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Abstract

We have developeda schemefor rapidly exploring and visualisingparameter
spacein geologicalmodelling. Themethodcombinesa visually-directedinversion
algorithmwith aneffective 2D representationof themulti-dimensionalresults.The
inversionproceedsby linking successive appraisalsof modeloutputsby a geologist
to a rigorousmathematicalalgorithmwhich providesoptimal convergenceinto the
targetparameterspace.This targetparameterspaceis de�ned by a visual represen-
tation of a geologicaltarget which a useraimsto reproduce– suchasa structural
crosssectionin thecaseof 2D modelling.In orderto facilitateanalysisof theresult-
ing solutions,weemploy avisualisationtechniqueknown asself-organisedmapping
to representthe parametersof the numerousmodel outputs. The result is a sim-
ple view of anotherwisecomplicatedmulti-dimensionalproblem.A usermayinfer
muchaboutthecontrollinggeologicalfactorsin themodelthrougha few graphical
displaysof thedata.

1 Intr oduction

Geologicalmodellingproblemsareusuallyill constrained,andit is thereforepossible
thatnumerousdifferentmodels,with quitedifferentparametervalues,may�t theobser-
vationsequallywell. Theparameterspaceinvolvedin theinvestigationof suchaproblem
might have many variables,eachwith a wide rangeof possiblevalues,makingvisualisa-
tion dif�cult. Oftentheproblemis onewherea certaincombinationof parametervalues
is sought,suchasinitial conditionsandmaterialproperties,which givesrise to a target
geologicalbehaviour. We show an exampleof extensionof the Earth's crust, in which
wesearchfor a stress�eld andcrustalstrength(viscosity, yield stress)which generatesa
speci�c patternof faults.We thenintroducea techniquefor effective visualisationof the
resultingmodeloutputs,sothatsimpleconclusionsmaybequickly drawn concerningthe
in�uence of thevariousparameters.

Commonly, in trying to matcha particularscenario,modellersuseeither trial-and-
errorparametercombinations,or a systematicsweepof parameterspace.Both of these
are inef�cient procedures.In the former case,non-linear, and thereforeunpredictable,
interactionbetweenparametersmayprecludeany intelligentvariationson thepartof the
user. Thelatterapproachobviouslybecomesextremelytime-consumingasthenumberof
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parametersor their rangeincreases.Wehaveoptedfor amathematicalinversionscheme,
in thesenseof thoseemployedin theinversionof geophysicaldata(e.g. Tarantola,1987),
combinedwith thevisual appraisalof simulationoutputsby an expert user, in this case
a geologist,againsta target image. In essence,the target image,which maybea sketch
or photo,or simplyanabstractconceptinsidetheuser'shead,replacesthetraditionalnu-
mericaltargetof geophysicalinversions.We usetheskills of anexpertwhere,atpresent,
we areunableto representthe geologywith a meaningfulmathematicaldescription.A
generaloverview of themethodappearsin areview by Takagi(2001),anddetailsspeci�c
to our geologicalmodellingarein BoschettiandMoresi (2001).Wijns et al. (submitted,
2001)usegeologicalexamplesto illustratethe inversionprocessandconvergenceto the
target.

Our presentresearchis focussedon improved visualisationof the parameterspace
during the inversionscheme,and greateruserinteractivity with the process.We have
adopteda techniqueknown asself-organisedmapping(Kohonen,2001)asa meansto
effectively view the inversionresults. Comparedwith the manualmatchingof parame-
ter combinationsandsimulationoutputs,this visualisationcreatesa considerablyeasier
environmentin which to draw conclusionsregardinggeologicalcontrolson themodel.

2 The self-organisedmap

A self-organisedmap(SOM) is a transformationof high-dimensional( � D) datainto
a lower-dimensional(usually2D) plot. It is a classi�cationalgorithmwhich separatesall
theinput datainto clustersaccordingto similarity. Topologyis preserved,i.e. two points
lying closeto oneanotherin thehigherdimensionalspacealsodosoin the2D space.

[Figure1]

The 2D SOM which we useis a displaycomposedof two differenttypesof nodes:
datanodesanddistancenodes, illustratedin Figure1. Thedatanodesrepresentthe � D
datapoints.Adjacentdatanodesre�ect pointsin � D spacewhicharesimilar. Thedistance
nodesconnectthedatanodes,andgiveanindicationof therelative distancebetweenthe

� D points. For example,in a three-parameterprobleminvolving temperature,pressure,
and time, two setsof input datapoints
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Thus, the input datavectorsare assignedto particulardatanodes,and the connecting
distancenodesarecolouredor shadedto show themagnitudeof � . Datanodesarealso
shaded,accordingto an averageof surroundingdistancenodes,to producea morecon-
tinuousmap.In practiceall parametervalueswouldbenormalisedaccordingto theirdata
extentsbeforeany calculationsaremade.

SOMhasbeenextensivelyemployedin recentyearsin bothscienti�c andengineering
applicationsin orderto visualisehigh dimensionaldataandhighlight datastructureand
clustering. Its full potentialcan probablybe bestappreciatedafter acknowledging the
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dif�culties inherentin thevisualisationof high dimensionaldata.We show its usein the
visualisationof theresultof a 6D inversionproblem,wheretheinputdataaretheparam-
etersetsusedto producenumericalmodelsof extensionalfaulting in the Earth's crust.
TheSOM plotshavebeenobtainedwith theuseof theMatlabTM SOM Toolbox,written
by JuhaVesanto.More detailsaboutSOM, aswell asthespeci�c SOM implementation
usedin this work, canbeobtainedat http://www.cis.hut.�/projects/somtoolbox. We also
refer the readerto a SOM web tutorial at http://scitec.uwichill.edu.bb/cmp/online/p21h/
lecture11/lect11a.htm.

3 Inversionof an extensionalfaulting problem

[Figure2]

The geologicalexamplewe usefor testingthe SOM techniqueis fully describedin
Wijns et al. (submitted,2001). We extenda two-layercrust,andwe aretrying to �nd a
combinationof parameters,within givenranges,with which our forwardmodellingsoft-
warewill producea seriesof faultssuchasthosesketchedin Figure2a.Ourearthmodel
is composedof abrittle uppercrustwith astrain-weakeningrheologyoverlyingaweaker,
ductile, lower crust. Theuppersurfaceis free. Thenumericalstartingmodelappearsin
Figure2b, andincludesa small initial weaknessin orderto seedthe locationof the �rst
fault. No suchinitial weaknessis actuallynecessaryfor localisingstrain,but we usethis
to maintainconsistency andthusfacilitatecomparisonsbetweenoutputs. Our example
is derived from a componentof a real conceptualmodelof faulting in the Olary region
of SouthAustralia,but canrepresentany genericproblemof widely spacedasymmetric
faulting. The modellingsoftwareusedhereis a Lagrangianintegrationpoint �nite ele-
mentcode,which is well suitedto problemsinvolving very largedeformation.Detailsof
this codecanbefoundin Moresiet al. (2001)andMoresiet al. (2002),aswell ason the
World Wide Webathttp://www.ned.dem.csiro.au/research/solidMech/PIC/Ellipsis.htm.

Modelsarerunin six batches,or generations,of eight.An expertuserrankstheoutput
imagesof the �rst generationfrom 1 to 8, accordingto their similarity with the target
image.Theserankingsarethenfedinto ageneticalgorithmwhichchoosesparametersfor
thesecondgenerationof models,andsoforth. Successiverankingsof theoutputsof each
generationallow the algorithmto progressively honein on combinationsof parameter
valueswhich produceimagesapproximatingthe target increasinglywell. The bottom
panelsof Figure 2 show the progressionof the simulationsand the rankingsaccorded
by theuserto eachoutputimage,for the �rst, second,andsixth (last)generationof the
inversionprocess.Note that dark areasin the uppercrustdenotelocalisedhigh plastic
strain,which in our visco-plasticcontinuumcodeis a representationof faults. Although
the�rst generation(paneli) doesnot produceanything resemblingthe target image,the
algorithmstill eventually�nds, throughthecontinuedhigh rankingof thebestresults,a
solutionwhichwedeemacceptable.

For reasonsof computationspeed,the resolutionof the simulationsis lower than
wouldbeproperin orderto resolve thestructuresin thisproblem.Althoughtheposition,
shape,andwidth of the faultsmaychangewith the resolution,thegeneralbehaviour of
thecrustdoesnot. Spacingof faults,generalasymmetry, anddepthof fault propagation
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remainindependentof resolution.Thereforewe arecon�dent thatwe have describedthe
correctsolutionspacefor ourparticularproblem.

4 SOM visualisationof inversiondata

[Figure3]

The input datafor the SOM visualisationconsistof 48 points in a 6D space,or 48
vectorsof six componentseach.Thesearetheresultof six generationsof eightmodels
each,andrepresentthe parameterspacewhich wassampledduring the inversionalgo-
rithm. Thesix variable(dimensionless)parametersall applyto theuppercrust.They are,
in order, theviscosity $ , cohesion%'& , friction coef�cient or pressuredependenceof the
yield curve %)( , tensilelimit %+* , maximumstrainweakening ,.- , andsaturationstrain ,.&

beyondwhich no furtherweakeningtakesplace.
Figure 3a containsthe main SOM plot, which is madeup of both datanodesand

distancenodes.Every secondnodeis a datanodewhich representsa particular6D com-
binationof modelparameters,and thereforemay correspondto oneor moreof the 48
output imagesfrom the simulations. The datanodesare separatedby distancenodes,
which areshadedaccordingto the distancebetweenvectorsasexplainedin section2.
Blackmarksthegreatestdistance,andwhite indicatesneigbouringnodes(vectors)which
arevery similar. The datanodesarealsoshadedaccordingto an averageof surround-
ing distancenodes,but this is solely for displaypurposes.A clusterin theSOM maybe
recognisedasany lightly shadedcollectionof nodeswhich is boundedby relatively dark
nodes.Suchanarearepresentsadomainof similarly parametrisedextensionmodels.

In orderto identify thedifferentmodeloutputs,wehave labelledall extensionimages
with their “absolute”rankat theendof theentireinversionexercise.This absoluterank
is obtainedby comparingall imagesandrankingthemaccordingto their similarity with
thetarget. Suchsimilarity is judgedsubjectively andassigneda valuebetween1 and10
(1 being the bestmodel). This is different from the relative rankingperformedduring
theinversionrun,which is doneonly accordingto theimagesin a singleiteration,andis
usedto direct theconvergencetowardsthetarget. Figure3b shows theSOM datanodes
only, labelledwith this absoluterank. It is clearthatthetop left domain,encircledwith a
dashedline, containsthebestclusterof modelimages.

Not every nodein Figure3b is labelled. Somepointsarevery similar in 6D space
andsharethesamedatanodein theSOM. Thereforenot every nodein thedisplaywill
beneededto representthe data. Although35 nodeswerechosento make up theSOM,
in the endwe seethat 21 aresuf�cient to descibethe dataset. From 48 input vectors
to 21 SOM nodesrepresentsgreaterthan 50% datacompression.Obviously there is
somedataloss,becausethe 48 vectorsall differ. However, we cansafelysay that the
slight differenceswhich have beenlost betweeninput vectorsdo not producenoticeable
differencesin outputimages.Wehavecapturedall distinguishablemodelresults.

[Figure4]

Figure4 illustratesthemappingof theoutputimagesontotheSOM.Bothdatanodes
anddistancenodesareincluded,asin Figure3a. Themappedimagescanbecompared
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to the labelsin Figure3b,andit is againclearthat theareain parameterspaceat thetop
left cornercontainsthe modelsmostcloselyresemblingthe target image. At this point
onemayobserve thatsomemodelsfar from the“best” corner(e.g. themodelranked5.5
in Figure4) neverthelesssharecharacteristicsof thebestmodels.This is indicativeof the
non-uniquenessof inversionsolutions– modelswith verydifferentparameterinputsmay
producenearlyidenticaloutputs.

[Figure5]

In orderto analysethein�uence of eachmodelparameteron thesolution,wemapthe
individualdimensionsontotheSOM network of datanodes.Theimagesin Figure5 use
grey-scaleintensityto representthe magnitudeof eachparameterin the 6D space.The
variablerangesarenon-normalised.Viscosityshows increasingvaluesfrom thebottom
right cornertowardsthe top left. Similar regular patternscanbe seenfor otherdimen-
sions. Whencomparedto the labelledSOM of Figure3b, theseparameterplots show
the componentvaluesassociatedwith eachmodelobtainedduring the inversion. There
is a clearcorrelationbetweenthebestmodelimagesanda high viscosity( $ ). Viscosity
appearsto betheparameterwith thetightestcontrolon goodsolutions.Thein�uence of
theotherparametersis clearaswell. For instance,althoughthe”best” domainhascon-
sistentlylow %/& and %)( , we canseethat low valuesfor theseparametersalsoallow for
modelsfartherfrom thetarget image. %'* and ,0- have lessconsistentvaluesfor thebest
models,and ,0& seemsto havetheleastcontrolonmodelresults.Theplotsin combination
couldbesummarisedasfollows: thebestmatchesto thetarget imageareachievedwith
a high viscosityandvaluesof cohesionandthefriction coef�cient at thebottomof their
ranges.Thetensilelimit andmaximumstrainweakeningmayvarysomewhatin thelower
partof their ranges,andthesaturationstrainhastheleastin�uence, althoughit muststill
be relatively low. Sucha summaryemergesquite naturallyfrom the SOM analysisbut
is dif�cult to deduceby sifting throughtheparameter�les correspondingto eachof the
images.

[Figure6]

In Figure6 we show a combinedrepresentationof the individual parameterplotsof
Figure5. Theheightof eachbar indicatesthemagnitudeof eachcomponentof thedata
vectorat every node. The orderof the barsat eachnoderefersagainto the sameorder
of thedimensionsasin Figure5. It is easyto understandthedistancebetweenSOM data
nodesby comparingbar charts. Figure6 con�rms that a large viscosity is essentialfor
producingthebestmodel(shown by thearrow), togetherwith relatively smallvaluesfor
the other� ve components.Notice that the worst solutions(bottom)arenot dictatedby
any onecomponent,e.g. a high cohesion%1& , by itself, doesnot imply a badsolution.
Eitherof Figures5 or 6 allowsaquickandcomprehensivescanof theparametercontrols
onmodeloutputs.

5 Conclusion

Geologicalmodelling is inherentlyill constrainedandsubjectto a large numberof
unknown parameters,eachwith a possiblywide rangeof values.In thesearchfor spec-
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i�ed geologicalbehaviour, thereis often no practicalnumericaldescriptionof what we
seek.Ourvisualinversionalgorithm,wheremodeloutputsareappraisedagainsta target,
providesanef�cient methodfor exploring parameterspace.Sinceparameterexploration
usuallyprovidesa modellerwith a large volumeof data,a clearvisualisationenviron-
ment is requiredalongsidean ef�cient exploration technique.We usea self-organised
map (SOM) to representour multidimensionalparameterspacein 2D. The SOM pro-
videssimpleplots from which it is easyto draw conclusionsregardingthe controlling
geologicalfactorsand the connectionsbetweenthem. This approachis a marked im-
provementover any attemptto manuallycorrelatemodelresultswith multidimensional
parametercombinations.
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Moresi,L., Dufour, F., andMühlhaus,H.-B., 2002,Mantleconvectionmodelswith vis-
coelastic/brittlelithosphere:Numericalmethodologyandplatetectonicmodeling:Pure
Appl. Geophysics(In press).
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Figure1: Illustrationof nodesin a SOM.Two datanodes
�2	
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4�������"� and
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���������� are
separatedby a distancenode.Thedistancenodeis shadedaccordingto themagnitudeof

� , ascalculatedin the text. Datanodesareusuallyalsoshaded,accordingto anaverage
of surroundingdistancenodes,for amorecontinuousdisplay.
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Figure2: (a) Target image,(b) initial geometryof thecrust,and(c) evolution of the in-
version. Panels(i) to (iii) representthe �rst two and the last (sixth) generationof the
algorithm. Imagesarerankedaccordingto their similarity with the target image,where
dark areasindicateaccumulatedplasticstrain(faults). Somemodelshave not beenex-
tendedto full lengthbecauseof numericalnon-convergence.Theseareleft unranked,and
thealgorithmordersthemrandomlysoasto �ll up thebottomrankings.Thethird image
of generationsix (paneliii) is thebestresult.
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Figure3: SOMof theextensionalfaultingdata.(a)Everysecondnodeis adatanode,sep-
aratedby distancenodeswhich indicatethedifferencebetweenneigbouringdatavectors.
Darker shadingdenoteslargerdistances.Thedatanodesarealsoshadedaccordingto an
averageof surroundingdistancenodes.(b) Only datanodesarepresent,andlabelledac-
cordingto anabsoluterankingin termsof similarity betweenassociatedextensionimages
andthe visual target. Unlabellednodesarenot associatedwith any input vectors. The
dashedline encirclesthe domainof bestmodelresults.Arrows illustratethe equivalent
datanodesbetweenthetwo displays.
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Figure4: Colourrenditionof SOMfromFigure3a.Datanodes(everysecondnode)repre-
sentoutputsfrom theinversionprocess,asillustratedby themappedimages.Theimages
are labelledwith their absoluterankings(c.f. Figure3b). The coloursof the distance
nodesin theSOM vary from blue(close)to red(far). Datanodesarecolouredaccording
to anaverageof surroundingdistancenodes.Thebestmodelimagesareclusteredin the
top left domain.
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Figure5: Individual parameterplots, datanodesonly. Grey-scaleintensity represents
themagnitudeof eachseparatevariableat eachdatanodein theSOM. Variablesarethe
viscosity$ , cohesion%/& , friction coef�cient or pressuredependenceof theyield curve %0( ,
tensilelimit %/* , maximumstrainweakening ,.- , andsaturationstrain ,.& beyondwhich
no furtherweakeningtakesplace.
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Figure6: Visualisationof theparametervectorsat eachSOM datanodefrom Figure3b.
The orderof the barsrefersto the sameorderof the parametersasin Figure5, namely

$ ,%+& , %)( , %+* , ,0- , and ,0& . Thearrow pointsto thebestmodeloutput.
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