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Abstract

Marny applicatioisof robadicsandembediedsensotech-
nology can berefit from fine-gained localization Fine-
grainel localizationcansimplify multi-robot collaboation,
enableenepy efficient multi-hop routing for low-power
radio networks, and enableautomaic calibration of dis-
tributed sensingsystems. In this work we focus on range
estimation,a critical preregisite for fine-gmainedlocaliza-
tion. While mary meclanismsfor rangeestimationexist,
ary individual moce of sensingcanbe blocked or confused
by the ervironmen. We presentand analyzean acoustic
rangirg systemthatperfamswell in the presencef mary
typesof interferencebut canretun incorred¢ measurerm@nts
in nonline-of-sight condtions. We thensuggsthow evi-
dencefrom anorthogonalsensornchanmel mightbeusedto
detectandeliminatethesemeasurerants. This work illus-
tratesthe more generakesearctthemeof combining multi-
ple modalitiesto obtainrobustresults.

1 |Introduction

One schoolof thoudht in the robdics comrrunity con-
tendsthat an essentialproperty of a robot is its ability to
operdein anervironmen thathasnotbeermodifiedto sup-
porttherobd’s actiities. While thisis areasonhle guiding
principle, it is oftenusefulto relaxthis assumptiorandal-
low the robotto modify its ervironment in order to helpit
or its collaboatorsaccomplisttheir tasks.

Modification of the ervironmert for comnunicationand
collabaation, sometims known as stigmepy, is a very
powerful tool usedto greatadvantaye by someof the most
successfubnimds on earth[1] In the context of robotics,
theideaof stigmepy canbetakena stepfurtherif therohot
implantsactive devices into the ervironment that can en-
ableit to opemtemoreefficiently. For exanple, compared
with instrumetting the environment by installingalocaliza-
tion system,supposehe robas themselescould “install”
a localizationsystemby depaiting small wirelessdevices
throwghou the ervironment.

With the decreasingostof low-power microcantrollers
andsmallintegratedradiopacka@s,it is becaningincreas-
ingly practicalto designsmall wirelesssensoiprocessors

thatrobots candropor affix to strateic locationsin theen-
vironment. Sucha prgect involvesmary challengs, from
developingthemecharsmsthatenableherobot to placethe
devicesto designingow-power systemghatcanperforma
usefultaskfor days,weeksor morths after beingdeployed
in anad-hocandpossiblyerrorpronefashion.

When developing an application intended for ad-ha
deployment, it quickly becoms clear that if the devices
lack knowledgeof their position, it significantlydecreases
their utility. With fine-gmined localization information,
they can act as a positioning systemfor nearby robots,
or perform collabaative sensingand signalling such as
beambrmind2]. Without localization (apat from the
coarseform implied by radio proximity) it is difficult to
meanigfully locate small robotsor combire and process
sensoreadigsin ameanimgful way.

Previouswork in theareaof coordnatedlocalizationsys-
temshasaddressefine-graned[3 4], ad-toc deplo/able[5
6], distributed3, 4, 5, 6], anddecetralized[5 6]. However,
thiswork representghefirst stepstowardsa systemhatad-
dressesll of thesechamcteristicsat once. Our apprachis
characterzedby threeprinciples:

1. For every sensorysystemthereexistsasetof environ-
mentalconditiors thatwill confuseit, anda subsebf
thosein whichit fails to identify thatit is corfused.

2. Some sensorymodalities are “orthogoral” to each
other meairing that their setsof failure condtions (as
describedabove) arelargely disjoint.

3. Orthognalmodilities canidentify eachothers’failure
modesandthusimprove thedataquality throughcoor
dinationandcommurication,with significantlylessef-
fort relative to the effort requred to increnmentally im-
prove the sensor®n theirown.

For example,considera systemcompasedof mary stan-
dalore rangng unitsanda few rangng unitswith cameras.
In geneal, acousticrangirg perfomancesuffers whenthe
“line of sight” (LOS) pathis obstru¢ed. Acoustic range
measurerantsin obstructd conditions often consistently
detectonge reflectedpaths,leadingto untoundedrangeer
ror. Becauseéhey measurehelong pathconsistentlyit can



beverydifficult to identify theseerras basedxclusively on
analysisof theacousticdata.

However, suppe that in our examge eachcameras
field of view cortainsseverd rangirg units,which mightbe
identifiedby a charactestic patternstrobedonanIR LED.
Any rangingunit thatthe cameracanseehasa high prob
ability of LOS to the camera,andthusin thosecasesan
accurategangecanbedetermiredwith acoustics Addition-
ally, usinganguar displacemety a camerecanestimatethe
rangebetweenary two rangirg units in its field of view.
By usingtherelatively coarseangularinformationfrom the
camerayangng unitswould be ableto identify andignore
large errorsresultingfrom obstru¢ed condtions.

This appoachcanbe seenasa form of “sensorfusior’.
(SeeRoumeliotis[] for a goodexampe of sensoifusion)
Whatis novel in this caseis thatthe sensorsaredistributed
acrossa network, which introducessignificart compexity
andadditioral con@rns:e.g. power andbandwidh conser
vation resilienceto tempoary and permaentlossof con-
nectvity, gracetll degradationasnocesfail, andscalingis-
suesto namea few.

In thispapemwe discussanimplementationof anacoustic
rangirg systemin suppot of afine-gained,ad-ha, decen
tralizedsystemIn Section2 we discusgangirg alterndives
and our reasondor selectingacoustics. In Section3, we
describetheimplemenationandcalibrationof our acoustic
rangirg systemandshawv how its propertiesareappopriate
to our goals. Then,in Section4 we characterizehe sen-
sorin moredepth specificallyfocusing on casesn which
it is difficult for the sensotto identify thatit is failing, and
suggessomeappoachedor usingorthayonalmodalitiesto
solve theprodem.

2 Why Acoustics?

Whenwe examne high-accuragy omri-directioral rang
ing technigies themostsuccessfulechniqesarebasedn
measurig thetime of flight of signals.Othercomnontech-
nigues, suchas RSSlor RF proximity estimation,tendto
be highly susceptibldo environmental interfeenceandare
alsonondinear. While they maybeusefulasasupplematal
techniqie,they arelessusefulasa standaloe measuement.
In time-offlight appoacheghereare two competig tech-
nologes: thosebasedon RF andthosebasedon acoustics.
In comparing the two alternatves, we identifiedthreeim-
portart advartagesof acousticover RF

First,thelow frequenciesandslow speedf acousticsig-
nalsreduceshe costand compleity of the rangng hard
ware. Samplingratesof 40 or 100kHz aresuficientto ad-
equatelyrecover audble acousticsignals. Further because
thesoundwavestravel slowly (~ 344m/s),thesamplingrate
of astandardsoundcard(48kHz) is sufficient for a position
sensinggranulaity underl cm. Besidesthe redu@d cost
and comgexity, theremay also be an adwantagein terms
of power requrements. Relatve to RF-basedappoaches,

acousticrangingshifts the pawer costsfrom the recever to
the transmitter An acousticrecever doesnt needto main-
tain accurateclocksbecaseit canrely on post-fictosyn-
chrorization (see[8] for further analysisof post-ictosyn-
chrorization),andanacoustidransducecanbeoperaedat
lower power becausenuchof the enegy to operateit can
bedravn from thesignalitself. Thesetwo factorsmight en-
ablethe recever circuitry to power down whenit is notin
usewith almostno lossof functionality.

Second synchonizationof the senderandrecever can
easilybeacconplishedwith radiosignals.Thisis animpor-
tant contrastto rangng basedon electronagneticsignals,
which mustrely onahighly accurateeflectionfrom thetar-
getin order to measurehe time of flight.! Not only does
thisdramaticallysimplify the system|t alsoresultsin asig-
nificantredudion in error Thereasoris thatalarge partof
theerrorin arangirg systementersduring signaldetection
when noise and ervironmentalfactorscorspire to muddy
thesignal. A systemin whichthetargetis synchronizedre-
quiresonly onedetectionphase compaed with two in the
caseof reflective or retrarsmissiornrangng.

Third, audide acousticwaves enconpassan extremdy
wide range of wavelengtls despitetheir relatively small
rangeof frequencies. Since ervironmertal featues 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
therangng signalusesa bard from 300Hzthrough 20kHz,
the compnentwavelenghs will rangefrom 1mto 1.5cm
In contrast,an RF UltraWideBand(UWB) rangng system
thatusegherangefrom 2GHzto 3GHzonly includeswave-
lengthsfrom 30cm10cm

Although they have mary adwartages,acotstic systems
do have two drawbacks. First, even over shortrangesthey
suffer a significantlocal depenénceon atmosphec cond-
tions, necessitatingompeisationin orderto achiese high
accurag. Second they exhibit lower penetratio of solid
objectsthan RF, which can make inadwertent detectionof
reflectecpbathsmore comma. However, despitetheseflaws
theadwartagesof usingacousticsmadeit theclearchoicein
this case.

3 An Acoustic Ranging System

Similar to the designof otheracousticsystemssuchas
the Active Bat[3], our rangirg systemoperdaesby measur
ing the time of flight of acousticwavesthroudh air. The
systemis compaedof a transmitteranda recever, eachof
which operateautoromotsly. The transmitterproducesa

1it is interestingto notethatin the caseof GPS,the receiwer neednot
explicitly reflectasignd becaiseit recavessignakfrom multiple satelites,
which arethemsebeswell-synchronizd. Thisdoesnot effect theargumert
however, becaiseit still requires multiple detections,eachcontributing its
own error.



distinct sound(which we call a “chirp”?), andthe recever
detectghatchirpwith amatchingsensorConcurentlywith
sendingthe chirp, the transmittercommunicatesa syncho-
nizationmessagdy radio thattells the recever whattime
the chirp wasemitted. By compaing the time of emission
with the time at which the chirp is detectecht the recever,
the time of flight of the acousticsignal canbe computed.
Then,by usingaknown modelfor the speedf soundin air,
thedistancearaveledby thewavescanbe estimated 9]

Much of the improvementdemastratedin this work
comesfrom the useof pseudooisesequenesastheacous-
tic signal. Using a matchedfilter, thesesignalscanbe de-
tectedwith a high degree of tempaal accurag. This tech-
nigue also provides substantialprocessing gain, allowing
highly attenuatedine-of-sightsignalsto be detectedn ob-
structedconditiors, even when a much stronger reflected
compnentis alsoreceved Theseechniqesareoftenclas-
sifiedas“spreadspectrm” mechanismdyecause¢hetrans-
missionbandis muchwider thanthe bandvidth requiredto
transmitthedata.[D]

In theremainebr of this sectionwe will describeourim-
plemenation in somedetail, highlighting the areaswhere
thedesignis critical to redicing noise.

3.1 Hardware

Our current implementéion is built from COTS hard
warewith a few minor customizatios. It is basedona PC
platform runring Linux, andusesa standardsoundcardfor
emittingandcapturirg acoustic signals.

The emittersandsensorsarereadily availableparts. For
microphoneswe usedcheapmicrophones intendedfor use
with PCsoundcards.The spealerswe usedaresmall, full-
rangespealers intendel for usein laptops.They aremanu
facturedby Kingstate,model KDS-27008. They arewell
suitedto this purpose becausehey are small and have a
verywidefrequancy responsefrom 400Hzthrough 20kHz.
Theirratedpoweris 0.1W.

The mostdifficult compmentof an implemertation on
PC hardware is achieving synchraization betweenthe
senderandreceier. Most standal meansof communica-
tion betweenPC'’s suffer from variablelateng. For exam
ple, in the caseof a network paclet, theremay be variabe
latenciesat the MAC layer, in the network card,in the net-
work driver, andin context switchingto andfrom the ap-
plicationprocessesAll of thesevariablelatenciesesultin
synchonizationerra; 30 microsecond®f lateng resultsin
alcmoffset.

To solwe this problen, we wrote a Linux device driver
that captues an interrugg from a pin on the parallel port,
and canimmediatelyrecorda timestamp. For the expe-
imentsdescriled in this paper we useda wiring harnes

2Theterm*“chirp” is usualy usedto meanasignd with alinearchang
in frequency over time. In this casewe usethetermto meanonly thatit is
distinctive.

conrectedto the parallel port (describedn more detail in
[8]) to achieve synchranizationwithout exposingoursehes
to pacletlossin the RF chamel. We arecurrently working
to integratethis systemwith a small microcontrdler-based
radiocarddevelopedby Pisteret.al.[11, 12] whichprovides
aninterupton pacletarrival through the sameparallelport
pin.

Another sourcefor variablelateng is in the soundcard.
Commer@l soundcardsarenotintendedfor microsecond
accurayg. We found that althoudh our cards exhibited rel-
atively accuratdiming whenplaying sound, whenrecord
ing they introduceda varialle lateng of as muchas 500
microsecads. In order to correctthis problem, we inject a
synchpnizationpulsedirectly into therecadedtime series,
by feedinga pin on the parallel port into the microptone
input.

Thesetechnigies, althoudh crude redice synchraiza-
tion erra to appioximatelya 5 samplerang. By taking
mary trials ateachmeasuremntpointandperfamingasta-
tistical analysistheaccuray canbeimprovedto betterthan
a 2 samplerange,or aboutl cm. As partof future work,
a new implemenation with a higherinput samplerate and
designedn synchraizationmight improve systemperfa-
mancewhile requring fewertrials.

3.2 Chirp Detection Algorithms

In a previous paperon this subject[B] we discussed
our expeimentationwith differert codingand modulation
stratgyiesfor producingthe chirp. We corcludedthatusing
a“Direct Sequene” stylebinary phaseshift keying (BPSK)
waveform worked mostconsistenthandwasthe simplesto
implemert.

In ournew designwe have selecteda 511bit codefrom a
family of binary maximal-lengthsequenceém-seqences).
Thesecodes have beenshaovn[14] to have very goodauto-
correldion properties,andbouncdcross-corelationwithin
thefamily of codes.Thetransmitteformsthechirpby mod
ulatingthe code usingBPSKata 12 kHz chiprate.

The detectorusesa matchedfilter to deternine the po-
sition of the chirp within the obsered signal. Becausehe
recever knows the codesequeneusedby thesendeyit can
computeareferencesignalthatis identicalto the onetrans-
mitted. This is usedto compue a correlation function that
describesfor eachpossibleoffset, the degreeto which the
obsered signalat that offsetagreeswith the referencesig-
nal. Theresultingcorrelation function will have a “peak
atevery offsetat which therewasa strongcorrelation. The
earliestpeakin the functionis a canddate to be the true
phaseoffset;laterpeaksarelik ely to betheresultof ringing
or echoes.

The requrementthat we discover the first peakintro-
ducessome interestingprodems for the detectimn algo-
rithm. The prodem ariseswhenwe mustdistinguishthe
earliest'peak” from rancbm correlationswith ervironmen
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Figurel: Outputof correlationfunction: 600cm

tal noise.There arevariows techniquesfor solvingthis prob-
lemin communicatiors systemsalthoudn they arenotgen-
erally applicalte to acoustiaangng.

Onecomnon techniqe measureshe channelat a time
of known silence(e.g. befae the chirp) andthenusesthe
maximum correlationduring thatintenval asa “noisefloor”.
However, thistechniqe doesnotwork thatwell in this con-
text, becagethe chirp (andits flight time) is quitelong and
thelevel of ervironmental noisecanvary significantlydur-
ing thatintenal.

Having discovered the limitations of this appoach,we
haveinventedasomevha nonstandrdsolutionto this prob-
lem. Our solutioncompuesthe noiselevel usinga second
correldion opeation. However, ratherthancorrelatingwith
thetransmitters code,we correlatewith a differentcodese-
lectedfrom the samefamily. Having similar characteristics,
this codewill correlatewith noisein a similar way, so it
will be a goodindicata of the amoun of noiseduring the
whole samplinginterval. However, this alternatecodewill
not correldae well with the actualsignalbecase of the m-
sequenes’ low cross-corelationproperties.

Oncewe have perfomedthis alternade correlation, one
possiblesolution would be to use the maximum value of
that correlationas a noisefloor, andlook for the first peak
thatrisesabove thatfloor. However, we have foundthrough
expetimentthatthereis oftenalocal burstof noisethatwill
causehisalgorithm to overestimatehenoisefloor andmiss
a peak. To combd this, we implementedan algoiithm that
computesat every point themaximunm valuewithin a speci-
fiednumberof samplesPeaksabovethatthresholdunction
(plusanadditioral offset)areconsiderd to bevalid peaks.

A samplecorrelatia functionis shavn in Figuresl and
2. Thez axisof thegraphrepresentshe sampleindex, and
they axismeasurethevalueof thecorrdation ateachsam-
ple offset. The dynanic noisefloor estimateis shovn as
the disjointedline of x's thattracea pathabove the noise.

Detail of correlation function: 600cm range, 2cm error
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Correlation with low SNR: 610cm range, LOS obstructed
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The peals aretracedby aline thatfollows an offsetabove
thenoiseestimate. The detail (Figure2) showvs thatthereis
apprximately2 cm of synchionizationerrot

While ourexperimentsshaw thatour detectioralgoritim
is quite effective, it doesnot succeedn every case.In ary
given set of trials therewill often be occasioal trials in
whichthe SNRis very low, increasinghe probaility of er
roneaisresults.Figure 3 shavs anexampleof sucha case.
By comparingthe graphs, it is easyto seethatthe SNR s
muchlower thanour previous exanples.

In thesecasesgrrois in peakdetectioncanresultin un-
deror overestimatiorof therange. If the noisethresholdis
estimatedoo low, anerrcneousearly peakwill bedetected
Looking at Figure3, we notethatthereareseverd instances
in which noisecorrelatessxceedthe threshdd prior to the
“true range”: at abou 100 and 900 samples.In this case
it happes thatour additiona offsetover the threshdd pre-
ventedthesefalsepeaksfrom beingdetected.

Unfortunately the same conserative estimate that



helpedus prevert an underestimaten Figure3 hasinstead
causedan overestimate. The addtional offset causedthe
true initial peakto be missedentirely, catchirg the second
peakinstead.As the SNR becaneslower, the probability of
oneof theseoutcanesoccuring beconeshigher

In geneal, our algaithm is designedto favor overes-
timation. The reasonfor this choiceis that regardlessof
the designof ourdetectoysuficiently obstructe condtions
will alwaysresultin overestimateghat canna be detected
throwgh analysisof the signal. In contrast, sinceundeesti-
matescannever occurin natue, they canonly betheresult
of a failure in the detectim algoithm. Conseqently, we
favor overestimatesn orderto simplify the work of algo-
rithmsthatprocesgherangedata.

3.3 Statistical Analysis

In ourexperimentwe periormed20rangngtrialsateach
measurerntlocation. We thenappliedstatisticalanalyses
to eachsetof trials to comeup with a meanvalueand95%
confidenceintenals. In orde to selectan apprqriate sta-
tistical algorithm we first analyzedhe potentialsourcesf
errot Therearethreemainsourcesf errorin our system:

1. Synchronization error. As we have describedearlier
synchonizationprodemsarisefrom hardware latengy,
O/S interrug lateng/, and other factors. We assume
that theseerrors can be moceled by a gawssiannoise
source.

2. Intermittent detection of an attenuated peak. If an
early peakis on the verge of beingdetected,t may
appeaiin sometrials but not others.This canleadto a
multi-modal distributionin theresults.

3. Random detection of noise correlates. As we de-
scribedin theprevioussection ourdetectioralgoritim
can produceincorect resultswhen the SNR is low.
Sincethey aretheresultof correlation with noise these
valuesshouldbeuncorelated.

The first source of error can be removed by
averagng.[15] However, the other two error sources
result in distributions that make directly computing an
avera@ inappopriate: internittent detectionresultsin a
multimodal distribution, and correlationwith noiseresults
in meaningessoutliers.

To addess theseissues, we implemerted a “sloppy
modé algorithm that calculatesfor each data poirt a
weightedsum of all datapointswithin a 5 sampleoffset.
Eachdatapoint includedin the sumis weightedby an esti-
mateof the SNRfor thatpoint. Figure4 showvs four succes-
sive histogamsof the sloppy mode function, for four suc-
cessve measurerantsin a heavily obstructedtase.

At 60&m rang, all of the datapointsare concetrated
in a singleclusterat samplel12, exceq for a singleout-
lier at 1195 However, asthe emittermovesto 610cmand

Bi-modal distributions resulting from heavy obstruction: 608-614cm range
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612an, a shorterpaththat hadpreviously beentoo heavily
attenuatedo be detectedbeconesintermitten, resultingin
a bi-modal distribution. As the emittercontiniesto 614an
range thenew pathbeconesconsistentlydetectable.

SinceLOS is alwaysthe shortestpath a bi-modal dis-
tribution always indicates that LOS may be partially ob-
structed.Clearly averagirg over thewhole distribution will
surelyresultin anincorrectansweraveragirg over theclus-
ter representingthe shorterpathmightdeternine the correct
value. But in geneal the knowledgethatthe distribution is
bimodal will probaly bevalualte to higherlevel algoithms
thatoperateon collectiors of range data,suchasmultilater
ationalgoiithms.

Our current algorithm selectsthe clustercontairing the
highest “sloppy mode”value,andthencomputesthe mean
and 95% confiderte intervals on that reducel dataset. In
this way, outliers are eliminatedandthe strongesmodeis
selectedn the caseof a bi-madal distribution.

3.4 Calibration and Compensation

For calibratian of the range sensorwe take a very sim-
ple appoach. If the speedof soundandthe samplerateis
known, thenthe sensoishouldexhibit a perfectlinearrela-
tion with true distance.In this case the only varialle that
mustbe calibratedis an addtive offset; namely the num
berof samplef delayafterthe synchonizationpulseand
before the acoustic chirp is transmitted This canbe easily
determired by placingthe emitterandrecever ascloseas
possibleandmeasuing theobsenred offset.

Oncethe offset of the origin hasbeendetermired, we
mustensurehatthe speedf sourd andthesamplerateare
corret¢. Thesamplerateis geneatedby thesoundcard,and
is quitereliable. However, the speedf sounddepend to a
significantdegreeon atmospheac condtions[16. Tempe-
ature, baroretric pressureand relative humdity mustall
be takeninto accoum in order to getan accuratevaluefor
the speedof sound Figure5 graghically shaws the effect
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Figure6: Line of sight(LOS) calibration experiment

of theseparaneters,which addsup to a fluctuation of over
10%over thefull rangeof differentvalues.

After establishinganorigin pointandthe correctparam
etersto compue the speedof sound,we performeda cali-
brationtest. In thistest,clustersof closelyspacedneasue-
mentswere taken at periodicintervals between0 and 650
cmrange. Theresultsof thetestareshovn in Figure6. The
graphshaws that the sensorbehaes quite linearly. A de-
tail shawvn in Figure7 shavsthatunder someconditionsthe
systemcan be quite accurate(the errobarsrepresen95%
confidenceintervalsfrom 20trials ateachpoint.)

Figure8 shaws a differentsetof conditiors. We believe
thatthis unwsualslopewascausedy localizedtemperatie
fluctuatiors resultingfrom a vertilation duct positiored di-
rectly over the 3 meterpositionwherethesemeasurerants
weretaken. In ary eventthis condtion only existsonalocal
scale becausglobdly theslopeis clearlylinear.

LOS Calibration Experiment: 6m detail
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4 Resultsand Characterization

Theresultsfrom the LOS calibrationexperimentshaved
along-tem linearrelation,with someshort-termvariations
thatwerebelieved to berelatedto localtempeaturefluctua-
tion. In this sectionwe will presentamorein-depthchara-
terizationof theeffea of differenternvironmerial conditins,
payirg particularattentionto casesn which the sensoican-
notestimatats erra onits own.

4.1 Local Temperature Dependence

In orderto testour theorythatlocal fluctuatiors in tem-
peratue could resultin local changs in slope, we per
formed anexpetimentin which someheatedvaterwaspo-
sitioned nearly the emitter producing a region of warm,
humid air. Figure9 shaws the resultof this. Shortly af-
ter the emitterentersthe region of heatedair, the measurd
rangedropsoff the linearrelationandcontiruesat a lower
slope. This correspondswvell with our hypothesispecause
eachincremetal changen positionin theheatedegion will
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beundercounedin therange calculationbecausé¢he sourd
travelsslightly fasterin the heatedair.

There areseverd possiblewaysto addresghis prablem.
First, temperéure and humidity sensorsanbe distributed
throughou theenvironmern to enatbe compesation(in fact,
we have donethis for our current expeiments.) Second
temperéure andhumidty arelikely to fluctuateover time,
suggestinghatfor fixed sensoipositiors long-termaverag
ing shouldeliminatelocalizedfluctuatiors.

4.2 Orientation Dependence

In an ad-ha@ deployment scenarip we assumehat we
canna predictanguar positionwith respectto other sen-
sors. To asses®ur sensos depenénceon oriertation, we
perfamed someexpetimentsin which the emitterandthe
sensowererotatedrelative to eachother

Figure 10 shaws the resultsof our experiment. We ro-
tatedthe microphone 180 degrees, andthen separatly ro-
tatedthe emitter 90, 180, and 270 degrees. All of the ro-
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tationscenariosesultedn anoffsetof appoximately3cm,
with the exceptionof the emitterrotated180 degrees(fac-
ing away from the sensor)which exhibited a 6cm offset.
In addtion, the 180 degree casesuffered from incorsisten-
ciesearly in the trial for reasonghat are not known with
certainty

In generalthe offsetscausedoy thesefactorsarefairly
small and bounded, but they seemto be fairly consistent,
which makesthemvery difficult to detectfrom analysis of
thesignal. In anad-hoc setting,variatiors in relative orien
tationwill be quitecomma, andif left unconpensatedhe
resultingoffsetsmay introduwce significanterror whensup-
plied astheinputto amultilaterationalgorithm.

We ervision a numter of possiblesolutions. First, be-
causethe error is bounded it might be possibleto usean
optimizatian algoithm to determire the orientatiors. This
solutionhasthe dravbackthatit requiresanexpersive cen-
tralizedcompuation. Secondtheemittercouldbedesigne
to bemoreomni-drectional. Third, atilt sensoandacom-
passcouldbeaddedo enableghesensoto estimatets abso-
lute oriertation. Fourth,in theeventthatcamerasareavail-
ablethey might be ableto visually determire orientatian.

4.3 Effect of Obstructions

Obstrudions to the line of sight are a critical prodem
for anacousticrangirg system.While in mary caseghese
prodemscanbe mitigatedby carefu placemenof the sys-
temcompnentg(e.g. placingrecevers on the ceiling), this
is not generallyan option for an ad-toc or robot-depoyed
system.To assessursensorsresilienceo obstrictions,we
perfamed someexpeimentsin which we placedvarious
obstaclesothatthey obstructedhe LOS path. Theresults
of theseexpelimentsareshavn in Figures1land12.

In Figure 11, we did two expeimentswith relatively
lightweigh obstructiols: an emgy cardb@rd box and a
stackof small cardb@rd boxes. Despitethe factthat LOS
wasblockedin bothof thesescenariosthe averageoffsetin
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pathlengthwasonly abou 5¢cm. This suggeststhatthe sig-
nalwastransmittedhroughtheobstaclepr pertapstraveled
alongthesurface,but it did notresultfrom areflection

In Figure 12, we perfomed anotherexpeiiment with a
“heavy” obstructiom: a large mattresssurroundedby card-
boardboxes. Thetotal sizeof theobstrictionwasontheor-
derof 4 squaremeters.As is clearfrom thegragh, the LOS
pathis not detectablethe recever detectsa reflectedpath,
resultingin anoffsetof 140cmfrom thetruerangeshavn on
the X axis. Anotherinterestingobsenation is thatthereis a
largediscontinity in thegraph Thisdiscontinuty is caused
by changsin the multipathenvironmen that resultin the
detectionof differentreflectedpathsasthe emitterchamges
its location. For examge, certainreflectiors might exist in
onelocationbut not in another This resultsin regions of
consisteng (e.g 600-@7cmand611-615cm), boundd by
borcer regionswhich arelik ely to exhibit bi-modal distribu-
tions. In fact,the exampleof bi-modal datain Figure4 was
takenfrom this dataset.

5 FutureWork

Error causedy obstrictionsto LOS is the mostserious
prodem to solwe in fine-graired, ad-ha acousticrangng.
Becausehemagnitude of theerra is unbainded including
theselong pathswill causeenomousproblens for a mul-
tilaterationalgoritm. Thereare several appr@acheswhich
might prove effective in detectinghesecases.

First, detectionof obstru¢ed condtions might be pos-
sible from analysisof the signals,for exanple in the case
that a measuremnt exhibits a bi-modal distribution. Sig-
nalsthataretheresultof reflectionsmayalsoexhibit higher
variarce, becauseslight perturtationsin the reflectingsur
facecancausechangsin thelengthof thereflectedpath.

Secondevenif we assuméhatdeplg/edrangirg sensors
do notmove, they might be ableto leverag sensorghatdo
move (e.g.locatedonaroba) in orderto spotcasesn which

thereis a sudandiscorinuity. By obsering a sequene of
rangemeasurenmgs andcorrelatirg it with dead-eckoning
datafrom theroba andamocel of kinematics,it is possible
in somecasedo identify discontiruities might suggestthat
LOS s obstricted.

Third, in casesvherenore of the partsof the systemare
moving, it might be possibleto have a “known good' clus-
ter of nodesthathave LOS amongthem. By finding ranges
to eachother thesenodescanestablisha consistentoord-
natesystemandthencancomparetheir measurd rangego
exterral points. If whenthey compare notesthey find that
thereis anincorsisteng, this suggststhatthe pathto the
exterral pointis obstrictedfor at leastone of the nodesin
the cluster Note thatthe corverseis not necessarilytrue;
the appeaanceof consisteng does not guaanteethat the
exterral pointhasLOS.

Fourtth, by usingcamera (asdescribedn Sectionl) and
LEDs anodeequipgedwith acameamight determire a set
of nodesto which it hasLOS. In a more comgex scenarig
two camerasnight coordnate to use stereopsido formu
late a 3D mockl of the terrain and thus deternine the lo-
cation of obstructing featues, apgying the techniqies of
Kanadel7].
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