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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
ervironment, not the complexity of the ervironment. Many
thousand parametersmay be required even when the structure
of the ernvironment 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. Unlike previous work in extracting
line-based representationsfrom point-based maps, IPSLAM
builds non-point-based maps directly from the sensor data.
We demonstrate our algorithm on mapping part of the MIT
Stata Centre.

Index Terms— Mapping, Mobile Robotics, PCA, Clustering

I. INTRODUCTION

The recent progressin robot mapping (Simultaneous
LocalizationandMapping,or SLAM) algorithmshaslargely
focusedon building mapsthateitherconsistof pointfeatures
(suchaslandmarks)or grid-basedrepresentationsBoth of
theserepresentationgre extremely dense;the number of
pointsor grid cells requiredto represensomeervironments
canbein thetensof thousandsThe compleity of represen-
tation is unfortunatelyindependenbf the structureof the
ervironment. Even when the structureof the ervironment
canbe representedisinga few geometricprimitiveswith a
handfulof parametersthe correspondingccupang grid or
featuresetcanstill be large and complex.

One of the dif culties with building mapsof geometric
primitives, however, is that the statistical inference prob-
lem is dif cult. In particular the techniquedor extracting
higherordergeometriaepresentationfsom datado not give
anexplicit probabilitymodelfor the obsereddata.Geomet-
ric representationsanbe usedto reducethe dimensionality
of the point-basednaprepresentationafterthe mapis com-
pleted,by for exampleusing principal componentanalysis
(PCA) to extractlines from data.However thesealgorithms
work bestat extractingmapfeaturesfrom datathat contains
mostly randomnoise such as sensorerror. When the data
has not beencorrectedto compensatdor systematichias,
suchasodometrydrift, dimensionalityreductionalgorithms
are unableto extract the latent structurethemseles. If we
wish to build low-dimensionalgeometricrepresentationsf
the ervironmentusing SLAM, we needto be ableto solve
the chicken-and-gg problem of estimatingthe geometric
representationf the mapand the robot position. Reducing
the mapto a setof geometricprimitivesthat do not provide

alikelihoodmodelof the datawill notgive usrobustSLAM
algorithms.

An additional motivation to building a geometricmap
in an online manner (as opposedto post-processinga
point-featuremap) is to facilitate motion planning. Many
planningalgorithmsscalewith the numberof featuresn the
environment(eg. [3]); by generatindow-dimensionaimaps
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 paperis to describea SLAM algo-
rithm called IPSLAM that createsa map composedof
low-dimensionalgeometricprimitives online, directly from
the sensordata. We combine a dimensionality reduction
techniguethat provides a well-formed probability model,
called Probabilistic Principal ComponentAnalysis [14],
in conjunction with an online mapping algorithm called
FastSLAM [8] to generatemapsof the ervironmentbased
on line segments.Our contrikution is not a novel SLAM
technique but to shawv that existing SLAM techniquescan
be appliedto a novel representationThe numberof line
segmentsis dynamically updatedaccordingto the sensor
data.We demonstratehis algorithmon a navigating mobile
robotin MIT' s StataCentre.

Il. THE SLAM PROBLEM

The SLAM problemis typically phrasedas estimating
the parameter®f the robot's positionwhile simultaneously
estimatingthe parametersf the map. Let us denotethe
robot's poseattimet asx;, andthe parametershatdescribe
the world (location of features,free space,etc.) as

of somefeature,suchasthe positionof a landmark.As the
robot receves a control u; at time t, its position changes
probabilisticallyaccordingto sometransitiondistribution:

@)

After eachmotion the robot receves sensormeasurements
z;. Theseobsenationsare generatechccordingto a distri-
bution that dependson the robot position and the world
state:

P(Xt+1 JXt; Ut):

P(ztjxe; ) - 2

Sincewe do not know the robot position or the map, the
SLAM problemis that of estimatingthe joint distribution
overtherobotandmapstate p(x;; ) , ascontrolsaregiven



and sensommeasurementare receved. The Bayes' Iter is
mostcommonlyusedto pgrformthis estimation:

P(Xt+1 jUr) P(Xt+1 Xt Ur)p(X)dxe  (3)

Xt
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Equations3 and 4 are updated after each control and
eachsensormeasuremento maintaina posteriorestimate
P(Xt;  jZi;Ut).

The choice of map representation,or the form for
p(X¢; ) , is a key factor in ary SLAM algorithm. In
mappingbasedn grids,thedistribution is typically factored
into a distribution p(x;) anda multinomial p() , both of
which are jointly optimizedofine. In Kalman lter -based
SLAM, thejoint distribution is representedsa multivariate
Gaussianwith some mean and covariance. The Kalman
Iter approachis popularbecausét allows for very ef cient
updatesin worlds with a small numberof parametersand
can be extendedto efcient updatesin large worlds with
appropriatedecompositiorf2]. However, because motion-
sensorupdateis O(n?) (wheren is the total number of
parametersn x and ), the estimationproblem becomes
progressiely more computationallychallengingasthe size
and complity of the world increases.

This is one of the primary dif culties in SLAM—the
problemof representationatompleity. As the size of the
world increasesso can the compleity of the estimation
problem,even if the structureof the world itself doesnot
increasesigni cantly in complity. Estimatinga map that
consistof along corridor shouldnot increasequadratically
in the length of the corridor, but building a point-based
maprequirestrackingpoint featuresdown the entirelength,
which increaseghe numberof featuresasthe corridor gets
longer The recentarrival of constant-timeSLAM algo-
rithmssuchasAtlas [2] or the SparseExtendednformation
Filter [12] meanthatthe statisticalinferenceprocedurdtself
neednot scaleat all with the numberof features,but the
complity of therepresentatiostill does.This motivatesa
potentialfor low-dimensionalgeometricrepresentation$o
be useful.

pP(Xt+1; Jzt)

I1l. DIMENSIONALITY REDUCTION

Givenalarge numberof pointfeatureghatall correspond
to the sameervironmentalstructure,a reasonabl@pproach
might be to use a dimensionality-reductiortechniqueto
extract higherorder lower-dimensionalrepresentationthat
still capturethe data.One suchrepresentations Principal
Component#nalysis,thatcomputesa setof basisfunctions
that can be linearly combinedto representa collection
of data; PCA has been used extensiely in the vision
communityto nd low-dimensionakepresentationsf very
high-dimensionaimages,such as faces[15]. If we apply

the problemis that currentSLAM approachesbuilding the
initial map) still require coping with the representational
complity of the point-featuresduring the map-huilding
process.What we would like is to build a model of the
ervironmentdirectly from line sggments.

Unfortunately most existing dimensionality reduction
techniquessuchas PCA or line tting do not containthe
probabilisticmodelsof thedatanecessaryor robust SLAM.
PCA can be viewed in probabilistic terms as nding a
low-dimensionalmanifold that maximizesthe lik elihood of
the data,but it doesnot provide a well-formed probability
distribution over the manifold itself. Without a likelihood
model of the data, we cannotcomputep(zjX¢; ) asin
equation4.

A. Probabilistic PCA

The ProbabilisticPCA algorithm developedby Tipping
and Bishop [14] doesprovide a way to computea low-
dimensionalrepresentatiorwith a well-formed probability
distribution of higherdimensionaldata.Let us considerthe
problem of tting somedataZ of dimensiond to some
lower-dimensionaparameterization of dimensiong. If this
lower-dimensionalparameterizatiof Z is linear, thenwe
want someprojectionmatrix W and offset sothatZ =
W + ,where isthemeanoffsetof thedata.However, for
datathatonly approximates line (becausef measurement
noise,for instance)no suchW exists. The bestwe cando
is minimize the error in representationtypically choosing
to minimize squared-errosuchasin cornventionalPCA so
that

W = argminjjz W + jj% (5)
W

Insteadlet us explicitly representhe noise presentin the
obsenations:

Z=W + +

(6)

If we assumasotropicnoise N (0; 21) andanormal
distribution of the low dimensionalparameterization, we
can computethe mamginal distribution of Z:

B) = NOD=@2) exp ~T, (7)
7 2
p(z) = p(Zj )p( )d (8)
) p(Z) N(; C) (9)
where
C=ww T+ 2 (10)

Equation8 follows from the total law of probability, and

PCA to appropriatelyclusteredsetsof point featuresin a €quation9 follows from combining equationss, 6 and 7.
map,we canextractline segmentsto represeneachcluster Equation9 de nes a probability model of the high dimen-
of point features generatingvery efcient representations, Sional obserationsand which meansthe likelihood of ary
e.g.,a wall containing1,000 point featuresin a 2-d world ©obseration z can be directly computedgiven the model
could be representedsingjust the 4 parametersf theend- @nd C. Tipping and Bishop [14] shawv that the maximum
points of 2-d line segment. likelihood estlmatesof the parametersw y;  , and
Although this approachhas been applied successfully 0ccur when is equalto the mean of the obsenations,
in a numberof applicationsto corvert point-feature-based and
modelsinto line-sgmentbasedmodels(e.g.[6], [7], [13]), 2R

WwnmeL = U( (11)



whereR is an arbitrary rotation matrix andU and are
the principal eigervectors and eigervaluesrespectrely of
the obsenation covariancematrix,

1 X

SN

Nz ) (12)

(zi
i=1
for N obserationsin Z. At the maximumlikelihood point
(whereW = Wy ) the maximumlikelihood estimatefor

2 s
1 X

T 9 4 i
d a j=qg+1
where ; is thejth eigervalueof the obsenration covariance
matrix (eigevaluesare orderedby descendingnagnitude).
In the caseof computingthe 1-D parameterizatiorof 2-
D data, 2, is just the eigervalue of the non-principal
component,or in other words, the varianceperpendicular

to the principal componenbf the obsenations.
Notice that we can recover corventional PCA by maxi-
mizing

L (13)

lim L(p(2); (14)
thatis, thelikelihoodof thedataas 2 goesto 0. Thiswould
allow usto recorerW from thedata(andalow-dimensional
representation)put would not provide a probability model
of the data.

There are two key propertiesto this model that are
bene cial to the problem at hand. First we nowv have
an explicit probability model of the data, p(Z), allowing
us to computethe likelihood of ary obseration. Second,
this probability model also can be usedto computethe
parameter$or a mixture of suchmodelsusing Expectation-
Maximization as describedby Tipping and Bishop [14].
Therefore givenaknown setof featuresthis methodcanbe
usedto computethe setof 1-D principle componentsvhich
maximizesthe likelihood of the data. For example, once
the numberof walls n is estimated probabilistic principal
componentanalysis(PPCA) can be usedto computethe
setof n 1-D vectorsthat maximize the likelihood of the
underlying2-D laserrangedatapoints.

Laser Observations

Fig. 1. ProbabilisticPrincipal ComponentsAnalysis.

Two immediateissuesarisewhen using this approachn
anincrementafashionto do SLAM. The rst is how to de-
terminethe numberof featureqor numberof mixtures)over
which to perform PPCA, sincethis is typically not known
in advanceThe seconds haw to do PPCAincrementallyso
that asnew dataarrives, the parameter®f the old features
are updatedaccordingly

B. Determingthe Numberof Low Level Featues

The problemof estimatingthe numberof line sgments
presenin the environment,or the numberof mixturesto be
usedin PPCA,is very similar to the problemof determining
K in the K -meansalgorithm. Without prior knowledge of

the domain,it canbe very dif cult to pre-selecthe correct
numberof clustersyet important,sinceboth K -meansand
mixtures of PP CA perform poorly with bad choicesof
the K or the numberof mixtures.To remedythis problem,
Pelleg andMoore [9] createdX-means,an algorithmwhich
determinesthe bestK (out of a rangeof K s) numberof
clustersfor a dataset.Their algorithm usesthe Baysian
InformationCriteriato determinevhento split a clusterinto
two. Hammerly and Elkan [4] improved upon their result
in an algorithm G-meanswhich usesthe Anderson-Darling
(AD) statisticto split clustersuntil the dataallocatedto each
clusterpasseshe hypothesisof being normally distributed
(A?(Q) > 1:035 which correspondso the probability the
distributionis Gaussiarns > 99%). This resultavoidsthe X-
meansassumptiorof the databeing sphericallydistributed
abouta center

In our approachwe integrateG-meanswith PPCAto pro-
ducean algorithmwhich determinesnline the bestnumber
of mixturesandthe bestparameter®f thosemixturesto t
the dataat hand. The parameterof the model are further
improved by excluding outlier points (those points whose
probability underthe clusterthatmaximizestheir likelihood
is lessthanagiventhresholdtypically 1%) andrecomputing
the clusters'parameters.

C. IncrementalProbabilistic PCA

In online SLAM, a robot wandersthrough a nev en-
vironment. At each time step, the robot receves some
nev obsenations and integratestheseobserationsinto a
map and estimateof its trajectory Probabilistic PCA, in
combinationwith G-meansproducesa mixture of K low
dimensionalmodelswhen given a set of obsenrations. To
computemapsincrementally a simple solution would be
to store all obsenations, and at eachnew time step add
in the new obsenationsandre-run PPCA+G-meansn the
entiredatasetHowever, this approachs undesirabldor two
reasonskFirst, it becomesntractableto storeall raw obser
vationsif the robotis on a prolongedperiod of exploration.
More importantly it is computationallyexpensve to run
PPCA+G-mean®n the entire obsenation set at eachtime
step.

Instead, we proposeto maintain only a compactrep-
resentationof the incremental map using the principal
componentsand variancesobtainedfrom PPCA. At each
new time step, a nev set of obsenations are receved.
Thesenew obsenationsare processedy PPCA+G-means
to producea setof K ° new clustersor principalcomponents
that succinctly representthe new obsenrations. TheseK °
clustersarethenmergedwith theK clustersof theprior map
representinghe stateof the world up throughthe previous
time step. There are two main componentsto the meige
procedurethe clustercorrespondancgroblem(determining
the mapping betweenold clustersand new clusters)and
the cluster parametersipdateproblem (how to memge two
associatectlusters).

D. ClusterCorrespondence

Clusterassociatioris determinedby calculatinga metric
betweenevery pair (ki 2 K;k? 2 K9 pair of clusters.
For eachpair of clusters, rst the dot productis computed
betweenthe normalizedprincipal componentvectorsof the
two clusters.If the dot productis below certainthreshold



(in our experimentsa differencein angleof 60 wasused,
chosenexperimentally) then the distance measureis set
to +1 , to indicate that thesetwo clustersshould not be
meiged.Otherwise|f the clustercentersarewithin the sum
of the principal varianceof the two clusters anothemetric
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. Cluster Merging

Once cluster associationhas been performed,the map
parametersnustbe updated!f anold clusterhasno match,
its parametersare left unchangedl!f a new clusterhasno
match,it is addedto the nev maponly if it hasthe support
of asufcient numberof obsenrations,andits non-principal
componentvarianceis low. The motivation hereis to add
in new featuresto the map only if they are well de ned
(representl-D featureswell, as representedy low non-
principal componentvariance(see gure 2 andnotethat if

2 is small the model becomedine-like)) and help explain
a good numberof the newv obsenrations.

For clusterpairs (k% k), their parametersnustbe memged
to computea new cluster This is done using a variant of
Wenget. al. [16]'s IncrementalPrincipal ComponentAnal-
ysis (IPCA) algorithm. IPCA provides a way to iteratively
re-estimatethe principal componentf a dataset without
requiring the storageof all datag et z, be the mth d-
dimensionalobserationandA =~ 1 (z )zm )T
be the dxd samplecovariancematrix. Thenletting x; bethe

ith normalizedestimateof an eigervectorof A (and the
correspondingeigervalue)yields
X T

Axi=  (z )Nz ) Xi= Xi Vm (15)

i=1

Note that by maintainingv,, the current estimateof the
eigervalue and eigervector can be computedby = jjvjj
and x; = vIjvjj. By initially settingvp to the principal
componenbf the rst obseration set,recursve estimation
of v, is possible.

m 1

Vm 1
— (16
IVm 4l (16)
This hasthe intuitive effect of pulling the old estimateof
the principal componentowardsthe new obserations.

1
Vm = Vm 1+ E(Zm )(Zm )"

The *s are the cluster centres for the existing
luster and a new cluster

1| [ The clusters are merged based

on Incremental PCA into this !
posterior cluster.

Fig. 2. The procesf incorporatinga new clusterinto the existing map.

This procedureallows the computationof merged princi-
pal componentsfrom an old and new cluster The meged
cluster centeris computedby taking a weighted average
of the old and new cluster centers.See gure 2 for an
illustration of this procedure.

V. FAST SLAM

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

A. RobotPoseEstimation

Robotposeestimationis computedusingparticle Itering
in amannersimilarto Thrun's FastSLAM[12]. A collection
of particlesS representingpossiblerobot trajectoriesand
current posesis maintained.At eachtime stept, each
particlei generates new estimateof the robot's poseusing
the new translationand rotation odometryreadingu;
sthpGstju st ) (17)
where Gaussiamoiseassociatedvith translationand rota-
tion is addedas part of the motion model.

B. Map Estimation

At eachtime stept, a new setof ervironmentalobsera-
tions Z is receved. Then eachparticlei computesa map
of the ervironmentrepresentedy a set of line sggments
or clustersC; usingthe incrementalprobabilistic principal
componentanalysisproceduredescribedabore.

C. Particle Resampling

Initially all particlessimply updatethe robot's posebased
on the new odometryreading. This createsa particle set
whose distribution is independentof the ernvironmental
obsenations.To correctfor this, importancesampling[11]
weights each particle basedon the likelihood of the ob-
senations given the particle pose,and performsweighted
resamplingto generatea new particle set. In the present
scenario PPCA provides a probability distribution over the
datafor a givencluster A particlei's weightw; atiteration
t is therebycomputedby:

it
wi = maxp(zj[t]jCi)
j=1

(18)

In otherwords,eachmeasuremeris assignedo the cluster
thatmaximizesdts probability andsotheweightof a particle
representshe likelihood it assignsto the current set of
obserationsz!tl,

Particlesare thenresampledvith replacemenbeforethe
next time step. The complete algorithm can be seenin
tablel.

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 alignmentis generally
good; unfortunatelythis data set doesnot close the large
loop entirely, but we seethatthe smallloopin thetrajectory
is closedappropriatelyandthe small shift at the end of the
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Fig. 4. Themapbuilt from SLAM usingthe low-dimensionarepresentation(a) The correctedrajectoryis the solid black line, andthe true trajectory
is the solid grey line. The true trajectorywas found by tracking the robot's positionin a pre-huilt grid map. (b) The constructednap, representedby
the clusters.(c) The mapasrepresentedy registeredlaserdata.(d) The map asrepresentedby the low-dimensionalprojectionof laserdata.
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Fig. 3. The map built from poseestimatesgiven by rav odometry As
expectedtheerrorin the poseestimatesaccumulatesndtheresultingmap
is poor.
trajectorywould no doubtbe correctedwvith moredata.(It is
possibleto introducearbitraryerrorin theL, normbetween
a perfectmap and groundtruth by rotating the map about
the startposebeforecomparisonThetrajectoryshovn here
follows a correctionprocedureto shift and rotate the map
backto the bestorientationpossiblefor minimizing error)
Figure4b showvs the map clustersassociatedby the mean
particle on top of the laserdata.Note that the clustersare
probabilitydistributions,notline sggmentsandaretherefore
plotted by shawing one standarddeviation of the datalike-
lihood distribution on either side of the clustercenter;the

clustersmay seemshortenedut arecapableof representing
morestructurethanis plotted.Datapointswhoselikelihood
underary clusterwas lower than a threshold(0.01) were
not usedin computing cluster parametersand data with
probability lessthan 10 8 are not displayed.The map has
clearly capturedthe majority of the high level structureof
the ervironment,using a fraction of the parametermeeded
for a point basedrepresentationindeed, the nal mean
particle map consistedof 33 clusters,approximately.5%
of the parametersieededto representhe full point-based
representationFigure 4c shavs the mean particle robot
trajectorythroughthe ervironment.

In addition, the reconstructionof the raw data points
was computedby assigningdatapoints to the clusterthat
maximized their likelihood, projecting dovn to the low
dimensionakepresentatiorandthenre-projectingup to the
high dimensionalspace Figure 4d shavs the reconstructed
data points. As would be desired,the reconstructeddata
points pravide a nice, low noise representationof the
ervironment.

VI. RELATED WORK

Thereis alargebodyof work on SLAM andonly themost
relevant resultswill be discussechere.Leonardet. al. [6]
usedthe Houghtransformto group obsenationsinto point
or planefeatureswhenperformingconcurrentmappingand



i=1

Initialize particle®lter S with odometryreadingi
Collect ®rst setof obserationsZ,

for eachparticlesy 2 S

a) RunPPCA+G-meansn obserationsZ, andout-
put a setof clustersC
b) wi = p(ZojC)
5) Resamplehe particleswith replacementising weights

w
While i < num obsenation sets

a) Update each particles position using the new
odometryreading
b) Collect new obsenationsZ;
c) for eachparticlesx 2 P
i) Run PPCA+G-mean®n obsenationsZ; and
outputa setof clustersCrew
ii) Map new clustersCpew to old clusters C
wherepossible
iii) for j =1:numberof matchingclusterpairs

A) Use IPCA to meme cluster pair j
clusterCmer ge;j

iv) Copy all unmatchedld clustersto Cper ge

v) If a new cluster has a low non-principal-
componentvarianceand suf®cient numberof
new obsenationsZ belongingto it, addit to
Cmer ge

vi) wx = p(ZijC)

d) Resamplethe particles with replacementusing
weightsw

6)

into

TABLE |
THE IPSLAM ALGORITHM

localization (CML). Similar to the approachin this paper

they createnew featuresfrom a setof new measurements,

andthenfusefeaturegogetherHowever, this representation
lacks a probability model.

Our approachto robot pose estimation and particle
resamplingdraws heavily from Thrun's FastSLAM [12]
approach.However, our line-basedmap representatioris
fundamentallydifferentto the landmarkrepresentatiomsed
in FastSLAM andthereforeour map estimationapproachis
novel. Our representatiofs closelyrelatedto Thrunetal's
Expectation-Maximizatiompproacho line-segmentextrac-
tion [13], however, our algorithmis an on-line approacho
SLAM, ratherthana post-processingtepon the map.

Artac et. al [1] used incremental PCA to store low-
dimensionalrepresentation®f imagestaken by a mobile
robot asit moved aroundan ervironment. Comparingtest
imagesto thesestoredlow-dimensionarepresentationgro-
duceda good estimationof the location of the robotduring
acquisitionof the testimages.However, this work doesnot
attemptto solve the problem of simultaneoudocalization
and mapping.

VIlI. CONCLUSION

In this paper we have describedthe IPSLAM algo-
rithm, an algorithm for simultaneouslylocalizing a robot
and estimatinga map of the ervironment basedon low-
dimensionalgeometricrepresentationThe numberof fea-
tures in the ervironmentis estimateddynamically using
an approachdraving from the G-meansalgorithm [4].
Using this algorithm we are able to generategood low-
dimensionalrepresentationsf environmentalstructureus-
ing mary fewer parameterghan corventional point-based
or grid-basedrepresentationsThe algorithm is nearreal-

time, in that the major loss of real-time performancecan
be attributed to the languageimplementation(Matlab). We
intendto re-implementthe algorithmand demonstrateeal-
time performanceshortly,

There do not exist good metrics for comparing map
quality, however, visual comparisonof our generatednap
suggestst correspondsvell with a map built usinga grid-
basedepresentatiorincluding detectingsmallerdetailslike
doors. Notice that the passagway appearsto be partially
blocked acrossbetweenthe two main segments of the
map—thisis in fact a doorway that is partially closedin
the dataset.

The generatedmap doescontain someerrors, however.
TheincrementaPCA algorithmis not basedon alik elihood
modelanddoesmale errorsin meging clustersperiodically
We intend to extend the incremental PCA algorithm to
incorporatethe full datalikelihood modelin future work.
Additionally, a major sourceof error in the map is the
fact that the MIT Stata Centreis a particularly dif cult
ervironmentto modelusingstraight-linesegments because
mary of thewalls arein factnot at or squareFor example,
thelower-right portion of the map,representetdy a roughly
pentagon-shapedutline of line segments.This is in fact
a cuned wall segment, which requiresmary small linear
modelsto accuratelyrepresentOne possibleextensionto
the IPSLAM model is to capturecurved seggmentsusing
non-linearPCA or Principal Curves models[5].
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