Algorithm Avg. pathlength

®=1] ®= 125
GPSR 65.99 83.40
MGGR 42.04 50.49

Fig. 5. Averagepath length. (i) The network usedin simulation,and the
selectedandmarksThe network containsa large topologicalfeature(thelong
narrav “corridor” with a small “entrance”).

As expecteddueto the presencef the narrov “corridor”, for

a signi cant fraction of the testinstancesGPSRhasto invest
a lot of effort in facerouting. Our CDM-basedalgorithm is

able to route more ef ciently into and aroundthe “corridor”

using the landmarkgraph. MGGR signi cantly outperforms
GPSR,in mary casesby a factor of two or more. Also, we

canseethattherelative performanceloesnot changgoo much
betweerthe two topologies We did not comparedirectly with

GLIDER but expectthe latter to produceconsiderablybetter
pathsin this settingdueto the sparsityof the network.

C. CommunicatiorCost

In MGGR, the tile associatedwith eachlandmarkis of
constantsize (the constantdependingon the choice of the
parametek). The following experimentcon rms that having
small tiles reducescommunicationcostin the nal stagesof
messagedelivery, i.e. inside the tile of the destinationnode.
For eachof 1; 000 randomly chosensource-destinatiopairs,
we recordan estimateof the numberof messageseededtio
route one message.

We estimatethe cost using the following simple model,
whichin ouropinionprovidessufciently fair comparisonFor
the part of the route determinedby greedyforwarding (using
real coordinatesor simply graph distance),we add one unit
of communicationcostper link traversedby the path. For the
partof the routediscoreredby ooding a Voronoitile, which
happendn the nal stagesof GLIDER and MGGR, the cost
is equalto twice the size of a maximalindependenset (MIS)
of thistile (we computemaximalindependensetsfor thetiles
in advance§. We felt thatthis is a morerealisticmeasurehan
pure ooding, since most practical systemsimplementsome
simpleform of scheduledroadcastith very little overhead.

In Figure 6(i) one can obsenre that the set of randomly
chosenandmarksusedby GLIDER fails to capturethe holes.
Figure6 (ii) shawvs our results.We comparedGLIDER, GPSR
andMGGR, in a network of about18; 700 nodeswith average
deggree 10. The landmark selection parameteris k = 5.
We found that GLIDER has to resortto ooding the last
tile most of the time, i.e. using greedy routing on the the

SThis is in fact the size of a connectedlominatingset (CDS) obtainedby
addingnodesto the chosenMIS to male it connectedThe size of ary CDS
is anupperboundon the optimal numberof messageseededor a broadcast
within thetile. Indeed,if only the nodesin the CDS sendone messageach,
all othernodeswill getthe message.

Algorithm | Avg. comm.cost/msg
GLIDER 257.52
GPSR 45.19
MGGR 72.39

Fig. 6. Communicationcost per routed message(i) The sparseset of
landmarksusedby GLIDER. (ii) Simulationresults.

Fig. 7. Trafc load (left to right). (i) GLIDER (ii) GPSR(iii) MGGR

local coordinatesrarely leadsto the destination.Combined
with the fact that the tiles are large, this leadsto a poor
performanceby GLIDER in this metric (greedyrouting on
thelocal coordinateemployed by GLIDER typically requires
a higher densityof the communicationgraph).

D. Trafc Load

We also evaluated the load-balancingproperties of our
scheme.The network had 8; 800 nodeswith averagedegree
9, and we again testedon 1;000 randomly chosen pairs.
The landmarkselectionparametemwas k = 5. We route one
messageper pair and add one unit of load to eachnode on
the path.

Figure7 shaws the visualizationof the results.Darker disks
represennodeswith higherload. As expected,GPSRsuffers
from the “hole-hugging”phenomenomwhereasGLIDER suc-
ceedsin taking the load further from the hole boundary

We notice that MGGR does not quite match GLIDER's
performance.This is due to the fact that in GLIDER a
landmarkcanoftenbefar from hole boundariesandit is easy
to seethat the load balancingeffect grows with this distance.
Onereasoris thatthelandmarkgendto attractmessagefom
theneighborindiles, thuspulling themfurtherinto theinterior.
In that sense,as noted previously, by changingthe tile size
andthelandmarkseparationpnecaninterpolatebetweernoad
balancingbene ts of GLIDER, and the enegy efciency of
landmark-basednhethods.

E. Summary

In conclusion,our experimentsshav thatthe MGGR algo-
rithm retainsmostof the advantagef landmark-basedeth-
ods,while improving their enegy ef ciency andscalability In
particular we showved that it successfullyavoids small holes
anddoesnot closelyfollow the boundaryedgeswhich is one
of the main dravbacksof GPSR.One big improvementwith
respectto thesemethods,as the comparisonwith GLIDER



shaws, is in termsof enegy ef ciency, sincethe nal intra-tile

phaseof messagelelivery only requires ooding a constant-

sizesneighborhood.
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