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Abstract

We have developeda schemefor rapidly exploring and visualising parameter
spacein geologicalmodelling. The methodcombinesa visually-directednversion
algorithmwith an effective 2D representationf the multi-dimensionatesults. The
inversionproceedsy linking successie appraisal®f modeloutputsby a geologist
to a rigorousmathematicablgorithmwhich provides optimal corvergenceinto the
talget parametespace.This target parametespacds de ned by a visualrepresen-
tation of a geologicaltaget which a useraimsto reproduce- suchasa structural
crosssectionin the caseof 2D modelling.In orderto facilitateanalysisof theresult-
ing solutionswe emplg avisualisatiortechniqueknown asself-oganisedmapping
to representhe parameterof the numerousmodel outputs. The resultis a sim-
ple view of anotherwisecomplicatednulti-dimensionaproblem.A usermayinfer
muchaboutthe controlling geologicalfactorsin the modelthrougha few graphical
displaysof thedata.

1 Intr oduction

Geologicalmodellingproblemsareusuallyill constrainedandit is thereforepossible
thatnumeroudifferentmodels,with quite differentparameteralues,may t theobser
vationsequallywell. The parametespacenvolvedin theinvestigatiornof sucha problem
might have mary variablesgachwith awide rangeof possiblevalues makingvisualisa-
tion dif cult. Oftenthe problemis onewherea certaincombinationof parametewralues
is sought,suchasinitial conditionsand materialpropertieswhich givesrise to a target
geologicalbehaiour. We shov an exampleof extensionof the Earth's crust,in which
we searchor astresseld andcrustalstrength(viscosity yield stresswhich generates
speci ¢ patternof faults. We thenintroducea techniquefor effective visualisationof the
resultingmodeloutputs sothatsimpleconclusiongnaybequickly dravn concerninghe
in uence of thevariousparameters.

Commonly in trying to matcha particularscenariomodellersuseeithertrial-and-
error parametecombinationspr a systematicsweepof parametespace.Both of these
areinefcient procedures.In the former case,non-linear and thereforeunpredictable,
interactionbetweerparametersnay precludeary intelligentvariationson the partof the
user Thelatterapproactobviously becomegxtremelytime-consumingsthe numberof



parametersr their rangeincreasesWe have optedfor amathematicainversionscheme,
in thesensef thoseemployedin theinversionof geophysicatlata(e.g. Tarantola,1987),
combinedwith the visual appraisalof simulationoutputsby an expertuser in this case
a geologist,againsta tamgetimage. In essencethe targetimage,which may be a sketch
or photo,or simply anabstractoncepinsidetheusers head replaceshetraditionalnu-
mericaltargetof geophysicainversions.We usethe skills of anexpertwhere,at present,
we areunableto representhe geologywith a meaningfulmathematicatlescription. A
generabverview of themethodappearsn areview by Takagi(2001),anddetailsspeci ¢
to our geologicalmodellingarein BoschettiandMoresi(2001). Wijns et al. (submitted,
2001)usegeologicalexamplesto illustratethe inversionprocessandcorvergenceto the
target.

Our presentresearchs focussedon improved visualisationof the parameteispace
during the inversionscheme and greateruserinteractvity with the process. We have
adopteda techniqueknown as self-olganisedmapping(Kohonen,2001) as a meansto
effectively view the inversionresults. Comparedwith the manualmatchingof parame-
ter combinationsand simulationoutputs,this visualisationcreatesa considerablyeasier
environmentin whichto drav conclusionsegardinggeologicalcontrolson the model.

2 The self-organisedmap

A self-oganisedmap(SOM) is a transformatiorof high-dimensiona({ D) datainto
alower-dimensionalusually2D) plot. It is aclassi cationalgorithmwhich separateall
theinput datainto clustersaccordingto similarity. Topologyis presered,i.e. two points
lying closeto oneanothetin the higherdimensionakpacealsodo soin the 2D space.

[Figure 1]

The 2D SOM which we useis a display composedf two differenttypesof nodes:
datanodesanddistancenodesillustratedin Figurel. The datanodesrepresenthe D
datapoints.Adjacentdatanodese ect pointsin D spacevhicharesimilar. Thedistance
nodesconnecthe datanodesandgive anindicationof therelative distancebetweerthe

D points. For example,in a three-parametgurobleminvolving temperaturepressure,
andtime, two setsof input datapoints and can be considered
3D vectors,andthe distancemeasure could be calculatedasthe euclideandifference
betweervectors.

Thus, the input datavectorsare assignedo particulardatanodes,and the connecting
distancenodesare colouredor shadedo shov the magnitudeof . Datanodesarealso
shadedaccordingto an averageof surroundingdistancenodes. to producea morecon-
tinuousmap.In practiceall parametevalueswould benormalisedaccordingo theirdata
extentsbeforeary calculationsaremade.

SOM hasbeenextensvely employedin recentyearsin bothscienti c andengineering
applicationsn orderto visualisehigh dimensionadataandhighlight datastructureand
clustering. Its full potentialcan probablybe bestappreciatedafter acknavledgingthe



dif culties inherentin the visualisationof high dimensionabdata. We show its usein the

visualisationof theresultof a 6D inversionproblem,wheretheinput dataarethe param-
etersetsusedto producenumericalmodelsof extensionalfaulting in the Earth's crust.

The SOM plots have beenobtainedwith the useof the Matlab™ SOM Toolbox,written

by JuhaVesanto.More detailsaboutSOM, aswell asthe speci c SOM implementation
usedin this work, canbe obtainedat http://www.cis.hut. /projects/somtoddox. We also

referthe readerto a SOM web tutorial at http://scitec.uwichill.edu.bb/cmp/omie/p2h/

lecturell/lectlla.htm.

3 Inversionof an extensionalfaulting problem

[Figure 2]

The geologicalexamplewe usefor testingthe SOM techniqueis fully describedn
Wijns et al. (submitted,2001). We extenda two-layercrust,andwe aretryingto nd a
combinationof parameterswithin givenrangeswith which our forward modellingsoft-
warewill producea seriesof faultssuchasthosesketchedn Figure2a. Our earthmodel
is composeaf abrittle uppercrustwith astrain-weakningrheologyoverlyingawealer,
ductile, lower crust. The uppersurfaceis free. The numericalstartingmodelappearsn
Figure2b, andincludesa smallinitial weaknessn orderto seedthelocationof the rst
fault. No suchinitial weaknesss actuallynecessaryor localisingstrain,but we usethis
to maintainconsisteng andthusfacilitate comparisondetweenoutputs. Our example
is derived from a componenbf a real conceptuaimodelof faultingin the Olary region
of SouthAustralia,but canrepresentairy genericproblemof widely spacedasymmetric
faulting. The modelling software usedhereis a Lagrangianintegrationpoint nite ele-
mentcode,whichis well suitedto problemsnvolving very large deformation.Detailsof
this codecanbefoundin Moresietal. (2001)andMoresietal. (2002),aswell asonthe
World Wide Webat http://www.ned.dem.csiro.au/research/solidMech/PIC/EKigm

Modelsarerunin six batchespr generationspf eight. An expertuserrankstheoutput
imagesof the rst generationfrom 1 to 8, accordingto their similarity with the target
image.Theseaankingsarethenfedinto ageneticalgorithmwhichchooseparametersor
thesecondyeneratiorof models,andsoforth. Successie rankingsof the outputsof each
generationallow the algorithmto progressiely honein on combinationsof parameter
valueswhich produceimagesapproximatingthe target increasinglywell. The bottom
panelsof Figure 2 showv the progressiorof the simulationsand the rankingsaccorded
by the userto eachoutputimage,for the rst, secondandsixth (last) generatiorof the
inversionprocess.Note that dark areasin the uppercrustdenotelocalisedhigh plastic
strain,whichin our visco-plasticcontinuumcodeis a representationf faults. Although
the rst generation(paneli) doesnot producearything resemblinghetargetimage,the
algorithmstill eventually nds, throughthe continuedhigh rankingof the bestresults,a
solutionwhichwe deemacceptable.

For reasonsof computationspeed,the resolutionof the simulationsis lower than
would be properin orderto resolwe the structuresn this problem.Althoughthe position,
shape andwidth of the faultsmay changewith the resolution,the generalbehaiour of
the crustdoesnot. Spacingof faults,generalasymmetryanddepthof fault propagation
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remainindependentf resolution.Thereforewe arecon dent thatwe have describedhe
correctsolutionspacdor our particularproblem.

4 SOM visualisation of inversion data

[Figure 3]

The input datafor the SOM visualisationconsistof 48 pointsin a 6D space,or 48
vectorsof six componenteach. Thesearethe resultof six generation®f eightmodels
each,andrepresenthe parametespacewhich was sampledduring the inversionalgo-
rithm. Thesix variable(dimensionlessparametersll applyto theuppercrust. They are,
in order theviscosity , cohesion , friction coefcient or pressuralependencef the
yieldcurve ,tensilelimit , maximumstrainwealening , andsaturatiorstrain
beyondwhich no furtherwealeningtakesplace.

Figure 3a containsthe main SOM plot, which is madeup of both datanodesand
distancenodes.Every secondhodeis a datanodewhich represents particular6D com-
binationof model parametersand thereforemay correspondo one or more of the 48
outputimagesfrom the simulations. The datanodesare separatedy distancenodes,
which are shadedaccordingto the distancebetweenvectorsas explainedin section?2.
Black marksthe greatestlistanceandwhite indicatesneigbouringhodesvectors)which
arevery similar. The datanodesare alsoshadedaccordingto an averageof surround-
ing distancenodes put this is solelyfor displaypurposesA clusterin the SOM may be
recognisedsary lightly shadectollectionof nodeswhichis boundedoy relatively dark
nodes.Suchanarearepresenta domainof similarly parametrise@xtensionmodels.

In orderto identify the differentmodeloutputs we have labelledall extensionimages
with their “absolute’rank at the endof the entireinversionexercise. This absoluterank
is obtainedby comparingall imagesandrankingthemaccordingto their similarity with
thetarget. Suchsimilarity is judgedsubjectvely andassigned valuebetweenl and10
(1 beingthe bestmodel). This is differentfrom the relative ranking performedduring
theinversionrun, whichis doneonly accordingto theimagesin a singleiteration,andis
usedto directthe corvergencetowardsthetarget. Figure 3b shavs the SOM datanodes
only, labelledwith this absoluterank. It is clearthatthetop left domain,encircledwith a
dashedine, containghe bestclusterof modelimages.

Not every nodein Figure 3b is labelled. Somepointsare very similar in 6D space
andsharethe samedatanodein the SOM. Thereforenot every nodein the displaywill
be neededo representhe data. Although 35 nodeswere chosernto make up the SOM,
in the endwe seethat 21 are sufcient to descibethe dataset. From 48 input vectors
to 21 SOM nodesrepresentgreaterthan 50% datacompression. Obviously thereis
somedataloss, becausehe 48 vectorsall differ. However, we cansafely saythatthe
slight differenceswhich have beenlost betweennput vectorsdo not producenoticeable
differencesn outputimages.We have capturedall distinguishablenodelresults.

[Figure4]

Figure4 illustratesthe mappingof the outputimagesontothe SOM. Both datanodes
anddistancenodesareincluded,asin Figure3a. The mappedmagescanbe compared
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to thelabelsin Figure3b, andit is againclearthatthe areain parametespaceat thetop
left cornercontainsthe modelsmostcloselyresemblingthe tagetimage. At this point
onemay obsene thatsomemodelsfar from the “best” corner(e.g. the modelranked5.5
in Figure4) neverthelessharecharacteristicsf thebestmodels.Thisis indicative of the
non-uniguenesgsf inversionsolutions— modelswith very differentparametemputsmay
producenearlyidenticaloutputs.

[Figure 5]

In orderto analysehein uence of eachmodelparameteonthe solution,we mapthe
individual dimensionntothe SOM network of datanodes.Theimagesn Figure5 use
grey-scaleintensityto representhe magnitudeof eachparametein the 6D space.The
variablerangesare non-normalisedViscosity showvs increasingvaluesfrom the bottom
right cornertowardsthe top left. Similar regular patternscanbe seenfor otherdimen-
sions. When comparedo the labelled SOM of Figure 3b, theseparameteiplots shav
the componentwaluesassociateavith eachmodelobtainedduring the inversion. There
is a clearcorrelationbetweerthe bestmodelimagesanda high viscosity( ). Viscosity
appeardo bethe parametewith thetightestcontrolon goodsolutions.Thein uence of
the otherparameterss clearaswell. For instance althoughthe "best” domainhascon-
sistentlylow  and , we canseethatlow valuesfor theseparameterslsoallow for
modelsfartherfrom thetamgetimage. and havelessconsistentaluesfor the best
modelsand seemdo havetheleastcontrolonmodelresults.Theplotsin combination
could be summariseasfollows: the bestmatchedo the targetimageare achiezed with
a high viscosityandvaluesof cohesiomandthefriction coefcient atthe bottomof their
ranges.Thetensilelimit andmaximumstrainwealeningmayvary somevhatin thelower
partof their rangesandthe saturatiorstrainhastheleastin uence, althoughit muststill
be relatively low. Sucha summaryemegesquite naturallyfrom the SOM analysisbut
is dif cult to deduceby sifting throughthe parameterles correspondingo eachof the
images.

[Figure 6]

In Figure6 we shav a combinedrepresentationf the individual parameteplots of
Figure5. The heightof eachbarindicatesthe magnitudeof eachcomponenof the data
vectorat every node. The orderof the barsat eachnoderefersagainto the sameorder
of thedimensionsasin Figureb. It is easyto understandhe distancebetweenSOM data
nodesby comparingbar charts. Figure 6 con rms thata large viscosityis essentiafor
producingthe bestmodel(shovn by the arraw), togethemwith relatively smallvaluesfor
the other ve components.Notice that the worst solutions(bottom) are not dictatedby
ary onecomponentge.g. a high cohesion , by itself, doesnot imply a bad solution.
Eitherof Figures5 or 6 allows a quickandcomprehensie scanof the parametecontrols
on modeloutputs.

5 Conclusion

Geologicalmodelling is inherentlyill constrainedand subjectto a large numberof
unknavn parametersgachwith a possiblywide rangeof values.In the searchfor spec-
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i ed geologicalbehaiour, thereis often no practicalnumericaldescriptionof whatwe

seek.Ourvisualinversionalgorithm,wheremodeloutputsareappraisecgainsiatarmet,
providesanef cient methodfor exploring parametespace.Sinceparameteexploration
usually providesa modellerwith a large volume of data,a clear visualisationerviron-

mentis requiredalongsidean ef cient explorationtechnique. We usea self-oganised
map (SOM) to represenpbur multidimensionalparameteispacein 2D. The SOM pro-

vides simple plots from which it is easyto drav conclusiongegardingthe controlling
geologicalfactorsand the connectiondetweenthem. This approachis a marked im-

provementover ary attemptto manuallycorrelatemodelresultswith multidimensional
parametecombinations.
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Figurel: lllustrationof nodesin a SOM. Two datanodes and are
separatedby a distancenode.Thedistancenodeis shadedaccordingto the magnitudeof

, ascalculatedn thetext. Datanodesareusuallyalsoshadedaccordingto anaverage
of surroundingdistancenodesfor amorecontinuoudisplay
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Figure2: (a) Targetimage,(b) initial geometryof the crust,and(c) evolution of thein-
version. Panels(i) to (iii) representhe rst two andthe last (sixth) generationof the
algorithm. Imagesareranked accordingto their similarity with the targetimage,where
dark areasindicateaccumulateglastic strain (faults). Somemodelshave not beenex-
tendedo full lengthbecaus®f numericalnon-cowemgence Theseareleft unranked,and
thealgorithmordersthemrandomlysoasto Il upthebottomrankings.Thethird image
of generatiorsix (paneliii) is thebestresult.
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Figure3: SOM of theextensionafaultingdata.(a) Everyseconchodeis adatanode sep-
aratedby distancenodeswhichindicatethe differencebetweemeigbouringdatavectors.
Darker shadingdenotedargerdistancesThe datanodesarealsoshadedaccordingto an
averageof surroundingdistancenodes.(b) Only datanodesarepresentandlabelledac-
cordingto anabsoluteankingin termsof similarity betweerassociateéxtensionimages
andthe visual target. Unlabellednodesare not associatedvith any input vectors. The
dashedine encirclesthe domainof bestmodelresults. Arrows illustrate the equivalent
datanodesbetweerthetwo displays.



Figure4: Colourrenditionof SOMfrom Figure3a. Datanodeqevery seconchode)repre-
sentoutputsfrom theinversionprocessasillustratedby the mappedmages.Theimages
are labelledwith their absoluterankings(c.f. Figure 3b). The coloursof the distance
nodesin the SOM vary from blue (close)to red (far). Datanodesarecolouredaccording
to anaverageof surroundingdistancenodes.The bestmodelimagesareclusteredn the
top left domain.
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Figure5: Individual parametemplots, datanodesonly. Grey-scaleintensity represents
the magnitudeof eachseparatevariableat eachdatanodein the SOM. Variablesarethe
viscosity , cohesion , friction coefcient or pressurelependencef theyieldcurve
tensilelimit , maximumstrainwealening , andsaturationstrain  beyondwhich

no furtherwealeningtakesplace.
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Figure6: Visualisationof the parameterectorsat eachSOM datanodefrom Figure 3b.
The orderof the barsrefersto the sameorderof the parameterasin Figure5, namely
., » » , ,and . Thearrow pointstothebestmodeloutput.
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