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Abstract— The recentprogressin robot mapping (or SLAM)
algorithms has focused on estimating either point features
(such as landmarks) or grid-based representations.Both of
these representations generally scale with the size of the
envir onment, not the complexity of the envir onment. Many
thousandparametersmay be required even when the structur e
of the envir onment can be representedusing a few geometric
primiti ves with many fewer parameters. We describe a novel
SLAM model called IPSLAM. Our algorithm clusters sensor
data into line segmentsusing the Probabilistic PCA algorithm,
which providesa data lik elihood model that can be usedwithin
a SLAM algorithm for the simultaneousestimation of map and
robot pose parameters. Unlik e previous work in extracting
line-based representationsfr om point-based maps, IPSLAM
builds non-point-based maps dir ectly fr om the sensor data.
We demonstrate our algorithm on mapping part of the MIT
Stata Centre.
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I . INTRODUCTION

The recent progress in robot mapping (Simultaneous
LocalizationandMapping,or SLAM) algorithmshaslargely
focusedonbuilding mapsthateitherconsistof point features
(suchas landmarks)or grid-basedrepresentations.Both of
theserepresentationsare extremely dense;the numberof
pointsor grid cells requiredto representsomeenvironments
canbein thetensof thousands.Thecomplexity of represen-
tation is unfortunatelyindependentof the structureof the
environment.Even when the structureof the environment
canbe representedusinga few geometricprimitiveswith a
handfulof parameters,thecorrespondingoccupancy grid or
featuresetcanstill be large andcomplex.

One of the dif�culties with building mapsof geometric
primitives, however, is that the statistical inferenceprob-
lem is dif�cult. In particular, the techniquesfor extracting
higher-order geometric representationsfrom data do not
give an explicit probability model for the observed data.
Geometricrepresentationscan be used to reducethe di-
mensionalityof the point-basedmap representationsafter
the fact, for example,using principal componentsanalysis
(PCA) or theHoughtransform[6] to extractlinesfrom data,
but thesealgorithmswork best at extracting map features
from datathatcontainsmostly randomnoisesuchassensor
error. Whenthe datahasnot beencorrectedto compensate
for systematicbias,suchas odometrydrift, dimensionality
reductionalgorithmsareunableto extractthelatentstructure
themselves.If we wish to build low-dimensional,geometric
representationsof theenvironmentusingSLAM, we needto
be ableto solve the chicken-and-egg problemof estimating
the geometric representationof the map and the robot

position.Reducingthe mapto a setof geometricprimitives
that do not provide a likelihoodmodelof the datawill not
give us robust SLAM algorithms.

An additional motivation for building a geometricmap
in an online manner (as opposedto post-processinga
point-featuremap) is to facilitate motion planning. Many
planningalgorithmsscalewith thenumberof featuresin the
environment(eg. [3]); by generatinglow-dimensionalmaps
online, fast motion planningcan result without completing
the map.Additionally, by estimatingthe uncertaintyof the
geometricfeaturesonline, exploration algorithmsdesigned
to maximizeinformationgain [10] canbe usedto improve
the map.

Our goal in this paper is to describea SLAM algo-
rithm called IPSLAM that createsa map composedof
low-dimensionalgeometricprimitivesonline, directly from
the sensordata. We combine a dimensionality reduction
techniquethat provides a well-formed probability model,
called Probabilistic Principal ComponentAnalysis [15],
in conjunction with an online mapping algorithm called
FastSLAM [8] to generatemapsof the environmentbased
on line segments.Our contribution is not a novel SLAM
technique,but to show that existing SLAM techniquescan
be applied to a novel representation.The numberof line
segmentsis dynamically updatedaccordingto the sensor
data.We demonstratethis algorithmon a navigatingmobile
robot in MIT' s StataCentre.

I I . THE SLAM PROBLEM

The SLAM problem is typically phrasedas estimating
the parametersof the robot's positionwhile simultaneously
estimatingthe parametersof the map. Let us denotethe
robot's poseat time t asx t , andtheparametersthatdescribe
the world (location of features,free space,etc.) as � =
(� 1; � 2; : : : ; � n ) whereeach� i correspondsto theparameters
of somefeature,suchasthe positionof a landmark.As the
robot receives a control ut at time t, its position changes
probabilisticallyaccordingto sometransitiondistribution:

p(x t +1 jx t ; ut ): (1)

After eachmotion the robot receives sensormeasurements
zt . Theseobservationsare generatedaccordingto a distri-
bution that dependson the robot position and the world
state:

p(zt jx t ; �) : (2)

Sincewe do not know the robot position or the map, the
SLAM problem is that of estimatingthe joint distribution
over therobotandmapstate,p(x t ; �) , ascontrolsaregiven



andsensormeasurementsare received. The Bayes' �lter is
mostcommonlyusedto performthis estimation:

p(x t +1 jut ) =
Z

X t

p(x t +1 jx t ; ut )p(x t )dx t (3)

p(x t +1 ; � jzt ) =
p(zt jx t ; �) p(x t ; �)

p(zt )
: (4)

Equations 3 and 4 are updated after each control and
eachsensormeasurement,to maintaina posteriorestimate
p(x t ; � jzt ; ut ).

The choice of map representation,or the form for
p(x t ; �) , is a key factor in any SLAM algorithm. In
mappingbasedongrids,thedistribution is typically factored
into a distribution p(x t ) and a multinomial p(�) , both of
which are jointly optimizedof�ine. In Kalman �lter -based
SLAM, thejoint distribution is representedasa multivariate
Gaussianwith some mean and covariance.The Kalman
�lter approachis popularbecauseit allows for very ef�cient
updatesin worlds with a small numberof parametersand
can be extendedto ef�cient updatesin large worlds with
appropriatedecomposition[2]. However, becausea motion-
sensorupdateis O(n2) (where n is the total number of
parametersin x and � ), the estimationproblem becomes
progressively morecomputationallychallengingas the size
andcomplexity of the world increases.

This is one of the primary dif�culties in SLAM—the
problemof representationalcomplexity. As the size of the
world increases,so can the complexity of the estimation
problem,even if the structureof the world itself doesnot
increasesigni�cantly in complexity. Estimatinga map that
consistsof a long corridorshouldnot increasequadratically
in the length of the corridor, but building a point-based
maprequirestrackingpoint featuresdown theentirelength,
which increasesthe numberof featuresasthe corridor gets
longer. The recent arrival of constant-timeSLAM algo-
rithmssuchasAtlas [2] or theSparseExtendedInformation
Filter [13] meanthatthestatisticalinferenceprocedureitself
neednot scaleat all with the numberof features,but the
complexity of the representationstill does.This motivatesa
potential for low-dimensionalgeometricrepresentationsto
be useful.

I I I . DIMENSIONALITY REDUCTION

Givena largenumberof point featuresthatall correspond
to the sameenvironmentalstructure,a reasonableapproach
might be to use a dimensionality-reductiontechniqueto
extract higher-order, lower-dimensionalrepresentationsthat
still capturethe data.One suchrepresentationis Principal
ComponentsAnalysis,thatcomputesasetof basisfunctions
that can be linearly combined to representa collection
of data; PCA has been used extensively in the vision
communityto �nd low-dimensionalrepresentationsof very
high-dimensionalimages,such as faces[16]. If we apply
PCA to appropriatelyclusteredsetsof point featuresin a
map,we canextract line segmentsto representeachcluster
of point features,generatingvery ef�cient representations,
e.g.,a wall containing1,000point featuresin a 2-d world
couldberepresentedusingjust the4 parametersof theend-
pointsof 2-d line segment.

Although this approachhas been applied successfully
in a numberof applicationsto convert point-feature-based
modelsinto line-segmentbasedmodels(e.g.[7], [12], [14]),

the problemis that currentSLAM approaches(building the
initial map) still require coping with the representational
complexity of the point-featuresduring the map-building
process.What we would like is to build a model of the
environmentdirectly from line segments.

Tard̈os et al. [12] demonstratedthathigher-orderfeatures
can be extractedfrom directly from collectionsof sensor
data using the Hough transform however, as with most
existingdimensionalityreductiontechniquessuchasPCAor
line �tting, their approachdoesnot containtheprobabilistic
modelsof the datanecessaryfor robust SLAM. Although
PCA can be viewed in probabilistic terms as �nding a
low-dimensionalmanifold that maximizesthe likelihoodof
the data,but it doesnot provide a well-formed probability
distribution over the manifold itself. Without a likelihood
model of the data, we cannotcomputep(zt jx t ; �) as in
equation4.

A. Probabilistic PCA

The ProbabilisticPCA algorithm developedby Tipping
and Bishop [15] does provide a way to computea low-
dimensionalrepresentationwith a well-formed probability
distribution of higherdimensionaldata.Let us considerthe
problem of �tting some data Z of dimensiond to some
lower-dimensionalparameterization� of dimensionq. If this
lower-dimensionalparameterizationof Z is linear, thenwe
want someprojectionmatrix W and offset � so that Z =
W � + � , where� is themeanoffsetof thedata.However, for
datathatonly approximatesa line (becauseof measurement
noise,for instance),no suchW exists.The bestwe cando
is minimize the error in representation,typically choosing
to minimize squared-errorsuchas in conventionalPCA so
that

W = argmin
W

jjZ � W � + � jj2: (5)

Insteadlet us explicitly representthe noise� presentin the
observations:

Z = W � + � + � (6)

If we assumeisotropicnoise� � N (0; � 2I ) anda normal
distribution of the low dimensionalparameterization� , we
cancomputethe marginal distribution of Z:

p(� ) = N (0; 1) = (2� ) � q=2 exp
�

�
1
2

� T
i � i

�
(7)

p(Z) =
Z

p(Zj� )p(� )d� (8)

) p(Z) � N (�; C) (9)

where
C = WW T + � 2I (10)

Equation8 follows from the total law of probability, and
equation9 follows from combining equations8, 6 and 7.
Equation9 de�nes a probability model of the high dimen-
sionalobservationsandwhich meansthe likelihoodof any
observation z can be directly computedgiven the model
and C. Tipping and Bishop [15] show that the maximum
likelihood estimatesof the parametersW M L , � 2 and �
occur when � is equal to the mean of the observations,
and

W M L = U (� � � 2I )1=2R (11)



whereR is an arbitrary rotation matrix and U and � are
the principal eigenvectorsand eigenvaluesrespectively of
the observation covariancematrix,

S =
1
N

NX

i =1

(zi � � )(zi � � )T ; (12)

for N observationsin Z. At the maximumlikelihoodpoint
(whereW = W ML ) the maximumlikelihoodestimatefor
� 2 is

� 2
M L =

1
d � q

dX

j = q+1

� j (13)

where� j is the jth eigenvalueof theobservationcovariance
matrix (eigenvaluesareorderedby descendingmagnitude).
In the caseof computing the 1-D parameterizationof 2-
D data, � 2

M L is just the eigenvalue of the non-principal
component,or in other words, the varianceperpendicular
to the principal componentof the observations.

Notice that we can recover conventionalPCA by maxi-
mizing

lim
� 2 ! 0

L(p(Z)) ; (14)

thatis, thelikelihoodof thedataas� 2 goesto 0. This would
allow usto recoverW from thedata(anda low-dimensional
representation),but would not provide a probability model
of the data.

There are two key properties to this model that are
bene�cial to the problem at hand. First we now have
an explicit probability model of the data, p(Z), allowing
us to computethe likelihood of any observation. Second,
this probability model also can be used to compute the
parametersfor a mixtureof suchmodelsusingExpectation-
Maximization as describedby Tipping and Bishop [15].
Therefore,givena known setof features,this methodcanbe
usedto computethesetof 1-D principlecomponentswhich
maximizesthe likelihood of the data. For example, once
the numberof walls n is estimated,probabilisticprincipal
componentanalysis(PPCA) can be used to computethe
set of n 1-D vectors that maximize the likelihood of the
underlying2-D laserrangedatapoints.

s
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Fig. 1. ProbabilisticPrincipalComponentsAnalysis.

Two immediateissuesarisewhenusing this approachin
an incrementalfashionto do SLAM. The �rst is how to de-
terminethenumberof features(or numberof mixtures)over
which to performPPCA,sincethis is typically not known in
advance.The secondis how to do PPCA incrementallyso
that asnew dataarrives, the parametersof the old features
areupdatedaccordingly.

B. Determingthe Numberof Low Level Features
The problemof estimatingthe numberof line segments

presentin theenvironment,or thenumberof mixturesto be
usedin PPCA,is very similar to theproblemof determining
K in the K -meansalgorithm.Without prior knowledgeof

the domain,it canbe very dif�cult to pre-selectthe correct
numberof clusters,yet important,sinceboth K -meansand
mixtures of PPCA perform poorly with bad choicesof
the K or the numberof mixtures.To remedythis problem,
Pelleg andMoore [9] createdX-means,analgorithmwhich
determinesthe best K (out of a rangeof K s) numberof
clusters for a dataset.Their algorithm uses the Baysian
InformationCriteriato determinewhento split a clusterinto
two. Hammerly and Elkan [4] improved upon their result
in an algorithmG-meanswhich usesthe Anderson-Darling
(AD) statisticto split clustersuntil thedataallocatedto each
clusterpassesthe hypothesisof being normally distributed
(A2(Q) > 1:035, which correspondsto the probability the
distribution is Gaussianis > 99%). This resultavoidstheX-
meansassumptionof the databeingsphericallydistributed
abouta center.

In our approachwe integrateG-meanswith PPCAto pro-
duceanalgorithmwhich determinesonline thebestnumber
of mixturesandthe bestparametersof thosemixturesto �t
the dataat hand.The parametersof the model are further
improved by excluding outlier points (thosepoints whose
probabilityundertheclusterthatmaximizestheir likelihood
is lessthanagiventhreshold,typically 1%)andrecomputing
the clusters'parameters.

C. IncrementalProbabilistic PCA

In online SLAM, a robot moves througha new environ-
ment.At eachtime step,therobotreceivesnew observations
and integratestheseobservations into a map and estimate
of its trajectory. ProbabilisticPCA, in combinationwith G-
means,producesa mixture of K low dimensionalmodels
when given a set of observations.To computemapsincre-
mentally, a simple solution would be to storeall observa-
tions,andat eachnew time stepaddin thenew observations
andre-runPPCA+G-meanson the entiredataset.However,
this approachis undesirablefor two reasons.First, it be-
comesintractableto storeall raw observationsif the robot
is on a prolongedperiodof exploration.More importantly,
it is computationallyexpensive to run PPCA+G-meanson
the entireobservation setat eachtime step.

Instead,we proposeto maintain only a compact rep-
resentationof the incremental map using the principal
componentsand variancesobtainedfrom PPCA. At each
new time step, a new set of observations are received.
Thesenew observationsare processedby PPCA+G-means
to producea setof K 0 new clustersor principalcomponents
that succinctly representthe new observations. TheseK 0

clustersarethenmergedwith theK clustersof theprior map
representingthe stateof the world up throughthe previous
time step. There are two main componentsto the merge
procedure:theclustercorrespondanceproblem(determining
the mapping betweenold clustersand new clusters)and
the clusterparametersupdateproblem(how to merge two
associatedclusters).

D. ClusterCorrespondence

Clusterassociationis determinedby calculatinga metric
betweenevery pair (ki 2 K ; k0

j 2 K 0) pair of clusters.
For eachpair of clusters,�rst the dot productis computed
betweenthe normalizedprincipal componentvectorsof the
two clusters.If the dot product is below certain threshold
(in our experiments,a differencein angleof 60� wasused,



chosenexperimentally) then the distancemeasureis set
to + 1 , to indicate that thesetwo clustersshould not be
merged.Otherwise,if theclustercentersarewithin thesum
of theprincipalvariancesof thetwo clusters,anothermetric
is computed.Alternatively, the distancebetweenthe cluster
centersis usedasa metric.

Clustermatchingis donegreedilyby sequentiallymatch-
ing the next pair of clustersthat have the smallestdistance
metric up to somedistancethreshold.

E. ClusterMerging
Once cluster associationhas been performed,the map

parametersmustbeupdated.If anold clusterhasno match,
its parametersare left unchanged.If a new clusterhasno
match,it is addedto the new maponly if it hasthe support
of a suf�cient numberof observations,andits non-principal
componentvarianceis low. The motivation here is to add
in new featuresto the map only if they are well de�ned
(represent1-D featureswell, as representedby low non-
principal componentvariance(see�gure 2 andnote that if
� 2 is small the modelbecomesline-like)) andhelp explain
a goodnumberof the new observations.

For clusterpairs(k0; k), their parametersmustbemerged
to computea new cluster. This is doneusing a variant of
Wenget. al. [17]'s IncrementalPrincipalComponentAnal-
ysis (IPCA) algorithm. IPCA provides a way to iteratively
re-estimatethe principal componentsof a dataset without
requiring the storageof all data. Let zm be the mth d-
dimensionalobservation andA =

P m
i =1 (zi � � )(zm � � )T

bethedxd samplecovariancematrix. Thenletting x i bethe
i th normalizedestimateof an eigenvector of A (and � the
correspondingeigenvalue)yields

Ax i =
mX

i =1

(zi � � )(zi � � )T x i = �x i � vm (15)

Note that by maintaining vm the current estimateof the
eigenvalue and eigenvector can be computedby � = jjvjj
and x i = v=jjvjj . By initially setting v0 to the principal
componentof the �rst observation set,recursive estimation
of vm is possible.

vm =
m � 1

m
vm � 1 +

1
m

(zm � � )(zm � � )T vm � 1

jj vm � 1jj
(16)

This has the intuitive effect of pulling the old estimateof
the principal componenttowardsthe new observations.

The *s are the cluster centres for the existing

The clusters are merged based
on Incremental PCA into this
posterior cluster.

cluster and a new cluster

Fig. 2. The processof incorporatinga new clusterinto the existing map.
This procedureallows the computationof mergedprinci-

pal componentsfrom an old and new cluster. The merged

cluster center is computedby taking a weighted average
of the old and new cluster centers.See �gure 2 for an
illustration of this procedure.

IV. FAST SLAM

So far we have describedhow to incrementallycompute
a set of clustersor line segmentsthat representa map of
the environment. We now explain how the line segment
estimationis usedto producea completeSLAM model.

A. RobotPoseEstimation

Robotposeestimationis computedusingparticle�ltering
in a mannersimilar to Thrun's FastSLAM[13]. A collection
of particlesS representingpossiblerobot trajectoriesand
current poses is maintained.At each time step t, each
particlei generatesa new estimateof therobot's poseusing
the new translationandrotationodometryreadingut

s[i ]
t � p(s[i ]

t jut ; s[i ]
t � 1) (17)

whereGaussiannoiseassociatedwith translationand rota-
tion is addedaspart of the motion model.

B. Map Estimation

At eachtime stept, a new setof environmentalobserva-
tions Z is received. Then eachparticle i computesa map
of the environment representedby a set of line segments
or clustersCi using the incrementalprobabilisticprincipal
componentanalysisproceduredescribedabove.

C. Particle Resampling

Initially all particlessimply updatetherobot's posebased
on the new odometry reading.This createsa particle set
whose distribution is independentof the environmental
observations.To correctfor this, importancesampling[11]
weights each particle basedon the likelihood of the ob-
servations given the particle pose,and performsweighted
resamplingto generatea new particle set. In the present
scenario,PPCAprovidesa probability distribution over the
datafor a givencluster. A particlei 's weightwi at iteration
t is therebycomputedby:

wi =
jZ [ t ] jY

j =1

maxp(z[t ]
j jC i ) (18)

In otherwords,eachmeasurementis assignedto thecluster
thatmaximizesits probability, andsotheweightof aparticle
representsthe likelihood it assignsto the current set of
observationsZ [t ].

Particlesarethenresampledwith replacementbeforethe
next time step. The complete algorithm can be seen in
table I.

V. EXPERIMENTAL RESULTS

Our algorithm was testedon a datasetcollected from
the MIT Statacenter. 201 particleswere used.Figure 4a
shows the true robot trajectory comparedto the mean
particle trajectory over time. The alignment is generally
good; unfortunatelythis data set doesnot close the large
loop entirely, but we seethat thesmall loop in thetrajectory
is closedappropriately, andthe small shift at the endof the
trajectorywould no doubtbecorrectedwith moredata.(It is
possibleto introducearbitraryerror in theL 2 normbetween



(a) Correctedtrajectoryand true trajectory (b) Low-dimensionalClusters

(c) Registeredlaserdata (d) Reconstructedlaserdata

Fig. 4. Themapbuilt from SLAM usingthe low-dimensionalrepresentation.(a) Thecorrectedtrajectoryis thesolid black line, andthe true trajectory
is the solid grey line. The true trajectorywas found by tracking the robot's position in a pre-built grid map.(b) The constructedmap,representedby
the clusters.(c) The mapasrepresentedby registeredlaserdata.(d) The mapasrepresentedby the low-dimensionalprojectionof laserdata.

Fig. 3. The map built from poseestimatesgiven by raw odometry. As
expected,theerror in theposeestimatesaccumulatesandtheresultingmap
is poor.

a perfectmap and groundtruth by rotating the map about
thestartposebeforecomparison.Thetrajectoryshown here
follows a correctionprocedureto shift and rotate the map
back to the bestorientationpossiblefor minimizing error.)

Figure4b shows themapclustersassociatedby themean
particle on top of the laserdata.Note that the clustersare
probabilitydistributions,not line segments,andaretherefore
plottedby showing onestandarddeviation of the datalike-
lihood distribution on either side of the clustercenter;the
clustersmayseemshortenedbut arecapableof representing
morestructurethanis plotted.Datapointswhoselikelihood

under any cluster was lower than a threshold(0.01) were
not used in computing cluster parameters,and data with
probability lessthan 10� 8 are not displayed.The map has
clearly capturedthe majority of the high level structureof
the environment,usinga fraction of the parametersneeded
for a point basedrepresentation.Indeed, the �nal mean
particle map consistedof 33 clusters,approximately.5%
of the parametersneededto representthe full point-based
representation.Figure 4c shows the mean particle robot
trajectorythroughthe environment.

In addition, the reconstructionof the raw data points
was computedby assigningdatapoints to the cluster that
maximized their likelihood, projecting down to the low
dimensionalrepresentation,andthenre-projectingup to the
high dimensionalspace.Figure4d shows the reconstructed
data points. As would be desired,the reconstructeddata
points provide a nice, low noise representationof the
environment.

VI . RELATED WORK

Thereis a largebodyof work onSLAM andonly themost
relevant resultswill be discussedhere.Tardós et. al. [12]
usedthe Hough transformto groupobservationsinto point
or planefeatureswhenperformingconcurrentmappingand
localization (CML). Similar this paper's approach,they
createnew featuresfrom a set of new measurements,and



.
1) i=1
2) Initialize particle®lter S with odometryreadingi
3) Collect ®rst setof observationsZ0
4) for eachparticlesk 2 S

a) RunPPCA+G-meanson observationsZ 0 andout-
put a setof clustersC

b) wk = p(Z 0 jC)
5) Resamplethe particleswith replacementusingweights

w
6) While i < num observation sets

a) Update each particle's position using the new
odometryreading

b) Collect new observationsZ i
c) for eachparticlesk 2 P

i) Run PPCA+G-meanson observationsZ i and
outputa setof clustersCnew

ii) Map new clusters Cnew to old clusters C
wherepossible

iii) for j =1:numberof matchingclusterpairs
A) Use IPCA to merge cluster pair j into

clusterCmer ge;j

iv) Copy all unmatchedold clustersto Cmer ge
v) If a new cluster has a low non-principal-

componentvarianceand suf®cient numberof
new observationsZ belongingto it, add it to
Cmer ge

vi) wk = p(Z i jC)
d) Resamplethe particles with replacementusing

weightsw

TABLE I
THE IPSLAM ALGORITHM

then fuse featurestogether. However, our approachutilizes
a line-basedrepresentation.

Our approach to robot pose estimation and particle
resamplingdraws heavily from Thrun's FastSLAM [13]
approach.However, our line-basedmap representationis
fundamentallydifferentto the landmarkrepresentationused
in FastSLAMandthereforeour mapestimationapproachis
novel. Our representationis closelyrelatedto Thrun et al.'s
Expectation-Maximizationapproachto line-segmentextrac-
tion [14], however, our algorithmis an on-line approachto
SLAM, ratherthana post-processingstepon the map.

Arta�c et. al [1] used incrementalPCA to store low-
dimensionalrepresentationsof imagestaken by a mobile
robot as it moved aroundan environment.Comparingtest
imagesto thesestoredlow-dimensionalrepresentationspro-
duceda goodestimationof the locationof the robot during
acquisitionof the test images.However, this work doesnot
attemptto solve the problem of simultaneouslocalization
andmapping.

VI I . CONCLUSION

In this paper, we have describedthe IPSLAM algorithm,
an algorithmfor simultaneouslylocalizing a robot andesti-
matinga mapof theenvironmentbasedon low-dimensional
geometric representation.The number of featuresin the
environment is estimateddynamically using an approach
that draws from the G-meansalgorithm [4]. Using this
algorithm we are able to generategood low-dimensional
representationsof environmentalstructureusingmany fewer
parametersthanconventionalpoint-basedor grid-basedrep-
resentations.The algorithm is near-real-time, in that the
major loss of real-time performancecan be attributed to
the languageimplementation(Matlab). We intend to re-

implementthe algorithmanddemonstratereal-timeperfor-
manceshortly.

There do not exist good metrics for comparing map
quality, however, visual comparisonof our generatedmap
suggestsit correspondswell with a mapbuilt usinga grid-
basedrepresentation,includingdetectingsmallerdetailslike
doors.Notice that the passageway appearsto be partially
blocked across between the two main segments of the
map—this is in fact a doorway that is partially closedin
the dataset.

The generatedmap doescontain someerrors,however.
TheincrementalPCA algorithmis not basedon a likelihood
modelanddoesmakeerrorsin mergingclustersperiodically.
We intend to extend the incrementalPCA algorithm to
incorporatethe full data likelihood model in future work.
Additionally, a major sourceof error in the map is the
fact that the MIT Stata Centre is a particularly dif�cult
environmentto modelusingstraight-linesegments,because
many of thewalls arein factnot �at or square.For example,
thelower-right portionof themap,representedby a roughly
pentagon-shapedoutline of line segments.This is in fact
a curved wall segment,which requiresmany small linear
modelsto accuratelyrepresent.One possibleextensionto
the IPSLAM model is to capturecurved segmentsusing
non-linearPCA or PrincipalCurvesmodels[5].
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