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Abstract

We introducenonlinearmagni cation elds as an abstract representatiorof nonlinearmegni cation. Methodsare
providedfor corvertingtransformation(“distortion”) routinesto magni cation elds andvice-vesa. Thisnew rep-
resentatiorprovideseaseof manipulationand powerof expressivenes We can exploit theseon a numberof levels:
from ne-grainedlow-level details,to userinterfacedayered on top of our representationfo usingthe dataitselfto
de nethemagni cation.

1. Intr oduction

Many approachebave beendescribedn theliteraturefor stretchinganddistortingspaceso produceeffective visual-
izationsof data.Suchtechniquehave beencalledpolyfocalprojection[KS78], bifocal display[SA82], sheyeviews
[Fur86,SB94, multi-viewpointperspectivedisplay[MS91], rubbershee{SSTR93, distortion-orientedresentation
[LA94], focus+ contet [LRP9Y andmary otherterms[PG92 BH94, CCF94. In [KR96] we introducedthe term
nonlinearmagni cation to describahe effectscommonto all of thesesystemsThe basiccharacteristicef nonlinear
magni cationarenon-occludingn-placemagni cationwhich preseresaview of the globalcontext.

In this paper we will further develop the ideaof a theoryof nonlinearmagni cation. In particular we reducethe
conceptof nonlinearmagni cationto a eld of scalarmagni cation values. Thesenonlinearmagni cation elds

sene as a basisfor understandingnd comparingthe effects of existing techniquesgven thoughtheir underlying
mechanismsnay be very different. In addition,we will describeoperationsvhich canbe performedon nonlinear
magni cation elds to producesuitabledistortionsof spacefor visualization. Theseoperationsare entirely view-

independentanddo notrely on a physicalviewing modelor perspectie projections.

By expressingmagni cationasa eld of arbitraryscalarvalueswe provide for muchgreaterexpressvenes®f mag-
ni cation andeaseof manipulationthanis possibleusingothertechniques.In particular we remove the restriction
of having discretée'foci” (centersof magni cation),sothat uidly shiftingmagni cationsof arbitrarycompleity are
now possible.Remaing this restrictionallows us to factorout magni cation compleity from the time requiredto
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computesuitabletransformatiorfunctions,sothatcomputatioris independentf the compleity of the magni cation
function.

We will alsoshaov how nonlinearmagni cation elds provide an elegantmechanisnior generatingrisualizationsof
datawhich automaticallyenhanceegionsof interest.Becauseonlinearmagni cation cannow berepresentedsa
simplescalareld, it is possibldo usepropertieof thedatabeingvisualized'suchasdensity)to de ne amagni cation
thatbestshovsthoseproperties This ability movesnonlinearmagni cationbeyondsimpleuserinteractionmethods,
andmalesit a rst classvisualizationtechniqueof generabpplicability

2.Magni cation Fields

Whendescribingnonlinearmagni cation systemsit is usefulto distinguishbetweermagni cation andtransforma-
tion functions,as rst describedn [LA94] and expandeduponin [SSTR93 KR9€]. The transformatiorfunction
representshe “distortion” function which stretcheghe space. The magni cation function is the derivative of the
transformatiorfunction, and representshe magni cation valueswhich areimplicit in the transformatiorfunction.
Corvertingbetweermagni cationandtransformatiorfunctionsin onedimensionis arelatively straightforvardtask,
howeverthe situationis muchmorecomplicatedn two or moredimensionsin the remaindeof this sectionwe will
describaechniquegor accomplishinghesecorversionsafter rst introducingsomebasicnotation.

Any magni cation emplgys a transformationfunction  ( ) which moves points of a rectangular
domain within a frame. Sincewe want the magni cation to be non-occludingwe requirethat is at least
continuousand orderpreserving(given , and implies ,
andsimilarly for ). For computationapurposeswe dealwith only ona integergrid , with (
mapstheregulargrid overthedomain ), andrepresenta discreteapproximatiorof with aquadrilaterarid

( )-

A magni cation eld isa2Dscalareld of theform whichgivestheregionalexpansioraroundapoint.

Aswith , isrepresentedn byaquadrilateraimesh ( ). Thearea-basedhagni cationweuseactually
correspondso the squareof the linear “power” sometimesisedin describinglenses;we do this for computational
efciency. A transformation correspond$o a magni cation , where

This is approximatedisingan area-baseélnction ~ which computeghe local magni cation for eachnodein

In describingcomputationsvith magni cationsandtransformationsjotationsuchas  or  indicatevariationsof

thesefunctionsor their approximations.

2.1 Transformation Grid  Magni cation Field

Corversionfrom a giventransformatiorgrid to a magni cationmesh  involvesnumericallycomputingan ap-
proximatederivative of . The computationbegins with an areafunction which, for eachnodein , returnsan
approximatiorof theareade ned by the neighbouringhodes.Onepossibilityfor thisfunctionsimply useshe convex

hull of the4-connectedheighbours .Wedene tobetheconstant
areaassociatedith ary in theuntransformedniform samplinggrid. Theapproximatenagni cationvaluefor
apoint is thengivenby . More accurateareacalculationsarepossible such

asexplicitly nding theareaof thefour surroundingcells. In practicenowever, we nd thatthisincreasén accurayg
doesnot signi cantly changethe results. Coarserapproximationsare adequateaslong asthe areametricis used
consistentlythroughouthe system.Figure1 shavs an exampleof a transformatiorandits associateanagni cation
meshcalculatedwith this method.

This techniqueallows any nonlinearmagni cation systemto createa landscapeepresentationf its implicit mag-
ni cation with elevation-basedhading,someavhatsimilar to the 3D Pliable Surfaces(3DPS)describedn [CCF95].

1Although this paperpresentsesultsin 2 dimensionswe notethat the view-independennatureof the techniquegpresentedereallows for
trivial extensionto 3 or moredimensions.



Figure 1. Transformation and Magni cation Mesh

OnemajordifferencebetweerBDPSanda magni cationlandscapée ned in thisway is that3DPSdoesnot usetrue
elevation,but ratherelevationskewedin the directionof the viewing point. In addition,3DPSrelieson a perspectie

projectionwhich resultsin nonuniformchangesn viewed scaleasuniform stepsaretakenin elevation. As distance
from theviewpointincreasesa constanthangdn elevation  will causesmallerchangesn magni cationlevel, as
wewill illustratelaterin Figure3 (how muchsmalleris dependendn the currentperspectie viewing parameters)n

contrastwithin our magni cationsystemscaleandelevationcorrespondlirectly.

Figure2 showvs anotherexampleillustratingmultiple boundedegionsand at magni cation, the transformatiorgrid
wasgeneratedisingthe techniqueslescribedn [KR96]. As a furtherexampleof how thesetechniquesanbe used
to determinethe implicit magni cation generatedy existing systemswe usethe exampleof the Perspectie Wall
[MRC91], which is representatie of the classof nonlinearmagni cation systemsthat are basedon a perspectie
projectionof 3D surfaces(otherexamplesinclude[RM93, CCF9Y). By samplinga perspectie wall transformation
function with a regular grid, we obtain a transformationgrid which is usedto generatehe associatednagni ca-
tion mesh(seeFigure3, noticethe curved magni cation surfacescausecy the perspectie transforms non-uniform
correspondendeetweerscaleanddistance).
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Figure 2. Bounded/Flat Transformation to Magnication Conversion

2.2 Magni cation Field Transformation Grid

Givenatransformatiorgrid , it is arelatively straightforvardtaskto nd theimplicit magni cationmesh  asso-
ciatedwith it by computingthe approximatederivative of . It is a muchmorecomplex taskhoweverto constructa



Figure 3. Perspective Wall Transformation and Magni cation

suitabletransformatiorgrid given a magni cation mesh. As pointedout in [CCF95], simple perspectie projections
of thesemeshesrenot effective becausehey introduceproblemsof occlusion.

In generakerms,we arerequiredto integratethe magni cation meshvaluesin orderto constructanorderpreserving
transformatiorgrid. Therearea numberof issueswhich make this a dif cult task. The mostfundamentaproblem
involves nding a meaningfulway to corvert a singlemagni cation valueinto a two coordinate transforma-
tion; thereareusuallymary transformationpossiblefor a given magni cation. We have investigatecanddeveloped
directanalyticsolutionsto this problem,but have found thesemethodsto be unsuitedto the speci ¢ taskof gener
ating nonlinearmagni cationtransformationsSomeof the major problemswhich we have obsenedwith the direct
approacheare: 1) boundedegionsof magni cationin  shouldproduceboundedregionsof transformatiorin
to presere a staticcontet, 2) the transformatiorshouldbe symmetricand centerecaroundmagni cation maxima,
andnotconstructedelative to somearbitraryboundaryof the domain,and3) solutionsproviding only correctareain
do not presere desiredvisual propertiesof the magni cation, suchasscaleandaspectatio within regionsof at
magni cation.

In orderto addresgheseproblemswe have developedaniteratve methodwhich providesan approximatenumerical
solutionto theintegrationproblem. By dealingwith a localizedbasisfor computationwe areableto simply anddi-

rectly controltheoverallbehaviour of thealgorithmto producethedesirednal result. Givenaspeci edmagni cation
mesh , wewantto computeatransformatiorgrid  whichyieldsasimilarimplicit magni cationmesh . We
de ne to betheerrormeshwhichre ectsthedifferencebetweerthespeci edmagni cationand
the magni cation generatedy the current . To enhancehe visualizationof the performanceof our method,we
join the magni cationvaluesof to the coordinate®f  to createa compositanesh . We similarly
join the valuesto  giving . and areusedfor visualizationonly, andarenotusedin ary internal
calculations.

Conceptuallyour algorithmis straightforvard. We begin with auniform  representingheidentity transformation.
For eachiteration,wecompute  onanode-by-nodéasis.If thenwe pushtheneighbourof
away a little bit from . Corverselyif thenwe pull the neighbourof alittle bit closer
to . Both the pushingandpulling operationsare easilyconstrainedo presere the orderingof nodesin
Figure 4 shavs an exampleof the operationof this algorithmover a few time steps(seealso Color PlateA); and
Figure5 shows how our methodhandlesmultiple, boundedand at regionsof magni cation. Therearea numberof
parametersindissueso explorein this algorithm,which we discussbelow; rst however we shouldpoint out that
not all possiblemagni cation speci cationswill have a solution. The mostobvious exampleis a meshspecifying
magni cationacrosgheentire eld. This cannotpossiblybe satis edwhile maintainingthe desiredporopertiesof
non-occludingn-placemagni cation. We do notexpectour algorithmto corvergeon asolutionin all suchdegenerate



casesalthoughwe arepleasedvhenit manageso computea reasonableompromisenyway.
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Figure 4. , and on lteration 1,40,80 using from Figure 1

As mentionedoreviously, mary differentareametricscanbe usedin thesemethods.The areametricusedwill deter
minewhich neighbourshouldbedisplacedn ouralgorithm(i.e. if theareametricis 4-connectedhenthealgorithm
shouldonly displacethe 4-connecteaheighbours).The algorithmcorvergesfasterif we multiply the error

by the speci ed magni cation , Sothatregionsof highermagni cationwill be morestronglyweighted.We
alsouseare nementcoefcient  to scaletheamountof errorthatis appliedto neighbouringhodes.When
no displacemenbccurs whereas causeghe algorithmto attemptasmuchdisplacemenaspossibleon each

stepof theiterationwhile still preservingordering. To an extent, highervaluesof  causethe systemto corverge
faster but if is too high the approximationwill tendto thrashandpossiblynot corvergeat all. We typically use

Thelocal error canbe distributed evenly over the neighbouringnodes,however the algorithm corverges

fasterif we weightthedisplacementbasednthe distancedetweera nodeandits neighbours!f , we

weightthedisplacementsothatclosemeighboursrepushedagreaterdistancehanfartherneighboursSimilarly for
, weweightthedisplacement pull moredistantneighbours greatedistanceghancloserneighbours.

Ouralgorithmcorvergesindependentf thecompleity of themagni cation eld, wherecorvergences measuredby
rootmeansquarecerror; RMSE . Theprimarydeterminingfactorof convergencespeed
is thevolumeof speci ed magni cation,or morepreciselythevolumeof errorin . Thereareanumberof param-




Figure 5. , and lllustrating Multiple and Flat Regions

eterswhich we canuseto tunethe performanceof our algorithmbasedon speed/accurgdradeofs. Firstwe create
anerrorclippingconstant  with adefaultvalueof |, thenouralgorithmignoresnodeswhere . This
causedt to convergefasterbecausdét doesnot haveto compressareasvhoseimplicit magni cationis greateithanits
speci edmagni cation. Theresultof thisis thatsometransformatiorgridswhich areusedto constructmagni cation
eld speci cationsmay not be exactly reconstructedisingthis iterative magni cationto transformatiorconversion
(particularlyon unboundedransformations)The only differencehoweveris thatregionsof demani cation arenot
strictly enforced but allowedto remainat their original unmagni edlevel (exceptingwheremagni ed regionspush
into thosedemagni edregions). This allows the resultingtransformatiorgrid to Il up the availablespacemoreef-
ciently, eliminatingdeadscreerregionswhich were outsidethe rangeof the original transformatiorgrid (compare
the nal stepin Figure4 with Figurel1). More signi cant is the fact that by reducingthe emphasison demagni -
cationin this way, we eliminatethe deadlockconditionthancanbe causedy somedegeneratecases.An example
of wherethis canoccuris whena region of very low magni cationis surroundedy regionsof high magni cation
(a doughnutshape)in sucha way thatthe conditionsof the regionscon ict with eachotherso that our algorithm
cannot satisfyboth. We male the assumptiorthatregionsof high magni cation (andhigh error) shouldtake higher
priority in thealgorithm,andthis solvesthe problemof con ict (it is worth notingthatthe methodswvhich we present
herecanalsobe usedto emphasiz@reasdemagni cationsimply by changingthe errormetricto emphasizenegative
error valuesratherthanpositive ones). Whenthis error clipping methodis used,we rede ne our error measures:

RMSE , andsaythatthe primarydeterminingfactorof speedof corver

gences now thevolumeof abovetheclippingplanede nedby . Byincreasing to  or , little visual
differences apparentn theresulting , althoughsubstantiaperformancéene tsoccur

In asimilarfashionwe cande ne amagni cationclipping constant , andmake our algorithmignorenodeshaving

. Dependingontheparticular ~ beingused,ncreasing to  or cansigni cantly increase
performancaewith little costin the nal visualresult.By carefullyadjusting and for the particularapplication,
dramaticincreasesn performancecanbe achieved, to the point whereour algorithmcornvemgesat speedsvhich are
suitableevenfor interactie applicationgequiringhigh frame-ratesMeshresolutionis alsoa signi cant factorin the
performancef our algorithm. High resolutionmeshesreableto compute ner detailthatlower resolutionmeshes,
but generallyrequiregreatercomputatiortime. Thusmeshresolutionis anothemparametem our systemsvhich can
beusedto tuneresults. Tablel summarizeshe effect of adjustingtheseparameters.

2.3 Magni cation Field Transformation Grid

Givenatransformatiorgrid andits associatednagni cationmesh , we canproduceablendof and  which
allows the viewer to visualizethe transformatioras smoothlyshifting into a landscap@f magni cationvalues.The
underlyingmechanisnis a simplelinearinterpolationbetween and . Oneway this mechanisntanbe usedis
basedon a viewing modelin whichtheview direction(lookat ) is aimedatthe centerof the mesh,while theangle

2Timingswereobtainedona 174MHz MIPS R10000CPU.



Iterations| Time(s)

0.0 | 0.00 59 0.45

0.25 39 0.12

0.75| 0.00 59 0.24

0.25 39 0.08

0.0 | 0.00 33 0.09

0.25 19 0.04

0.75| 0.00 33 0.07

0.25 19 0.02

Table 1. Performance Using from Figure 1

of elevation variesfrom (looking at the meshedge-on)}o (looking at the meshfrom directly overhead).If
we let , thenthe interpolationis givenas . Theeffect of thisis anaerialview of the
transformatiorgrid which canbe“pulled down” to view asalandscap®f magni cationvalues.Figure6 shavsafew
shapshotsf this operationyeferto theaccompaying videofor a clearerview of this effect.

Figure 6. Blending  Into A Magni cation Landscape

3. Magni cation Field Manipulation

By isolatingmagni cation eld speci cationfrom the transformatiorfunction, it is now possibleto manipulatethe

magni cationvaluesdirectlyratherthanhave themchangeonly asa sideeffectof changesn thetransformatiorfunc-

tion. Wereferto systemsvhichrely ontheside-efectsof transformatioriunctionsto producenonlineamagni cation

astransformation-baseslystemsin contrasthe systemwe presentereis a magni cation-basedsystem.Directma-

nipulation of the magni cation meshmakesfor a systemwhich is both simplerand more powerful than previous
nonlinearmagni cationsystemsFromthe userandapplicationstandpointthetasknow is simply to specifydesired
magni cationlevelsin a scalar eld. The corversiontechniquesn Section2.2 automatehe taskof constructinga

transformatiorgrid having thosemagni cationvalues(assuminghe caseis not degenerateandthatsucha transfor

mationgrid is possible).This freesthe userandapplicationprogramfrom theoftendif cult taskof determiningwhat
combinatiorof complely interactingtransformatioriunctionswill producethe desirednagni cation. Theremainder
of this sectionwill highlight someof the waysin which direct magni cation eld manipulationcanbe used,from

low-level nodeoperationgo high-level globalconstructions.

3.1 Node-Level Speci cation

At the lowestlevel, we can control the magni cation meshon a nodeby nodebasis. For demonstratiorpurposes,
we have createda simpleinterfacewhich allows the userto selectsinglenodesor rectangularegionsof nodesfrom
the magni cationmesh.Themagni cation levelsassociateavith theseselectechodescanthenberaisedor lowered
accordingly This providesuswith avery ne-grainedcontrolof themagni cationspeci cation.Of greatelinterestis



theability to associatdogical valueswith the selectechodes.For exampletheability to “lock” nodesn placeallows
for speci cationof regionswhich will remainunchangedn the transformatiorgrid. This allows arbitraryregionsof
thedomainto be excludedfrom thetransformationgi.e. unmagni ed).In addition,it now becomes trivial matterto
constrainthe transformatiorto ary arbitraryboundeddomain(including concare domains)simply by locking those
nodeswhich de ne thatboundeddomain(seeFigure7). The examplesin this paperusediocked nodeson the mesh
perimeterto ensurehatthetransformedyrid wouldstill t in theoriginalrectangulasamplingarea.

A majorfeatureof thislockingmechanisnis thatin mary casespecifyingarbitraryboundedegionsof magni cation
(or non-magni cation)actually reduceshe computationrequired(assumingdegeneratecasesare not introduced).
Othernonlineamagni cation systemdeaturingboundedegionsof magni cation[SSTR93 CCF95 KR9€] require
additionalcomputationand programcompleity to ensureboundednesef magni cation either within a region of

the domainor within the viewing frustum. In contrastthe locking mechanisnwhich we presenthereallows usto

obtainarbitraryboundedegionsfor “lessthannothing”in computationatostin mostcasesTheadditionalprogram
compleity is atrivial booleanag checkfor eachnodein theiterative conversionprocess.

Figure 7. Locking and Bounding at the Node Level

3.2 Mesh-Level Operations

Ourrepresentatioof magni cationasasimplescalar eld greatlyfacilitatesmary operationsvhich would bevery
involved (if notimpossible)with existing transformation-basesystems.Given a transformationgrid  having an
implicit magni cation mesh , it is a simple matterto computethe inversemesh , andthen nd the ap-
proximateinversetransformation (seeFigure 8). Further althoughour systemallows for multiple regions
of magni cation within a single mesh,it is alsopossibleto combinemultiple meshesn usefulways usingsimple
node-by-nod@perationsacrosghe meshes As examplestwo meshesanbe blendedwith proportionalaveraging:
, combined: Max , Or composed:

. In additionto operationson the magni cation valuesacrossthe meshesit is also

possibleto performoperationson logical meshvalues(suchasthe node-lockmechanisndescribedn the previous

subsection)For examplewe can nd theintersectiorof thenon-locledregionsof magni cationbetweentwo meshes
simply by AND-ing theirlogical values.

3.3 UserLevel Interface

The expressvenessandimplementation-independenatureof our representatiomalesit well suitedfor the con-
structionof userinterfaceswhich emplgy nonlineamagni cation. By developinga nonlinearmagni cationinterface

asanabstractiodayeredabose our magni cation eld speci cation,thedesigneicanconstructcustommagni cation
toolsandtechniquesvhich aretailor madeto speci ¢ tasks.



Figure 8. Inverse of Figure 1 and

We have just begunto explore the possibilitiesof layeringinterfaceson top of our generalmagni cation eld tech-
nigues.Perhapshesimplestinterfaceinvolvesconstructiorof adiscreterectangulafmagnifying glass"which canbe
moved over the domain;otherpossibilitiesaremoreinteresting.For example,by makingthe magni cation eld
persistenbutsideof thatsamemagnifyingglass the usercaneffectively “paint” arbitraryregionsof magni cationby
strokingthe glass(whichmight now betterbe describedasa brush)over thedomain.By usingthebrushto increment
the magni cation ratherthanto setthe absolutemagni cation value, stroking a region with the brushwould corre-
spondto paintingtheregionwith increasingevelsof magni cation(seeFigure9 andColor PlatesB andC). By using
persistencevhich decaysover time (or by notresetting  aftereachmovementof the magnifyingglass,since
will carry someresidualimplicit magni cation from previousiterations),we obtain*“trails” of magni cation which
graduallyfadeoutbehindthe magnifyingglass(seeFigure9). Thisdegreeof expressvenesgoesfar beyondarything
thatcanbeachievedwith existingsystemsandmovesmagni cationtowardsa commodityuserinterfaceitem, similar
to colorandintensity

Figure 9. Magnifying Trail and Brush

3.4. Application-Level Construction

Visualizationis but one techniqueapplicableto the explorationof large databasegso-called“data mining”). The
greatespotentialbene t will combinehighetrlevel (databasandsemantic-relatedhechanismsvith low-level (ren-
deringor presentationpnesthat arethe primary focusof this paper Certainlyonesigni cant bridge— perhapghe
mostsigni cant one— betweerthesedevelsis to usethe datato controlmagni cation.



Onemajorreasorfor implementingransformatiorbasedon anarbitrarymagni cation eld is to allow propertiesof
thedataitself to specifythemagni cation. Whenthemagni cationis entirelydirectedoy humancommandsit is only
possibleto provide asmallnumberof magni cation“lenseswhichcanbeeasilyappliedto animage.But muchmore
extensize mappingmechanismsre requiredwhen magni cation is data-drven, sincethe regions of magni cation
may potentiallyhave arbitraryshapes.

Using datato indicateregions of specialimportanceis a familiar idea; color codedcontourmapsdisplaythingsas
concreteasaltitudeandasintangibleaspolitical attitude.For a contourmapof environmentalpollution, the next step
beyonddisplayingpollution “hot spots”is to expandthoseregionsin orderto show the pollution sourceswithin those
regions. Theexplorationof hot-spotdor pollution sourceganbedoneby ausercontrolledens,because¢hesituation
is staticand the taskrequiresonly sequentiakttentionto individual hot spots. Automatic magni cation becomes
truly signi cant whenthe informationis dynamicor the users attentionmustencompasshe entire scopeat once.
An applicationthatdisplayshoth of thesecharacteristicss air trafc control. Figure 10 showvs a simulatedair traf ¢
controlsystemwherethe scaleis automaticallymagni ed in regionsof highertrafc density.

Figure 10. Using Density to De ne ATC Magni cation

Theeffortswe have engagedh thusfar area merebeginningof dealingwith datadirectedmagni cations.In particular
they areaimedat providing tools necessaryor in-depthstudy of the humaninteractionfactorsinvolved but not at
conductingthosehumanfactorsexperiments.A simple examplewheresubstantiallymorework will be requiredis
the shapeof the magni ed regions. While the computationaprocesssmoothghe boundarie®of a “gerrymandered”
magni cationgrid, theresultingregion maystill clashwith theviewer'sintuition or esthetics.

4. RelatedWork

LeungandApperley [LA94] provideacomprehensiereview andtaxonomyof majornonlineammagni cationsystems.
Throughtheintroductionof thedistinctconcept®f transformatiormndmagni cationfunctions they describehebasic
onedimensionapropertief nonlinearmagni cation systemsn a systematidashion.For two dimensionsthey use

themetaphowof arubbersheeto describehebehaiour of nonlinearmagni cationsystemsn broadterms.Although

usefulfor conceptualizatiorthis metaphois notrigorousenoughto sene asthe basisfor a constructve theory One

of the goalsof this paperis to provide a morerigoroustreatmenbf someof theissueswvhich they raise,in particular
thenon-trivial magni cationto transformatiorconversionfor morethanonedimension.

Space-scaldiagramqFB95 arewell suitedfor dealingwith typical pan-and-zoonsystemshowever suchsystems
do notsharebasicpropertieof nonlineamagni cationsystemssuchaspreservinga view of theglobalcontext. The

STheauthors(who y fairly frequently)would suggesgreatethuman-factorstudiesbe carriedout beforethis techniques usedin anactual
controltower.
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view-dependematureof space-scaldiagramsnakesthemunsuitabldor describinghonlineamagni cationsystems,
asthe lines of sight (“great rays”) which they use may introduceproblemsof occlusionfor 1D functionshaving
morethanonemaxima. Theseproblemsarecompoundedurtherfor 2D, andissuesof corvertingmagni cationsto
transformationgandvice-versa)arenotaddresseah this work.

3D pliable surfaces(3DPS)[CCF99 resemblethe magni cation meshegresentedere, particularlyin the use of
elevationinformationto produceshadingcuesindicatingregionsof magni cation. Thereare morefundamentadif-
ferencesthan similarities however. We have alreadydescribecdthe differencein the way which the two systems
correspongelevationto magni cationin section2.1. In addition,3DPSusesexplicit foci to de ne the magni cation,
sothatincreasingcompleity of themagni cationfunctionentailsadditionalcomputationWith 3DPSnon-occlusion
andcon nementof datato theview frustumis notinherentandrequiresadditionalconstraint®n parametersyhereas
by its very natureouriterative systenguaranteeson-occlusiorandcon nementto ary sizeor shapeof domain.More
fundamentally3DPSis a view-dependensystemwhich is tied very closelyto its own speci ¢ implementatiorof a
physicalmodelusingperspecitie projection.We have shovnin comparisorhow our systems lessimplementatiorde-
pendentrequiringno physicallybasednodel,andthatthe conceptsandtechniquesve have developedareapplicable
to abroadrangeof existing nonlinearmagni cationsystems.

5. Conclusions

Nonlinearmagni cation elds provide an abstractepresentatiofior dealingwith nonlinearmagni cation systems.
We have shavn how the magni cation effectsof othercontinuousnonlineammagni cation systemscanbe examined
andcomparedy constructingmplicit magni cation elds from their transformatiorroutines.In the otherdirection,
theiterative methodwhich we describedhllows constructiorof atransformatiorfrom anarbitrarymagni cation eld
speci cation. Our methodis simpleandeffective, evenon complex magni cation elds having multiple maximaand
regionsof at magni cation,andcanbe easilytunedwith anumberof parameterso controloverall performance.

Ourabstracteld representatiois expressveandeasyto manipulate By remaoving therestrictionsof view dependence
andexplicit foci, our systemprovidesa naturalandintuitive meansof specifyingmagni cation which doesnot rely
on thesideeffectsof complely interactingtransformatiorfunctions. This easeof manipulationcanbe exploited on
a numberof levels, from ne-grainedcontrol at the individual nodelevel to sophisticatediserinterfacetechniques
which canbelayeredontop of our system.Of particulamoteis theability to usepropertieof thedataitselfto de ne
themagni cation elds bestsuitedto visualizingthatdata.

6. Further Work

Our iterative methodfor converting magni cation meshedo transformatiorgrids providesgoodresults,but canbe
improved on. We plan to investigatethe use of multi-resolutiongrids suchas quad-treego provide ner control
over variableresolutionmagni cation. The representatiomnay also prove to be usefulfor progressie re nement
techniquego increasespeedandinteractvity. More work canalsobe doneon providing effective interfacesto our
low-level routinesin away which allows usto take advantageof thepowerand e xibility offeredby thissystem.This
work is proceedingon two levels: constructinguserinterfacesfor interactve applicationand exploring further how
propertieof datacanbestbe usedto de ne magni cations.
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