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Abstract

It is well-known thatthe Kalman Iter for simul-
taneoudocalizationand mapping (SLAM) con-
vergesto afully-correlatedmapin thelimit of in -
nite time anddata[3]. However, if theexploration
trajectoryaccumulatesew informationaboutthe
world slowly, thencorvergenceof themapcanbe
slow. By makinguseof the recentdevelopment
of constant-time&SLAM algorithmswe shav how
information gain for a single step can be com-
putedin constantime. We describethe concept
of an“information surface”, which representat
eachpoint in the ervironmentthe total potential
informationgain thatresultsfrom a completetra-
jectoryto thatpoint. We demonstratanalgorithm
for nding this surfacethatleadsto an ef cient,
global planningalgorithmfor explorationthat is
linearin thenumberof stateso beexploredin the
world andthelengthof thetrajectory

1 Intr oduction

Simultaneouslocalization and Mapping (SLAM) is the
problem of how to build environmentalmodelsor maps
from sensoratacollectedfrom a moving robot. SLAM is
consideredo beoneof thecornerstonesf autonomousno-
bile robotnavigation[11], andcanbe a technicalchallenge
becausehe robot position and the world featuresmustbe
estimatedsimultaneouslyfrom noisy sensordata. Recent
researcthowvever, hasresultedn substantiaprogressn au-
tonomousmap-huilding; therearenow a numberof systems
thatcanreliably build mary kindsof ervironmentaimodels.

Althoughrobotscannow build goodmapsof mary realen-
vironmentdirectly from theirown datatherehasbeerlittle
researclonhow to collectthedataautonomouslyTypically,
a robot is driven aroundthe ervironmentby hand while
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automatehis explorationpolicy andhow bestto gatherdata
for building a good map, even thoughthe motion stratey

canhave a realimpacton the quality of the resultingmap.
Whenthe sensordatais collectedfrom a robot beingcon-

trolled manuallyby a novice, the resultis often poor maps
with internalinconsistencies A more seasonedaontroller
hasaninternalmodelof good motion strat@iesthat gather
informationquickly, thatdo soin away thatmakesit easier
to assemble& consistenmap. For example,a goodmotion

stratgly candetectwhentherobotis becomingoouncertain
aboutits pose andreturnto knowvn landmarkgo re-localize
beforecontinuingto explore. A good motion stratgy can
also detectactionsthat have resultedin highererror (e.g.,
point turnsthat typically resultin higherdegreesof wheel
slippagegtc.) andavoid them,reducingopdometryerrorthat
mustbe correctedafterthefact.

In this paper we describea motion planningalgorithmfor
SLAM thatcomputeghe multi-steptrajectorythat reduces
the uncertaintyof the mapthe most. The algorithmusesa
variantof the extendedKalman lter calledthe sparseex-
tendednformation Iter (SEIF).Theadwantageo theinfor-
mation lter is thata single updatestepfrom moving and
sensingcan be donein constanttime, which allows us to
computethe changeto the map certaintyin constanttime.
By restrictingoursehesto the classof trajectoriesthat do
not containcycles,we cancomputea 2-D “information sur
face"thatencodesteachpointtheimprovemento themap
resultingfrom travelling to thatpoint. Theinformationsur
faceis not just theinformationavailable at eachpoint, but
the information gained by integrating along the trajectory
to the point. We describean ef cient algorithmfor com-
puting this surfaceover a discreterepresentatiomf space,
using a dynamic-programmingpproachandthe constant-
time informationgain update.Thisresultsin oneof the rst
algorithmsthat allows explorationfor exploiting globalin-
formationalongtrajectoriesratherthanexploiting local in-
formationgain via gradient-descent.

it recordssensordata;this sensordatais eitherassembled 2 S|LLAM

incrementallyand online into a partial map, or the sensor
dataensembles assembledf ine into a globally consis-
tentmap. Therearerelatively few resultsconcerninghow to

We will assumehatwe have a quasi-holonomigobot op-
eratingin a planarervironment. The robot is equipped



with a landmarksensorthat can sensethe rangeand bear
ing of any numberof landmarksn the planethatarecloser
thansome nite range. The robot issuescontrolsat each
time t, which consistof the relative translationaland ro-
tationaldisplacementU; = ( d; ). Thesensomea-
surementsare a sequenceof rangeand bearingmeasure-
ments: z; = (ry;by;ro; by iiirm;by) for m landmarks
within rangeof thesensarThe SLAM problemis thenhow
to simultaneouslestimateherobotpose(x; y; ) aswell as

@)

basedonly onknowledgeof thecontrolsissuedby therobot
andthesensomeasurement®ceived. Thestateattimet is
relatedto the previous stateandcontrol by a functiong,

)

whereq is anunobserablenoiseterm. The obserationat
timet is relatedto the stateby a functionh,

t=0(t ;U a);

®3)

wherev; is anunobserablenoiseterm. Givenappropriate
probabilisticmodelsof thesenoiseterms,a posteriordistri-
bution over the full state canbe computedfrom the full
history of controlsand obsenrations. Differentrepresenta-
tions of this posteriortrade off computationalcompleity
for representationglover andapproximatiorguality.

zz=h(t 1;);

Althoughtherearenow a spectrunof competingSLAM al-
gorithms,we will focuson Kalman lIter -basedapproaches
for developmentof our active explorationalgorithm. The
extendedKalman lter (EKF) computeghe posteriordistri-
bution by linearizingthe functionsg andh aboutthe previ-
ous stateestimate,and making assumptionghat the noise
termscanbe characterizecs Gaussian.The exact deriva-
tion of the extendedKalman Iter hasbeendescribecklse-
where[7, 18, 8]; it sufces to saythatthe EKF algorithm
consistsof iterating two steps: a predictionstepthat esti-
matesthe posteriorafter eachcontrol, and a measurement
stepthat integrateseachobsenation, re ning the position
estimate By linearizingandmakingGaussiarassumptions,
the EKF model ensureghat the posteriorprobability dis-
tribution over is always Gaussian.While thereare some
known limitationsto this approachmaintainingthe explicit
covariancematrix in theKalman lter allowsusto reason
abouthow certainary distribution is, andhow the distribu-
tion is improvedby differentactions.

The Extended Information Filter

The dualto the extendedKalman lter is the extendedin-

formation lter (EIF). Insteadof maintainingthecovariance
matrix ; andmeanstateestimate ¢, the EIF maintainghe
inverseof the covariance,called the information or preci-
sionmatrix ¢, andaninformationvectorb,. Theseterms

arerelatedto theoriginal Kalman Iter termsin the follow-
ing manner:

o= (4)
t = t ! (5)
Justasthe EKF hasatwo-stageupdateprocesssodoesthe

information Iter. The full EIF updatestepscanbe found
elsavhere[10, 17], andareoutsidethe scopeof this paper

The measuremenipdateof the EIF caneasilybe shavn to
be constantime becausét simply involvesaddinga sparse
matrix to the informationmatrix. The predictionupdatein
the standardormulation of 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 maintainingsparsenesi the infor-
mationmatrix ¢ andtrackingthemean , themotionup-
datecanstill be performedin constanttime. Tracking
exactly is still not a constantime operation,but there ex-
ists an iterative approximatealgorithmto recover  if
is sparse.Givenan upperboundon the numberof permit-
tediterations,therecovery of  is thenalsoconstant-time
algorithm. The sparseness-preserviadgorithm, together
with estimationof theinformationvectorh is referredto as
the SparseextendednformationFilter (SEIF).

Themajorissuein the SEIFis maintainingthe sparsenessf

t, in thatasnew landmarksareseennew non-zercentries
areaddedin the growth of the information matrix. Addi-
tionally, astherobotmovesaround the mutualinformation
betweentwo visible landmarksis increased.The sparsi -
cationprocedureof the SEIF makesuseof thefactthat, al-
thoughthe information matrix tendstowardsa non-sparse
matrix, mary of the entriesarecloseto 0. By only keeping
the n largestentriesof the information matrix, the sparse-
nessof the matrix canbe boundedrom below, resultingin
an upperboundon the updatetime of the algorithm (the
greaterthe sparsenesshe fasterthe update). Additionally,
aconstant-timesparsi cationalgorithmexistsfor maintain-
ing this bound;solong asthis boundis appropriateor the
ervironmentandrobot, the approximatiorerrorin the pos-
terior introducedby the sparsi cationis negligible.

3 Active Exploration

The SEIFalgorithmallows usto usecollecteddatato build

anaccuratenapef ciently . However, westill donothavean

algorithmfor gatheringthatdataef ciently to build themost
precisemap. Theproblemof gatheringdataef ciently is re-

ally oneof selectingnev measurementhatare maximally
informative aboutourmodel. TheEKF, andby extensiorthe
SEIF, arebothgeneratre Bayesiarestimatorswhichmeans
we shouldselectnew datathat are maximally informative

aboutour probabilisticmodelof . Decisiontheorytells us
that we can computethe gain in information betweenary

two distributionsasthe relative changein entropy [9]. We

will thereforechooseexplorationstratgiesthat maximally
reducethe entropy of the posteriordistribution p; ().



Theentrogy of adistributionis de ned as
Z

H(p()) = p()logp( ) (6)
which for a Gaussiartistribution canbe computeddirectly
from thecovariancematrix as

1

p()=(2) *det() *?

exp %( )X ) (D)
) H(p()) = g(1+ log2 )+%Iogdet() (8)
/ logdet() : )

The maximally informative trajectorymustthereforehave
the smallestcovariance matrix We do not explicitly
maintainthe covariancematrix in the SEIF but insteadthe
informationmatrix = 1, whichmeanghatthegainin
informationfromtimet tot + 1is

L ) o

log( det

1
H=1lo
I et ™ )
If we nd theshortestrajectorythatminimizesthisquantity
we shouldcornvergeto the mostaccuratamapthefastest.

Constant-time Inf ormation Gain

Althoughwe cancomputethe posteriorinformationmatrix
afteranactionandanobsenrationin constantime usingthe
SEIF, the informationgain is not yet a constant-timepro-
cess,dependingon our ability to computethe determinant
of an arbitrary size matrix. We canagain make useof the
factthattheinformationmatrixis sparseo eliminatethein-
formationgain's dependencen the sizeof theinformation
matrix. If we boundthe numberof non-zeroentriesin ¢,
we can nd aconstant-timalgorithmfor computingthein-

Let us supposehat the ervironment,andthereforethe in-
formation matrix, is sufciently sparsethat the robot can
only seeonelandmarkatatime. This meanghattheupper
left block of H will alwaysbea5 5 matrixassumingeach
landmarkhasexactly 2 degreesof freedomandtherobothas
3. If we wantto choosesomelocationin the ervironment
that will maximally reducethe determinantof the covari-
ancematrix, thenwe candothisby consideringpnlya5 5
matrix at eachpoint (x; y).

We know, from the sparsesxtendedinformation lter liter-
aturethat we can updatethe posterior representedby the
information vector and matrix, in constantime. We have
demonstratedhat the information gain betweenthe prior
and posteriorinformation matrix can also be computedin
constantime, givenalower boundon the sparsenessf the
informationmatrix. We now describeanalgorithmfor com-
puting the globaltrajectorythatmaximizesthe information
gain.

4 The Information Surface

Our approachto exploration planningis to attachto each
(x; y) posein the environmentthe informationgain thatre-
sultswith maximumlik elihoodfrom moving from the cur
rent(X; ;Y ) poseof therobotto the destinatiorpose(x; y).
Computingthis informationgain over the spaceof all pos-
sible posegyivesan“information surface”overtheerviron-
ment; this surfaceallows us to identify the maximally in-
formative pointin the ervironment,giventhe currentstate.
By iteratingbetweercomputingtheinformationsurfaceand
thentravelling to the globalmaximum,themapshouldcon-
verge to minimal errorasquickly aspossible.We approxi-
matethe informationsurfaceusingadiscretizationthe dis-
cretizationis simply a restrictionto a classof policiesover
adiscretizedposespacé. Becauseve cancomputeupdates
to the SEIFin constantime, we cancomputethe informa-

formationgain in the mapsubmatrix. Using the sparseness tion surfaceef ciently, in time O(n) in thenumberof states

of ¢, weswaprowsandcolumnsofthe ; togetanblock
diagonalmatrix ", of theform

where X containstermsfor landmarksthat the robot can
seeandY containgermsfor theremaininglandmarks.The
effect on the determinanof re-writing the informationma-
trix in thisway is minimal: thedeterminants affectedby at
mosta signchange (Themagnitudeof thedeterminantf a
matrix is unafectedby arny numberof row andcolumnex-

changes.Pncewe have theinformationmatrixin thisform,

the determinanbf the block diagonalmatrix is the product
of thedeterminantsf its blocks:

det " = (det X )(det Y) (11)
) H=log(detX. detY) Ylog(detX,detY) 12
= log(det X;) log(det X+1) (13)

in thediscretizedposespace.

4.1 The Single-Shotinformation Surface

Onepossiblemodelof the informationsurfaceis the infor-

mationgainedafterintegratingasingle(typically long) step
from the startposeto the endposeandthenintegratingthe
singlemaximume-likelihoodmeasuremerfor thatpose.We
will call this approactthe “Single-ShotinformationGain”.

Figurel(a)depictsanexamplerobotpose(lower cross)and
uncertainlandmark(elongatedellipse). Figure 1(b) depicts
theinformationsurfacethatresultsfrom this problem. The
robothaslarge errorin the rotationalcontrol, which results
in aridge of high informationgain alongthe poseshatre-
quirelittle or norotation.Noticethattheinformationgainis

1This restriction can be relaxed to include continuous-state
policies using a policy searchalgorithmto improve the optimal
discrete-stat@olicy [14], butin practicewe have notfoundthisto
benecessary



alsohigheroff to the sidesof thelandmark,in the direction
of the principal axis of the covarianceof this landmark. In
generaltheshapeof theinformationsurfacewill dependn
boththerobot's sensoandmotionmodels andcanvary sig-
ni cantly betweemoisemodelswith differentproperties.

o

(@ Current Robot
PoseandMap

(b) Information Sur
face

Figurel: (a) An exampleproblem,with the currentrobot
positionshavnin themiddleof theimage,andasingleland-
mark with its covarianceellipseshavn in thetop right. (b)
The informationsurfacedueto taking a singlestepto each
destinatiorrobotpose.Darker areascontainmoreinforma-
tion. The white circle is the minimum rangeof the sensor
aroundthelandmark.

Unfortunately the Single-Shotinformation Gain may not
be the mostuseful model of informationfor two reasons.
First, unlessthe trajectoryis very short, the robot will re-
ceive additionalmeasurementalong that trajectorywhich
shouldbeintegratedinto theestimateof andwill addto the
certaintyof the mag?. We canextendthis algorithmby ac-
tually integratingalongeachstraight-linetrajectory but this
is inef cient anddoesnot solve the secondssue:by com-
puting the information gain alonga line to eachpose,we
have restrictedexplorationto straight-linetrajectoriesvhen
themostusefultrajectoriesmight be curved.

4.2 The Integrated Information Surface

Insteadof computingstraight-linetrajectories,a betterap-
proachis to considertrajectoriesof arbitrary sequencesf
unique(non-repeatedjpbotposes We cando thisusingthe
following threeideas:

Theinformationgain atthe startlocationof thecurrent
robotpose(X; ;y;) is 0. Thisapproximatiordrivesthe
forward progresf therobot.

Theinformationgainatary point(x; y) relatveto start
pose(X,;yr) canbe computedfrom the information
gain from (X, ;y,) to someneighbouringpose(x? y9
andthe informationgain from (x%y9) to (x; y). If we

2Note thatif the robot electsto take a large stepwithout col-
lectingnew measuremenilongthe path,therisk of divergencen
the®lter increasesonsiderably

know theinformationmatrixateachneighbouringpose
(x%y9 underthe optimaltrajectoryto eachneighbouy
we canthereforecomputethe maximally informative
trajectoryto thepose(x; y).

Whicheverneighbour(x% y9) leadsto themaximumin-
formationgain of (x;y), that neighbouris the parent
posein the optimaltrajectoryto (x; y).

Sincewe can computethe optimal information gain of a
robot posefrom the covarianceof the bestneighbouring
pose (assumingwe store the covarianceof neighbouring
posesasthosecovariancesareassembledrom their neigh-
bours),we caniteratethroughall posesepeatedlyuntil we
converge to a consistentunchangingnformation surface.
This leadsto the following nave algorithm, very reminis-
centof valueiterationfor Markov decisionprocesses:

Until theinformationsurfacestopschanging:

1. For eachrobotpose(x; y), computethe bestposterior
informationmatrix from the neighboursandthe infor-
mationgain

2. If the new information gain estimate(relative to the
startpose(X; ;yr)) is betterthanthe previous estimate
for theinformationgain at(x; y), thensettheinforma-
tion gain of (x; y) to the new gain estimateandstore
the posteriorinformation matrix associatedvith this
pose.

The informationsurfacecomputedn this way is relatedto

the value function from Markov DecisionProcessesThe

immediatereward of a statetransitionis theimmediatein-

formation gain from the currentinformation matrix. The

main dif culty with this algorithm, however, is thatit in-

cludesall sequencesf posesnotjustall sequencesf non-

repeategoses.Whenwe comparesomeexisting estimate
of the informationgain at a pose(x; y), we needto ensure
that the information at this posehasnot already beenin-

cludedin the informationgain estimate.|If we do not pre-
ventinformationfrom beingintegratedtwice, the algorithm
can continueto drive the information gain up by iterating
back and forth betweenneighbouringposes. We want to

explicitly excludesuchtrajectories.

We thereforeaugmenteachposein the informationsurface
with a“parentpointer”, (x;y), thatindicateswhich neigh-
bouringposecontributedto theposterioratthecurrentpose.
Duringtheiterationover poseswe only updatetheinforma-
tion gain at the currentpose(x; y) if the informationgain
improves and whenwe canfollow the sequencef parent
pointersbackto the startpose(x; ; y; ) withoutencountering
pose(x; y) again. Finally, we usea priority queuekeyedon
the currententrogy of the distribution to minimizerepeated
iterationover all robotposes.Thefull algorithmis givenin
Tablel.

Corvergenceof thealgorithmis guaranteedby the factthat
no statecanberepeatedn ary giventrajectory andthefact



1. Initializeall 1 (x;y) = 1
2. Pushcurrentf x; y; b; gontoQ,
with priority p=  logdet
3. While Q notempty
(@) Popfx;y;b; g
(b) For eachneighbour(x%y9 of (x; y):
i. Computeposteriorff b’ 9% asaresultof mov-
ing from (x; y) to (x%y9)
ii. Compute H from equation(13)
ji. F1(y)+ H < 1(x%y9 and(x%y9 is not
onthepath (x;y) to(x,;y;) then
A TSy =1(x;y)+ H
B. Pushfx®y%® %ontoQ
with priority p = 1 (x%y9
C. Set (x%y9) = (x;y)
4. (Xy) = argmin ..y 1 (X;y)
5. while (x;y) 8 (Xr;yr)
@ (x¥%9 = (xy)
(b) (xy)= (xy)
6. Moveto (x%y9

Table1: The completealgorithmfor nding the trajectory
to the globalmaximumin informationgain.

thatthestateentropy atpoint(x; y) decreasesonotonically
as more informative trajectoriesare expanded. The com-

plexity of this algorithmis a resultof O(n) stateupdates,
andeachstateupdateinvolvesa constant-timenformation

gain operationandm iterationsto follow the parentpoint-

ers, checkingthe trajectoryfor loops. The compleity is

therefore(O)(mn) for n discretestatesn the ervironment
andthemaximumtrajectoryof lengthm, hencdinearin the

numberof stateandthelengthof thelongesttrajectory

5 Experimental results

We tested ve explorationalgorithmsin a simulatedervi-
ronment,looking at exampletrajectoriesanda quantitatve
comparisorof eachalgorithm's performanceThe vealgo-
rithmsareasfollows:

Random:At eachtime step,the algorithmtakesa ran-
domcontrolaction t;

Most UncertainLandmark: The robot drives succes-
sively to eachlandmarkthatit is mostuncertainabout
(thatis, thelandmarkwith thelargestcovariance).This
is aheuristictechniquehatassumeshe mostinforma-
tion canbe gainedby sensingnearthe mostuncertain
landmark.In orderto preventoscillation,thenext land-
mark to visit is not considereduntil the robotreaches
its currentgoallandmark.

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

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

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

Integrated Trajectory: This is the algorithm summa-
rizedin Tablel. Theinformationsurfaceis computed
recursvely by integrating successie one-steppredic-
tion andmeasuremersgtepsalongthetrajectoryto each
grid cell. Therobotthenfollows the trajectoryto the
posewith the highestinformationgain.

In all casesthealgorithmreplang(e.g.,computesa new in-
formationsurface)wheneer it reacheghe intendedtarget
destination.
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Figure2: Theinitial mapfor the explorationtests.

Figure 2 shaws the initial con guration for this problem.
Thereare20landmarkdistributedrandomlyabouta square
ervironmentof size200m  200m andtherobotgenerally
movesin stepsof 1m. For thesesimulatedexperimentswe
allow thesensoto havein nite range wetakethisapproach
becausaoneof the algorithmsunderconsideratiorempha-
sizecoverageexplicitly, atopic for futureinvestigation. We
employ a sensormodel in which the varianceof a range
measuremeris proportionalto thedistanceo thelandmark
beingmeasuredandthevarianceof abearingmeasurement
is aconstant ve degrees.As such,measurement®s distant
landmarksare noisier than measurementt nearbyland-
marks. We assumethat at the outsetthe robot knows how
mary landmarkghereare,but of coursenotwherethey are.
Figure2 is afterinitializing the explorationwith a random
policy of 3 stepsjn orderto have areasonablénitialization
of theinformationmatrix beforecomputingtheinformation
surface.

Figure 3 shavs an exampletrajectoryfor eachof the ve
algorithms. Notice that the gradientdescentlgorithmdid
very poorly, becomingtrappedin a local maximumof in-
formationgain and xating on a singlelandmark. The un-
certainlandmarkandsingle-shoheuristicsbothcoverspace
rapidly, but the straight-linenatureof thesetwo algorithms



(a) Random (b) Most Uncertain

Landmark scent

(c) Gradient De-

(d) SingleShot (e) Integrated Tra-

jectory

Figure3: Exampletrajectoriesusingthe four control stratgjiesfor exploration. Notice thatevenwith in nite range,the
IntegratedTrajectorycontrolleris the only onethataimsto cover the entirespaceandclosetheloop.

meansthat neitheris ableto modelthe effect of small de-
toursto reduceuncertaintyon their way to somelarge in-
formationgain. Figure 3(e) shawvs our algorithm, and no-
tice thatit still exploresthe map rapidly, but periodically
loops (sometimesmaking large loops, sometimesmaking
very smallloops). Theintuition for this looping behaiour
is thattherobotperiodicallyneeddo re-localizeby moving
closerto well-localizedlandmarks,and register new mea-
surementsvith the existing map. “Closing the loop”, reg-
isteringnev mapdatawith dataacquiredsometimeago, is
oneof thecanonicalif cult problemsn SLAM. An active
exploration algorithm that can model the effects of loops,
andcancloseloopswhenappropriatewill almostcertainly
build bettermapsthananheuristicapproach.

Figure4 shavs quantitatve comparisonsf theperformance
of the vealgorithmsovertrajectoriesof length1000steps.
On the left is the posteriorentropy of the map covariance
matrix, recoveredfrom the informationmatrix. Oddly, the
MostUncertainLandmarkheuristicdoesnot performsignif-
icantly worsethanthe Integratedinformationalgorithmin
termsof the entropy of the distribution. However, whenwe
comparegheaccurag of themapwith groundtruthin terms
of theaveragel , normbetweerthe estimatedandmarkpo-
sitionsandtheirtrue positions we seethatthe Integratedin-
formationalgorithmhadsigni cantly higheraccurag than
ary otherapproach. Notice thatthe Most UncertainLand-
mark heuristicinitially hasa higheraccurag. However, the
deliberateloop-closingof the Integratedinformationalgo-
rithm meansthatit quickly recoversto a higheraccurag.
It is worth noting thatif theseexperimentswere continued
outto anin nite numberof time stepsthe entropy of each
algorithmwould corverge to the sameglobal minimum, as
would the mapaccuracies.The ideais thatthe Integrated
Informationalgorithmshouldbe moreaccuratesooner

31t is possibleto introducearbitraryerrorin the L, norm be-
tweena perfectmap and groundtruth by rotatingthe map about
the startposebeforecomparison.The error reportedherefor all
algorithmsfollows a correctionprocedureo rotatethe mapback
to the bestorientationpossiblefor minimizing error

Figure5 shavsa nal mapbuilt by the Integratedinforma-

tion algorithm; we can seethat the landmarkcovariances
areall small andapproximatelyequal. Therearealsofew

elongatedellipses,asthe algorithmis ableto appropriately
modeltheinformationgain from differentviewpointsof the

landmarkskeepingtheellipsessmallin 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,
describedn severalplaceq19, 4, 1], is thegradientdescent
methoddiscusse@bove. Thishassubstantiabomputational
efciency, in thatthe information gain needonly be com-
putedfor the 8-connectedheighbouringstates. The major
disadwantageto the gradient-descerdpproachaswe sav
in the experimentakesults,is thatit is subjectto local min-
ima. While it hasbeenamguedthat repeatecbbserations
taken from a local minimumwill eventually atten out the
informationsurfaceat thatpose,it maytake a considerable
amountof time for this procesgo occut asis evidencedby
the slow corvergenceof this approachin the experimental
results.Thegradient-descermpproactalsohasno notionof
“closing the loop” and cannotmodellong pathswith large
payofs in mapcertaintyatthe endof the path.
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Figure4: Performanceesultsfor the 5 algorithms: on the left is the total posteriorentrogy of a function of time, and
ontherightis theaveragel , errorbetweernthetrue andestimatedandmarkposes.Althoughthe Integratedinformation
Gainalgorithmdoesnot corverge to minimum entropy signi cantly fasterthanthe Most UncertainLandmarkheuristic,
theInformationinformationGain consistenthbuilds the mostaccuratemapthefastest.

Stachnisset al. [16] describeone of the few global explo-

ration algorithms,in thatthey explicitly computethe infor-

mationavailable at all locationsin the erwvironment. Their
algorithmis closesiin spirit to our “Single-Shot"algorithm,
althoughthey integratean additionalnotion of travel costs
to gatherdataat differentlocationsin the ervironment.The
disadwantageto their approachs the sameasthe “Single-
Shot” algorithmin that they are searchfor the maximally
informative location,ratherthanthe maximallyinformative
trajectory

The problem of active explorationis relatedto a number
of other sequentiadecisionmaking problems. The active

localizationproblemis onewheretherobot's positionis un-

known but the mapis known. Fox et al. [5] usethe same
criterion of entrofy minimizationto nd a trajectorythat
localizesthe robot as quickly aspossible. Onceagain, the

authorschoosea purelylocal gradient-descertpproachal-

thoughthey augmenthe informationsurfacewith a notion

of relative costsof differentactions.

Active exploration and localization are both speci ¢ in-
stancesof a more generalframewnork, knovn as the Par
tially Obserable Markov DecisionProcesg415]. Whereas
the Markov DecisionProcescomputeghe optimal action
to take for ary state,the POMDP policy providesthe op-
timal actionfor ary distribution over states. Corventional
POMDPapproachearewildly computationallyintractable,
but good approximationalgorithmshave beenemepgedre-
cently The AugmentedMDP (AMDP, also known as
“CoastalNavigation”) algorithm[13] is onethatis partic-
ularly relevant, in thatit provides an efcient approxima-
tion to the POMDPIf the distributions are Gaussiansuch
asprovidedby aKalman Iter . The AMDP approacicould
be appliedto the active exploration problem,if the infor-
mationsuriacewerereplacedoy an “information volume”;

eachvoxel in the information volume would representhe
currentrobotposeandmapentropy. Givenatransitionfunc-
tion relatinga voxel andactionto someposteriorvoxel, the
planningproblemwould be just be a shortest-patiproblem
to the “lowest” reachablesoxel in theinformationvolume.
Thedisadwantageto this approacthis thatcomputingthe ex-
pectedransitiondn theinformationvolumeis infeasiblefor
reasonable-sizemhaps.

Finally, active learning and statistical experimentdesign
solwve very relatedproblems.The framavork asksthe ques-
tion, given a spaceof possibledata (or queries,or ex-

periments),what is the one additional measurementhat
wouldmaximallyimprove theexistingmodel?2, 6] Theac-
tive learningapproachetypically maximizetheinformation
gain criterionaswe do in this work, but the disadwantageto

theseapproachess thatthey arenot physically motivated;
that is, thereis no notion of “travelling” to acquiremore
data,thereis no notionof asequentiatlecisionmakingpro-
cessthatgathersa streamof data,andthereis no notion of

the relative costsof differentqueries. The active learning
approachearethereforeclosestto our “single shot” infor-

mationsurfacethatmodelsthe effect of a singlemotionand
asinglemeasurement.

However, someactive learningandexperimentdesignprob-
lems, suchas geologicalsurweys, have a physical compo-
nentto them. In future work, we hopeto be ableto ex-

tendtheactive explorationalgorithmdescribedn this paper
to problemswheresequentiatiecisionmakinghasimplica-
tionsin theactive learningdomain.

7 Conclusion

We have describedan approachfor active exploration on
mobile robotsthatallows usto nd the mostaccuratemap



in the leastamountof time. The algorithmis not basedon

local featuresor distributionsover local landmarks put by

computingaglobalinformationsurfaceovertheentirespace
andsearchindor thetrajectorythatresultsin thelowesten-
tropy distribution. We emphasizehat almostall existing

approachearenotbasedn sequentiatlecisionrmaking,but

atbestsingle-stepook-aheadsyve areonly ableto compute
theinformationsurfacefor arbitrarysizedmapsbecausef

recentdevelopmentsn constant-time&LAM thatallow usto

computethe informationgainsef ciently. In particulay we

madeuseof thesparsextendednformation lter , however,

otherconstant-timealgorithmssuchas CTS [12] would be
equallyappropriate.

There are three speci ¢ disadwantagesto our algorithm
which we plan to addressn future work. Firstly, we are
computingthe informationsurfacebasedon the maximum-
likelihoodinformationgain, comparedvith theexpectedn-
formationgain. Onepossibleway to do thisis to useMonte
Carlomethodgo computethe expectednformationgain at
eachlocation,samplingfrom the sensomodeldistribution,
but theremaybe moreappropriateapproacheaswell.

Secondlyin all casesthealgorithmreplange.g.,computes
anew informationsurface)wheneerit reachesheintended
targetdestinationHowever, it is clearlythecasehatasnew
informationis acquiredthe optimaltrajectorymaychange.
This raisesthe questionthen of whenand how to recom-
putethe plan. It is usuallyinfeasibleto recreatethe infor-
mation surface at the samerate that dataarrives, but it is
alsounlikely thatthe entireinformationsurfacewill change
with the addition of new information; if we candevise a
way to integratemotionandnen measurementsito thein-
formationsurfacedirectly, we shouldbe ableto make only
localmodi cationsto thesurfaceandgeneratea new trajec-
tory quickly, ratherthanintegratingthe measurementsto
the mapandthencreatinga new informationsurfacefrom
scratch.

Finally, the Kalman lter -basedSLAM algorithms have

givenusa principledway to reasoraboutthe quality of the

currentmap,andpredictthe quality of futuremapsbasecbn

actionsandpredictedmeasurementdlowever, mary tech-
niguesthat build good metric mapsare not basedon land-

marksbut ratheron scanf rangedata,imagesgtc.. These
algorithmsaresstill probabilisticin nature;if it is possible
to computesomequantityover thesemapsthatis similar to

entropy of themapdistribution, we shouldbeableto extend
ourtechnigueto moregeneraimapapplications.
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