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Abstract

In mary applicationareasmobile robotsneedthe ability

to interactwith people.In orderto be ableto communi-
catewith evenuntraineduserstheinteractionshouldbe
asnaturalaspossible.Oneof the preconditionsof a nat-
ural interactionis that the robot focusesthe personit is

interactingwith. In this papemwe presentitechniquehat
combinegdataacquiredwith alaserrange nder andthe
outputof a standardacedetectionsystemto determine
the positionsof personsn the vicinity of therobot. We

presentexperimentalresultsobtainedwith a real robot
which illustrate that our approachcan ef ciently detect
facesof personsandthatthe overall processingime is

reducedcomparedo a purelyvision-baseapproach.

1 Intr oduction

Intelligent service robots are developedto assistpeo-
ple in their daily living actiities. Over the last few
yearsan increasingnumberof applicationshasbeenre-
portedin avariety of differentareassuchashospitalser
vice robots[13], museumd4], of ce buildings[20], or
shopd7]. If wewanttheinteractionbetweersuchrobots
andthe peoplein their surroundingto be successfulthe
robotsmust behae as naturalas possible. Oneimpor-
tanttask during a naturalinteractionvia spolen dialog,
for example,is thetrackingof the faceof the personthe
robotis interactingwith.

In this paperwe proposea methodallowing a mobile
robotto continuouslyfocusthe nearestpersonwithin a
groupof surroundingpeoplewith avideocameraembed-
dedin therobot's human-lite face.Our systemcombines
both, vision andlaserdatato detectpersons.It usesthe
rangeinformationobtainedwith thelasersensoto iden-
tify possiblecandidatesn the images. We thenapply a
standardface detectionsystemto identify facesof per
sons.Finally, we usetherangeinformationto determine

theclosesperson.Thisapproacthasseveraladvantages:

In purelyvision-base@pproachethepersoralways
hasto be visible in the currentimage. Laserrange
scannershowever, have amuchwider eld of view

so that the robot can adjustthe pan of the camera
wheneerapersorentergheperceptuatangeof the
robot.

The range scannersadditionally provide accurate
bearinginformation so that sub-imagescontaining
thefacescanef ciently computed.

The sggmentsof theimagespossiblycontainingthe
facesof the persondn the vicinity of the robotcan
beprocessednoreefciently thantheentireimage.

The proximity information obtainedwith the laser
rangescanneicanalsobe usedto quickly andreli-

ably extract the distanceof the person. This way;,

a mobile robot can, for example,keeptrack of he
closestpersonin its vicinity.

Accordingly our approachcombinesthe advantagesof
both, vision andlaserdata. The proximity datais used
to extract sub-imageghat potentially containfaces. We
thenuseafacedetectiorsystento verify whetheror nota
sgmentcontainsafaceof aperson.Experimentatesults
illustratethat by combiningbothtechniquesve obtaina
seriousspeed-upn the processindime.

Theremainderof this paperis organizedasfollows. Af-

ter discussiorrelatedwork in the following section,we
will describeourdetectiorapproachn Section3. In Sec-
tion 4 wethenwill presensomeresultsobtainedwith our
mobilerobotsAlbert andRato.

2 RelatedWork

The problemof detectingandtrackingobjectsor persons
hasbeenstudiedintensvely in the areaof computervi-
sion[1,'6,10,9,/17,18,124]. Additionally, thereis avari-
ety of vision-basedechniquedor trackingpersonswith
mobile robots[2, 11, 12,15,(23]. Existing approaches
usecolortracking,a mixture of featurespr stereovision
to identify singlepersonsandeventuallytheir gesturesor
actions.All theseapproachedhowever, aresolelybased
on image dataand do not exploit distanceinformation
thatcaneasilybe obtainedwith a mobilerobotequipped
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Figure 1: Flow Chart of thefacedetectiornprocess.

with rangesensorsuchaslaserrange nders. Addition-
ally, laserrangesensorshave beenusedto locateandto
track persongn rangescang8, 14, 16, 19]. Thesesys-
temsapply differentalgorithmsto extractfeaturesandto
representhe uncertaintyof the robot aboutthe position
of the personin its vicinity.

Both approacheghe purely vision-basedndthe purely
range-datebased,have their advantagesand disadwan-
tages.2D laserprocessings signi cantly fasterthanim-
ageprocessing.lt furthermoreprovideshighly accurate
distanceinformation which usually hasto be extracted
from theimagesin atime-consumingrocess.Thelaser
sensorcoversa largerportion of the robot's vicinity than
standarccameras.On the otherhand,the laserprovides
poorfeatures.As reportedin [19)], in atwo-dimensional
laserrangescanthepro le of ahumancaneasilybegen-
eratedby atrashbin or by a column. Vision sensorsare
cheapandgenerate hugeamountof information. How-
ever, detectingpersonsn imagesis notaneasyende&or
and extracting distancefrom imagesusually is a time-
consumingprocess.

In this papermwe thereforeproposea combinationof both
sensomodalitiesto robustly detectpersonsn thevicin-
ity of therobot. Our approachusesalaserrangescanner
to identify potentialcandidateslt thenextractsportions
outof thecamerdmagethatcorrespondo thecandidates
in therangescan. To detecta personwe thenusea face
detectionlibrary [17]. If afacehasbeendetectedn the
cameraimage,we determinethe distanceof the person
basedntherangeinformationprovidedby thelaser The
resultinginformationis thenusedto adjustthe panand
thetilt of thecameran orderto focusthe personwith the
robot's camera.
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Figure 2: Two consecutivéaserscans(a andb), result-
ing badkground histagram (c), and laser candidatehis-
togram(d) for scanb.

3 Persondetectionwith a Mobile Robot

This sectiondescribeghe methodusedto detectandto
track the facesof moving peoplein the ervironmentby
meanf acombinatiorof alaserrangeandavideocam-
era. A o w-chartof the whole processs illustratedin
Figurel. To accuratelyidentify moving objects,the de-
tection processis startedas soonas robot hasstopped.
Our systemoperatesn two stages:It rst appliesa |-
ter to the laserdatato detectfeaturesof moving objects.
Next it appliesthe systemdescribedn [17] to nd faces
in image segmentscorrespondingo the featuresin the
rangescans.

3.1 Laser-BasedPeopleDetection

The rst stepin our approactevaluatesthe currentscan
obtainedwith the laserrangescanner Therebythe goal
is to determinea list of potentialcandidateghat subse-
guentlyare evaluatedusingthe vision module. The key
ideaof our laserdatainterpretationcomponenis to use
a backgroundhistogramthatis continuouslyupdatedn
order to distinguishmoving from non-mawing objects.
The learningof the backgroundhistogramstartswhen-
evertherobotstops.Thebackgroundistogranstoredor
every beamanglethe maximumdistancemeasurednto
this direction. Moving objectsarethendetectecby com-
paringthe mostrecentscanandthe currentbackground
histogram.

Figure 2 depictsa typical sequenceof laserscansob-
tainedwith alaserscannemountedn aheightof 40cm.
At this height,thelegsof personaisuallyappeaiaslocal
minimain rangescans. A typical initial histogramob-
tainedin a situationin which a persorwalksthroughthe
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Figure 3: Flow-chart describingthe procesof determin-
ing personcandidatesn laserrange scans.

eld of view of therobotis depictedin Figure2(a). The

secondplot illustratedin Figure 2(b) shavs anotherhis-

togramobtainedfor oneof the next scans.Theresulting
backgroundhistogramis depictedin Figure2(c). Given

this backgrounchistogramthelegs of the personin Fig-

ure 2(b) candirectly be extracted. Theresultingfeatures
aredepictedn Figure2(d).

Beforewe transferary segmentsof theimageto theface
detectionmodule,we applythe ltering procedurdllus-
tratedin Figure 3 in orderto eliminatefeaturesthat do
not correspondo people. The mostimportantstepsof
this processarethe following. Wheneer therobotstops
we startcomputingthebackgroundistogramwhich con-
tainsfor every beamthe maximumdistancemeasuredn
the correspondingdirection. Moving objectscan then
easilybeidenti ed sincethey producebeamsshorterthan
the maximumdistance. By comparingthe background
histogramandthe currentscan,we extract thosebeams
which are more than 30cm shorterthan the maximum
rangemeasuremerinto this direction. We thenremove
all featuresthat are too small to be causedby the legs
of persons.Afterwardswe clusternarrov features.This
way, featuresbelongingto a single personare grouped.
For example,the individual legs of a personsometimes
appearas two features. The clusteringprocessensures
thatthe coordinateof the sgmentarecomputedappro-
priately Pleasanotethattheclusteringmayleadto awide
segmentpossiblycontainingseveralpersonsin thiscase,
we rely on the facedetectionsystemto locatethe beams
correspondindo theindividual persons.Finally we sort
the list of candidatesaccordingto their distanceto the
robot. The closestcandidatewill be at the beginning of
thelist.
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Figure 4: ThemobilerobotAlbert usedto carry outthe
experiments.

3.2 Integrating Laser Data with the Face Detection
module

Oncethelist of lasercandidatefhiasbeencomputedwe
proceedwith the closestone. Our stratgly seeksto min-
imize the size of imagesthe facedetectionmethodhas
to be appliedto. Therefore we only examinethe region
of theimagethat potentiallycontainsthe closestperson.
If no candidatecanbe identi ed in the rangescan,we
do not transferthe correspondingmageto the facede-
tectionmodule. The extractionof regionsin the camera
imagesis basedon a calibrationof the cameraandlaser
rangescannerg3, 21]. If thereis morethanonefacein
the sub-image theremusta group of peopleinside the
candidate.Thenwe compareeachof the facepositions
to the original laserdata,in orderto decidewhich face
is the closestto the robot. Next, we move the pan-tilt to
it. If the currently consideredsggmentdoesnot contain
a face,we proceedwith the next sgmentaccordingto
our currentorder In the casethat no facesare detected
the panis movedto the closestfeature. If again no face
is detectedn the next framewe alsochangethetilt to a
constantheightof 1.55m. This way we avoid tilt posi-
tions that are too high or too low. This appearedo be
importantbecaus¢hecameragsremountedat a heightof
1.4m.



Figure 5: UserlInterfaceof the FaceDetectionSystem.

4 Experimental Results

In orderto evaluatethe performancef the persondetec-
tion technique we carriedout several experimentswith
the mobile robot Albert in the of ce ervironmentof the
Autonomousintelligent Systemdaboratoryof the Uni-
versityof Freikurg. Albertis anRWI B21robotequipped
with a SICK PLS 200 laserrange nder. This sensor
measureshe distanceto obstaclesn the surroundingof
the robot. The robot faceincludesa pant-tilt unit, two
video camerasanda setof senomotorsto control robot
facegesturegseeFigured).

4.1 Implementation Details

Thetechniquedescribedbore hasbeenimplementedn-

cludingall necessargommunicationnterfacesandhard-
ware drivers. We additionally implementedinterfaces
to the image processingsoftware for the face recogni-
tion [17]. In orderto reducecomputatiortime, we have

chosena fastvariantof the facedetectionmethod. Fig-

ure 5 shaws the GUI of this application.It containsses-

eraldisplaysto visualizethe currentdata.

In orderto simultaneouslyisebothlaserrangeandvideo
cameradata, it is necessaryo establishgeometricrela-
tionshipsbetweenboth sensors. Moreover, we needto
correlatethe data obtainedfrom the camera,in pixels,
into the coordinatesystem,in centimeters.The empiri-
cal cameramodelusedwasthe pin-hole modelwith ra-
dial distortioncorrectionusing Tsai's method[22]. The
camergarameterbave beenobtainedwith Tsai'sempir
ical method.All experimentsdescribedelov wereper
formedwith two PC's. The rst oneis basecbnanAMD
Athlon, 1.7GHz and 512MB RAM, where we ran the
videocapturemodule thecommunicatiorsener, andthe
detectionprogram. The seconds a Pentiumll 300MHz
with 128Mb RAM on which the laserand the pan-tilt
moduleswererunning. Both computersvereconnected
to eachotherthrougha TCP/IP10Mbpsnetwork.

Our systemis highly ef cient. It allows to processnore
than 3 frames per secondat a resolution of 300x200,
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Figure 6: Laserscan.
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Figure 7: Featuesdetectedn thelaserscandepictedn
Figure 6.

whichturnedoutto bedetailedenoughfor areliableface
detection.

4.2 PeopleDetectionin a Clutter ed Environment

The rst experimentllustratesthe capabilitiesof our sys-
temto reliably detectpersonsn even clutterederviron-

ments.Figure6 shavs a typical laserscanobtainedin a
laboratoryervironment. The featuresextractedwith our
Itering techniquearedepictedin Figure7. Pleasenote
that the systemdetectsthreefeaturespotentially corre-
spondingto persons. The leftmostfeature,however, is

not consideredsinceit is too small. For thetwo remain-
ing featureshe systemdeterminegwo segments.Since
thefeaturein the centerof Figure7 is theonethatis clos-
estto therobot, the imageprocessings only performed
for the correspondindeature. Figure 8 shaws the out-
put of the facedetectionroutine. Also shavn thereare
the two segmentsthat have beencomputedby the Iter -

ing process.As canbe seenfrom the gure, theresult
of the overall processs quite accurate Furthermorethe
sggmentscover only 60% of thewholeimageandsimul-
taneouslycontainbothcandidates.

From the scenein Figure 8 if the personon the right
moves forward and the other personmoves backwards,
thecameravould changeocusto the personontheright



Figure 8: Image sgmentdor the featuresshownin Fig-
ure 7 andfacedetectedn theclosestsegment.

Figure 9: Personof Figure 8 havechangedtheir position.

asit is shavn in Figure9.

If asmallerpersoris standingn front of atallerone,both
faceswill be detectecandthe camerawill befocusedto
thefaceof thesmallerperson.This make sensesincethe
smallerpersonmustbe the closest,otherwiseit will be
occludedby thetaller one.

4.3 Speed-upObtained by Combining Laser and Vi-
sion

The secondexperimentis designedto demonstratehe
speed-upbtainedby combininglaserand vision infor-
mation. For this purposewe performedseveral experi-
mentsand measuredhe processingime neededo de-
terminea face. We comparedthe time neededby our
algorithmto the time requiredby the facedetectionsys-
temappliedto thewholeimages.Theresultsfor different
resolutionsaaresummarizedn the Tablesl and?2.

Table3 containgtheoverall reductionin computingtime.
As canbe seen,the exploitation of the rangedataseri-
ously decreaseshe requiredcomputationtime. Please
notethatthe processingime of alasermeasurementas
aboutl3ms. At rst glance,it seemghatonecould ex-
pecta greaterreduction. However, the following points

Table1: Full image detection:Image processingimefor

differentresolutionsof theimages

| Resolution| AverageTime[ms] | Numberof Images|

300x200 341.24 89
450x300 702.28 103
600x400 1252.59 58

Table2: Combineddetection:lmage processingime for

differentresolutionsof theimages

| Resolution| AverageTime[ms] | Numberof Images|

300x200 228.34 92
450x300 383.71 172
600x400 636.14 69

needto beconsidered

In our currentsystem,the searchfor facesis car

ried outin a90 cmwide sectionin theernvironment.
If the faceis closeto the camerathe 90 cm range
coversallargepartof theimage.Throughoutheex-

perimentsdescribechere the peoplewererelatively

closeto therobot(andthe camerajothatlarge por

tionsof theimageshadto be processed.

Additionally, The rangeof the camerais approxi-
mately60 degreeswhereaghelasersensomwe used
covers 180 dggrees. Our systemonly hasto pro-
cessathird of all imagescomparedo a situationin

which onesolelyreliesonvision. In suchacaseone
would have to rotatethe pan-tiltunitin orderto cap-
turethreepicturesat differentanglesso asto cover
thecorrespondingrea.

5 Summary and Conclusions

In this paperwe presentedn approachto combinelaser
andvisiondatafor robustandef cient facedetectiorwith
mobilerobots.Ourrobot rst extractsfeaturesof persons
from rangescansanddetermineseggmentsin theimages
that might containthe faces. It then appliesan image
processindibrary to detectthefacesin thesesegments.

Our approacthasbeenimplementedandtestedon areal
robot. The experimentswe carriedoutillustratethatour

Table3: Improvemenbn the processingime

| Resolution| Improvement|

300x200 29.27%
450x300 42.00%
600x400 48.18%




approachs ableto robustly detectpersonsvenin clut-

teredervironments. The experimentsfurthermoreshov

that the approachsigni cantly reducesthe computation
time neededcomparedto the purely vision-basedap-

proach.

Futurework will take the resultsreportedhereasa ba-
sisfor peopletrackingandidenti cation systemdik e, for
example, the one describedin [5]. The techniquepre-
sentedin this paperprovidesan ef cient solutionto the
taskof identifying facesin images. We expectthat this
will make personidenti cation morerobustandthuswill

leadto improvementsof human-robotnteraction.
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