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Abstract: Automaticmodelconstructionis a coreproblemin mobile robotics. To
solve this taskefficiently, we needa motionstrategy to guidea robotequippedwith
a rangesensorthrougha sequenceof “good” observations. Sucha strategy is gen-
eratedby an algorithm that repeatedlycomputeslocationswhere the robot must
performthe next sensingoperation.This is calledthe next-bestview problem. In
practice,however, severalotherconsiderationsmustbetakeninto account.Of these,
two standout asdecisive. Oneis theproblemof safenavigation given incomplete
knowledgeaboutthe robot surroundings.The secondone is the issueof guaran-
teeingthealignmentof multiple views, closelyrelatedto theproblemof robotself-
localization.Theconceptof saferegion proposedin this papermakesit possibleto
simultaneouslyaddressbothproblems.

1. Intr oduction
Automaticmodelconstructionis a fundamentaltaskin mobilerobotics[1]. Thebasic
problemis easyto formulate:After beingintroducedinto anunknown environment,
a robot, or a teamof robots,mustperformsensingoperationsat multiple locations
andintegratetheacquireddatainto a representationof theenvironment.Despitethis
simple formulation, the problemis difficult to solve in practice. First, thereis the
problemof choosinganadequaterepresentationof theenvironment— e.g.,topologi-
calmaps[2], polygonallayouts[1], occupancy grids[4], 3-D models[12], or feature-
basedmaps[6]. Second,therepresentationmustbeextractedfrom imperfectsensor
readings— e.g.,depthreadingsfrom range-sensorsmayfluctuatedueto changesin
surfacetextures[3], differentsetsof 3-D scansmustbe zippered[13], andcaptured
imagesmustbealignedandregistered[11]. Finally, if thesystemis truly automatic,
therobotmustdecideon its own thenecessarymotionsto constructthemodel[5].

Pastresearchin modelconstructionhasmainlyfocusedondevelopingtechniques
for extracting relevant features(e.g., edges,corners)from raw sensordata,and on
integratingtheseinto a singleandconsistentmodel. Thereis alsoprior researchon
the computationof sensormotions,mostly on finding the next-bestview (NBV) [3,
11]: Whereshouldthe sensorbe placedfor the next sensingoperation?Typically,
a model is first built by combiningimagestaken from a few distributedviewpoints.
Theresultingmodelusuallycontainsgaps.An NBV techniqueis thenusedto select
additionalviewpointsthatwill providethedataneededto fill theremaininggaps.



TraditionalNBV approachesarenot suitablefor mobilerobotics.Onereasonis
thatmostof theexisting NBV techniqueshavebeendesignedfor systemsthatbuild a
3-D modelof arelatively smallobjectusingapreciserangesensormoving aroundthe
specimen.Collisions,however, arenotamajorissuefor sensorsthataremechanically
constrainedto operateoutsidethe convex hull of the scene.In robotic applications,
by contrast,thesensornavigateswithin theconvex hull of thescene.Therefore,safe
navigationconsiderationsmust always be taken into accountwhen computingthe
next-bestview for a robotmapbuilder.

Thesecondreasonwhy mostexisting NBV techniquescannotbeappliedto mo-
bile robots is that very few of the proposedapproachesexplicitly considerimage-
registrationissues(one exceptionis the sensor-basedtechniquepresentedin [11]).
Localizationproblemsparticularlyaffect mobile sensors,andimageregistrationbe-
comesparamountwhenit is themeansby whichamobilerobotre-localizesitself (this
is theso-calledsimultaneouslocalizationandmapbuilding problem)[9, 7]. Although
many image-registrationtechniquescanbefoundin theliterature,all requirethateach
new imagesignificantlyoverlapswith portionsof theenvironmentseenby therobot
at previoussensinglocations[9].

Thesystempresentedin [5] dealswith thesafenavigationandlocalizationprob-
lemsby applyingtheconceptof saferegionandtheNBV algorithmintroducedin this
paper. With saferegions,it is possibleto iteratively build a mapby executingunion
operationsover successive views, andusethis mapfor motion planning. Moreover,
saferegionscanbeusedto estimatetheoverlapbetweenfutureviewsandthecurrent
globalmap,andto computelocationsthatcouldpotentiallyseeunexploredareas.

Thework in [5] is mainlyaboutsystemintegrationandproofof concept.Instead,
this paperfocuseson theformal definitionof a saferegion (Section2), anddescribes
how to computesuchregion from sensordata(Section3). An NBV algorithmbased
on saferegionsis outlinedin Section5, andSection6 describesanexperimentalrun
usingoursystem.

2. Definition of SafeRegions
Supposethat the robot is equippedwith a polar rangesensormeasuringthedistance
from thesensor’scenterto objectslying in ahorizontalplanelocatedatheight � above
thefloor. Becauseall visualsensorsarelimited in range,we assumethatobjectscan
only bedetectedwithin adistance� M . In addition,mostrange-finderscannotreliably
detectsurfacesorientedat grazingangleswith respectto thesensor. Hence,we also
assumethatsurfacepointsthatdo not satisfythesensor’s incidenceconstraintcannot
bereliablydetectedby thesensor. Formally, our visibility modelis thefollowing:
Definition 2.1(Visibility under Incidenceand RangeConstraints) Let the open
subset� ���	� describethe workspacelayout. Let 
�� be the boundary � . A
point ��
�
�� is saidto bevisible from ��
�� if thefollowingconditionsare true:

1. Line of sightconstraint: Thesegmentfrom � to � doesn’t intersect 
�� .

2. Rangeconstraint: ��������������� M , where ����������� is the Euclideandistancebe-
tween� and � , and � M  "! is an input constant.

3. Incidenceconstraint: #$��%&��'(�)�"* , where % is a vectorperpendicularto 
�� at
� , ' is orientedfrom � to � , and *�
,+ ! ��-/.1032 is an inputconstant.
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Figure1. Effectof incidenceon saferegions.

Without any lossof generalitywe assumethesensoris locatedat theorigin (the
workspacecanalwaysbere-mappedto areferenceframecenteredonthesensor).The
sensor’soutputis assumedto beasfollows:
Definition 2.2(RangeSensorOutput) Theoutputof a range sensoris an ordered
list ; , representingthe sectionsof 
�� visible from the origin underDefinition 2.1.
Every <5�>=@?�4��A68�)
�; is a polar functiondescribinga sectionof 
�� , andsuch function
is continuousBC=�
"��4��D68� andundefinedelsewhere. ; containsat mostonefunction
definedfor any =E
F�HG)-I��-�2 (i.e., no two functionsoverlap), and the list is ordered
counter-clockwise.

Given an observation ; madeby the robot at a location � , we definethe local
saferegion J l at � asthelargestregionguaranteedto befreeof obstacles.While range
restrictionshave an obvious impacton J l , the effect of incidenceis moresubtle. In
Figure1 ��45� , a sensordetectsthe surfacecontourshown in black. A naive approach
mayconstructtheregion in light color (yellow) by joining thedetectedsurfaceswith
theperimeterlimit of thesensor, andconsiderthisregionfreefrom obstacles.Because
thesensoris unableto detectsurfacesorientedat grazingangles,this region maybe
not be safe,asshown in �768� . A true saferegion is shown in ��9:� , for an incidence
constraintof *CKML ! deg.

3. Computing SafeRegions
The region J l is boundedby solid and free curves. A solid curve representsan
observed sectionof 
�� , and is containedin the list ; . Given two solid curvesN <POP��=Q?�4QOR�A6:OS�8��< � ��=Q?�4 � �A6 � �DTMUV; , < � is said to succeed<3O if no other elementin
; is definedin theinterval + 6:OP��4 � 2 . A curve WX�>=Q?D6:O3�A4 � � joining apair �><POP��< � � of suc-
cessivesectionsis calleda freecurveif: (1) noundetectedobstacleis containedin the
polarregion 6:O�YZ=[Y"4 � boundedby W ; and(2) this region is thelargestpossible.

Themaingoalof this sectionis to find the freecurvesthat join eachsuccessive
pair in ; in orderto boundtheregion J l . It turnsout thatthecomplexity of W is O �H\S� .
In fact,a freecurve W canbedescribedusingno morethan ] functionprimitives:
Theorem3.1(FreeCurves) Suppose< � ��=Q?�4 � �A6 � � succeeds<POR��=Q?�4QO3�D6:O8� in the out-
put list ; . If 
�� is continuouslydifferentiable, thenthe freecurve WX�>=@?A6 O �A4 � � con-
necting< O to < � consistsof at mostthreepieces.Each pieceis eithera line segment,a
circular arc, or a sectionof a logarithmicspiral.

Therestof thissectionprovesthisclaim. But first weneedthefollowing lemma:



Lemma 3.2 Let < � �>=@?�4QOP�D6:OS� succeed< � �>=Q?A4 � �A6 � � in the list ; . Let ^ be someob-
stacle, and supposethat neither < O nor < � are part of the boundaryof ^ (i.e., ^ is
disjoint from < O and < � ). If 
�� is continuouslydifferentiable, thenno portion of ^
lieswithin a distance� M fromtheorigin in thepolar interval 6 O Y_=`Ya4 � .
Proof: Supposethelemmais nottrue— thatis, thereis aportionof ^ within � M of the
origin insidethepolar interval �76:O3�A4 � � . Let b betheclosestpoint to theorigin in the
boundaryof ^ . Because
�� is differentiable,thenormalof 
�� at b pointstoward
the origin. Therefore,b andits vicinity shouldhave beenobserved. The vicinity of
b mustthenbe part of an elementof ; . But this contradictsour assumptionthat < �
succeeds< O andthat ^ is disjoint from < O and < � . c

Fromhereon, let dZKe4 � GZ6 O , f O Kg< O �76 O � and f � K�< � ��4 � � ; andlet h O and h �
denotetheraysjoining theorigin with b O KF�>f O �D6 O � andb � Ke�>f � �A4 � � , respectively.

Eachendpointof a curve in ; representsoneof thefollowing events:thesensor
line-of-sightwasoccluded(denotedascase

N
o T ), the rangeconstraintwasexceeded

(case
N
eT ), or the incidenceconstraintwasexceeded(case

N
v T ). To join biO with b �

therearea total of 6 distinctcases:
N
v,v T , N v,oT , N v,eT , N e,eT , N o,oT and

N
e,oT . The

cases
N
o,eT , N o,vT and

N
e,vT aremirror imagesof othercases.

Case
N
v,v T : The incidenceconstraintwasexceededat =�Kj6:O and =�Kk4 � . There-

fore, thenormalto 
�� immediatelyafter <PO , andimmediatelybefore < � , is oriented
atagrazinganglewith respectto thesensor. Supposethat 
�� continuesafter <3O with
its surfacenormalconstantlyorientedatexactlyanangle* with respectto thesensor’s
line-of-sight.Thiscurve in polarcoordinatessatisfiesthefollowing relations:

% lK G)<nm3=[opQqCr m3<`op@s � (1)

%Ztu�HG)< op q �vKV<Qw %�wHx:y{z:��*@�|K~}
�
<
m3<
m3= K��&�(� with � lK"�D�R�(��*@� l (2)

Hence,thecurve’s equationis <�Ke<3���8�5��+��&�(��=�G�=R����2 , with <3��KkfQO and =R��K�6:O .
Theequationnow definestwo spirals:aspiral J�� O growing counter-clockwisefrom biO
(or shrinkingclockwise),andasecondspiral J1�O shrinkingcounter-clockwisefrom b O
(or growing clockwise). 
�� mustcontinuecounter-clockwisefrom b O either“above”
J � O or “below” J �O ; otherwise,theincidenceconstraintwould not havebeenviolated.

Similarly, for the oppositeend b � , let < � K�f � and = � K�4 � . The solution to
equation(2) now definesaspiral J �� growingclockwisefrom b � (or shrinkingcounter-
clockwise),anda secondspiral J �� shrinkingclockwisefrom b � (or growing counter-
clockwise). 
�� mustcontinueclockwisefrom b � either“above” JR�� or “below” J �� .

Remark 1. 
�� cannotcontinuebelow J �O when f5O��:�5�(�HG��@d/��Yef � . In other
words, 
�� cannotcontinuebelow JR�O if this spiral curve cuts h � below the point b �
(Figure2 ��45� ). To show this,suppose
�� continuesbelow J �O , whichimpliesthat 
��
bendstoward thesensorimmediatelyafter <3O . We know that 
�� doesnot crossthe
origin, elsenothingis visibleunderDefinition2.1and ; wouldbeempty. Hence,
��
wouldhaveto bendoutwardsbeforecuttingtheray h � , otherwise< � will beoccluded.
Since 
�� is differentiable,theremust thenbe a point b wherethe normal to 
��
pointstowardstheorigin. Becauseof Lemma3.2, this point b is not occludedby any
othersectionof 
�� thatis disjointedfrom < O and < � . Therefore,thevicinity of b is a
visible portionof 
�� . This violatesour assumptionthat < � succeeds< O . Thus,when
f O �8�5�(��G��Qd/�)YZf � , thefirst sectionof thecurve W joining < O to < � coincideswith J � O .
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Figure2. Exampleof a free-curve construction: ��45� this situationis impossible; ��68�
in thiscasethefreecurveis composedof thesegmentjoining b�O with b andthespiral
J �� joining b with b � ; ��9�� herethefreecurve is composedof thespiral J � O joining biO
with b andthespiral J1�� joining b with b � (unlessb is beyondrange,in which casea
circulararcof radius � M is added).

Remark 2. By symmetry, when f � �:�5�~�HG��@d/��Y�f5O (i.e., J �� cuts h�O below biO ),
thelastsectionof thecurve W coincideswith JR�� (whichgrowsclockwisefrom b � ).

Thepoint b � maylie below theintersectionof J1�O with h � , abovetheintersection
of J�� O with h � , or betweenboth intersections.Likewise, the point biO may lie below
the intersectionof J �� with h O , above the intersectionof J1�� with h O , or betweenboth
intersections.Therearetotalof 9 combinationsof eventsfor case

N
v,v T , but only 3 of

themareindependent:
��4���J1�O cuts h � above b � . Thus, fQO��8�5�(��G��Qd/�  f � , andthis is equivalentto
f � �8�5�(�7�Qd/�nYZfQO . Thatis, J �� cuts h�O below biO .

�768��J � O cuts h � below b � . Thus, fQO��8�5�~�7�Qd/��Y�f � , andthis is equivalentto
f � �8�5�(��G��Qd/�  fQO . Thatis, J �� cuts h�O above biO .

��9:�nJ �O cuts h � below b � and J�� O cuts h � above b � . Thus, fQO��:���/�HG��@d/��Y
f � Y�f O �8�5�~�7�Qd/� , and this is equivalent to f � �8�5�(�HG��@d/��Y�f O Y
f � �8�5�(�7�Qd/� . Thatis, J �� cuts h O below b O and J1�� cuts h O above b O .

Let us analyze the first situation. f O �:�5�(�HG��@d/�  f � is equivalent to
f � �8�5�(�7�Qd/��Y�f O , which in turn implies that f � �:���/�HG��@d/��Y f O . In otherwords,
both theclockwise-growing J1�� andtheclockwise-shrinkingJ �� cut h�O below b�O (see
Figure2 �768� ). FromRemark2, thelastsectionof thefreecurve W coincideswith J �� .
Let b betheintersectionbetweenJ1�� and h�O . Thefreecurve W joining <3O to < � is thus
composedof thesegmentjoining biO with b andthespiral J �� joining b with b � .

A symmetricargumentappliesto thesecondsituation,when f � �8�5�(�HG��@d/�  f5O
(i.e., J �� cuts h�O above b�O ), exceptthatRemark1 is usedin this case.

Theonly remainingsituationis ��9:� : fQO��:���/�HG��@d/�	YZf � and f � �:�5�(�HG��@d/�	Y"f5O .
From Remarks1 and2, theseinequalitiesimply that the first sectionof W coincides
with J � O while thelastsectionof W coincideswith J1�� . Let b betheintersectionof J � O
and J �� . If b is within � M , then W is composedof thespiral J � O joining b O with b and
thespiral J1�� joining b with b � (Figure2 ��9:� ). Otherwiseb is beyondrange,and W is
composedof a sectionof J � O , a circulararcof radius � M , anda sectionof J1�� .
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Figure3. Dealingwith corners:��45� thenormalto 
�� atacorneris generalizedasthe
averageof % � and % � ; �768� if weassumethatacornerhas“thickness”,andis therefore
detectableby thesensor, thenany wedge-shapedobjectis visible if *�¡_¢�£ deg.

Case
N
v,oT : As in thepreviouscase,thecurve <PO wasinterruptedat =�K�6:O because

the incidenceconstraintwas exceeded. The curve < � , however, was interruptedat
=�K¤4 � becauseaportionof 
�� blockedthesensor’sline-of-sight.In orderto produce
theocclusion,
�� mustbe tangentto h � at somepoint b�¥ below b � . We know from
Lemma3.2thattheportionof 
�� producingtheocclusioncannotbedisjointedfrom
<3O . Thus,b@¥ is partof thesamecurveas <3O .


�� cannotcontinuefrom < O below J �O . To show this, suppose
�� continues
below J1�O . This implies that 
�� bendstoward thesensorimmediatelyafter < O . But
to causetheocclusion,
�� hasto bendoutwardsbeforeit reachesthe tangentpoint
b ¥ . Since 
�� is differentiable,theremustbea point wherethenormalto 
�� points
towardsthe origin. But we alreadyknow that this violatesour assumptionthat < �
succeeds<PO . Therefore,
�� mustcontinueabove J � O .

For case
N
v,oT , it is alwaystruethat J�� O cutstheray h � below b � at somepoint b .

Otherwise,it will beimpossibleto producetheocclusionat b@¥ , because
�� continues
from < O above J � O . Thus, W is composedof the spiral J � O joining b O with b , andthe
segmentjoining b with b � .
Case

N
v,eT : As before,theincidenceconstraintwasexceededat =�KM6:O , but < � was

interruptedbecausetherangeconstraintwasexceededat =�K�4 � . Thatis, f � K¦� M .
Thepoint b�O is within range,hencefQO��8�5�(��G��Qd��	YZf � becausef � K�� M . Thisis

exactly thesituationdescribedin Remark1 of case
N
v,v T . Thus, 
�� cannotcontinue

below J �O , andthefirst sectionof W coincideswith J�� O .
If J � O cutstheray h � below b � at somepoint b , then W is composedof thespiral

J � O joining biO with b , andthesegmentjoining b with b � . Otherwiseb is beyondrange,
and W is composedof a sectionof J � O anda circulararcof radius � M .

Case
N
e,eT : This caseis trivial. Thefreecurve is acirculararcjoining biO to b � .

Cases
N
o,oT and

N
e,oT : The readermay verify that thesecasesareimpossibleby

following thesameline of reasoningusedthroughoutthis proof. We skip thedetails
for lack of space.

We haveaccountedall possiblecases.This concludesourproof of Theorem3.1.

4. Extracting SafeRegionsfr om Real SensorData
Themainpracticalproblemwith thetheoreticalresultsof theprevioussectionis that
the sensoroutput is usually a list of points, not a list of curves. Therefore,a pre-
processingstageis neededto convert theraw datainto theoutputlist ; .



Let § be the list of pointsacquiredby the sensorat � . § is transformedinto a
collection ; of polygonallines calledpolylines. The polyline extractionalgorithm
operatesin two steps:(1) groupdatainto clusters,and(2) fit apolylineto eachcluster.
Thegoalof clusteringis to grouppointsthatcanbetracedbackto thesameobjectin
� . Clusteringis doneusingthresholdsselectedaccordingto thesensor’saccuracy.

Thepointsin eachclusterarefitted with a polyline so thatevery datapoint lies
within a distancë from a line segment,while minimizing thenumberof verticesin
the polyline. The computationtakesadvantageof the fact that the datadeliveredby
polarsensorssatisfyanorderingconstraintalongthenoise-free= -coordinateaxis.By
applyingthemapping©EKªx8y{zQ=u.Xz�«¬�	=Q��­�K � .Q�><Xz�«®�)={� , the problemis transformed
into a linear fit of the form ­ZK 4 r 6D© (which mapsto 6D¯ r 4{°EK �

in Cartesian
�>¯/��°Q� -space).Several algorithmsexist to find polylines in ��©/��­�� -space.We useda
divide-and-conqueralgorithm.Examplesof ourpolyline-fit techniquewith realsensor
datacanbefoundin [5].

4.1. Corners

Cornersposea problemeven underidealizedconditions. Supposethe robot is sur-
roundedby oneor severalwedge-shapedwallsorientedtowardthesensor. Thesensor
is thenunableto seeany of thesewedges,andthesaferegion is empty. This is not a
failureof ourmathematicalanalysis,but aphysicallimitation of thesensor. This limi-
tationwasnottakeninto accountby Definition2.1,alongwith severalothers(e.g.,that
somesurfacescouldbeperfectmirrors). We canonly assumethat theanglebetween
any pair of incidentwalls is largeenoughsuchthatat leastonesectionat eitherside
of the corneris visible to the sensor. Or that thecorneritself is not sharpenoughto
remainundetectedby thesensor(i.e., thecornerhas“thickness”).

Undertheabove assumptions,we generalizetheconceptof a surfacenormalto
include corners. The normal % to 
�� at a corner is the averageof % � and % � ,
where % � and % � arethe normalsto 
�� immediatelyafter andbeforethe corner
(Figure3 ��45� ). Thecorneris visible if theconditionsof Definition2.1aresatisfiedfor
this generalized% . That is, a cornerbehaveslike any otherpoint in 
�� , aslong as
ourhypothesesabout
�� hold true.

Thesystemdescribedin [5] expectscornersto have thickness,andthereforeto
bedetectableby thesensor. Underthissupposition,it is easyto verify thatany wedge-
shapedobjectwithin rangeis visible if *�¡"¢u£ deg (Figure3 ��68� ).
5. A Next-BestView Algorithm
In a staticenvironment,a saferegion remainssafeundertheunionoperation.Hence,
the layout modelcanbe expandediteratively. A first partial layout — a local safe
region— is constructedfrom thedataacquiredby therangesensorattherobot’sinitial
position �:± . At eachiteration,thealgorithmupdatesthe layoutmodelby computing
the union of the saferegion build so far with the local saferegion generatedat the
new position ��² . Thenew saferegion is thenusedto selectthenext sensingposition
� ² � O . To computethis next-best-view position,theprocedurefirst generatesa setof
potentialcandidates.Next, it evaluateseachcandidateaccordingto boththeexpected
gainof informationthatwill besensedat this position,andthemotioncostrequired
to movethere.Thesestepsaredescribedbelow.
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Figure4. Next-bestview computationafter 5 sensingoperationshave alreadytaken
place: ��45� candidategeneration;�768� evaluationof onecandidate.

5.1. Model Alignment and Merging

Let ³�; g ��� ² � O �S�D´ g ��� ² � O ��µ be the partial global model built at � ² � O . The term
´ g ��� ² � O � is the union of all local saferegionsup to stage¶�G � . The boundaryof
´ g ����² � O�� is composedof free andsolid curves,the latter representingphysicalsec-
tionsof 
�� . Let ; g ����² � O�� bethelist of solidcurvesin theboundaryof ´ g ����² � O�� .

The robot performsa sensingoperationonceit movesinto a new location ��² .
Fromthe local measurement; l ����²{� , we computea local saferegion J l ����²1� usingthe
techniquesfrom Section3. Let ³�; l ����²R�8�AJ l ����²R��µ bethe local modelat ��² .

Supposethereexists an algorithm ALIGN that computesthe transformation·
aligning the line segmentsin ; l ��� ² � with thosein ; g ��� ² � O � . We will not assume
thatthis techniqueis perfect:ALIGN computesa correct· only whenthereis enough
overlapbetween; l ��� ² � and ; g ��� ² � O � .

Once· is calculated,thenew globalsaferegion ´ g ����²R� is computedastheunion
of ·���´ g ����² � O���� and J l ����²R� . Thenew model ³�; g ����²R�S�D´ g ����²1��µ is representedin a co-
ordinateframecenteredover therobotat its currentposition ��² .
5.2. CandidateGeneration

Thenext location ��² � O mustbecontainedinside ´ g ����²R� . Otherwise,��² � O would not
bereachablefrom thecurrentposition � ² . O

We generateat randoma numberof possibleNBV candidatesin ´ g ��� ² � within
thevicinity of thefreecurvesboundinǵ g ��� ² � (Figure4 ��45� ). For eachpossiblecan-
didate � , we computethe total length ¸@��´ g ��� ² �8���R� of the non-freecurvesbounding
´ g ����²R� thatarevisible from � underDefinition2.1(thisoperationis doneusingaline-
sweeptechnique[10]). ¸ is themeasureof theexpectedoverlapbetweenanew image
; l ���R� andthecurrentlist of solid curves ; g ����²R� . If ¸@��´ g ����²R�8���R� is greaterthansome
threshold,then � is actuallyselectedasanNBV candidate.Thisfiltering stageensures
thatthefunctionALIGN will successfullyfind a transform· .
¹
Strictly speaking,º g »®¼A½�¾ mustfirst beshrunkby theradiusof therobotbeforecomputingasaferoute.



5.3. Evaluation of candidates
To decidewhetheraposition � in ´ g ��� ² � isagoodcandidatefor � ² � O wemustestimate
how muchnew informationaboutthe workspacewe expect to obtainat � — i.e., �
shouldpotentiallyseelargeunexploredareasthroughthefreeboundaryof ´ g ��� ² � .

The score of every NBV candidate � is given by the function ¿i���R��KÀ ���R���8�5�(��G��@§������A� ² ��� , where � is a positive constant,§������A� ² � is the lengthof the
shortestpathconnecting��² with � , and

À ���R� is a measureof the unexploredareaof
theenvironmentthatmaybevisible from � (seenext paragraph).��² � O is selectedas
thesample� thatmaximizesthefunction ¿����R� . Thefactor � weightstherelative cost
of motionwith respectto visibility gains. �,K ! implies that themapbuilder incurs
no costwhile moving, andtheNBV planneris allowedto selectnew locationsexclu-
sively in termsof theirpotentialvisibility gain. �ÂÁ ! impliesthatmotionis socostly
that locationscloseto ��² arepreferredover distantones,as long asthey producea
marginalgainin visibility.

Computation of Ãv��Ä~� We measurethe potentialvisibility gain of eachcandidate
� asa function of the area

À ���R� outsidethe currentsaferegion that may be visible
throughthe freecurvesboundinǵ g ����²{� (Figure4 �768� ). For polygonalmodels,

À ���R�
canbecomputedby thesameray-sweepalgorithmusedto computeclassicvisibility
regions[10], with thefollowing modifications:

1. The sweepingray may crossan arbitrarynumberof free edgesbeforehitting a
solid one.Therefore,thecomputation-timeof theray-sweepalgorithmbecomes
O ��ÅÇÆÉÈ�Ê5ËÌÅ�Í�Î�Å$Ï f � , where ¶ f is thenumberof freeedgesboundinǵ g ��� ² � .

2. The resultantvisible region is croppedto satisfy the rangerestrictionsof the
sensor. Thisoperationcanbedonein O �>Å$Ï f � .

5.4. Termination Condition
If ´ g ����²R� containsnofreecurves,the2-D layoutis assumedto becomplete;otherwise,
´ g ����²R� is passedto thenext iterationof themappingprocess.A weaker termination
testis employedin practice:the lengthof any remainingfreecurve is smallerthana
specifiedthreshold.

5.5. Iterati veNext-BestView Algorithm
TheiterativeNBV algorithmis summarizedbelow:

Algorithm IterativeNext-BestView
Input: A new sensingposition Ð ½ andthelocalmeasurementÑ l ËÌÐ ½ Í

An imagealignmentfunction Ò,Ó ALIGN( Ñ l ËÌÐ ½ Í�ÔÕÑ g ËÌÐ ½8Ö ¹ Í )
Thenumberof samples× , andaweightingconstantØÚÙ�Û

Output: A next-bestview position Ð ½DÜ ¹
1. Computethelocal saferegion Ý l ËÌÐ�ÏuÍ . Setthelist of samplesÞ sam Óàß .
2. ComputeÒ,Ó ALIGN( Ñ l ËÌÐ ½ Í�Ô�Ñ g ËÌÐ ½:Ö ¹ Í ), andtheunion á g ËÌÐ ½ Í~ÓÝ l ËÌÐ ½ ÍnâjÒ�Ë�á g ËÌÐ ½:Ö ¹ ÍÕÍ .
3. Repeatuntil thesizeof Þ sam is greateror equalthan × :

(a)RandomlygenerateÐ�ãCá g ËÌÐ ½ Í in thevicinity thefreecurvesboundingá g ËÌÐ ½ Í .
(b) If äuË�á g ËÌÐ ½ Í�ÔÕÐ�Í is below therequirementsof ALIGN, discardÐ andrepeatStep3.

(c) Computeå�ËÌÐ3Í and æ�ËÌÐRÔHÐ ½ Í . Add Ð to Þ samandrepeatStep3.

4. SelectÐ ½DÜ ¹ ã�Þ sammaximizing å�ËÌÐ�ÍPçAè1é�Ë�êëØ�æìËÌÐ1Ô�Ð ½ ÍÕÍ asthenext-bestview.
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Figure5. A run aroundtheRoboticsLab. at StanfordUniversity.

6. Experiments
The map-building systemwas implementedon a NomadicSuperScoutrobot. The
on-boardcomputeris a Pentium233MMX, connectedto the local-areanetwork via
2 Mbs radio-Ethernet.The robot is equippedwith a laserrangesensorfrom Sick
Optic Electronicwhich usesa time-of-flight techniqueto measuredistances. The
NBV plannerrunsoff-boardin a PentiumII 450MHz Dell computer. The software
waswritten in C++ andusesgeometricfunctionsfrom theLEDA library [8].

Thesensoracquires360pointsin asingle180-deg scanrequest.A 360-deg view
is obtainedby taking 3 scans. The sensorreadingswhereobserved to be reliable
within a rangeof 6.5mts,at grazinganglesnot exceeding*�Kgíu£ deg. For theNBV
planner, ��KM0 ! cm� O , a valuethatpreventstherobotfrom oscillatingbackandforth
betweenregionswith similar visibility gains.

An experimentalrun is shown in Figure5. The robot mappeda sectionof the
RoboticsLab. at StanfordU. The first 6 iterationsareshown in ��45� . At the corridor
intersection,the robot facesthreechoices,includinggoing into an office. Neverthe-
less,theplanneroptedto continuemoving alonga corridor, all theway into theupper
hall ��68� . Glassis transparentto the sensor’s laser, so the robot failed to detectthe
glassdoor indicatedin ��68� . At this point, the operatoroverrodethe decisionof the
NBV planner, who interpretedthe vicinity of the glassdoor as the thresholdof an
unexploredopenarea.Finally, in ��9:� , the robot moveddown the secondhall until it
reachedthe lab’s lounge. Theplannerdecidedthento sendtherobot to explore this
newly detectedarea.



7. Conclusion
Motion planningfor modelbuilding applicationshasreceived little attentionso far
despiteits potentialto improve theefficiency of autonomousmapping.In this paper
we introducedtheconceptof saferegion,anddescribedhow it canbeusedto produce
collision-freemotionsandnext-bestview locationsunderimage-alignmentconsider-
ations. Our researchcombinestheoreticalinvestigationof planningproblemswith
simplifiedvisibility modelsto producealgorithmsthat reacha compromisebetween
algorithmicrigor andsystempractice.Theresultis asystemableto constructmodels
of realisticscenes.
Acknowledgments: This work wasfundedby DARPA/Army contractDAAE07-98-
L027,ARO MURI grantDAAH04-96-1-007,andNSFgrantIIS-9619625.
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[5] H. Gonźalez-Banos,A. Efrat, J.C.Latombe,E. Mao, andT.M. Murali. Planningrobot
motion strategies for efficient model construction. In RoboticsResearch - The Eight
Int. Symp., SaltLake City, UT, 1999.Finalproceedingsto appear.

[6] B. Kuipers,R.Froom,W.K. Lee,andD. Pierce.Thesemantichierarchyin robotlearning.
In J. ConnellandS. Mahadevan,editors,RobotLearning. Kluwer AcademicPublishers,
Boston,MA, 1993.

[7] J.J.LeonardandH.F. Durrant-Whyte. Stochasticmultisensorydatafusion for mobile
robot locationandenvironmentmodeling. In Proc. IEEE Int. Conf. on IntelligentRobot
Syst., 1991.
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