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A Virtual Sensor for Room Dete
tionP. Bus
hka A. SaÆottiCenter for Applied Autonomous Sensor SystemsDept. of Te
hnology, �Orebro UniversityS-70182 �Orebro, Swedenfpar.bus
hka,alessandro.saÆottig�aass.oru.seAbstra
tIndoor environments typi
ally 
onsist of sets of 
on-ne
ted room-like spa
es. We present a lo
al te
hniquethat uses range data to dete
t these spa
es duringnavigation. Our te
hnique in
ludes two parts: seg-mentation, whi
h isolates room-like spa
es and de-te
ts when the robot has entered a new one; andfeature extra
tion, whi
h asso
iates ea
h spa
e witha set of geometri
 features useful for navigation orre
ognition. Many su
h features 
an be 
onsidered:here we propose a new method to 
ompute width andlength of a re
tangular room in a way whi
h is largelyinvariant with respe
t to the 
on�guration of the fur-niture. We report experimental results that show theperforman
e of our te
hnique, and hint at a possi-ble use of this te
hnique for 
oarse lo
alization on atopologi
al map.1 Introdu
tionMost indoor environments are stru
tured in termsof en
losed spa
es, like rooms, halls and 
orridors,and passages between them, like doorways and jun
-tions. For a mobile robot to operate in these envi-ronments, it is useful to be able to re
ognize thesear
hite
tural elements, to dete
t the transition be-tween one element and the next, and to distinguishdi�erent elements. This is ne
essary, for instan
e, inorder to perform 
oarse self-lo
alization, thus know-ing at ea
h moment in whi
h room or 
orridor therobot is lo
ated. This ability 
an also be useful to se-le
t an appropriate navigation strategy, for instan
eusing wall following inside 
orridors and point-to-point navigation inside rooms. Finally, this ability
an fa
ilitate human-robot 
ommuni
ation, by allow-ing robots and human to use the same terms (e.g.,\room-31") to refer to lo
ations in the environment.Common sensors used in mobile robots, like range-�nders and vision sensors, 
annot dire
tly dete
tstru
tural elements like rooms and 
orridors. In thispaper, we propose a te
hnique to build a virtual sen-

sor whi
h dete
ts room-like spa
es during naviga-tion, and asso
iates them with a number of 
har-a
teristi
 features. Our virtual sensor uses range(sonar) data and odometri
 information as its maininputs.A few approa
hes to dete
t room-like spa
es have al-ready been proposed in the literature. Some of theseapproa
hes fo
us on the 
omputation of a unique sig-nature of a room, so that the same room 
an laterbe re-identi�ed. For instan
e, Sara
hik [12℄ �nds thedimensions of a room using vision, and Jan�et [7℄ ex-tra
ts room signatures using a neural network. Theseapproa
hes, however, do not deal with the problemof partitioning, or segment, the spa
e into a set ofrooms: they simply assume that the robot knowsitself to be inside a room [12℄, or that the part ofan o

upan
y grid relative to the room has alreadybeen extra
ted by hand [7℄. Other approa
hes dealwith the segmentation problem, by partitioning thespa
e into a set of distin
t, topologi
ally 
onne
tedsub-spa
es. For instan
e, Thrun [13℄ partitions ano

upan
y grid into regions separated by lo
al nar-rowings. The identi�ed regions, however, do not ne
-essarily 
orrespond to rooms and 
orridors. Fabriziand SaÆotti [5℄ use te
hniques borrowed from the�eld of image pro
essing to partition an o

upan
ygrid into \large open spa
es separated by narrowpassages." Their approa
h 
orre
tly partitions thegrid into rooms and 
orridors. However, this is aglobal approa
h, that relies on the availability of afull, metri
ally 
onsistent map of the environment,and it 
annot dire
tly be used to build the type ofon-line virtual sensor that we envisage in this paper.The algorithm proposed in this paper addresses all ofthe above problems: it automati
ally segments thespa
e into room and 
orridor regions; and it 
om-putes a set of 
hara
teristi
 parameters for ea
h re-gion. Moreover, the algorithm is in
remental: it onlymaintains a lo
al (in a topologi
al sense) map of thespa
e re
ently explored by the robot, and it gener-ates information about ea
h dete
ted room while the
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(
) (d)Figure 1: (a) original gridmap; (b) fuzzy morpho-logi
al opening; (
) watershed segmentation; (d) 
or-responding topologi
al map.rooms are being visited.The rest of this paper is organized as follows. We�rst outline the global segmentation algorithm usedto dete
t room-like regions, and show how to modifyit to perform in
remental dete
tion. We then de-s
ribe a new model-based approa
h to 
ompute pa-rameters (width and length) of these regions that isinsensitive to the furniture 
on�guration. The re-sulting algorithm is illustrated by a series of experi-ments performed on a real robot. These experimentsare also used to evaluate the robustness of the algo-rithm under di�erent 
onditions. We 
on
lude thepaper by hinting at the use of our virtual sensor toperform 
oarse topologi
al lo
alization.2 Node Extra
tionIn this se
tion, we show how to partition the environ-ment into a set of open spa
es (rooms and 
orridors)
onne
ted by narrow passages. Full details of thiste
hnique 
an be found in [5℄.We start by building a fuzzy gridmap, de�ned as atwo-dimensional array of 
ells with asso
iated realvalues in the interval [0; 1℄. In our 
ase, the gridmapis a representation of the workspa
e of the robot, andea
h 
ell value represents the degree of belief in theemptiness of a portion of the environment (Fig. 1a).Details on fuzzy gridmaps and on how to build themfrom range data 
an be found, e.g., in [10, 4℄.We then pro
eed to extra
t topologi
al informationfrom this gridmap. The key step for this is to thinkof the gridmap as a gray-level image, and to use te
h-niques from image pro
essing to analyze it. In par-ti
ular, we use fuzzy mathemati
al morphology [1℄

to gather information about the shape of the emptyspa
e represented in the gridmap; and fuzzy digitaltopology [11℄ to extra
t the topologi
al stru
ture ofthis information.Mathemati
al morphology deals with the extra
tionof shape from a digital image. The shape to be ex-tra
ted is spe
i�ed in terms of a stru
turing element,a small pattern that is mat
hed against the neigh-borhood of ea
h pixel in the image. The mat
hingrules are de�ned by a pair of operators, dilation anderosion. In our 
ase, the shapes we want to extra
tare large open spa
es. To a
hieve this, we use a 
oni
stru
tural element to expresses the fuzzy 
on
ept ofa large spa
e: intuitively, a larger open spa
e is onein whi
h we 
an �t a larger portion of the stru
turingelement. This stru
turing element is used to �lter thefuzzy map by an opening operator, that is, erosionfollowed by dilation. The result of applying this op-erator to our fuzzy gridmap is a new gridmap wherethe value of ea
h 
ell represents how mu
h that 
ellbelongs to a large open spa
e | see Fig. 1 (b).The morphologi
al information represented in thetransformed gridmap is still dispersed into small por-tions. To 
apture the topologi
al stru
ture of thisinformation, we use a watershed algorithm [14℄ topartition, or segment, the gridmap into a set of 
on-ne
ted 
omponents. The intuition here is to see thegridmap as a lands
ape with valleys and peaks, andto 
ompute the watershed that separates the valleys.The watershed partitions the gridmap into a set of
onne
ted regions, whi
h 
an be interpreted as \largeopen spa
es" bounded by o

upied spa
e or narrowpassages. Fig. 1 (
) shows the regions obtained byapplying this algorithm to our sample gridmap, andFig. 1 (d) shows the 
orresponding topology, wherelinks indi
ate adja
en
y relations.Some pre
aution must be taken to redu
e the impa
tof noise in the original gridmap. Noisy data may pro-du
e small undulations in the lands
ape, whi
h mayresult in spurious watersheds. Also, spe
ular re
e
-tion phenomena may result in small \phantom" re-gions of empty spa
es outside the spa
e boundaries.In order to �lter these sour
es of noise, we fuse re-gions that are only separated by a low watershed [9℄,and we remove regions whose size is below a giventhreshold.3 In
remental Node Extra
tionThe above node extra
tion pro
edure is global, andit 
annot be dire
tly used to build the type of on-line virtual sensor that we have in mind be
ause oftwo reasons. First, we want our sensor to have alimited 
omputational 
ost. But the global gridmap
ontinuously grows as the robot visits new areas in



(a) (b) (
)Figure 2: In
remental extra
tion. (a) Initial state.(b) A new node is dete
ted. (
) Oldest data areerased and the lo
al gridmap is re-pro
essed.the environment, thus requiring in
reasing 
ompu-tational resour
es for node extra
tion. Se
ond, wewant to use only range and odometri
 informationin our sensor. But the error in the odometri
 po-sition estimate of the robot a

umulates over time,and then a gridmap built using only odometri
 es-timates will inevitably be
ome distorted after sometime.In order to address these problems, we modify thenode extra
tion algorithms to operate on a lo
algridmap, and to only use the most re
ent range mea-surements. The pro
ess is illustrated in Fig. 2, wherethe robot path is also shown.The lo
al gridmap is built in
rementally, by addingat ea
h step all the new measurements re
eived sin
ethe previous update. After the update, we applythe node extra
tion pro
ess to the lo
al gridmap, asshown in (a) in the �gure. The morphologi
al oper-ations used in that pro
ess 
an be done lo
ally overan area limited to the 
ells that were a�e
ted by thelast update, in
reased by twi
e the size of the stru
-turing element [1℄. Then the pro
ess is iterated. In(b), a new, earlier unknown node is generated in thesegmentation pro
ess. We take this to mean that therobot has entered a new node, and then update thetopologi
al boundaries of the lo
al gridmap: we dis-
ard the oldest measurements, rebuild the gridmapusing the measurements left, and repeat the segmen-tation (
).The sele
tion of whi
h data to keep is topologi
al.We want the measurements from the nearest topo-logi
al neighborhood to be kept, and dis
ard the rest.This means we keep the measurements asso
iatedwith the nodes that the robot has traversed and are
losest to the node the robot 
urrently o

upies.More pre
isely, we de�ne the entry point ei;t for nodei at node extra
tion time t. Let Ni;t; i = 1; : : : ; ntdenote all spa
e o

upied by node i of nt nodes attime t and let pj;t; j = 1; : : : ;mt denote the pointfrom whi
h measurement j of mt measurements wastaken at time t, ordered so that pj;t was measuredbefore pj+1;t. Then ei;t = pl;t where l = minfjjpj;t 2Ni;tg. Intuitively, ei;t is the point where the robot

(a) (b) (
)Figure 3: 2nd-order moments of three room regions.�rst entered the node i.We also order the entry points and their asso
iatednodes so that ei;t was measured before ei+1;t, and asa 
onsequen
e node Ni;t was traversed before nodeNi+1;t.Every time we do a node extra
tion we �nd theseentry points for ea
h node traversed. We then 
om-pare the number of nodes extra
ted, and if nt > nt�1then we have a new node. This 
ondition providesthe main output of the in
remental extra
tion: a sig-nal that the robot has moved from one node to thenext. This also means that we need to 
hange thenotion of \lo
ality" of our lo
al gridmap. We deleteall the measurements pj;t 2 Nr;t; r < (nt � s) wheres denotes the number of nodes for whi
h we wantto save measurements, that is, our topologi
al neigh-borhood. By doing so, we keep a lo
al gridmap thatonly 
orresponds to the latest s nodes extra
ted.4 Computing the Node ParametersThe above algorithm gives us a way to dete
t whenthe robot has entered a new room-like node. Formany appli
ations, it is useful to 
omplement this in-formation by a set of parameters asso
iated to ea
hnode. These 
an be used to distinguish di�erentrooms, to re
ognize an already visited room, or tohelp in de
iding the navigation strategy.A few approa
hes have been proposed in the liter-ature to 
ompute parameters of a room-like spa
e[12, 7, 3℄. These approa
hes typi
ally extra
t pa-rameters meant to uniquely identify a given room.A 
ommon 
hoi
e to do this, inspired by the �eld ofimage pro
essing, is to 
ompute the n-th order mo-ments of the room region in the gridmap [3℄. Forinstan
e, in our previous work we have used 
entral2nd order moments to 
ompute the width and lengthof the nodes [6℄.Moment-based approa
hes depend on the geometri
shape of free-spa
e in the room. Be
ause of this,these approa
hes are intrinsi
ally not invariant withrespe
t to the 
on�guration of the obje
ts (furniture
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h angle.or people) inside the room. Fig. 3 illustrates thisproblem. The top row shows three gridmaps builtfrom (simulated) sonar data by visiting the sameroom under three di�erent layouts of the furniture| in the last 
ase the room was empty. The bottomrow shows the 
entral 2nd order moments represent-ing the major and minor axes of the shape: both thevalue and the orientation of these axes di�er in thethree 
ases.In the work presented here, we explore the use ofa model-based te
hnique to extra
t parameters thatdes
ribe the room shape and dimensions in a morerobust way. We make two key assumptions: (i)the nodes that we try to identify (rooms and 
orri-dors) have a re
tangular shape; and (ii) the observedempty spa
e in a room fully lies inside the re
tangu-lar 
ontour of that room. Based on these assump-tions, we extra
t the room 
ontour by sear
hing thebounding re
tangle of the empty spa
e in the roomthat has the greatest overlap with the frontier of thatempty spa
e. See [8℄ for a related approa
h.We pro
eed in four steps:First, we extra
t the fuzzy frontier of a given roomregion R by 
omputing its fuzzy morphologi
al gra-dient, 
alled grad(R). The morphologi
al gradientis given by the di�eren
e between the grid obtainedby dilating R and by eroding R with the same fuzzystru
turing element. In our 
ase, we use a 
one witha support of n pixels. The result is a grid where thevalue at ea
h 
ell tells us how 
lose that 
ell is to thefrontier of R. Fig. 4 (left) shows the fuzzy morpho-logi
al gradient 
omputed for the room region shownin Fig. 3 (b).Se
ond, we then 
onsider all possible orientationsbetween 0Æ and 90Æ, dis
retized by a �xed step d. Forea
h su
h orientation �, we 
ompute the boundingbox of region R oriented as �, and we 
all it boxR(�).Fig. 4 (left) shows the boxes obtained for � = 5Æ and� = 25Æ, respe
tively.Third, for ea
h �, we 
ompute the degree by whi
h

(a) (b) (
)Figure 5: Best-mat
h boxes for three room regions.boxR(�) overlaps the fuzzy gradient grad(R) of R.This is given byoverlapR(�) = 1NR X
2boxR(�) grad(R)(
); (1)where NR is the number of pixels in boxR(�). In-tuitively, this degree tells us how mu
h the pixels inthe bounding box boxR(�) lay on, or 
lose to, the
ontour of region R. Fig. 4 (right) shows the value ofoverlapR(�) for � 2 [0; 90℄ in our example. The twoboxes drawn on the left of the pi
ture are the bestand worst mat
hing boxes, respe
tively.Finally, we 
hose the � that maximizes the value ofoverlapR(�), and we 
ompute the parameters of thebounding box (width and height) for this �.Fig. 5 shows the results obtained by applying theabove pro
edure to the regions in Fig. 3 above. In thethree 
ases, the pro
edure 
omputes a similar bound-ing box, whi
h 
orresponds to the a
tual boundaries(wall) of the room. Correspondingly, the values ofthe width and height parameters are similar in allthe three 
ases. This suggests that these parametersdes
ribe the shape and dimensions of the room irre-spe
tive of the internal 
on�guration of obje
ts, pro-vided that the two assumptions above hold. The ex-perimental results reported below support this 
on-je
ture.Other parameters 
an be extra
ted and asso
iated tothe nodes if we wish so. For instan
e, the width andheight values 
an be used to 
ompute the e

entri
-ity of the region, whi
h 
an be used to 
lassify spa
esinto rooms (low e

entri
ity) and 
orridors (high e
-
entri
ity) [6℄. Also, we 
an use parameters that de-s
ribe the shape of the empty spa
e in the room, likethe n-th order moments mentioned above, in orderto improve the ability to dis
riminate di�erent roomswith similar dimensions. This would be done, how-ever, at the expense of being less robust with respe
tto 
hanges inside the room.5 ExperimentsThe above method has been implemented in a soft-ware module whi
h takes as input a stream of rangemeasurements plus odometri
 information, and pro-du
es as output a signal indi
ating that the robot



Figure 6: The oÆ
e environment used for the ex-periments, with an approximate size of 46� 12 me-ters.has entered a new node, together with a set of pa-rameters for the node just exited. This module a
tsas a virtual sensor for on-line room dete
tion. Inour 
urrent implementation, ranges are provided bysonar sensors. The extra
ted parameters in
lude thewidth and height of the best-�t re
tangle, 
omputedas des
ribed above.We have run three series of experiments on a Magel-lan Pro robot manufa
tured by IRobot and equippedwith a ring of 16 sonars equidistantly pla
ed aroundthe robot. The robot was tele-operated in an of-�
e building with several rooms and a large 
orridor(Fig. 6). Several of these rooms have the same sizebut di�erent 
on�gurations of furniture. The roomswere visited so that a gridmap of the entire room
ould be built.The �rst set of experiments was intended to test thea

ura
y of node extra
tion, that is, to make surethat exa
tly one node was generated for ea
h roomtraversed. The robot was guided into 25 rooms, andthe result of the segmentation was inspe
ted visually.Only rooms that were segmented in exa
tly one nodewere 
ounted as 
orre
t extra
tions. (We ignored
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orridors.) 21 rooms out of 25 were extra
ted 
or-re
tly while 4 were in
orre
tly split into two nodes.There are two main reasons for these errors: �rst, thefurniture in these rooms a
tually divided the spa
einto two loosely separated areas; se
ond, althoughour fuzzy segmentation te
hnique produ
es, for ea
hpair of adja
ent regions, a degree of 
onne
tivity be-tween them, we then use a �xed threshold to de
idewhi
h regions are distin
t and whi
h ones are not. Abetter solution would be to use this degree to asso-
iate ea
h edge between regions to a value that in-di
ates its strength: multiple topologi
al hypotheses
ould then be impli
itly represented and maintained,ea
h one weighted by a degree.The se
ond set of experiments was meant to test thestability of the parameters extra
ted when the sameroom was visited in di�erent ways, or when di�erentsets of measurements were used. To do this, we man-ually sele
ted entry points from extra
ted nodes, re-move the measurements that pre
eded those points,and then applied our node and parameter extra
tionalgorithm to the remaining measurements. The his-tograms in Fig. 7 (top) show the distribution of themeasured width (a) and length (b) for 40 di�erentexperiments in the same room. These results showthat our method is fairly insensitive to the size of thelo
al map used.The last set of experiments was designed to evalu-ate the robustness of the extra
ted features (widthand length) with respe
t to 
hanges in the internalshape of the room. We have extra
ted these fea-tures for 19 rooms that all have the same width andlength, but have di�erent 
on�gurations of furnitureand were visited in di�erent ways. The histogramsin Fig. 7 (bottom) show the distribution of the mea-sured width (a) and length (b) for these 19 rooms.Although the varian
e is obviously greater than whenrepeatedly visiting the same room, the results showthat the extra
ted parameters are relatively insensi-tive to the room 
on�guration, as it was desired.6 Dis
ussion and Con
lusionsWe have presented a method to in
rementally ex-tra
t room-like nodes from range data in a mobilerobot. This method has been implemented as a \vir-tual sensor" that produ
es two types of information:(i) an indi
ation that the robot has moved from onenode to the next, and (ii) a set of parameters that
hara
terize ea
h node. Our algorithm has a low
omputational 
ost, and 
an be run in real time dur-ing robot navigation: pro
essing of a typi
al lo
algridmap (80 � 100 
ells and three regions) is done inabout 190mse
 on a Pentium-II 400MHz pro
essor,in
luding both segmentation and parameter extra
-tion.



Experimental eviden
e indi
ates that the informa-tion provided by our virtual sensor is relatively stablewith respe
t to transient 
hanges in the geometry ofthe rooms, e.g., due to a di�erent 
on�guration of thefurniture. Robustness 
ould be further improved byasso
iating ea
h node transition with a value thatindi
ates the strength of that transition. Anotherextension 
ould be to in
rease the set of parameters
omputed for ea
h node, in order to better dis
rimi-nate between similar rooms.The proposed virtual room sensor has a number ofpotential appli
ations, some of whi
h have been men-tioned in the Introdu
tion. In our work, we will usethis sensor for two tasks: (i) to in
rementally build atopologi
al map of an indoor environment as a graphof rooms and 
orridors; and (ii) to perform 
oarseself-lo
alization on this map. For point (ii) we are
onsidering the use of Markov te
hniques [2℄.More spe
i�
ally, assume we have a topologi
al mapM where ea
h node N represents a room and hassome attributes asso
iated with it. We denote byBelt(N) our belief of being in node N at time t.This belief 
an be updated, whenever we dete
t anode transition a or we measure the parameters r,by Bayes rule:Belt+1(N) = K p(rjN) XN 02M p(N ja;N 0)Belt(N 0)where K is a normalizer, p(rjN) is the probability ofmeasuring parameters r when in node N , p(N ja;N 0)is the probability of being at node N given that wewere at node N 0 and dete
ted a transition a. The aand r measures needed in order to perform the aboveupdate are pre
isely the information provided by thevirtual sensor proposed here.7 A
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