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Abstract

It is well-known that theKalman�lter for simul-
taneouslocalizationand mapping(SLAM) con-
vergestoafully-correlatedmapin thelimit of in�-
nite timeanddata[3]. However, if theexploration
trajectoryaccumulatesnew informationaboutthe
world slowly, thenconvergenceof themapcanbe
slow. By makinguseof the recentdevelopment
of constant-timeSLAM algorithms,weshow how
information gain for a single step can be com-
putedin constanttime. We describethe concept
of an “information surface”, which representsat
eachpoint in the environmentthe total potential
informationgain thatresultsfrom a completetra-
jectoryto thatpoint. Wedemonstrateanalgorithm
for �nding this surfacethat leadsto an ef�cient,
global planningalgorithmfor exploration that is
linearin thenumberof statesto beexploredin the
world andthelengthof thetrajectory.

1 Intr oduction

SimultaneousLocalization and Mapping (SLAM) is the
problem of how to build environmentalmodelsor maps
from sensordatacollectedfrom a moving robot. SLAM is
consideredto beoneof thecornerstonesof autonomousmo-
bile robotnavigation[11], andcanbea technicalchallenge
becausethe robot positionandthe world featuresmustbe
estimatedsimultaneouslyfrom noisy sensordata. Recent
researchhowever, hasresultedin substantialprogressin au-
tonomousmap-building; therearenow anumberof systems
thatcanreliablybuild many kindsof environmentalmodels.

Althoughrobotscannow build goodmapsof many realen-
vironmentsdirectlyfrom theirown data,therehasbeenlittle
researchonhow to collectthedataautonomously. Typically,
a robot is driven aroundthe environment by hand while
it recordssensordata;this sensordatais eitherassembled
incrementallyandonline into a partial map,or the sensor
dataensembleis assembledof�ine into a globally consis-
tentmap.Therearerelatively few resultsconcerninghow to

automatethisexplorationpolicy andhow bestto gatherdata
for building a goodmap,even thoughthe motion strategy
canhave a real impacton the quality of the resultingmap.
Whenthe sensordatais collectedfrom a robot beingcon-
trolled manuallyby a novice, the resultis oftenpoormaps
with internal inconsistencies.A moreseasonedcontroller
hasan internalmodelof goodmotionstrategiesthatgather
informationquickly, thatdosoin away thatmakesit easier
to assemblea consistentmap. For example,a goodmotion
strategy candetectwhentherobotis becomingtoouncertain
aboutits pose,andreturnto known landmarksto re-localize
beforecontinuingto explore. A goodmotion strategy can
alsodetectactionsthat have resultedin highererror (e.g.,
point turnsthat typically result in higherdegreesof wheel
slippage,etc.)andavoid them,reducingodometryerrorthat
mustbecorrectedafterthefact.

In this paper, we describea motion planningalgorithmfor
SLAM thatcomputesthemulti-steptrajectorythat reduces
the uncertaintyof the mapthe most. The algorithmusesa
variantof the extendedKalman�lter calledthe sparseex-
tendedinformation�lter (SEIF).Theadvantageto theinfor-
mation �lter is that a singleupdatestepfrom moving and
sensingcan be donein constanttime, which allows us to
computethe changeto the mapcertaintyin constanttime.
By restrictingourselves to the classof trajectoriesthat do
notcontaincycles,wecancomputea2-D “informationsur-
face”thatencodesateachpoint theimprovementto themap
resultingfrom travelling to thatpoint. Theinformationsur-
faceis not just the informationavailableat eachpoint, but
the information gainedby integrating along the trajectory
to the point. We describean ef�cient algorithm for com-
puting this surfaceover a discreterepresentationof space,
usinga dynamic-programmingapproachandthe constant-
time informationgainupdate.This resultsin oneof the�rst
algorithmsthatallows explorationfor exploiting global in-
formationalongtrajectories,ratherthanexploiting local in-
formationgainvia gradient-descent.

2 SLAM

We will assumethat we have a quasi-holonomicrobot op-
erating in a planar environment. The robot is equipped



with a landmarksensorthat cansensethe rangeandbear-
ing of any numberof landmarksin theplanethatarecloser
than some�nite range. The robot issuescontrolsat each
time t, which consistof the relative translationaland ro-
tationaldisplacement:Ut = (� d; � � ). The sensormea-
surementsare a sequenceof rangeand bearingmeasure-
ments: zt = (r 1; b1; r 2; b2; : : : r m ; bm ) for m landmarks
within rangeof thesensor. TheSLAM problemis thenhow
to simultaneouslyestimatetherobotpose(x; y; � ) aswell as
thepositionsof all n landmarks(x1; y1; x2; y2; : : : ; xn ; yn ),
thatis, estimatethefull state

� = (x; y; � ; x1; y1; x2; y2; : : : ; xn ; yn ); (1)

basedonly onknowledgeof thecontrolsissuedby therobot
andthesensormeasurementsreceived.Thestateat timet is
relatedto thepreviousstateandcontrolby a functiong,

� t = g(� t � 1; Ut ; qt ); (2)

whereqt is anunobservablenoiseterm. Theobservationat
time t is relatedto thestateby a functionh,

zt = h(� t � 1; vt ); (3)

wherevt is anunobservablenoiseterm. Givenappropriate
probabilisticmodelsof thesenoiseterms,a posteriordistri-
bution over the full state� canbe computedfrom the full
history of controlsandobservations. Differentrepresenta-
tions of this posteriortradeoff computationalcomplexity
for representationalpowerandapproximationquality.

Althoughtherearenow aspectrumof competingSLAM al-
gorithms,we will focuson Kalman�lter -basedapproaches
for developmentof our active explorationalgorithm. The
extendedKalman�lter (EKF) computestheposteriordistri-
bution by linearizingthefunctionsg andh abouttheprevi-
ousstateestimate,andmakingassumptionsthat the noise
termscanbe characterizedasGaussian.The exact deriva-
tion of theextendedKalman�lter hasbeendescribedelse-
where[7, 18, 8]; it suf�ces to saythat the EKF algorithm
consistsof iterating two steps: a predictionstepthat esti-
matesthe posteriorafter eachcontrol, anda measurement
stepthat integrateseachobservation, re�ning the position
estimate.By linearizingandmakingGaussianassumptions,
the EKF model ensuresthat the posteriorprobability dis-
tribution over � is alwaysGaussian.While therearesome
known limitationsto thisapproach,maintainingtheexplicit
covariancematrix � in theKalman�lter allowsusto reason
abouthow certainany distribution is, andhow thedistribu-
tion is improvedby differentactions.

The ExtendedInf ormation Filter

The dual to the extendedKalman�lter is the extendedin-
formation�lter (EIF). Insteadof maintainingthecovariance
matrix � t andmeanstateestimate� t , theEIF maintainsthe
inverseof the covariance,called the informationor preci-
sion matrix 	 t , andan informationvectorbt . Theseterms

arerelatedto theoriginal Kalman�lter termsin thefollow-
ing manner:

� t = 	 � 1
t bt

t (4)

� t = 	 � 1
t (5)

JustastheEKF hasa two-stageupdateprocess,sodoesthe
information�lter . The full EIF updatestepscanbe found
elsewhere[10, 17], andareoutsidethescopeof thispaper.

Themeasurementupdateof theEIF caneasilybeshown to
beconstanttime becauseit simply involvesaddinga sparse
matrix to the informationmatrix. Thepredictionupdatein
the standardformulationof the EIF is not, however, since
it containsmatrix inversions.As the numberof landmarks
grows, so doesthe dif�culty of theseinversions.Thrun et
al. [17] prove that by maintainingsparsenessin the infor-
mationmatrix 	 t andtrackingthemean� t , themotionup-
datecanstill be performedin constanttime. Tracking � t

exactly is still not a constanttime operation,but thereex-
ists an iterative approximatealgorithmto recover � t if 	 t

is sparse.Given anupperboundon thenumberof permit-
ted iterations,the recovery of � t is thenalsoconstant-time
algorithm. The sparseness-preservingalgorithm, together
with estimationof theinformationvectorbt is referredto as
theSparseExtendedInformationFilter (SEIF).

Themajorissuein theSEIFis maintainingthesparsenessof
	 t , in thatasnew landmarksareseen,new non-zeroentries
areaddedin the growth of the informationmatrix. Addi-
tionally, astherobotmovesaround,themutualinformation
betweentwo visible landmarksis increased.The sparsi�-
cationprocedureof theSEIFmakesuseof thefact that,al-
thoughthe informationmatrix tendstowardsa non-sparse
matrix, many of theentriesarecloseto 0. By only keeping
the n largestentriesof the informationmatrix, the sparse-
nessof thematrix canbeboundedfrom below, resultingin
an upperboundon the updatetime of the algorithm (the
greaterthesparseness,the fastertheupdate).Additionally,
aconstant-timesparsi�cationalgorithmexistsfor maintain-
ing this bound;so long asthis boundis appropriatefor the
environmentandrobot, theapproximationerror in thepos-
terior introducedby thesparsi�cationis negligible.

3 ActiveExploration

TheSEIFalgorithmallows usto usecollecteddatato build
anaccuratemapef�ciently . However, westill donothavean
algorithmfor gatheringthatdataef�ciently to build themost
precisemap.Theproblemof gatheringdataef�ciently is re-
ally oneof selectingnew measurementsthataremaximally
informativeaboutourmodel.TheEKF, andbyextensionthe
SEIF, arebothgenerativeBayesianestimators,whichmeans
we shouldselectnew datathat aremaximally informative
aboutour probabilisticmodelof � . Decisiontheorytells us
that we cancomputethe gain in informationbetweenany
two distributionsasthe relative changein entropy [9]. We
will thereforechooseexplorationstrategiesthatmaximally
reducetheentropy of theposteriordistributionpt (� ).



Theentropy of adistribution is de�ned as

H (p(� )) =
Z

�
p(� ) logp(� ) (6)

which for a Gaussiandistribution canbecomputeddirectly
from thecovariancematrixas

p(� ) = (2� ) � d
2 det(�) � 1

2

exp
�

�
1
2

(� � � )T � � 1(� � � )
�

(7)

) H (p(� )) =
d
2

(1+ log2� )+
1
2

logdet(�) (8)

/ logdet(�) : (9)

The maximally informative trajectorymust thereforehave
the smallestcovariancematrix � . We do not explicitly
maintainthe covariancematrix in the SEIF but insteadthe
informationmatrix 	 = � � 1, which meansthatthegain in
informationfrom time t to t + 1 is

� H = log(
1

det 	 t +1
) � log(

1
det 	 t

) (10)

If we�nd theshortesttrajectorythatminimizesthisquantity,
weshouldconvergeto themostaccuratemapthefastest.

Constant-time Inf ormation Gain

Althoughwe cancomputetheposteriorinformationmatrix
afteranactionandanobservationin constanttimeusingthe
SEIF, the informationgain is not yet a constant-timepro-
cess,dependingon our ability to computethe determinant
of an arbitrarysizematrix. We canagain make useof the
factthattheinformationmatrix is sparseto eliminatethein-
formationgain's dependenceon thesizeof the information
matrix. If we boundthenumberof non-zeroentriesin 	 t ,
wecan�nd aconstant-timealgorithmfor computingthein-
formationgain in themapsubmatrix.Usingthesparseness
of 	 t , we swaprows andcolumnsof the	 t to getanblock
diagonalmatrix 	̂ t of theform

	̂ t �
�

X 0
0 Y

�

whereX containstermsfor landmarksthat the robot can
seeandY containstermsfor theremaininglandmarks.The
effect on thedeterminantof re-writing the informationma-
trix in thisway is minimal: thedeterminantis affectedby at
mostasignchange.(Themagnitudeof thedeterminantof a
matrix is unaffectedby any numberof row andcolumnex-
changes.)Oncewehavetheinformationmatrixin thisform,
thedeterminantof theblock diagonalmatrix is theproduct
of thedeterminantsof its blocks:

det 	̂ t = (det X )(det Y ) (11)

) � H = log(det X t +1 det Y ) � 1� log (det X t det Y ) � 1(12)

= log(det X t ) � log(det X t +1 ) (13)

Let us supposethat the environment,andthereforethe in-
formation matrix, is suf�ciently sparsethat the robot can
only seeonelandmarkata time. Thismeansthattheupper-
left blockof H will alwaysbea5� 5 matrixassumingeach
landmarkhasexactly2 degreesof freedomandtherobothas
3. If we want to choosesomelocationin the environment
that will maximally reducethe determinantof the covari-
ancematrix,thenwecandothisby consideringonly a5� 5
matrixateachpoint (x; y).

We know, from thesparseextendedinformation�lter liter-
aturethat we canupdatethe posterior, representedby the
informationvectorandmatrix, in constanttime. We have
demonstratedthat the information gain betweenthe prior
andposteriorinformationmatrix canalsobe computedin
constanttime,givena lower boundon thesparsenessof the
informationmatrix. Wenow describeanalgorithmfor com-
putingtheglobal trajectorythatmaximizesthe information
gain.

4 The Inf ormation Surface

Our approachto exploration planningis to attachto each
(x; y) posein theenvironmenttheinformationgain thatre-
sultswith maximumlikelihoodfrom moving from thecur-
rent(x r ; yr ) poseof therobotto thedestinationpose(x; y).
Computingthis informationgain over thespaceof all pos-
sibleposesgivesan“informationsurface”over theenviron-
ment; this surfaceallows us to identify the maximally in-
formative point in theenvironment,given thecurrentstate.
By iteratingbetweencomputingtheinformationsurfaceand
thentravelling to theglobalmaximum,themapshouldcon-
vergeto minimal errorasquickly aspossible.We approxi-
matetheinformationsurfaceusinga discretization;thedis-
cretizationis simply a restrictionto a classof policiesover
adiscretizedposespace1. Becausewecancomputeupdates
to theSEIF in constanttime, we cancomputethe informa-
tion surfaceef�ciently , in timeO(n) in thenumberof states
in thediscretizedposespace.

4.1 The Single-ShotInf ormation Surface

Onepossiblemodelof the informationsurfaceis the infor-
mationgainedafterintegratingasingle(typically long)step
from thestartposeto theendposeandthenintegratingthe
singlemaximum-likelihoodmeasurementfor thatpose.We
will call this approachthe“Single-ShotInformationGain”.
Figure1(a)depictsanexamplerobotpose(lowercross)and
uncertainlandmark(elongatedellipse). Figure1(b) depicts
the informationsurfacethat resultsfrom this problem.The
robothaslargeerror in therotationalcontrol,which results
in a ridgeof high informationgain alongtheposesthat re-
quirelittle or norotation.Noticethattheinformationgain is

1This restriction can be relaxed to include continuous-state
policies using a policy searchalgorithm to improve the optimal
discrete-statepolicy [14], but in practicewehave not foundthis to
benecessary.



alsohigheroff to thesidesof thelandmark,in thedirection
of theprincipalaxisof thecovarianceof this landmark.In
general,theshapeof theinformationsurfacewill dependon
boththerobot'ssensorandmotionmodels,andcanvarysig-
ni�cantly betweennoisemodelswith differentproperties.

(a) Current Robot
PoseandMap

(b) Information Sur-
face

Figure1: (a) An exampleproblem,with the currentrobot
positionshown in themiddleof theimage,andasingleland-
markwith its covarianceellipseshown in thetop right. (b)
The informationsurfacedueto takinga singlestepto each
destinationrobotpose.Darker areascontainmoreinforma-
tion. The white circle is the minimum rangeof the sensor
aroundthelandmark.

Unfortunately, the Single-ShotInformation Gain may not
be the most useful model of information for two reasons.
First, unlessthe trajectoryis very short, the robot will re-
ceive additionalmeasurementsalongthat trajectorywhich
shouldbeintegratedinto theestimateof � andwill addto the
certaintyof themap2. We canextendthis algorithmby ac-
tually integratingalongeachstraight-linetrajectory, but this
is inef�cient anddoesnot solve thesecondissue:by com-
puting the informationgain alonga line to eachpose,we
have restrictedexplorationto straight-linetrajectorieswhen
themostusefultrajectoriesmightbecurved.

4.2 The Integrated Inf ormation Surface

Insteadof computingstraight-linetrajectories,a betterap-
proachis to considertrajectoriesof arbitrarysequencesof
unique(non-repeated)robotposes.Wecandothisusingthe
following threeideas:

� Theinformationgainat thestartlocationof thecurrent
robotpose(x r ; yr ) is 0. This approximationdrivesthe
forwardprogressof therobot.

� Theinformationgainatany point(x; y) relativeto start
pose(x r ; yr ) can be computedfrom the information
gain from (x r ; yr ) to someneighbouringpose(x0; y0)
andthe informationgain from (x0; y0) to (x; y). If we

2Note that if the robot electsto take a large stepwithout col-
lectingnew measurementsalongthepath,therisk of divergencein
the®lter increasesconsiderably.

know theinformationmatrixateachneighbouringpose
(x0; y0) undertheoptimaltrajectoryto eachneighbour,
we can thereforecomputethe maximally informative
trajectoryto thepose(x; y).

� Whicheverneighbour(x0; y0) leadsto themaximumin-
formationgain of (x; y), that neighbouris the parent
posein theoptimaltrajectoryto (x; y).

Sincewe can computethe optimal information gain of a
robot posefrom the covarianceof the best neighbouring
pose(assumingwe store the covarianceof neighbouring
posesasthosecovariancesareassembledfrom their neigh-
bours),we caniteratethroughall posesrepeatedlyuntil we
converge to a consistent,unchanginginformation surface.
This leadsto the following nä�ve algorithm,very reminis-
centof valueiterationfor Markov decisionprocesses:

� Until theinformationsurfacestopschanging:

1. For eachrobotpose(x; y), computethebestposterior
informationmatrix from theneighboursandthe infor-
mationgain

2. If the new information gain estimate(relative to the
startpose(x r ; yr )) is betterthanthepreviousestimate
for theinformationgainat (x; y), thensettheinforma-
tion gain of (x; y) to thenew gain estimate,andstore
the posteriorinformation matrix associatedwith this
pose.

The informationsurfacecomputedin this way is relatedto
the value function from Markov DecisionProcesses.The
immediatereward of a statetransitionis the immediatein-
formation gain from the current information matrix. The
main dif�culty with this algorithm, however, is that it in-
cludesall sequencesof poses,not justall sequencesof non-
repeatedposes.Whenwe comparesomeexisting estimate
of the informationgain at a pose(x; y), we needto ensure
that the information at this posehasnot alreadybeenin-
cludedin the informationgain estimate.If we do not pre-
ventinformationfrom beingintegratedtwice, thealgorithm
cancontinueto drive the informationgain up by iterating
back and forth betweenneighbouringposes. We want to
explicitly excludesuchtrajectories.

We thereforeaugmenteachposein theinformationsurface
with a “parentpointer”, � (x; y), thatindicateswhichneigh-
bouringposecontributedto theposteriorat thecurrentpose.
Duringtheiterationoverposes,weonly updatetheinforma-
tion gain at the currentpose(x; y) if the informationgain
improvesandwhenwe can follow the sequenceof parent
pointersbackto thestartpose(x r ; yr ) withoutencountering
pose(x; y) again. Finally, weusea priority queuekeyedon
thecurrententropy of thedistribution to minimizerepeated
iterationover all robotposes.Thefull algorithmis givenin
Table1.

Convergenceof thealgorithmis guaranteedby thefact that
nostatecanberepeatedonany giventrajectory, andthefact



1. Initialize all I (x; y) = 1
2. Pushcurrentf x; y; b;	 g ontoQ,

with priority p = � logdet 	
3. While Q notempty

(a) Popf x; y; b;	 g
(b) For eachneighbour(x0; y0) of (x; y):

i. Computeposteriorf b0; 	 0g asaresultof mov-
ing from (x; y) to (x0; y0)

ii. Compute� H from equation(13)
iii. If I (x; y) + � H < I (x0; y0) and(x0; y0) is not

on thepath� (x; y) to (x r ; yr ) then
A. I (x0; y0) = I (x; y) + � H
B. Pushf x0; y0; b0; 	 0g ontoQ

with priority p = I (x0; y0)
C. Set� (x0; y0) = (x; y)

4. (x; y) = argmin(x;y ) I (x; y)
5. while (x; y) 6= (x r ; yr )

(a) (x0y0) = (x; y)
(b) (x; y) = � (x; y)

6. Move to (x0; y0)

Table1: The completealgorithmfor �nding the trajectory
to theglobalmaximumin informationgain.

thatthestateentropy atpoint(x; y) decreasesmonotonically
as more informative trajectoriesare expanded. The com-
plexity of this algorithmis a resultof O(n) stateupdates,
andeachstateupdateinvolvesa constant-timeinformation
gain operation,andm iterationsto follow theparentpoint-
ers, checkingthe trajectoryfor loops. The complexity is
therefore(O)(mn) for n discretestatesin theenvironment
andthemaximumtrajectoryof lengthm, hencelinearin the
numberof stateandthelengthof thelongesttrajectory.

5 Experimental results

We tested� ve explorationalgorithmsin a simulatedenvi-
ronment,looking at exampletrajectoriesanda quantitative
comparisonof eachalgorithm'sperformance.The� vealgo-
rithmsareasfollows:

� Random:At eachtime step,thealgorithmtakesa ran-
domcontrolaction� t; � �

� Most UncertainLandmark: The robot drives succes-
sively to eachlandmarkthat it is mostuncertainabout
(thatis, thelandmarkwith thelargestcovariance).This
is aheuristictechniquethatassumesthemostinforma-
tion canbegainedby sensingnearthemostuncertain
landmark.In orderto preventoscillation,thenext land-
mark to visit is not considereduntil the robot reaches
its currentgoallandmark.

� GradientDescent: The robot moves in the direction
of maximum-likelihoodinformationgain. This is the

mostcommonform of active explorationfound in the
literature[19, 4, 1].

� Single Shot: This is the algorithm describedin sec-
tion 4.1, where the information surface is computed
from a single (large) stepof motion to eachgrid cell
and the single maximum-likelihood measurementat
thatpose.

� IntegratedTrajectory: This is the algorithm summa-
rizedin Table1. Theinformationsurfaceis computed
recursively by integratingsuccessive one-steppredic-
tion andmeasurementstepsalongthetrajectoryto each
grid cell. The robot thenfollows the trajectoryto the
posewith thehighestinformationgain.

In all cases,thealgorithmreplans(e.g.,computesa new in-
formationsurface)whenever it reachesthe intendedtarget
destination.

Figure2: Theinitial mapfor theexplorationtests.

Figure 2 shows the initial con�guration for this problem.
Thereare20landmarksdistributedrandomlyaboutasquare
environmentof size200m � 200m andtherobotgenerally
movesin stepsof 1m. For thesesimulatedexperimentswe
allow thesensorto havein�nite range;wetakethisapproach
becausenoneof thealgorithmsunderconsiderationempha-
sizecoverageexplicitly, a topic for futureinvestigation.We
employ a sensormodel in which the varianceof a range
measurementis proportionalto thedistanceto thelandmark
beingmeasured,andthevarianceof abearingmeasurement
is aconstant� vedegrees.As such,measurementsto distant
landmarksare noisier than measurementsto nearbyland-
marks. We assumethat at the outsetthe robot knows how
many landmarksthereare,but of coursenotwherethey are.
Figure2 is after initializing the explorationwith a random
policy of 3 steps,in orderto havea reasonableinitialization
of theinformationmatrixbeforecomputingtheinformation
surface.

Figure3 shows an exampletrajectoryfor eachof the � ve
algorithms. Notice that the gradientdescentalgorithmdid
very poorly, becomingtrappedin a local maximumof in-
formationgain and�xating on a singlelandmark.Theun-
certainlandmarkandsingle-shotheuristicsbothcoverspace
rapidly, but thestraight-linenatureof thesetwo algorithms



(a)Random (b) Most Uncertain
Landmark

(c) Gradient De-
scent

(d) SingleShot (e) Integrated Tra-
jectory

Figure3: Exampletrajectoriesusingthe four control strategiesfor exploration. Notice thatevenwith in�nite range,the
IntegratedTrajectorycontrolleris theonly onethataimsto cover theentirespaceandclosetheloop.

meansthat neitheris ableto model the effect of small de-
tours to reduceuncertaintyon their way to somelarge in-
formationgain. Figure3(e) shows our algorithm,andno-
tice that it still exploresthe map rapidly, but periodically
loops (sometimesmaking large loops, sometimesmaking
very small loops). The intuition for this loopingbehaviour
is thattherobotperiodicallyneedsto re-localizeby moving
closerto well-localizedlandmarks,and registernew mea-
surementswith the existing map. “Closing the loop”, reg-
isteringnew mapdatawith dataacquiredsometimeago,is
oneof thecanonicaldif�cult problemsin SLAM. An active
explorationalgorithm that can model the effectsof loops,
andcancloseloopswhenappropriatewill almostcertainly
build bettermapsthananheuristicapproach.

Figure4 showsquantitativecomparisonsof theperformance
of the� vealgorithms,over trajectoriesof length1000steps.
On the left is the posteriorentropy of the mapcovariance
matrix, recoveredfrom the informationmatrix. Oddly, the
MostUncertainLandmarkheuristicdoesnotperformsignif-
icantly worsethanthe IntegratedInformationalgorithmin
termsof theentropy of thedistribution. However, whenwe
comparetheaccuracy of themapwith groundtruth in terms
of theaverageL 2 normbetweentheestimatedlandmarkpo-
sitionsandtheir truepositions,weseethattheIntegratedIn-
formationalgorithmhadsigni�cantly higheraccuracy than
any otherapproach3. Noticethat theMost UncertainLand-
markheuristicinitially hasa higheraccuracy. However, the
deliberateloop-closingof the IntegratedInformationalgo-
rithm meansthat it quickly recovers to a higheraccuracy.
It is worth noting that if theseexperimentswerecontinued
out to an in�nite numberof time steps,theentropy of each
algorithmwould converge to thesameglobalminimum,as
would the mapaccuracies.The idea is that the Integrated
Informationalgorithmshouldbemoreaccuratesooner.

3It is possibleto introducearbitraryerror in the L 2 norm be-
tweena perfectmapandgroundtruth by rotatingthe mapabout
the startposebeforecomparison.The error reportedherefor all
algorithmsfollows a correctionprocedureto rotatethe mapback
to thebestorientationpossiblefor minimizingerror.

Figure5 shows a �nal mapbuilt by theIntegratedInforma-
tion algorithm; we can seethat the landmarkcovariances
areall small andapproximatelyequal. Therearealsofew
elongatedellipses,asthealgorithmis ableto appropriately
modeltheinformationgain from differentviewpointsof the
landmarks,keepingtheellipsessmall in general.

Figure5: The �nal mapproducedby the IntegratedInfor-
mationalgorithm.

6 RelatedWork

This is not the �rst work to considerthe problemof ac-
tive exploration for building the most accurate,lowest-
uncertaintymap. One popularapproachin the literature,
describedin severalplaces[19, 4, 1], is thegradientdescent
methoddiscussedabove. Thishassubstantialcomputational
ef�ciency, in that the informationgain needonly be com-
putedfor the 8-connectedneighbouringstates.The major
disadvantageto the gradient-descentapproach,as we saw
in theexperimentalresults,is that it is subjectto local min-
ima. While it hasbeenarguedthat repeatedobservations
taken from a local minimum will eventually�atten out the
informationsurfaceat thatpose,it maytake a considerable
amountof time for this processto occur, asis evidencedby
the slow convergenceof this approachin the experimental
results.Thegradient-descentapproachalsohasnonotionof
“closing the loop” andcannotmodellong pathswith large
payoffs in mapcertaintyat theendof thepath.
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Figure4: Performanceresultsfor the 5 algorithms: on the left is the total posteriorentropy of a function of time, and
on theright is theaverageL 2 errorbetweenthetrueandestimatedlandmarkposes.AlthoughtheIntegratedInformation
Gainalgorithmdoesnot converge to minimum entropy signi�cantly fasterthanthe Most UncertainLandmarkheuristic,
theInformationInformationGainconsistentlybuilds themostaccuratemapthefastest.

Stachnisset al. [16] describeoneof the few global explo-
rationalgorithms,in that they explicitly computethe infor-
mationavailableat all locationsin the environment. Their
algorithmis closestin spirit to our “Single-Shot”algorithm,
althoughthey integratean additionalnotion of travel costs
to gatherdataat differentlocationsin theenvironment.The
disadvantageto their approachis the sameasthe “Single-
Shot” algorithm in that they aresearchfor the maximally
informative location,ratherthanthemaximallyinformative
trajectory.

The problemof active exploration is relatedto a number
of othersequentialdecisionmakingproblems. The active
localizationproblemis onewheretherobot'spositionis un-
known but the mapis known. Fox et al. [5] usethe same
criterion of entropy minimization to �nd a trajectorythat
localizesthe robot asquickly aspossible.Onceagain, the
authorschooseapurelylocalgradient-descentapproach,al-
thoughthey augmentthe informationsurfacewith a notion
of relativecostsof differentactions.

Active exploration and localization are both speci�c in-
stancesof a more generalframework, known as the Par-
tially ObservableMarkov DecisionProcess[15]. Whereas
the Markov DecisionProcesscomputesthe optimal action
to take for any state,the POMDPpolicy provides the op-
timal actionfor any distribution over states.Conventional
POMDPapproachesarewildly computationallyintractable,
but goodapproximationalgorithmshave beenemergedre-
cently. The AugmentedMDP (AMDP, also known as
“CoastalNavigation”) algorithm[13] is onethat is partic-
ularly relevant, in that it provides an ef�cient approxima-
tion to the POMDPif the distributionsareGaussian,such
asprovidedby a Kalman�lter . TheAMDP approachcould
be appliedto the active exploration problem,if the infor-
mationsurfacewerereplacedby an“information volume”;

eachvoxel in the informationvolumewould representthe
currentrobotposeandmapentropy. Givenatransitionfunc-
tion relatinga voxel andactionto someposteriorvoxel, the
planningproblemwould bejust bea shortest-pathproblem
to the “lowest” reachablevoxel in the informationvolume.
Thedisadvantageto this approachis thatcomputingtheex-
pectedtransitionsin theinformationvolumeis infeasiblefor
reasonable-sizedmaps.

Finally, active learning and statisticalexperimentdesign
solve very relatedproblems.Theframework askstheques-
tion, given a spaceof possibledata (or queries,or ex-
periments),what is the one additional measurementthat
wouldmaximallyimprovetheexistingmodel?[2, 6] Theac-
tivelearningapproachestypically maximizetheinformation
gain criterionaswedo in this work, but thedisadvantageto
theseapproachesis that they arenot physically motivated;
that is, thereis no notion of “travelling” to acquiremore
data,thereis nonotionof asequentialdecisionmakingpro-
cessthatgathersa streamof data,andthereis no notionof
the relative costsof differentqueries. The active learning
approachesarethereforeclosestto our “single shot” infor-
mationsurfacethatmodelstheeffectof asinglemotionand
asinglemeasurement.

However, someactive learningandexperimentdesignprob-
lems,suchasgeologicalsurveys, have a physical compo-
nent to them. In future work, we hopeto be able to ex-
tendtheactiveexplorationalgorithmdescribedin thispaper
to problemswheresequentialdecisionmakinghasimplica-
tionsin theactive learningdomain.

7 Conclusion

We have describedan approachfor active exploration on
mobile robotsthatallows us to �nd themostaccuratemap



in the leastamountof time. Thealgorithmis not basedon
local featuresor distributionsover local landmarks,but by
computingaglobalinformationsurfaceovertheentirespace
andsearchingfor thetrajectorythatresultsin thelowesten-
tropy distribution. We emphasizethat almostall existing
approachesarenotbasedonsequentialdecisionmaking,but
atbestsingle-steplook-aheads;weareonlyableto compute
the informationsurfacefor arbitrarysizedmapsbecauseof
recentdevelopmentsin constant-timeSLAM thatallow usto
computethe informationgainsef�ciently . In particular, we
madeuseof thesparseextendedinformation�lter , however,
otherconstant-timealgorithmssuchasCTS [12] would be
equallyappropriate.

There are three speci�c disadvantagesto our algorithm
which we plan to addressin future work. Firstly, we are
computingtheinformationsurfacebasedon themaximum-
likelihoodinformationgain,comparedwith theexpectedin-
formationgain. Onepossibleway to do this is to useMonte
Carlomethodsto computetheexpectedinformationgain at
eachlocation,samplingfrom thesensormodeldistribution,
but theremaybemoreappropriateapproachesaswell.

Secondly, in all cases,thealgorithmreplans(e.g.,computes
anew informationsurface)whenever it reachestheintended
targetdestination.However, it is clearlythecasethatasnew
informationis acquired,theoptimaltrajectorymaychange.
This raisesthe questionthen of when and how to recom-
putethe plan. It is usually infeasibleto recreatethe infor-
mation surfaceat the samerate that dataarrives, but it is
alsounlikely thattheentireinformationsurfacewill change
with the addition of new information; if we can devise a
way to integratemotionandnew measurementsinto thein-
formationsurfacedirectly, we shouldbeableto make only
localmodi�cationsto thesurfaceandgenerateanew trajec-
tory quickly, ratherthanintegratingthe measurementsinto
the mapandthencreatinga new informationsurfacefrom
scratch.

Finally, the Kalman �lter -basedSLAM algorithms have
givenusa principledway to reasonaboutthequality of the
currentmap,andpredictthequalityof futuremapsbasedon
actionsandpredictedmeasurements.However, many tech-
niquesthat build goodmetric mapsarenot basedon land-
marksbut ratheronscansof rangedata,images,etc..These
algorithmsarestill probabilisticin nature;if it is possible
to computesomequantityover thesemapsthatis similar to
entropy of themapdistribution,weshouldbeableto extend
our techniqueto moregeneralmapapplications.
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