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Abstract

We introducenonlinearmagni�cation �elds as an abstract representationof nonlinearmagni�cation. Methodsare
providedfor convertingtransformation(“distortion”) routinesto magni�cation �elds andvice-versa. Thisnew rep-
resentationprovideseaseof manipulationandpowerof expressiveness. We canexploit theseon a numberof levels:
from�ne-grainedlow-level details,to user-interfaceslayeredon top of our representation,to usingthedata itself to
de�ne themagni�cation.

1. Intr oduction

Many approacheshavebeendescribedin theliteraturefor stretchinganddistortingspacesto produceeffectivevisual-
izationsof data.Suchtechniqueshavebeencalledpolyfocalprojection[KS78], bifocaldisplay[SA82], �sheyeviews
[Fur86,SB94], multi-viewpointperspectivedisplay[MS91], rubbersheet[SSTR93], distortion-orientedpresentation
[LA94], focus+ context [LRP95] andmany otherterms[PG92, BH94, CCF96]. In [KR96] we introducedthe term
nonlinearmagni�cation to describetheeffectscommonto all of thesesystems.Thebasiccharacteristicsof nonlinear
magni�cationarenon-occludingin-placemagni�cationwhichpreservesaview of theglobalcontext.

In this paper, we will further develop the ideaof a theoryof nonlinearmagni�cation. In particular, we reducethe
conceptof nonlinearmagni�cation to a �eld of scalarmagni�cation values. Thesenonlinearmagni�cation �elds
serve as a basisfor understandingandcomparingthe effectsof existing techniques,even thoughtheir underlying
mechanismsmay be very different. In addition,we will describeoperationswhich canbe performedon nonlinear
magni�cation �elds to producesuitabledistortionsof spacefor visualization. Theseoperationsareentirely view-
independent,anddonot rely onaphysicalviewing modelor perspectiveprojections.

By expressingmagni�cationasa �eld of arbitraryscalarvalues,we provide for muchgreaterexpressivenessof mag-
ni�cation andeaseof manipulationthanis possibleusingothertechniques.In particular, we remove the restriction
of having discrete“foci” (centersof magni�cation),sothat�uidly shiftingmagni�cationsof arbitrarycomplexity are
now possible.Removing this restrictionallows us to factorout magni�cation complexity from the time requiredto
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computesuitabletransformationfunctions,sothatcomputationis independentof thecomplexity of themagni�cation
function.

We will alsoshow how nonlinearmagni�cation�elds provide anelegantmechanismfor generatingvisualizationsof
datawhich automaticallyenhanceregionsof interest.Becausenonlinearmagni�cationcannow berepresentedasa
simplescalar�eld, it is possibletousepropertiesof thedatabeingvisualized(suchasdensity)tode�ne amagni�cation
thatbestshowsthoseproperties.Thisability movesnonlinearmagni�cationbeyondsimpleuser-interactionmethods,
andmakesit a �rst classvisualizationtechniqueof generalapplicability.

2. Magni�cation Fields
Whendescribingnonlinearmagni�cationsystems,it is usefulto distinguishbetweenmagni�cation andtransforma-
tion functions,as �rst describedin [LA94] andexpandeduponin [SSTR93, KR96]. The transformationfunction
representsthe “distortion” function which stretchesthe space. The magni�cation function is the derivative of the
transformationfunction, andrepresentsthe magni�cation valueswhich are implicit in the transformationfunction.
Convertingbetweenmagni�cationandtransformationfunctionsin onedimensionis a relatively straightforwardtask,
however thesituationis muchmorecomplicatedin two or moredimensions.In theremainderof this sectionwe will
describetechniquesfor accomplishingtheseconversions,after�rst introducingsomebasicnotation.1
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A magni�cation�eld 2 is a2D scalar�eld of theform 34
52&��������� whichgivestheregionalexpansionaroundapoint.
Aswith

�

, 2 is representedon ( byaquadrilateralmesh6 ( 67
52

1

) ). Thearea-basedmagni�cationweuseactually
correspondsto the squareof the linear “power” sometimesusedin describinglenses;we do this for computational
ef�ciency. A transformation
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correspondsto a magni�cation 2 , where 2&�����	���8
9��:
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This is approximatedusingan area-basedfunction 2&A which computesthe local magni�cation for eachnodein / .
In describingcomputationswith magni�cationsandtransformations,notationsuchas 2CB or /�B indicatevariationsof
thesefunctionsor their approximations.

2.1. Transformation Grid , Magni�cation Field

Conversionfrom a given transformationgrid / to a magni�cation mesh6 involvesnumericallycomputingan ap-
proximatederivative of / . The computationbegins with an areafunction D which, for eachnodein / , returnsan
approximationof theareade�nedby theneighbouringnodes.Onepossibilityfor this functionsimplyusestheconvex
hull of the4-connectedneighboursEF/G��HJI?K@�ML
�N�O/G��HQP&K@�ML
�N�O/G��HR�ML>ISK#�T�R/G��HR�OL8PUK#�TV . Wede�ne �XW to betheconstant
areaassociatedwith any /G��HR�ML
� in theuntransformeduniformsamplinggrid. Theapproximatemagni�cationvaluefor
a point /G��H��ML
� is thengivenby 69��HR�ML
�Y
Z2

A
��HR�ML
�8
[D"��HR�ML
�	<\�

W . More accurateareacalculationsarepossible,such
asexplicitly �nding theareaof thefour surroundingcells. In practicehowever, we �nd thatthis increasein accuracy
doesnot signi�cantly changethe results. Coarserapproximationsareadequate,as long as the areametric is used
consistentlythroughoutthesystem.Figure1 shows anexampleof a transformationandits associatedmagni�cation
meshcalculatedwith thismethod.

This techniqueallows any nonlinearmagni�cation systemto createa landscaperepresentationof its implicit mag-
ni�cation with elevation-basedshading,somewhatsimilar to the3D PliableSurfaces(3DPS)describedin [CCF95].

1Although this paperpresentsresultsin 2 dimensions,we notethat the view-independentnatureof the techniquespresentedhereallows for
trivial extensionto 3 or moredimensions.
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Figure 1. Transf ormation and Magni�cation Mesh

Onemajordifferencebetween3DPSandamagni�cationlandscapede�ned in thisway is that3DPSdoesnotusetrue
elevation,but ratherelevationskewedin thedirectionof theviewing point. In addition,3DPSrelieson a perspective
projectionwhich resultsin nonuniformchangesin viewedscaleasuniform stepsaretaken in elevation. As distance
from theviewpoint increases,a constantchangein elevation

�

3 will causesmallerchangesin magni�cationlevel, as
wewill illustratelaterin Figure3 (how muchsmalleris dependenton thecurrentperspectiveviewing parameters).In
contrast,within ourmagni�cationsystemscaleandelevationcorresponddirectly.

Figure2 showsanotherexampleillustratingmultiple boundedregionsand�at magni�cation,thetransformationgrid
wasgeneratedusingthetechniquesdescribedin [KR96]. As a furtherexampleof how thesetechniquescanbeused
to determinethe implicit magni�cation generatedby existing systems,we usethe exampleof the Perspective Wall
[MRC91], which is representative of the classof nonlinearmagni�cation systemsthat arebasedon a perspective
projectionof 3D surfaces(otherexamplesinclude[RM93, CCF95]). By samplinga perspectivewall transformation
function with a regular grid, we obtain a transformationgrid which is usedto generatethe associatedmagni�ca-
tion mesh(seeFigure3, noticethecurvedmagni�cationsurfacescausedby theperspective transform's non-uniform
correspondencebetweenscaleanddistance).

Figure 2. Bounded/Flat Transf ormation to Magni�cation Conversion

2.2. Magni�cation Field , Transformation Grid

Givena transformationgrid / , it is a relatively straightforward taskto �nd theimplicit magni�cationmesh6 asso-
ciatedwith it by computingtheapproximatederivativeof / . It is a muchmorecomplex taskhowever to constructa
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Figure 3. Perspective Wall Transf ormation and Magni�cation

suitabletransformationgrid givena magni�cationmesh.As pointedout in [CCF95],simpleperspective projections
of thesemeshesarenoteffectivebecausethey introduceproblemsof occlusion.

In generalterms,we arerequiredto integratethemagni�cationmeshvaluesin orderto constructanorder-preserving
transformationgrid. Therearea numberof issueswhich make this a dif�cult task. Themostfundamentalproblem
involves�nding a meaningfulway to convert a singlemagni�cation valueinto a two coordinate��������� transforma-
tion; thereareusuallymany transformationspossiblefor a givenmagni�cation. We have investigatedanddeveloped
direct analyticsolutionsto this problem,but have found thesemethodsto be unsuitedto thespeci�c taskof gener-
atingnonlinearmagni�cationtransformations.Someof themajorproblemswhich we have observedwith thedirect
approachesare: 1) boundedregionsof magni�cation in 6 shouldproduceboundedregionsof transformationin /

to preserve a staticcontext, 2) the transformationshouldbe symmetricandcenteredaroundmagni�cation maxima,
andnotconstructedrelative to somearbitraryboundaryof thedomain,and3) solutionsproviding only correctareain

/ do not preserve desiredvisualpropertiesof themagni�cation,suchasscaleandaspectratio within regionsof �at
magni�cation.

In orderto addresstheseproblemswe havedevelopedaniterative methodwhich providesanapproximatenumerical
solutionto theintegrationproblem.By dealingwith a localizedbasisfor computation,we areableto simply anddi-
rectlycontroltheoverallbehaviourof thealgorithmto producethedesired�nal result.Givenaspeci�edmagni�cation
mesh6

� , we wantto computea transformationgrid /�� which yieldsasimilar implicit magni�cationmesh6�� . We
de�ne 6��S
Z��6

�

P 6
�

� to betheerrormesh,whichre�ects thedifferencebetweenthespeci�edmagni�cationand
themagni�cationgeneratedby thecurrent /

� . To enhancethevisualizationof theperformanceof our method,we
join the 3 magni�cationvaluesof 6�� to the �����	��� coordinatesof /�� to createa compositemesh6���	 . Wesimilarly
join the 6

� valuesto /
� giving 6
�

	 . 6���	 and 6
�

	 areusedfor visualizationonly, andarenotusedin any internal
calculations.

Conceptually, ouralgorithmis straightforward.Webegin with auniform /�� representingtheidentity transformation.
For eachiteration,wecompute6�� onanode-by-nodebasis.If 6�� ��HR�OLJ��
�� thenwepushtheneighboursof /

�
��HR�OLJ�

away a little bit from /
�

��HR�ML
� . Converselyif 6�� ��HR�OLJ� ��� thenwe pull theneighboursof /
�

��HR�ML
� a little bit closer
to /
�8��HR�ML
� . Both thepushingandpulling operationsareeasilyconstrainedto preserve theorderingof nodesin /�� .
Figure4 shows an exampleof the operationof this algorithmover a few time steps(seealsoColor PlateA); and
Figure5 shows how our methodhandlesmultiple, boundedand�at regionsof magni�cation. Therearea numberof
parametersandissuesto explore in 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�cationacrosstheentire�eld. This cannotpossiblybesatis�edwhile maintainingthedesiredpropertiesof
non-occludingin-placemagni�cation.Wedonotexpectouralgorithmto convergeonasolutionin all suchdegenerate
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cases,althoughwearepleasedwhenit managesto computeareasonablecompromiseanyway.

Figure 4. /
� , 6

��	 and 6��
	 on Iteration 1,40,80 using 6

� from Figure 1

As mentionedpreviously, many differentareametricscanbeusedin thesemethods.Theareametricusedwill deter-
minewhichneighboursshouldbedisplacedin ouralgorithm(i.e. if theareametricis 4-connected,thenthealgorithm
shouldonly displacethe4-connectedneighbours).Thealgorithmconvergesfasterif we multiply theerror 6 � ��HR�OLJ�

by thespeci�edmagni�cation 6

�

��HR�OLJ� , sothatregionsof highermagni�cationwill bemorestronglyweighted.We
alsousea re�nementcoef�cient �

� to scaletheamountof errorthatis appliedto neighbouringnodes.When �

�


 �

no displacementoccurs,whereas�

�


�K causesthealgorithmto attemptasmuchdisplacementaspossibleon each
stepof the iterationwhile still preservingordering. To anextent,highervaluesof �

� causethesystemto converge
faster, but if �

� is too high theapproximationwill tendto thrashandpossiblynot convergeat all. We typically use
�

�


 ���

�

.

The local error 6�� ��HR�ML
� canbe distributedevenly over the neighbouringnodes,however the algorithmconverges
fasterif we weightthedisplacementsbasedon thedistancesbetweena nodeandits neighbours.If 6

�
��H��ML
� 
�� , we

weightthedisplacementssothatcloserneighboursarepushedagreaterdistancethanfartherneighbours.Similarly for
6�� ��H��ML
�Y��� , weweightthedisplacementsto pull moredistantneighboursagreaterdistancethancloserneighbours.

Ouralgorithmconvergesindependentof thecomplexity of themagni�cation�eld, whereconvergenceis measuredby

root meansquarederror: RMSE


� ��� �
	

�

���




	

�

��6�� ��HR�ML
���

� . Theprimarydeterminingfactorof convergencespeed
is thevolumeof speci�edmagni�cation,or morepreciselythevolumeof errorin 6 � . Thereareanumberof param-
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Figure 5. 6

� , 6 ��	 and / � Illustrating Multiple and Flat Regions

eterswhich we canuseto tunetheperformanceof our algorithmbasedon speed/accuracy tradeoffs. First we create
anerrorclippingconstant�

� with a default valueof � , thenouralgorithmignoresnodeswhere6 � ��HR�ML
� �[�

� . This
causesit to convergefasterbecauseit doesnothaveto compressareaswhoseimplicit magni�cationis greaterthanits
speci�edmagni�cation.Theresultof this is thatsometransformationgridswhichareusedto constructmagni�cation
�eld speci�cationsmay not be exactly reconstructedusingthis iterative magni�cation to transformationconversion
(particularlyon unboundedtransformations).Theonly differencehowever is that regionsof demagni�cation arenot
strictly enforced,but allowedto remainat their original unmagni�edlevel (exceptingwheremagni�ed regionspush
into thosedemagni�edregions). This allows theresultingtransformationgrid to �ll up theavailablespacemoreef-
�ciently , eliminatingdeadscreenregionswhich wereoutsidetherangeof theoriginal transformationgrid (compare
the �nal stepin Figure4 with Figure1). More signi�cant is the fact that by reducingthe emphasison demagni�-
cationin this way, we eliminatethedeadlockconditionthancanbe causedby somedegeneratecases.An example
of wherethis canoccuris whena region of very low magni�cation is surroundedby regionsof high magni�cation
(a doughnutshape)in sucha way that the conditionsof the regionscon�ict with eachotherso that our algorithm
cannot satisfyboth. We make theassumptionthat regionsof high magni�cation(andhigh error)shouldtake higher
priority in thealgorithm,andthissolvestheproblemof con�ict (it is worthnotingthatthemethodswhichwepresent
herecanalsobeusedto emphasizeareasdemagni�cationsimply by changingtheerrormetricto emphasizenegative
error valuesratherthanpositive ones).Whenthis error clipping methodis used,we rede�ne our errormeasureas:

RMSE
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�

��6ZD
� � �;��6
�

��HR�ML
� PC�

�

�	�

� , andsaythat theprimarydeterminingfactorof speedof conver-
genceis now thevolumeof 6

� above theclippingplanede�ned by �

� . By increasing�

� to � � K or ���

���

, little visual
differenceis apparentin theresulting/

� , althoughsubstantialperformancebene�tsoccur.

In asimilar fashionwecande�ne amagni�cationclippingconstant��� , andmakeouralgorithmignorenodeshaving
6

�

��H��ML
�Y�5�
� . Dependingon theparticular6

� beingused,increasing�
� to ���

�

or �����

�

cansigni�cantly increase
performancewith little costin the�nal visualresult.By carefullyadjusting��� and �

� for theparticularapplication,
dramaticincreasesin performancecanbeachieved,to thepoint whereour algorithmconvergesat speedswhich are
suitableevenfor interactive applicationsrequiringhigh frame-rates.Meshresolutionis alsoa signi�cant factorin the
performanceof our algorithm.High resolutionmeshesareableto compute�ner detail that lower resolutionmeshes,
but generallyrequiregreatercomputationtime. Thusmeshresolutionis anotherparameterin our systemswhich can
beusedto tuneresults.Table1 summarizestheeffectof adjustingtheseparameters2.

2.3. Magni�cation Field � Transformation Grid

Givena transformationgrid / andits associatedmagni�cationmesh6 , we canproducea blendof / and 6 which
allows theviewer to visualizethe transformationassmoothlyshifting into a landscapeof magni�cationvalues.The
underlyingmechanismis a simplelinear interpolationbetween/ and 6 . Oneway this mechanismcanbe usedis
basedon a viewing modelin which theview direction(lookat ) is aimedat thecenterof themesh,while theangle

2Timingswereobtainedona 174MHz MIPS R10000CPU.
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�

%

�

� � �

� 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 6

� from Figure 1

of elevation � variesfrom � (looking at themeshedge-on)to � <

�

(looking at the meshfrom directly overhead).If
we let

�




�

�Q<�� , thenthe interpolationis givenas 6 � 
 �	K P

�

�M/-I

�

6 . Theeffect of this is anaerialview of the
transformationgrid whichcanbe“pulled down” to view asa landscapeof magni�cationvalues.Figure6 showsafew
snapshotsof thisoperation,referto theaccompanying videofor a clearerview of thiseffect.

Figure 6. Blending / Into A Magni�cation Landscape 6

3. Magni�cation Field Manipulation

By isolatingmagni�cation �eld speci�cationfrom the transformationfunction, it is now possibleto manipulatethe
magni�cationvaluesdirectlyratherthanhavethemchangeonly asasideeffectof changesin thetransformationfunc-
tion. Wereferto systemswhichrely ontheside-effectsof transformationfunctionsto producenonlinearmagni�cation
astransformation-basedsystems;in contrastthesystemwe presenthereis a magni�cation-basedsystem.Directma-
nipulationof the magni�cation meshmakes for a systemwhich is both simplerandmorepowerful thanprevious
nonlinearmagni�cationsystems.Fromtheuserandapplicationstandpoint,thetasknow is simply to specifydesired
magni�cation levels in a scalar�eld. The conversiontechniquesin Section2.2 automatethe taskof constructinga
transformationgrid having thosemagni�cationvalues(assumingthecaseis not degenerate,andthatsucha transfor-
mationgrid is possible).This freestheuserandapplicationprogramfrom theoftendif�cult taskof determiningwhat
combinationof complexly interactingtransformationfunctionswill producethedesiredmagni�cation.Theremainder
of this sectionwill highlight someof the ways in which direct magni�cation �eld manipulationcanbe used,from
low-level nodeoperationsto high-level globalconstructions.

3.1. Node­Level Speci�cation

At the lowest level, we cancontrol the magni�cation meshon a nodeby nodebasis. For demonstrationpurposes,
we have createda simpleinterfacewhich allows theuserto selectsinglenodesor rectangularregionsof nodesfrom
themagni�cationmesh.Themagni�cationlevelsassociatedwith theseselectednodescanthenberaisedor lowered
accordingly. Thisprovidesuswith avery �ne-grainedcontrolof themagni�cationspeci�cation.Of greaterinterestis
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theability to associatelogical valueswith theselectednodes.For exampletheability to “lock” nodesin placeallows
for speci�cationof regionswhich will remainunchangedin thetransformationgrid. This allows arbitraryregionsof
thedomainto beexcludedfrom thetransformations(i.e. unmagni�ed).In addition,it now becomesa trivial matterto
constrainthe transformationto any arbitraryboundeddomain(includingconcave domains)simply by locking those
nodeswhich de�ne thatboundeddomain(seeFigure7). Theexamplesin this paperusedlockednodeson themesh
perimeterto ensurethatthetransformedgrid wouldstill �t in theoriginal rectangularsamplingarea.

A majorfeatureof this lockingmechanismis thatin many casesspecifyingarbitraryboundedregionsof magni�cation
(or non-magni�cation)actually reducesthe computationrequired(assumingdegeneratecasesarenot introduced).
Othernonlinearmagni�cationsystemsfeaturingboundedregionsof magni�cation[SSTR93, CCF95, KR96] require
additionalcomputationandprogramcomplexity to ensureboundednessof magni�cation either within a region of
the domainor within the viewing frustum. In contrast,the locking mechanismwhich we presenthereallows us to
obtainarbitraryboundedregionsfor “lessthannothing” in computationalcostin mostcases.Theadditionalprogram
complexity is a trivial boolean�ag checkfor eachnodein theiterative conversionprocess.

Figure 7. Locking and Bounding at the Node Level

3.2. Mesh­Level Operations

Our representationof magni�cationasa simplescalar�eld greatlyfacilitatesmany operationswhich would bevery
involved (if not impossible)with existing transformation-basedsystems.Given a transformationgrid / having an
implicit magni�cation mesh 6 , it is a simple matter to computethe inversemesh 6

�

� , and then �nd the ap-
proximateinversetransformation/

�

� (seeFigure 8). Further, althoughour systemallows for multiple regions
of magni�cation within a singlemesh,it is alsopossibleto combinemultiple meshesin usefulwaysusingsimple
node-by-nodeoperationsacrossthemeshes.As examples,two meshescanbeblendedwith proportionalaveraging:

69��HR�ML
�8


�

6
W

��H��ML
� I5�	K8P

�

�O6

�

��HR�ML
� � �

�

�

�

K#� , combined:69��HR�ML
�8
 Max ��6
W

��HR�ML
�N��6

�

��H��ML
��� , or composed:
69��HR�ML
�4
�6

W
��H��ML
� %S6

�

��HR�ML
� . In additionto operationson themagni�cation valuesacrossthe meshes,it is also
possibleto performoperationson logical meshvalues(suchasthe node-lockmechanismdescribedin the previous
subsection).For examplewecan�nd theintersectionof thenon-lockedregionsof magni�cationbetweentwo meshes
simplyby AND-ing their logicalvalues.

3.3. User­Level Interface

The expressivenessandimplementation-independentnatureof our representationmakes it well suitedfor the con-
structionof user-interfaceswhichemploy nonlinearmagni�cation.By developinganonlinearmagni�cationinterface
asanabstractionlayeredaboveourmagni�cation�eld speci�cation,thedesignercanconstructcustommagni�cation
toolsandtechniqueswhicharetailor madeto speci�c tasks.
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Figure 8. Inverse of Figure 1 6 and /

We have just begunto explore thepossibilitiesof layeringinterfaceson top of our generalmagni�cation �eld tech-
niques.Perhapsthesimplestinterfaceinvolvesconstructionof adiscreterectangular“magnifyingglass”whichcanbe
movedover thedomain;otherpossibilitiesaremoreinteresting.For example,by makingthemagni�cation�eld 6

�

persistentoutsideof thatsamemagnifyingglass,theusercaneffectively “paint” arbitraryregionsof magni�cationby
strokingtheglass(whichmightnow betterbedescribedasabrush)over thedomain.By usingthebrushto increment
themagni�cation ratherthanto setthe absolutemagni�cation value,strokinga region with thebrushwould corre-
spondto paintingtheregionwith increasinglevelsof magni�cation(seeFigure9 andColorPlatesB andC). By using
persistencewhich decaysover time (or by not resetting/ � aftereachmovementof themagnifyingglass,since / �

will carrysomeresidualimplicit magni�cation from previous iterations),we obtain“trails” of magni�cation which
graduallyfadeoutbehindthemagnifyingglass(seeFigure9). Thisdegreeof expressivenessgoesfarbeyondanything
thatcanbeachievedwith existingsystems,andmovesmagni�cationtowardsacommodityuser-interfaceitem,similar
to colorandintensity.

Figure 9. Magnifying Trail and Brush

3.4. Application­Level Construction

Visualizationis but one techniqueapplicableto the explorationof large databases(so-called“data mining”). The
greatestpotentialbene�t will combinehigher-level (databaseandsemantic-related)mechanismswith low-level (ren-
deringor presentation)onesthataretheprimary focusof this paper. Certainlyonesigni�cant bridge– perhapsthe
mostsigni�cant one– betweentheselevelsis to usethedatato controlmagni�cation.
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Onemajorreasonfor implementingtransformationbasedon anarbitrarymagni�cation�eld is to allow propertiesof
thedataitself to specifythemagni�cation.Whenthemagni�cationis entirelydirectedby humancommands,it is only
possibleto provideasmallnumberof magni�cation“lenses”whichcanbeeasilyappliedto animage.But muchmore
extensive mappingmechanismsarerequiredwhenmagni�cation is data-driven, sincethe regionsof magni�cation
maypotentiallyhavearbitraryshapes.

Using datato indicateregionsof specialimportanceis a familiar idea;color codedcontourmapsdisplaythingsas
concreteasaltitudeandasintangibleaspolitical attitude.For acontourmapof environmentalpollution,thenext step
beyonddisplayingpollution“hot spots”is to expandthoseregionsin orderto show thepollutionsourceswithin those
regions.Theexplorationof hot-spotsfor pollutionsourcescanbedoneby auser-controlledlens,becausethesituation
is staticand the taskrequiresonly sequentialattentionto individual hot spots. Automaticmagni�cation becomes
truly signi�cant whenthe informationis dynamicor the user's attentionmustencompassthe entirescopeat once.
An applicationthatdisplaysbothof thesecharacteristicsis air traf�c control. Figure10 shows a simulatedair traf�c
controlsystemwherethescaleis automaticallymagni�ed in regionsof highertraf�c density3.

Figure 10. Using Density to De�ne ATC Magni�cation

Theeffortswehaveengagedin thusfarareamerebeginningof dealingwith datadirectedmagni�cations.In particular,
they areaimedat providing tools necessaryfor in-depthstudyof the humaninteractionfactorsinvolved but not at
conductingthosehumanfactorsexperiments.A simpleexamplewheresubstantiallymorework will be requiredis
theshapeof themagni�ed regions. While thecomputationalprocesssmoothstheboundariesof a “gerrymandered”
magni�cationgrid, theresultingregion maystill clashwith theviewer's intuition or esthetics.

4. RelatedWork

LeungandApperley [LA94] provideacomprehensivereview andtaxonomyof majornonlinearmagni�cationsystems.
Throughtheintroductionof thedistinctconceptsof transformationandmagni�cationfunctions,they describethebasic
onedimensionalpropertiesof nonlinearmagni�cationsystemsin a systematicfashion.For two dimensions,they use
themetaphorof arubbersheetto describethebehaviour of nonlinearmagni�cationsystemsin broadterms.Although
usefulfor conceptualization,thismetaphoris not rigorousenoughto serve asthebasisfor a constructive theory. One
of thegoalsof this paperis to provide a morerigoroustreatmentof someof theissueswhich they raise,in particular
thenon-trivial magni�cationto transformationconversionfor morethanonedimension.

Space-scalediagrams[FB95] arewell suitedfor dealingwith typical pan-and-zoomsystems;howeversuchsystems
donotsharebasicpropertiesof nonlinearmagni�cationsystems,suchaspreservingaview of theglobalcontext. The

3Theauthors(who �y fairly frequently)would suggestgreaterhuman-factorsstudiesbecarriedout beforethis techniqueis usedin anactual
controltower.
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view-dependentnatureof space-scalediagramsmakesthemunsuitablefor describingnonlinearmagni�cationsystems,
as the lines of sight (“great rays”) which they usemay introduceproblemsof occlusionfor 1D functionshaving
morethanonemaxima.Theseproblemsarecompoundedfurther for 2D, andissuesof convertingmagni�cationsto
transformations(andvice-versa)arenotaddressedin thiswork.

3D pliable surfaces(3DPS)[CCF95] resemblethe magni�cation meshespresentedhere,particularlyin the useof
elevationinformationto produceshadingcuesindicatingregionsof magni�cation. Therearemorefundamentaldif-
ferencesthan similarities however. We have alreadydescribedthe differencein the way which the two systems
correspondelevationto magni�cationin section2.1. In addition,3DPSusesexplicit foci to de�ne themagni�cation,
sothatincreasingcomplexity of themagni�cationfunctionentailsadditionalcomputation.With 3DPSnon-occlusion
andcon�nementof datato theview frustumis not inherent,andrequiresadditionalconstraintsonparameters,whereas
by its verynatureour iterativesystemguaranteesnon-occlusionandcon�nementto any sizeor shapeof domain.More
fundamentally, 3DPSis a view-dependentsystemwhich is tied very closelyto its own speci�c implementationof a
physicalmodelusingperspectiveprojection.Wehaveshownin comparisonhow oursystemis lessimplementationde-
pendent,requiringnophysicallybasedmodel,andthattheconceptsandtechniqueswehavedevelopedareapplicable
to abroadrangeof existingnonlinearmagni�cationsystems.

5. Conclusions
Nonlinearmagni�cation �elds provide an abstractrepresentationfor dealingwith nonlinearmagni�cation systems.
We have shown how themagni�cationeffectsof othercontinuousnonlinearmagni�cationsystemscanbeexamined
andcomparedby constructingimplicit magni�cation�elds from their transformationroutines.In theotherdirection,
theiterative methodwhichwedescribedallowsconstructionof a transformationfrom anarbitrarymagni�cation�eld
speci�cation.Ourmethodis simpleandeffective,evenon complex magni�cation�elds having multiplemaximaand
regionsof �at magni�cation,andcanbeeasilytunedwith anumberof parametersto controloverallperformance.

Ourabstract�eld representationis expressiveandeasytomanipulate.By removing therestrictionsof view dependence
andexplicit foci, our systemprovidesa naturalandintuitive meansof specifyingmagni�cationwhich doesnot rely
on thesideeffectsof complexly interactingtransformationfunctions.This easeof manipulationcanbeexploitedon
a numberof levels, from �ne-grainedcontrol at the individual nodelevel to sophisticateduser-interfacetechniques
whichcanbelayeredon topof oursystem.Of particularnoteis theability to usepropertiesof thedataitself to de�ne
themagni�cation�elds bestsuitedto visualizingthatdata.

6. Further Work
Our iterative methodfor convertingmagni�cation meshesto transformationgridsprovidesgoodresults,but canbe
improved on. We plan to investigatethe useof multi-resolutiongrids suchas quad-treesto provide �ner control
over variableresolutionmagni�cation. The representationmay alsoprove to be useful for progressive re�nement
techniquesto increasespeedandinteractivity. More work canalsobe doneon providing effective interfacesto our
low-level routinesin awaywhichallowsusto takeadvantageof thepowerand�e xibility offeredby thissystem.This
work is proceedingon two levels: constructinguserinterfacesfor interactive applicationandexploring furtherhow
propertiesof datacanbestbeusedto de�ne magni�cations.
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