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tIn 
ontrast to several other types of sensor,
ompasses are used relatively rarely on mo-bile robots. We show that this sensor o�erssome distin
t pra
ti
al advantages for solvingthe problem of simultaneous lo
alization andmapping (SLAM), provided that some reason-able assumptions are made in modelling andreasoning with the un
ertainty in the 
ompassreadings. In this paper, we derive a new max-imum likelihood map learning algorithm for a
ompass-equipped mobile robot based on a sta-tisti
al model of the noise. Experiments arepresented in whi
h a 
omplex, real world envi-ronment was mapped by a real robot equippedwith an un
alibrated 
ux-gate 
ompass. Thepaper pla
es spe
ial emphasis on understand-ing the assumptions underlying our representa-tions and algorithms, and the impa
t of theseassumptions on the performan
e of the robotin su

essfully solving the SLAM problem insemi-stru
tured oÆ
e environments.1 Introdu
tionThe problem of simultaneous lo
alization and mappingfor mobile robots has attra
ted 
onsiderable interest inthe past few years; see, in parti
ular, the paper in thisworkshop by [Frese and Hirzinger, 2001℄. We agree withmany of the proposals in that paper, espe
ially that it isa good idea to separate the sub-problems of mapping andlandmark identi�
ation. In addition, we believe that itis a good idea to separate the problem of self-orientation,sin
e a 
ompass 
an redu
e the 
omplexity of both themapping and self-lo
alization problems by an order ofmagnitude. Examples of self-orientation using a geo-magneti
 
ompass sense 
an be found in nature, e.g., inpigeons [O'Keefe and Nadel, 1977℄, and magneti
 
om-passes have been used for navigation on steel ships formany years.However, magneti
 
ompasses are rarely used on mo-bile robots due to a popular 
on
eption that \this isknown not to work properly in buildings whi
h 
on-tain large amounts of steel" [Frese and Hirzinger, 2001℄.

While this may be true in some extreme 
ases, we havefound that, for pra
ti
al purposes, a 
ompass 
an be avery useful extra sour
e of sensory information for navi-gation in indoor environments, provided that some rea-sonable assumptions are made in modelling and reason-ing with the un
ertainty in the 
ompass readings. In thispaper, we show that this sensor 
an be used togetherwith other sensors to obtain an eÆ
ient solution to theSLAM problem in semi-stru
tured oÆ
e environments.The paper is stru
tured as follows: First, we des
ribethe map representation used in our approa
h (Se
. 2).Then we derive a new maximum likelihood map learningalgorithm for a 
ompass-equipped mobile robot, basedon a statisti
al model of the noise (Se
. 3). This algo-rithm is proved to 
onverge to a globally optimal solu-tion and 
an be used to update the map at a 
omputa-tional 
ost that is linear in the number of pla
es storedin the map. Se
. 4 presents experiments on a Nomad 200robot equipped with an un
alibrated 
ux-gate 
ompass,in whi
h large oÆ
e environments were mapped in real-time, followed by related work (Se
. 5) and a dis
ussion(Se
. 6).2 Environment Model
Figure 1: The map representation.We use a graph-based model of the environment, inwhi
h the nodes 
orrespond to pla
es and the links totraversable paths between pla
es (see Fig. 1). Ea
h nodein the graph is asso
iated with a lo
al o

upan
y grid,
onstru
ted using the robot's ultrasoni
 range-�nder sen-sors, whi
h is used as a pla
e signature. For pla
e re
og-



nition, we use the self-lo
alization algorithm des
ribedin [Du
kett and Nehmzow, 1999℄, whi
h applies an o
-
upan
y grid-mat
hing te
hnique to identify both therobot's 
urrent pla
e in the map and the relative dis-pla
ement of the robot from the 
entre of that parti
ularpla
e.For the following analysis, we de�ne our maps as follows:� The topologi
al 
omponent of the map 
onsists of aset of N pla
e nodes and a set of links that 
onne
tpairs of pla
es.� Ea
h pla
e i is asso
iated with a pair of Cartesian
oordinates ri = (xi; yi)T that are initially unas-signed, as the true 
oordinates are unknown to therobot.� Ea
h link 
onne
ts two pla
es i and j, and is asso-
iated with an estimated metri
 relation (dij ; �ij),measured by the robot, that des
ribes the rela-tive distan
e dij and angle �ij between the twopla
es. The angle �ij is an absolute measurementobtained from the 
ompass sense. In this paper, thelinks were 
onstrained to be bi-dire
tional, that is,dij = dji and �ij = �ji + �.The algorithm derived in the next se
tion aims to as-sign a globally 
onsistent set of Cartesian 
oordinatesfr1; :::; rNg to the pla
es in the map using the noisymeasurements of the distan
es and angles between thepla
es. This noise means that a perfe
t map 
annot begenerated. Instead, we derive a statisti
ally optimal al-gorithm to deal with this problem in a prin
ipled way.3 Maximum Likelihood Map LearningAlgorithmWhen maps are generated from the estimates of dis-tan
es and angles measured by the robot, the geometryof the spa
e will be non-Eu
lidean. For example, theangles inside a triangle may not add up to 180Æ. Be-
ause the robot is exploring in Eu
lidean spa
e, this isa problem. Our map building algorithm aims to �nd aneviden
e-based way of �xing this problem so that themaps are geometri
ally 
onsistent. In previous work,we introdu
ed a naive algorithm to solve this problembased on the assumption of 
ir
ular Gaussian noise inthe robot's odometry [Du
kett et al., 2000℄. In this pa-per, we derive a new improved algorithm from a noisemodel, based on a mu
h more detailed 
onsideration ofthe assumptions underlying our approa
h.3.1 Estimating the NoiseWhen the robot travels between two map pla
es, a largenumber of small distan
es and angles are measured asthe robot 
ontinuously updates its heading. Let Æt bethe displa
ement and �t the heading at the tth step.Then

dji =vuuut0� TjiXt Æt 
os�t1A2 +0� TjiXt Æt sin�t1A2; (1)�ji = tan�1 PTjit Æt sin�tPTjit Æt 
os�t! ; (2)where Tji is the number of steps, i.e., the number ofupdates the robot performs along a path.Assuming that the number of updates made whiletravelling between two map pla
es is large and that thestatisti
al properties of ea
h step are independent, theCentral Limit Theorem [Reif, 1982℄ implies that mea-surements of dji and �ji will be normally distributedaround their true values.Suppose that the noise properties are the same alonga path between two map pla
es (but not ne
essarily be-tween paths) and that su

essive measurements are in-dependent. That is, the measurement of the path frompla
e i to pla
e j is independent of the measurement frompla
e j to pla
e k (this means that the model 
annotdeal with 
umulative phenomena su
h as battery drain).Then we 
an write the estimates of the distan
e travelledand the heading of the robot at ea
h small step asÆt = Æ�t +�Æt (3)�t = ��t +��t (4)where �Æt is the noise in the estimate of the true distan
eÆ�t and ��t is the noise in the estimate of the true angle��t .Assuming that the noise measurements are small 
om-pared to the distan
es travelled, the 
ovarian
e matrixCji of the link measurements (dji; �ji) 
an be 
al
ulatedusing small deviation expansions asCji = TjiR(�ji)�1 � �ÆÆ Æji��ÆÆji��Æ Æ2ji��� �R(�ji); (5)where Æji = (PTjit Æt)=Tji, that is the average distan
ebetween updates, the �ÆÆ , et
. are global noise estimatesof the subs
ripted variables, and �ji is the rotationalerror between the two nodes, where R(�) is the rotationmatrix R(�) � � 
os� sin�� sin� 
os� � : (6)In our model, it is assumed that �ji = 0 be
ause of the
ompass, so the rotation matrix R(�ji) = I . This modelis invariant to global rotations and depends only on thedire
tion of travel. The noise parameters �ÆÆ , et
. are
al
ulated by maximum likelihood estimation as part ofthe new algorithm (eqns. 12{14).



3.2 The AlgorithmThe map 
an be 
onsidered as a set of free nodes that areheld together by springs, where ea
h spring 
onne
ts twoadja
ent pla
es i and j (this analogy 
an also be foundin [Lu and Milios, 1997a; Golfarelli et al., 1998; Shatkay,1998℄). Ea
h spring rea
hes minimum energy when therelative displa
ement between the 
oordinates of node iand node j is equal to the ve
tor (dij ; �ij) measuredby the robot. Equilibrium is rea
hed in the whole mapwhen the total energy over all of the springs rea
hes aglobal minimum. Thus, global 
onsisten
y is maintainedin the map by minimising the following energy fun
tion,whi
h 
orresponds to the log likelihood:E =Xi 0Xj (ri � rj �Dji)T C�1ji (ri � rj �Dji) ; (7)whereP0j refers to the sum over the neighbours of node i,ri = (xi; yi)T , and Dji = dji � 
os �jisin �ji �.Sin
e ea
h Cji is symmetri
,rEi = 2 0Xj C�1ji (ri � rj �Dji); (8)when the position of node i is updated. Therefore, thealgorithm that �nds the maximum likelihood solution isthe one that �nds the r0i that minimises E, that is,r0i = 0� 0Xj C�1ji 1A�1 0Xj C�1ji (rj +Dji): (9)This 
an be 
onsidered to be a form of Gibbs sam-pling at zero temperature [Reif, 1982℄. One 
omponentis optimised by keeping all of the others �xed.The algorithm derived from equation 9 is given inFig. 2. The basi
 prin
iple of the algorithm is to \moveea
h node to where its neighbours think it should be".By iteration, the 
oordinates in the map 
onverge to-wards a global minimum in the energy fun
tion (equa-tion 7). For on-line map learning, steps 2 and 3 of thealgorithm are inter-leaved with the rest of the navigation
ontrol software so that the map is adapted 
ontinuouslyduring exploration.3.3 Proof of Convergen
eTo prove 
onvergen
e of the algorithm, we show herethat the algorithm always minimises the energy fun
tion(equation 7). When a node i with position ri is updated,its new position r0i will be given by equation 9. Thatis, the new position is pi
ked to minimise the value ofPj(r0i � rj �Dji). Hen
e, the 
hange in energy will be

�E = 0Xj �(r0i � rj �Dji)TC�1ji (r0i � rj �Dji)� (ri � rj �Dji)TC�1ji (ri � rj �Dji)	 (15)� 0: (16)Sin
e E is bounded below, the algorithm must 
onvergeand any legitimate stopping 
riterion must be rea
hed.The energy fun
tion is quadrati
 and therefore has aunique minimum, so the algorithm 
an only 
onverge toa global minimum. The fa
t that the energy fun
tionis quadrati
 also means that the updates 
ould be 
om-puted in a single step by inverting the (N �N) matrixshowing 
onne
tions between all of the nodes in the map.Our system performs an iterative update instead, whi
his 
omputationally simple and fast, and therefore moresuitable for roboti
s appli
ations.3.4 Complexity AnalysisThe 
omputational 
ost of the new algorithm is lin-ear in the number of pla
es in the map. Be
ause thealgorithm makes an iterative re�nement to the exist-ing solution, rather than re
al
ulating the entire 
oor-dinate system from s
rat
h, only one iteration is typ-i
ally required whenever new information is added tothe map. The 
omplexity of the algorithm is thusbounded by O(NM), where M is the maximum num-ber of neighbours per node. For a topologi
al map,the number of links per node will not grow with thesize of the map, so M is 
onstant and the overall
omplexity is approximately O(N). This 
omparesfavourably with the worst 
ase O(N3) 
omplexity of ma-trix inversion methods su
h as [Lu and Milios, 1997a;Golfarelli et al., 1998℄. In our 
urrent implementation,the robot attempts to spa
e the nodes at equal intervalsof 1 metre, so the maximum 
onne
tivity per node is 6(if the nodes are spa
ed at equal intervals, then for anynode, the minimum angle of in
iden
e between any twoof its neighbours will be 60Æ, where the three nodes forman equilateral triangle, so M = 6.)4 Experiments
Turret

16 sonar
sensors

sensors
16 infrared

BaseFigure 3: The Nomad 200 mobile robot. The 
ompass ismounted on a turret, whi
h 
an be rotated independentlyof the dire
tion of travel.The new map learning algorithm was tested on a No-mad 200 robot (Fig. 3). To pre-pro
ess the 
ompass



1. Initialise the 
ovarian
e matrix Cji for all links. This 
ould be taken to be the identity matrix, or the
ovarian
e matrix 
omputed during a previous run of the algorithm (see step 3).2. For ea
h node i, do:(a) For ea
h of the neighbours j of node i, i.e., the pla
es that are topologi
ally 
onne
ted to i, obtain anestimate r0ji of the 
oordinates of node i usingr0ji = rj +Dji; (10)where rj = (xj ; yj)T refers to the 
oordinates of node j, and Dji = dji � 
os �jisin �ji �.(b) Combine the position estimates r0ji for all j to produ
e new 
oordinates r0i for node i usingr0i = 0� 0Xj C�1ji 1A�1 0Xj �C�1ji r0ji� ; (11)where P0j refers to the sum over the neighbours of node i.3. Re-estimate the noise parameters in the Cji (equation 5) by maximum likelihood estimation using�ÆÆ =Xi 0Xj 1NNiTji �(R(�ji)(r0i � r0ji))T �1 �R(�ji)(r0i � r0ji)�1 (12)��Æ =Xi 0Xj 1NNiTji �(R(�ji)(r0i � r0ji))T �1 �R(�ji)(r0i � r0ji)�2 (13)��� =Xi 0Xj 1NNiTji �(R(�ji)(r0i � r0ji))T �2 �R(�ji)(r0i � r0ji)�2 (14)where N is the number of nodes in the network, Ni is the number of neighbours of node i, and [�℄i denotesthe ith 
omponent of a ve
tor.4. Repeat from step 2 using the new values of the noise parameters until the 
hange in energy falls below somepre-de�ned threshold, or some other stopping 
riterion is rea
hed.Figure 2: The Maximum Likelihood Map Learning Algorithm.



readings, we used the behaviour-based �ltering methoddes
ribed in [Du
kett and Nehmzow, 1999℄. In this ap-proa
h, a separate behaviour is used to rotate the robot'sturret at small speeds in the dire
tion of an arbitrary`North', indi
ated in our experiments by an un
alibratedKVH C100 
ux-gate 
ompass1. Then the angular esti-mates are obtained by measuring the relative displa
e-ment of the turret against the dire
tion of travel. Thee�e
t of this behaviour is to smooth out lo
al 
u
tu-ations in the magneti
 �eld of the environment, main-taining a 
onstant orientation around the average valueof `North'. We have found that the performan
e of thismethod degrades gra
efully with respe
t to the magneti
variations in the environment. It also has the advantageof keeping the robot's range-�nder sensors at a steadyorientation, whi
h 
an help to redu
e the noise on theultrasoni
 sensor readings.The new algorithm was tested in the environmentshown in Fig. 4, 
onsisting of a relatively large oÆ
e area(46m � 12m). Topologi
al map building was performedusing an in
remental exploration strategy, in whi
h therobot 
ontinually tries to expand the territory that hasalready been 
harted (see [Du
kett, 2000℄ for full details).An extra heuristi
 was added to this strategy to for
e therobot to 
lose loops, des
ribed as follows:Whenever a new pla
e was added to the map, a sear
hwas 
arried out on ea
h of the adja
ent nodes to deter-mine the shortest path a
tually traversed by the robotfrom that parti
ular node. If the length of that pathex
eeded a pre-spe
i�ed threshold of 3 metres, then therobot was for
ed to travel dire
tly to that node in orderto obtain a measurement of the metri
 relation for the
onne
ting link. In Fig. 5, the links a
tually traversed bythe robot are shown in bold; the other links were inferredfrom the sensor readings and the geometri
 informationalready 
ontained in the map. Only the physi
ally tra-versed links were used by the new algorithm in the 
al-
ulation of the node 
oordinates (the inferred links wereused only for path planning).The map a
quired by the robot in Fig. 5 shows theposition of the pla
es in global 
oordinates 
al
ulatedby the new algorithm. To illustrate the a

ura
y ofthe a
quired map, we have also 
ombined the relaxed
oordinates with the re
orded sonar data to produ
e aglobal o

upan
y grid model of the environment (as re-ported in [Du
kett and SaÆotti, 2000℄). Here, we used aBayesian o

upan
y grid, as developed by [Morave
 andElfes, 1985℄. The derived gridmap is shown in Fig. 6.The map has a resolution of 0:15 metres, and should bea

urate enough for safe navigation and planning. This
an be 
ompared to the gridmap 
onstru
ted from the
ombination of 
ompass and odometry in Fig. 7.The entire pro
ess requires minimal 
omputational re-sour
es. Maximum likelihood estimation with the new1the 
ompass had never been re
alibrated following theinstallation of a pan-tilt 
amera unit on top of the robot,be
ause this fun
tion is no longer supported by the manufa
-turers of the robot

algorithm was performed on-line as part of the mapbuilding pro
ess. One iteration of the new algorithm onthe full map, 
onsisting of 104 pla
es and 288 physi
allytraversed links, required 17mse
. on a 200MHz PentiumII pro
essor.5 Related Work[Lu and Milios, 1997a℄ 
onsidered the problem of en-for
ing geometri
 
onsisten
y in a metri
 map 
on-stru
ted using laser range-�nder sensors without a 
om-pass. Their approa
h maintained a history of all thelo
al frames of sensor data used to 
onstru
t the mapand the network of spatial relations between the frames.The spatial relations were obtained either by odometryor pairwise mat
hing of the range-�nder data in adja
entframes, using the s
an mat
hing algorithm des
ribedin [Lu and Milios, 1997b℄. A maximum likelihood al-gorithm was then used to derive a position estimate forea
h of the frames, by minimising the Mahalanobis dis-tan
e between the a
tual and derived relations over thewhole network of frames. A drawba
k of this methodis that it requires the inversion of a 3n � 3n matrix,where n is the number of frames, so the approa
h islikely to be 
omputationally expensive in large environ-ments. This approa
h was extended by [Gutmann andKonolige, 1999℄ to build maps in environments 
ontain-ing large 
y
les.A similar approa
h is des
ribed by [Golfarelli et al.,1998℄, using a graph-based model of the robot's environ-ment. Their algorithm operates under the assumptionof no topologi
al errors, so that the robot re
ognises apla
e when it visits it for a se
ond time. Their systemwas based on the analogy of a me
hani
al spring system,in whi
h ea
h link in the graph is modelled by a pair ofsprings, a linear axial spring and a rotational one. Theelasti
ity parameters of the springs were used to repre-sent the un
ertainty in the robot's odometry measure-ments, and the equilibrium position for the whole stru
-ture was then 
al
ulated, generating a 4n � 4n matrixthat requires inverting. The algorithm 
an be appliedwith or without a 
ompass, although all of their experi-ments appear to use a 
ompass. Their results seem qual-itatively similar to ours (at least by visual inspe
tion)despite the added 
omplexity of the me
hani
al springsystem model.[Shatkay and Kaelbling, 1997; Shatkay, 1998℄ ad-dressed the problem of in
orporating metri
 informa-tion from odometry into robot maps based on PartiallyObservable Markov De
ision Pro
ess (POMDP) mod-els and enfor
ing geometri
 
onsisten
y in these maps,both with and without a 
ompass. The sensor data fromwhi
h the models were a
quired were �rst 
olle
ted bythe robot under manual 
ontrol, then an expe
tation-maximisation (EM) algorithm was used to �nd the mapwhi
h best �tted the re
orded data. While this algo-rithm does not expli
itly make the assumption of an ini-tial topologi
al map, in pra
ti
e it depends heavily ona suÆ
iently good initial model (obtained in [Shatkay,



1998℄ from the re
orded odometer data) to avoid lo
almaxima and hen
e build topologi
ally 
orre
t maps. Theapproa
h would not s
ale well to larger environments dueto the large amount of data needed and the high 
om-putational 
ost of the EM algorithm.A similar approa
h is des
ribed by [Thrun et al., 1998℄,where an EM algorithm was used to learn an o

upan
ygrid model of a large environment (90m � 90m). Again,this method is extremely expensive, requiring up to twohours of 
omputation to generate a grid map with a spa-tial resolution of 1 metre, and it depends on a set ofmanually labelled landmarks. This approa
h was laterextended by [Burgard et al., 1999℄ to use a network oflo
al gridmaps 
onstru
ted from sonar data, as in ourapproa
h, instead of the pre-de�ned landmarks.6 Dis
ussionIn this paper, we presented a new maximum likelihoodmap learning algorithm for a 
ompass-equipped mobilerobot. The algorithm is 
omputationally 
heap, enablingfast on-line learning of globally 
onsistent maps. It isparti
ularly eÆ
ient be
ause it does not throw usefulinformation away | instead of re
al
ulating the entiremap from s
rat
h every time, the existing solution isre�ned. As a result, only small 
hanges to the map aretypi
ally required when new information is added. In theexperiments 
ondu
ted, we found it was only ne
essaryto run the algorithm for a single iteration during ea
h
y
le of the map a
quisition pro
ess. Our results showthat a 
ompass enables a very eÆ
ient solution to theSLAM problem in semi-stru
tured oÆ
e environments.The method works by minimising an energy fun
-tion in lots of small steps, rather like a Hop�eld net-work [Hop�eld, 1982℄. Be
ause this energy fun
tion
orresponds to the log likelihood, minimising this fun
-tion provides us with the maximum likelihood solutionto the map learning problem, provided that the mapis topologi
ally 
orre
t. We have proved that the al-gorithm always 
onverges to a globally optimal solu-tion, in 
ontrast to EM algorithms, whi
h are sub-je
t to lo
al optima. We should, of 
ourse, point outthat our method assumes a pla
e re
ognition system(in other words, no topologi
al errors) before maxi-mum likelihood estimation takes pla
e, an assumptionthat is not made by [Shatkay and Kaelbling, 1997;Burgard et al., 1999℄. However, all of our experimentswere 
ondu
ted on a real, self-navigating robot usinga real self-lo
alization system [Du
kett and Nehmzow,1999℄, thus demonstrating the eÆ
a
y of our approa
h.The new map learning algorithm is spe
i�
 to a robotequipped with a 
ompass. Without a 
ompass, we wouldneed to extend the algorithm to deal with the rotation ofthe robot between nodes, using a 3�3 
ovarian
e matrixwith estimates of the noise in both � and �. Obviously,this would require the storage of more angles, and therewould be noise in both angular measurements. This iswhy using a 
ompass, even in indoor environments wherethere are a lot of 
u
tuations, is advantageous.

Our 
omplete solution to the SLAM problem harmo-nizes favourably with the requirements outlined in the
ompanion paper by [Frese and Hirzinger, 2001℄, as fol-lows:R1: The hybrid metri
-topologi
al representation pre-serves the \
ertainty of relations despite the un
er-tainty of positions".R2: This representation also means that the memory re-quired for storage grows only linearly with the num-ber of nodes in the map.R3: The new map learning algorithm is 
omputationally
heap, having a 
ost that is linear in the number ofpla
es stored in the map.A further advantage of the new algorithm is that all ofthe parameters in the model are 
ontinually re-estimatedby the algorithm itself, so we do not need to 
ompute thevalue of any noise parameters ourselves. This is a dis-tin
t advantage for building autonomous robots, sin
eredu
ing the number of pre-installed parameters redu
esthe dependen
e of the robot on a priori knowledge pro-vided by the system designer.Future work will investigate more intelligent strategiesfor sele
ting the landmarks or pla
e signatures in thetopologi
al map. The 
urrent strategy of adding newpla
es at 1 metre intervals is 
learly ineÆ
ient, and 
ouldbe greatly improved. We will also 
onsider building mapsin environments 
ontaining large 
y
les.Referen
es[Burgard et al., 1999℄ W. Burgard, D. Fox, H. Jans,C. Matenar, and S. Thrun. Sonar-based mapping withmobile robots using EM. In Pro
. of the InternationalConferen
e on Ma
hine Learning, 1999.[Du
kett and Nehmzow, 1999℄ Tom Du
kett and Ulri
hNehmzow. Knowing your pla
e in real world envi-ronments. In Pro
eedings of EUROBOT '99, 3rd Eu-ropean Workshop on Advan
ed Mobile Robots, pages135{142. IEEE Computer Press, 1999.[Du
kett and SaÆotti, 2000℄ Tom Du
kett and Alessan-dro SaÆotti. Building globally 
onsistent gridmapsfrom topologies. In Pro
. SYROCO'00, 6th Int. IFACSymposium on Robot Control. Elsevier, 2000.[Du
kett et al., 2000℄ Tom Du
kett, Stephen Marsland,and Jonathan Shapiro. Learning globally 
onsistentmaps by relaxation. In Pro
eedings of the IEEE In-ternational Conferen
e on Roboti
s and Automation(ICRA'2000), San Fran
is
o, CA, 2000.[Du
kett, 2000℄ Tom Du
kett. Con
urrent Map Build-ing and Self-Lo
alisation for Mobile Robot Navigation.PhD thesis, Department of Computer S
ien
e, Univer-sity of Man
hester, 2000.[Frese and Hirzinger, 2001℄ U. Frese and G. Hirzinger.Simultaneous lo
alization and mapping - a dis
ussion.In D. Fox and A. SaÆotti, editors, Pro
eedings of theIJCAI-2001 Workshop on Reasoning with Un
ertaintyin Roboti
s (RUR'01), 2001.



[Golfarelli et al., 1998℄ Matteo Golfarelli, Dario Maio,and Stefano Rizzi. Elasti
 
orre
tion of dead-re
koning errors in map building. In Pro
eedings ofthe IEEE/RSJ International Conferen
e on Intelli-gent Robots and Systems (IROS'98), pages 905{911,Vi
toria, Canada, 1998.[Gutmann and Konolige, 1999℄ Jens-Ste�en Gutmannand Kurt Konolige. In
remental mapping of large
y
li
 environments. In Pro
eedings of the 1999 IEEEInternational Symposium on Computational Intelli-gen
e in Roboti
s and Automation, Monterey, CA,1999.[Hop�eld, 1982℄ J.J. Hop�eld. Neural networks andphysi
al systems with emergent 
olle
tive 
ompu-tational abilities. In Pro
eedings of the NationalA
ademy of S
ien
es, volume 79, pages 2554{2558,USA, 1982.[Lu and Milios, 1997a℄ F. Lu and E.E. Milios. Globally
onsistent range s
an alignment for environment map-ping. Autonomous Robots, 4:333{349, 1997.[Lu and Milios, 1997b℄ F. Lu and E.E. Milios. Robotpose estimation in unknown environments by mat
h-ing 2D range s
ans. Intelligent and Roboti
s Systems,18:249{275, 1997.[Morave
 and Elfes, 1985℄ Hans Morave
 and AlbertoElfes. High resolution maps from wide angle sonar.In Pro
eedings of the IEEE International Conferen
eon Roboti
s and Automation (ICRA'85), pages 116{121, St. Louis, Missouri, 1985. IEEE Computer So
i-ety Press.[O'Keefe and Nadel, 1977℄ John O'Keefe and LynnNadel. The Hippo
ampus as a Cognitive Map. Ox-ford University Press, Oxford, England, 1977.[Reif, 1982℄ F. Reif. Fundamentals of Statisti
al andThermal Physi
s. M
Graw-Hill, New York, 1982.[Shatkay and Kaelbling, 1997℄Hagit Shatkay and Leslie Pa
k Kaelbling. Learningtopologi
al maps with weak lo
al odometri
 informa-tion. In Pro
eedings of the 15th International JointConferen
e on Arti�
ial Intelligen
e, 1997.[Shatkay, 1998℄ Hagit Shatkay. Learning Models forRobot Navigation. PhD thesis, Department of Com-puter S
ien
e, Brown University, 1998.[Thrun et al., 1998℄ Sebastian Thrun, Wolfram Bur-gard, and Dieter Fox. A probabilisti
 approa
h to 
on-
urrent mapping and lo
alisation for mobile robots.Ma
hine Learning, 31(5):1{25, 1998.



Figure 4: A semi-stru
tured oÆ
e environment at �Orebro University, with an approximate size of 46 � 12metres.
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Figure 5: The map a
quired with the new map learning algorithm. The links a
tually traversed by the robot are shown inbold, and the inferred links are shown by dotted lines (only the traversed links were used to estimate the node 
oordinates).
Figure 6: The global gridmap 
onstru
ted with the new algorithm, by 
ombining the re
orded sonar data with the global
oordinates generated by the algorithm.
Figure 7: The global gridmap 
onstru
ted without the new algorithm, by 
ombining the re
orded sonar data with theglobal 
oordinates 
al
ulated from the 
ompass and odometry. Without the algorithm, the robot fails to build a globally
onsistent map.


