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Abstract— This paper presents an approach to create topolog-
ical maps from geometric maps obtained with a mobile robot in
an indoor-environment using range data. Our approach utilzes
AdaBoost, a supervised learning algorithm, to classify edcpoint
of the geometric map into semantic classes. We then apply a
segmentation procedure based on probabilistic relaxatiotabeling
on the resulting classifications to eliminate errors. The tpological
graph is then extracted from the individual different regions and
their connections. In this way, we obtain a topological mapn
the form of a graph, in which each node indicates a region in te  Fig. 1. The leftimage shows a geometric map of a typical inégowironment
environment with its corresponding semantic class (e.g.ocridor, ~ With rooms, doorways, and a corridor depicted in colgmsy levels. The
or room) and the edges indicate the connections between them middie images show two simulated range scans in the geanmesp. The
Experimental results obtained with data from different real-world ~ "'9ht image depicts the corresponding semantic-topoigitap.
environments demonstrate the ffectiveness of our approach.

| InTRODUCTION Examples for typical simulated range scans obtained in an

Topological maps have been quite popular in the robotiefice environment are shown in the middle images of Figure 1.
community because they are believed to be cognitively mofé&e classification is then done using a sequence of classifier
adequate, since they can be stored more compactly tHaarned with the AdaBoost algorithm [15]. These classifézes
geometric maps and can be also communicated more eabiljit in a supervised fashion from simple geometric feature
to users of a mobile robot. In the past, many researchers h#éivat are extracted from range scans simulated in a preyiousl
considered the problem of building topological maps of tHabeled map of a similar environment. To remove noise and
environment from the data gathered with a mobile robot. Tigdutter from the resulting classifications, we apply an apgh
question of how to augment such maps by semantic inforngenoted as probabilistic relaxation labeling [13]. Frore th-
tion, however, is virtually unexplored. Whenever robote asulting labeling we construct a graph whose nodes correspon
designed to interact with their users, semantic infornmatido the regions of identically labeled poses and whose edges
about places can be important. A robot that possesses tigigresent the connections between them. Additionallyh eac
knowledge can be instructed, for example, to go to the kitchenode contains geometrical information about the regioapt r

In this paper, we consider the problem of learning topologiesents, like the area, the centroid and the orientatiogpial
cal maps with semantic information from geometric maps tht@pological map obtained with our approach is shown in the
were obtained with a mobile robot in an indoor-environmefiight image of Figure 1. Experimental results shown in this
using range data. Our approach is based on the assumptton pager illustrate that our method can determine the semantic
indoor environments, like the one depicted in the left imafye topological map of an environment with a recognition rate
Figure 1, can be typically decomposed into areas wiffedént of more than 98%. We also present results that illustrate
functionalities such as rooms, corridors and doorways, aHtat our approach can even construct a topological map of
that these areas build the vertices of a topological grapl. Tan environment from which no training data was available.
connections of the vertices are then given by the neightmathd-urthermore, we compare the extended set of simple features
of the regions in the occupancy map. For example, a doorwaged in our AdaBoost algorithm with the one previously
is typically connected to two rooms, two corridors, or to applied by Martinez Mozost al. [10]. Experimental results
room and a corridor. illustrate that our features provide better classificatiesults.

Throughout this paper we assume that the robot is given aThis paper is organized as follows. After discussing relate
map of the environment in the form of an occupancy grid [12Jvork in the following section, Section IIl describes the se-
Our approach then determines for each unoccupied cell bf sumantic AdaBoost classifier. Then, Section IV introduces the
a grid its semantic class. This is achieved by simulatinghgea new set of simple features used in the system described here.
scan of the robot given it is located in that particular catld Furthermore, Section V describes the probabilistic relara
then classifying this scan into one of the semantic classe@proach. In Section VI we then explain the method used to



extract semantic regions and to create the final topologidalbest weak classifiers. Throughout this work we will use
map. Finally, in Section VIl we present experimental resulthe approach by Viola and Jones [19] in which each weak

obtained using our approach. classifierh; depends on a single-valued featuffes R
Il. ReLarep Work hi(x) = { +1 if pjfi(x) < p;; B
In the past, dferent algorithms for creating topological : -1 otherwise

maps have peen proposed. Ku.ipers and Byun [l eXtr?PZ{WereHj is a threshold ang; is either-1 or +1 and thus
distinctive points in the map, which are defined as the loc presents the direction of the inequality. The parameters

maximum of some measure of dist_inctiven_ess. K(_)rten_kf’:\rgﬂd p; are determined during the training process of the
and Weymouth [7] fuse the information obtained with V'S'oglgorithm

and ultrasound sensors to determine topologically retevan . : .

. .~ The generalized Adaboost is only able to predict the label
places. Shatkey and Kae_lbhng [16].apply a HMM Iearmn? € {+gl -1} of an example as gositive oFr) negative. To
approach to learn topological maps in which the nodes reF)aed'ditionally estimate the probability of a particular lghse

sent points in the plane. Thrun [18] uses the Voronoi diagraun%e the method suggested by Friednearal. [3]. It uses the

to find critical points, which minimize the clearance logall output of AdaBoost to determine a confidence value [0, 1]
Additionally, Kuipers and Beeson [8] applyftBrent learning for a positive classification of an example= P(y = +1 | ;()_

algorithms to calculate topolog|cal maps of.enwronments._l_he so far described method is able to distinguish between
These former approaches only identify points in the map that - .

. . ) Wo classes of examples, namely positives and negatives. In
have special properties but they do not include any means for

' . _~ practical applications, however, we want to distinguish be
extracting the types of places or even regions. Our appraach : o
. . . . . . fween more than two classes. To create a multi-class classifi

contrast, is able to identify complete regions in the map lik : .
) . . -we used the approach applied by Martinez Moebal. [10],
corridors, rooms or doorways, which have a direct relation

with a human understanding of the environment. which creates a sequential multi-class classifier using 1

Additionally, several authors considered the problem bj;nary classifiers, wher& is the number of classes we want

: e : % recognize. Additionally, we use the method by Stachatss
Identifying certain types of places. For example, Buschi aal, [17], in which the classification output of the decision

Sdfiotti [2] describe a virtual sensor that is able to identif¥ : . .
. : ist is represented by a histogramEach bin ofz stores the
rooms from range data. Also Koenig and Simmons [6] usé

. robability that the classified example belongs tokHk class
a pre-programmed routine to detect doorways from ran§% ording to the sequence
data. Althaus and Christensen [1] use sonar data to detact g q
corridors and doorways. With respect to place classifinatio k-1
our approach is most similar to the algorithm proposed by M = ¢ I_l(l—C,-), 2)
Martinez Mozost al.[10] in that we also apply the AdaBoost j=1
algorithm. However, we use a probabilistic variant of thﬁ/hereckz
classifier and additionally we apply a probabilistic reléxa
labeling to incorporate similarity constraints betweenghe

boring points and to eliminate false classifications.

Py =+1| x) andCk = 1.

IV. LAser Dara FEATURES

As explained in the introduction, in order to classify each
I1l. SemaNTIC CLASSIFICATION OF PosEs USING ApaBoost free cell in the occupancy grid map we simulate a range scan
Boosting is a general method for creating an accuraite its position ray-casting in the map. The simulated scans
strong classifier by combining a set of weak classifiers. Thiee use correspond to a robot equipped with a 360 degree
requirement to each weak classifier is that its accuracy fisld of view laser sensor. Each simulated laser observation
better than a random guessing. In this work we will use thben consists of 360 beams. Each training example for the
boosting algorithm AdaBoost in its generalized form présén AdaBoost algorithm consists of one laser observation and
by Schapire and Singer [15]. The input to the algorithm isits classification. Throughout this paper we assume that the
set of labeled training exampleg,(y,),n = 1,..., N, where classification of the training examples is given in advance.
each x, is an example and eacyy € {+1,-1} is a value The single-valued features used in the Adaboost algorittem a
indicating whetherx, is positive or negative respectively. Ingeometrical features used for shape analysis. The featursss
our case, the training examples are composed by simulates rotationally invariant to make the classification of agos
laser observations as described in Section IV. In seveddpendent only on the (X,y)-position of the robot and not of
iterationst = 1,...,T, the algorithm repeatedly selects ats orientation. We define a featufeas a function that takes
weak classifieth(x) using a distributionD over the training as argument one observatiore O and returns a real value:
examples. The selected weak classifier is expected to hdye) € R. Compared to the features employed by Martinez
a small classification error in the training data. The idea dlozoset al. [10], we use an extended feature-set additionally
the algorithm is to modify the distributio® increasing the containing the features shown in Table I. In our practical
weights of the most diicult training examples in each round.experiments we found out that these additional featurestigre
The final strong classifier is a weighted majority vote of thenprove the robustness of the resulting classifier.



TABLE |

NEw LASER FEATURES where
M L
1) Average and standard deviation of the fraction between th q.(')(l) = ZCij rij(|,|’)p(.r)(|’) ) 4)
length of two consecutive beams. ! = =1 !

2) Average and standard deviation of the fraction between th
length of two consecutive beams divided by the maximum Note that the compatibility cdﬁcientsrij(l, I’) c [_1, 1] do

beam length. ; ’ indi
3) Circularity. LetP be the perimeter of the area covered by |the not need to be symmetric. A Valm@’(l’ I ) close to-1 indicates

beams and\ be the area covered by the beams. The circul 1r|ty that |abe"/ |S Un|lke|y at nOdalj When Iabe“ occurs at node

is defined ag?/A. Vi, whereas values close to 1 indicate the opposite. A value
4) Average and standard deviation of the distance from time |ce

troid of A to the shape boundary &, divided by the maximunh of exactly -1 indicates that the relatlon_ls not possible and a
distance to the shape boundary. value of exactly 1 means that the relation always occurs.
5) Number of gaps. Two consecutive beams form a gap iff the Probabilistic relaxation provides a framework for smonothi
Irhe:gt;(r)]r(;ldbetween the first and the second is smaller than a but does not specify how the compatibility ¢heients are
6) Kurtosis. The kurtosis is defined as computed. In this work, we apply the d&eients as defined
SN (length(bean) - y* , by Yamamoto [20]
N- o4 B 1 pi(h) T "
_ - 2] Eo ) teo<men
wherel is the average beam length andthe corresponding WAL= pii (1) 1 h .
standard deviation. SO otherwise

where p;;(l | I") is the conditional probability that node
has labell given that nodev; € N(v) has labell’. Each of
the valuesp;(l) and pij(l | I’) are pre-calculated only once and
V. PrOBABILISTIC RELAXATION L ABELING remain the same during the iterations of the relaxationgssc
Thus, the cofficientsR remain the same as well.

One of the key problems that need to be solved in orderS0 far we described the general method for relaxation

to learn accurate topological maps, in which the nodes cdPeling. It remains to describe how we apply this method
respond to the individual rooms an the environment, is fgr spatial smoothing of the classifications obtained by our

eliminate classification errors. In this section, we apty t ~daBoost classifier. To learn a topological map, we assume a
probabilistic relaxation labeling, which has been introeiby 91ven two-dimensional occupancy grid map in which each cell

Rosenfeldet al. [13], to smooth the AdaBoost classificationdxy) Stores the probability that it is occupied. We furthermore
based on neighborhood relations. consider the eight-connected graph induced by such a grid.

Let vi = V(xy) be a node corresponding to a celjyy) from
She map. Then we define a neighborhddg(v(yy)) using the
8-connected cells ty(yy) as described in [4].

For the initial probabilitiesiongy)(l), we use the output of

e classifier as described in Section Ill. Our set of labels
is L = {corridor, room doorwaywall}. For each nodeyyy)

Probabilistic relaxation labeling is defined as followst L
G = (V,E) be a graph consisting of nodég = {vy,...,n}
and edgesS € V x V. Let furthermoreL = {l1,...,I } be a
set of labels. We assume that every ngdstores a probability th
distribution about its label which is represented by a lgsim

P;. Each binp;(l) of that histogram stores the probability thaIn the free space of the occupancy grid map, we calculate

L

the nodev; has the label. Thus, 3, pi(1) :.1' ) the expected laser scan by ray-casting in the map. We then
For each nodes, N(v) c V denotes its neighborhood|assify the observation and obtain a probability distiiu

which consists of the nodeg # v; that are connected 10, gyer all the possible places according to Equation (2).

vi. Each neighborhood relation is represented by two valug$e classification outpuz for each pose X y) is used to

Whereas the first one describes the compatibility between tfitialize the probability distributiorng)y) of nodevy). For

labels of two nodes, the second one represents the influeﬂ1cee nodes lying in the free space the probabibﬁg) (wall
—q(r:(l 1 ) . ! Y)
between the two nodes. The tefh= {rij(L.I') | v; € N(w)} of being a wall is initialized with 0. Accordingly, the nodes

defines the compatibility cdiécients between the labélof . . . A

, . corresponding to occupied cells in the map are initializét w
nodev; and the label’ of v;. And C = {¢; | vj € N(v)} isthe (g (wall) = 1
set of weights indicating the influence of nodeon nodev. Pecy o

. . L S Each of the weights;; € C is initialized with the valuet,
Given an initial estimation for the probability distribati antsy) 8

) . . . indicating that all the eight neighbovs of nodev; are equally
over Iabglspi _(l) for the nodev;, the proE)ab|I|st|c relaxation important. The compatibility caBcients are calculated using
method iteratively computes estlmatpg M, r=212...,

=2 0 -+ -> Equation (5). The valuep;(l) and pjj(l | I’) are obtained from
based_ on the initial pro_bab|llt|.esi;)i (1), the compatibility gtatistics in the given (occupancy grid) map correspontting
codfficientsR, and the weightg” in the form the training data as will be described in Section VII.

Oy [1+ () VI. REGION EXTRACTION AND TOPOLOGICAL M APPING
i [ "4 ] , (3) We define a regiom; on a adjacency graplf as a set
iz B () [1+ qi(r)(l')] of 8-connected nodes with the same laheFor each label

pi(r+l)(|) —



| e {corrido;room doorway, regions are extracted from
the adjacency graph using the algorithm by Rosenfeld and
Pfaltz [14]. Each region, is assigned a ¢tierent identifier.
The connections between regions are extracted using aasimil
algorithm [4]. Finally, a topological grapfi = (V, &) is
constructed in which each nodee Vg represents a region
and each edges € & represents a connection. Additionally
we add to each node information about the properties of
the region; which represents: area, centroid, and major and
minor axis of the ellipse approximation df. The major and
minor axis are vectors which represent the elongation of the
region and its orientation. The topological graph, togetti¢h

the region properties form the final topological map. We final
apply a heuristic region correction to the topological map t
increase the classification rate:

1) We mark each region corresponding to a room or a
corridor whose size does not exceed a given threshold of
1nm? compared to the training set as classification error
and assign the label of one of its connected regions.

2) We mark each region labeled as doorway whose size

(b) Sequential classification (c) Incorrect regions

does not exceed a given threshold of 0?1lsguare (— Door3
meters or that is connected to only one region as false ‘ '
classification and assign the label of one of its connected {_ C°”'d°’}
regions. [Dooré}l ) ( : Door5 | #ooré

VII. E XPERIMENTS .
Room 5|

. . Room 3‘ E Room{
The approach described above has been implemented and

tested using occupancy maps obtained from real enviroranent

The laser range data used for the training and classification (d) Resulting topological map

were simulated using the Carnegie Mellon Robot Navigation mmmm cOrfidor  mmmm—. room doorway

Toolkit (CARMEN) [11]. The goal of the experiments is toFig. 2. This figure shows (a) the training and test map of thiging 79 at

demonstrate that we can construct a semantic-topologiapl nie University of Freiburg, (b) the result of applying thesential AdaBoost
with a classification rate of 97.27%, (c) the result of apmlyrelaxation and

of t)_’F_Jical indoor environments using only laser range dat@e detection of incorrect labeled regions (marked witicle®), and (d) the
Additionally, we analyze whether our method can be usdidal topological map with the corresponding regions.

to create a topological map of an environment for which
no training data were available. Furthermore, we analyee th _ _ _ _
improvement of the sequential AdaBoost classifier using otite topological map is created using the connections betwee

new set of features. regions. As can be seen in Figure 2(c), some regions detected
] as doorways (marked with circles) do not correspond to real
A. Indoor Environments doorways. After applying the steps described in SectiontVI o

The first experiment was performed using data obtained time corresponding topological map, these false doorwags ar
the dfice environment of building 79 at the University ofeliminated. Furthermore, the two left rooms situated alibee
Freiburg. This environment contains rooms, doorways andcarridor are detected as only one region. That is due to the
corridor, which has a length of approximately 22m. For thiact that the doorway in between was not completely detected
sake of clarity we give the result of the obtained classificat Thus, the two rooms remain connected and are classified
by separating the environment into two parts. The left h&lf @s only one region. The final topological map, depicted in
the environment contains the poses used as training examplegure 2(d), has a final classification rate of 98.95% of the
(see Figure 2(a)), and the right half of the environmeniata points.
was used for test classification and for the topological mapin a second experiment we created a topological map of
creation. We used the sequential classifier corridor-roduchv the right part of the fiice environment of building 52 at
correctly classifies 97.27% of the test examples. The clake University of Freiburg (see Figure 3(a)). The length of
sification is depicted as colgggey levels in Figure 2(b). the corridor in this environment is approximately 20m. Afte
After the sequential classification, the probabilisti@reltion applying the sequential AdaBoost classifier room-corritiar
method explained in Section V is applied for 50 iterationglassification of the test set was 97%. Like in the previous
This method generates more compact regions and eliminaggperiment, we applied the relaxation process for 50 i@mat
noise. The result is illustrated in the Figure 2(c). Finallyas well as the operations for region correction. The finalltes



TABLE Il
CLASSIFICATION RESULTS OF OUR FEATURE SET COMPARED TO THE ORIGINAL FEATURE

SET PROPOSED BY MARTINEZ Mozos et al.[10].

Classifier Sequence Our feature set [%][| Original feature set [%)]
room-door 96.94 93.94
room-corridor 97.26 93.31
corridor-room 97.27 93.16
corridor-door 87.73 80.10
door-corridor 87.21 80.10
door-room 86.60 80.49

topological map is depicted in Figure 4. We use the sequence
corridor-doorway which gives a first classification of 9226

As can be seen in Figure 4(d), rooms number 11 and 30
are originally part of the corridor, and thus falsely cléissi.
Moreover, the corridor is detected as only one region, algio
humans potentially would prefer to separate it into stXedtent
corridors: four horizontal and two vertical ones. Doorways
very difficult to detect by the sequential classifier. The majority
(b) Sequential classification  (c) Incorrect regions of poses detected as doorways dissappear after the relaxati

process because they are very sparse. The main reason for the
Room 1* ﬁ Room 2 problem of doorway detection is that the maps havtedint
[Doorl‘] [‘Doorzj

sizes and resolutions, and the features are not scaleamari

‘ ‘ In the final topological map, 96.94% of the data points are
I coricor] correctly classified.
(Boor37) r‘m We also analyzed the results obtained without applying
[

the relaxation process. This had severdikes. First, omit-
ting the relaxation procedure reduces the classificatite. ra
Furthermore, the finally obtained regions typically are enor
sparse and do not represent the original ones as well as with
relaxation. Finally, omitting the relaxation procedurerigases
mmmmm COrridor  mmm— room doorway the number of errors in the resulting topological map. For
Fig. 3. This figure shows (a) the training and test map of thiling 52 at example, the map for the building in Virginia contained four
the University of Freiburg; (b) the result of applying thejsential AdaBoost incorrect nodes without relaxation, whereas there werg onl
with a classification rate of 97%, (c) the result of applyieiakation and the . d h d th babilisti | .
detection of incorrect labeled regions (marked with csglend (d) the final two incorrect nodes when we used the probabilistic relaxati
topological map with the corresponding regions.

[
Room 3 Room 4

(d) Final topological map

C. Comparison with previous approaches

In this final experiment, we compare our feature set de-
gives a classification rate of 98.66% of the data points. Tlseribed in Section IV with the one proposed by Martinez
different steps of the process are illustrated as cjoeg Mozoset al. [10]. For this purpose, we trained a sequential
levels in Figure 3. As opposed to the previous experiment, tAdaBoost classifier for each of the feature sets using the
doorway between the two right-most rooms under the corridaining set shown in Figure 2(a). Thdi@rent sequential clas-
is correctly detected (Figure 3(c)). Therefore, the roomes asifiers were then applied to the test set depicted in Figurg 2(
labeled as two dierent regions in the final topological map.The obtained classification results are shown in Table II. As
can be seen, our extended feature-set provides bettetsresul

B. Application to a New and Unknown Indoor Environment. .
in all of the experiments.

This experiment is designed to analyze whether our ap-
proach can be used to create a topological map of a new VIII. ConcLusios
environment from which no training data were available. To In this paper, we presented a novel approach to create
carry out the experiment we trained a sequential AdaBodspological maps from indoor environments. Our approach
classifier using the training examples of the maps shown applies AdaBoost to learn a strong classifier for categugizi
Figure 2 and Figure 3 with fferent scales. In this way, places into semantic classes such as rooms, doorways, end co
we obtained a classifier with a better generalization. Thiglors. We then apply a probabilistic relaxation processhan
resulting classifier was then evaluated on scans simulatedrésulting classifications to reduce classification errbisally,
the map denoted as “SDR site B” in Radish [5]. This mawe extract regions and their connections. The advantadesof t
represents an empty building in Virginia, USA. The corridoapproach is that the nodes of the resulting graph correspond
is approx. 26 meters long. The whole process for obtainieg tto the individual semantic regions.
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Fig. 4. This figure shows (a) the original map of the buildiffg) the
results of applying the sequential AdaBoost classifier vitltlassification
rate of 92.36%, (c) the resulting classification after thieaxation an region
correction, and (d) the final topological map with semantioimation. The
regions are omitted in each node. The rooms are numbered lgdiht and top
to bottom with respect the map in (a). For the sake of clattity,corridor-node
is drawn maintaining part of its region structure.

Our approach has been implemented and evaluated on vari-
ous maps from real-world environments. Experiments demon-
strate that our approach is well-suited to create topo#dgic
maps from indoor environments even without training thecla
sifier for each environment. Furthermore, we presentedtsesu
demonstrating that the features we applied for place lageli
yield better results than those used in previous approaches
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