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Abstract—This paper addressesthe problem of automatic
construction of a hierarchical map from images.Our approach
departs from a large collection of omnidir ectional imagestaken
at many locations in a building. First a low-level map is built
that consistsof a graph in which relations betweenimagesare
representedFor this we usea metric basedon visual landmarks
(SIFT features) and geometrical constraints. Then we use a
graph partitioning method to cluster nodes and in this way
construct the high-level map. Experiments on real data show
that meaningful higher and lower level maps are obtained,
which can be usedfor accurate localization and planning.

Index Terms—mobile robots, vision based navigation, hier-
archical map building, topological map

|. INTRODUCTION

Mobile robot localization and navigation requiresan in-
ternal representatiorof the ervironment. Traditionally such
a model is representedas a 2D geometric model of the
workspace of the robot, indicating admissible and non-
admissibleareas Becauseof recentprogressn sensortech-
nology (vision sensors2D laserscanners)thesemodelstend
to becomequite complex (such as 3D planar maps with
texture, 3D landmarkpositions),resultingin a large number
of parametershat have to be storedand estimated.

Hierarchalapproachegombininghigher level conceptual
maps(usuallytopologicalmaps- graphstructuresvith nodes
representingplacesand edgesor links representingossible
transitions) with lower-level, geometrically accurate,local
maps have a numberof adwantages.One of the problems
with comple (3D) mapsis that the numberof parameters
which have to be estimatedn a SLAM procedurencreases
very fastwith the spatialextentof the map. The advantageof
splitting the representatioimto smallerpartsis thatit makes
better parameterestimationpossible,if the nev problem of
maintainingconsisteng betweerocal representationsanbe
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solved[12]. A secondadwantageof a hierarchicalrepresenta-
tion is that hierarchicalpath planningmethodscan be used.
We shav in [3] that such planning methodshave compu-
tational advantagesover non-hierarchicaplanningmethods.
Finally, athird advantageof a hierarcly of mapsis thatit can
facilitate the interactionof the robot with humans,because
the elementsin the higherlevel map (e.g., the nodesin the
graph) can be madeto correspondto conceptsthat make
senseto humans(rooms, corridors), insteadof metric (x,y)
coordinateghat are not intrinsically meaningfulto humans
in of ce and homeenvironments.

Theissueaddresseih this paperis how to createa higher
level conceptualmap which can be usedin a hierarchical
framavork. Differentapproachesiave beenproposedn ear
lier work. In humanaugmentednapping,a humansupervisor
indicateswhich placesareto serne asnodesin the graph[2].
Alternatively, an existing metric representatiortan be used
to derive a higher level topological map using geometrical
methodssuch as generalizedvVoronoi graphs[5]. It is also
possibleto use sensorydata directly for the creationof a
higherlevel map.In [16], [10] a setof imagesof the robot's
ervironmentis groupedbasedon the presenceof a number
of automaticallyextractedlandmarks.

In this paper we describean alternatve algorithm for
generatinga higher level topological map directly from
images.The algorithmis basedon an appearance-basedp-
resentationyhich is a representatiomnvherethe ervironment
is not modelledgeometrically but as an “appearancenap'
that consistsof a collection of sensorreadingsobtainedat
variousposeq11],[14],[8]. In ourapproactwe do notassume
the posego be known but just usean unordereccollectionof
omnidirectionalimagestaken at mary placesin the building.
Thealgorithm rst constructsa graph(‘low level' topological
map)from all imagesby usinga groupingcriterionthattakes
into accountboth the presencef the visual landmarkgSIFT
features)and the constraintsimposedby the geometry of
the ervironment. This initial stepis similar to an algorithm
from a different eld [21] that was usedto group images
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from the samesceneof a TV movie. We further de ne
a criterion for grouping the imagesof the ervironment so
that imagesfrom a corvex area,a room for example, are
naturally groupedtogether This criterion correspondgo the
normalized graph cut criteria from graph theory [9]. The
exact solution is computationallyexpensve and we use a
standardapproximatesolution [9].

In section2 we give a brief overview of spacerepresenta-
tions in robotics and relate them to the method presented
in this paper In section3 we describehowv to generate
a low-level topological map of the spacefrom the images
of the ernvironment. Section4 gives somedetails aboutthe
underlying computervision algorithms neededto do that.
Section5 describesour graph-theoretienethodfor grouping
the imagesand extracting a higher level conceptualmap
of the spacefrom the low-level topologicalmap de ned in
sections3 and4. Our experimentalresultsare presentecind
discussedn Section6.

Il1. RELATED WORK - HIGHER LEVEL (TOPOLOGICAL)
MAPS FROM IMAGES

Our methodis anappearancenapmethodbasednimages
obtainedby the robot using a visual sensar The imagesare
2D projectionsof the 3D space.Standardalgorithmsfor 3D
reconstructionfrom images[7] usually extract the metric
information incrementally Typically the different levels of
extractedmetric information are:

Step 1: At this level imagesare groupedbasedsolely on
theirimmediateappearancdmagesfrom the samepartof the
ervironment(a room, a corridor) are expectedto look sim-
ilar. Typically, imagesare groupedtogetherby determining
whetherthey have similar landmarks.This grouping based
on immediateimage appearanc@roducesa straightforvard
higher level representatiorof space.However, in large en-
vironmentsthe probability that imagesfrom completelydif-
ferentplacesare groupedtogethercan becomehigh. This is
sometimescalled "perceptuahliasing'. To reduceperceptual
aliasing, [16] proposesto take into accountthe horizontal
orderingof landmarksin the image,yielding what they call
* ngerprint representationsSimilarly, [10] proposes global
descriptionof imagesusing SIFT featureqg13] aslandmarks
andtheir distribution within theimage.This provided a more
distinctive representatiomf the space.

Step 2: At this level the imagesare groupedbasedon
theirimmediateappearancéut also on the geometryof the
space.From two imagesand a set of matchinglandmarks
one can perform two-view geometricreconstructionof the
space(see[7] and sectionlV). This requiresthat not only
similar landmarksare presentbut alsothat they comefrom
the samereal-world 3D positions (up to a scale factor).
This requirementis much stricter than thosein [16],[10].
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Therefore, perceptualaliasing is very rare even in large
environments(see[21] andalsothe remainderof this paper).

Step 3: By matchingthe landmarksover more than two
views it is possibleto reconstructthe cameraposesfor the
images,3D positionsof the landmarks,and nally perform
dense3D reconstructiorof the space(up to a scalefactor)
[7]. This dense3D reconstructiorcanthenbe usedto obtain
a precise2D geometricalimap of the ervironment.A higher
level conceptuamapcan,in turn, be extractedfrom this 2D
geometricalmap using the methodsdescribedin [23],[15].
Note that to apply thesemethodswe needto use comple
and computationallyexpensve algorithmsto perform the
complete3D reconstructionandthatin generakhe 3D recon-
struction problem cannotbe consideredcompletely solved,
especiallyfor large ervironments.

The metric reconstructionin this paper stopsat step 2,
where geometricconstraintsare imposed,and for example
informationaboutocclusionsandvisibility is alreadypresent.
In the remainderof this paperwe shav (sections3-5) how
to use this information and build a natural higherlevel
representatiorf the space.

I1l. LOWER LEVEL TOPOLOGICAL MAP FROM IMAGES
USING APPEARANCE AND GEOMETRICAL CONSTRAINTS

A generalde nition of a topological map is that it is a
graph-like representatiorof space.A setof n nodesV of
the graphrepresentistinct positionsin space,and edgesor
links of the graphencodehow to navigate from onenodeto
the other[6]. The nodesandthe edgescanbe enrichedwith
somelocal metric information.

In this paper asis typical in appearance-basegproaches,
eachnoderepresents locationand correspondso animage
taken at that location. As the result from n imageswe get
a graph with n nodesthat is describedby a symmetric
matrix S calledthe “similarity matrix'. For eachpair of nodes
i,j [L::;n]thevalueof theelementS; from S de nesthe
similarity of the nodes.In our approachS; is equalto 1 if
andonly if it is possibleto perform3D reconstructiorof the
local spacefrom the two imagescorrespondindo the nodes.
Otherwisethereis no link betweenthe nodesandS; = 0.
Our 3D reconstructions basedn the ScalelnvariantFeature
Transform(SIFT) featureg13] asthe automaticallydetected
landmarksin the image.The algorithmwe are usingfor the
3D reconstructioris describedn more detail in sectionlV.
An example of sucha graphthat we obtainedfrom a real
datasetis givenin gure 2h.

This graphcontains,in a naturalway, information about
how the spacein anindoor ervironmentis separatedy the
walls and other barriers.Imagesfrom a corvex space,for
examplea room, will have mary connectionsdetweenthem,
and just a few connectionsto imagesfrom anothercorvex
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spacefor examplea corridor, thatis connectedvith theroom
via a narrov passagefor examplea door. In section5 we
describehow to extract suchgroupsof imagesautomatically
from the graph(V; S).

Thereare variouswaysto de ne the similarity metric for
Sj . The simplemetric we useis directly relatedto the robot
navigationtask.For localizationandnavigationthe robotcan
usethe samealgorithm as the one usedto de ne the edges
of the graph(V;S). An edgein the graphdenotesthat 3D
reconstructions possiblebetweertheimageshatcorrespond
to the nodes.This also meansthat if the robot is at one
nodeit candeterminethe relative locationof the othernode.
Therefore,if there are no obstaclesin between,the robot
candirectly navigatefrom onenodeto the other(as,e.g.,in
[17]). If thereare obstaclespne could rely, for example,on
an additionalreactive algorithm for obstacleavoidancethat
is using range sensors Furthermore additionalinformation
canbe associatedvith the edgesof the graph.For example,
if we reconstructhe metric positionsof the nodes(usingthe
imagesor if we measurghemin someotherway), we could
alsoassociatehe Euclideandistancebetweernthe nodeswith
eachedge.This could be usedfor betternavigation and path
planningusingthe graph.However, this is beyond the scope
of this paper

IV. VISUAL LANDMARKS AND GEOMETRIC
CONSTRAINTS

Having describedthe generalprocessof constructingthe
lower level topological map, we proceedto describesome
of the detailsof the underlyingcomputervision algorithms.
First we extractdistinctive pointsfrom images Examplesare
a corner T-junction, a white dot on black backgroundetc.
Suchpointsareoftenusedin the computervision community
as automaticallydetectedandmarks.Here we usethe SIFT
feature detector [13]. The SIFT feature detector extracts
also the scale of the feature point and describesthe local
neighborhoodof the point by a 128-elementrotation and
scaleinvariant vector This vector descriptoris also robust
to somelight changes.

A. Matching Landmarks

Visual landmarksare usedoftenin roboticsfor navigation
[22],[29],[18]. It is possibleto reconstructboth the camera
imagesand the 3D positionsof the landmarksby matching
(or tracking) landmarksthroughimages.On-line simultane-
ous localization and reconstructionof landmark positions
was presentedin [1], but currently only for small scale
ervironments.

In this paperwe considerthe generalcasewhen we start
with a setof unorderedimagesof the ervironment. This is
similar to [20]. In practicewe often have someinformation
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aboutorderingof theimages(e.g.a movie asin [1]) or some
othersensoireadings(odometryfor example),which should
be usedin that case.

Most 3D reconstructionalgorithms[7] startwith nding
similar landmarksin pairs of images.Whentwo imagesare
consecutie frames of an image sequencewe could track
the landmarksfrom one image to the other [1]. However,
it is much more dif cult to nd matching landmarksin
an unorderedset of images.Firstly, we needto checkall
the pairs of images, which is computationally expensve.
Secondly thereare no additionalconstraintsas is generally
the casein animagesequence.

In this paper we use a heuristic similar to [21]. For
each landmark from one image we nd the bestand the
secondbestmatchinglandmarkfrom the secondimage.The
goodnesof the matchis de ned by the Euclideandistance
betweenthe landmark descriptors.If the goodnessof the
secondbestmatchis lessthen0:8 of thebestoneit meanghat
the matchis very distinctive. Accordingto the experimentsn
[13], thistypically discard95% of thefalsematchesandless
then 5% of the good ones.This is repeatedor eachpair of
imagesandit is computationallyexpensve. Fastapproximate
methodswerediscussedn [13]. Sinceour datasetswerenot
very big we performedthe full extensve search.

B. GeometricConstrints

The method describedin the previous section nds the
possible matchesfor each pair of imagesfrom our data
set. Let therebe N matchinglandmarkpoints betweenthe
imagesm and|. The 2D image positionsof the points in
the m-th imagein the homogenougoordinatesare denoted
asfpy;::;; p 9. The correspondingointsin the I-th image
arefpy; =1 py . If thei-th point belongsto the staticscene,
then, for a projective camerathe positionsare relatedby:

(") Fpl =0 )

where the matrix F is also known as the ‘fundamental
matrix'. EstimatingF is aninitial stepfor 3D spacerecon-
structionfrom images.

In casethere are initially mary false matches[21], they
must be removed using a method to detect and remove
outliers. Standardrobust M-estimatorsare commonly used,
which can deal with a limited numberof outliers. If there
are more outliers, the robust algorithm called RANSAC is
commonlyused[7]. It was shavn [24] that a combination
that performsbestin mary casess when RANSAC is used
rst andthenthe M-estimator Here, we usethe distinctive
matche<riterion,describedabore andin [13], which already
discardsmary falsematchesln our experimentsve obsened
that the numberof falsematchesis small andit is possible
to usethe robust M-estimatordirectly. We usedthe Huber
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M-estimatorand the standard3-point algorithm[7] for esti-
mating the fundamentaimatrix F .

Residualsof tting the model (1) to eachpair of images
[7] areusedto calculatethe globalstandardieviation  gjopal -
This standardleviationis usedto decidewhenthefundamen-
tal matrix is properly calculated.The g opa iS estimated
robustly using the maximum absolutedifference estimate.
The whole procedurethen,is asfollows:

extract SIFT landmarksfrom all images
nd distinctive matcheshetweeneachpair of images
if thereare morethan8 matches:
— estimatethe fundamentalmatrix usingthe M esti-
mator (could be RANSAC)
— discardmatchesthat deviate morethan 2:5 gpal
— if therearestill morethan8 matchesaddanedgein
the graph- setthe similarity betweentheseimages
to 1.

V. CONSTRUCTING HIGHER LEVEL TOPOLOGICAL MAP
USING GRAPH CUTS

The centralideabehindour methodto constructthe higher
level topologicalmapis to cutthelower level topologicalmap
(describedabove) into a numberof separateclusters,each
of which becomesa higherlevel nodeor higherlevel state.
We will startby introducingsomegraph-theoreti¢erms.The
degree of the i-th nodeof the graph(V; S) is de neg asthe
sumof all the edgesthat startfrom thatnode:d; = = ; Sj .
For nodesA f@where A is subsetof V), volumeis de ned
asvol(A) = , d. vol(A) describesthe “strength’ of the
interconnectionsvithin thesubsefA. GraphV canbedivided
into two subsetdA andB by cuttinga numberof edges.The
sumof the valuesof the edgesthat are cut is calleda graph
cut: X

cut(A; B) = Sjj (2)

iAj B

One may cut V into a numberof clustersby minimizing
(2). This would meanthat the graphis cut at the weakly
connecteglaceswhich usuallycorrespondo doorsbhetween
theroomsor othernarrav passaged-However, suchsegmen-
tation criteria oftenleadsto undesirablgesults.For example,
if thereis anisolatedimageconnectedo therestof thegraph
by only onelink, thenby cutting only this link we minimize
(2). To avoid suchartifactswe usea normalizedversion.The
normalizedgraphcut separateshe graphV into two subsets
A andB by minimizing the following criterion:

1
+
vol(A)  vol(B)
Minimizing this criterion meanscutting a minimal number

of connectionshetweenthe two subsetsbut also choosing
subsetswith stronginterconnectionsThis criterion naturally

nCut(A; B) = ( Jeut(A; B):  (3)
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groupstogetherimagesfrom a corvex area,like a room,and
malkes cuts betweenareasthat are weakly connected.The
algorithm is simply applied again to obtain more clusters.
Finding the optimal solution is computationallyexpensve.
In this paperwe usethe fastapproximatesolutionfrom [9].

The following scenariocan give anotherperspectie on
the normalizedcut criterion. An edgemeansthat the robot
might navigate from one nodeto the other as describedin
Sectionlll. If we assumethat the robot randomly moves
from a nodeto a connectechode,it is possibleto shav [9]
that: nCut(A;B) = P(A! BjA)+ P(B! AjB). Here
P(A! BjA) is theprobability of jumpingfrom subsetA to
subseB if wearealreadyin A andP(B ! AjB) istheother
way around.This meanghatwith thisrandommovementthe
segmentationis suchthatthe robot hasthe lowestprobability
of moving from one clusterto the other

In [3] we shav how path planningcanbe doneusing the
resultinghierarchicamap(the combinationof thelower level
andhigherlevel topologicalmap),andwe shav thatplanning
is actually much more ef cient using the hierarchicalmap,
comparedo just usingthe lower level map.

VI. EXPERIMENTS

The experimentsdescribedn this paperwere designedo
investicate the validity of the methodto extract the lower
level topological map from the images,and the methodto
extract the higher level topological map from the lower
level map. The experimentswere performedusing a robot
equippedwith an omnidirectionalcamerawith a hyperbolic
mirror. Circularimageswere rst transformedo panoramic
images.Next, the SIFT featureswere extracted using the
standardmethod[13].

A. Experimentl: Rohistness

Someexperimentingwas doneto testrobustnesgor vari-
ability in theimages Figurel illustratesthe robustnes®f the
method.Despitethe differentlight conditionsandocclusions,
therewere still enoughmatchego estimatethe fundamental
matrix. Note that constraint(1) did not remove all false
matches Matchesthat are false but still closeto constraint
(1) are not removed.

B. Experiment2: Perceptualaliasing

From a datasetof 234 imagesfrom an of ce ervironment
we constructedthe (lower level) graph using the method
describedn Sectionlll. The links andthe nodesare shavn
in gure 2. The environment consistedof 3 rooms and a
corridor Two roomswere on one side of the corridor and
one on the other side (seealso gure 3 which shows the
actual layout of the rooms). Figure 2a presentsthe graph
when we matchimagesbasedonly on the presenceof the
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Fig. 1. Pairs of panoramicimagestaken at approximatelylm distance
from eachother The lines indicate the matchinglandmarksbetweenthe
two images.
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b) with geometricconstraintyStep2)

Fig. 2. Reducingperceptualaliasing using geometricconstraints.Bird's
eye view of the ervironmentwith the locationswhereeachof imageswere
taken.

landmarks(seesection2, step1). The result of taking into
accountthe geometricalconstraintsis that from the total of
3077 edges,541 were discarded For our ervironment, this
removed all perceptuakliasingproblemsfrom the graph,as
shavn in gure 2b.
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Fig. 3. Higher level conceptualgroupingusing minimal normalizedcuts.
Bird's eye view of the environmentwith the locationswhereeachof images
wastaken. Eachsymbolindicatesa speci ¢ higherlevel state.The grouping
is obtaineddirectly from the imageswithout using the known groundtruth
locations.

C. Experiment3: Building hierarchical map

The normalized graph cut clustering algorithm (section
V) was applied to the graph shawvn in gure 2h The
results,presentedn gure 3, shov meaningfuland natural
segmentationof the space.Note that this segmentationwas
obtaineddirectly from the imagesin an unsupervisedvay.
Oneonly needgo selectthe numberof clustersclusterlabels
neednot be assignedo imagesby a user and groundtruth
(actual positionswhere imageswere captured)is not used.
The resultsfor two different numbersof clustersare shavn
in the gure.

D. Experiment4: Higher Level Localization

We applied the algorithm to a data set that contained
imagesthat cover a much larger area.Again, a meaningful
and naturalsegmentationof the spaceis obtained(see gure
4).
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For this dataset, we performan experimentto investicate
whetherthe robot can, given a singleimageit is assumedo
obsenre currently determinehe correctcorrespondindnigher
level clusteror higherlevel state.We selectoneimagefrom
the dataset and assumethat this is the image obsered by
the robot. We use the rest of the imagesas the map. We
computethe links of the currentimageto the imagesin the
map (Sectionlll). The current higher level clusteris then
estimatedy therobotin a simpleway: we look atthe cluster
labelsof the imagesthat have links to the currentimageand
decidethe currentimages clusterlabel by a majority vote.
This databasehas240images.For only 5 imagesthe higher
level clusterwas estimatedincorrectly andthey were all at
the bordersof the clusters.

Note that without ary additionalinformation we needto
checkall theimagesin orderto nd the higherlevel node.It
is also possibleto speedup this processas discussedn [4].
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Fig. 4. Higherlevel conceptuagroupingusingminimal normalizedcutsin

alarger ervironment.Bird's eye view of the ervironmentwith the locations
whereeachof theimagewastaken. Eachsymbolindicatesa speci ¢ higher
level state.The groupingis obtaineddirectly from the imageswithout using
the known groundtruth locations.

VIl. CONCLUSIONS AND FURTHER WORK

We presentedan algorithm for automaticallygenerating
hierarchicaimapsfrom imagesLower level mapsaredirectly
derived from images, higherlevel maps are derived from
the lower level maps. Experimentson real data shav that
meaningful hierarchicalmapscan be obtained.Advantages
include its robust handlingof the compleities of vision, its
appearance-basethture which does not require extensive
estimation of metric information, and the possibility for
efcient path planning [3]. Our method currently requires
one to specify only the numberof clusters.In future work
we would like to automaticallyselectthe numberof clusters
as well. Online versionsof the algorithm (see[4])are also
interestingfor further research.
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