
Robust Range Estimation Using Acoustic
and Multimodal Sensing

Lewis GirodandDeborahEstrin
UCLA

Email:
�
girod,destrin� @lecs.cs.ucla.edu

Abstract

Many applicationsof roboticsandembeddedsensortech-
nology can benefit from fine-grained localization. Fine-
grained localizationcansimplify multi-robot collaboration,
enableenergy efficient multi-hop routing for low-power
radio networks, and enableautomatic calibration of dis-
tributedsensingsystems.In this work we focus on range
estimation,a critical prerequisite for fine-grainedlocaliza-
tion. While many mechanismsfor rangeestimationexist,
any individual mode of sensingcanbeblockedor confused
by the environment. We presentand analyzean acoustic
ranging systemthatperformswell in thepresenceof many
typesof interference,but canreturn incorrect measurements
in non-line-of-sight conditions. We thensuggesthow evi-
dencefrom anorthogonalsensorychannel mightbeusedto
detectandeliminatethesemeasurements. This work illus-
tratesthemore generalresearchthemeof combining multi-
plemodalitiesto obtainrobustresults.

1 Introduction

Oneschoolof thought in the robotics community con-
tendsthat an essentialproperty of a robot is its ability to
operate in anenvironment thathasnotbeenmodifiedto sup-
porttherobot’sactivities. While this is areasonableguiding
principle, it is oftenusefulto relax this assumptionandal-
low the robot to modify its environment in order to help it
or its collaboratorsaccomplishtheir tasks.

Modification of theenvironment for communicationand
collaboration, sometimes known as stigmergy, is a very
powerful tool usedto greatadvantageby someof themost
successfulanimals on earth.[1] In the context of robotics,
theideaof stigmergy canbetakena stepfurtherif therobot
implantsactive devices into the environment that can en-
ableit to operatemoreefficiently. For example, compared
with instrumenting theenvironment by installinga localiza-
tion system,supposethe robots themselvescould “install”
a localizationsystemby depositing small wirelessdevices
throughout theenvironment.

With thedecreasingcostof low-power microcontrollers
andsmallintegratedradiopackages,it is becoming increas-
ingly practical to designsmall wirelesssensor-processors

thatrobotscandropor affix to strategic locationsin theen-
vironment. Sucha project involvesmany challenges,from
developingthemechanismsthatenabletherobot toplacethe
devicesto designinglow-power systemsthatcanperform a
usefultaskfor days,weeksor monthsafterbeingdeployed
in anad-hocandpossiblyerror-pronefashion.

When developing an application intended for ad-hoc
deployment, it quickly becomes clear that if the devices
lack knowledgeof their position,it significantlydecreases
their utility. With fine-grained localization information,
they can act as a positioning systemfor nearby robots,
or perform collaborative sensingand signalling, such as
beamforming[2]. Without localization (apart from the
coarseform implied by radio proximity) it is difficult to
meaningfully locatesmall robotsor combine and process
sensorreadingsin a meaningful way.

Previouswork in theareaof coordinatedlocalizationsys-
temshasaddressedfine-grained[3, 4], ad-hoc deployable[5,
6], distributed[3, 4, 5, 6], anddecentralized[5, 6]. However,
thiswork representsthefirst stepstowardsasystemthatad-
dressesall of thesecharacteristicsat once.Our approachis
characterizedby threeprinciples:

1. For every sensorysystem,thereexistsasetof environ-
mentalconditions thatwill confuseit, anda subsetof
thosein which it fails to identify thatit is confused.

2. Some sensorymodalities are “orthogonal” to each
other, meaning that their setsof failureconditions (as
describedabove)arelargelydisjoint.

3. Orthogonalmodalitiescanidentify eachothers’failure
modes,andthusimprovethedataqualitythroughcoor-
dinationandcommunication,with significantlylessef-
fort relative to theeffort required to incrementally im-
prove thesensorson theirown.

For example,considera systemcomposedof many stan-
dalone ranging unitsanda few ranging unitswith cameras.
In general, acousticranging performancesuffers whenthe
“line of sight” (LOS) path is obstructed. Acoustic range
measurements in obstructed conditions often consistently
detectlonger reflectedpaths,leadingto unboundedrangeer-
ror. Becausethey measurethelong pathconsistently, it can



beverydifficult to identify theseerrorsbasedexclusively on
analysisof theacousticdata.

However, suppose that in our example eachcamera’s
field of view containsseveral ranging units,whichmightbe
identifiedby a characteristic patternstrobedon anIR LED.
Any rangingunit that the cameracanseehasa high prob-
ability of LOS to the camera,and thus in thosecasesan
accuraterangecanbedeterminedwith acoustics.Addition-
ally, usingangular displacement, a cameracanestimatethe
rangebetweenany two ranging units in its field of view.
By usingtherelatively coarseangularinformationfrom the
camera,ranging unitswould beableto identify andignore
largeerrorsresultingfrom obstructedconditions.

This approachcanbeseenasa form of “sensorfusion”.
(SeeRoumeliotis[7] for a goodexample of sensorfusion.)
What is novel in this caseis that thesensorsaredistributed
acrossa network, which introducessignificant complexity
andadditional concerns:e.g.power andbandwidth conser-
vation, resilienceto temporary andpermanent lossof con-
nectivity, graceful degradationasnodesfail, andscalingis-
suesto nameafew.

In thispaperwediscussanimplementationof anacoustic
ranging systemin support of a fine-grained,ad-hoc, decen-
tralizedsystem.In Section2 wediscussranging alternatives
andour reasonsfor selectingacoustics. In Section3, we
describetheimplementationandcalibrationof our acoustic
ranging system,andshow how its propertiesareappropriate
to our goals. Then, in Section4 we characterizethe sen-
sor in moredepth, specificallyfocusing on casesin which
it is difficult for thesensorto identify that it is failing, and
suggestsomeapproachesfor usingorthogonalmodalitiesto
solve theproblem.

2 Why Acoustics?
Whenwe examine high-accuracy omni-directional rang-

ing techniques,themostsuccessfultechniquesarebasedon
measuring thetimeof flight of signals.Othercommontech-
niques, suchasRSSI or RF proximity estimation,tendto
behighly susceptibleto environmental interferenceandare
alsonon-linear. While they maybeusefulasasupplemental
technique,they arelessusefulasastandalonemeasurement.
In time-of-flight approachestherearetwo competing tech-
nologies: thosebasedon RF andthosebasedon acoustics.
In comparing the two alternatives,we identifiedthreeim-
portant advantagesof acousticsoverRF.

First, thelow frequenciesandslow speedof acousticsig-
nals reducesthe costandcomplexity of the ranging hard-
ware.Samplingratesof 40 or 100kHz aresufficient to ad-
equatelyrecover audible acousticsignals.Further, because
thesoundwavestravelslowly ( ������� m/s),thesamplingrate
of a standardsoundcard(48kHz) is sufficient for a position
sensinggranularity under1 cm. Besidesthe reduced cost
and complexity, theremay also be an advantagein terms
of power requirements. Relative to RF-basedapproaches,

acousticrangingshifts thepower costsfrom thereceiver to
the transmitter. An acousticreceiver doesn’t needto main-
tain accurateclocksbecause it canrely on post-factosyn-
chronization(see[8] for further analysisof post-factosyn-
chronization),andanacoustictransducer canbeoperatedat
lower power becausemuchof the energy to operateit can
bedrawn from thesignalitself. Thesetwo factorsmight en-
ablethe receiver circuitry to power down whenit is not in
usewith almostno lossof functionality.

Second, synchronizationof the senderandreceiver can
easilybeaccomplishedwith radiosignals.This is animpor-
tant contrastto ranging basedon electromagneticsignals,
whichmustrely onahighly accuratereflectionfrom thetar-
get in order to measurethe time of flight.1 Not only does
thisdramaticallysimplify thesystem,it alsoresultsin asig-
nificantreduction in error. Thereasonis thata largepartof
theerrorin a ranging systementersduring signaldetection,
when noiseand environmentalfactorsconspire to muddy
thesignal.A systemin which thetarget is synchronizedre-
quiresonly onedetectionphase,comparedwith two in the
caseof reflectiveor retransmissionranging.

Third, audible acousticwavesencompassan extremely
wide range of wavelengths despitetheir relatively small
rangeof frequencies. Since environmental features of a
given size tend to scatterwaves of the samelength, this
meansthat a widebandacousticsignal can be resilient to
a wider rangeof scatteringfeatures. To illustrate this, if
theranging signalusesa band from 300Hzthrough 20kHz,
the componentwavelengths will rangefrom 1m to 1.5cm.
In contrast,an RF UltraWideBand(UWB) ranging system
thatusestherangefrom 2GHzto 3GHzonly includeswave-
lengthsfrom 30cm-10cm.

Although they have many advantages,acoustic systems
do have two drawbacks. First, evenover shortrangesthey
suffer a significantlocal dependenceonatmospheric condi-
tions, necessitatingcompensationin orderto achieve high
accuracy. Second, they exhibit lower penetration of solid
objectsthanRF, which canmake inadvertent detectionof
reflectedpathsmorecommon. However, despitetheseflaws
theadvantagesof usingacousticsmadeit theclearchoicein
this case.

3 An Acoustic Ranging System

Similar to the designof otheracousticsystemssuchas
theActive Bat[3], our ranging systemoperatesby measur-
ing the time of flight of acousticwaves through air. The
systemis composedof a transmitteranda receiver, eachof
which operateautonomously. The transmitterproducesa

1It is interestingto notethat in the caseof GPS,the receiver neednot
explicitly reflectasignal becauseit receivessignalsfrom multiplesatellites,
whicharethemselveswell-synchronized.Thisdoesnoteffect theargument
however, becauseit still requires multiple detections,eachcontributing its
own error.



distinct sound(which we call a “chirp” 2), andthe receiver
detectsthatchirpwith amatchingsensor. Concurrentlywith
sendingthechirp, thetransmittercommunicatesa synchro-
nizationmessageby radio that tells the receiver what time
thechirp wasemitted. By comparing the time of emission
with the time at which thechirp is detectedat the receiver,
the time of flight of the acousticsignalcanbe computed.
Then,by usingaknown modelfor thespeedof soundin air,
thedistancetraveledby thewavescanbeestimated.[9]

Much of the improvementdemonstratedin this work
comesfrom theuseof pseudonoisesequencesastheacous-
tic signal. Using a matchedfilter, thesesignalscanbe de-
tectedwith a high degreeof temporal accuracy. This tech-
nique also provides substantialprocessing gain, allowing
highly attenuatedline-of-sightsignalsto bedetectedin ob-
structedconditions, even when a much stronger reflected
componentis alsoreceived. Thesetechniquesareoftenclas-
sifiedas“spreadspectrum” mechanisms,becausethetrans-
missionbandis muchwider thanthebandwidth requiredto
transmitthedata.[10]

In theremainder of this sectionwe will describeour im-
plementation in somedetail, highlighting the areaswhere
thedesignis critical to reducingnoise.

3.1 Hardware
Our current implementation is built from COTS hard-

warewith a few minor customizations. It is basedon a PC
platform running Linux, andusesa standardsoundcardfor
emittingandcapturing acoustic signals.

Theemittersandsensorsarereadilyavailableparts.For
microphoneswe usedcheapmicrophones intendedfor use
with PCsoundcards.Thespeakerswe usedaresmall,full-
rangespeakers intended for usein laptops.They aremanu-
facturedby Kingstate,modelKDS-27008. They arewell
suited to this purposebecausethey are small and have a
verywidefrequency response,from 400Hzthrough20kHz.
Their ratedpower is 0.1W.

The most difficult componentof an implementation on
PC hardware is achieving synchronization betweenthe
senderandreceiver. Most standard meansof communica-
tion betweenPC’s suffer from variablelatency. For exam-
ple, in thecaseof a network packet, theremaybevariable
latenciesat theMAC layer, in thenetwork card,in thenet-
work driver, and in context switchingto andfrom the ap-
plicationprocesses.All of thesevariablelatenciesresultin
synchronizationerror; 30microsecondsof latency resultsin
a 1 cmoffset.

To solve this problem, we wrote a Linux device driver
that captures an interrupt from a pin on the parallel port,
and can immediatelyrecorda timestamp. For the exper-
imentsdescribed in this paper, we useda wiring harness

2Theterm“chirp” is usually usedto meanasignal with a linearchange
in frequency over time. In this casewe usethetermto meanonly that it is
distinctive.

connectedto the parallelport (describedin more detail in
[8]) to achieve synchronizationwithout exposingourselves
to packet lossin theRF channel. We arecurrently working
to integratethis systemwith a small microcontroller-based
radiocarddevelopedby Pisteret.al.[11, 12] whichprovides
aninterrupt onpacketarrival through thesameparallelport
pin.

Another sourcefor variablelatency is in thesoundcard.
Commercial soundcardsarenot intendedfor microsecond
accuracy. We found that although our cards exhibited rel-
atively accuratetiming whenplayingsounds, whenrecord-
ing they introduceda variable latency of as muchas 500
microseconds. In order to correctthis problem,we inject a
synchronizationpulsedirectly into therecordedtimeseries,
by feedinga pin on the parallel port into the microphone
input.

Thesetechniques,although crude, reduce synchroniza-
tion error to approximately a 5 samplerange. By taking
many trialsateachmeasurementpointandperformingasta-
tisticalanalysis,theaccuracy canbeimprovedto betterthan
a 2 samplerange,or about1 cm. As part of future work,
a new implementation with a higherinput samplerateand
designed-in synchronizationmight improve systemperfor-
mancewhile requiring fewer trials.

3.2 Chirp Detection Algorithms
In a previous paperon this subject[13] we discussed

our experimentationwith different codingandmodulation
strategiesfor producingthechirp. We concludedthatusing
a“Direct Sequence” stylebinary phaseshift keying (BPSK)
waveform workedmostconsistentlyandwasthesimplestto
implement.

In ournew designwehaveselecteda511bit codefrom a
family of binarymaximal-lengthsequences(m-sequences).
Thesecodeshave beenshown[14] to have very goodauto-
correlation properties,andboundedcross-correlationwithin
thefamilyof codes.Thetransmitterformsthechirpbymod-
ulatingthecode usingBPSKat a12kHz chip rate.

The detectorusesa matchedfilter to determine the po-
sition of thechirp within theobservedsignal. Becausethe
receiver knows thecodesequenceusedby thesender, it can
computea referencesignalthatis identicalto theonetrans-
mitted. This is usedto compute a correlation function that
describes,for eachpossibleoffset,thedegreeto which the
observedsignalat thatoffsetagreeswith thereferencesig-
nal. The resultingcorrelation function will have a “peak”
at every offsetat which therewasa strongcorrelation.The
earliestpeakin the function is a candidate to be the true
phaseoffset;laterpeaksarelikely to betheresultof ringing
or echoes.

The requirement that we discover the first peak intro-
ducessome interestingproblems for the detection algo-
rithm. The problem ariseswhen we must distinguishthe
earliest“peak” from random correlationswith environmen-
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Figure1: Outputof correlationfunction: 600cm

tal noise.Therearevarioustechniquesfor solvingthisprob-
lem in communications systems,although they arenotgen-
erallyapplicable to acousticranging.

Onecommon technique measuresthe channelat a time
of known silence(e.g. before the chirp) andthenusesthe
maximum correlationduring thatinterval asa “noisefloor”.
However, this techniquedoesnotwork thatwell in thiscon-
text, becausethechirp (andits flight time) is quitelongand
thelevel of environmental noisecanvary significantlydur-
ing thatinterval.

Having discovered the limitations of this approach,we
haveinventedasomewhat nonstandardsolutionto thisprob-
lem. Our solutioncomputesthenoiselevel usinga second
correlation operation.However, ratherthancorrelatingwith
thetransmitter’s code,we correlatewith adifferentcodese-
lectedfrom thesamefamily. Having similarcharacteristics,
this codewill correlatewith noisein a similar way, so it
will be a goodindicator of the amount of noiseduring the
wholesamplinginterval. However, this alternatecodewill
not correlate well with the actualsignalbecauseof the m-
sequences’ low cross-correlationproperties.

Oncewe have performedthis alternate correlation, one
possiblesolution would be to usethe maximum value of
that correlationasa noisefloor, andlook for the first peak
thatrisesabove thatfloor. However, we havefoundthrough
experimentthatthereis oftena local burstof noisethatwill
causethisalgorithm to overestimatethenoisefloor andmiss
a peak.To combat this, we implementedanalgorithm that
computesat every point themaximum valuewithin a speci-
fiednumberof samples.Peaksabovethatthresholdfunction
(plusanadditional offset)areconsidered to bevalid peaks.

A samplecorrelation functionis shown in Figures1 and
2. The 	 axisof thegraphrepresentsthesampleindex, and
the 
 axismeasuresthevalueof thecorrelationateachsam-
ple offset. The dynamic noisefloor estimateis shown as
the disjointedline of x’s that tracea pathabove the noise.
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Thepeaks aretracedby a line that follows anoffsetabove
thenoiseestimate.Thedetail(Figure2) shows thatthereis
approximately2 cmof synchronizationerror.

While ourexperimentsshow thatourdetectionalgorithm
is quiteeffective, it doesnot succeedin every case.In any
given set of trials therewill often be occasional trials in
which theSNRis very low, increasingtheprobability of er-
roneousresults.Figure 3 shows anexampleof sucha case.
By comparing the graphs, it is easyto seethat the SNR is
muchlower thanourpreviousexamples.

In thesecases,errors in peakdetectioncanresultin un-
deror overestimationof therange. If thenoisethresholdis
estimatedtoo low, anerroneousearlypeakwill bedetected.
Looking atFigure3,wenotethatthereareseveral instances
in which noisecorrelatesexceedthe threshold prior to the
“true range”: at about 100 and900 samples.In this case
it happens thatour additional offsetover the threshold pre-
ventedthesefalsepeaksfrom beingdetected.

Unfortunately, the same conservative estimate that



helpedusprevent anunderestimatein Figure3 hasinstead
causedan overestimate. The additional offset causedthe
true initial peakto be missedentirely, catching the second
peakinstead.As theSNRbecomeslower, theprobability of
oneof theseoutcomesoccurring becomeshigher.

In general, our algorithm is designedto favor overes-
timation. The reasonfor this choiceis that regardlessof
thedesignof ourdetector, sufficiently obstructed conditions
will alwaysresult in overestimatesthat cannot be detected
through analysisof thesignal. In contrast, sinceunderesti-
matescanneveroccurin nature, they canonly betheresult
of a failure in the detection algorithm. Consequently, we
favor overestimatesin order to simplify the work of algo-
rithmsthatprocesstherangedata.

3.3 Statistical Analysis
In ourexperiment,weperformed20ranging trialsateach

measurement location. We thenappliedstatisticalanalyses
to eachsetof trials to comeup with a meanvalueand95%
confidenceintervals. In order to selectan appropriatesta-
tistical algorithm, we first analyzedthepotentialsourcesof
error. Therearethreemainsourcesof errorin oursystem:

1. Synchronization error. As we havedescribedearlier,
synchronizationproblemsarisefrom hardware latency,
O/S interrupt latency, and other factors. We assume
that theseerrors canbe modeledby a gaussiannoise
source.

2. Intermittent detection of an attenuated peak. If an
early peakis on the verge of being detected,it may
appearin sometrials but not others.This canleadto a
multi-modaldistribution in theresults.

3. Random detection of noise correlates. As we de-
scribedin theprevioussection,ourdetectionalgorithm
can produce incorrect resultswhen the SNR is low.
Sincethey aretheresultof correlation with noise,these
valuesshouldbeuncorrelated.

The first source of error can be removed by
averaging.[15] However, the other two error sources
result in distributions that make directly computing an
average inappropriate: intermittent detectionresults in a
multimodal distribution, andcorrelationwith noiseresults
in meaninglessoutliers.

To address these issues, we implemented a “sloppy
mode” algorithm that calculatesfor each data point a
weightedsum of all datapointswithin a 5 sampleoffset.
Eachdatapoint includedin thesumis weightedby anesti-
mateof theSNRfor thatpoint. Figure4 showsfour succes-
sive histogramsof the sloppy mode function, for four suc-
cessivemeasurementsin a heavily obstructedcase.

At 608cm range, all of the datapointsareconcentrated
in a singleclusterat sample1125, except for a singleout-
lier at 1195. However, astheemittermovesto 610cmand
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612cm, a shorterpaththathadpreviously beentoo heavily
attenuatedto bedetectedbecomesintermittent, resultingin
a bi-modal distribution. As theemittercontinuesto 614cm
range, thenew pathbecomesconsistentlydetectable.

SinceLOS is always the shortestpath, a bi-modal dis-
tribution always indicates that LOS may be partially ob-
structed.Clearlyaveraging over thewholedistribution will
surelyresultin anincorrectanswer;averaging over theclus-
ter representingtheshorterpathmightdeterminethecorrect
value. But in general theknowledgethat thedistribution is
bimodal will probably bevaluable to higherlevelalgorithms
thatoperateoncollections of range data,suchasmultilater-
ationalgorithms.

Our current algorithm selectsthe clustercontaining the
highest “sloppy mode”value,andthencomputesthemean
and95% confidence intervals on that reduced dataset. In
this way, outliers areeliminatedandthe strongestmodeis
selectedin thecaseof a bi-modaldistribution.

3.4 Calibration and Compensation
For calibration of the range sensor, we take a very sim-

ple approach. If the speedof soundandthe samplerateis
known, thenthesensorshouldexhibit a perfect linearrela-
tion with true distance.In this case,the only variable that
mustbe calibratedis an additive offset; namely, the num-
berof samplesof delayafterthesynchronizationpulseand
before theacoustic chirp is transmitted. This canbeeasily
determined by placingthe emitterandreceiver ascloseas
possibleandmeasuring theobserved offset.

Oncethe offset of the origin hasbeendetermined, we
mustensurethatthespeedof sound andthesamplerateare
correct. Thesamplerateis generatedby thesoundcard,and
is quitereliable.However, thespeedof sounddepends to a
significantdegreeon atmospheric conditions[16]. Temper-
ature,barometric pressure,and relative humidity must all
be taken into account in order to get an accuratevaluefor
the speedof sound. Figure5 graphically shows the effect
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of theseparameters,which addsup to a fluctuation of over
10%over thefull rangeof differentvalues.

After establishinganorigin point andthecorrectparam-
etersto compute the speedof sound,we performeda cali-
brationtest.In this test,clustersof closelyspacedmeasure-
mentsweretaken at periodic intervals between0 and650
cmrange. Theresultsof thetestareshown in Figure6. The
graphshows that the sensorbehavesquite linearly. A de-
tail shown in Figure7 showsthatundersomeconditionsthe
systemcanbe quite accurate(the errorbarsrepresent 95%
confidenceintervalsfrom 20 trials ateachpoint.)

Figure8 shows a differentsetof conditions. We believe
thatthis unusualslopewascausedby localizedtemperature
fluctuations resultingfrom a ventilation ductpositioneddi-
rectly over the3 meterpositionwherethesemeasurements
weretaken.In any eventthiscondition only existsonalocal
scale,becauseglobally theslopeis clearlylinear.
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4 Results and Characterization

Theresultsfrom theLOScalibrationexperimentshowed
a long-term linearrelation,with someshort-termvariations
thatwerebelieved to berelatedto local temperaturefluctua-
tion. In this sectionwewill presentamorein-depthcharac-
terizationof theeffect of differentenvironmental conditions,
paying particularattentionto casesin whichthesensorcan-
notestimateits error on its own.

4.1 Local Temperature Dependence
In orderto testour theorythat local fluctuations in tem-

perature could result in local changes in slope, we per-
formedanexperiment in which someheatedwaterwaspo-
sitionednearby the emitter, producing a region of warm,
humid air. Figure 9 shows the result of this. Shortly af-
ter theemitterenterstheregion of heatedair, themeasured
rangedropsoff the linear relationandcontinuesat a lower
slope. This correspondswell with our hypothesis,because
eachincremental changein positionin theheatedregionwill
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beundercountedin therange calculationbecausethesound
travelsslightly fasterin theheatedair.

There areseveral possiblewaysto addressthis problem.
First, temperature andhumidity sensorscanbe distributed
throughout theenvironment to enable compensation(in fact,
we have donethis for our current experiments.) Second,
temperature andhumidity arelikely to fluctuateover time,
suggestingthatfor fixedsensorpositions long-termaverag-
ing shouldeliminatelocalizedfluctuations.

4.2 Orientation Dependence
In an ad-hoc deployment scenario, we assumethat we

cannot predict angular positionwith respectto other sen-
sors.To assessour sensor’s dependenceon orientation,we
performedsomeexperimentsin which the emitterandthe
sensorwererotatedrelative to eachother.

Figure10 shows the resultsof our experiment. We ro-
tatedthe microphone180 degrees, andthenseparately ro-
tatedthe emitter90, 180, and270 degrees. All of the ro-
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tationscenariosresultedin anoffsetof approximately3cm,
with the exceptionof the emitterrotated180degrees(fac-
ing away from the sensor),which exhibited a 6cm offset.
In addition, the180degreecasesuffered from inconsisten-
cies early in the trial for reasonsthat arenot known with
certainty.

In general,the offsetscausedby thesefactorsarefairly
small andbounded,but they seemto be fairly consistent,
which makesthemvery difficult to detectfrom analysis of
thesignal. In anad-hoc setting,variations in relative orien-
tationwill bequitecommon, andif left uncompensatedthe
resultingoffsetsmay introduce significanterrorwhensup-
pliedastheinput to amultilaterationalgorithm.

We envision a number of possiblesolutions. First, be-
causethe error is bounded, it might be possibleto usean
optimization algorithm to determine the orientations. This
solutionhasthedrawbackthatit requiresanexpensive cen-
tralizedcomputation.Second,theemittercouldbedesigned
to bemoreomni-directional.Third, a tilt sensoranda com-
passcouldbeaddedtoenablethesensortoestimateits abso-
lute orientation. Fourth,in theeventthatcamerasareavail-
ablethey might beableto visuallydetermine orientation.

4.3 Effect of Obstructions
Obstructions to the line of sight are a critical problem

for anacousticranging system.While in many casesthese
problemscanbemitigatedby careful placement of thesys-
temcomponents(e.g.placingreceivers on theceiling), this
is not generallyan option for an ad-hoc or robot-deployed
system.To assessoursensor’s resilienceto obstructions,we
performed someexperiments in which we placedvarious
obstaclessothat they obstructedtheLOS path. Theresults
of theseexperimentsareshown in Figures11and12.

In Figure 11, we did two experiments with relatively
lightweight obstructions: an empty cardboard box and a
stackof small cardboard boxes. Despitethe fact that LOS
wasblockedin bothof thesescenarios,theaverageoffsetin
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pathlengthwasonly about 5cm. This suggeststhatthesig-
nalwastransmittedthroughtheobstacle,orperhapstraveled
alongthesurface,but it did not resultfrom a reflection.

In Figure12, we performedanotherexperiment with a
“heavy” obstruction: a large mattresssurroundedby card-
boardboxes.Thetotalsizeof theobstructionwasontheor-
derof 4 squaremeters.As is clearfrom thegraph, theLOS
pathis not detectable;the receiver detectsa reflectedpath,
resultingin anoffsetof 140cmfromthetruerangeshownon
theX axis.Anotherinterestingobservation is thatthereis a
largediscontinuity in thegraph. Thisdiscontinuity is caused
by changes in the multipathenvironment that result in the
detectionof differentreflectedpathsastheemitterchanges
its location. For example, certainreflections might exist in
onelocationbut not in another. This resultsin regions of
consistency (e.g. 600-607cmand611-615cm),boundedby
border regionswhicharelikely to exhibit bi-modal distribu-
tions. In fact,theexampleof bi-modal datain Figure4 was
takenfrom this dataset.

5 Future Work
Error causedby obstructionsto LOS is themostserious

problem to solve in fine-grained, ad-hoc acousticranging.
Becausethemagnitudeof theerror is unbounded, including
theselong pathswill causeenormousproblems for a mul-
tilaterationalgorithm. Thereareseveralapproacheswhich
mightproveeffective in detectingthesecases.

First, detectionof obstructed conditions might be pos-
sible from analysisof the signals,for example in the case
that a measurement exhibits a bi-modal distribution. Sig-
nalsthataretheresultof reflectionsmayalsoexhibit higher
variance, becauseslight perturbationsin the reflectingsur-
facecancausechanges in thelengthof thereflectedpath.

Second, evenif weassumethatdeployedranging sensors
do not move, they might beableto leverage sensorsthatdo
move(e.g.locatedonarobot) in ordertospotcasesin which

thereis a suddendiscontinuity. By observing a sequenceof
rangemeasurementsandcorrelating it with dead-reckoning
datafrom therobot andamodel of kinematics,it is possible
in somecasesto identify discontinuitiesmight suggestthat
LOS is obstructed.

Third, in caseswherenone of thepartsof thesystemare
moving, it might bepossibleto have a “known good” clus-
ter of nodesthathave LOS amongthem.By finding ranges
to eachother, thesenodescanestablisha consistentcoordi-
natesystem,andthencancomparetheirmeasured rangesto
external points. If whenthey comparenotesthey find that
thereis an inconsistency, this suggeststhat the pathto the
external point is obstructedfor at leastoneof thenodesin
the cluster. Note that the converseis not necessarilytrue;
the appearanceof consistency does not guaranteethat the
external pointhasLOS.

Fourth, by usingcameras (asdescribedin Section1) and
LEDsanodeequippedwith a camera might determinea set
of nodesto which it hasLOS. In a more complex scenario,
two camerasmight coordinate to usestereopsisto formu-
late a 3D model of the terrainand thus determine the lo-
cation of obstructing features, applying the techniquesof
Kanade[17].
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