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Abstract—In this paper, we presentan approach for directing
a mobile robot under real-world conditions into a target position
by means of pointing gestures only. Becauseone objective of
our work is the development of a low-cost system, we only
used a monocular vision system. As rst step, our approach
employesa Background Substraction technique and a histogram
equalizationin a preprocessingstepto work in ervironmentswith
structur ed backgrounds and under variable lighting conditions.
Furthermor e, a Discriminant Analysis was usedto nd the best
features for the pointing pose estimator. For the estimation
process,different types of Neural function approximators were
implemented and compared with each other. The approach
presentedin this paper hasbeenalsoimplemented on our mobile
interaction robot HOROS to determine the performance of under
real-world conditions. The best algorithm is able to estimate
the target position in real-time on the robot. Furthermor e, we
compared the accuracy of our approachwith humansperforming
the sameestimation task, and achieved very comparable results.

Index Terms—Human-Robot Interaction,
Recognition

Vision, Gesture

I. INTRODUCTION AND STATE-OF-THE-ART

In recentyears,a lot of researchwork has beendoneto
develop intelligent mobile robot systemswhich can interact
evenwith non-instructedusers,makingthe robotssuitablefor
applicationsin everyday life. Todays robot systemsmainly
provide a keyboard, a touchscreenor other input devices
for getting input from the user More and more projects
try to integrate a speechrecognition onto the robot, but a
robust speechrecognitionis still a hard problem.But besides
this verbalcommunicatioralsothe non-verbalcommunication
playsaveryimportantrole in a dialogbetweerhumansTo the
bestknowvledgeof theauthorspnly afew projectshave already
successfullyintegrated non-verbal communicationaspectsin
an interactve dialog on their mobile robots. In the work
presentedin this paper we shav how a basic non-verbal
communication(more precisely:the problem, of instructing
a mobile robot by the useof pointing gestures/posesian be
realizedon a mobile robot system.

In the eld of mobile servicerobotics, the possibility to
direct the robot to a certain position is an important part of
the interaction.Gesturesor poses(sometimesn combination
with spolencommandsgrea very intuitive way to instructthe
robotwithout the useof certaininput devices(e.g.a joystick).
Up to now, alot of work hasbeendonefocusingon integrating
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gesturerecognition into Man-Machine-Interdices. However,
most of this work concentrateson distinguishing different
gesturesgcreatinga commandalphabetfor robot control.

Rogaalla et al. [1], for example, presenteda systemthat
classi eshandposturedor robotcontrol. They usemonocular
high-resolutioncolor imagesand extract a hand contour by
meansof skin color sggmentation.This contouris sampled
with a x ed number of sampling points, normalized and
Fouriertransformed. The Fourier descriptorsrepresentthe
featurevector that is classi ed using a model databaseand
a distancemeasurement.

Paquin and Chohen[2] also use a skin color segmentation
to track the hands and the head of a user They use a
Neural Network basedapproachto classify the trajectories
recordedduring the progressof the gestureand are able to

recognisenine differentrobot instructiongesturedik e "stop”

or "forward”.

Trieschandv.d. Malshurg [3] detectandclassifyhandpostures
in monocularimagesby using CompoundBunch Graphs.No

explicit segmentationis needed since their systemcan cope
with highly complex backgroundsThe featuresusedare the

responsesf Gaborwaveletsandcolorinformationatthegraph
nodes.Hand posesare classi ed using a distancemeasureo

a model graph,taking into accountdeformationand scaling.

A major problemof all theseapproachess, thatthe speci c
commandsof the commandalphabethave to be known by
the user Another problemis, that the directing of the robot
basedon simplediscretecommandss only possiblein certain
steps(for example "drive forward”, "drive to the left” and
again "drive forward” to direct a robot to a position 30 in
front of the startingposition),sincetypically only oneof these
commandscan be executedat a time.

A much more intuitive and smootherway to direct the
robotis throughpointing directly at the target positionon the
ground.In [4, 5] for the rst time we presentedan approach,
which allows to direct a mobile robot to a certain position
by meansof such pointing poses.The systempresentedvas
capableof estimatingthe tarmget point of the pointing gesture
on the oor with a low error, but could only operatein
ernvironmentswith unstructureackgroundandideal lighting
conditions.Besides,a computationtime of 3-4 secondswas
requiredfor the estimationof a singletarget. Theseconstraints
con ict with the requirementdor the usageof this approach
in robotic real-world applications.Therefore,n this paperwe
presentseveral conceptualand methodicalimprovementson



this approachmakingit possibleto estimatethe target point
of a pointing posealsoin highly structuredervironmentswith
variablelighting conditionsin real-time.

This paperis organizedasfollows: After this introduction,
Section Il introduces our mobile robot platform HOROS,
which was usedagain for extendedinvestigations.After that,
Sectionlll explains,how the pointing posescanbe estimated
and how our entire systemis designed.In SectionIV the
experimentsand resultswill be presentedThe papersends
with conclusionsn SectionV.

Il. THE MOBILE ROBOT HOROS

The approachdescribedin this paperwas developedand
testedon our mobile robot Horos (HOme RObot System).
Horos' hardware platform is an extendedPioneerll based
robot from ActivMedia. It integratesan on-boardPC (Pen-
tium M, 1.6 GHz) andis equippedwith a SICK laserrange-
nder andaring of sonarsensorgseeFig. 1). For the purpose
of HRI, the robot was equippedwith different interaction
orientedmodalities.This includesa tabletPC for touch-based
interaction,speeclrecognitionandspeectgenerationHOROS
was further extendedby a simplerobot facewhich integrates
an omnidirectional sheye camerasituatedin the center of
the head,a camerawith atelephotolens mountedon a tilting
soclet on the forehead anda wide-anglecameran oneof the
eyes.Becauseoneobjective of our projectis the development
of a low-cost prototype of a mobile and interactive robot
assistantwe are especiallyinterestedin vision technologies
with a good price-performanceatio. Therefore the two low-
costfrontal camerasvereutilized insteadof a high-endstereo-
vision system.This forcesus to develop powerful and robust
recognitionalgorithmsallowing to compensatehe de cits of
the hardware. In this contet, we were interestedif it would
be possibleto robustly estimatea target position at the oor
from a pointing pose using only inexpensve hardware and
monocularimages.
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Fig. 1. Mobile servicerobot HOROS, usedfor experimentalinvestigation of
the pointing poseestimation.The imagesfor the estimationof the pointing
target were taken with the firewire camera(locatedin the left eye).

HoRos is controlled by a highly e xbile and extensible
control architecturedescribedn [6]. The approachdescribed

in this paperwas implementedin this control architecture
framavork, which allows to use other existing modulesfor

our applicatione.g.the speectrecognitionsystemcanbe used
as a trigger signal ("HoRO0s, go there!”) for the start of the

estimationfor the target point.

I1l. ESTIMATION OF POINTING POSES

In the following subsectionghe estimationof the pointing
posebasedon monocularimagesis explainedin detail.

A. Architectuse for a pointing poseestimationsystem

To develop a systemfor an interactive mobile robot, which
enableghe robotto move to a referredpoint on the grounda
compl architecture(seeFig. 2) is necessary

First a Pointing Pose EstimationModule is neededwhich
can estimatethe referrendpoint on the ground basedon a
sequenceof monocularimages.For this estimationprocess
a face detectionsystem|[7] is usedto nd the position of
the head (Xhead ; Yhead) Of the userin the image. Moreover,
a multimodal persontracker [4, 5] is utilized to determine
the direction sy andthe distanced,ser Of the userto the
robot. Thesedataareprocessedo selectthe regionsof interest
(ROI) in theinputimagefor the subsequerfieatureextraction.
The featureextractionestimateghe radiusr y,ose andtheangle

pose Of the pointing posein a usercenteredpolar coordinate
system(seeSectionlll-B). With the tracking resultfrom the
persontracker andthe estimatedadiusandangle,the referred
goal point (Xgoal ; Ygoal) ON the groundcanbe computedin a
local, robot-centeredoordinatesystem Giventhecurrentpose
of therobot (X; obot; Yrobot; robot), thelocal goalpoint canbe
translatedn the world coordinatesystemof the ervironment
model. This enablesthe robot to move to the referredtamget
point avoiding obstaclesduring the movementby meansof
the navigation module.

Pointing Pose Estimation Module

\ Image preprocessing \
ROI
Feature extraction

@ Left-right-classification
Radius estimation
Angle estimation
Speech input ’Te-c!\ . (Xgoal» Ygoar)
|_recognition | Trigger
Robot pose Navigation module

(Xraot> Yrobot> Probor)

drive to target point

Fig. 2. Architectureof the proposedvisualiinstructingsystem.The Pointing
Pose Estimation Module (right) uses face detection and people tracking
subsystemdo estimatethe pose on the ground, and a navigation module
executesthe mavementof the robot to the estimatedarget point.



To embedthis estimationprocessn aninteractive dialog, a
speechrecognition module can be usedas a trigger signal.
A rst speechcommand(e.g. "HOROS”) is usedto start
the estimationprocess,while a secondcommand(e.g. "Go
there!”) is utilized to nish processand startthe autonomous
movementof the robot. Additionally, an interrupt command
(e.g. "Stop!”) enablesthe user to interrupt and stop the
movementof the robot.

B. Training-Dataand Ground-Tuth

To develop the PointingPoseEstimationModule, a labeled
setof imagesof subjectspointingto target pointson the oor
wasrequiredto train the system We encodedhe target points
on the oor as(r;' ) coordinatesn a subject-centeregolar
coordinatesystem(seeFig. 3) and placedthe robot with the
cameran front of the subjectsMoreover, we limited the valid
areafor tamgetsto the half spacein front of the robot with a
valuerangefor r from 1 to 3m anda valuerangefor ' from

120 to+120 . TheO directionis de ned asthe userrobot-
axis, negative anglesare on the users left side. With respect
to a prede ned maximum user distanceof 2m, this spansa
valid pointing areaof approximately6 by 3m on the oor in
front of the robotin which the indicatedtarget pointsmay lie.
Figure 3 shaws the con guration we chosefor recordingthe
training data. The subjectsstood at distancesof 1, 1.5 and
2m from the robot. Three concentric circles with radii of
1, 2 and 3m are dravn around the subject, being marked
every 15 . Positionsoutsidethe speci ed pointing areaare
not considered.The subjectswere asled to point to the
markers on the circlesin a de ned order and an image was
recordedeach time. Pointing was performedas a de ned
pose,with outstretchedarm and the user xating the tamget
point (seeFig. 3, right). All capturedmagesare labeledwith
distance radiusand angle,thusrepresentinghe groundtruth
used for training and for the comparing experimentswith
human viewers (see Section V). This way, we collecteda
total of 2,340imagesof 26 differentinteractionpartners(90
different posesfor eachsubject). This databasevas divided
into a training subsetand a validation subsetcontainingtwo
completepointing series(i.e. two samplesetseachcontaining
all possiblecoordinateqr;" ) presentn thetraining set). The
latter was composedrom 7 different personsandincludesa
total of 630 images.This leaves a training setof 19 persons
including 1,710samples.

C. Image Preprocessingand Feature Extraction

Sincetheinteractionpartnersstandingn front of thecamera
canhave differentbody heightanddistance an algorithmhad
to be developedthat can calculatea normalizedregion of
interest, resulting in similar subimagesfor subsequenpro-
cessingWe usean approactsuggestedn [4, 5] to determine
the region of interest(ROI) by usinga combinationof face-
detection(basedon the Viola & JonesDetectorcascadg7])
and some empirical factors. With the help of a multimodal
tracker [4, 5] implementedon our robot, the directionandthe
distanceof therobotto theinteractingpersoncanbe estimated.
The croppedROI is scaledto 160*100 pixels for the body

Fig. 3. Theleft imageshawvs the configurationusedfor recordingthe ground

truth trainingandtestdata:The subjectsstoodin front of therobotandpointed

at one of the marked targetson the ground. The distanceof the robot to the

subjectvaried betweenlm and 2m. The imageson the right shav typical

examplesof imagesof subjectstaken by the frontal cameraof the robot

in several demandingreal-world environmentswith backgroundclutter and

differentlighting conditions(in contrastto earlierapproachesf us presented
in [4, 5]).

and the arm and 160*120 pixels for the head of the user

Additionally, a histogramequalizationis appliedto improve

the featuredetectionunder different lighting conditions.The
preprocessingperationsusedto captureand normalize the
imageareillustratedin Fig. 4. To reducethe effectsof different
backgroundsin the improved versionof our systemwe used
a simple Background Subtraction algorithm. For that, the
differenceimagebetweenthe start command(”Horos") and
the secondcommand("Go there!”) is computedand post-
processedvith a closingalgorithmanda searchfor connected
regions [8] (seeFig. 5). The in uence of the Background
Substractionon the pose estimation result was tested in

comparsiorwith our approachn [4, 5] whereno Background
Subtractionwas used (see Section IV). On the normalised
image regions, featureswere extracted to approximatethe

pointing poseof theuser In ourwork, Gabor lters of different
orientationsand frequencies,bundled in Gaborjetsthat are
located on several x ed points in the selectedROIs, are
used.The several stepsof preprocessingndfeatureextraction
appliedin our comparisorare shovn in Fig. 4.

Fig. 4. Stepsof preprocessingndfeatureextraction:theraw distortedimage
of thelowcostcameran therobot's eye (a) is transformednto anundistorted
image, and the face of the useris detectedby meansof [7] (b). Basedon
the heightof the facein the picture andthe distanceof the usergiven by the
persontracker, two sectionsof the imageare capturedand transformedinto
grayscaleimages(c). On theseimagesa histogramequalizationis applied
(d). Subsequentlydistributed featuresare extractedby Gaborfiltersplacedat
pre-definedpoints of the image (marked asred dotsin (e)). A Background
Subtraction(seeFig. 5) was optionally usedbetweensteps(d) and (e).

D. Discriminant Analysis

TheDiscriminatAnalysis[9, 1(] is a well-known technique
to gure out the mostrelevant featuresin a featurespacefor



(a) (b) (c) (d)

Fig. 5. The BackgroundSubtractionusedin our approach(a): by the use
of a commandword (for example the nameof our robot HOROS) the user
triggersthe captureof a new backgroundmage.Whenthe useris pointing
at the tamget, the currentimage (b) is subtractedrom the backgroundmage
resultingin a differenceimage(c). With the help of a closingalgorithmand
the searchfor connectedegions[8] the imageis post-processetkesultingin
animagewith the sgmenteduser(d).

theseparatiorof two or moreclassesln our approachye used
the Discrimiant Analysisfor two purposesFirst, to achieve a

higher robustnessagainst clutteredbackgroundsand, second
to reducethe computationtime to estimatethe target position
basedon the describingfeatures.

To determinethe importanceand the contritution of a single
featurek on the estimationof a tamget position, the following

simple feature selectionwas applied: First, the Gabor Iter

answersfor the selectedfeaturewas computedat all samples
of thetrainingdatasetmentionedn Sectionlll-B. Everyvalue
was assignedo a certainclassr which was de ned through
the target point the subjectreferedto in the currentsample.
Then, for featurek the discriminantvalue (& betweenthe

classeg ands wascomputedasfollows:

T G
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q‘k’ is the Gabor Iter answeifor the samplei belongingto the
classr. ) is the mean lter answerof all samplesfor the

featurek in classr. i) is themean Iter answerof all samples
assignedo a certainclassr or s. The discriminantvalue {0
getsa high valueif the samplef eachclasshave alittle intra-
classvariance(the term bellow the fraction stroke) andif the
differentclassegdo not overlap (the inter-classvariancegiven
above thefraction stroke). Theresultsof equation(1) - applied
for all combinationsof two classes and s - were summed
up resultingin a single discriminantvalue for the featurek.
Figure 6 shaws the discriminantvaluesfor selectedfeatures.
Gabor lters with high dicriminant valuesdirectly correspond
to the possiblealignmentsof the pointing arm, while features
with low values correspondto Gabor Iter positions and/or
orientationswhich arenot associateavith the appearancef a
pointing arm but with objectsor structuresn the background
of the picture (clutter). By extracting only those features
shaving high dicriminant valuesand ignoring featureswith
low dicriminantvalues,we achiezed higherrobustnessagainst
cluttered backgroundand a considerablefaster computation
sincelessGabor lter featureshadto be determined.
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E. Approximationof the Target Point

In [4, 5] a cascadeof several Multi-Layer Perceptrons
(MLP) wasusedto estimatethe target point from the extracted

Fig. 6. Determinationof importantfeatureswith the help of a Discriminant
Analysis:thebarchartshavs thediscrimiantvaluesof the Gaborfilterfeatures
(A to D, shawn top left) for eachof the fixed filterpointsin onevertical line
in the image. Top right, the filter with the highestdiscriminantvalue at the
certainpositionis displayed.Obviously, filters with high dicriminant values
directly correspondto the possibleorientationsof the pointing arm of the
subjects.

features.However other techniquesare also often used for

the estimationof certainhumanposeshowever, till nonv not

on mobile robotsbut underprede nedobsenation conditions
in stationaryscenariosNolker et al. [11] useda Local Linear
Map (LLM) anda Parametrizedself-OganizingMap (PSOM)
to estimatethe target of a pointing poseon a screenthe user
is pointing to. In [12] Gabor ltersanda LLM are utilized to

estimatethe head pose,while Stiefelhagen[13] presenteca

stationarysystemthat works on edge- Iteredimagesanduses
a MLP for headposeestimation.To give an overview of the

suitability of different approachedor the task of estimating
a pointing pose on a monocularimage we implemented
and comparedsereral relevant approacheswhich all were
trainedandtestedwith the samesetsof training andtestdata
(see Sec. llI-B). Therefore,for evaluation of the different
approachesall obtained results can be directly compared
with each other In the following paragraphsthe different
approachesisedfor comparisorare presentedoughly:

k-Nearest-Neighbour Classi®cation: The k-Nearest-
Neighbourmethod(k-NN) is basedon the comparisorof fea-
turesof a new input with featuresof a setof known examples
from thetrainingdata.A distancemeasurés usedto nd thek
nearesneighbourgo theinputin the featurespace.The label
that appearsnostoften at the k neighbourss mappedon the
new input. This methodonly allows classi cation andnot an
approximationbetweenthe labelsof two or moreneighbours.
Therefore,we slightly modi ed the methodin our approach.
Now the label for the input f « (x) is determinedasfollows:
|
X -
fie(x) = l; pl‘id
i j 12(%

)

This way the labelsl; of the k nearesineighbourscontrikute
to the output and are weightedwith their Euclidian distance



d; to theinput x.

Neural Gas: A Neural Gas network (NG, [14])
approximateghe distribution of the input datain the feature
spaceby a set of adaptingreferencevectors(neurons).The
referencevectorsw; of the neuronsareadaptedndependently
of ary topological arrangementof the neuronswithin the
neural net. Instead, the adaptation steps are affected by
the topological arrangementof the receptve elds within
the input space,which is implicitly given by the set of
distortionsDy = fkx wjk;i =1; ;Ng associatedvith
an input signal x. Eachtime an input signal x is presented,
the ordering of the elementsof the set Dy determinesthe
adjustmenbf the synapticweightsw;. In our approachgeach
neuronalsohasa labell; which is adaptedo the label of the
input signal.

Self-Organizing Map: An approachvery similar to the
NG is the well knowvn Self-Omganizing Map (SOM, [15]).
The SOM differs from the NG in the fact that the neuronsof
the SOM are connectedn a x ed topological structure.The
neighboursof the best-matchingneuron are determinedby
their relation in this structureand not by their order in the
setD,. We modi ed the SOM so that every neuronalso has
a learnedlabel (similar to LVQ).

Local Linear Map: TheLocal LinearMap (LLM, [16]) is
anextensionof the Self-OganizingMap. TheLLM overcomes
the discretenatureof the SOM by providing a way to approx-
imatevaluesfor positionsbetweerthenodesA LLM consists
of n nodesrepresenting pair of referencevectors(w!" ; we't)
in the in- and output-spacend an associatedinear mapping
Ai which is only locally valid. The answery,,, of the best-
matchingneuronof the LLM to an input x is calculatedas

follows:
out

ybm = Wbm (3)

The weightsand the mappingmatrix are also learnedduring
the training process.

+ Apm X Wi

Multi-Lay er Perceptron: For our experimentalcompari-
son,we also useda cascadeof several MLPs as decribedin
[4, 5]. The(r;" ) coordinatef the target point are estimated
by separateMLPs. The radiusr is estimatedby a single
MLP while ' is determinedby a cascadeof MLPs which
rst estimatea coarseangle' © and secondthe nal angle'
dependingonr and' °.

IV. EXPERIMENTS AND RESULTS

We divided the experimentsinto two groups. At rst,
we testedthe different function approximatorswith the test
data, which were recordedwith the subjectsdescribedin
Sectionlll-B. Thesetestswereusedto indicatewhich function
approximatoris the best for the problem of estimatingthe
targetpoint of a pointingpose.Secondwe testedthe capability
of the estimationsystemon the robot with the bestfunction
approximator This way, we can measure,hov much the
estimation error of the pose estimatoron the test data is

increaseddy real-world in uences, like the odometryerror of
the robot or the detectionerror of the face detector

To have a simplereferenceor the quality of the estimation,
10 human subjectswere asled to estimatethe tamget point
of a pointing poseon the oor. At rst, the subjectshad to
estimatethe target on a computerscreenwhere the images
of the training data set were displayed.The subjectshad to
click on the screenat the point where they estimatedthe
target. Thus, the subjectswere estimatingthe tarmget on the
imageshaving the sameconditionsas the different function
approximators.Second,we determinedthe estimationresult
the subjectsachiered under real-world circumstancesHere,
eachsubjecthad to point at a target on the ground,and a
secondsubjecthad to estimatethe target. At rst the recog-
nizing personusedboth of their eyesto estimatethe tamget,
later we blindfolded one of the eyesandthe personestimated
thetamgetagain undermonocularconditions.Theresultsof the
humanbasedreferenceexperimentsare illustratedin Fig. 7.
The label Human (srceen)refersto the experimentson the
computerscreenand the labelsHuman (2 eyes)and Human
(1 eye) refer to the resultsunderreal-world conditions.

Fig. 7. Theresultsfor the estimationof the target point of the pointing pose.
Thetamgetpointis determinedy theradiusr andtheangle' . Fig. (a) and(b)
shaw the separateesultsfor the estimationof r and' . For eachmethodthe
percentagef the tametsestimatectorrectlyandthe meanerroris determined.
Fig. (c) shaws the resultsfor the correctestimationof both valuesr and * .
The resultsof the humanviewers (on computerscreen,andin reality (with
both eyes®°Human(2 eyes)®andwith oneeye blindfolded®Human(1 eye)°))
are given for comparisonMethodsthat achieve a result comparableto that
of the humanviewers are marked with a shadedbackgroundwith different
colors.

The results of the several approachedor estimatingthe
targetpositionareshavn in Fig. 7. As describedn Sect.lll-B



the groundtruth datais atuple (r;' ) with the targetradiusr

andthe targetangle' . The separateesultsfor the estimation
of r and' are shovn in Fig. 7(a) and Fig. 7(b). For the
correctestimationof the target point, r aswell as' hadto
be estimatedcorrectly We de ned the estimationresultto be
correctif r differed less than 50cm from the ground truth
radius and ' differed lessthan 10 from the ground truth
angle. Figure 7(c) shavs the resultsfor a correctestimation
of both values.

Every of the ve selectedapproachesvas trained on the
sametraining data set and testedon the sametest data set.
For each system,we used four different feature extraction
stratgies: rst only Gabor Iterswereutilized, secondve com-
bined Gabor Iters with an additionalBackgroundSubtraction
to reducethe effects of the different cluttered backgrounds
in the images.Third, we used only those Gabor lters that
had a high discriminant value extracted by meansof the
DiscriminantAnalysisexecutedover all prede nedGabor lter
positions(seeSectionlll-D). Fourth,we combinedGabor lter,
BackgroundSubtractiorandutilized only the relevantfeatures
extractedby the DiscriminantAnalysis.

The resultsdemonstratethat a cascadeof several MLPs as
proposedn [4, 5] is bestsuitedto estimatethe target position
of ausers pointing poseon monocularimages A Background
Subtractionand the information delivered by a Discriminant
Analysis can be usedto improve the resultsfor all different
classi er systemsThe usageof this two algorithms,combined
with the histogramequalizationin the preprocessingtep,nov
alsoallows to handlebackgrounctlutter anddifferentlighting
conditions,whichwasnot ablein our previouswork. The best
systemis capableof estimatingr as good as humanswith
their binocularvision systemin a real-world ervironmentand
even betterthan humansestimatingthe target on 2D screens.
The estimationof ' doesnot reachequally goodvalues.The
systemis ableto reacha resultequallyto that of humanson
2D screensor humanswith one eye blindfolded, but it is not
ableto estimatethe angleas good as humansin a real-world
setting using both eyes. This can be explained, becausethe
estimationof the depth of a targetin a monocularimageis
dif cult for both, humanand function approximators.

The implementedPointing PoseEstimationModule is able
to run in real-time.The total computationtime (on an Athlon
XP 2800 CPU) with BackgroundSubstractionand Discrim-
inant Analysis was 38ms for the NG, 42ms for the SOM,
35msof the LLM and31msof the MLP cascadeThe k-NN
classi er requiresl29msandis thereforenot suitablefor real-
time processing.

After selecting the MLP cascade (with Background
Subtractionand Discriminant Analysis) as the best function
approximator(basedon our experimentsdescribedabove),
we testedthe whole systemunderreal-world conditionswith
our mobile robot HorRos. Undersuchconditions,small errors
of the face-trackingsystem,the speechrecognitionmodule,
the persontracker, the navigator and the odometrie of the
robot are integrated and reinforce the error of the Pointing
Pose Estimation Module. Under real-world conditions the
robotreachedhe selectedargetin 45.1% of the tests,which
is an additionalerror of 5.5% comparedto the test dataset.

The correctradius of the target was estimatedin 86.3% and
the correct angle of the tamet in 47.1% of the tests. The
results of thesereal-world experimentscon rm the results
of our experimentson the test data (see Figure 7) with an
additional error of 4-6% due to the errorsin the input data
for the Pointing PoseEstimationModule.

V. CONCLUSION

In this paper we presentedan extension to our earlier
approachintroducedin [4, 5]. The major problemsof the
old approach- bad resultsin environment with structured
backgroundand a computationtime which exceedsreal-time
requirements,could be solved. Extensive experimentswith
different function approximatorshave shawn, that the MLP-
basedapproximatorleadsto the best estimationresult. The
realized approachis able to estimatea pointing position on
the groundgiven only by monocularimageswith anaccurag
equalto humans.Moreover, it works now in real-time. This
enableghe userto controla mobile robot systeminto a tamget
position only by meansof pointing gesturesWe also have
shawn, thatour approacheasilycanbeintegratedin a comple
robot control architecture.
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