A soundsourcelocalizationsensor
using probabilisticoccupang grid maps

Kenn, Holger
Technologie-Zentruninformatik
Universitt Bremen
Bremen,Germairy
Email: kenn@tzi.og

Abstract— Sound source localization can be used in the
Robocup RescueRobots Leagueasa sensorthat is capableto
autonomouslydetectvictims that emit sound.Using differ enti-
al time of flight measuementsthr ough energy cross-spectrum
evaluation of the sound signals, the angular direction to
multiple sound sources can be determined with a pair of
microphonesfor SNRs better than -8dB. Assuming that the
robot poseis known, this information is sufficient to create
probabilistic occupancygrid map of the sound sourcesin the
environment and thus localize the victims in a global map.

|. INTRODUCTION

In the field of teleoperatedand autonomousrobotics,
a new competition-basedenchmarkhas emegedin the
recentyearsin the form of the Robocup RescueReal
Robotsleague The goal of this competitionis to encourage
the designof mobile robotic systemsthat are of usein
desasterscenarios,helping with the assessmenof the
situationby gatheringsensoriadatafrom areasnaccessible
by humans.([2[3].[4])

The IUB Robocup Rescueteam has been competing
in the Robocup RescueRobot League competitionsin
Fukuoka[5] and Padova [6]. In this competition,the goal
of the competingteamsis to locate victim dummiesin
different disasterscenariosin limited time using mobile
robots.The scenariogangefrom office areaghatareeasily
accessibleo mobile robotsto pancale-collapseduildings
thatsimulatea majorearthquak disastelandposea signifi-
cantchallengdo the sensingandmanoeueringcapabilities
of the mobile robotsused.All scenarioxontaina number
of victim dummiesthat have humanappearancend are
equipedwith other detectableeaturessuchas movement,
sound,body heatand CO, emission.The performanceof
eachteamis evaluatedthrougha commonscoringfunction
that analyzesthe quality of the information gained and
scoresit againstthe numberof humanoperatorsusedby
the team. This function thus both rewards autonomyand
high-quality localizationand multi-sensoricassessmeruf
victims andtheir state.

In both competitions,the IUB RobocupRescueteam
useda single operatorfor the competitionruns and relied
mostly on camerasfor teleoperationand victim sensing.
However, anothersensorthasbeenusedin both competiti-
onsthathasprovento bevery usefulfor assessinthe state
of victims found. This sensowasnt plannedn theoriginal
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designof the robotsandcame”for free” in the form of the
buildin microphonesf the USB camerasused.

A simplenetwork audiotransmissiorprototypewasbuilt
on site. A standardaudiocorversionutility (sox)wasused
to readthe datafrom the audioinput device driver of the
Linux operatingsystem,to encodeit andtransmitit via a
simple TCP connectionto the operatorstationwhere the
network streamwas decodedand played back using the
samecorversionutility.

During the 2002 competition,it becameclear that this
sensomwasa usefuladdonto the existing robotandwasthe
only sensorthat was capableof locatinginvisibly trapped
or entombedvictims. This finding has been one of the
reasonsfor the extension of the robots with additional
sensorsin 2003, an additionalthermographiccamerahas
beenaddedthat proved be very sucessfufor victim iden-
tification, but the acousticsensorremaineda valuabletool.

With theintroductionof the new controlmiddlenvareFA-
STRobotd7] in the 2003robotsystem,t becamepossible
to add more sensorsto the robot platform, first for non-
victim relatedtaskssuchas localizationand ervironment
mapping.Thegenerated AD AR-basedmapprovidedto be
usefulfor robotlocalizaion[8]. However, asno automatic
victim localizing sensowasavailable,the localizationand
identification of the victim dummieswas still performed
manuallyby the operator In orderto do this, the operator
would carefully analyzeall availablesensorsncluding the
soundfrom the microphonesthennotedown the perceved
signs of the presenceand state of the victim in a paper
victim sheetandthenmarkthe victims locationby usinga
mouseto click on the approximateposition of the victim
next in the LADAR mapthatis displayedon his operator
control station screentogether with the robots current
position and orientation. This processis time-consuming
and errorprone.

For automaticvictim localization with bitmap sensors
suchasthe visible light andthermographicamerascom-
puter vision basedapproachesmay be used. However,
theseapproachesre computationallyexpensve and their
performancein the highly unstructuredervironmentof a
robocuprescuescenariois hardto predict.

Fortunately thereis anotherapproachusing soundloca-
lization. It's advantageis thatit canautomaticallycreatea
map of soundsourceson the operatordisplay Thesestill
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Fig. 1. An overview of the soundsourcelocalisationsystem.

have to be manuallyidentified using the onboardcameras
and other sensorsbut as their location is known now,
their localization on the ervironment map will be much
more precise.Another advantageof this approachis that
its performancecan be simulatedbeforehandasit will be
shawn in this paper

Theremainingpartof this paperis structuredasfollows:
The secondsection gives an overvien over the system
setupand an introductioninto the theory of soundsource
localization. The third sectiondescribesan experimentto
estimatethe performanceof the obtained sound source
localizationand shaws that the measurementsbtainedare
closeto the theoreticalboundariesTheseresultsare then
usedto simulatethe performanceof a probabilistic map
basedon a occupang grid. The last sectiondiscusseshe
resultsobtainedso far.

Il. SYSTEM OVERVIEW AND THEORETICAL ANALYSIS

A typical robotsystemusedfor Robocuprescueconsists
of one or more mobile robots and one or more operator
control stations. For the IUB Robocup Rescuesystem,
the communicationbetweenthe mobile robots and the
control stationis implementedthrough the FAST-Robots
middleware[7. Eachmobile robot runs an instanceof the
platformcomponenbf theframeawork thatinstantiatesnul-
tiple sensorand actuatordriver objectsthat communicate
with the correspondingensorand actuatorhardware. The
platform communicatesvith its counterpartthe controlsta-
tion componentrunning on the control stationsthrougha
TCP/IP network. The controlstationvisualizessensordata
comingfrom the platformandtransmitscontrolcommands
to the platform.

The sensordescribedin this papercan easily be acco-
modatedby this framework. Figure 1 shavs an overview
of the componentghat are part of the soundlocalization
sensorsystem.
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Fig. 2. Two hyperbolasindicating the possiblelocation of the sound
sourcefor a given time-of-flight differencedt and —4t.

A. Microphone Phase array

A simpleway to modelthelocalisationof a soundsource
(sometimesalso called “passive sonar”) by using multiple
microphonesis the so-calledlinar microphonephasear-
ray. In this model, a numberof microphonesare located
equidinstanalongthe x axis of our coordinatesystemlt is
then possibleto determinethe position of a soundsource
in the coordinatesystemusing differential time-of-flight
measurements.e. the time differencefor the signalof the
samesoundsourceto arrive at differentmicrophonesThis
systemhowever cannot detectthe correct sign of the y
coordinatej.e. it cannotdistinguishbetweersoundsources
in positive or negative y direction.

Information obtainedby only one microphonepair al-
lows to restrict the position of a soundsourceto a hy-
perbola. Thesehyperbolasare solutionsto the equations
given by evaluating the time-of-flight (and thus path-
length) difference betweenthe paths from the sourceto
the microphonesThesesolutionsare instable,thereforeit
is desirableto approximatethe soundsourcepositionwith
the asymptotego the hyperbola.

In this approximationthe localizationinformation con-
sistsof the angle betweena) the line connectingthe two
microphonesandb) the vector pointing from the centerof
the microphonepair towardsthe soundsource.

By usingtwo pairsof microphoneswith differentcenter
points, it is possibleto determinethe locationof the sound
sourcein a planethroughtriangulation.

Hencethe problemis split up into two parts,the orienta-
tion measurementising a pair of microphonesand using
the orientationinformationto determinethe position of a
soundsource.

B. Signal Detection

The problemof soundsourcelocalizationcanbe solved
in differentways.Oneapproactis soundsourcelocalizati-
onbasednbeamformingechniquessuchanapproacthas
for examplebeenpresentedn [1]. However, our approach



is using the cross-endagy spectrumof signalsrecordedat
microphonepairs to evaluatethe soundsourcedirections.
This is computaionallyless expensie for a small number
of microphonesaandallows for easierdetectionof multiple
soundsources.

To determinethe time delay betweentwo incoming
soundsignalsat the microphonesthe cross-enagy spec-
trum of the two signalsis evaluated.ldentical, but shifted
signalportionsproducepeaksn this spectrumthe position
of the peakis an indicator for the delay betweenthe
first and the secondoccuranceof the samesignal portion
in the different signals. To avoid ambiguousresults,the
signal portion to be detectedshould not be periodic. If it
is possibleto choosethe signal form, white noise would
be the best,as it createsa single peakin a cross-endagy
spectrum.Should there be sereral distinct soundsources
with different relative delays, one peak for every sound
sourcecan be detectedFor the remainderof this section,
it will be assumeshat only a single soundsourceis being
localized. It will be shawvn later that with multiple sound
sourcescan be dealt with using probabilistic occupang
grids.

C. Orientation measurement
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Fig. 3. Two MicrophoneSetup

Two microphonesare locatedat (—m, 0) and (m,0), a
soundsourceat point S(z,y).

If the soundsourceis further away than 2 - m, we can
approximatethe incoming beamsto be parallel. Hence
the signal path length differenced can be found in an
orthogonaltriangle,andthe anglea betweertheincoming
beamsandthe y-axisis describedoy:

(=)
a =arcsin | —
m

In orderto procesghe signalfrom the microphonesit is
sampledwith the highestpossibletime resolutionthat the
hardware offers. For the standardaudio interfacesof PCs,
thisis typically 48khz,i.e. 20.8 microsecondbetweenwo
samplesThis consequentiallys the shortestdelay At
that the systemcan distinguish. Togetherwith the speed
of sounde, this resultsin a quantizationof the differential
distancemeasurementsito cAt,ir -

As the distancedifferenceé is quantized,the angular
resolution of the microphonepair detector significantly
differsfor differentangularareas Anglesnearthedirection

1)

of thenormalvectorcanbe measuredvith a fine resolution
and anglesin the direction of the line connectingthe
microphonepair, i.e. outsideof the 'focal region’ canonly
be measuredvith a high uncertainty

D. Angular Resolution

The resolutionof the localizationis strongly depending
on theresolutionof §. Givena samplingfrequeny f; and
the speedof sounde, the maximal time differenceof k
samplesis reachedwhen a signalis coming from the x-
axis outsideof the microphonepair. It is:
m- fs

C

¢ variesfrom —k to k samples.

Evaluatingthe anglesfor all possiblek, the half-circlein
front of the microphonepair can be divided into different
zones,a sampleresolutionis shown in figure 4.
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Fig. 4. Theangularsectorghatcanbe distinguishedoy onemicrophone
pair 10cmapart,using 48kHz samplingfrequeny

E. Triangulation

Using two microphone pairs, it is possible to use
triangulationto determinethe position of the measured
soundsource.The accurag of this position measurement
is strongly dependingon the angular accurag and the
distanceof the two pairs (baselength). As shown, the an-
gular resolutioncannotbe increasedvithout changingthe
hardware.Therefore the baselengthshouldbe maximized.
Using this systemon a mobile robot puts a limit to the
possiblebaselength.

Given two lines passingthrough the points (—n/2, 0)
and (n/2,0) respectrely andknawing their angleagainst
the x-axis, their intersectionpoint can be determined As-
sumingquantisatiorin the anglesagain,the planein front
of the two microphonescan be divided into quadrangular
sectors.The size of thesesectorsis a measurefor the
precisionof the position localization. Such a sectormap
canbe seenin figure 5.

The baselength can be considerablyincreasedusing
two robots,that canbe apartby several metersandwhose
relative position and orientationis known. By using this
information, the location of the sound source can be
determinedin a common world coordinate system.No
particulartime synchronizatioror correlationof the signals



Fig.5. Thesectorghatcanbe distinguishedhroughtriangulation,using
2 microphonepairs of the type in Fig. 4, centerpoints60cm apart

of thetwo robotsis neededasthey simply have to measure
at approximatelythe sametime and provide the angle
measured.

Assumingthatthe soundsourceis immobile,theseangle
measurementgan as well be done sequentiallyby one
robot only. The robot needsto measureat one point,
move for a precisedistanceand measurethe angleagain.
Using both anglesand the baselength, triangulationcan
be performed.

Assumingthatthe currentposeof therobotis known, the
systemhas suficient informationto createa probabilistic
occupanyg grid map [12] of the ervironmentin a world
coordinatesystemUnlike the occupang grid mapusedfor
robot navigation[§], this map doesnot containinformation
aboutthe probability of cells being occupiedby obstacles
but with the probability of cells being the location of a
soundsource.

This type of maphasbeenchoserover otherapproaches
to probabilitstic mapping ([9],[10],[11] or see [13] for
an excellent overview of the topic) as we assumethat
it is hard to extract featuresfrom the sensoryinput that
could be redetectedn the future. Moreover, the location
of soundsourceswill not provide much structureas the
location of walls in an office ervironmentwould give us.
As this sensoris not intendedfor robot self-localization
but only for soundsourcelocalization,it is assumedhat
an accurateestimationof the currentposeof the robot is
provided by othermeans Note that this information could
be provided throughothermeansof probabilisticmapping
and localization such as SLAM[11], but this mapping
would then useothersensorsuchas LADAR.

The probabilisticmapbuilding algorithmis implemented
in a straight-forvard way: For every grid cell a value is
calculatedhatrepresentés changen probability of being
a soundsourcebasedon the currentsensordataand this
valueis addedto the currentvalue storedfor the grid cell.

The calculationof this changein probability doesnot
only dependon the currentsensorvalue but also on the
propertiesof the sensori.e. on a sensormodel. Here we
assumethat the sensoronly gives good information for
soundsourceghat are neithertoo faint (i.e. far away) nor
areoutsideof the focus areawhereangularinformationis

unreliable.Information concerningtheseareasis ignored.

If a soundsourceis locatedwithin the focus area of
the sensoy its signal enegy level is comparedagainsta
thresholdT'. If thereis no signalhigherthanthe treshold,
the angular areareachingfrom the robot to a constant
maximum reliability distance D is consideredfree of
soundsourcesand every cell that hasits centerpointin
this angularareareceves a negative probabiltity change
—A. If a soundsourceis detectedin the angulararea,
every cell receves a positive probability changeA. The
probability valuesin the cells arethenupdatedandlimited
to reasonablepositive and negative maxima Py, 4x and
Pyin.

Initially, all cells are initialized with a value of O that
corresponds$o a maximumof uncertaintyfor this cell, we
neitherknow thatit is a soundsourcenor we know that it
is one.

It caneasily be seenthat the occupang grid can solve
the triangulationfrom two different robot posesprovided
that the soundsourceis within the detectionrangefrom
bothposeslf therobotis in thefirst poseA, it will increase
the probability value of all cells betweenits location and
its detectionrangein the direction of the soundsource.
All other cells within the detectionrangewill receve a
decreasein probability value. After a number of sensor
readingsare analyzed,the probability value for all cells
betweenthe robots currentposition and the soundsource
will corvergeto avalueof Pyrax andall othercellsof the
grid will eitherremainO or will corvergeto Py rn. If the
robot is now movedto a poseB andif the soundsource
is still in the detectionrangeof the robot, it will further
increasethe probability valuein all cellsin betweenof the
currentposition of the robot and the soundsourceand it
will decreasehe probability valuefor all cellsthatarenot
in the direction of the soundsource,thus the probability
valueof all cellsin the proximity of the soundsourcewill
remainat Pprax and all other cells will either corverge
to Pysrn Or remainO.

Unfortunately a sector that has received a positive
probability from poseA andis not in the detectionrange
from poseB will remainwith Py;4x probability value.
However, this valueis misleadingasit only dependon a
singlemeasuremerdandthereforeis not a true triangulated
value. These sectorswould lead to false positives, i.e.
the detectionof a soundsourcewhen thereis none.In
orderto eliminatethesefalsepositives,additionalmeasures
have to be taken. A true triangulation consistsof two
measurementthat usedifferentangulardirectionsto esta-
blish the triangulation. To distinguish true triangulations
from falsepositives,the robottaking the measuremerdnd
incrementingthe probability value in a cell additionally
computesan angularsectorID in world coordinatesThis
angularsectorID is an integer that numbersthe angular
sectorsof the semicirclefrom 0 to ASyrax Sothatevery
direction gets a distinct ID. If a robot finds a different
sectorID in the grid cell it is aboutto increment,it sets
a flag in the cell indicatingthat it containsthe resultof a
true triangulation.



This algorithm usesa numberof parametersThe para-
metersthat specify the size of the distinguishedangular
areasare determinedby the geometricpropertiesand the
samplingfrequeng of the sensar The tresholdenegy T
andthereliability distanceD parameteraredependentn
the propertiesof the transmissionsystemformed by the
sound sourcesto be detected,the transmissionmedium
and the microphones.The ParametersA, Py ax and
Pyrn determinethe numberof iterationsthat are needed
for corvergence.Additionally, the model describedhere
assigneshe sameprobabilityvalueincreasdo all grid cells
in asector This doesnotreflectthereal probabilitiesasthe
sectorbecomesvider whenthe cells arefurther away from
the sensor Consequenthan individual cell that is further
away shouldreceve a linearily lower probability increase
thana cell thatis closeto the sensor but the simulations
have shavn that for rathersmall angularsensorsa fixed
valueis a reasonablepproximation.

I11. EXPERIMENTAL RESULTS

The perfomanceof the whole systemwas evaluated
using a combination of simulations and measurements.
After the performanceof the detectorwith the presence
of (white-gaussianpackgroundnoise was simulatedand
showed the receier rather immune to this kind of di-
sturbancethe predictedangularresolution of the sensor
wasverified in a real experiment.Finally, the probabilistic
mappingalgorithmwasagainimplementedandtestedin a
simulation.

A. Sensor performance under noise

The required Signal-to-NoiseRatio (SNR) has been
determinedby overlaying the incoming two signalswith
white noiseindividually.

An input signal of 2000 samples(correspondingo ca.
0.04s at 48kHz samplingfrequeng) of white noise was
created.The signal was delayedto createa signalfor the
secondmicrophone.Finally, to both microphonesignals,
additional white gaussiamoise was addedwith different
Signal-to-Noiseratios. For eachSNR, 100 measurements
were performed,and a detectionrate of more than 95 per
centrequired.lt could be shavn, thatthe systemperformes
well undertheseconditions, as long as the addednoise
keepsthe SNRabove —8dB attherecever. The simulation
resultsare shovn in figure 6.

Hencewe concludethat unstructurecbackgroundnoise
haslittle impacton the sensorsystem.

B. Angular resolution

Using a samplingfrequeny of 48kHz (standardaudio
input on a soundcard)a microphoneapartby a distance
of m = 10ecm, and sound velocity of ¢ = 341m/s, a
theoreticalresolutionof 31 distinct stepscanbe achieved,
asshawn in figure 4. This settinghasbeenprovento work
in a real-life experiment.

Thewhole aparatusvasplacedin anoffice environment,
which meantcomputerbackgroundnoise, peopletalking,
walking around.A planein front of the microphonesvas

probability of correct detection
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Fig. 6. The simulateddetectionresultsfor different SNR levels.

sampledandthe respectie delaycalculatedfor eachpoint.
The theoretically predictedresults could be verified: all
different sectorscould be distinguishedand consistently
found in the measurements.

C. Probabilistic mapping

In order to to estimatethe performanceof the sensor
in a probabilistic grid map, a sensormodel has been
derived from the data gained so far. The sensormodel
has31 differentzonesthat canbe distinguishedeachzone
consistingof two angularsectorsin positive and negative
y directionasshaown in Figure7. To producethis figure, a
sensolin the origin with a normalorientationof 45 degrees
and a sound sourceat position x=2/y=1 was simulated.
As the sensorcannotdistinguishthe exact position of the
sensotrin the zone,the probability of the presencen the
zoneis uniformly increasedred areas)andthe probability
of it not beingin ary other zoneis uniformily decreased
(greenareas).The sensotis assumedo have a fixed range
and for sourcesthat are further away, it is assumedhat
the sourceis lost in the backgroundhoise,soit will notbe
detected From the simulationresult,it canbe seenthata
single sensomeasurement quite ambiguous.

In Figure 8, the simulation resultsfor a soundsource
from three different sensorpositions are shavn. In this
case, the sound source at position x=1/y=1 is clearly
indicatedwith a positive probability. However, there are
other parts of the map that receve positve probability.
This occursdueto thefactthattheseareasareonly covered
by a single sensomreading,so the probability is increased
by the sensormodel of that one sensorreading, but is
never decreasedy the model of anothersensorreading.
This sensormodel is formally correct, as there could
be indeed three independentsourcesthat are each only
detectableby a single sensor However, it is much more
likely thatonly a singlesourcecreateghe sensorreadings.
Therefore we addan additionalcounterto eachcell of the
probabilistic map that countshow mary sensorreadings
have contributedto thefinal valueof thecell. By comparing



Fig. 7. Oneof the zonesthat canbe distinguishedby the sensar
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Fig. 8. A simulationof threesensormreadingsof a single soundsource
with a simple sensormodel.

Fig. 9. A simulationof threesensormreadingsof a single soundsource
with a bettersensomodel using a touchcounffilter.

this value againsta thresholdand filtering the result by
this, we obtain the simulation result shavn in Figure 9.
Here the soundsourcecan clearly be distinguishedas the
single point with positive probability that remains.

IV. CONCLUSION

The problemof automaticvictim localizationin Robo-
CupRescueéhas beenpresentedA solution using micro-
phonesmountedon maobile robotsanddifferentialtime-of-
flight measurementsf soundhas beensimulatedand its
accuray shavn to be sufficient in a simple experiment.
A mapping algorithm using occupang grids has been
presentedasedn the experimentafinding andit hasbeen
shavn in simulationthatis ableto localize a soundsource
in a global map.

Thenext stepwill betheimplementatiorof the sensoron
arobot of the [IUB RobocupRescueteamandthe compa-
rision of the simulationresultswith the real performance
of the sensor This will be an improvementover current
victim localization techniquesthat are entirely basedon
humanoperators.
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