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Abstract— State-of-the-art robot mapping approachesare
capableof acquiring impressvely accurate 2D and 3D models
of their ervironments. To the best of our knowledge few of
them canacquire modelsof task-relevant objects.In this paper,
we intr oduce a novel method for acquiring models of task-
relevant objects from stereo images. The proposedalgorithm
applies methods from projective geometry and works for
rectangular objects, which are, in of ce- and museum-like
environments,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 autonomousnobile servicerobotsusemaps,mod-
els of their ervironments, as resourcesto perform their
tasksmore reliably and ef ciently. A numberof software
systemsand algorithms for the autonomousacquisition
of ervironment maps of of ce buildings, museums,and
other indoor ernvironmentshave beendeveloped[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 abouttheir ervironments.Informa-
tion that makes ervironment maps more informative for
servicerobotapplicationsncluderepresentationsf the en-
vironmentstructure,object hypothesesand characteristics
of substructureshat affect navigation and exploration.

Vision-basedaquisition of 3D ervironment maps has
beenpioneeredby Ayacheand Faugeraq1] who built and
updatedthree-dimensionatepresentationbasedon vision
sensors.Kak and his colleaguesused semi-automatically
acquired3D modelsof hallway ervironmentsfor vision-
basedchavigation,in [4] hegivesarecentandcomprehense
surwey of the respecitre researcharea.

In this paper we extend an existing robot mapping
framavork, namelyRG mapping(rangedatabasedRegion
and Gatavay mapping) [3], by meansfor automatically
acquiringmodelsof rectangulaBD objects.In mary indoor
ervironmentssuchas of ce buildings or museumsrectan-
gular objectsplay key roles. Their importanceis depicted
in gure 1. Also, mary other objects, such as piecesof
furniture are composedf rectangularmbjects.

The proposed method for the acquisition of models
for rectangularworks as follows. The robot explores its
operating ervironment in order to acquire an RG map.
During the exploration phaseit capturesstereoimagesand
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Fig. 1. Rectangularobjectsin typical of®ce ervironments.The upper
two imagesshaw that in of®ce environmentsmary of the task-releant
objectsarerectangulaor cubic. The lower two imagesgive anillustrative
view of the visual recognitionof rectangulawobjectsin animageandhow
rectangularobjectsare storedin maps.

usesthe stereoimagesto recognizerectangulaobjectsand
estimatetheir 3D position and orientationwith respectto
its RG map. The 3D modelsof the objectsare then stored
in the RG map.

Our method adwancesthe state of the art in object
acquisition and map building in the following ways. It
usesmethodsfrom stereocimage processingand projective
geometry to detect rectangularobjects and acquire 3D
models for them. Rectangularand cubic objects, which
are composedof rectanglesare probably the single most
importantobjectclassesn mary indoorervironments such
asof ce buildings and museumsThe methodis shavn to
be impressiely accurateand shavn to work for a wide
rangeof distancesandviewing angles.

The remainderof the paperis organized as follows.
Sectionll describesRG mapping,the mappingframewnork
that our object model acquisition method is embedded
in. We will then describethe necessaryformulas from
projectve geometryin particularthe methodfor estimating
the plane normal of the rectangle.We concludewith our
experimentalresults,a discussion,and an outline of our
next researchsteps.



region 08

region 10

region 06 region 05

‘e ||

P [ °oe0 o0
region 02 T
|
The arrows mark identical 3ateway=. ' v
Thereby, if the two involved regions P o e
are represented within the same oo
L J

coordinate system (CS) the gateway
points are numerically identical.
Otherwise a CS transformation has

to be applied on traversal. region 09

region 07 region 04  region 03

Fig. 2. RG mapof our departmentoor at TUM IX (OrleanstreetMunich). Rav data: 761 laserscans,ca. 65000 points.

Il. RG MAPPING

We develop our mechanismgor the acquisitionof object
modelsin the contett of RG mapping[3]. RG mapping
aimsat the autonomouscquisitionof structuredmodelsof
indoor ernvironments,in particularof ce and museum-lile
ervironments,wherethe modelscontainexplicit represen-
tationsof task-rel@ant objects.

RG maps representervironments as a set of regions
connectedby gatevays. Regions are describedcompactly
using a set of line sggmentsand classi ed into different
catgories such as “of ce-lik e” or “hallway-like” regions.
Regions contain models of objects within the regions, a
classlabel, a compactgeometricdescription,a bounding
box, one or two main axesanda list of adjacentgatevays,
and provide additionalinformation including measuref
accurag and completeness.

The gatevays representtransitionsbetweenregions. In
indoor ervironments several types of gatavays can be
distinguishede.g.hallway T/L/X-junctionsaswell assmall
passageandchangedrom arathernarrav hallway into an
openroom, e.g. a lobby. Gatavays are speci ed by a class
label, adjacentregions, traversaldirections,crossing-points
and gatevay-pointsthat can be usedfor detectingwhena
gatevay is enteredand left.

Figure 2 shavs how an of ce ervironmentis repre-
sentedas an RG map. It comprisesnine regions, which
are connectedby gatevays of type narrav passageThe
regions are visualizedthroughtheir geometricdescription,
the setof line sgments Among otherthings,the geometric
2D descriptionis usedto predict the laser scanthat the
robot shouldreceve at a given location within the region.
Note that the geometricdescriptioncontainslines that are
outsidethe region's boundingbox. This is becausethese
lines can be seenthroughthe gatavay and usedfor robot
self-localization.

The nal componentsof the maps are the object hy-
potheses.In the reminder of this paper we shav that
representationsf arbitrary rectangular3D objectscan be
automaticallyacquired.Therebythe 3D position,heightand
width of the objectsare not known in adwance.
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Fig. 3. 3D Objectreconstructiorwithin the RG Mapping framewvork

Figure 3 depicts the integration of the reconstruction
and stereomodulesinto the RG mappingsystem[3]. For
clarity reasonsthe gure focuseson the vision partandthe
interactionof those moduleswith the other RG mapping
componentsThe overall RG mappingand control system
also involves modulesfor collision avoidance,localization
and path planning. Also the module denotedas hardware
consistof severalindependenmodulesfor dataacquisition
(laser camerasonar odometry)aswell assynchronization
of dataand odometrysourcesand low level drive control.

The stereometrynodulerecevestwo imagesand calcu-
latesthe disparityanddepthmap[9]. For the reconstruction
of 3D objectspresentedn sectionlll onerecti ed image
and the depthmap must be provided by the hardware and
the stereomodule, respectiely. The scanmappermodule
aligns consecutie scansaccordingto the scan matching



algorithmsdescribedn [5]. And the gatavay detectioncon-
tinuously analyzedaserscansto detectwhen gatavaysare
presentandwhenthey have beenpassedThe RG mapping
module collectsthis information togetherwith the aligned
scansandthe reconstructe®D objectsin orderto:
structurethe 2D information into regions and gate-
ways,
extracta compact2D descriptionfor the regionsfrom
the laserrange data (set of line segments,bounding
box, 2D objecthypothesesmain axesetc.),
addthe 3D informationfrom thereconstructiomodule
to the 2D description.
In the following sectionwe outline how modelsof rectan-
gular 3D objectscan be acquiredfrom imagedata.

I11. ACQUIRING MODELS OF RECTANGULAR OBJECTS

Theacquisitionof objectmodelsis performedasfollows.
First, objecthypothesesi.e. quadranglein R?, thatmaybe
projectionsof rectangulaobjectsin R 2, areextractedfrom
a single image. Then, the plane normal np is calculated
basedon projective geometryand the cornerpoints of the
rectangulaobjectcanbereconstructedh R by ray-plane-
intersection.This yields the descriptionof the objectin the
cameracoordinatesystem(CCS). Finally, region-basedor
global) registration,e.g.scanmatchingbasedon laserrange
data[5], is appliedto transformthoseobjectrepresentations
into a region based(or global) coordinateframe.

In theideal casethe presentedilgorithmprovidesperfect
reconstructionIn this case”ideal” means,that no spatial
discretizationby the sensorand exact depthmeasurements
for singlepointsareassumedBothis obviously notthecase
in a real world application,but practical experimentshave
shawvn thatthe approactis robustagainstsucherrorsources
(discretizationor quantization,erroneousmeasurements).
Furthermorefalsehypothesesre automaticallyrejectedin
the stepof ray-planeintersection.

A. Geneating objecthypothese# the image plane

Pixels in the imagethat represenedgesare detectedcby
anedge lter, e.g.Sobel,Canry, Dericheetc. The pixelsare
thenconcatenatetb line sggments,and meigedtogetherif
they lie on the sameline and their endpointsare closeto
eachother Small single line sgmentsare rejected.Based
on this setof 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 possiblecombinationsand rejecthypotheseswhich are
not plausible. The following con gurations cannotresult
from a projected3D rectangle:

3 or 4 almostparallellines,

oppositelines with direct intersection,

very large (respectrely very small) internalangles

(This issuewill be discussedn sectionlV.)
Theseconstraintsareexploitedin the groupingprocessand
reducethe numberof explicitly generatedour-line tuples.
Theresultingsetof four-line tuplescontainsour candidates
for projectionsof rectangular3D objects. Thereforethey
are processedurther.

B. Estimatingthe plane normal

Assuminga rectangularobject, which lies in the plane

, we estimatethe plane normal n by the meansof
projectve geometry In the projective spaceP ™, pointsPP
andlinesLP arespeci edin homogeneousoordinategof
dimensionn + 1) |n partlcularfor PP,LP P2

PP = (pf:p5;p5) and L® = (IF; IP 15)
wherePR  R? = (x;y) = ( ,pp

Thecrossproductof two pointsin P2 de nesthellne inP2,
which connectsthosetwo points. And similarly, the cross
productof two linesin P2 de nes the intersectionpoint of
thosetwo lines in P2. Consideringtwo lines which are
parallel in R2 with their projection on the image plane
beeingL} andL? . Theintersectiorof LY andL?b is called
vanishingpoint PP .

P/ =L] L} @

Taking all possiblesetsof parallellinesin R 2, which lie in
the sameplane (including rotation, translationand scaling
within the plane),resultsin a setof vanishingpointsin P2,
which lie all on the sameline in P2. This is the vanishing
line LY . Actually, for eachplanein R 3, thereexists exactly
onevanishingline in P2, andthe correspondingelationship
can be utilized to calculatethe plane normalin R3 (see
eq. 2). For further detail aboutprojective geometryandthe
point-line-dualismin P2 referto the very well written book
by Hartley and Zissermanr{8].

Given a calibrated camerawith cameramatrix C, the
plane normal ny in R2 is calculatedfrom the vanishing

line by:
np=C" LV 2)

Thecamergparameteraredeterminedn advanceby cal-
ibrationproceduresHence radialdistortioncanberemaoved
from the images.We assumethe principal point (Cy; Cy)
to lie in the centerof the cameracoordinatesystem(CCS).
That means,it is necessaryto perform a translationby
(Cx; Cy) on the point featuresextracted from the image,
prior to calculatingthe planenormal. The following camera
matrix C resultsfrom thoseconsiderationand is usedto

determinethe planenagmal: 1
P ?—X 0.0 0.0
C=@oo L o00A

00 00 10

Wheref denoteghefocallengthand(sy; sy) referto width
andheightof a pixel, respectiely. Note that(Cy; Cy) must
alsobe known.
The algorithm canbe summarizedas follows:
1) Transformingthe given lines from R? to P2,
A line LR is describedby two points (PR;PX).
We transform the single points from R? into P2
and determinethe line in P2 with the crossproduct:

= (pi;p2ips) = (X Cxjy Cy;10)
L = Pf P}
2) CalculatePf,, PJ, for the two setsof oppositelines
with eq. 1.

3) Calculatethe vanishingline LY = Pf,
4) Calculatethe planenormalwith eq. 2

P
P2v



C. Ray-Planelntersection

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

PCP = PC +

P =

PCPO!

P 3)

On the otherhand,a vectorv; canbe constructedywhich
is orthogonalto np, i.e.:

Np Vi=nNx Vi +Ny Vi, +Nz vy, = 0
And from there,vectorv, canbe determinedaccordingto:
Vo = Np Vi

Givenonecornerpoint P of the rectangulaobjectin R 3
we canderive a planeequation

P=P"+ 1 vi+ 5 vp i (L4 4)

All other 3D points canthenbe calculatedby ray-plane
intersectionj.e. solvingthe systemof linearequationg3,4)
for the corner point in R3. Note the points PYi =
1::4) R? from the imagemust rst be transformedinto
the CCS. Thereby the z-coordinates 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 quadranglés in facta projectionof a 3D rectanglethe
reconstructions correctup to a scalefactor That means,
in generalit is possibleto verify or reject the hypothesis

without ary depthmeasurements.

D. Discussion

The presentedreconstructionalgorithm is exact, if we
neglect discretizationin the imagesensorand inaccuracies
of depth measurementsThat means, given a projected
3D rectanglej.e. a quadranglén 2D, the planenormalcan
be calculatedaccurately Given the ray-planeintersection,
the 3D rectanglecan be determinedup to scaling and
translation along the optical axis. Both parametersare
directly correlatedAdding the 3D coordinate®f onecorner
point, de nes the rectangulambject uniquely

IV. EXPERIMENTAL RESULTS

In this section,we will empirically evaluatethe accurag
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 measurementsur methodis accurateln
this sectionwe will vary the discretizationresolutionand
apply the reconstructiormethodto imagescapturedby our
B21 robot in orderto evaluatethe methodunderrealistic
conditionsandin real settings.

To do so, we will rst evaluatethe in uence of pixel
discretizationon reconstructionrobustnessand accurag
basedon simulation(sectionlV-A). The useof simulation
enablesus to make more controlledexperiments,in which
we can vary the discretizationresolution of non-discrete
imagesensorgwhich cannotbe donewith the realimaging

devices) and accesgyroundtruth 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 assessinghe impact of
discretizationin the image sensoron the reconstruction
resultsis the following. We rst generatea virtual image
sensoffor the userspeci ed resolutionof the imagesensor
discretizationWe then systematicallygeneratesetsof rect-
angularobjectsin 3D space,project them into 2D space
in orderto producethe input datafor our virtual sensor
Our 3D reconstructiormethodis thenappliedto the output
of the virtual sensorand then comparedto the real 3D
position of the rectangulamobject. We classify the outcome
into threecatayories: rst, thereconstructiorfailed; second,
the reconstructiorsucceededut wasinaccurateandthird,
the reconstructiorwas accurate.

Fig. 4. Reconstructabl@eft) and non-reconstructabléight) projections
dueto spatialdiscretizationin the imagesensor

To give you an intuition about which 3D posescan
be accuratelyreconstructedand which onesnot, we have
visualizedbothsetsin gure 4. In this particularexperiment,
we have placeda 3D rectangleat z = 1 meter and the
cameraat z = - 3 meter Then the rectanglewas rotated
stepwisein 3D by 36 deggreearoundthe z-, x- and y-axis,
which gives us a total of 1000 3D posesof the object.
The parameterf the virtual cameraare setto 766 580
pixels resolution,sx sy=8:3 10 3 meter C,=391.685,
Cy=294.079and focal length of 0.00369meter which are
the estimatedparameter®f the camerason the robot. The
accuray is de ned asthelengthof the errorvectorbetween
the reconstructedind the original 3D point.

Our results shaw, that despitethe inaccuraciescaused
by discretizationthe algorithmstill givesvery goodresult.
From someprojectionsreconstructionis not possible.But
thosecasescanclearly be classi ed, as canbe seenlater.

Figure4 (left) shawvs the setof projectionsthatcanaccu-
ratelybereconstructedTheseare968of the 1000poseghat
arereconstructedvith an error of lessthan 10 centimeters.
In the majority of casesthe error is substantiallysmaller
Figure 4 (right) showvs the 32 projectionswhich cannot
be reconstructedYou can seethat these2D quadrangles
are characterizedby very large (more than 150 degree)
and very small internal angles.We have also performed



this experimentwith smallerangle step sizesin order not
to miss ary other special cases.But there are none. In
fact, the percentageof non-reconstructabl@rojectionsis
always about eight percentof the whole consideredset.
And this is due to the before mentionedspecial casesof
guadranglesFurthermore we found that projectionswith
bad reconstructionresults are close to the con guration
wherethe reconstructiorfailed.

To get additional evidence for 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 theseprojecﬁognswas determinedas follows:

= i=1 ) i J

Where ; denotethe intelrnlal angles of the quadrangle
in R2. That meanswe take the deviation of the internal

anglesto 90 degreeas criterion, becausenve assumefrom

the experimentsabove, that reconstructiorproblemsresult
from very large andvery smallinternalangles Thelearning
algorithmcameup with compactrulesthatpredictwhenthe

reconstructiomwill fail andwhenit will succeedAs aresult,

two rules have 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 interpretationpurposeswve also considerthe average
deviation: mean = 7
Rule 1 saysthatif is smallerthan284 degreesthe predic-
tion will succeedThis rule hascapturedmorethan80% of
the casesanda predictionaccurag of 98%. Thatmeanswe
have a high probability, thatthe reconstructiorwill succeed
for mean < 71 degee hencefor 19 degee< ;| <
161 deg ee The secondrule that predictsfailure applies
if is larger than 314 degreewith an expectedprediction
accurag of about80%. With the samerational, we can
conclude,that ; > 168 degeeand ; < 12 degee
causescritical cases.We conductedthe sameexperiment
for projectionswith good and bad reconstructionresults,
wherebadrefersto errorslargerthen5 centimeterThereby
the caseswhere the reconstructionwould fail have been
neglected. In this case, more than two rules have been
learned but the summarizecconclusionsarethe same.In a
certainrangeof angle i, we have a high probability that
the reconstructionerror is smallerthan 5 centimeter and
outside of this rangethe error increasesThat means,by
limiting the internal anglesfor the quadranglehypotheses
to be considered,we can not only guaranteewith high
probability that the reconstructionwill succeedbut also
that the error doesnot exceeda certainupperbound.

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

gree(26 < ; < 154.

a) Discussion:Evenmoreimportantthantheapparent
robustnessandaccurag of thereconstructionmethodis that
we canbuild predictive modelsfor theaccurag andsuccess
of applying the methodto a given group of lines. This is
becausehe reconstructiorstepis a stepof an autonomous
explorationprocesghattherobotperformsto acquirea map
of its ervironment.Thus,if therobotdetectghata particular
reconstructioris not promisingit caninfer a positionfrom
which thereconstructiorof the hypothesizedbjectis likely
to succeed.

B. In uence of inaccumte 3D-measuements

We have studiedthe in uence of errorsin depth mea-
surementsvith realworld imagedata.Depthmeasurements
have beengeneratedwith the Small Vision Systemfrom
SRI [9]. As statedabove inaccuraciesrom 3D measure-
ments can be evaluatedby the meansof scaling errors.
Therefore,we have chosenthe width and height of the
rectangulaobjectasa criterion for quality measuresin all
gures (left) the depictedquadranglegwhite) are backward
projections of the reconstructed3D rectanglesinto the
image. It can be seenthat theseback projectionst very
well to the image data. The questionis, how well does
the reconstructedectangledescribethe actual rectangular
object.

Fig. 5. Door frame experimentl

Very prominentrectangulaobjectsin a variety of indoor
ervironmentsare door frames. All door frames depicted
here(g. 5, g. 6)are210centimetehighand101centime-
terwide. Smaller3D rectanglesncludefor exampleposters
or white boardg( g. 8) aswell ascomputemonitors(g. 7)
in of ce environments.The noisy depthmeasurementare
depictedontherightin all those gures. Tablel summarizes
the reconstructiorresultsfor the presentedexamples.

It can be seenthat the reconstructiorfor different sce-
narios and rectangularobjects is very accurate.Which
leads to the conclusion that the presentedapproachis
very well suitedfor automaticgeneratiorof representations
for 3D rectangularobjectsin indoor ervironments. The
accurayg increasedf more than one 3D corner point can
be measuredandis given to the reconstructioralgorithm.

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



Fig. 6. Door frame experiment2

experiment original size | reconstructegize
Door 1 210x101 207.2x104.3
Door 2, LeftFront 210x101 208.5x105.3
Door 2, RightFront 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 |

SUMMARY OF RECONSTRUCTION RESULTS.
The valuesfor original and reconstructed
size denoteheight width in centimeters.

cameraare comparedwith the projected (reconstructed)
3D rectangle.Also it can be expected,that tracking those
3D object hypothesesover time and meging the corre-

spondingobsenation will lead to a further increasingof

robustnessand accurag.

Fig. 7. Monitor in of®ce ervironment

Fig. 8. White boardin a hallway

V. CONCLUSIONS

We presentecdh novel approachfor acquiring modelsof
task-rel@ant objects. The reconstructionalgorithm devel-
opedin this paperis robust against discretizationin the
imagesensoranderrorsfrom the depthmeasurementd.hat

meansrectangular3D objectscan robustly and with high
accurag be reconstructedrom their 2D projectionsand
one 3D measuremendf a cornerpoint of that object. This
hasbeendemonstratedy simulation-based@nd real world
experimentson a B21r mobile robot. The main advantages
of this approachcan be summarizedas follows. Objects
are explicitty modeledin the ervironment map without
assumingoo muchmodelknowledge.Therespectie object
representationgan be autonomouslyacquiredwith high
accuray. And informationfrom the subsequerdgtepsof the
reconstructiomalgorithm can be utilized to actively control
the exploration behaior.

Our ongoingresearcttompriseghe following threadsof
developmentandinvestigation. We arecurrentlydeveloping
a vision- and laserbased robot navigation system that
allows our robot to safely explore indoor ervironments.
This navigation systemenablesus to fully integrate the
vision-basedbjectrecognitioninto our Region & Gatevay
mappingsystemandto acquirecompletemapswith object
models.Anotherline of researchnvestigatesand develops
objectrecognitionalgorithmsfor othercateyoriesof objects,
in particularcubic objectslik e tables,closetsetc. The accu-
ragy androbustnesof the differentreconstructiormethods
will furtherbeimproved by methodswhich werediscussed
in subsectionll-A andIV-B.
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