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Abstract— As the cost of embeddedsensorsand actuators drops, new
applications will arise that exploit high density networks of small devices
capable of a variety of sensingtasks. Although individual devices may
have limited functionality, the true value of the systemcomesfr om the
emergent behavior that ariseswhen data fr om many placesin the system
is combined. This type of data fusion hasa number of requirements,but
two of the most important are: 1) synchronized time, preciseenough to
resolve movement in the sensedphenomenon(e.g., sound); and 2) known
geographic locations, on a similar scaleto the sensors' size and deploy-
ment density. However, the installation cost of a localization systemwith
suf�cient granularity is considerable,becauseof the largeamount of effort
required to deploysucha systemand makeall the measurementsrequired
to tune it. In this paper, we describe a systembasedon COTS compo-
nentsthat incorporatesour novel time synchronization and acousticrang-
ing techniques.The result is a low-cost,readily available platform for dis-
trib uted, coherent signal processing.

I . INTRODUCTION

Recentadvancesin miniaturizationandlow-cost,low-power design
have led to active researchin large-scale,highly distributedsystems
of small, wireless,low-power, unattendedsensorsandactuators[2].
Thevisionof many researchersis to createsensor-rich “smartenviron-
ments”throughplannedorad-hocdeploymentof thousandsof sensors,
eachwith a short-rangewirelesscommunicationschannel,andcapa-
ble of detectingambientconditionssuchastemperature,movement,
sound,light, or thepresenceof certainobjects.

In almostany distributedsensorapplication,therearetwo critical
piecesof infrastructure:

1) Time synchronization, precise enough to resolve signi�cant
movementin thesensedphenomenon;and

2) Spatial localization, with resolutionsimilar to the nodes'size
anddeploymentdensity.

Therearemany examplesof sensornetwork tasksthat requireboth
synchronizedtime and known sensorlocations: for example, to in-
tegratea time-seriesof proximity detectionsinto a velocity estimate
[3]; to measurethe time-of-�ight of soundfor localizing its source
[6]; to distributea beamformingarray[13]; or to suppressredundant
messagesby recognizingthatthey describeduplicatedetectionsof the
sameeventby differentbut nearbysensors[9].

While spatial localization of nodes is possible to implement
manually—bycarefullymeasuringand“hard-coding”thelocationsof
thesensors—systemsthatdiscover locationautonomouslyareadvan-
tagousfor reasonsof convenience,cost,andapplicationto ad-hocde-
ploymentscenarios.

In this paper, we discussthe developmentof a system,basedon
commercialoff-the-shelf(COTS)components,whichis capableof au-
tomaticlocalizationandtimesynchronizationwith suf�cient precision
(on the order of 10cm and ����� sec) to supportdistributed, coherent
signalprocessing.Oursystem's timesynchronizationis animplemen-
tationof Reference-BroadcastSynchronization(RBS),describedmore
fully in [4]. Localizationis basedonanunderlyingrangingsystemthat
worksby timing the �ight of a widebandacousticpulse,describedin
[5].

Theremainderof this paperis organizedasfollows. In SectionII,
wedescribethehardwareplatformsthatcomposeourtestbed.Wegive
anoverview of thesoftwarecomponentsof our systemin SectionIII.
A moredetaileddescriptionof thesubsystemsis found in SectionIV
(time synchronization)andSectionV (acousticrangingandlocaliza-
tion). Finally, in SectionVI, we describeour conclusionsandfuture
work.

I I . HARDWARE PLATFORMS

Although Moore's law predictsthat hardware for sensornetworks
will inexorablybecomesmaller, cheaper, andmorepowerful, techno-
logical advanceswill never prevent theneedto make tradeoffs. Even
asour notionsof metricssuchas“f ast” and“small” evolve, therewill
alwaysbecompromises:nodeswill needto befasteror moreenergy-
ef�cient, smalleror morecapable,cheaperor moredurable.

Insteadof choosinga single hardwareplatform that makes a par-
ticular setof compromises,we believe aneffective designis onethat
usesatieredplatformconsistingof aheterogeneouscollectionof hard-
ware.Small,cheap,andcomputationallylimited nodes(“motes”,after
theBerkeley SmartDustproject[10]) canbeusedmoreeffectively by
augmentingthenetwork with larger, faster, andmoreexpensive hard-
ware (“bases”). An analogycan be madeto the memoryhierarchy
commonlyfound in desktopcomputersystems.CPUstypically have
an expensive but faston-chipcache,backed by slower but larger L2
cache,main memory, and ultimately on-disk swap space. This or-
ganization,combinedwith a tendency in computationfor locality of
reference,resultsin a memorysystemthatappearsto beaslargeand
ascheap(per-byte)astheswapspace,but asfastastheon-chipcache
memory. In sensornetworks, wherelocalizedalgorithmsare a pri-
marydesigngoal [9], similar bene�ts canberealizedby creatingthe
network from a spectrumof hardwarerangingfrom small,cheap,and
numerous,to large,expensive,andpowerful.

A. Motes

Thesmallestnodesin our testbedarethe“COTS Mote,” originally
developedat U.C. Berkeley [10], [7] and now commerciallyavail-
ablefrom Crossbow Technologies1. It is equippedwith a low-power,
4MHz, 16-bit microprocessor(Atmel 90LS8535),with 8K of pro-
grammemoryand512bytesof SRAM. An integratedRFMonolithics
916.50MHz transceiver (TR1000)providesnarrowbandwirelesscon-
nectivity at 19.2Kbps. Communicationwith a directly attachedhost
is possiblevia a serialport. A numberof GPIO pins,A/D, andD/A
convertersarealsoavailablefor I/O purposes.

TheoriginalCOTS Mote is picturedin Figure1. Differentversions
of thebasicdesignhavevariouscombinationsof sensors:temperature,
light, humidity, acceleration,andsoforth. In our localizationtestbed,
we usea locally developedvariationof themote,the“acousticmote,”
on which one of the D/A converter outputsis attachedto an audio
ampli�er circuit andspeaker.
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Fig. 1. Pister's “COTS Mote”, developedatU.C.Berkeley

Themotes'operatingenvironmentisTinyOS[8], [7], asmall,event-
basedoperatingsystemdevelopedspeci�cally for the mote by Hill,
et.al.atU.C. Berkeley.

B. Bases

Although the motes have advantages(small, cheap, low-power,
long-lived),they have very limited capabilities.For example,it is im-
possibleto do anything more than the most basicforms signal pro-
cessing:themoteis tooslow to processa time seriesin real-time,and
doesn't haveenoughmemoryto buffer morethanafew dozensamples
for of�ine analysis. We have found that it is possibleto implement
muchricherapplicationsif therearea few larger, morecomputation-
ally endowednodesavailablein thenetwork aswell.

Our basesareCompaqiPAQ 3760s,which arehandheld,battery-
powereddevices normally meantto be usedas PDAs. We selected
the iPAQ becauseit hasreasonablebattery life, hasthe peripherals
neededby our project,supportsLinux, is readilyavailable,andis us-
ableright off theshelf.2 The iPAQ hasa 137MHzIntel StrongARM-
1110processor, 32MB of RAM and32MB of FLASH for persistent
storage. The standardmodel also comesequippedwith a built-in
speakerandmicrophonewhichweusefor acousticranging,aswewill
seein SectionV. Finally, the iPAQs have a serialport, anda PCM-
CIA bus, for which a wide variety of peripheralsare available. All
of our iPAQs have spread-spectrumwirelessEthernetcards(802.11b
directsequence,11Mbit/sec),makingthemcapableof communicating
athigherbandwidth,longerrange,andwith greaterreliability thanthe
motes.

Ourtestbed's iPAQsusetheStrongARMportof theLinux operating
system(the“Familiar” distribution[1]). Thiscombinationof hardware
andoperatingsystemprovidesapowerful andconvenientdevelopment
environmentsimilar to a standarddesktopoperatingsystem.

I I I . SYSTEM OVERVIEW

Ultimately, thegoal of our systemis to �rst establisha coordinate
systemde�ned by thepositionsof the iPAQsat startup,thencontinu-
ouslymonitorthepositionof themoteswithin this coordinatesystem.
We assumetheiPAQsareinitially placedarounda room“at random”
but thenremainin �x edlocations,or move rarely. TheiPAQsform an
ad-hocinfrastructure,while thesmallermotesareassumedto becon-
stantlyin motion—perhapsattachedto peopleor objectsthatarebeing
trackedasthey move throughtheenvironment.

Thefunctionalcomponentsof thelocalizationsystemareshown in
Figure 2. Localizationis basedon an acousticrangingsystemthat
usesawidebandpseudonoisesequenceto measurethetimeof �ight of
soundfrom onepoint to another(bottompanel). Rangingis �rst used
to determineiPAQ-to-iPAQ distancesandfederateaniPAQ coordinate
system;thismodeusesboththeiPAQ'sspeaker andmicrophone(cen-
ter panel). Oncethecoordinatesystemhasbeenestablished,ranging

�

Previous incarnationsof our tetsbed[3] werebasedon harwareplatforms
that we integratedourselves from components;we have sincelearnednot to
underestimatethevalueof aplatformthatcomeswith its own integratedpower
supply, enclosure,I/O, etc.
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Fig. 2. High-level SystemDiagram. At the lowest layer, a rangingsystem
generatespairwiserangevalues.Theserangesarepropagatedto aclusterhead
thatrunsanoptimizationalgorithmto constructaconsistentcoordinatesystem
andrejectthemany formsof errorin thesourcedata.Onceacoordinatesystem
hasbeencomputed,thesystemcanlocalizedevicesin theregion.

from anacousticmote's emitterto theiPAQs' microphonesis usedto
localizemoteswithin thiscoordinatesystem(toppanel).

Many existing acousticranging systemsuse a somewhat ad-hoc
time synchronizationstrategy that assumesthereis a tight coupling
betweenthe acousticandRF componentsin the system. Thosesys-
temsaredesignedto generatean acousticpulseandan RF synchro-
nizationpacket at exactly the sametime. We have found this to be a
poordesignchoicefor a numberof reasons—forexample,thesystem
tendsto bemorecomplex dueto tight inter-moduledependencies,and
rangingexperimentsarevulnerableto individual lost packets. In con-
trast,our systemcontainsa separatemodulethat continuouslymain-
tains timebaseconversionmetricsamongall the componentsin the
system,providing this informationto therangingsystemwhenneces-
sary. By abstractingthis partof thesystemaway, theoverall designis
simpli�ed andthe systembecomesmuchmorerobust to packet loss.
In addition,the precisionof the synchronizationis improved: by av-
eragingover many packet observations,outlierscanbe rejectedand
clockskew correctionsarepossible.

We mentionedin the previous sectionthat motesusenarrowband
900MHzradiosto communicatewith eachother, while theiPAQsuse
802.11bwirelessEthernetcards.To bridgethegapbetweenthesetwo
domains,severalof theiPAQsarecon�guredwith a“MoteNIC”—that
is, a moteattachedto theiPAQ via theserialport. Suchmotescanact
asanetwork interfacevisible to processesrunningon theiPAQ (under
Linux). TheseiPAQsarethencapableof routinginformationbetween
themoteandiPAQ domains.

IV. TIME SYNCHRONIZATION

Thetime synchronizationmoduleis responsiblefor computingpa-
rametersthat relate the phaseand frequency of all of the system's
clocksto oneanother. This is, perhaps,a morecomplex taskthanit
might seem—inadditionto beinga distributedsystem,it is a hetero-
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Fig. 3. Our hardwarecon�guration,wheremulti-hoptimesyncis requiredto
relatetheacousticmote's timebaseto theiPAQs.

geneousone. Speci�cally, therearethreetypesof componentsin the
systemwhoseclocksrun independentlyandmustbereconciled:

> Thesystemclock in eachmote
> Thesystemclock in eachiPAQ
> EachiPAQ'scodecsampleclock
Thesynchronizationservicebuildsupatableof conversionparame-

tersthatrelatemany of thedifferentclocksin thesystemto eachother.
A seriesof conversionsmay be necessaryto convert a timestampin
one timebaseto a timestampin another. For example,considerthe
con�guration shown in Figure3. iPAQ 1 is con�gured asa gateway
node,i.e., with a MoteNIC asdescribedin SectionIII. Imaginethat
wewishto measurethetimeof �ight of asoundfrom anacousticmote
to iPAQ 2. This meanswe needto relatethe timebaseof theacoustic
moteto thetimebaseof iPAQ 2's codecsampleclock. This requiresa
seriesof 4 conversions:

1) Network timesynchronization(via moteradios)from theacous-
tic mote's clock to moteclock in iPAQ 1's MoteNIC

2) Intra-nodesynchronizationfrom iPAQ 1's moteclock to iPAQ
1's systemclock

3) Network time synchronizationfrom iPAQ 1 to iPAQ 2 (via
802.11)

4) Intra-nodesynchronizationfrom iPAQ 2'ssystemclock to iPAQ
2's clodecsampleclock

Themethodsfor intra-nodeandnetwork time synchronizationwill
be discussedin detail below. On eachiPAQ, thosesynchronization
methodspopulateatableof conversionparametersbetweentheclocks
in the system,annotatedwith an estimateof the RMS error of each
conversion. Given the parametersthatmake up this graph,theseries
of parametersthatmakeuptheminimum-errorconversionbetweenthe
desiredsourceanddestinationtimescalesis automaticallycomputed,
usingaweightedshortest-pathsearchalgorithm.

A. Networktimesynchronization

In our system,network time synchronization(mote-to-moteand
iPAQ-to-iPAQ) is performedusingan implementationof Reference-
BroadcastSynchronization,or RBS, describedin moredetail in [4].
Brie�y , the fundamentalpropertyof RBSis that it synchronizesa set
of receivers with oneanother, asopposedto traditionalprotocolsin
which senderssynchronizewith receivers. In this way, the largest
sourcesof nondeterministiclatency areremovedfrom thecritical path.
Thisresultsin signi�cantly better-precisionsynchronizationthanalgo-
rithmsthatmeasureround-tripdelay. Theresidualerroris oftenawell-
behaveddistribution (e.g.,Gaussian),soprecisionof thephaseoffset
estimatecanbesigni�cantly improved by sendingmultiple reference
broadcasts.
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Fig. 4. Typical linear regressionto recover relative phaseandskew between
two nodesin the systemusing RBS. Eachpoint representsthe phaseoffset
betweentwo nodesas implied by the value of their clocks after receiving a
referencebroadcast.A nodecancomputea least-squared-error�t to theseob-
servations(diagonal line), andthusconvert time valuesbetweenits own clock
andthat of its peer. The vertical impulses(readwith respectto the ?'@ axis)
show thedistanceof eachpoint from thebest-�t line.

Our RBS daemonsimultaneouslyacts in both “sender” and “re-
ceiver” roles. Every 10 seconds(slightly randomizedto avoid un-
intendedsynchronization),eachdaemonemitsa pulsepacket with a
sequencenumberandsenderID. The daemonalsowatchesfor such
packets to arrive; it timestampsthemandperiodicallysendsa report
of thesetimestampsback to the pulsesenderalongwith its receiver
ID. The pulsesendercollectsall of the pulsereceptionreportsand
computesclockconversionparametersbetweeneachpairof nodesthat
heardits broadcasts.Theseparametersarethenbroadcastbackto lo-
cal neighbors.TheRBSdaemonsthat receive theseparametersmake
themavailableto users.(RBSnever setsthenodes'clocks,but rather
providesa userlibrary thatconvertsUNIX timeval s from onenode
ID to another.)

Complex disciplinesexist that can lock an oscillator's phaseand
frequency to an externalstandard[11]. However, we selecteda very
simpleyet effective algorithmto correctskew: a least-squareslinear
regressiononthetimeseriesof phasedifferencesbetweennodes,after
automaticoutlier rejection.This offersa fast,closed-formmethodfor
�nding thebest�t line throughthephaseerrorobservationsover time.
Thefrequency andphaseof thelocal node's clock with respectto the
remotenodecanberecoveredfrom theslopeandinterceptof theline.

An exampleof suchalinearregressiononrealdatafrom oursystem
is shown Figure4. Eachregressionis basedon a window of the 30
mostrecentpulsereceptionreports.Outliersarerejectedbasedon an
adaptive thresholdequalto 3 timesthe median�t error of the setof
pointsnot yet rejected.(Early versionsuseda moretraditional“3 A ”
approach,but the standarddeviation wasfound to be too sensitive to
grossoutliers.)Theremainingpointsareiteratively re-�t, andtheout-
lier thresholdrecomputed,until no furtherpointsarerejected.If more
thanhalf thepointsarerejectedasoutliers,the�t fails.

MotesandiPAQs both participatein this schemeseparately. That
is, iPAQssynchronizewith eachotherusing802.11broadcasts,while
motes synchronizewith each other using their narrowband radio
broadcasts.The basicschemeis thesameon both motesandiPAQs,
exceptthatmotesdonotcomputetheirown conversionparameters,as
iPAQsdo—they forwardall of their broadcastreceptionreportsto an
iPAQ for post-processinginstead.

In practice,iPAQ-to-iPAQ synchronizationvia 802.11hasanerror
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� sec; this is limited primarily by the iPAQ's 1� secclock
resolution. Motesuseslower (19.2kbit/sec)radioswith a bit time of
53� sec;nevertheless,RBS achieves 10� secerror throughaveraging
and outlier rejection. A detailedperformancestudy of RBS can be
foundin [4].

Of course,motesandiPAQs cannot directly observe eachother's
broadcastssincethey usedifferent radios(different frequencies,dif-
ferentMAC layers,etc.). An extra pieceis neededto relatethemote
timescaleswith the iPAQ timescales.This is whereintra-nodesyn-
chronizationcomesinto play.

B. Intra-nodesynchronization

As wediscussedatthebeginningof thissection,eachiPAQcancon-
sistof threeseparateclocks:1) thesystemclock; 2) theaudiocodec's
sampleclock, and3) if the iPAQ hasa MoteNIC attachedvia serial
port, the mote's systemclock. In additionto supportingRBS asde-
scribedabove,our time servicedaemonalsosupportssynchronization
betweencomponentswithin asystem.Thesystem'sdevicedriverspe-
riodically injectpairsof timevaluesinto thetimedaemon,whereeach
pair representsthevalueof two of thesystem's clocksat thesamein-
stant. This allows the clocks to be related. Thereare two typesof
intra-nodesynchronizationin oursystem:

> iPAQ to MoteNIC. One of the output pins of the serial port is
attachedto an interrupt-generatinginput on the MoteNIC. Peri-
odically, the iPAQ raisesits outputhigh andrecordsthetime ac-
cordingto its CPUclock. TheMoteNICtimestampstheresulting
interruptsaccordingto its internalclock, andreportsthe times-
tampsback to the iPAQ via the serial link. Oncethe MoteNIC
devicedriver receivesthis interrupttimebackfrom theMoteNIC,
it injectsthe pair of time valuesinto the time daemon.Eachof
thesepoints representsa single mappingof the iPAQ's system
clock timescaleto theMoteNIC's systemclock timescale.

> iPAQto codecsampleclock. Cheapconsumer-gradeaudiocodecs
suchasthevariety typically soundin a low-endPCor handheld
device tend to have nondeterminsticlatency boundswhen they
areasked to startrecordingor playback.It is importantto mini-
mize theseeffects—delaybetweenthe time we askthecodecto
start samplingand the time it actuallystartscontribute directly
to errorsin the time-of-�ight measurement.We have found that
this problemcanbeavoidedby runningthecodeccontinuously,
timestampingeachblock of audiodataasit arrives. Our system
includesan “audio server” that continuouslyrecords,buffering
themostrecent10secondsof inputandmakingit availableto the
acousticrangingprocess.With thehelpof a modi�cation to the
Linux kernel's codecdevice driver, the audioserver alsotimes-
tampseachDMA transferfrom thecodec's chipsetasit arrives.
It theninjectssynchronizationpairsinto the time daemon,each
consistingof anaudiosamplenumberandcorrespondingsystem
clock time whentheDMA transfercompleted.

As thesetime pairsarefed to the time synchronizationdaemon,it
computesconversionparametersthat allow the iPAQ CPU clock to
be relatedto the MoteNIC andcodecclocks. The daemonusesthe
samelinearleast-squaresregressionandoutlier rejectionasit doesfor
RBS.This makesit very robust againstoutliersdueto (for example)
anoccasionallateDMA transferor lateinterrupton themote.

Theseintra-nodeparametersallow usto completethesynchroniza-
tion chain: from acousticmote to MoteNIC (via RBS); MoteNIC to
attachediPAQ 1 (via pairssynchronization);iPAQ 1 to iPAQ 2 (via
RBS over 802.11),and�nally iPAQ 2 to its codecsampleclock (via
pairssynchronization).The exact synchronizationpath is computed
automatically, transparentlyto usersof thetimesyncservice.Thissig-
ni�cantly simpli�es thelocalizationservice,aswe will describein the
next section.

V. LOCALIZATION

Thelocalizationsubsystemconsistsof two maincomponents.First,
theacousticrangingcomponentestimatesthedistancesbetweennodes
in the network. Next, a coordinatesystemis constructedusing the
rangeestimates.The following sectionsdescribeeachof thesecom-
ponentsin moredetail.

A. AcousticRanging

Ouracousticrangingsystem,describedin moredetail in [5], usesa
widebandpseudonoisesequenceto measurethetimeof �ight of sound
from onepoint to another. In the currentimplementation,the detec-
tor is implementedin software,andrequiresconsiderablememoryand
CPUtime (far beyond thecapabilitiesof a Mote). However, thehigh
processgain of the detectorenableslong ranges,accuratephasede-
termination,andexcellentnoiseandmultipathimmunity. Theuseof
widebandcodedsignalshastwo positive effects. The �rst advantage
is that thefrequency diversityof thewidebandrangingsignalenables
it to work well in a varietyof environments.Becausewe useaudible
sound,the wavelengthsof soundmakingup the signalspansfrom a
meterto a centimeter, increasingtheresilienceof thesignalto scatter-
ing. Thesecondadvantageis thatdifferentemitterscanselectorthog-
onalcodesthatcanbedetectedevenwhenthey collide. This enables
adrasticreductionin thesystemcomplexity, asit reducestheneedfor
tight coordinationandsychronization.

Becauseof the limited capabilitiesof the Mote asan emitter, we
emit a position-modulatedpulsetrain by togglinga digital outputpin.
Passedthroughthe�lter of a speaker, eachpulseresultsin a decaying
oscillation. The psedonoisecodeis representedby variationsin the
inter-pulsespacing,with an overall rate that is low enoughto allow
mostof the oscillationsto decayduring eachgap. The advantageof
this schemeis that,evenwithoutexercisingcontrolover thedynamics
of the speaker, precisetiming on the Mote can reproducethe pulse
timing with high precision,yielding ahigh degreeof phaseaccuracy.

Thebottompanelof Figure2 shows how therangingsystemworks.
Timebaseconversion metrics betweenthe senderand receiver are
maintainedby thesynchronizationservicewedescribedin SectionIV.
To computethe rangebetweentwo devices,onedevice sendsa mes-
sageto the other, advertising that it is planningto emit an acoustic
signalwith a givencodeat a particulartime, referencedin termsof its
local timebase.Using the conversionmetrics,the receiver canknow
approximatelywhento startlistening.TheaudioDSP's arethensam-
pled,andtheresultingtimeseriesis comparedwith alocally generated
referencesignalusinga slidingcorrelator.

In a sliding correlator, thecorrelationof two signalsis computedat
differentrelative phaseoffsets.Figure6 shows a graphof correlation
asa functionof “lag”. By analysingthis correlationfunction,we can
estimatethemostprobabletime of arrival of the rangingsignal. The
maximumvalueof thecorrelationfunctionindicatesthetimeof arrival
of the strongestcomponentof the signal. Figure5 shows a portion
of theobservedsignal,alignedwith thereferencesignalat the“best”
offset.

Echoesandotherenvironmentaldistortionsresult in many succes-
sive peaks,amongwhich the earliestpeak representsthe most di-
rectpath. Thedirectionalnatureof speakersandmicrophonesmeans
that themaximumvalueof thecorrelationfunctionoftenrepresentsa
strongre�ection; for example,if thespeaker is pointedat theceiling.
To resolve this problem,we useanadaptive noisethresholdfunction
basedona low-pass�lter of thecorrelationfunction.Weusethis low-
pass�lter to selecttheearliest“cluster” of peaks,by �nding the �rst
regionin whichthelow-pass�lter crossesa�x edthresholdof 1.5times
the RMS averageof the correlationfunction. Within that region, we
selectthe�rst peakafter thelow-pass�lter crossestheRMS average.
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This algorithmtendsto locatethe�rst peaksfrom theregion in which
thepower level abruptlyincreases.

Usingthetimebaseconversionmetricsandtheoffsetof theearliest
peakin the correlationfunction, the time of �ight canbe calculated.
Given a model for the speedof soundin air, the time of �ight can
beconvertedto a distance.Sincethespeedof soundvariesbasedon
temperatureandhumidity, a valuefrom a temperaturesensormay be
integratedinto themodelto geta moreaccuratedistanceestimate.

Oncedistanceestimatesarecollected,multiple trials arecombined
statisticallyinto a meanandvariance,with outlier rejection.However,
aswe will seebelow, in generaloutlierscannotbecompletely�ltered
at this layer: long rangesresultingfrom detectionof re�ections in ob-
structedconditionstypically exhibit a low variance.

B. Coordinatesystemconstruction

Themiddle layer in Figure2 representsthecon�guration phaseof
the system. Although we refer to a “con�guration phase”,we plan
to applythesoft-statedesignphilosophyof treatingexceptionalcases
throughthesamecodepathsastypical cases.In suchanimplementa-
tion, thereis no distinctstatein which con�guration is occurring,but
ratherthereis aperiodof timewherealargernumberof nodesarejoin-
ing thesystem.However, in thecurrentversioncon�guration is done

onceat thetime of systemstartup.Futureprotocolenhancementswill
supportonlinerecon�gurationasthenodepopulationchanges.

To constructacoordinatesystemwecombinerangedatafrom nodes
in a given region of spaceinto a singleconsistentcoordinatesystem.
Rangedatabetweennodesin theregion is collectedat a singleaggre-
gationpoint, andan initial coordinatesystemis accretedaroundthat
point. This accretionprocessis performediteratively usinga “mass
andspring” model. The processstartswith a fully connected,non-
coplanarsetof four points,selectedto benear(possiblyincluding)the
aggregationpoint. Thesefour pointsform the kernelof the new co-
ordinatesystem.Note that thereis a mirror-imageambiguityin con-
structingthis system,that cannotbe resolved without somekind of
3-D physicalgeometry, suchasa device with threemicrophonesthat
is solidanddoesnot transmitacousticenergy.

Using the mass-springsystem,an initial con�guration of nodesis
determined. This initial con�guration is iteratively improved using
non-linearregressionto reachasolutionthatminimizesGaussianmea-
surementerror.

Unfortunately, measurementerror is not theonly typeof error that
appearsin rangedata.Severalothertypesof errorarepresent:

> Quantizationerroron theorderof asample.
> Excesspath lengthcausedby clutter, diffraction aroundobjects

in theenvironment,andtravelling alongsurfaces.
> Error causedby the accuratedetectionof re�ections in the case

thatline-of-sightis obstructed.
Becausetheconditionsthatcauseexcesspathlengthtendto becor-

relatedto theenvironment,theseerrorsaregenerallyvery dif�cult to
remove. Both the spring systemand studentizedresiduals(as sug-
gestedin [12]) can be usedto detectand eliminate them, although
both of thesetechniquescan fail in the presenceof multiple ranges
exhibiting correlatederror.

Figure7 shows theresultof thecon�gurationstepwith tenreceiver
devices,comparedagainstgroundtruth. In the�gure, the'+' symbols
are groundtruth, and the 'x' symbolsare the receivers. The RMS
positionerror (averageper node)in this setof nodesis 11.5cm. The
tenreceiversarepositionedaroundour lab; noneof their positionsare
known a priori . After placingthereceivers,we took measurementsto
establish“groundtruth”. Then,eachof thetenreceiversperformedten
acousticrangingtrials,outlierswereremoved,andtheaveragevalueof
thetrialswascomputed.Thusthetenreceiversform afully connected
rangegraph.In additionto thereceivers,several “observationpoints”
arealsofactoredinto theminimization.To generatetheseobservations
we placeda Mote in variousspotsin our lab,andtookseveral trials.

In orderto relatethecoordinatesystemto our groundtruth, we se-
lectedanadditionalfour “observation points” andde�ned their coor-
dinatesin termsof ourgroundtruth measurements.

C. Providinga LocationService

Thethird layerof oursystemis theinterfacethatsmalldevicessuch
asmotesuseto querythe systemfor their location. Unlike thosein
the con�guration step,the algorithmsusedin this layer are intended
to provide fasterresponses,with an end to supportingthe real-time
requirementsof mobilenodes.

Thesealgorithmsconsiderthe locationsof theinfrastructurenodes
to be �x ed. The algorithmselectsthe receiversmostrelevant to po-
sitioning the new nodeandperformsa local optimizationto estimate
coordinatesfor thetarget.

To testour prototypeimplementation,we performedanexperiment
to usethe infrastructurewe just con�gured. After forming the initial
coordinatesystem,we thenplaceda mote in several other locations
andusedthenetwork of receiversto measureits location.Theresults
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Fig. 7. Positionsof receiversafter the con�guration step. In this diagram
only thereceiversandfour additionalpointsareconsidered.

Fig. 8. Positionsof receiversandotherobserveddevices.In bothdiagrams,
'X' indicatescomputedpositionsand '+' indicatesgroundtruth. The lines
representcubiclewalls anda tablein theroom.
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Fig. 9. CDFof positionerrorfor theobservationsin ourcomputedcoordinate
system.With 80%probability, thepositionerroris lessthan10cm.

of thesemeasurementsareshown in Figure8. TheRMSpositionerror
in thissetof nodesis 9.2cm.

In orderto evaluatetheperformanceof our localizationsystem,we
comparedtheresultsproducedby oursystemto ourgroundtruthmea-
surements.For eachpositionthatour systemestimated,we computed
the distancebetweenthe computedvalue and groundtruth. A his-
togramof thesevaluesis shown in Figure9. Thishistrogramplotspo-
sition erroron theX axis,andshows thepercentageof measurements
exhibiting lessthanthatamountof erroron theY axis.

VI . CONCLUSIONS

As thesizeandcostsensorsandactuatorshasfallen,it hasbecome
feasibleto build distributedsensornodescapableof beingembedded
in theenvironmentathighdensity. In thispaper, wepresentapractical
systemcapableof exploiting thatdensity, achieving 10� sectime syn-
chronizationand10cmspatiallocalizationon a low-cost,low-power,
ad-hocdeployablesensornetwork. Thisis possibleonCOTShardware
by makingusingof novel techniques,includingReference-Broadcast
Synchronizationandwidebandacousticranging.We look forward to
continuingto developtheplatform'scapabilitiesin supportof avariety
of applicationsfor high-resolutiondistributeddatafusion.
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