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Abstract— State-of-the-art robot mapping approaches are
capableof acquiring impr essively accurate 2D and 3D models
of their envir onments. To the best of our knowledge few of
them canacquiremodelsof task-relevant objects.In this paper,
we intr oduce a novel method for acquiring models of task-
relevant objects fr om stereo images.The proposedalgorithm
applies methods fr om projective geometry and works for
rectangular objects, which are, in of�ce- and museum-like
envir onments,the most commonly found subclassof geometric
objects. The method is shown to work accurately and for a
wide range of viewing anglesand distances.

I . INTRODUCTION

Many autonomousmobileservicerobotsusemaps,mod-
els of their environments,as resourcesto perform their
tasksmore reliably and ef�ciently . A numberof software
systemsand algorithms for the autonomousacquisition
of environment maps of of�ce buildings, museums,and
other indoor environmentshave been developed [2], [7],
[11], see[12] for an extendedoverview of state-of-the-art
mappingapproaches.

While most recent mapping algorithms have been de-
signedto acquirevery accuratemaps[5], [10], [6], little
attentionhasbeenpaidto extendthesealgorithmsto acquire
additional information about their environments.Informa-
tion that makes environment maps more informative for
servicerobotapplicationsincluderepresentationsof theen-
vironmentstructure,object hypotheses,and characteristics
of substructuresthat affect navigation andexploration.

Vision-basedaquisition of 3D environment maps has
beenpioneeredby AyacheandFaugeras[1] who built and
updatedthree-dimensionalrepresentationsbasedon vision
sensors.Kak and his colleaguesused semi-automatically
acquired3D modelsof hallway environmentsfor vision-
basednavigation,in [4] hegivesarecentandcomprehensive
survey of the respective researcharea.

In this paper we extend an existing robot mapping
framework, namelyRG mapping(rangedatabasedRegion
and Gateway mapping) [3], by meansfor automatically
acquiringmodelsof rectangular3D objects.In many indoor
environmentssuchas of�ce buildings or museumsrectan-
gular objectsplay key roles. Their importanceis depicted
in �gure 1. Also, many other objects,such as piecesof
furniture arecomposedof rectangularobjects.

The proposedmethod for the acquisition of models
for rectangularworks as follows. The robot explores its
operating environment in order to acquire an RG map.
During the explorationphaseit capturesstereoimagesand

Fig. 1. Rectangularobjects in typical of®ce environments.The upper
two imagesshow that in of®ce environmentsmany of the task-relevant
objectsarerectangularor cubic.The lower two imagesgive an illustrative
view of the visual recognitionof rectangularobjectsin an imageandhow
rectangularobjectsarestoredin maps.

usesthe stereoimagesto recognizerectangularobjectsand
estimatetheir 3D position and orientationwith respectto
its RG map.The 3D modelsof the objectsare thenstored
in the RG map.

Our method advances the state of the art in object
acquisition and map building in the following ways. It
usesmethodsfrom stereoimageprocessingand projective
geometry to detect rectangularobjects and acquire 3D
models for them. Rectangularand cubic objects, which
are composedof rectangles,are probably the single most
importantobjectclassesin many indoorenvironments,such
as of�ce buildings and museums.The methodis shown to
be impressively accurateand shown to work for a wide
rangeof distancesandviewing angles.

The remainderof the paper is organized as follows.
SectionII describesRG mapping,the mappingframework
that our object model acquisition method is embedded
in. We will then describe the necessaryformulas from
projective geometry, in particularthemethodfor estimating
the plane normal of the rectangle.We concludewith our
experimentalresults,a discussion,and an outline of our
next researchsteps.
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The arrows mark identical gateways.
Thereby, if the two involved regions
are represented within the same
coordinate system (CS) the gateway

Otherwise a CS transformation has
points are numerically identical.

to be applied on traversal.

Fig. 2. RG mapof our department�oor at TUM IX (Orleanstreet,Munich). Raw data:761 laserscans,ca. 65000points.

I I . RG MAPPING

We developour mechanismsfor theacquisitionof object
models in the context of RG mapping [3]. RG mapping
aimsat the autonomousacquisitionof structuredmodelsof
indoor environments,in particularof�ce and museum-like
environments,wherethe modelscontainexplicit represen-
tationsof task-relevant objects.

RG maps representenvironments as a set of regions
connectedby gateways. Regions are describedcompactly
using a set of line segmentsand classi�ed into different
categories such as “of�ce-lik e” or “hallway-like” regions.
Regions contain models of objects within the regions, a
class label, a compactgeometricdescription,a bounding
box, oneor two main axesanda list of adjacentgateways,
and provide additional information including measuresof
accuracy andcompleteness.

The gateways representtransitionsbetweenregions. In
indoor environments several types of gateways can be
distinguished,e.g.hallway T/L/X-junctionsaswell assmall
passagesandchangesfrom a rathernarrow hallway into an
openroom, e.g.a lobby. Gatewaysarespeci�ed by a class
label, adjacentregions,traversaldirections,crossing-points
and gateway-pointsthat can be usedfor detectingwhen a
gateway is enteredand left.

Figure 2 shows how an of�ce environment is repre-
sentedas an RG map. It comprisesnine regions, which
are connectedby gateways of type narrow passage.The
regions are visualizedthroughtheir geometricdescription,
thesetof line segments.Amongotherthings,thegeometric
2D descriptionis used to predict the laser scan that the
robot shouldreceive at a given location within the region.
Note that the geometricdescriptioncontainslines that are
outsidethe region's boundingbox. This is becausethese
lines can be seenthroughthe gateway and usedfor robot
self-localization.

The �nal componentsof the maps are the object hy-
potheses.In the reminder of this paper we show that
representationsof arbitrary rectangular3D objectscan be
automaticallyacquired.Therebythe3D position,heightand
width of the objectsarenot known in advance.
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Fig. 3. 3D Object reconstructionwithin the RG Mapping framework

Figure 3 depicts the integration of the reconstruction
and stereomodulesinto the RG mappingsystem[3]. For
clarity reasons,the �gure focuseson thevision partandthe
interactionof thosemoduleswith the other RG mapping
components.The overall RG mappingand control system
also involves modulesfor collision avoidance,localization
and path planning.Also the module denotedas hardware
consistsof several independentmodulesfor dataacquisition
(laser, camera,sonar, odometry)aswell assynchronization
of dataandodometrysourcesand low level drive control.

The stereometrymodulereceives two imagesandcalcu-
latesthedisparityanddepthmap[9]. For thereconstruction
of 3D objectspresentedin sectionIII one recti�ed image
and the depthmap must be provided by the hardware and
the stereomodule, respectively. The scanmappermodule
aligns consecutive scansaccordingto the scan matching



algorithmsdescribedin [5]. And thegateway detectioncon-
tinuouslyanalyzeslaserscansto detectwhengatewaysare
presentandwhenthey have beenpassed.The RG mapping
modulecollectsthis information togetherwith the aligned
scansandthe reconstructed3D objectsin order to:

� structurethe 2D information into regions and gate-
ways,

� extract a compact2D descriptionfor the regionsfrom
the laser rangedata (set of line segments,bounding
box, 2D objecthypotheses,main axesetc.),

� addthe3D informationfrom thereconstructionmodule
to the 2D description.

In the following sectionwe outline how modelsof rectan-
gular 3D objectscanbe acquiredfrom imagedata.

I I I . ACQUIRING MODELS OF RECTANGULAR OBJECTS

Theacquisitionof objectmodelsis performedasfollows.
First,objecthypotheses,i.e. quadranglesin R 2, thatmaybe
projectionsof rectangularobjectsin R 3, areextractedfrom
a single image. Then, the plane normal nP is calculated
basedon projective geometryand the cornerpoints of the
rectangularobjectcanbereconstructedin R 3 by ray-plane-
intersection.This yields the descriptionof the object in the
cameracoordinatesystem(CCS).Finally, region-based(or
global)registration,e.g.scanmatchingbasedon laserrange
data[5], is appliedto transformthoseobjectrepresentations
into a region based(or global) coordinateframe.

In the idealcasethepresentedalgorithmprovidesperfect
reconstruction.In this case”ideal” means,that no spatial
discretizationby the sensorandexact depthmeasurements
for singlepointsareassumed.Both is obviouslynot thecase
in a real world application,but practicalexperimentshave
shown thattheapproachis robustagainstsucherrorsources
(discretizationor quantization,erroneousmeasurements).
Furthermore,falsehypothesesareautomaticallyrejectedin
the stepof ray-planeintersection.

A. Generating objecthypothesesin the image plane
Pixels in the imagethat representedgesaredetectedby

anedge�lter , e.g.Sobel,Canny, Dericheetc.Thepixelsare
thenconcatenatedto line segments,andmergedtogetherif
they lie on the sameline and their endpointsare close to
eachother. Small single line segmentsare rejected.Based
on this set of M line segments,hypothesesare generated
by grouping.With groupingwe meanto generateN setsof
four-line tuple out of all M segmentedlines (M> N). The
simplestway of forming thosefour-line tuplesis to consider
all possiblecombinationsandrejecthypotheses,which are
not plausible.The following con�gurations cannot result
from a projected3D rectangle:

� 3 or 4 almostparallel lines,
� oppositelines with direct intersection,
� very large (respectively very small) internalangles

(This issuewill be discussedin sectionIV.)
Theseconstraintsareexploited in thegroupingprocessand
reducethe numberof explicitly generatedfour-line tuples.
Theresultingsetof four-line tuplescontainsour candidates
for projectionsof rectangular3D objects.Thereforethey
areprocessedfurther.

B. Estimatingthe planenormal
Assuminga rectangularobject, which lies in the plane

� , we estimatethe plane normal n � by the meansof
projective geometry. In the projective spaceP n , pointsPP

andlines L P arespeci�ed in homogeneouscoordinates(of
dimensionn + 1), in particularfor P P ; L P � P2:
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Thecrossproductof two pointsin P 2 de�nestheline in P 2,
which connectsthosetwo points. And similarly, the cross
productof two lines in P 2 de�nes the intersectionpoint of
those two lines in P 2. Consideringtwo lines which are
parallel in R 3 with their projection on the image plane
beeingL P

1 andL P
2 . Theintersectionof L P

1 andL P
2 is called

vanishingpoint P P
v .

PP
v = L P

1 � L P
2 (1)

Takingall possiblesetsof parallellines in R 3, which lie in
the sameplane(including rotation, translationand scaling
within theplane),resultsin a setof vanishingpointsin P 2,
which lie all on the sameline in P 2. This is the vanishing
line L P

v . Actually, for eachplanein R 3, thereexistsexactly
onevanishingline in P 2, andthecorrespondingrelationship
can be utilized to calculatethe plane normal in R 3 (see
eq.2). For further detail aboutprojective geometryandthe
point-line-dualismin P 2 refer to thevery well written book
by Hartley andZissermann[8].

Given a calibratedcamerawith cameramatrix C, the
plane normal np in R 3 is calculatedfrom the vanishing
line by:

nP = CT � L P
v (2)

Thecameraparametersaredeterminedin advanceby cal-
ibrationprocedures.Hence,radialdistortioncanberemoved
from the images.We assumethe principal point (Cx ; Cy )
to lie in the centerof the cameracoordinatesystem(CCS).
That means,it is necessary, to perform a translationby
(Cx ; Cy ) on the point featuresextractedfrom the image,
prior to calculatingtheplanenormal.Thefollowing camera
matrix C resultsfrom thoseconsiderationsand is usedto
determinethe planenormal:

C =

0

@

f
sx

0:0 0:0
0:0 f

sy
0:0

0:0 0:0 1:0

1

A

Wheref denotesthefocal lengthand(sx ; sy ) referto width
andheightof a pixel, respectively. Note that (Cx ; Cy ) must
alsobe known.

The algorithmcanbe summarizedas follows:
1) Transformingthe given lines from R 2 to P2.

A line L R is describedby two points (P R
1 ; PR

2 ).
We transform the single points from R 2 into P2

anddeterminethe line in P 2 with the crossproduct:
PP = (p1; p2; p3) = (x � Cx ; y � Cy ; 1:0)
L P

v = PP
1 � PP

2
2) CalculateP P

1v , PP
2v for the two setsof oppositelines

with eq. 1.
3) Calculatethe vanishingline L P

v = PP
1v � PP

2v
4) Calculatethe planenormalwith eq. 2



C. Ray-PlaneIntersection

Consideringa pinhole cameramodel, all rays intersect
in the cameracenter P C , which has been chosento be
the origin of the CCS.The original Point P in R 3 and the
projectedpoint P' both lie on this line and obviously the
following relationship holds:

PC P = PC + � � PC P0 !

P = � � P0 (3)

On theotherhand,a vectorv1 canbeconstructed,which
is orthogonalto nP , i.e.:

nP � v1 = nx � v1x + ny � v1y + nz � v1z = 0
And from there,vectorv2 canbe determinedaccordingto:

v2 = nP � v1
Givenonecornerpoint P cr

i of the rectangularobjectin R 3

we canderive a planeequation

P = P cr
i + � 1 � v1 + � 2 � v2 i � (1:::4) (4)

All other3D pointscan thenbe calculatedby ray-plane
intersection,i.e. solvingthesystemof linearequations(3,4)
for the corner point in R 3. Note the points P 0

i (i =
1::4) � R 2 from the imagemust �rst be transformedinto
the CCS.Thereby, the z-coordinateis the focal length.

It is also possibleto set an arbitrary distanceand de-
termine a 3D point by the meansof eq. 3. If the given
2D quadrangleis in fact a projectionof a 3D rectangle,the
reconstructionis correctup to a scalefactor. That means,
in generalit is possibleto verify or reject the hypothesis
without any depthmeasurements.

D. Discussion

The presentedreconstructionalgorithm is exact, if we
neglect discretizationin the imagesensorand inaccuracies
of depth measurements.That means,given a projected
3D rectangle,i.e. a quadranglein 2D, theplanenormalcan
be calculatedaccurately. Given the ray-planeintersection,
the 3D rectanglecan be determinedup to scaling and
translation along the optical axis. Both parametersare
directlycorrelated.Adding the3D coordinatesof onecorner
point, de�nes the rectangularobjectuniquely.

IV. EXPERIMENTAL RESULTS

In this section,we will empiricallyevaluatetheaccuracy
and robustnessof the model acquisition of rectangular
objects from stereo. We have stated in the discussion
paragraphof the last sectionthat for non-discretesensors
with accurate3D measurementsour methodis accurate.In
this sectionwe will vary the discretizationresolutionand
apply the reconstructionmethodto imagescapturedby our
B21 robot in order to evaluatethe methodunder realistic
conditionsand in real settings.

To do so, we will �rst evaluate the in�uence of pixel
discretizationon reconstructionrobustnessand accuracy
basedon simulation(sectionIV-A). The useof simulation
enablesus to make morecontrolledexperiments,in which
we can vary the discretizationresolution of non-discrete
imagesensors(which cannotbedonewith thereal imaging

devices) and accessgroundtruth dataeasily. We will then
assessthe impact of inaccuraciesin 3D measurements
basedon resultsthat are obtainedin experimentswith our
B21 robot (IV-B).

A. In�uence of spatial discretizationby the image sensor

The experimental setting for assessingthe impact of
discretizationin the image sensoron the reconstruction
resultsis the following. We �rst generatea virtual image
sensorfor the userspeci�ed resolutionof the imagesensor
discretization.We thensystematicallygeneratesetsof rect-
angularobjects in 3D space,project them into 2D space
in order to producethe input data for our virtual sensor.
Our 3D reconstructionmethodis thenappliedto theoutput
of the virtual sensorand then comparedto the real 3D
positionof the rectangularobject.We classify the outcome
into threecategories:�rst, thereconstructionfailed;second,
the reconstructionsucceededbut wasinaccurate;andthird,
the reconstructionwasaccurate.

Fig. 4. Reconstructable(left) andnon-reconstructable(right) projections
due to spatialdiscretizationin the imagesensor

To give you an intuition about which 3D posescan
be accuratelyreconstructedand which onesnot, we have
visualizedbothsetsin �gure 4. In thisparticularexperiment,
we have placed a 3D rectangleat z = 1 meter and the
cameraat z = - 3 meter. Then the rectanglewas rotated
stepwisein 3D by 36 degreearoundthe z-, x- and y-axis,
which gives us a total of 1000 3D posesof the object.
The parametersof the virtual cameraare set to 766� 580
pixels resolution,sx� sy= 8:3 � 10� 3 meter, Cx =391.685,
Cy =294.079and focal length of 0.00369meter, which are
the estimatedparametersof the camerason the robot. The
accuracy is de�ned asthelengthof theerrorvectorbetween
the reconstructedand the original 3D point.

Our results show, that despitethe inaccuraciescaused
by discretization,the algorithmstill givesvery goodresult.
From someprojectionsreconstructionis not possible.But
thosecasescanclearly be classi�ed, ascanbe seenlater.

Figure4 (left) shows thesetof projections,thatcanaccu-
ratelybereconstructed.Theseare968of the1000posesthat
arereconstructedwith an error of lessthan10 centimeters.
In the majority of casesthe error is substantiallysmaller.
Figure 4 (right) shows the 32 projectionswhich cannot
be reconstructed.You can seethat these2D quadrangles
are characterizedby very large (more than 150 degree)
and very small internal angles.We have also performed



this experimentwith smalleranglestepsizesin order not
to miss any other special cases.But there are none. In
fact, the percentageof non-reconstructableprojectionsis
always about eight percentof the whole consideredset.
And this is due to the before mentionedspecialcasesof
quadrangles.Furthermore,we found that projectionswith
bad reconstructionresults are close to the con�guration
wherethe reconstructionfailed.

To get additional evidencefor these�ndings, we have
learned rules for predicting whether or not a recon-
struction of a rectangularobject will be accurateor at
least possible. We have trained the decision tree with
the angles of 64000 projected objects and whether or
not the reconstructionhas been successful.The angle �
for eachof theseprojectionswas determinedas follows:

� =
P 4

i =1 j� i � � j
Where � i denote the internal angles of the quadrangle
in R 2. That meanswe take the deviation of the internal
anglesto 90 degreeas criterion, becausewe assumefrom
the experimentsabove, that reconstructionproblemsresult
from very largeandvery small internalangles.Thelearning
algorithmcameup with compactrulesthatpredictwhenthe
reconstructionwill fail andwhenit will succeed.As aresult,
two ruleshave beenlearned:

Rule 1:
sum_angle <= 284.865

-> class true [98.2%] (53796 used samples)
Rule 3:

sum_angle > 314.908
-> class false [79.2%] (3992 used samples)

For interpretationpurposeswe alsoconsiderthe average
deviation: � mean = �

4
Rule1 saysthat if � is smallerthan284degreesthepredic-
tion will succeed.This rule hascapturedmorethan80%of
thecasesanda predictionaccuracy of 98%.Thatmeans,we
have a high probability, that thereconstructionwill succeed
for � mean < 71 degr ee, hencefor 19 degr ee < � i <
161 degr ee. The secondrule that predictsfailure applies
if � is larger than 314 degreewith an expectedprediction
accuracy of about 80%. With the samerational, we can
conclude,that � i > 168 degr ee and � i < 12 degr ee
causescritical cases.We conductedthe sameexperiment
for projectionswith good and bad reconstructionresults,
wherebadrefersto errorslarger then5 centimeter. Thereby
the caseswhere the reconstructionwould fail have been
neglected. In this case,more than two rules have been
learned,but the summarizedconclusionsarethe same.In a
certainrangeof angle� i , we have a high probability, that
the reconstructionerror is smaller than 5 centimeter, and
outsideof this rangethe error increases.That means,by
limiting the internal anglesfor the quadranglehypotheses
to be considered,we can not only guaranteewith high
probability, that the reconstructionwill succeed,but also
that the error doesnot exceeda certainupperbound.

We concludefrom theseexperimentsthat the presented
algorithm can robustly deal with effects of pixel dis-
cretization,and rectanglescan be very accuratelyrecon-
structedas long as the internal anglesof the projection,
i.e. the 2D-quadrangle,lie in a certainrangearound90 de-

gree(26 < � i < 154).
a) Discussion:Evenmoreimportantthantheapparent

robustnessandaccuracy of thereconstructionmethodis that
we canbuild predictive modelsfor theaccuracy andsuccess
of applying the methodto a given group of lines. This is
becausethe reconstructionstepis a stepof an autonomous
explorationprocessthattherobotperformsto acquirea map
of its environment.Thus,if therobotdetectsthataparticular
reconstructionis not promisingit caninfer a positionfrom
which thereconstructionof thehypothesizedobjectis likely
to succeed.

B. In�uence of inaccurate 3D-measurements

We have studiedthe in�uence of errors in depth mea-
surementswith realworld imagedata.Depthmeasurements
have beengeneratedwith the Small Vision Systemfrom
SRI [9]. As statedabove inaccuraciesfrom 3D measure-
ments can be evaluatedby the meansof scaling errors.
Therefore,we have chosenthe width and height of the
rectangularobjectasa criterion for quality measures.In all
�gures (left) thedepictedquadrangles(white) arebackward
projections of the reconstructed3D rectanglesinto the
image. It can be seenthat theseback projections�t very
well to the image data. The questionis, how well does
the reconstructedrectangledescribethe actual rectangular
object.

Fig. 5. Door frameexperiment1

Very prominentrectangularobjectsin a varietyof indoor
environmentsare door frames.All door frames depicted
here(�g. 5, �g. 6) are210centimeterhighand101centime-
ter wide.Smaller3D rectanglesincludefor exampleposters
or whiteboards(�g. 8) aswell ascomputermonitors(�g. 7)
in of�ce environments.The noisy depthmeasurementsare
depictedon theright in all those�gures. TableI summarizes
the reconstructionresultsfor the presentedexamples.

It can be seenthat the reconstructionfor different sce-
narios and rectangularobjects is very accurate.Which
leads to the conclusion that the presentedapproachis
very well suitedfor automaticgenerationof representations
for 3D rectangularobjects in indoor environments.The
accuracy increasesif more than one 3D corner point can
be measuredand is given to the reconstructionalgorithm.

Additionally, the results can be veri�ed by projecting
the reconstructedrectangleinto the image of the second
camera.Thereby, the observations (line segments)of that



Fig. 6. Door frameexperiment2

experiment original size reconstructedsize
Door 1 210x101 207.2x104.3
Door 2, LeftFr ont 210x101 208.5x105.3
Door 2, RightFr ont 210x101 207.9x105.6
Door 2, RightBack 210x101 192.0x107.8
White board 21.4x30.2 21.1x30.9
Monitor 27.0x33.8 27.5x34.04

TABLE I
SUMMARY OF RECONSTRUCTION RESULTS.

The valuesfor original andreconstructed
sizedenoteheight� width in centimeters.

cameraare comparedwith the projected (reconstructed)
3D rectangle.Also it can be expected,that tracking those
3D object hypothesesover time and merging the corre-
spondingobservation will lead to a further increasingof
robustnessandaccuracy.

Fig. 7. Monitor in of®ce environment

Fig. 8. White boardin a hallway

V. CONCLUSIONS

We presenteda novel approachfor acquiringmodelsof
task-relevant objects.The reconstructionalgorithm devel-
oped in this paper is robust against discretizationin the
imagesensoranderrorsfrom thedepthmeasurements.That

meansrectangular3D objectscan robustly and with high
accuracy be reconstructedfrom their 2D projectionsand
one3D measurementof a cornerpoint of that object.This
hasbeendemonstratedby simulation-basedandreal world
experimentson a B21r mobile robot. The main advantages
of this approachcan be summarizedas follows. Objects
are explicitly modeled in the environment map without
assumingtoomuchmodelknowledge.Therespectiveobject
representationscan be autonomouslyacquiredwith high
accuracy. And informationfrom thesubsequentstepsof the
reconstructionalgorithmcanbe utilized to actively control
the explorationbehavior.

Our ongoingresearchcomprisesthe following threadsof
developmentandinvestigation.We arecurrentlydeveloping
a vision- and laser-based robot navigation system that
allows our robot to safely explore indoor environments.
This navigation systemenablesus to fully integrate the
vision-basedobjectrecognitioninto our Region & Gateway
mappingsystemandto acquirecompletemapswith object
models.Another line of researchinvestigatesanddevelops
objectrecognitionalgorithmsfor othercategoriesof objects,
in particularcubicobjectslike tables,closetsetc.Theaccu-
racy androbustnessof the differentreconstructionmethods
will furtherbe improvedby methods,which werediscussed
in subsectionIII-A and IV-B.
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