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Abstract— In this paper, we presentan approach for dir ecting
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
equalization in a preprocessingstepto work in envir onmentswith
structur ed backgrounds and under variable lighting conditions.
Furthermor e, a Discriminant Analysis was used to �nd the best
features for the pointing pose estimator. For the estimation
process,differ ent types of Neural function approximators were
implemented and compared with each other. The approach
presentedin this paper hasbeenalso implementedon 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 accuracyof our approachwith humansperforming
the sameestimation task, and achieved very comparable results.

Index Terms— Human-Robot Interaction, Vision, Gesture
Recognition

I . INTRODUCTION AND STATE-OF-THE-ART

In recentyears,a lot of researchwork has beendone to
develop intelligent mobile robot systems,which can interact
even with 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 hardproblem.But besides
this verbalcommunicationalsothenon-verbalcommunication
playsa very importantrole in a dialogbetweenhumans.To the
bestknowledgeof theauthors,only a few projectshavealready
successfullyintegratednon-verbal communicationaspectsin
an interactive dialog on their mobile robots. In the work
presentedin this paper, we show how a basic non-verbal
communication(more precisely: the problem, of instructing
a mobile robot by the useof pointing gestures/poses)can be
realizedon a mobile robot system.

In the �eld of mobile service robotics, the possibility to
direct the robot to a certainposition is an importantpart of
the interaction.Gesturesor poses(sometimesin combination
with spokencommands)area very intuitive way to instructthe
robotwithout theuseof certaininput devices(e.g.a joystick).
Up to now, a lot of work hasbeendonefocusingon integrating
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gesturerecognition into Man-Machine-Interfaces.However,
most of this work concentrateson distinguishing different
gestures,creatinga commandalphabetfor robot control.

Rogalla et al. [1], for example, presenteda systemthat
classi�eshandposturesfor robotcontrol.They usemonocular
high-resolutioncolor imagesand extract a hand contour by
meansof skin color segmentation.This contour is sampled
with a �x ed number of sampling points, normalized and
Fourier-transformed.The Fourier descriptors representthe
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 different robot instructiongestureslike ”stop”
or ”forward”.
Trieschandv.d.Malsburg [3] detectandclassifyhandpostures
in monocularimagesby usingCompoundBunchGraphs.No
explicit segmentationis needed,since their systemcan cope
with highly complex backgrounds.The featuresusedare the
responsesof Gaborwaveletsandcolor informationat thegraph
nodes.Handposesare classi�ed using a distancemeasureto
a modelgraph,taking into accountdeformationandscaling.

A majorproblemof all theseapproachesis, that thespeci�c
commandsof the commandalphabethave to be known by
the user. Another problem is, that the directing of the robot
basedon simplediscretecommandsis 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 thestartingposition),sincetypically only oneof these
commandscanbe executedat a time.

A much more intuitive and smootherway to direct the
robot is 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 suchpointing poses.The systempresentedwas
capableof estimatingthe target point of the pointing gesture
on the �oor with a low error, but could only operate in
environmentswith unstructuredbackgroundandideal lighting
conditions.Besides,a computationtime of 3-4 secondswas
requiredfor theestimationof a singletarget.Theseconstraints
con�ict with the requirementsfor the usageof this approach
in robotic real-world applications.Therefore,in this paperwe
presentseveral conceptualand methodicalimprovementson
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this approachmaking it possibleto estimatethe target point
of a pointingposealsoin highly structuredenvironmentswith
variablelighting conditionsin real-time.

This paperis organizedas follows: After this introduction,
Section II introduces our mobile robot platform HOROS,
which wasusedagain for extendedinvestigations.After that,
SectionIII explains,how the pointing posescanbe estimated
and how our entire systemis designed.In Section IV the
experimentsand resultswill be presented.The papersends
with conclusionsin SectionV.

I I . THE MOBILE ROBOT HOROS

The approachdescribedin this paperwas developedand
testedon our mobile robot HOROS (HOme RObot System).
HOROS' hardware platform is an extendedPioneerII based
robot from ActivMedia. It integratesan on-boardPC (Pen-
tium M, 1.6 GHz) and is equippedwith a SICK laserrange-
�nder anda ring of sonarsensors(seeFig. 1). For thepurpose
of HRI, the robot was equippedwith different interaction
orientedmodalities.This includesa tabletPC for touch-based
interaction,speechrecognitionandspeechgeneration.HOROS

wasfurther extendedby a simple robot facewhich integrates
an omnidirectional�sheye camerasituatedin the center of
the head,a camerawith a telephotolensmountedon a tilting
socket on the forehead,anda wide-anglecamerain oneof the
eyes.Becauseoneobjective of our projectis the development
of a low-cost prototype of a mobile and interactive robot
assistant,we are especiallyinterestedin vision technologies
with a goodprice-performanceratio. Therefore,the two low-
costfrontal cameraswereutilized insteadof a high-endstereo-
vision system.This forcesus to develop powerful and robust
recognitionalgorithmsallowing to compensatethe de�cits of
the hardware. In this context, we were interestedif it would
be possibleto robustly estimatea target position at the �oor
from a pointing pose using only inexpensive hardware and
monocularimages.

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 architecturedescribedin [6]. The approachdescribed

in this paper was implementedin this control architecture
framework, which allows to use other existing modulesfor
our application,e.g.thespeechrecognitionsystemcanbeused
as a trigger signal (”HOROS, go there!”) for the start of the
estimationfor the target point.

I I I . ESTIMATION OF POINTING POSES

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

A. Architecture for a pointing poseestimationsystem

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

First a Pointing PoseEstimationModule is needed,which
can estimatethe referrendpoint on the ground basedon a
sequenceof monocularimages.For this estimationprocess
a face detectionsystem[7] is used to �nd the position of
the head(xhead ; yhead ) of the user in the image.Moreover,
a multimodal persontracker [4, 5] is utilized to determine
the direction � user and the distanceduser of the user to the
robot.Thesedataareprocessedto selecttheregionsof interest
(ROI) in theinput imagefor thesubsequentfeatureextraction.
Thefeatureextractionestimatestheradiusr pose andtheangle
� pose of the pointing posein a user-centeredpolar coordinate
system(seeSectionIII-B). With the tracking result from the
persontracker andtheestimatedradiusandangle,thereferred
goal point (xgoal ; ygoal ) on the groundcanbe computedin a
local,robot-centeredcoordinatesystem.Giventhecurrentpose
of therobot(x r obot ; yr obot ; � r obot ), the local goalpoint canbe
translatedin the world coordinatesystemof the environment
model. This enablesthe robot to move to the referredtarget
point avoiding obstaclesduring the movementby meansof
the navigation module.

Fig. 2. Architectureof the proposedvisual instructingsystem.The Pointing
Pose Estimation Module (right) uses face detection and people tracking
subsystemsto estimatethe pose on the ground, and a navigation module
executesthe movementof the robot to the estimatedtarget point.
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To embedthis estimationprocessin an interactive dialog,a
speechrecognitionmodule can be usedas a trigger signal.
A �rst speechcommand(e.g. ”HOROS”) is used to start
the estimationprocess,while a secondcommand(e.g. ”Go
there!”) is utilized to �nish processandstart the autonomous
movementof the robot. Additionally, an interrupt command
(e.g. ”Stop!”) enables the user to interrupt and stop the
movementof the robot.

B. Training-Dataand Ground-Truth

To develop the PointingPoseEstimationModule,a labeled
setof imagesof subjectspointing to target pointson the �oor
wasrequiredto train thesystem.We encodedthe targetpoints
on the �oor as (r; ' ) coordinatesin a subject-centeredpolar
coordinatesystem(seeFig. 3) and placedthe robot with the
camerain front of thesubjects.Moreover, we limited thevalid
areafor targetsto the half spacein front of the robot with a
valuerangefor r from 1 to 3m anda valuerangefor ' from
� 120� to +120� . The0� directionis de�ned astheuser-robot-
axis, negative anglesare on the user's 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 robot in which the indicatedtargetpointsmay lie.
Figure 3 shows 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 drawn around the subject, being marked
every 15� . Positionsoutside the speci�ed pointing areaare
not considered.The subjects were asked to point to the
markers on the circles in a de�ned order and an imagewas
recordedeach time. Pointing was performed as a de�ned
pose,with outstretchedarm and the user �xating the target
point (seeFig. 3, right). All capturedimagesarelabeledwith
distance,radiusandangle,thus representingthe groundtruth
used for training and for the comparing experimentswith
human viewers (see Section IV). This way, we collecteda
total of 2,340 imagesof 26 different interactionpartners(90
different posesfor eachsubject).This databasewas divided
into a training subsetand a validation subsetcontainingtwo
completepointing series(i.e. two samplesetseachcontaining
all possiblecoordinates(r; ' ) presentin the trainingset).The
latter was composedfrom 7 different personsand includesa
total of 630 images.This leaves a training set of 19 persons
including 1,710samples.

C. Image Preprocessingand Feature Extraction

Sincetheinteractionpartnersstandingin front of thecamera
canhave differentbody heightanddistance,an algorithmhad
to be developed that can calculatea normalizedregion of
interest, resulting in similar subimagesfor subsequentpro-
cessing.We usean approachsuggestedin [4, 5] to determine
the region of interest(ROI) by using a combinationof face-
detection(basedon the Viola & JonesDetectorcascade[7])
and someempirical factors.With the help of a multimodal
tracker [4, 5] implementedon our robot, the directionandthe
distanceof therobotto theinteractingpersoncanbeestimated.
The croppedROI is scaledto 160*100 pixels for the body

Fig. 3. Theleft imageshows theconfigurationusedfor recordingtheground
truth trainingandtestdata:Thesubjectsstoodin front of therobotandpointed
at oneof the marked targetson the ground.The distanceof the robot to the
subjectvaried between1m and 2m. The imageson the right show typical
examplesof imagesof subjectstaken by the frontal cameraof the robot
in several demandingreal-world environmentswith backgroundclutter and
differentlighting conditions(in contrastto earlierapproachesof us presented
in [4, 5]).

and the arm and 160*120 pixels for the head of the user.
Additionally, a histogramequalizationis applied to improve
the featuredetectionunderdifferent lighting conditions.The
preprocessingoperationsused to captureand normalize the
imageareillustratedin Fig. 4. To reducetheeffectsof different
backgrounds,in the improved versionof our systemwe used
a simple BackgroundSubtractionalgorithm. For that, the
differenceimagebetweenthe startcommand(”HOROS”) and
the secondcommand(”Go there!”) is computedand post-
processedwith a closingalgorithmanda searchfor connected
regions [8] (see Fig. 5). The in�uence of the Background
Substractionon the pose estimation result was tested in
comparsionwith our approachin [4, 5] whereno Background
Subtractionwas used (see Section IV). On the normalised
image regions, featureswere extracted to approximatethe
pointingposeof theuser. In our work, Gabor�ltersof different
orientationsand frequencies,bundled in Gaborjetsthat are
located on several �x ed points in the selectedROIs, are
used.Theseveralstepsof preprocessingandfeatureextraction
appliedin our comparisonareshown in Fig. 4.

Fig. 4. Stepsof preprocessingandfeatureextraction:theraw distortedimage
of the lowcostcamerain therobot's eye (a) is transformedinto anundistorted
image,and the face of the user is detectedby meansof [7] (b). Basedon
the heightof the facein the pictureandthe distanceof the usergiven by the
persontracker, two sectionsof the imageare capturedand transformedinto
grayscaleimages(c). On theseimagesa histogramequalizationis applied
(d). Subsequently, distributedfeaturesareextractedby Gaborfiltersplacedat
pre-definedpoints of the image(marked as red dots in (e)). A Background
Subtraction(seeFig. 5) wasoptionally usedbetweensteps(d) and(e).

D. DiscriminantAnalysis

TheDiscriminatAnalysis[9, 10] is a well-known technique
to �gure out the most relevant featuresin a featurespacefor
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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 backgroundimage.When the user is pointing
at the target, the currentimage(b) is subtractedfrom the backgroundimage
resultingin a differenceimage(c). With the help of a closingalgorithmand
the searchfor connectedregions [8] the imageis post-processedresultingin
an imagewith the segmenteduser(d).

theseparationof two or moreclasses.In ourapproach,weused
the DiscrimiantAnalysisfor two purposes:First, to achieve a
higher robustnessagainst clutteredbackgroundsand, second
to reducethe computationtime to estimatethe target position
basedon the describingfeatures.
To determinethe importanceand the contribution of a single
featurek on the estimationof a target position,the following
simple feature selectionwas applied: First, the Gabor�lter
answersfor the selectedfeaturewascomputedat all samples
of thetrainingdatasetmentionedin SectionIII-B. Everyvalue
was assignedto a certainclassr which was de�ned through
the target point the subjectreferedto in the currentsample.
Then, for featurek the discriminantvalue � (k )

r s betweenthe
classesr ands wascomputedas follows:
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featurek in classr . b(k )
r s is themean�lter answerof all samples

assignedto a certainclassr or s. The discriminantvalue� (k )
r s

getsahighvalueif thesamplesof eachclasshave a little intra-
classvariance(the term bellow the fraction stroke) and if the
differentclassesdo not overlap(the inter-classvariancegiven
above thefractionstroke).Theresultsof equation(1) - applied
for all combinationsof two classesr and s - were summed
up resulting in a single discriminantvalue for the featurek.
Figure 6 shows the discriminantvaluesfor selectedfeatures.
Gabor�lters with high dicriminant valuesdirectly correspond
to the possiblealignmentsof the pointing arm,while features
with low values correspondto Gabor�lter positions and/or
orientationswhich arenot associatedwith theappearanceof a
pointing arm but with objectsor structuresin the background
of the picture (clutter). By extracting only those features
showing high dicriminant valuesand ignoring featureswith
low dicriminantvalues,we achievedhigherrobustnessagainst
clutteredbackgroundand a considerablefastercomputation
sincelessGabor�lter featureshad to be determined.

E. Approximationof the Target Point

In [4, 5] a cascadeof several Multi-Layer Perceptrons
(MLP) wasusedto estimatethetargetpoint from theextracted

Fig. 6. Determinationof importantfeatureswith the help of a Discriminant
Analysis:thebarchartshows thediscrimiantvaluesof theGaborfilterfeatures
(A to D, shown top left) for eachof the fixed filterpoints in onevertical line
in the image.Top right, the filter with the highestdiscriminantvalue at the
certainposition is 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 certainhumanposes,however, till now not
on mobile robotsbut underprede�nedobservation conditions
in stationaryscenarios.Nölker et al. [11] useda Local Linear
Map (LLM) anda ParametrizedSelf-OrganizingMap (PSOM)
to estimatethe target of a pointing poseon a screenthe user
is pointing to. In [12] Gabor�lters anda LLM areutilized to
estimatethe headpose,while Stiefelhagen[13] presenteda
stationarysystemthat works on edge-�lteredimagesanduses
a MLP for headposeestimation.To give an overview of the
suitability of different approachesfor the task of estimating
a pointing pose on a monocular image we implemented
and comparedseveral relevant approaches,which all were
trainedandtestedwith the samesetsof training andtestdata
(see Sec. III-B). Therefore, for evaluation of the different
approachesall obtained results can be directly compared
with each other. In the following paragraphsthe different
approachesusedfor comparisonarepresentedroughly:

k-Nearest-Neighbour Classi®cation: The k-Nearest-
Neighbourmethod(k-NN) is basedon thecomparisonof fea-
turesof a new input with featuresof a setof known examples
from thetrainingdata.A distancemeasureis usedto �nd thek
nearestneighboursto the input in the featurespace.The label
that appearsmostoften at the k neighboursis 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 k (x) is determinedas follows:

f k (x) =
X

i

l i �

 
1=diP
j 1=dj

!

(2)

This way the labelsl i of the k nearestneighbourscontribute
to the output and are weightedwith their Euclidian distance
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di to the input x.

Neural Gas: A Neural Gas network (NG, [14])
approximatesthe distribution of the input datain the feature
spaceby a set of adaptingreferencevectors(neurons).The
referencevectorswi of theneuronsareadaptedindependently
of any topological arrangementof the neuronswithin the
neural net. Instead, the adaptation steps are affected by
the topological arrangementof the receptive �elds within
the input space,which is implicitly given by the set of
distortionsD x = f kx � wi k ; i = 1; � � � ; N g associatedwith
an input signal x. Each time an input signal x is presented,
the ordering of the elementsof the set D x determinesthe
adjustmentof the synapticweightswi . In our approach,each
neuronalsohasa label l i which is adaptedto the label of the
input signal.

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

Local Linear Map: TheLocal LinearMap (LLM, [16]) is
anextensionof theSelf-OrganizingMap.TheLLM overcomes
thediscretenatureof theSOM by providing a way to approx-
imatevaluesfor positionsbetweenthenodes.A LLM consists
of n nodesrepresentinga pair of referencevectors(win

i ; wout
i )

in the in- andoutput-spaceandan associatedlinear mapping
A i which is only locally valid. The answerybm of the best-
matchingneuronof the LLM to an input x is calculatedas
follows:

ybm = wout
bm + Abm

�
x � win

bm

�
(3)

The weightsand the mappingmatrix are also learnedduring
the training process.

Multi-Lay er Perceptron: For our experimentalcompari-
son,we also useda cascadeof several MLPs as decribedin
[4, 5]. The (r; ' ) coordinatesof the target point areestimated
by separateMLPs. The radius r is estimatedby a single
MLP while ' is determinedby a cascadeof MLPs which
�rst estimatea coarseangle' 0 and secondthe �nal angle'
dependingon r and ' 0.

IV. EXPERIMENTS AND RESULTS

We divided the experiments into two groups. At �rst,
we testedthe different function approximatorswith the test
data, which were recordedwith the subjectsdescribedin
SectionIII-B. Thesetestswereusedto indicatewhich function
approximatoris the best for the problem of estimatingthe
targetpointof apointingpose.Second,wetestedthecapability
of the estimationsystemon the robot with the best function
approximator. This way, we can measure,how much the
estimation error of the pose estimator on the test data is

increasedby real-world in�uences, like the odometryerror of
the robot or the detectionerror of the facedetector.

To have a simplereferencefor thequality of theestimation,
10 human subjectswere asked to estimatethe target 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 target on the
imageshaving the sameconditionsas the different function
approximators.Second,we determinedthe estimationresult
the subjectsachieved under real-world circumstances.Here,
eachsubjecthad to point at a target on the ground, and a
secondsubjecthad to estimatethe target. At �rst the recog-
nizing personusedboth of their eyes to estimatethe target,
later we blindfoldedoneof the eyesandthe personestimated
thetargetagain undermonocularconditions.Theresultsof the
humanbasedreferenceexperimentsare illustrated in Fig. 7.
The label Human (srceen) refers to the experimentson the
computerscreenand the labelsHuman(2 eyes)and Human
(1 eye) refer to the resultsunderreal-world conditions.

Fig. 7. Theresultsfor theestimationof the targetpoint of thepointingpose.
Thetargetpoint is determinedby theradiusr andtheangle' . Fig. (a) and(b)
show the separateresultsfor the estimationof r and' . For eachmethodthe
percentageof thetargetsestimatedcorrectlyandthemeanerror is determined.
Fig. (c) shows the resultsfor the correctestimationof both valuesr and ' .
The resultsof the humanviewers (on computerscreen,and in reality (with
botheyesºHuman(2 eyes)ºandwith oneeye blindfoldedºHuman(1 eye)º))
are given for comparison.Methodsthat achieve a result comparableto that
of the humanviewers are marked with a shadedbackgroundwith different
colors.

The results of the several approachesfor estimating the
targetpositionareshown in Fig. 7. As describedin Sect.III-B
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the groundtruth datais a tuple (r; ' ) with the target radiusr
andthe target angle' . The separateresultsfor the estimation
of r and ' are shown in Fig. 7(a) and Fig. 7(b). For the
correctestimationof the target point, r as well as ' had to
be estimatedcorrectly. We de�ned the estimationresult to be
correct if r differed less than 50cm from the ground truth
radius and ' differed less than 10� from the ground truth
angle.Figure 7(c) shows the resultsfor a correctestimation
of both values.

Every of the � ve selectedapproacheswas trained on the
sametraining data set and testedon the sametest data set.
For each system,we used four different feature extraction
strategies:�rst only Gabor�lterswereutilized,secondwecom-
binedGabor�lters with an additionalBackgroundSubtraction
to reducethe effects of the different clutteredbackgrounds
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(seeSectionIII-D). Fourth,wecombinedGabor�lter,
BackgroundSubtractionandutilized only therelevant features
extractedby the DiscriminantAnalysis.

The resultsdemonstrate,that a cascadeof several MLPs as
proposedin [4, 5] is bestsuitedto estimatethe targetposition
of a user's pointingposeon monocularimages.A Background
Subtractionand the information deliveredby a Discriminant
Analysis can be usedto improve the resultsfor all different
classi�er systems.Theusageof this two algorithms,combined
with thehistogramequalizationin thepreprocessingstep,now
alsoallows to handlebackgroundclutteranddifferentlighting
conditions,which wasnot ablein our previouswork. Thebest
systemis capableof estimatingr as good as humanswith
their binocularvision systemin a real-world environmentand
even betterthanhumansestimatingthe target on 2D screens.
The estimationof ' doesnot reachequallygoodvalues.The
systemis able to reacha result equally to that of humanson
2D screensor humanswith oneeye blindfolded,but it is not
able to estimatethe angleasgoodashumansin a real-world
setting using both eyes. This can be explained,becausethe
estimationof the depthof a target in a monocularimage is
dif�cult for both, humanandfunction approximators.

The implementedPointingPoseEstimationModule 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 cascade.The k-NN
classi�er requires129msandis 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 HOROS. Undersuchconditions,small errors
of the face-trackingsystem,the speechrecognitionmodule,
the persontracker, the navigator and the odometrieof the
robot are integratedand reinforce the error of the Pointing
Pose Estimation Module. Under real-world conditions the
robot reachedthe selectedtarget in 45.1%of the tests,which
is an additionalerror of 5.5% comparedto the test dataset.

The correct radiusof the target was estimatedin 86.3%and
the correct angle of the target in 47.1% of the tests. The
results of these real-world experimentscon�rm the results
of our experimentson the test data (seeFigure 7) with an
additional error of 4-6% due to the errors in the input data
for the PointingPoseEstimationModule.

V. CONCLUSION

In this paper we presentedan extension to our earlier
approachintroduced in [4, 5]. The major problemsof the
old approach- bad results in environment with structured
backgroundand a computationtime which exceedsreal-time
requirements,could be solved. Extensive experimentswith
different function approximatorshave shown, that the MLP-
basedapproximatorleads to the best estimationresult. The
realizedapproachis able to estimatea pointing position on
the groundgiven only by monocularimageswith an accuracy
equal to humans.Moreover, it works now in real-time.This
enablestheuserto controla mobile robotsysteminto a target
position only by meansof pointing gestures.We also have
shown, thatour approacheasilycanbeintegratedin a complex
robot control architecture.
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