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Abstract—We presenta new approachto mapping of
indoor envir onments,where the envir onment structur e
in terms of regionsand gatewaysis automatically ex-
tracted, while the robot explores. Objects, both in 2D
and 3D, are modelled explicitly in those maps and al-
low for robust localization. We refer to thosemaps as
object-oriented envir onment representationsor region
and gatewaymaps.RG mapping is capableof acquiring
very compact, structur ed, and semantically annotated
maps. We show that thosemapscan be built online and
that they are extremely useful in plan-basedcontrol of
autonomousrobotsaswell as for robot-human interac-
tion.

I . INTRODUCTION

Many autonomousmobile service robots use
maps,modelsof their environments,asresources
to perform their tasks more reliably and ef�-
ciently. So far mapshave mainly be employed
for reliableandef�cient navigation in therobot's
operating environment. The most commonly
usedmap representationsfor thesepurposesin-
clude probabilistic occupancy grid maps,maps
thataresetsof geometricprimitivessuchaslines
or planes,andtopologicalmapsthatrepresenten-
vironmentsas graphswith landmarksas nodes
andarcslabeledwith controlroutinesfor navigat-
ing betweenneighboringlandmarks. An excel-
lent survey of mappingalgorithmscanbe found
in [9]. However, as autonomousservicerobots
becomemore sophisticatedand are to perform
morecomplex tasks,new requirementsfor maps
arise: mapsmustrepresentthe structureof envi-
ronments,including rooms,hallways, and door-
ways, and they must storethe task-relevant ob-
jectsin theenvironment.

The need for quick deployment of service
robotsalso requiresthe robotsto autonomously
acquire maps of their new operating environ-
ments. Consequently, a numberof techniques
for the acquisitionof environment mapsof of-
�ce buildings, museums,and other indoor en-
vironmentshave beendeveloped[1], [11], [3].
While mostrecentmappingalgorithmshavebeen

designedto acquirevery accuratemaps[4], [3],
[10], [5], [7], little attentionhasbeenpaid to ex-
tendthesealgorithmsto acquireadditionalinfor-
mationabouttheenvironmentor make therepre-
sentationcompact.

In this paperwe describeRG mapping(Region
and Gateway mapping) an autonomousrobot
mappingsystemthat is capableof acquiringRG
maps (Region and Gateway maps). RG map-
ping makes several important technical contri-
butions to existing mappingtechniques,in par-
ticular to Gutmann's scanmatching[4]. First,
RG mapping infers compact yet accurateline
segment-basedgeometricdescriptions. Because
these2D-linemapsdescribeareasasasmallnum-
ber of line segmentsthey yield smaller search
spacesfor generatingobjecthypotheses.Second,
RG mapscapturehierarchicalstructuresthat are
typically foundin indoorenvironmentssuchasof-
�ce buildings andappartments.Third, RG maps
storemissionrelevantobjectsin theenvironment.
RG mapsrepresentenvironmentsas a setof re-
gionsconnectedby gateways. 1 Regionsarede-
scribedcompactlyusing a set of line segments.
Regions also containsetsof object hypotheses,
wherewe restrictourselvesto objectclassesthat
arerectangular, suchaspictures,andobjectsthat
can be representedby boundingcuboids, such
asdesks.The gatewaysrepresenttransitionsbe-
tweenregions.

Theremainderof thepaperis organizedasfol-
lows. The next sectiondescribesour maprepre-
sentation. After the map descriptionwe brie�y
sketchthemappingsystem.Finally, we conclude
with experimentalresultsanda discussionof on-
goingwork.

I I . MAP REPRESENTATION

Sincebuildings, in particularof�ce buildings,
aredesignedto befunctional,well-priced,andef-

1 In cognitive sciencesimilar mapshave beenproposedin the
context of cognitive [2] andtopologicalmapping[6].



Region Gateway
in general in particular

Metric 2D/3Ddatafor sensor
basedlocalization

Mapof 2D line segments

2D/3DObjecthypotheses 2D/3DRectangles;
2D Circle;
(evt. BoundingCubes)

FeatureVectorfor
recognition/classi®cation

BoundingRectangle;
1st,2ndordermoments;
mainaxes;freespace

Characteristicmeasures accuracy/completeness
ConnectedGateways
(asreference)

List of pointersto
Gateways

List of Sub-Regions not yet supported

in general in particular
Characteristicfeaturesfor
detection,recognitionand
traversalobservation

Gatewaypoints;
CrossingPoints
plustraversal
direction

Classlabel L/R-Turn,
X/T-Junction,
Narrow Passage,
Open/Close-
Transition

Adjacentregions
(asreference)

List of pointersto
regions

Metric 2D/3Ddata notyet supported

TABLE I
SUMMARY OF THE FEATURES OF REGION & GATEWAY MAPS

�cient, they sharesalientdesigncharacteristics.
They are structuredinto rooms that can be en-
teredthroughdoorways.Suchregionsareusually
connectedto other roomsand/orhallways. And
hallways can be connectedby L/R-Turns, X/T-
Junctionsetc.In thissectionweproposeRGmaps
asameansof representingsuchstructures.
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Fig. 1. Region& GatewayMap

Before we lay out our basic representational
conceptslet us �rst consider�gure 1 to get an
intuition of how of�ce environmentsare repre-
sentedasan RG map. The mapshows threere-
gions: region 1 to 3 connectedby two gateways
of typeNarrow Passage. Theregionsarevisual-
ized throughtheir geometricdescription,a setof
line segments.Boundingboxesof theregions,the
smallestrectanglecontainingall possiblerobot
positionsin the region, areindicatedthroughthe
background�ll patterns.Amongotherthings,the
geometricdescriptionis usedto predictthe laser
scanthat the robot shouldreceive at a given lo-
cationwithin theregion. Notethat thegeometric
descriptioncontainslines that areoutsidethe re-
gion's boundingbox. This is becausetheselines
can be seenthrough the gateway and usedfor

robotself-localization.
RG mapsare tupleshR; Gi , whereR denotes

a set of regions and G is a set of gateways that
representthepossibletransitionsbetweenregions.
A regionhasacompactgeometricdescription(for
now we use2D-line segments),a boundingbox,
oneor two mainaxes,a list of adjacentgateways,
andasetof objecthypotheses.

Fig. 2. Visual3D landmarks(objecthypotheses)

The geometricdescriptionof a region consists
of a setof 2D lines that bestmatchthe received
laserrangedataandodometryreadings.Thelines
of a region producea very compactand accu-
rateline basedlocal 2D-map. Regionsareasso-
ciatedwith a measureof accuracy that speci�es
how accuratelythegeometricdescriptionre�ects
the sensordataobtainedin this region. Region
representationsalsocomprisea setof objecthy-
potheses,whicharesubsetsof 2D linesthatmight
belongto thesameobjectin 3D.Thiswill beused
asaninitializationfor camerabasedobjectrecog-
nition in future work. The key idea for suchan
approachis depictedin �gure 2 andwill be ex-
plainedin moredetail in thenext section.

The secondkey componentof our maprepre-
sentationaregateways. Gatewaysrepresenttran-
sitionsfrom oneregionto another. In indoorenvi-
ronmentsseveral typescanbedistinguished,e.g.
hallway T/L/X-junctions as well as narrow pas-
sagesandchangesfrom a rathernarrow hallway



into an open room, e.g. a lobby, seealso �g-
ure 3. Gateways are speci�ed by a classlabel,
adjacentregions, traversal directions, crossing-
points and gateway-pointsthat can be usedfor
detectingwhena gateway is enteredandleft. A
numberof researchersincludingKortenkamp[6],
Youngblood[11] and Chown [2] have proposed
gatewaysas�rst classobjectsin maprepresenta-
tions. TableI summarizesall featuresof regions
andgateways.Whereas”in general”refersto the
more generaldescriptionof features,”in partic-
ular” points out what hasbeenimplementedal-
readyor is currentlyworkedon in thecontext of
ourmapping/navigationsystem.
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Fig. 3. gatewayswith crossing-points(� ) and
gateway-points(� )

I I I . MAP BUILDING

After having describedRG maps,we will now
turn to thequestionof how they canbeacquired.

Figure 5 depicts the overview of the map-
ping and navigation system. Currently, we run
the systemon a B21 mobile robot from iRobot
Corporationequippedwith a 180 degree laser
range �nder that is mountedhorizontally at a
height of about forty centimetersfacing to the
front. The senor data is �rst synchronized
with odometryreadingsto allow for fusing dif-
ferent measurements(laser, vision) within one
map. Laser scanpackets are then fed into the
ScanMapper whichallignsthescansusingGut-
mannand Konolige's Local Registration/Global
Correlation(LRGC) algorithm[4]. TheRegion
& Gateway Mapping module utilizes those
scansto detectgatewaysandgeneratea compact
mapof 2D line segments.Furthermoreit usesthe
datato calculate2D objecthypotheses(rectangle,
circle) which canbe usedfor global localization
aswell asfor initializing imageinterpretation.

Thepathplanningwithin a regioncanbeeasily
performedusingmethodslike voronoi-diagrams,
mid-point path planning or steepestgradient.
Globally, thetrajectorycanbeplannedutilizing a
graphrepresentationof theRG mapandthenap-
plying roadmapplanning. Localizationwithin a
region usesparticle�lter andscanmatching.For

global localization it is necessaryto be able to
recognizeregionsbasedon thebeforementioned
featurevector. Also anactionhistorycanbeuti-
lized to not considerall possibleregionsbut only
themostlikely accordingto thepaththerobothas
taken.

Fig. 5. Overview of theMapping& NavigationSystem

Furthermore,the map initializes and supports
the generationof 3D object hypotheses,which
worksasfollows. First,weextracttheroomstruc-
ture from the 2D-line set describingthe region.
That meansestimatingthe positionof the walls,
which is similar to the beforementionedbound-
ing rectanglefor a region. The lines includedin
thatrectanglearegroupedinto objecthypotheses.
For example,an of�ce closetwould have a rect-
angularoutline.Suchadescriptionprovidesclues
concerningdepthirregularities,whichcanbecor-
relatedwith 3D-dataderived from stereo-vision.
In thisspecialcase,wecouldassumeacubein 3D
andsearchfor theregardingverticalandhorizon-
tal lines aswell, seealso�gure 2. Togetherthis
meansthat thevision based3D mappingprocess
is initialized with the 2D information retrieved
from laserdata.Anotherexampleis a posteron a
plainwall, e.g.in ahallway. Firstwe�nd therect-
angledescribingtheposterandmeasurethepose
of thecornersin globalcoordinates,thenwerelate
thosecoordinatesto linesin the2D-description.If
therearematchesthey aremostlikely dueto the
wall measuredwith the laserrange�nder. Thus
we can correctthe poseof the posteraccording
to the lasermeasurements.In other words, we
wouldcertainlynotobservetheposterwithoutvi-
sion, but sincedepthinformationobtainedusing
stereo-visionis notaspreciseasdataacquiredus-
ing the laserrange�nder, we usethe latter to in-
creaseaccuracy of the3D-landmarks.

IV. EXPERIMENTAL RESULTS

In this section, we empirically evaluate two
aspectsof RG mapping: the compactnessand
accuracy of the resulting maps. Thereforewe
mappedour recent departmentbuilding at Or-
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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. 4. RGmapof ourdepartment̄ooratTUM IX (Orleanstreet,Munich). Raw data:761laserscans,ca.65000points.

leanstr./Munich which covers an area of about
42x12meters.Theraw datacomprises761 laser
scanswith approximately65000points (see�g-
ure4). A probabilisticoccupancy grid mapof the
samesize and with a resolutionof 20 centime-
tersinvolvesabout12600grid cells. In compar-
ision the RG map we built from the samedata
can be describedwith about600 line segments.
Additionally thelinesareassociatedwith regions,
which resultsin smallersearchspacefor generat-
ing objecthypotheses.

Describingthe environmentwith 2D-line seg-
mentsonly leadsto dataabstractionwherein turn
essentialinformationmightgetlost. Thequestion
at handis whetheror not the datacontainedin
RG mapsis still suf�cient for robust localization.
SchrÈoteretal. [8] show thatRGmapsallow robots
to localize themselves very acurately. Someof
thelocalizationexpertimentscanalsobefoundat:
http://www9.in.tum.de/people/schroetd/...

...Research/ExploreMovies/movies.html

V. CONCLUSIONS

In this paperwe have presentedRegion and
Gateway (RG) mapping, a novel approachto
laser-based2D line mappingof indoor environ-
ments. We have shown in experimentson au-
tonomousrobotsthat RG mappingis capableof
acquiring very compact, accurate,and region-
structured2D line maps. In our overall research
agendaRG mapsare an importantmilestonein
our developmentof a vision-based3D mapping
systemthat computesmapswith 3D object hy-
potheses.Besidesthe developmentof a vision-
based3D objecthypothesesgenerationsystemwe
intendto developbetterexplorationstrategiesand

dealwith dynamicobjectssuchasdoors.
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