
An Ef�cient Central Path Algorithm for Virtual Navigation

ParagChaudhuri,RohitKhandekar, DeepakSethiandPremKalra

Departmentof ComputerScienceandEngineering
IndianInstituteof TechnologyDelhi

HauzKhas,New Delhi 110016,India
E-mail: f parag, rohitk, deepak, pkalra g@cse.iitd.ernet.in

Abstract

We give an ef�cient, scalable, and simple algorithm
for computationof a central path for navigationin closed
virtual environments. The algorithm requires less pre-
processingand producespathsof high visual �delity. The
algorithmenablescomputingpathsat multipleresolutions.
Thealgorithm is basedon a distancefrom boundary�eld
computedona hierarchical subdivisionof thefreespacein-
side the closed3D object. We also presenta progressive
version of our algorithm basedon a local search strategy
thusgivingnavigablepathsin a localizedregionof interest.

1. Intr oduction
Autonomousnavigation inside closedvirtual environ-

mentsis oneof the mostimportantaspectsof maintaining
interactivity insidevirtual worlds. The problemmanifests
itself in variousdiverseapplicationareaslike exploration
of medicalandotherscienti�c data,medicalsurgical simu-
lations,roboticpathplanning,�ight pathplanningsimula-
tionsfor airplanesandpathcomputationin otherimmersive
virtual environmentslike computergames.Thefundamen-
talproblemfor suchnavigationis thecomputationof acolli-
sionfreepathalongwhich theusercannavigate.Typically,
suchpathsmustbesimpleandfastto compute.

In this paper, we presenta novel algorithm to gener-
atecentralpathsinsideclosed3D objects. The algorithm
takesas input a closed3D object in the form of a surface
mesh.Theobjectundergoessomepreprocessingwhich al-
lows usto initialize thedatastructuresrequiredby thepath
algorithm. Thepreprocessingessentiallyidenti�es thefree
spaceinsidetheobjectasthecollisionfreenavigablespace.
It also takes into accountany holesembeddedinside the
object.Thenit builds up a multi-resolutionhierarchicalde-
scriptionof this navigablespace.The usercangive arbi-
trary source-destinationpairsinsidethis region andtheal-
gorithm computesthe desiredpath. Varioususerde�ned

parametersallow �e xibility in thepathsgeneratedby theal-
gorithm. Our algorithmhascomplexity proportionalto the
numberof voxelson theboundaryof theobject.

We alsopresenta progressive variantof our algorithm,
which allows the user to quickly computepathsin a lo-
calizedregion of interestspannedby the sourceand des-
tinationspeci�ed by theuser. Herethealgorithmdoesnot
preprocessthe complete3D object. We show that this al-
gorithm basedon a local searchstrategy outperformsthe
previouslydescribedglobalpathcomputationalgorithmfor
pathqueriesin which thesourceanddestinationpointsare
closeto eachotherascomparedto thesizeof theobject.

Therestof thepaperis organizedasfollows. Section2
providesthe backgroundandexaminesrelatedtechniques.
Section3 describesthecentralpathcomputationalgorithm
in detail. Section4 gives the complexity analysisof the
algorithm. Section5 presentsthe results. In Section6
we describetheprogressive variantof our algorithm. Next
we presenttheresultsfor theprogressive algorithmin Sec-
tion 6.3. Section7 concludeswith a discussionof our ap-
proachandsuggestssomedirectionsfor futurework.

2. Background

The problemof computationof navigable pathsinside
closed3D objectshasbeenaddressedin variousapplication
speci�c aswell asgeneralsettings.Thissectionsummarizes
previouswork andcontrastsit with ourapproach.

Traditionally, of�ine renderingof movie framesof pre-
computedpathswasdonefor navigation in complex envi-
ronments[6, 8]. Sincethis approachdoesnot allow user-
interaction,it haslimited utility.

Topologicalthinning is a techniquewhich is tradition-
ally consideredto providehighquality results.It is compu-
tationally very expensive. Pavlidis [10] andPaik et al. [9]
aretwo examplesof this technique.Geet al. [5] usea fast
topologicalthinningalgorithmto generatea3D skeletonof
a binary colon volume. Thenthe skeletonis prunedfrom
loopsandspuriousbranchesusinggraphsearchtechniques.



Theresultis thenmodi�ed to yield acenteredpathbetween
two userspeci�ed endpoints. Bouix et al. [2] usetheme-
dial surfaceextractionalgorithmof Siddiqi et al. [11] with
�ux thresholdingto computea medialcurve which is then
prunedbasedon branchlength thresholding. The medial
surfacealgorithmof [11] is robust againstnoiseandhasa
computationalcomplexity of O(klogk), wherek is thenum-
ber of voxels in the object. TeleaandVilanova [12] give
a level-setalgorithm for centerlineextraction. They start
from a2D skeletonizationmethodto locatevoxelscentered
with respectto threeorthogonalslicing directions. Next,
they extract the centerlinevoxels from the above skele-
tons, followed by a thinning, reconnection,anda ranking
step.Their methodalsohasa computationalcomplexity of
O(klogk).

Hongetal. [7] proposedaphysicallybased“submarine”
cameracontrol modelimmersedwithin a potential�eld to
prevent the camerafrom penetratingthe object boundary
during navigation. However, this methodsuffered from
thelocal minimumproblemandthecameracouldnavigate
only inside a one dimensionaltubular region without any
branches.DeschampsandCohen[3] �nd pathsof leastac-
tion in 3D intensityimages.A front is propagatedin theim-
agewith a speeddeterminedby a scalarpotential�eld that
dependsuponlocationin themedium.Thepotentialfunc-
tion is designedto take into accounta Euclideandistance
function from the boundaryof a tubular structure,so that
the minimal pathsarecentered.The �o w is implemented
usingfastmarchingschemes.

Many algorithmsthat restrict the skeletonto a simple
pathusetheDijkstra'salgorithm[4] asanintermediatestep.
A distancefrom source�eld is createdby labelingall graph
verticeswith the shortestdistancefrom a singlesourceto
thosevertices. The centerlinealgorithmsthat use Dijk-
stra's method,differ in how they assignthe weightscor-
respondingto orthogonal,2D-diagonal,and 3D-diagonal
vertex neighbourrelations. Bitter et al. [1] build a graph
from a coarseapproximationof a 3D skeleton. Eachedge
of the graphis assigneda weight which is a combination
of Euclideandistancefrom a userde�ned sourcenodeand
distancefrom theboundaryof theobject.Thecenterlineis
then extractedusing Dijkstra's shortestpath algorithmon
this graph. Wan et al. [13] also give distance�eld based
methodto computecentralpaths. This methodusesEu-
clideandistanceto computeadistance�eld usedto generate
thepath. This makesthealgorithmdo signi�cant amounts
of computationandthusincreasesit runningtimecomplex-
ity. Also thecomputationincreasesin proportionto thein-
ternalvolumeof theobject.

Our algorithm is also basedon the distance�eld con-
ceptbut usesa differentdistancemeasurecomputedover
a hierarchicalsubdivision of the internal free spacein the
object.While this reducesthecomputationconsiderably, it

retainsall theadvantagesof thepathgeneratedin [13]. The
distancemeasurecanbe changedwithout affecting the ef-
�ciency of thealgorithm. Thecloserthedistancemeasure
is to theactualEuclideandistancethemoreaccurateit be-
comes.Our algorithmelegantly reducesto this caseat the
�nest level of resolutionpossible.

3. Central Path Computation Algorithm
3.1.DesignConsiderations

Wedesignthealgorithmsothatit hasthefollowingprop-
erties:

1. The pathcomputedstaysaway from the boundaryas
muchaspossible.

2. Thepathis simpleanddoesnotself intersect.
3. Thepre-processingis fastandef�cient.
4. It allows theuserto de�ne parametersto affect resolu-

tion of thedesiredpath.

The techniqueusedin [13] satis�esproperties1 and2,
but not3 and4. Ouralgorithmhasall theseproperties.The
algorithmmainlyconsistsof thesesteps:

Algorithm 1 CentralPathComputationAlgorithm
Require: Closed3D Object

1: Subdivide theobject
2: Computethedistancefrom boundary(or DFB) �eld
3: Computethecentralpathin responseto userqueries

We illustratethevariousstepsof our algorithmin detail
by a running2D example.First we give a terminologyand
anotationwhichweuseto describeouralgorithm.

3.2.Notation
We considerthe given 3D objectasbeingcomposedof

cubicalvoxels. Actual dimensionsof thevoxel canbede-
�ned by theuser. Wetreatavoxel asanindivisibleunit. The
objectmayhave“holes” in theinterior, for example,ashell
hasasphericalhole.Thealgorithmconstructsahierarchical
subdivision of theinterior of theobjectinto cubicalblocks.
Thesize,of a block b (size(b)) is de�ned asthenumberof
voxelson its side. Thus,a voxel hassize1. A block in the
subdivision mayhave sizeof the form 2k for someinteger
k � 0. Whenwe talk of blocksor voxelsinsidetheobjects,
weincludetheonesontheboundaryaswell. Theboundary
includestheouterboundaryaswell astheboundaryof the
holes.

3.3.Subdivision
The object is �rst enclosedin a boundingbox, which

forms our highestlevel block. Then the subdivision pro-
ceedsexactly like anoctreeconstruction.We subdivide the



(a) After 1 level of subdi-
vision

(b) After 2 levels of sub-
division

(c) After 4 level of subdi-
vision

(d) Final subdivision (e)DFB Field

Figure 1. Hierar chical subdivision and DFB Field

block into eightidenticalblocks(or four identicalblocksin
2D asin Figure1(a))if it intersectswith theboundaryatany
point. Figures1(b), 1(c), 1(d) show thehierarchicalsubdi-
visionfor a2D object.Theblocksthatlie eithercompletely
inside(for e.g.,thedarkerblocksin Figure1) or outsideare
not subdivided further. At the endof the subdivision, the
blocksthat lie on theboundaryareof size1. Thesmallest
level of subdivision i.e., at which thesubdivision stopsis a
userde�ned parameter.

3.4.DFB Field Computation

The next stepis the constructionof the DFB �eld. For
this considera graphG = (V [ f Bg;E [ EB) whereV is
thesetof theblocksin the�nal subdivision andB is a spe-
cial noderepresentingthe whole boundary. We introduce
an edge(b1;b2) 2 E if the blocksb1 andb2 intersectin a
face,anedge,or apoint. We introduceedges(b;B) 2 EB if
theblockb is adjacentto theboundaryof theobject.

Wegivea lengthof d(b1;b2) = size(b1) + size(b2) to the
edge(b1;b2) 2 E anda lengthd(b;B) = size(b) to theedge
(b;B) 2 EB. Now, thedistancefrom boundaryd f b(b) of a
block b is de�ned asthelengthof theshortestpathfrom B
to b in G underthis lengthfunctionasshown in Figure1(e)
(thedarkerblocksarecloserto theboundary).This is com-
putedusingDijkstra'ssinglesourceshortestpathalgorithm
[4].

3.5.Central Path Computation

OncetheDFB �eld is established,theusergivesqueries
of the type path(s;t) wheres andt arethe sourceandthe
destination.This path is computedasfollows. Now con-
sider a subgraphGV = (V;E) of G inducedby V. We
giveaweightof w(b1;b2) = 1=d f b(b1) + 1=d f b(b2) to the
edge(b1;b2) 2 E. We �rst identify the blocks bs and bt
which contains and t respectively. We, then, useDijk-
stra'salgorithm[4] to computetheshortestpathP(bs;bt) =
f b0 = bs;b1; : : : ;bl = btg betweenbs and bt accordingto
theweight functionw. Thentheanswerto thequeryis the

pathf s;v0;v1; : : : ;vl ; tg wherevi is thecenterof theblock.
Thepathjoining theblockcenterswill alwayslie within the
blocksbecausefor any two adjacentblockstheline joining
their centersis alwayscontainedinside the blocks. bi for
i = 0; : : : ; l . An exampleof thethecomputedpathis shown
in Figures2(a)(showstheblockpathcomputedin response
to a userquery)and2(b) (shows thepathobtainedby join-
ing theblockcenters).

3.6.SomeImplementation Issues
At every step of the subdivision, with eachblock we

maintaina list of the (boundary)facesof the object with
which it intersects.Now, whenwe subdivide this block in
thenext stepthenew child blockscreatedneedto betested
for intersectiononly with thefacelist storedwith theparent
block. Thissavesa lot of time.

Given a block that doesnot intersectthe boundary, we
alsoneedto decidewhethera block lies insideor outside
theobject. For speedingup the inclusiontestwe make use
of thesamefacelist maintainedduringtheintersectiontest.
To checkwhethera block lies inside the body or not, we
shoota ray from thecenterof theblock in anaxisparallel
directionand�nd outall theblockswhich intersectthis ray.
Theaxisis alignedwith theedgesof thesubdivisionblocks
so�nding theblockswhich intersectanaxisparallelray is
very easy. Thenwe considerthe facesin the list of these
blocksandcheckfor intersectionwith theray. Wecountthe
numberof ray-faceintersectionsanddo a standardparity
checkfor aninside-outsidetest.

Thepathobtainedasa resultof thealgorithmis a piece-
wise linear (seeFigure2(b)). A betterpathis obtainedby
post-processingthepathusingsmootheningheuristics.One
approachto path-smootheningis to interpolatethe linear
path segmentswith splines. Considera block that inter-
sectsthe piece-wiselinear path, and considerthe convex
hull of the two pointsof intersectionandthe centerof the
block. We interpolatethis partof thepathby a splinepass-
ing throughthetwo pointsof intersectionandcontainedin
the convex hull (seeFigure2(c)). Anotherapproachis to
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Figure 2. Path Computation and Smoothening

constructa new pathby replacingthe part of the original
path insidea block by a straightline segmentjoining the
pointsof intersection(seeFigure2(d)). The new pathhas
lessnumberof suddenturnsandis visually moresmooth.
Thismaybefollowedagainby thesplineinterpolationtech-
nique to get a very smoothpath (seeFigure 2(e)). How-
ever, any pathsmootheningoperationwill causedeviations
from theoriginalpath,sotheimplementationgivestheuser
a choiceas to which path smootheningheuristic (if any)
shouldbeusedto smoothenthepath.

(a) (b)

Figure 3. Dependence of computed path on
DFB resolution

Notethattheusercancontrol thelargestincludedblock
size. If the largestblock size is madesmallerthe resolu-
tion of thesubdivision andDFB �eld increase.Thepathis
alsoaffectedby theresolutionof theDFB �eld. Figure3(a)
hasthelargestpossibleincludedblocksize.Figure3(b)has
largestincludedblock sizesas0.25timesof the largestin-
cludedblock size. It canbe seenthe variationin the DFB
�eld becomessmootherbut theuserhasto pay in termsof
increasedcomputationcost. The �ner the DFB �eld the
closerthe path is to a path which would have beencom-
putedunderaEuclideandistancemeasureasin [13].

4. Complexity Analysis
In this sectionwe analyzetherunningtime of our algo-

rithm. The runningtime dependsprimarily on thenumber
of blocksin the�nal subdivision.

4.1. Estimating the number of blocks in the �nal
subdivision

Thealgorithmstartswith aboundingbox,sayof size2k.
It goeson subdividing the blocksthat intersectthe bound-
ary till the sizeof the smallestblock becomesequalto 1.
Therefore,theblocksin the�nal subdivisioncanhavesizes
from f 1;2; : : : ;2kg. Thus,k denotesthe numberof levels
of subdivision. We prove the following boundon the total
numberof blocksin the�nal subdivision.

Theorem4.1 If there are h holes in the object, the total
numberof blocksin the�nal subdivisionis O(n+ hk) where
n denotesthenumberof voxelson theboundaryof theob-
ject.

We �rst prove thatif thereareno holesin theobject,the
numberof blocks is O(n). Considera block b of size2i .
Clearly, b contains23i voxelsin it. Sinceits “parent” block
(of size2i+ 1) got subdivided, it must intersectthe bound-
ary. Sincethe parentblock hasthe diameterof O(2i), all
thevoxels in b mustbewithin a distanceof O(2i) from the
boundary.

Lemma 4.2 If there are no holes in the object, the total
numberof voxelsinside the object that are within a dis-
tanceof d fromtheboundaryis O(nd) where n denotesthe
numberof voxelson theboundary.

Proof Sketch. Let V denotethevolume(in the interior of
theobject)containedwithin adistanceof d from thebound-
ary. It canbeprovedthatV = O(Ad), whereA is thetotal
areaof theboundaryof theobject. Sinceall thevoxelsare
of uniform size,theareaA of theboundaryis proportional
to thenumberof voxelson theboundary. Thus,thedesired
numberof voxelsis O(nd).



Thus the numberof blocks of size 2i is at most O(n �
2i=23i) = O(n=22i). Therefore,the total numberof blocks
is O(n=22k + n=22(k� 1) + � � �+ n) = O(n), providedthereare
noholesin theobject.

We now extendthe above argumentfor the caseof ob-
jectswith h holesinside.

Lemma 4.3 If thereareh holesin theobject,thetotal num-
ber of voxelsinsidetheobjectthat are within a distanceof
d from the boundaryis O(nd+ hd3) where n denotesthe
numberof voxelson theboundary(includingtheboundary
of theholes).

Proof Sketch. It canbe proved that eachhole contributes
anextra volumeof O(d3). Sincethereareh holes,thetotal
volumeis O(Ad+ hd3). Thisin turnimpliesthatthedesired
numberof voxelsis O(nd+ hd3).

Now wearereadyto prove Theorem4.1.
Proof. Thenumberof blocksof size2i is atmostO((n�2i +
h� 23i)=23i) = O(n=22i + h). Therefore,thetotal numberof
blocksis O((n=22k + h) + (n=22(k� 1) + h) + � � � + (n+ h)) =
O(n+ hk), wherek is thenumberof levelsof subdivision.

4.2.Running time
Let m = jEj denotethe total numberof edgesin GV .

The following argumentprovesthat m = O(n+ hk). Sup-
posethat the blocksb1 andb2 areadjacentin GV andthat
size(b1) � size(b2). Supposealsothat b1 andb2 intersect
in a face. Due to theoctreesubdivision method,it is clear
that this intersectioncoincideswith a faceof b1. Similar
argumentholdsif b1 andb2 intersectin anedgeor a point.
Thus,eachedgein thegraphGV canbe“charged” to aface,
an edge,or a vertex of a block. SincethereareO(n+ hk)
blocks, the total numberof faces,edges,and verticesis
O(n+ hk).

Both to computethe DFB valuesand the centerpaths,
we run Dijkstra's shortest-pathalgorithm[4] on this graph.
Thus the running time of the DFB computationand the
center-pathcomputationis O((n+ hk) log(n+ hk)) . Note
alsothatthetotalnumberof blocks(thatmayor maynotbe
presentin the �nal subdivision) formedduringsubdivision
is O(n+ hk). This is sobecauseif a block getssubdivided,
it getssubdividedinto 8 blocks.Thusweconcludewith the
following theorem.

Theorem4.4 The running time of the DFB computation
andthecenter-pathcomputationis O((n+ hk) log(n+ hk))
and that of the subdivisionis O((n+ hk)Tsub) where n de-
notesthe numberof voxelson the boundaryof the object,
h denotesthe numberof holesin the object,k denotesthe
numberof levelsof subdivisionand Tsub denotesthe time
takento doonesubdivision.

5. Resultsfor Central Path Computation
This sectiondemonstratesour algorithmon example3D

objectsof suf�cient complexity. All performanceresultta-
blesandgraphsarebasedon experimentsdoneon a Linux
based,PentiumIV 1.4Ghzmachinewith 1GBRAM.

Ogre Mesh Results The �rst examplewe chooseis one
of a surfacemeshof an “Ogre.” The Ogremeshhas9282
verticesand18540triangles. An examplepathcomputed
insidetheOgremeshcanbeseenin Figure5(a)andasnap-
shottakenduringa �ythrough on thepathis shown in Fig-
ure5(b). In Figure5(a)thearrow is atthepositionwherethe
�ythrough snapshotwastaken,andit pointsin the current
lookatdirection.Themeshis scaledby variousfactorsand
thealgorithmis run repeatedly. We tabulatethenumberof
blocksformed(NB), thepreprocessingtime (time required
for completesubdivision (TSUB) and DFB �eld computa-
tion (TDFB) andtheaveragequeryresponsetime(TavPQ) for
thesevariousscalings(Sc) (seeTable1).

Scale TSUB NB NE TDFB TavPQ
(sec) (msec) (msec)

0.50 8 3340 32190 16 16
1.00 15 15987 159252 84 92
1.50 27 38224 379795 206 243
2.00 48 71440 714684 398 472
2.50 73 114662 1147442 661 788
3.00 106 167764 1676582 949 1172

Table 1. Results for the Ogre mesh

We plot graphsto studythe variationof the numberof
blocks(NB) versusthescaleof themesh(seeFigure4(a)).
It canbeseenthatthenumberof blocksincreasesby a fac-
tor of almostfour eachtimethemeshscaleis doubled.This
is asexpectedfrom thecomplexity analysis(seeSection4).
We alsoplot thevariationof subdivision time (TSUB), DFB
�eld computationtime (TDFB) andthe averagepathquery
time (TavPQ) versusthe numberof blocks (NB) (seeFig-
ure4(b)). Here,the resultis alsoaspredictedby thecom-
plexity analysis(seeSection4). From the graphin Fig-
ure 4(b) we candeducethat Tsub is a constant(seeTheo-
rem4.4)andthattherunningtime for subdivision i.e. TSUB
is justO(n+ hk).

Heart Mesh Results In this example we have a mesh
modelof theHeartalongwith its four chambersandvalves.
The algorithmcansuccessfully�nd collision free pathsin
theregion betweentheHeart's outersurfaceandthecham-
bers. Thechambersessentiallyget treatedlike cavities (or
holes)in thealgorithm. A pathcomputedinsidetheHeart
meshcanbeseenin Figure5(c),anda �ythrough snapshot
can be seenin Figure 5(d). In the �gure, the arrow is at
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Figure 4. Graphs for the Ogre mesh

the positionwherethe �ythrough snapshotwastaken,and
it pointsin thecurrentlookatdirection.

The 3-Holes Mesh Here we include snapshotsof path
computedin a meshwith a complex topology. It can be
seenin Figures5(e),5(f) thatthepathcomputedis well in-
sidetheobject. Especiallyin Figure 5(e) thepathgoesto
the left of the bottomhole becausethe region to the right
is very constrictedandthuswill have a highervalueof the
DFB �eld.

6. ProgressivePath Computation Algorithm
The centralpath algorithm describedin Section3 �rst

computesthesubdivisionof theentire3D object,thencom-
putestheDFB �eld and�nally �nds acentralpathbetween
thesourceandthedestination.In many cases,thesubdivi-
sionandtheDFB �eld computationof theentireobjectmay
turnout to beunnecessary. For example,supposethatin the
Ogremesh(seeSection5), we are interestedin �nding a
centerpath betweena sourceand a destinationwhich lie
within a singlelimb. In sucha case,thesubdivision of the
region outsidethat limb is super�uoussinceit doesnot af-
fect thecentralpathcomputation.For such“localized” sit-
uationswe presenta progressivevariantof our centralpath
computationalgorithm(seealgorithm2). This approachis
bene�cial speciallywhenthesourceandthedestinationare
closeto eachotherascomparedto sizeof theobject.

6.1.The Algorithm

We now describeour progressive algorithmin morede-
tail usinga running2D example.We startwith a given3D
objectandconstructa boundingbox enclosingthe object.

Algorithm 2 Progressive CentralPath ComputationAlgo-
rithm
Require: Closed3D Object
Require: Source-DestinationPair

1: ComputestartingRegion of Interest(ROI) containing
thesourceandthedestination

2: Subdivide theROI
3: ComputetheDFB �eld insidetheROI
4: Computeacentralpathfrom sourceto destination
5: repeat
6: ExpandROI
7: Subdivide thenew blocksincludedin ROI dueto ex-

pansion
8: Computeanew DFB �eld insidetheROI
9: Computeacentralpathfrom sourceto destination

10: until Percentagechangein path length falls below a
threshold

As a preprocessingstepwe �rst divide the boundingbox
into a coarsegrid. All the grid blocks which lie outside
our objectareeliminatedat this stageitself. We examine
how the total numberof blocks in this coarsegrid affects
our algorithm, later in Section6.2. The userspeci�es the
sourceanddestinationpoints.We de�ne ROI asthesmall-
estboundingbox thatcontainsboththesourceandthedes-
tination.Theunit blockof theboundingbox is sameasunit
of the coarsegrid i.e., it hasverticeson the grid. We as-
sumethat the part of the original object in the ROI asthe
currentobjectandwe subdivide the ROI asin the original
algorithm.Notethatthestartingpointof this subdivision is
from theinitial coarsegrid. After thesubdivision,we com-
putethe DFB �eld insidethe ROI (seeFigure6(a)). Then



Figure 5. Flythr ough inside the Ogre, Heart and 3­Holes mesh

we identify theblocksin which thesourceandthedestina-
tion lie and�nd acentralpathbetweentheseblocks.

(a) (b)

(c) (d)

Figure 6. Progressive path computation

A pathmay or may not exist betweenthe sourceor the
destinationinside the ROI. If no path exists betweenthe
sourceandthe destination,we expandthe ROI andrepeat
ourcomputation.TheROI is expandedby eitherincreasing
our boundingbox by onegrid unit in eachdimensionor by
doublingits size.Weexaminetheconsequencesof theseex-
pansionstrategieslater. In every iteration,we needto sub-
divide only thenew grid blocksthatwereintroducedwhile
expanding.However, theDFB �eld for all theblocksin the
ROI is computedfrom scratchandthenwetry to �nd apath
again. WecontinueexpandingtheROI andrecomputingtill
a pathis foundbetweenthesourceandthedestinationthat
lies completelyinsideit (seeFigures6(b) and6(c)). Once
a pathis found,we do not stopour computationsassubse-

quentexpansionsof theROI may�nd abetterpath.
We continuethis expansionstrategy till we �nd a satis-

factorypath.Weusethefollowing stoppingcriterionto stop
our iterations.We estimatethe improvementin thequality
of thecentralpathin oneiterationasfollows. We compare
the lengthsof the pathin the previous iterationandin the
currentiterationwith respectto thecurrentDFB �eld. The
currentpathwill alwayshave a lesserlengthin thecurrent
DFB �eld than the previous path. If the two pathsdiffer
by lessthana presetthresholdPstop, thenwe stop(seeFig-
ure6(d) - westopat thisstep).

6.2.PerformanceAnalysis

We examinethe variousparameterschosenduring the
progressive central-pathcomputation. The �rst parame-
ter wasthe grid coarsenessi.e., how many grid blocksare
presentin theinitial grid. If theunit grid blocksizeis large,
i.e. total numberof grid blocksis small,every time we ex-
pandtheROI, we increaseit by a largeramountandsowe
arelikely to hit a satisfactorypathin lessnumberof itera-
tions. However, this alsomeansthat for eachiterationthe
new blocksto besubdividedwouldbelargerandhencetheir
subdivision would take moretime. Theconverseargument
alsoholdstruefor smallerunit grid blocksizes.

Thesecondparameteris thestoppingcriteria threshold,
Pstop. If Pstop is large we do lessnumberof iterationsand
vice-versa.Thereis however, a basiclimitation of employ-
ing a local searchstrategy. It maysohappenthatwhenwe
stopiterating,thepathwe obtainis still far from theglob-
ally optimumpathwe may have obtainedif we hadused
thecentralpathcomputationalgorithmgiven in Section3.
This is becauseof thefactthatwearebasingourpathcom-
putationson localizedobject informationcontainedin the
ROI.

Now we examine the running time complexity of the
progressive algorithm. Let the total numberof blocks in
the initial coarsegrid be N. N is independentof the size
of the object. We can essentiallykeepN the same,even
whenthe object is scaledby adjustingthe unit grid block
sizeaccordingly. The maximumnumberof timeswe may



have to iteratein this algorithm is till the ROI covers the
completeoriginal object i.e., the ROI becomesthe bound-
ing box of the original object. Sincein eachiteration,the
sizeof theROI increasesby at leastonegrid block in every
dimension,the maximumnumberof iterationsis bounded
by the cuberoot of total numberof grid blocks for a 3D
object.Hence,theworst caseruntimecomplexity is atmost
O( 3

p
N((n+ hk) log(n+ hk))) . Also, in the worst casethe

pathcomputedis globally optimumandis exactly sameas
canbegeneratedby usingthecentralpathcomputational-
gorithmgivenin Section3.

6.3.Results

Herewe give resultsfor the progressive pathcomputa-
tion algorithm. All the resultsarefor the Ogremeshused
previously in Section5. All experimentsweredoneon a
Linux based,PentiumIV 1.4Ghzmachinewith 1GBRAM.

We �rst comparethe performancefor the progressive
andnon-progressive versionsof our algorithmfor thesame
sourceand destinationpair. For the progressive casewe
start with a 16� 16� 16 coarsegrid with Pstop as 5%.
At all scalesthe numberof blocks and edgesformed in
the progressive casearemuchlessthannumberof blocks
andedgesformedin thenon-progressive case.Similar be-
haviour is seenfor the time requiredto computethe path.
In the non-progressive case,the total time T is the sumof
TSUB, TDFB and TavPQ. Theseresultsclearly demonstrate
that the progressive variant of the centralpath algorithm
outperformsthenon-progressive onefor source-destination
pairsin locally coherentconnectedregions.

Furtherwe observe that in the worst casethe progres-
sivealgorithmgivesresultswhichareidenticalto theresults
givenby thenon-progressive algorithm.

7. Conclusion

Wehavegivenasimpleandef�cient algorithmfor calcu-
lation of centralpathsin closed3D objects.Thealgorithm
hasa provenlow computationalcomplexity. It is moreef�-
cient thanany of themethodssofar reportedfor suchpath
computationsto thebestof our knowledge. Thecomplex-
ity of our algorithmis proportionalto the numberof vox-
els on the boundary, unlike previous methodswith com-
plexity proportionalto numberof voxels insidetheobject.
Therefore,thealgorithmscalesbetterfor largermeshesthan
previously reportedmethods,asshown by theresults.The
algorithmis �e xible enoughto accommodatevarioususer
de�ned parameters.Dueto theinherentnatureof thealgo-
rithm it generatesamulti-resolutionrepresentationof object
andthecomputedpath.

Weintroduceaprogressivealgorithmthatallowstheuser
to exploresmallerlocally coherentconnectedregionsvery
fast.

A possibledirectionfor futurework is to extendthealgo-
rithm to computepathsfrom which certainlandmarkedre-
gionsneedto beviewedwith constraintsof a �nite viewing
frustum. We areworking on anotherextensionof applying
thisalgorithmfor volumetricdatasets.
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