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Abstract

For time-dependergcalar elds, oneis ofteninterested
in topolagy changesof contoussin time In this paperwefo-
cuson describinghow contouss splitandmeige over a cer
tain timeinterval. Ratherthanattemptingo describeall in-
dividual contoursplitting and meging events,we focuson
the simplerand therefore more tractablein practice prob-
lem: describingand queryingthe cumulative effect of the
splitting and meging eventsover a userspeci edtime in-
terval. Usingour systenonecan,for example nd all con-
tours at time tg that continueto two contours at time t4
without hitting the boundaryof the domain.For any such
contour there hasto bea bifurcationhappeningo it some-
whele betweerthetwo times,but, in additionto that, many
othereventsmaypossiblyhappenwithoutchangingthe cu-
mulativeoutcome(e.g. meging with several contouss born
aftertg or splitting off several contouss that disappearbe-
forety).

Our approadcis exible enoughto enableothertypesof
gueries,if they can be castas countingqueriesfor num-
bers of connecteccomponent®f intersectionsof contouss
with certain simply connecteddomains.Examplesof suth
queriesinclude nding contous with large life spanscon-
tours avoiding certain subsetof the domainover a given
timeinterval or contoussthatcontinueto two at a later time
andthenmeige bad to onesometimelater.

Experimentalresultsshowthat our methodcan handle
large 3D (2 spacadimensionglustime)and4D (3D+time)
datasetsBothpreprocessingandqueryalgorithmscaneas-
ily beparallelized.

1. Intr oduction

Isosurficesplay an importantrole in visualizationand
analysiof scalar elds. An isosurfceis the setof all points

whosevalueis equalto auserspeci edconstan{isovalue).
The problemof nding a suitableisovalue resultingin a
meaningfuisosurbicehasbeernrecognizedn [2], wherethe
authorsproposea systemhelpingthe userto selectan “in-
teresting'isovalue basedon several quantitatve character
istics of theisosuricedik e surfacearea,volumeandnum-
berof connecteddomponents.

Time dependentlatasetposesimilar challengesCom-
putational uid dynamicssimulationdatais oftenanalyzed
in termsof featuresand their behaior in time, in partic-
ular their correspondencto featuresin othertime frames
andtheway the featuresnteractwith eachother(in partic-
ular, how they merge and split) [18, 17, 16]. Featuresare
often obtainedby thresholdingscalar elds andarethere-
fore closelyrelatedto contours(connecteccomponent®f
isosurfices).Mimicking the static case,one may posea
questiorof nding ‘'meaningful'isovaluesandcontourshat
couldleadto morecompleteunderstandingf thedata.This
paperaimsto providetoolsfor nding contoursthatevolve
andinteractwith othercontoursin a way consistentvith a
numberof constraintsin themostgeneraform, eachof the
constraintgequiresthata contourintersectsa certainsim-
ply connectedspace-timesubsetat a userspeci ed num-
berof connectedcomponents.

Contour treeshave beenwidely usedto describethe
topologicalstructureof contourd8, 20, 19, 14, 15]. A num-
ber of algorithmsfor computingcontourtreeshave been
proposed[20, 19, 8, 6, 7]. In most practical casescon-
tourtreescanbecomputedn O(n + mlogm) time, where
n is the size of the grid and m is the numberof critical
points.Critical pointscanbe de ned asnodesv of thegrid
atwhich contourtopologyundegoesalocal changeTime-
Varying ReebGraphsof [10] preciselydescribeand clas-
sify changeshatcanhapperto contourtreesof time slices
astime progressesl he Safri interfacedescribedn [11] al-
lowsto interactively exploretime-dependergcalar elds. It
representshe structureof the isosurbicescomputedfor a
speci c isovalueataspeci ¢ time by samplingthe spaceof



all pairs(t; ¢) (t-time, c-isovalue)andthen presentingthe

isosurficepropertieso the userasanintuitive andeasyto

navigatethroughheight eld parametrizedby thesetwo pa-
rametersNote that by doingthis, the Safari interfacedoes
not captureinformationhow contoursdeformin time into

eachother it only representpropertieof entireisosurfices
for time slices.

In this paperwe describean algorithmfor nding cer
tain kinds of userspeci ed behaiors of contoursin reg-
ularly sampledtime-dependenscalar elds. We assume
that the datais given in the form of a sequenceof reg-
ularly sampledscalar elds, de ning time sectionscorre-
spondingto integertimes.Let D [To; T1] (with To and
T1 integer) be the domainof the input scalar eld. In 2D
or 3D, D is arectangleor a parallelepipedrespectiely).
We rst preprocestheinputscalareld by computingcon-
tourtreesof its restrictiongo severalsubdomainswith the
precomputeatontourtrees,we canef ciently nd thecon-
tourtreeof thescalar eld restrictedo D  [tp;t1] (where
[to;t1] [To; T1] and label its every edgee with a vec-
tor whoseentriesarenumbersof connecteccomponent®f
the intersectionof the contourcorrespondindo e with in-
tegertime sectionsand D  [to;t1]. In particular this al-
lowsto nd all contourswhichintersectuserspeci edinte-
gertime sectionsat a prescribechumberof connectedtom-
ponents.Using the countof connecteccomponentsn the
intersectiorwith D [tp; t1], onecanadditionallyrequire
thatthe contoursdo notintersectheboundary

Onecaninterpretour approactasa descriptionof merg-
ing andsplitting eventsfor contours However, unlike [10],
we do not attemptto describeall structuralchangeghat
happerto the contours Ratherthandoing that, we attempt
to describe,measureand representhe cumulatve effect
of all sucheventsbetweenthe consecutie time slices.In
time-dependergcalarelds, contourscanundegotopolog-
ical changesbetweenthe consecutie time slicesthrough
the data(i.e. at non-integertimes) evenif thetopologyon
consecutreintegerslicesis presered. This s illustratedin
Figurel. In particular the contourtreefor time slicet can
changeast increaseshot only at integer but also at frac-
tional times. Our approachdoesnot attemptto captureall
suchchangesijnsteadfocusingonly on the “total' change
betweentwo consecutie time slices. We believe that in
practicalcaseghislossof accuray is in factdesirablesince
it allows to eliminate the cost of nding and describing
topology changesvhoseeffect is too shortlivedto beim-
portant.Suchtopologychangesnay beregardedastempo-
ral topologicalnoise.

As an example, supposeone asksfor all contoursin
D [to;t1] (wheretoy andt; areintegers)whosetg time
slicehasoneconnectedcomponenandwhoset; timeslice
hastwo connecteatomponentsThe contourghatouralgo-
rithm would handin couldin fact memge with an arbitrary
number(restrictedonly be the grid size) of contoursthat
arebornbetweerty andt;. Similarly, an arbitrarynumber

of contourghatlaterdisappeabeforet; cansplit off. How-
ever, for all thesecontourshe cumulative effectof all these
eventswill bethe same:onecontoursplittinginto two. One
canre ne thesearchoy askingfor all contourswhichinter-

attwo connecteadomponent$or someintegerk betweerD
andt; to 1.However, thisstill doesnotguarante¢hatthe
contourundegoegustonesplitting event:mary moresplit-
ting andmeming eventsmay happerbetweertheslices.

2. Contour Trees

For a scalarfunctionf de ned on a simply connected
domainX, its contourtreeT is the quotientspaceX=
where is theequialencerelationsuchthatx vy if and
only if x andy belongto the samecontour By a contour
we meana connecteccomponenbdf anisosurfce.T is in-
deedatree(connectedne-dimensionadimplicial complex
with no loops)in all practicalcaseslike piecavise linear
scalar elds on simplicial domainsor scalar elds de ned
usingmulti-linear interpolationon regular grids. Note that,
sincef is constanbneverycontout it inducesascalarfunc-
tion onthecontourtreeT whichwe call theheightfunction
In practice,oneusuallywantsto computeandusecontour
treesto describethe topology of discreteisosurbcescom-
putedusingavariantof theMarchingCubesalgorithm[12],
whichdoesnotexactly t intotheabove framework (for ex-
ample,isosurbicedor regulargrid baseddataarenotreally
pre-image®f ascalarvalueandthey donotevenhaveto be
disjoint for differentisovalues).As prior work shows, con-
tour treescan neverthelesse de ned correctly for a vari-
ety of avorsof MarchingCubes(seg[5] for adiscussion).
Generally differentisosurfice extraction methodslead to
differentisosurbices(andisosurticetopologies)andthere-
fore alsoto differentcontourtrees Motivatedby its simplic-
ity andeaseof extensionto higherdimensionswe usethe
methodof [4] astheisosurkceextractionmethodfor regu-
larly sampledscalar elds. Theoverallschemeof this algo-
rithm is the sameasthatof [12]: the verticesof theisosur
facearepointson the grid edgegoining samplesof differ-
entsigns.Their locationsare computedassuminghat the
value varieslinearly over the edge.The verticeswithin a
singlevoxel arethenjoined by trianglesusingthe informa-
tion storedin alookuptable.Thelookuptableis indexedby
all possiblecombinationf statef theverticesof avoxel
(two statesfor a vertex are “below the isovalue' or “above
the isovalue") and s built asfollows. Let H be the con-
vex hull of the setof pointsconsistingof all of the voxel's
verticeshaving valuebelow the isovalueandall centersof
edgesjoining verticeshaving different state.All triangles
of H thatarenotcontainedn the boundaryof thevoxel are
putinto thelookuptable(Figure2).

Ef cient algorithmsfor computingcontourtreeshavere-
ceived a considerablemountof attention.Contourtreeal-
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Figure 1. A one-dimensional example showing that a contour may undergo several topological
chang es between two consecutive slices while having the same topology at the slices. Numbers in-
dicate the density at nodes, blue line is the isosurface (the isovalue is about 10). Notice that even
though the topology of time sections for isosurfaces for isovalues close to 10 changes between the
two slices, these changes cannot be “observed' by examining just the topology of the two integ er sec-

tions.

gorithmscanbe classi ed into two cateyories: sweepand
divide and conquer This paperbuilds upon both types of
algorithms.For therestof this sectionwe outlinethe prior
work on computingcontourtreesanddescribehow they re-
lateto theregulargrid setting.

A divide and conqueralgorithmfor computingcontour
treesreadilyapplicableo theregulargrid casejs discussed
in [14, 15]. It recursiely splitsthedomaininto two partsof
roughlyequalsize,computesontourtreesof restrictionso
eachof the two partsand meilgesthemto obtainthe con-
tourtreeof theinputscalareld. In this paperwe make use
of the contourtree merging procedurevhenexecutingiso-
surfacequeries.The divide-and-conquealgorithm can be
maderunin O(n + tlogn) time, wheret is the numberof
critical pointsandn is the sizeof thegrid [14].

Thefastestlgorithmin theworstcasesensés thesweep
algorithmdescribedn [7] andbasedn theresultsof [6]. It
runsin O(n + mlogm) time, wheren is the size of the
grid and n is the numberof critical points. Experiments
involving our implementation®f this andthe divide-and-
conqueralgorithmindicatethat the sweepalgorithmtends
to be fasterin practice(at leastwithin our framework) and
thereforewe have chosento use the sweepalgorithm to
computethe contourtreesin the pre-processingtage.

The sweepalgorithmof [6, 7] proceeddy rst comput-
ing the join treeandthe split treeandthencombiningthem
togetherto obtainthe contourtree.Jointreedescribesow
connectedegions below the isovalue (we shall call their
union the sublerel se) appearand meige with eachother
astheisovalueis increasedSplit treesdescribehow con-
nectedregionsabovetheisovalue(theirunionwill becalled
a superlerel se) arecreatedandmemge with eachotheras
theisovalueis decreasedComputingthejoin treeamounts
to scanninghe nodesin orderof increasingvalueand,for
eachnode,describingwhatcomponent®f the sublevel set
meilge asthe isovaluereacheghe value at that node. This
canbeimplementecef ciently usingthe union nd datas-
tructure.Thesplit treecanbe computedusingthe dualpro-
cedure A detaileddescriptionof this procesanbefound
in [5, Section14]. Insteadof scanningall nodes,onecould
sweepover the critical nodes(i.e. thosewherelocal con-
tour splitting or merging takesplace),shootingmonotonous

Figure 2. Example entry in the marching
cubes lookup table. Samples of positive
value are shown in blue and negative sam-
ples in red. The yellow spheres are put at the
midpoints of edges joining samples of diff er-
ent signs. The triangles that are stored in the
lookup table are shown in green.

pathsfrom thesenodesuntil they reachalocal extremumor
apreviouslytracedpathandkeepingtrackof theconnectv-
ity of theunionof pathsasin [7].

The outputof the contourtreealgorithmis atreewhose
verticescorrespondo nodesof the grid. Verticesthathave
exactly oneincidentedgegoingup andexactly oneincident
edgegoingdown will be calledregularverticesof the con-
tourtree.All otherverticeswill becalledcritical. Notethat
thisnotionof criticality is slightly differentfrom theonewe
usedwith respecto the nodesof the grid (critical nodeis
onewherelocal connectvity changeshapperto contours).
In whatfollows, it will alwaysbe clearfrom context which
notionof criticality we use.

We will oftensimplify contourtreesby removing some
or all regular vertices.Whenremoving a regular vertex v,
we remove its incident edgesand connectthe lower and
upperneighborof v with a new edge,preservingthe tree
structure By removing all regular vertices,onecanobtain
the smallestpossiblerepresentatiomf the contourtree. It



canbeaugmentedvith additionalnodesf necessaryn our
casewe will beinterestedn computingcontourtreesof re-
strictionsof theinput scalar eld to certainsubdomainsln
orderfor our algorithmto work, we will needto make sure
thatcertainverticespresenin certaintreesarealsopresent
in othertrees.This is further explainedin the subsequent
sections.

3. Finding contours correspondingto contour
treeedges

Contourscorrespondingo a point x of the contourtree
canbe found usingthe pathseedalgorithmof [5]. Assume
thatx is on edgee with endpointspg andps, the heightof
pi ish; (i = 0;1), with hy < h; andthe heightof x is
h 2 (hp;hy). To nd the contourcorrespondindo x, one
caneitherfollow anascendingathfrom the grid nodecor-
respondingo po or a descendingpathfrom the grid node
correspondingo p; until it crossesan isosurficefor iso-
valueof h. The contourcanbe extractedby contourpropa-
gation(asin [21]) from thelastedgeon the path.However,
not every path descendingrom p; or ascendingrom pg
would leadto the right contour:we have to make surethat
the correspondingpathin the contourtreedescendsr as-
cendsalonge. As [5] obsenes,to nd sucha path(called
thepathseedcorrespondingp €) it is sufcient to follow the

r stedgecorrectlyandthenextendthe pathin any way. We
computepath seedsfor all edgeswhile building the con-
tour tree using the approachof [5]. This requiresremem-
beringthe startingedgesof monotonougathsusedwhile
computingthe split andjoin treestogethemwith their edges
andthentransferringthis informationto edgesof the con-
tour treewhen combiningthe split andjoin trees.See[5]
for moredetails.

4. SubdomainAware Contour Trees

A subdomainaware contour tree is a contour tree
equippedwith informationdescribinghow individual con-
tours intersecta simply connectedsubdomainY X.
More precisely eachedgeof the subdomainaware con-
tourtreehasalabelthatrepresentthenumberof connected
component®f the intersectionof arny contourcorrespond-
ing to thatedgewith Y. Below we brie y describeformal
propertiesof subdomain-aare contourtreesandthe pro-
cedurefor computingthe edgelabels.

Let us denoteby fy the scalar eld f restrictedto Y.
For the scalar eld fy we alsohave a contourtree(called
the restrictedcontour tree later on), which we denoteby
Ty . Sincetheinclusionmapof Y into X mapscontoursof
fy into contoursof f , onecande ne theinclusion-induced
mapj of the restrictedcontourtree Ty into the full con-
tourtreeT . Note thatj preseresheight.In whatfollows,
we requirethatverticesof Ty arealsopresenin T .

Thelabelof anedgee of the contourtreeis equalto the
numberof pointsin j 1(p) for any point p in the interior
of theedgee (i.e. belongingto e but differentfrom its end-
points).Thisis clearfrom thede nitions: pointsin the pre-
imageof p correspondo contoursof the restrictedscalar
eld thatarecontainedn the contourof thefull scalareld
correspondingo p.

Eachedgein Ty is mappednto anascendingathin the
full treeT (in whatfollows,we call suchpathsedgepaths).
A labelof anedgee countshow mary suchpathstraversee.
A lineartime algorithmof computingthe edgelabelsmoti-
vatedby the procedurdor computingthe topologyof con-
toursof [14] hasbeenproposedn [3]. We outlineit below.

Knowing T, Ty andthe mappingj, for eachvertex v
of T, onecaneasilycompute( v), thesumof all labelsof
edgegoining v with ahighervertex minusthesumof all la-
belsof edgegoining v with alowervertex. For everyvertex
v of T whichis notavertex of Ty, ( v) = 0: thisis be-
causeno edgepathsstartor end at v. For verticesv that
arealsopresentat Ty, ( V) is equalto the differenceof
the numberof edgepathsthat startat v andthe numberof
edgepathsthatendat v (recall edgepathsgo up). There-
fore, (' v) is equalto the numberof edgeghatjoin v with
ahighervertexin Ty minusthenumberof edgeghatjoin v
with alowervertexin Ty .

Having computed ( v) for every vertex of T, we start
computingtheedgelabels.If eis anedgesuchthat,for one
of its endpointsv, all labelsof edgesout of v otherthan
e have beencomputedin whatfollows, we shall call such
an edgesimplg, thenthe label of e canbe computedfrom
thesdabelsand ( v). Ouralgorithmassigndabelsto sim-
ple edgeauntil all edgesarelabeled .t maintainsa queueof
simpleedgesanda counterc(v) for eachvertex v of T . Ini-
tially, the queueholdsall leaf edgesof T andc(v) is setto
the degreeof v in T. Every time a labelis assignedo an
edgee joining u andw, c(u) andc(w) have to be decre-
mented Wheneer the value of a counterc(v) becomesl,
we nd the edgeincidentto v that doesnot have a label
andinsertit into the queue.This procedurehasto termi-
natewith all edgedabeled(all unlabelecedgedorm atree,
andleaf edgesof thattreearesimple). The total amountof
time spenton computingthe labelsis O(n), wheren is the
sizeof thetree T (Ty hasto be smallersinceall its ver-
ticesmustbeverticesof T).

The samealgorithmcanbe usedto label edgeswith n-
dimensionalectorsrepresentinghe numberof connected
componentsitwhich contoursnterseck simply connected

full contourtreeandcontourtreesof all restrictionsareal-
readycomputedcanbeboundedoy O(nk), wheren is the
numberof verticesin thefull tree (augmentedvith all ver
ticesof restrictedrees).
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Figure 3. Example: a contour tree of arestricted scalar eld (left) and the full contour tree (right) with
edge labels. The mapping j is indicated by the vertex labels for the tree on the right. Edge labels count
connected components of the inter section of contour s with the subdomain that the left tree is based
upon. ( v) are shown in red, next to vertices of the restricted tree. Note that we show here only the
part of the full tree that is traversed by the edge paths; typicall y, many edges and vertices of the full
tree are not visited by the edge paths at all. The edge labels can be computed in the follo wing order:

J(A)(B), 1 (B)I(E), j(C) (D), j(D)(E). j(E)j(F),j(F)(G),j(G)i(H).

5. Preprocessing

We preprocesshe dataseby computingcontourtreesof
restrictionsof the scalarinput eld to several subdomains.
Assumethedomainof theinputscalareld isD  [To; T1],
whereTy andT; areintegersandD is eitherarectanglgin
the2D case)or aparallelepipedin the 3D case)As in Sec-
tion 1, we assumehatthe datais representedsa sequence
of Ty Tp+ 1scalarelds de nedonD andcorrespond-
ing to integertime slices.We computecontourtreesfor re-
strictionsof theinput scalar eld to the following subsets,
shawvnin Figure4:

1. Timeslices,D ftgforallintegert 2 [Tg; T1]

2. Thick time slices,D  [t;t + 1] for all integert 2

[To; Tl 1]
3. Thick boundaryslices,( D) [t;t + 1], wheret 2
[To; T1 1] is aninteger; Note that thick boundary

slicesare homeomorphido the Cartesianproductof
the two-dimensionakphereanda closedinterval and
hencesimply connectedn 3D. However, in the 2D
case,the thick boundaryslices are not simply con-
nected.In this case,we breaktheminto simply con-
nectedparts,for exampleasshawn in Figure4.

To computethe contourtrees,we usethe sweepalgo-
rithm describedin Section2). We keepthe precomputed
treeson a hard disk so that they can be corvenientlyac-
cessedluringqueryexecution.

In orderto allow queriesto run moreef ciently, we en-
surethat the contourtreescomputedduring preprocessing
stagehave the smallestpossiblenumberof verticesthat
would allow queriesto run without aws. We do that by

rst computingthe contourtreesfor time slicesandsimpli-

fying themby removing all theirregularverticesLet R; be
thesetof verticesof thetreecorrespondingo thetime slice
for timet.

Then,we computecontourtreesfor the thick boundary

slices.For two consecutie thick boundaryslices( D)
[s 1;s]and( D) [s;s+ 1], wecomputeall verticesin
thes-timeslicethatarecritical in eitheroneof thetwo trees.
Let Bs bethesetof all suchvertices.We simplify the con-
tourtreefor thick boundaryslice( D) [t; t+ 1] (for all t)
by removing all verticesthatarenotin B; [ B+; (suchver
ticeshaveto beregular).

Finally, we proceedto computecontour treesfor the
thick time slices.Let Hg be all verticesin the s-time slice
that are critical in the contourtreesfor thick time slices
D [s 1;s]orD [s;s+ 1]. Wesimplify thecontourtree
for athicktimesliceD [t;t + 1] by removing all its ver-
ticesexceptfor thosein Ri[ Ri+1 [ Bt[ Bt+1 [ Hi[ Ht+1
(all suchverticeshave to beregular).

By obeying theaboverules,we canguarante¢hat:

1. If two thick boundaryslicessharea vertex andthatver-
tex is critical in the contourtree of oneof thesethick
boundaryslices,thenit is presentin the contourtree
for theotherone.

2. If two thick time slicessharea vertex andthatvertex is
critical in the contourtree of one of thesethick time
slices thenit is presentn thecontourtreefor theother
one.

3. If avertexis critical in acontourtreefor atimesliceor a
contourtreefor athick boundaryslice, it is presenin
the contourtreefor ary thick time sliceit belonggo.
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Figure 4. Thick slices, time slices and thic k boundar y slices for atime-dependent 2D scalar eld. In the
2D case, thick boundar y slices are not simply connected and theref ore cannot be used as subdomains
for subdomain aware contour trees. Therefore, we break it into four simply connected parts (right).

Theseconditionswill ensurethat certain key contour
treescanbe derivedfrom the precomputedneswhenexe-
cutingqueries.

6. Queries

In this sectionwe discussthe query algorithmin more
detail. We focuson queriesallowing to nd isosurficesof
the scalar eld restrictedto D [to;t1] (wherety andt;
areintegerssuchthat Ty to t1 T1) which inter-
sectthetime slicesatty att; ata userspeci ed numbers
of connecteccomponentsy andn;. In addition,we allow
theuserto restrictsearcho isosuraiceswhich do notinter
sectthe boundaryof the datasetn ary time slice,i.e. are
disjointwith D [to;ts1].

6.1. Query execution

In orderto executea query we rst computethe con-
tour treesof therestrictionof the scalar eld to the follow-
ing subsets:

(@ D [to;ta]

(b) D [to;t1] (in the3D casethe 2D caseis discussed
later).

Both contourtreescan be obtainedby meming the trees
computedin the preprocessingtageusing the algorithm
of [14, 15]. This naturallyleadsto a recursve procedure
which computeghe contourtree of the restrictionto D
[to;t1] by recursvely computingtreesfor restrictionsto
D [to;b%tic] andD  [bleStic;t;] and then mem-
ing the resultingtreesif t; to 2 or just returningthe
precomputectontourtreefor athick sliceif t; tp = 1.
Thetreefor therestrictionto D  [to;t1] canbecomputed

in the sameway. Sincethe tree memging operationis lin-
eartime[14, 15], thetotal runningtime of this algorithmis
O(n(1 + log(ty to))), wheren is themaximumsizeof a
contourtreefor a thick boundaryslice or thick time slice.
Having computedhetwo treeswe labeleachedgee of the
treeT correspondingo D  [to; t1] with connecteccom-
ponentcountsof intersectionsof the correspondingcon-
tourswith D [to;t1] andthetime slicesD  ftog and
D ft;g (notethe contourtreescorrespondindo restric-
tionsto the two time sliceshave beencomputedn the pre-
processingstage).Before labeling the edges,the contour
treefor D [to;t1] is simplied by removing all regu-
lar verticesleadingto T andT is simpli ed by removing
all verticeghatarenotpresentn T orthetwo treesfor time
slicesattg ort;. Ultimately, onemightwantto runsimpli -
cationaftereachcontourtreememging operatiorwhile com-
putingthetwo trees(a) and(b).

In the 2D casethick boundaryslicesarenot simply con-
nected andthe preprocessingtagecomputedour treesfor
partsof thick boundaryslicesshavn in gure 4. We can
use the contour treesfor the partsto computethe con-
tour treesfor restrictionsof the scalar eld to four faces
of D [to;t1]. Then,we computefour edgelabelscorre-
spondingo thefour treesandsumthemupto gettheae la-
belfor every edgee. In thiscaseag is notequalto thenum-
ber of connecteccomponent®f the intersectionof a con-
tourinD  [to;t1]with D  Jto;t1]. However, it still can
be usedto determinef the contourintersects D [to; 1]
or not: ag is nonzeraf andonly if it does.

7. Experimental results

We have testedour algorithmontwo inputdatasetssim-
ulation of 2D spiral waves[9] obtainedusingezspiral
code[1] anda 3D uid mixing simulationfrom Lawrence



Figure 5. Example time slices for spiral waves dataset (top row) and 2D slices through the uid simu-

lation dataset (bottom row).

LivermoreNationalLaboratorydescribedn [13]. Example
slicesthroughthesedatasetsireshovn in Figure5. Theres-
olution of the2D datasets 512 512with 700time slices,
while the 3D datasets of resolution256 256 128with

165time slices.Sincethe uid simulationdatasetontains
numeroushigh frequeny featureswhich makesit hardto

visualizethe isosurfices,we smoothedit by applyingthe
box Iter 5 timesbeforeusingit in our experiments.This
substantiallyreducedthe numberof contourtree edgesre-
sulting from our queries,sincea numberof themresulted
from highfrequeng in thedataset.

We preprocesselothdatasetasdescribedn Section5.
Then,we ran the query algorithmto nd isosurfcesthat
do not hit the boundaryandthatintersectthe rst andthe
last sectionin a userselectedtime rangeat one or more
connectedcomponentgi.e. all thosethat can be continue
throughouthattime interval). Examplesof contoursfound
by our systentor thespiralwavesdatasetreshowvn in Fig-
ure 6. The exampleswerefound by executingthe queryas
describedabove for time interval equivalentto 50 consecu-
tive slices.Thenumberof edgesoutputwastypically small,
in factfor mary time intervals no contoursconformingto
our criteriahave beenfound.

Examplesof time-sectiongoundin the uid simulation
datasetusing the samecriteria are showvn in Figure 7. In
this case the outputconsistedof a large numberof edges
(around300). The exampleswe selectedo shov hereare
contourswhosetime sectionshave a large surfaceareaand
which arise from isovaluesin the middle of the dynamic
rangefor theinputscalar eld.

The preprocessingime was abouttwenty minutesper

slice for the uid simulationdatasetandlessthan?2 min-
utesper time slice for the spiral waves datasetThe query
time (including nding seedsfor isosurficesbut without
isosurficeextractiontime) is abouta minutefor time win-
dow equivalentto 50 slicesfor the spiralwavesdatasetaind
abouttwo minutesfor the uid simulationdatase{for time
interval equivalentto 10-20time frames) All time measure-
mentshave beenmadeon a Pentiumlll-850MHz worksta-
tion.

The size of the contourtreesfor eachof the thick time
slicesis about13000nodesfor the spiralwave datasetand
95000for the uid simulationdatasetThecontourtreesfor
time slicesweretypically slightly lessthanhalf the size of
thethick time slices.The contourtreesfor the thick bound-
ary slicesweremuchsmaller In both casesthe treeswere
considerablysmallerthanthe numberof nodesin onetime
slice,whichreduceghememoryfootprintandrunningtime
of the queryalgorithmwhencomparedo simply comput-
ing the contourtreesfrom scratch.

8. Summary and futur e work

We describeda systemallowing to query large time-
dependentlataset$or time-spacasosurficeshaving apre-
scribednumberof connectedccomponentsn userspeci ed
time sections.While the query times reportedin this pa-
per are not interactie, they are low enoughto make our
algorithma usefultool for exploring time-dependendata.
Furthermorethey easyto implementefciently on paral-
lel architecturesWe believe that the mostimportanttask
for futureresearchs to incorporaterobustnesgneasuren



Figure 6. Examples of comple x contour evolution found by our algorithm in the spiral wave dataset.
Each picture shows several time sections of a space-time contour; the red and green curves are sec-
tions in the initial and nal time sections (respectivel y).
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