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Abstract

We give an efcient, scalable and simple algorithm
for computationof a central path for navigationin closed
virtual ervironments. The algorithm requires less pre-
processingand producespathsof high visual delity. The
algorithmenablescomputingpathsat multiple resolutions.
Thealgorithmis basedon a distancefrom boundary eld
computedbn a hierarchical subdivisiorof thefreespacen-
side the closed3D object. We also presenta progressive
version of our algorithm basedon a local seach strategy
thusgiving navigablepathsin a localizedregion of interest.

1. Intr oduction

Autonomousnavigation inside closedvirtual environ-
mentsis one of the mostimportantaspectof maintaining
interactvity insidevirtual worlds. The problemmanifests
itself in variousdiverseapplicationareaslike exploration
of medicalandotherscienti ¢ data,medicalsumgical simu-
lations, robotic pathplanning, ight pathplanningsimula-
tionsfor airplanesandpathcomputatiorin otherimmersve
virtual ervironmentslike computergames.The fundamen-
tal problemfor suchnavigationis thecomputatiorof acolli-
sionfree pathalongwhichthe usercannavigate. Typically,
suchpathsmustbe simpleandfastto compute.

In this paper we presenta novel algorithm to gener
ate centralpathsinside closed3D objects. The algorithm
takesasinput a closed3D objectin the form of a surface
mesh.The objectundegoessomepreprocessingvhich al-
lows usto initialize the datastructuresequiredby the path
algorithm. The preprocessingssentiallyidenti es the free
spacénsidetheobjectasthecollisionfree navigablespace.
It alsotakesinto accountary holesembeddednside the
object. Thenit builds up a multi-resolutionhierarchicalde-
scription of this navigable space. The usercangive arbi-
trary source-destinatiopairsinsidethis region andthe al-
gorithm computesthe desiredpath. Varioususerde ned
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parameterallow e xibility in thepathsgeneratedby theal-
gorithm. Our algorithmhascompleity proportionalto the
numberof voxelsontheboundaryof the object.

We also presenta progressie variantof our algorithm,
which allows the userto quickly computepathsin a lo-
calizedregion of interestspannedby the sourceand des-
tination speci ed by the user Herethe algorithmdoesnot
preprocesshe complete3D object. We shaw that this al-
gorithm basedon a local searchstratgy outperformsthe
previously describedylobal pathcomputatioralgorithmfor
pathqueriesin which the sourceanddestinatiorpointsare
closeto eachotherascomparedo thesizeof the object.

Therestof the paperis organizedasfollows. Section2
providesthe backgroundand examinesrelatedtechniques.
Section3 describeghe centralpathcomputatioralgorithm
in detail. Section4 givesthe compl«ity analysisof the
algorithm. Section5 presentsthe results. In Section6
we describethe progressie variantof our algorithm. Next
we presentheresultsfor the progressie algorithmin Sec-
tion 6.3. Section7 concludeswith a discussiorof our ap-
proachandsuggestsomedirectionsfor futurework.

2. Background

The problemof computationof navigable pathsinside
closed3D objectshasbeenaddresseth variousapplication
speci c aswell asgenerabettings.Thissectionsummarizes
previouswork andcontrastst with our approach.

Traditionally of ine renderingof movie framesof pre-
computedpathswasdonefor navigationin comple ervi-
ronmentg6, 8]. Sincethis approachdoesnot allow user
interaction,t haslimited utility.

Topologicalthinning is a techniquewhich is tradition-
ally consideredo provide high quality results.It is compu-
tationally very expensve. Pavlidis [10] andPaik et al. [9]
aretwo examplesof this technique.Geetal. [5] useafast
topologicalthinningalgorithmto generatex 3D skeletonof
a binary colon volume. Thenthe skeletonis prunedfrom
loopsandspuriousbranchesisinggraphsearchtechniques.



Theresultis thenmodi ed to yield acenteregathbetween
two userspeci ed endpoints. Bouix et al. [2] usethe me-
dial surfaceextractionalgorithmof Siddiqi etal. [11] with
ux thresholdingo computea medialcurve which is then
prunedbasedon branchlength thresholding. The medial
surfacealgorithmof [11] is robustagainstnoiseandhasa
computationatompleity of O(klogk), wherek is thenum-
ber of voxelsin the object. Teleaand Vilanova [12] give
a level-setalgorithmfor centerlineextraction. They start
from a 2D skeletonizatiormethodto locatevoxelscentered
with respectto three orthogonalslicing directions. Next,
they extract the centerlinevoxels from the above skele-
tons, followed by a thinning, reconnectionand a ranking
step. Their methodalsohasa computationatompleity of
O(klogk).

Hongetal. [7] proposed physically based'submarine”
cameracontrol modelimmersedwithin a potential eld to
prevent the camerafrom penetratingthe object boundary
during navigation. However, this method suffered from
thelocal minimum problemandthe cameracould navigate
only inside a one dimensionaltubular region without ary
branchesDeschampsindCohen[3] nd pathsof leastac-
tionin 3D intensityimages A frontis propagtedin theim-
agewith a speeddeterminecby a scalarpotential eld that
dependsuponlocationin the medium. The potentialfunc-
tion is designedo take into accounta Euclideandistance
function from the boundaryof a tubular structure,so that
the minimal pathsare centered.The o w is implemented
usingfastmarchingschemes.

Many algorithmsthat restrict the skeletonto a simple
pathusetheDijkstra'salgorithm[4] asanintermediatestep.
A distancdrom sourceeld is createdcby labelingall graph
verticeswith the shortestdistancefrom a single sourceto
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 the boundaryof the object. The centerlineis
then extractedusing Dijkstra's shortestpath algorithmon
this graph. Wan et al. [13] also give distance eld based
methodto computecentral paths. This methodusesEu-
clideandistanceo computeadistanceeld usedo generate
the path. This makesthe algorithmdo signi cant amounts
of computatiorandthusincreased runningtime comple-
ity. Also thecomputatiorincreasesn proportionto thein-
ternalvolumeof the object.

Our algorithmis also basedon the distance eld con-
ceptbut usesa different distancemeasurecomputedover
a hierarchicalsubdvision of the internalfree spacein the
object. While this reduceghe computationconsiderablyit

retainsall theadvantage®f the pathgeneratedh [13]. The
distancemeasurecan be changedwithout affecting the ef-
ciency of the algorithm. The closerthe distancemeasure
is to the actualEuclideandistancethe moreaccuratet be-
comes.Our algorithmeleggantly reducedo this caseat the
nest level of resolutionpossible.

3. Central Path Computation Algorithm
3.1.DesignConsiderations

We designthealgorithmsothatit hasthefollowing prop-
erties:

1. The pathcomputedstaysaway from the boundaryas
muchaspossible.

2. Thepathis simpleanddoesnot selfintersect.

3. Thepre-processings fastandef cient.

4. It allowstheuserto de ne parameter$o affectresolu-
tion of the desiredpath.

The techniqueusedin [13] satis es propertiesl and 2,
but not 3 and4. Our algorithmhasall thesepropertiesThe
algorithmmainly consistf thesesteps:

Algorithm 1 CentralPath ComputatiorAlgorithm
Require: Closed3D Object
1: Subdvide theobject
2: Computethedistancrom boundary(or DFB) eld
3: Computethe centralpathin responseo userqueries

We illustratethe variousstepsof our algorithmin detail
by arunning2D example.First we give a terminologyand
anotationwhich we useto describeour algorithm.

3.2.Notation

We considerthe given 3D objectasbeingcomposedf
cubicalvoxels. Actual dimensionf the voxel canbe de-
ned by theuser Wetreatavoxel asanindivisible unit. The
objectmayhave “holes” in theinterior, for example,ashell
hasasphericahole. Thealgorithmconstructs hierarchical
subdvision of theinterior of the objectinto cubicalblocks.
Thesize,of ablockb (siz€b)) is de ned asthe numberof
voxelsonits side. Thus,avoxel hassizel. A blockin the
subdiision may have sizeof the form 2X for someinteger
k 0. Whenwe talk of blocks or voxelsinsidethe objects,
weincludetheonesontheboundaryaswell. Theboundary
includesthe outerboundaryaswell asthe boundaryof the
holes.

3.3.Subdivision

The objectis rst enclosedin a boundingbox, which
forms our highestlevel block. Thenthe subdvision pro-
ceedsxactly like anoctreeconstruction We subdvide the
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Figure 1. Hierarchical subdivision and DFB Field

blockinto eightidenticalblocks(or four identicalblocksin
2D asin Figurel(a))if it intersectsith theboundaryatary
point. Figures1(b), 1(c), 1(d) show the hierarchicalsubdi-
visionfor a2D object. Theblocksthatlie eithercompletely
inside(for e.g.,thedarker blocksin Figurel) or outsideare
not subdvided further At the end of the subdvision, the
blocksthatlie on the boundaryareof sizel. The smallest
level of subdvisioni.e., at which the subdvision stopsis a
userde ned parameter

3.4.DFB Field Computation

The next stepis the constructionof the DFB eld. For
this considera graphG = (V[ fBg;E[ Eg) whereV is
the setof the blocksin the nal subdvisionandB is aspe-
cial noderepresentinghe whole boundary We introduce
anedge(bs;by) 2 E if the blocksb; andb, intersectin a
face,anedge or apoint. We introduceedgedqb; B) 2 Eg if
theblock b is adjacento the boundaryof the object.

We give alengthof d(b1; by) = siz€b;) + sizeb,) to the
edge(bs; bp) 2 E andalengthd(b; B) = siz€b) totheedge
(b;B) 2 Eg. Now, thedistancefrom boundaryd fb(b) of a
block b is de ned asthelengthof the shortespathfrom B
to bin G underthislengthfunctionasshavnin Figurel(e)
(thedarker blocksarecloserto theboundary).Thisis com-
putedusingDijkstra's singlesourceshortespathalgorithm
[4].

3.5.Central Path Computation

OncetheDFB eld is establishedtheusergivesqueries
of thetype path(s;t) wheres andt arethe sourceandthe
destination. This pathis computedasfollows. Now con-
sider a subgraphGy = (V;E) of G inducedby V. We
give aweightof w(b1;by) = 1=dfb(b;) + 1=dfb(b,) to the
edge(bs;b2) 2 E. We rst identify the blocks bs and by
which contains andt respectiely. We, then, use Dijk-
strasalgorithm([4] to computetheshortespathP(bs; by) =
fbo = bs;b1;:::;b = byg betweenbs and by accordingto
theweightfunctionw. Thentheanswerto the queryis the

Thepathjoining theblock centerawill alwayslie within the
blocksbecausdor ary two adjacenblockstheline joining
their centersis always containedinside the blocks. b; for

i = 0;:::;1. An exampleof thethe computedpathis shavn
in Figures2(a) (shavs theblock pathcomputedn response
to auserquery)and2(b) (shows the pathobtainedby join-
ing the block centers)

3.6.Somelmplementation Issues

At every stepof the subdvision, with eachblock we
maintaina list of the (boundary)facesof the objectwith
which it intersects.Now, whenwe subdvide this block in
the next stepthe new child blockscreatecheedto betested
for intersectioronly with thefacelist storedwith the parent
block. This savesalot of time.

Given a block that doesnot intersectthe boundary we
alsoneedto decidewhethera block lies inside or outside
the object. For speedingup the inclusiontestwe malke use
of thesamefacelist maintainedduringtheintersectiortest.
To checkwhethera block lies inside the body or not, we
shoota ray from the centerof the block in an axis parallel
directionand nd outall theblockswhichintersecthisray.
Theaxisis alignedwith theedgef the subdvision blocks
so nding theblockswhich intersectan axis parallelray is
very easy Thenwe considerthe facesin thelist of these
blocksandcheckfor intersectiorwith theray. We countthe
numberof ray-faceintersectionsand do a standardparity
checkfor aninside-outsideest.

The pathobtainedasa resultof thealgorithmis a piece-
wise linear (seeFigure2(b)). A betterpathis obtainedby
post-processinthe pathusingsmoothenindneuristics.One
approachto path-smoothenings to interpolatethe linear
path sgmentswith splines. Considera block that inter
sectsthe piece-wiselinear path, and considerthe corvex
hull of the two pointsof intersectionandthe centerof the
block. We interpolatethis partof the pathby a splinepass-
ing throughthe two pointsof intersectionandcontainedn
the corvex hull (seeFigure2(c)). Anotherapproachs to
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Figure 2. Path Computation and Smoothening

constructa new path by replacingthe part of the original
pathinside a block by a straightline segmentjoining the
pointsof intersection(seeFigure 2(d)). The new pathhas

lessnumberof suddenturnsandis visually more smooth.

Thismaybefollowedagainby thesplineinterpolationtech-
nigueto get a very smoothpath (seeFigure 2(e)). How-
ever, ary pathsmootheningperationwill causedeviations
from theoriginal path,sotheimplementatiorgivestheuser
a choiceasto which path smootheningheuristic (if ary)
shouldbe usedto smootherthe path.

@ (b)
Figure 3. Dependence of computed path on
DFB resolution

Notethatthe usercancontrolthelargestincludedblock
size. If the largestblock size is madesmallerthe resolu-
tion of the subdvisionandDFB eld increase.The pathis
alsoaffectedby theresolutionof the DFB eld. Figure3(a)
hasthelargestpossiblencludedblock size.Figure3(b) has
largestincludedblock sizesas0.25timesof the largestin-
cludedblock size. It canbe seenthe variationin the DFB
eld becomesmootherbut the userhasto payin termsof
increasedcomputationcost. The ner the DFB eld the
closerthe pathis to a path which would have beencom-
putedundera Euclideandistancemeasurasin [13].

4. Complexity Analysis

In this sectionwe analyzethe runningtime of our algo-
rithm. The runningtime dependgprimarily on the number
of blocksin the nal subdvision.

4.1. Estimating the number of blocks in the nal
subdivision

Thealgorithmstartswith aboundingbox, sayof size2X.
It goeson subdviding the blocksthatintersectthe bound-
ary till the size of the smallestblock becomesequalto 1.
Thereforetheblocksin the nal subdvision canhave sizes
from £1;2;:::;2%g. Thus, k denotesthe numberof levels
of subdvision. We prove the following boundon the total
numberof blocksin the nal subdvision.

Theorem4.1 If there are h holesin the object, the total
numberof blodksin the nal subdivisioris O(n+ hk) where
n denoteghe numberof voxelson the boundaryof the ob-
ject.

We rst provethatif thereareno holesin the object,the
numberof blocksis O(n). Considera block b of size 2.
Clearly, b contains2® voxelsin it. Sinceits “parent” block
(of size 2*1) got subdiided, it mustintersectthe bound-
ary. Sincethe parentblock hasthe diameterof O(2'), all
thevoxelsin b mustbewithin a distanceof O(2') from the
boundary

Lemma4.2 If there are no holesin the object, the total
numberof voxelsinside the object that are within a dis-
tanceof d fromthe boundaryis O(nd) whee n denoteghe
numberof voxelson theboundary

Proof Sletdh. Let V denotethe volume(in theinterior of
theobject)containedvithin adistanceof d from thebound-
ary. It canbeprovedthatV = O(Ad), whereA is thetotal
areaof the boundaryof the object. Sinceall the voxelsare
of uniform size,the areaA of the boundaryis proportional
to the numberof voxels on the boundary Thus,thedesired
numberof voxelsis O(nd). |



Thus the numberof blocks of size 2' is at mostO(n
2'=2%) = O(n=22). Therefore the total numberof blocks
isO(n=2%+ n=22k D+  + n) = O(n), providedthereare
no holesin the object.

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

Lemma 4.3 If thereare h holesin theobject thetotal num-
ber of voxelsinsidethe objectthat are within a distanceof
d from the boundaryis O(nd+ hd®) wheee n denotesthe
numberof voxelson the boundary(includingthe boundary
of theholes).

Proof Sletch. It canbe proved that eachhole contributes
anextravolumeof O(d3). Sincethereareh holes thetotal
volumeis O(Ad+ hd®). Thisin turnimpliesthatthedesired
numberof voxelsis O(nd+ hd®). N

Now we arereadyto prove Theorerm.1.
Proof Thenumberof blocksof size2' is atmostO((n 2' +
h 2%)=23) = O(n=22 + h). Therefore thetotal numberof
blocksis O((n=2%+ h) + (n=22k D+ h)+ + (n+ h)) =
O(n+ hK), wherek is thenumberof levelsof subdvision.

4.2.Running time

Let m = jEj denotethe total numberof edgesin Gy.
The following argumentprovesthatm= O(n+ hk). Sup-
posethatthe blocksh; andb, areadjacenin Gy andthat
sizdb;) sizéby). Supposelsothatb; andb, intersect
in aface. Dueto the octreesubdvision method,it is clear
that this intersectioncoincideswith a faceof b;. Similar
argumentholdsif b; andb; intersectin anedgeor a point.
Thus,eachedgein thegraphGy canbe“charged”to aface,
anedge,or a vertex of a block. SincethereareO(n+ hk)
blocks, the total numberof faces,edges,and verticesis
O(n+ hK).

Both to computethe DFB valuesandthe centerpaths,
we run Dijkstra's shortest-patlalgorithm[4] onthis graph.
Thus the running time of the DFB computationand the
centerpath computationis O((n+ hk)log(n+ hk)). Note
alsothatthetotal numberof blocks(thatmayor maynotbe
presentn the nal subdvision) formedduring subdvision
is O(n+ hK). Thisis sobecauséf a block getssubdvided,
it getssubdvidedinto 8 blocks. Thuswe concludewith the
following theorem.

Theorem 4.4 The running time of the DFB computation
andthe centerpathcomputatioris O((n+ hk) log(n+ hK))
and that of the subdivisionis O((n+ hK)Tgyr) where n de-
notesthe numberof voxelson the boundaryof the object,
h denoteshe numberof holesin the object, k denoteghe
numberof levels of subdivisionand Tgy, denotesthe time
takento do onesubdivision.

5. Resultsfor Central Path Computation

This sectiondemonstratesur algorithmon example3D
objectsof sufcient compleity. All performanceesultta-
blesandgraphsarebasedon experimentsdoneon a Linux
basedPentiumlV 1.4 Ghzmachinewith 1GB RAM.

Ogre Mesh Results The rst examplewe chooseis one
of a surfacemeshof an“Ogre” The Ogre meshhas9282
verticesand 18540triangles. An examplepath computed
insidethe Ogremeshcanbe seenn Figure5(a)andasnap-
shottakenduringa ythrough onthe pathis shavn in Fig-

ure5(b). In Figure5(a)thearrow is atthepositionwherethe
ythrough snapshotvastaken, andit pointsin the current
lookatdirection. The meshis scaledby variousfactorsand
the algorithmis run repeatedly We tatulatethe numberof

blocksformed(Ng), the preprocessingime (time required
for completesubdvision (Tgyg) and DFB eld computa-
tion (Tore) andthe averagequeryresponsegime (Tavpg) for

thesevariousscalings(c) (seeTablel).

Scale | Teyg Ng Ne Tore | Tavpg
(sec) (msec)| (msec)

0.50 8 3340 32190 16 16
1.00 | 15 15987 | 159252 84 92
150 | 27 38224 | 379795 | 206 243
2.00 | 48 | 71440 | 714684 | 398 472
250 | 73 | 114662| 1147442| 661 788
3.00 | 106 | 167764 | 1676582 949 1172

Table 1. Results for the Ogre mesh

We plot graphsto studythe variation of the numberof
blocks(Ng) versusthe scaleof the mesh(seeFigure4(a)).
It canbe seenthatthe numberof blocksincreasedy afac-
tor of almostfour eachtime themeshscaleis doubled.This
is asexpectedrom thecompleity analysigseeSectiord).
We alsoplot the variationof subdvisiontime (Tgyg), DFB

eld computationtime (Tprg) andthe averagepath query
time (Tavpg) versusthe numberof blocks (Ng) (seeFig-
ure4(b)). Here,theresultis alsoaspredictedby the com-
plexity analysis(seeSection4). From the graphin Fig-
ure 4(b) we candeducethat Ty is a constant(seeTheo-
rem4.4) andthattherunningtime for subdvisioni.e. Tgyg
isjustO(n+ hK).

Heart Mesh Results In this example we have a mesh
modelof theHeartalongwith its four chambersandvalves.
The algorithmcansuccessfullynd collision free pathsin
the region betweerthe Heart's outersurfaceandthe cham-
bers. The chambersssentiallygettreatedlik e cavities (or
holes)in the algorithm. A pathcomputednsidethe Heart
meshcanbe seenin Figure5(c), anda ythrough snapshot
canbe seenin Figure5(d). In the gure, the arraw is at



Variation of Number of Blocks with Scale

450
400 /
300 /
250
200 /
150 /
100

/ ‘ sqrt(NB)‘ JRE—

50
0.5 1 1.5 2 25 3 3.5
Scale

@

Square Root of Number of Blocks

Time (Tgyp) (sec)

Variation of Time with Number of Blocks
140 1.6

120 / 1.4
100 / P 1.2

o
Q
\!{)/
4 1 >
80 =
108 B
60 / “20
i oo 3
40 < £
//;//Z/ TSUB —_— ] 04 (]
IS
TavP — s
0 : 9 0
0 40000 80000 120000 160000 200000

Number of Blocks

(b)

Figure 4. Graphs for the Ogre mesh

the positionwherethe ythrough snapshotvastaken, and
it pointsin the currentlookatdirection.

The 3-Holes Mesh Here we include snapshotof path
computedin a meshwith a complex topology It canbe
seenin Figures5(e),5(f) thatthe pathcomputeds well in-
sidethe object. Especiallyin Figure 5(e)the pathgoesto
the left of the bottom hole becauséhe region to the right
is very constrictedandthuswill have a highervalueof the
DFB eld.

6. Progressve Path Computation Algorithm

The central path algorithm describedn Section3 rst
computeghesubdvision of theentire3D object,thencom-
putestheDFB eld and nally nds acentralpathbetween
the sourceandthe destination.In mary casesthe subdvi-
sionandtheDFB eld computatiorof theentireobjectmay
turnoutto beunnecessaryror example,supposehatin the
Ogre mesh(seeSection5), we areinterestedn nding a
centerpath betweena sourceand a destinationwhich lie
within a singlelimb. In sucha case the subdvision of the
region outsidethatlimb is super uoussinceit doesnot af-
fectthe centralpathcomputation.For such“localized” sit-
uationswe presenta progressivevariantof our centralpath
computationalgorithm(seealgorithm?2). This approachis
bene cial speciallywhenthe sourceandthedestinatiorare
closeto eachotherascomparedo sizeof theobject.

6.1.The Algorithm

We now describeour progressie algorithmin morede-
tail usinga running2D example. We startwith a given3D
objectand constructa boundingbox enclosingthe object.

Algorithm 2 Progressie CentralPath ComputationAlgo-
rithm
Require: Closed3D Object
Require: Source-DestinatioRair
1: ComputestartingRegion of Interest(ROI) containing
thesourceandthedestination
: Subdvide the ROI
: Computethe DFB eld insidethe ROI
Computea centralpathfrom sourceto destination
repeat
ExpandROI
Subdvide thenew blocksincludedin ROI dueto ex-
pansion
Computeanew DFB eld insidethe ROI
9:  Computeacentralpathfrom sourceto destination
10: until Percentagehangein pathlength falls belowv a
threshold

No a ke

©

As a preprocessingtepwe rst divide the boundingbox
into a coarsegrid. All the grid blocks which lie outside
our objectare eliminatedat this stageitself. We examine
how the total numberof blocksin this coarsegrid affects
our algorithm, laterin Section6.2. The userspeci esthe
sourceanddestinationpoints. We de ne ROI asthe small-
estboundingbox thatcontainsboththe sourceandthe des-
tination. Theunit block of theboundingbox is sameasunit
of the coarsegrid i.e., it hasverticeson the grid. We as-
sumethat the part of the original objectin the ROI asthe
currentobjectandwe subdiide the ROI asin the original
algorithm.Notethatthe startingpoint of this subdvisionis
from theinitial coarsegrid. After the subdvision, we com-
putethe DFB eld insidethe ROI (seeFigure6(a)). Then



(c)

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

we identify the blocksin which the sourceandthe destina-
tion lie and nd acentralpathbetweertheseblocks.

© (d)

Figure 6. Progressive path computation

A pathmay or may not exist betweerthe sourceor the
destinationinside the ROI. If no path exists betweenthe
sourceandthe destinationwe expandthe ROI andrepeat
ourcomputation.The ROl is expandedy eitherincreasing
our boundingbox by onegrid unit in eachdimensionor by
doublingits size.We examinetheconsequencesf thesesx-
pansionstrategjieslater In every iteration,we needto sub-
divide only the new grid blocksthatwereintroducedwhile
expanding.However, theDFB eld for all theblocksin the
ROl is computedrom scratchandthenwetry to nd apath
again. We continueexpandingthe ROl andrecomputingill
a pathis found betweerthe sourceandthe destinatiorthat
lies completelyinsideit (seeFigures6(b) and6(c)). Once
apathis found, we do not stopour computationassubse-

guentexpansion®f theROI may nd abetterpath.

We continuethis expansionstratgy till we nd a satis-
factorypath.We usethefollowing stoppingcriterionto stop
our iterations. We estimatethe improvementin the quality
of the centralpathin oneiterationasfollows. We compare
the lengthsof the pathin the previousiterationandin the
currentiterationwith respecto the currentDFB eld. The
currentpathwill alwayshave a lessedengthin the current
DFB eld thanthe previous path. If the two pathsdiffer
by lessthana presethresholdPsop, thenwe stop(seeFig-
ure6(d) - we stopatthis step).

6.2. Performance Analysis

We examinethe various parametershosenduring the
progressie central-pathcomputation. The rst parame-
ter wasthe grid coarsenesse., how mary grid blocksare
presentn theinitial grid. If theunit grid block sizeis large,
i.e. total numberof grid blocksis small,every time we ex-
pandthe ROI, we increaset by alargeramountandsowe
arelikely to hit a satishctorypathin lessnumberof itera-
tions. However, this alsomeansthatfor eachiterationthe
new blocksto besubdvidedwouldbelargerandhenceheir
subdvision would take moretime. The corverseargument
alsoholdstruefor smallerunit grid block sizes.

The secondparameteis the stoppingcriteriathreshold,
Psop- If Psop is large we do lessnumberof iterationsand
vice-versa.Thereis however, a basiclimitation of employ-
ing alocal searchstratgyy. It may so happerthatwhenwe
stopiterating,the pathwe obtainis still far from the glob-
ally optimum pathwe may have obtainedif we hadused
the centralpathcomputationalgorithmgivenin Section3.
Thisis becausef thefactthatwe arebasingour pathcom-
putationson localizedobjectinformation containedin the
ROL.

Now we examinethe running time compleity of the
progressie algorithm. Let the total numberof blocksin
theinitial coarsegrid be N. N is independenbf the size
of the object. We can essentiallyjkeepN the same,even
whenthe objectis scaledby adjustingthe unit grid block
sizeaccordingly The maximumnumberof timeswe may



have to iteratein this algorithmis till the ROI coversthe
completeoriginal objecti.e., the ROl becomeghe bound-
ing box of the original object. Sincein eachiteration, the
sizeof the ROl increasedy atleastonegrid blockin every
dimension the maximumnumberof iterationsis bounded
by the cuberoot of total numberof grid blocksfor a 3D
ob}?gt. Hence theworst caseruntimecompleity is atmost
O(” N((n+ hK)log(n+ hK))). Also, in the worst casethe
pathcomputeds globally optimumandis exactly sameas
canbe generatedy usingthe centralpathcomputatioral-

gorithmgivenin Section3.

6.3.Results

Here we give resultsfor the progressie path computa-
tion algorithm. All the resultsarefor the Ogre meshused
previously in Section5. All experimentswere doneon a
Linux basedPentiumlV 1.4Ghzmachinewith 1GBRAM.

We rst comparethe performancefor the progressie
andnon-progressk versionsof our algorithmfor the same
sourceand destinationpair. For the progressie casewe
startwith a 16 16 16 coarsegrid with Pgop as 5%.
At all scalesthe numberof blocks and edgesformed in
the progressie caseare muchlessthannumberof blocks
andedgedormedin the non-progressi case.Similar be-
haviour is seenfor the time requiredto computethe path.
In the non-progressk case thetotal time T is the sumof
Tas, Tore and Taypg.  Theseresultsclearly demonstrate
that the progressie variant of the central path algorithm
outperformghe non-progressie onefor source-destination
pairsin locally coherentonnectedegions.

Furtherwe obsere thatin the worst casethe progres-
sive algorithmgivesresultswhichareidenticalto theresults
givenby the non-progresse algorithm.

7.Conclusion

We have givenasimpleandef cient algorithmfor calcu-
lation of centralpathsin closed3D objects. Thealgorithm
hasa provenlow computationatompleity. It is moreef -
cientthanary of the methodssofar reportedfor suchpath
computationdo the bestof our knowledge. The comple-
ity of our algorithmis proportionalto the numberof vox-
els on the boundary unlike previous methodswith com-
plexity proportionalto numberof voxelsinsidethe object.
Thereforethealgorithmscaledetterfor largermesheshan
previously reportedmethodsasshavn by the results. The
algorithmis e xible enoughto accommodatearioususer
de ned parametersDueto theinherentnatureof the algo-
rithm it generateamulti-resolutionrepresentatioof object
andthe computedpath.

Weintroduceaprogressie algorithmthatallowstheuser
to explore smallerlocally coherentconnectedegionsvery
fast.

A possibldirectionfor futurework is to extendthealgo-
rithm to computepathsfrom which certainlandmarledre-
gionsneedto beviewedwith constraintof a nite viewing
frustum. We areworking on anotherextensionof applying
this algorithmfor volumetricdatasets.
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