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ABSTRACT

We presenta novel distributed `virtual localization'
methodfor meshnetworks,suchassensormeshes,which
doesnot dependon radio rangingor the existenceof an-
chornodes.We show in simulationthat it canbeusedfor
establishingef�cient andreliablelocation-basedroutingin-
formation.
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1 Intr oduction

1.1 SensorNetworks

Miniaturizedsensorswhichmeasuretemperature,pressure,
humidity and various chemical concentrationshave be-
comesimpletomass-producein recentyears.Thedatapro-
cessingpower requiredto compressandanalysethe mea-
surementshasbecomeverycheap.

Datahowevermuststill becollectedandbroughtback
for analysis.Wherethereareonly a smallnumberof sen-
sornodes,it is practicalto collect this databy hand,or �t
eachnodeout with a powerful radio transmitterbut where
hundredsof nodesarerequiredsuchasin largescaleenvi-
ronmentalsensingthis rapidlybecomesimpractical.

Sensornetworksavoid thisscalabilityissueby putting
nodesin communicationwith eachother. Ratherthangath-
eringdatafrom eachnode,datacanberelayedfrom nodeto
nodeandgatheredor transmittedfrom a singlepoint. The
dif�culty is in con�guring thenetwork of nodes:not every
nodecancommunicatedirectly with everyothernode,and
thetopologyof thenetwork maychangeasnodesmoveor
fail, new nodesareadded,or justastheweatherchanges.

1.2 MeshSensorNetworks

Meshsensornetworksgetaroundtheproblemof network
con�guration by allowing the network to self-con�gure.
Small,cheapsensornodes(oftencalled`motes')collecten-
vironmentaldataandcommunicatewith nearbynodesus-
ing low-power, shortrangewirelessinterfaces.Whenthe
densityof nodesis suf�cient, they form a meshof network
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Figure1. GreedyForwarding

links, acrosswhich datacan be transferredfrom nodeto
nodeor backto a centralrepository.

Batterypoweris limited, andsocomputationalpower
andnetwork usagearepreciousresources.A meshsensor
nodemustpreprocessandtransmitits dataasef�ciently as
possible,and this requiresan ef�cient way to routecom-
municationsfrom nodeto node.

1.3 Routing Within a Mesh

The classicInternetrouting strategy of hierarchicalparti-
tioning into sub-networks [1] is not appropriatefor mesh
networks. Mesh networks are generallynot plannedand
mayevenbeentirelyad-hoc.Imposingahierarchicalstruc-
tureor aspanningtreeoverthemeshwouldbedif�cult and
inef�cient.

Therearemany possiblemethodsfor routing within
meshes[2]. Most either requirecentralizedcontrol or a
largeamountof datato be`�ooded' acrossthenetwork to
let everynodeknow abouteveryothernode.Theextratraf-
�c on the meshnetwork requiresextra resourcesso more
resourceef�cient strategiesaredesirable.

1.4 Location-basedRouting

If thelocationof eachnodecanbedetermined,̀Location-
basedRouting' algorithmscan be used. The simplestof
thesemethods,known as`greedyforwarding', is for anode
to forwardpacketsto whicheverof its neighboursis closest
to thedestination.

Figure1 showstheoperationof greedyforwarding.A
packet startingat H is forwardedto whichever neighbour
of H is closestto thedestinationG – in this case,E . This



processcontinuesasthe packet is forwardedto F , M , D
and�nally G. Greedyforwardingdoesnot always�nd the
optimal path1 but it generallyproducesa reasonablyef�-
cientrouteto thedestination.

However, it is possiblefor packetsforwardedby this
methodto endup blockedby `voids', whereanintermedi-
atenodeis closerto thedestinationthanany of its neigh-
bours, and thus cannotdeterminewhere to forward the
packet. For example,apackettravelling from J to G would
beforwardedalongthepath

� � � !
J K L, andbestuckat L asL

hasno neighbourscloserto G than itself. Schemessuch
asGPSR[3] andINR [4] have beendevelopedto mitigate
this problemby using alternative strategies when greedy
forwardingfails.

1.5 Determining Location

Theroutingalgorithmsdiscussedaboverequirethatall par-
ticipating nodesare able to obtain location information.
Wheredoesthis informationcomefrom? Thenä�ve solu-
tion is to equipevery nodewith a GlobalPositioningSys-
tem (GPS)receiver or a similar out-of-bandlocation de-
terminationmethod. However, GPSreceiversarestill too
large andexpensive for usein tiny, ubiquitousnodes,and
areinaccurateor unusableindoors.

Several paperssuggest`anchoring' networks with
somepercentageof nodeswhich candeterminetheir loca-
tion, andthendeterminingthepositionof theothernodes
by geometricconstraints[5, 6], by iterative methods[7, 8]
or usingKalmanFilters [9]. However, the `anchor'nodes
maybeup to 20%of thepopulation,which establishesan
undesirablehierarchyin our formerlyegalitarianmesh.

A nä�ve approachto localizationwould beto assume
thatnodescanmeasuretheirdistancefrom theirneighbours
basedon radiopropagation– signallevelsareassumedto
attenuateasa functionof distance.However, radiopropa-
gationin therealworld is rarelysosimple.Dueto diffrac-
tion, scattering,re�ection, refractionandattenuationby in-
terveningmaterials[10], signalstrengthis notaone-to-one
functionof distance.Localizationalgorithmscanassumea
limited correlationwith signalstrength[11] at best.

Location-basedrouting requiresonly relative loca-
tion information,andif geographiclocationis not needed
for otherpurposes,locationcanbedecoupledfrom reality
anda `virtual location' determinedinstead.Anchornodes
canbe dispensedwith andgeometric[12], iterative[8] or
energy-minimization[13] methodscan be usedto �nd a
situationwhich is internallyconsistentandthususablefor
location-basedroutingalgorithms.

Virtual locationsaregenerallyonly usefulfor routing
purposesasthey donotcorrespondto geographiclocations.

1path � � � � � � !H E F CG would be shorterin both distanceandhops,but F
will forwardthepacket to M asM is closerto G thanC is.

Attraction Attra
ction

Repulsion

C

B

A

Figure2. SimpleSpringModel

1.6 Mathematical Publications

Decadesbefore engineersbegan consideringmesh net-
works, mathematicianswere seekinga way to present
graphtopologiesneatlyon paper. The languageusedby
mathematiciansis differentto that usedby engineers:for
`network', `node' and `link', substitute`graph', `vertex'
and`edge'. The processof assigningeachvertex a loca-
tion for plotting is referredto as`graphembedding'.

Eades[14] presentsa systemto lay out graphswith
“less than 30 vertices”, using a simple physical attrac-
tion/repulsionmodel.

FructermanandReingold[15] usea similar method
with a lessdirectly physicalmodelanda numberof opti-
mizationsto speedconvergence.

KamadaandKawai [16] delve moredeeplyinto the
mathematics,consideringthedifferentialequationsof alin-
earspringmodel.

Davidson and Harel [17] use a quite different ap-
proach,whichseeksto minimizeacostfunction.By stating
the problemin this form, generaloptimizationstrategies
suchas`simulatedannealing'maybeapplied.

2 The Algorithm

2.1 Spring Models

Figure2 showsasimplespringmodel:massesA andC are
attachedto massB by springs,andA andC arerepelled
from eachotherby anelectrostatic-like force.

Nothingspeci�esthatA, B andC shouldendup in a
straightline, with A andC equidistantfrom B . But since
this is the con�guration with the minimum energy, this is
thecon�gurationthatthespringsandmasseswill converge
upon.

This emergentbehaviour of thesimplespringmodel
is centralto the Virtual Localizationalgorithm presented
here.

2.2 EncodingVirtual Location

Our implementationof the Virtual Localizationalgorithm
usesthree32-bitsignedintegersto representapositionin a
three-dimensionalEuclideanspace.UsinganN + 1 dimen-
sionalvirtual locationto solve anN dimensionalproblem
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Figure3. 1-neighboursand2-neighbours

mayseemexcessive, but it allows anextra degreeof free-
domto preventnodesbeingtrappedin localminima.

2.3 n-Neighbours

Whenanodecancommunicatedirectlywith anothernode,
it recordsthatnodeasa neighbourof distance1 hop, or a
`1-neighbour'for short.

A 1-neighbours'1-neighbourwhich is not alsoyour
1-neighbouris referredto asyour`2-neighbour',becauseit
is a minimumof 2 hopsaway.

In Figure3, A has1-neighboursB andD, andvia B
it knowsof a 2-neighbourC.

2.4 Beacons

Nodesmustcommunicatetheirpositionestimates,andthey
do this by sendingbroadcast̀beacon'messagesover their
network interfaces. They do so periodically, with a ran-
domoffsetto avoid network congestion.In our simulation
experiments(section4), beaconsaresentevery 50 to 150
ms.

Eachbeaconindicatestheidentity andcurrentvirtual
locationof thenode,andthe identities,hopdistancesand
virtual locationsof its 1-neighbours.Eachbeaconshould
take up no more thana kilobyte, as thereis generallyno
needto considermorethana dozen1-neighbours.

2.5 Forcesand Potentials

The Virtual Localizationalgorithmseeksto minimize the
overall potentialenergy of the network by allowing each
nodeto minimize its own potentialenergy. In this way,
a global solution can be convergedupon using only dis-
tributedprocessingandlocalizedsignalling.

1-neighbourshavea `spring-like' attraction:

Uij = katt � d2
ij

whereUij is thepotentialenergy felt by thenodei dueto
thenodej , dij is thedistancebetweenthemandkatt is a
constant.

2-neighbourshave a `electrostatic-like' repulsion,
with a smalloffsetto preventin�nities:

Uik = kr ep �
1

dik + 1

whereUij is thepotentialenergy felt by thenodei dueto
thenodej , dij is thedistancebetweenthemandkr ep is a
constant.

Thetotal potentialenergy for a nodei , written Ui , is
foundby summingthesepotentials:

Ui =
X

j 2 N

Uij

Thevaluesof theconstantskatt andkr ep havebeenchosen
as1 and8 � 106 respectively, so that a network of three
nodesin a line settlesto an even spacingof 100. This
is for convenienceonly: it keepsthe coordinateshuman-
readable,andallows the implementationto usemostly in-
tegerarithmetic.

2.6 Perturbation

A very simple iterative descentmethodis used: at each
iteration,the node's locationis perturbedslightly, its new
energycalculated,andif thisenergy is greater, theold loca-
tion is restored.At eachrecalculation,50perturbationsare
tried. While this is aninef�cient convergencecomparedto
force-directionmodels,it simpli�es the codeenormously
which leadsto goodperformance.

2.7 Root Node

While it is desirablefor all nodesto have thesameproper-
ties,thesimulationusedto testthisalgorithmhasonenode
with a specialproperty– the root node. This nodenever
recalculatesits position,andis alwaysat location(0,0,0).
This is not anessentialpropertyof this algorithm,but is a
usefulonefor anetwork whichwill belinkedto theoutside
world, astheroot nodecanactasa gateway to theInternet
or otherlargenetwork.

Therootnodedoesnotprovidecentralizedprocessing
to the mesh. In fact, the root nodedoeslessprocessing
than the othernodes,as it never recalculatesits position.
Onceconverged,communicationwithin themeshdoesnot
dependon the root node,andso it is not a singlepoint of
failure.

Convergenceoccurs much more readily when the
meshnetwork calculationis allowedto expandfrom a sin-
glenodeto itsneighboursandtheirneighboursandsoforth.

For theseexperiments,nodesotherthantherootnode
do not sendtheir own beaconsuntil they have received 5
beaconsfrom othernodes.Beaconsaresentfrequently, so
thisdoesnotintroducealongdelay, but it doesallow anode
to becomeawareof eachof its neigboursbeforedeciding
onaninitial position.Therootnodeis arbitrarilychosenas
the�rst nodeto sendabeacon.

3 Walkthr ough

In this sectionwe will show theoperationof thealgorithm
througha simplenetwork of threenodes:A, B andC.



A is theroot node,it beginsat (0,0,0)andbroadcasts
the�rst beacon:

ID Distance Coordinate
A 0 (0,0,0)

This beaconinforms any receiving nodethat A be-
lievesit is at (0,0,0)anddoesnot know of any neighbours.
Thedistanceof 0 indicatesthat this is theidentity andvir-
tual locationof thenodesendingthebeacon.Nodesreceiv-
ing this beaconwill becomeawareof A asa 1-neighbour.

At sometimeafterreceiving thisbeacon,B will wake
up andrecalculateits own virtual location.At this point B
only knowsof oneneighbour– A. B performsaniterative
descentto �nd thepoint of lowestpotentialenergy, andas
it is attractedto A andknowsof nootherneighbours,it will
convergeoncoordinate(0,0,0).

B sendsthefollowing beacon:

ID Distance Coordinate
A 1 (0,0,0)
B 0 (0,0,0)

This beaconwill be received by A and by C. The
distanceof 1 indicatesthatA is a1-neighbourof B . A will
learnof B 's existence,but take no action. C will learnof
bothA's andB 's existence,andit will beattractedto B , a
1-neighbour, andrepelledfrom A, a2-neighbour.

WhenC recalculatesits positionit will combinepo-
tentialenergiesfrom attractionandrepulsion,asin Figure
4. C will takeits initial locationfrom B , anditeratively de-
scendfrom this maximuminto thecircular minimum sur-
roundingit. The exact pathit takesis unimportant,but it
will endupwith dC B = dC A � 158, which is thedistance
at which thepotentialenergy is minimized.

For thesakeof clarity, supposethatC changesits vir-
tuallocationonly in thepositiveX direction.Theminimum
energy will beat thecoordinate(158,0,0),andC will take
this asits new virtual location.

C sends:

ID Distance Coordinate
B 1 (0,0,0)
C 0 (158,0,0)

WhenB next recalculatesits position,it will �nd it-
self attractedto both A andC, as in Figure5. Its poten-
tial energy minima will be half-way betweenA andC, at
(79,0,0).

B sends:

ID Distance Coordinate
A 1 (0,0,0)
B 0 (79,0,0)
C 1 (158,0,0)

C is still attractedto B andrepelledby A, andasthe
nodescontinueto communicate,they will drift apartuntil
they reachan equilibriumwhendAB = dB C = 1

2 dAC =

100. Figures5 and6 show theenergy minimain this situa-
tion.

In the casedescribedhere,A is the root node,and
doesnot changeits position. This simpli�es the explana-
tion. In mostcases,many nodeswill beasynchronouslyre-
calculatingandbeaconingtheirvirtual locations.Thesame
principlesapplyevenin complicatedsituations.

4 TestScenarios

4.1 Simulation

A discreteeventsimulationprogramwaswrittenin C in or-
derto developandtestthealgorithm.Otherprogramswere
writtento generatenetwork topologiesandto transformthe
simulationoutputinto graphsandanimations.

A simple`greedyforwarding' algorithmhasbeenin-
cludedto periodicallytestnodesfor routeability. A nodeN
is consideredrouteableif a packet can be routed from
nodeN to therootnodeat (0,0,0),andthatapacketcanbe
routedfrom theroot nodebackto the locationof nodeN .
All nodesare routeablein the mapspresented,but occa-
sionally nodesare temporarilyunrouteableuntil the net-
work layout converges,andsometimesnodesremainun-
routableif they are hiddenbehindrouting `voids'. This
effect would be mitigatedif a moresophisticatedrouting
algorithmwasused.

4.2 Comparing Topologies

The virtual locationgeneratedfor eachnodedoesnot di-
rectly correspondto thereal locationof thatnode,making
it dif�cult to visually comparetheresults.In addition,the
virtual locationspaceis threedimensional,andis projected
orthographicallyfor presentationin this paper.

The network mapsin Figure 7 have beenmanually
rotatedaboutX andY andZ to make visual comparison
easier.

4.3 200NodeMesh

Typically, meshroutingalgorithmsaretestedona network
with nodesplacedcompletelyat random. Randomlyas-
signingthelocationsof nodesis inef�cient, with largenum-
bersof nodesrequiredto provide completecoverage. A
high densityof nodesis neededif thenetwork is not to be
disjoint.

Instead,for thispaperwehaveplacednodesrandomly
within the restrictionthat the minimum distancebetween
any two nodesis half the range,and that every node is
placedwithin rangeof at leastoneneighbour. Thisensures
a non-disjointnetwork with a limit on thedensityof nodes
anda limit onthenumberof neighboursof any givennode.
This kind of placementwould be typical whereit is pos-
sible to selectthe approximatepositionof a nodebut the
exactpositiondependson otherfactorssuchastheterrain.
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Figure7. This diagramshows a seriesof snapshotsat A: 1200,B: 2400,C: 3600,D: 4800andE: 6000milliseconds,asthe
nodesprogressively discover theirvirtual locations;F: amapof theoriginalnetwork layoutfor comparisonpurposes.Theroot
nodeis marked.



TheVirtual Localizationalgorithmcanthenbeusedto �nd
anef�cient routingmapof thenetwork.

Figure7 showsanetwork constructedin this manner,
andillustratestheprocessof determiningvirtual locations
for eachnodein the network. The areaof interestis one
squarekilometre,andthecommunicationrangeis 100me-
tres.

An animated GIF �le showing the progress of
this convergencecanbe found at http://www.ctie.
monash.edu.au/mesh/virt_loc/

4.4 400NodeRandomMesh

The resultsof testing a 400 node meshwith randomly
placednodesare not presentedhere due to spacecon-
siderations,but are available at http://www.ctie.
monash.edu.au/mesh/virt_loc/

5 Conclusions

Virtual Localizationprovidesadistributedmethodfor con-
structinga `virtual map' of a meshnetwork, without GPS-
equippedanchors,broadcast�ooding or centralizedpro-
cessing.

This virtual mapcanbeusedfor location-basedrout-
ing traf�c througha meshnetwork, providing ef�cient in-
ternalconnectivity for sensormeshnetworks.

Futureworkswill investigatetheuseof moresophisti-
catedroutingalgorihtmswith Virtual Localization,theuse
of Virtual Localizationwith mobile andshort-livednodes
andtheincorporationof relative andabsolutedirectionin-
formationinto theVirtual Localizationalgorithm.
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