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Abstract

We presenta first steptowardsthe developmentof a systemthat would allow geological

modelsto evolve backwardsin time. Themethodof interactive evolutionarycomputation

providesfor theinclusionof geologicalknowledgeandexpertisein arigorousmathematical

inversionscheme,by simplyaskinganexpertuserto visuallyevaluatedifferentgeological

models.Thepotentialof thetechniqueis demonstratedfor examplesof faultingandfolding.
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1 Introduction

In recentyearsfastcomputershaveallowedthedevelopmentof quitesophisticated

forward modellingof geologicalprocesses.Platetectonics,faulting and folding,	
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mantleconvection,andfluid flowscanall betreatedin arigorousnumericalfashion,

muchin the sameway astraditionalgeophysicalapplicationssuchasseismicor

potentialfield problems.

In general,forward modelling allows us to answerquestionssuchas “What re-

sponseshouldI expectundertheseinitial conditions?”(e.g. “What faultswill be

generatedby this stressfield in this material?”,“What convectionpatternwill be

generatedby this temperaturegradient?”,“With this slopewill this openpit be

stable?”,andso on.). The answeris obtainedby providing a computercodewith

certaininput parameters,runningthecodefor a numberof time steps,andlooking

at thefinal result,mostoftenin theform of ageologicalsectionor 3D model.

However, most real world problems,including geologicalones,require an an-

swerto a questionthatgoesin theoppositedirection,i.e., “What initial conditions

mayresultis this geologicalresponse?”(e.g. “What stressfield cangeneratethese

faults?”,“What temperaturegradientcanproducethismantleconvectionpattern?”,

or “What slopewill allow this openpit to bestable?”).This is a far morecompli-

catedmathematicalproblem,for which an analytic solution rarely exists. More

often,theanswermustbefoundby iterativenumericaltrial anderrormethods,that

are very computationallyintense,often mathematicallyunstable,and frequently

cannotprovideanexactsolution.In appliedmathematicsandengineeringthisgoes

undertheterminversetheory, or simply inversion(Tarantola,1987).

We believe that inversionis thenaturalstepforward in geologicalmodelling.The

potentialof suchanapplicationwouldbetremendousgiventhat,broadlyspeaking,

reconstructinginitial geologicalconfigurationsfrom their geologicalresponsesis

very muchwhatgeologyis about,andis an implicit inverseproblemtackledon a

daily basisby everygeologist.
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The reality of inversioninvolvesdifficult mathematicalhurdles.To the underly-

ing non-uniquenessand instabilitiesof the mathematicalproblem,we must add

complexities prevalentin geology. This includesincompleteknowledgeof thege-

ological processitself as well as a lack of exhaustive data.Data are most often

comprisedof occasionaloutcrops(sparse2D data)for problemsthat are clearly

four-dimensional(volumeplustimeevolution).

To overcomethesemany difficulties,geologistsusetheir intuition andexperience

to focusonly on the “geologically reasonable”modelswhich lead to the partic-

ular formationsthey observe. Thereis, of course,a dangerthat their experience

andintuition will filter outphysicallyvalid modelswhich they havenot previously

encountered.In our approachwehavecombinedtheformalmethodologyof math-

ematicalinversionwith the geologist’s expert knowledge,in order to unravel the

mechanicalevolutionof ageologicalformation.

The power of this approachlies in the wide variety of applicationswith which it

candeal.In this paperwe presentexperimentsin modellingextensionalfaulting,

multiple wavelengthfolding, and convective thermalprofiles in the mantle.The

techniquewe proposecanhelpevery time a problemneedsvisualappraisalof the

resultsor experienceand a priori knowledge.All that is requiredis a codethat

allows theuserto forwardmodelaprocessandview its result.

2 Method

At present,geologicalmodellingis almostexclusivelyconfinedto theforwardmod-

elling stage.Thequality of a solutionis oftenjudgedaccordingto its resemblance

to patternsseenin the field, to the fact that it doesnot contradictbasicgeologi-
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cal principles,or simply to themodeller’s a priori expectations.Fit to datacanbe

usedasa further criterion whenavailable,but this is rarely possiblein a formal

mathematicalway.

Recently, researchin artificial intelligencehasresultedin systemsto supportartistic

creativity (Takagi,2001).They havebeenused,for example,in graphicdesignand

music composition.The systemstake advantageof fastcomputationto generate

a suiteof imagesor music sequences.An artist looks at the different imagesor

listensto piecesof musicandranksthemaccordingto his or her preferences.An

inversionstrategy takesinto accountsuchjudgementin aformalmathematicalway

to generateanew setof imagesor musicsequences,iteratively converging towards

theartist’s tastes.This techniquefor directingthesearchthroughparameterspace

is calledinteractiveevolutionarycomputation(IEC).

We have extendedthe useof suchtechniquesto geologicalapplicationsin which

subjective judgmentis necessaryto evaluategeologicalmodelsin the absenceof

sufficient constraints.We believe thesystemrepresentsanadvanceon traditional,

time-consumingtrial anderrorapproachesby providing a formal role for relevant

geologicalexperienceandknowledgein inversion.Thetraditionalnumericalmea-

sureof datamismatchis replacedby theuser’ssubjectiveevaluation.Humansfind it

hardto expresssubjectivejudgmentwith absolutevalues,while they generallyfind

it mucheasierto comparedifferent instancesof the sameprocessandrank them

accordingto certaincriteria.Consequently, interactive inversionworksby produc-

ing differentpossiblesolutionsandpresentingthemto the userfor judgmentand

ranking.

Geneticalgorithms(GAs) area searchmethodsuitablefor theinversionof highly

non-linearfunctions.Startingwith asetof randomsolutions,thesealgorithmspro-
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gressively modify the solutionsetby mimicking the evolutionarybehavior of bi-

ologicalsystems(selection,cross-over andmutation),until anacceptableresultis

achieved. SinceGAs work by optimisingan ensembleof solutions,unlike other

inversionalgorithmsthatoptimiseonesinglesolution,they areanobviouschoice

astheinternalenginefor interactive inversionapplications.

GAs areanestablishedtechniquetoday, with a wide rangeof applicationsto both

theoreticalandindustrialproblems.Wereferthereaderto Goldberg (1989)for aba-

sicdescriptionof GAsandto Boschettietal. (1996),for amoredetaileddescription

of thespecificGA implementationusedin this work. Themathematicallyoriented

readermay alsorefer to BoschettiandMoresi (2001)for a discussionon the im-

plicationsof subjective evaluationon thesearchspacelandscapeandconvergence

speed.

Our IEC systemworks by linking a geologicalforward model to a GA. The for-

ward modellingcodeusedhereis a particle-in-cellfinite elementcodewhich is

well suited to problemsinvolving very large deformation.Details of this code

can be found in Moresi and Solomatov (1995) as well as on the World Wide

Webathttp://www.ned.dem.csiro.au/research/solidMech/PIC/Ellipsis.htm. Thein-

versionprocessworksasfollows:a geologistusesthecomputercodewith theaim

of producinga geologicalmodelthatmatchesa targetgeologicalsection.A num-

berof selectedparametersis allowedto varywithin givenranges.TheGA initially

generatesa suiteof differentmodelsusingrandomlypicked parametervalues.In

our case,thesemodelscould be staticgeologicalmodelsor animationsshowing

time evolution.Presentscientifictechnologydoesnot admitanautomatedmethod

of discriminatingbetweengeologicallyappropriateresults,so thegeologistranks

eachof themaccordingto geologicalcriteria,guidedby his or herexperienceand

knowledge.Oncethe resultsareranked, the GA appliesmathematicallyrigorous
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methodsto generatea new setof modelsthatprogressively convergestowardsthe

target geologicalsection.An elementof randomnessis alsopart of the approach,

allowing unexpectedmodelsto begeneratedandperhapssuggestingnew possibil-

itiesoutsidetheexperienceor expectationof thegeologist.

3 Results

3.1 Faulting

The first exampleseeksto reproducecommonextensionalstructuresin a rifting

environment.Therankingof forwardmodelresultsis baseduponcomparisonwith

a targetimage,in thiscasethesimplifiedline sketchof Fig. 1(a).Althoughthefor-

wardmodelsevolve in time, in this introductionto our inversionmethod,only the

final configurationsareusedfor visualevaluation.Themodelis composedof two

initially homogeneouscrustallayers,ontopof whichis alow density, low viscosity

backgroundmaterialwhich doesnot interferewith themechanicsof theproblem.

This initial configurationis illustratedin Fig. 1(b), in which thebox hasanaspect

ratio of four. We arescalingto a true heightof 15 km, which includesan upper

crustalthicknessof 9 km, andthetop 3 km of thelowercrust.Theuppercrusthas

strain-softeningproperties,which causeinitial strainperturbationsto localise.We

includesuchaninitial weaknessin theupperlayer in orderto control the location

of thefirst fault.This perturbationis smallenoughthat it doesnot affect thedirec-

tion or depthof fault propagation.Thefault geometryandsuccessive fault spacing

arisenaturally from the initial conditionsof the problem.Strain-softeningis our

approximationto brittle behaviour in the uppercrust– a yield law prescribesan
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Thecoefficients
-9/

and �2� arearbitraryparametersin thestrain-softeninglaw. The

“saturation”strain �2� is the point beyond which no further strainsofteningtakes

place,andatthispointthemaximumproportionof strainweakeningis givenby
-+/

.

Wealsoincludeafailurecriterionin tensionusingaparameter��< whichrepresents

the (isotropic)stresslimit in tension.Beyond this limit we assumefailure,which

in our continuumcaseis approximatedby animmediatethousandfoldreductionin

theyield stress
�� .
Eight forward modelsare run at eachstepof the inversion.We allow six upper

crustalstrengthparametersto vary: viscosity and the five yield law coefficients

describedabove.Thesevariablesarealsolistedin Table1.

Extensionproceedsby applyingauniformvelocityto theright-handboundary. Fig.

1 illustratesthe evolution of resultsusingthe IEC algorithm.We infer thatbands

of highlocalisedstrainrepresentfaults.Accumulatedstrainis indicatedby areasof

darkenedmaterial,andthedegreeof shadingis indicative of theamountof strain.

Thefirst panel(i) containsnomodelswhichresemblethetargetimage.In fact,only

two modelshave convergednumericallyandbeenextendedto full length.Models

7



6 and8 exhibit structurespenetratingtheuppercrust,andfor this reasonthey are

ranked first andsecond,respectively. The othermodelsdo not merit ranking,but

arenonethelessweightedrandomlyby theGA in orderto fill up theremainingsix

positions.

Panelii of Fig. 1 containstheseconditerationof thealgorithm.Onceagainthere

are four modelswhich do not converge numerically, but thosethat do converge

generallydisplaymorecrustal-scalestructuresthanin thefirst iteration.Therankof

eachmodelresultis notedbelow eachimage.We continueiteratingin this manner

a total of six times,at which point half of the resultingimagesare qualitatively

similar to thetargetimage(Fig. 1, paneliii), andtheprocessis halted.

The outcomeof this experimentis a setof crustalstrengthparametersthat leads

to thebehaviour observedandinferredin thefield. These(dimensionless)param-

etersarelisted in Table1, togetherwith their initial ranges,thefinal valueswhich

give riseto thehighest-rankedmodelof thefinal generation(Fig. 1,paneliii, third

model),andtherangeof eachparameterfor thefour top-rankedmodelsof thefinal

generation.We candraw a few conclusionsfrom thesefinal values.Considering

that we have set the lower crustalviscosity at 200, the uppercrust must have a

viscositywhich is about45 timesasgreat,in orderfor faultingto occurinsteadof

simpleviscousstretching.Thisviscosityfactoris in conjunctionwith avalueof
-+/

whichindicatesaminimum 
�� of 20%of theoriginalstrengthaftermaximumstrain

weakening,anda low limit in tensionbeforeyielding.Thealgorithmsettleson low

surfacecohesionvalues,but the pressuredependence,whenscaledaccordingto

theproblem,is roughlyequivalentto ayield strengthincreaseof about4 MPa/km.

This is quitecloseto thegradientgivenby Byerlee’sLaw for adry crust(Braceand

Kohlstedt,1980).Lookingat thefinal rangeof thesaturationstrain �2� , wenotethat

thisparametermayvarymoresignificantlywithoutaffectingthecrustalbehaviour.
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3.2 Folding

In thisnext problem,wewould liketo investigatetheconditionswhichpromotethe

developmentof multiplesimultaneousfolding wavelengthsasaboxof layeredma-

terial (Fig. 2a)is compressedfrom oneend.Thereis aninitial wavelengthpresent,

andwe look for theappearanceof at leastonemorewavelength,in contrastto ob-

servingonly thepassiveamplificationof theinitial perturbation.Wedonot referto

any target image,asin this exampleour target is deliberatelyvague.We in factset

out to explore the diversity of parametercombinationswhich arecapableof pro-

ducingany kind of multiplewavelengthfolding. Weallow theGA to varythelayer

viscositiesandthicknessesaswell astheir yield stresses.

Fig. 2(b) shows the fifth and final generationof the algorithm, in which half of

the outcomesdisplay multiple wavelengthsof folding. An analysisof the input

parametersshowsusthatsuchbehaviour dependsuponthepresenceof at leastone

layerwith highviscosityandyield stress(i.e. strong)andat leastonelayerwhichis

substantiallyweaker, eitherthrougha low viscosityor a low yield stress.We have

discoveredtwo differentmechanismswhich leadto similar results.Thevarietyof

different resultswhich is deemedacceptableis indicative of the variation in the

otherparameters,i.e. which layersarestrongor weak,andrelative thicknesses.

4 Discussion

In theabove exampleswe wish to arrive at someparticularbehaviour of thecrust

duringdeformation.Findingasuitablecombinationof parameterswhichgivesrise

to this behaviour would previously have involved oneof two morelaboriousap-

proaches:the manualselectionof parametersby trial anderror, or an exhaustive
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coverageof all parametricspace.Trial anderrormaysucceedwith a limited num-

berof parameters,but dependsupontheuser’sknowledgeof thecouplingandfeed-

backbetweenparameters,which, in highly non-linearproblemsinvolving complex

crustalrheologies,may be impossible.A parametricstudy quickly becomesun-

feasibledueto the sheernumberof modelswhich mustbe run asthe numberof

parametersis increased.In the extensionproblem,in excessof 650 000 models

would have to berun ion orderto cover all possibleparametercombinations.Nei-

ther of theseapproachestakes full advantageof the expert knowledgeof a field

geologist,who may for examplehave a limited graspof numericalmodellingor

physics,but a vaststoreof observationalexperience.

Our IEC methodcan be usedby a field expert to invert for model parameters

throughthe comparisonof suitableimages.The first case,involving faulting of

thecrust,is anexampleof a specificinversiontargetwhereanimagehasreplaced

a numericaltarget.The GA convergesupona setof parameterswhich allows us

to reproducetheconceptualmodelof thegeologist.In this manner, assumingthat

we have constrainedtheinput parametersto bephysicallyrealistic,we areableto

validatetheconceptualmodel.The folding exampleillustratestheuseof the IEC

algorithmasa classificationtool, wherea rankingis arguable.The GA gradually

accumulatesmoremodelsin theappropriate(subjective)category. Theanalysisof

theresultsin thiscaseis morecomplicatedandinvolvessifting throughthehistory

of thedifferentgenerations.Becausea rangeof resultswill bedeemedacceptable,

therewill notbethesamedefiniteconvergenceof parametersasin thefaultingex-

ample.Theusermustcollect thesatsifactorycombinationsof parametersover all

generations.

In both casesabove we caninvestigatethesensitivity of the resultsto changesin

our chosenvariables.For example,in theextensionproblem,a parametersuchas
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thesaturationstrain �2� hasonly a weakinfluenceon theoutcome,i.e. it hasa rel-

atively large final range.On the otherhand,parameterssuchasthe viscosityand

thepressuredependence��� imposetight restrictionson themodelbehaviour. The

algorithmhassettledon singlefinal valueswhich producethe desiredbehaviour.

With theinversionapproachin general,mostlate-stagemodelsarecloseto thetar-

getin parameterspace,andsoabackanalysisthroughall generationsis instructive

for lookingat thesensitivity of parameters.

An importantcomponentof this interactive inversiontechniqueis its capabilityof

suggestingsurpriseresults.A systematicor intuitiveapproachrelieson theexperi-

enceof themodeller, andmaymissrealistictargetswhich lie outsidetherealmof

modellingspacewhich is envisaged.TheGA, althoughconverginguponaspecific

areain parameterspace,alsoprovidesfor randomsolutions.If rankedhighly, such

a randomsolutionmay openup an entirely differentclassof modelswhich also

yield realisticresults.

The exampleinversionswhich we have usedmake useof the final static model

results.However, sinceall forward modelsevolve in time, the rankingprocedure

may be mademore sophisticatedby consideringthe evolution of the structures

involved.Multiple processesmay leadto the sameoutcome,thusby considering

theevolutionaryhistoryof themodel,we maybetterdiscriminatebetweenresults.

Thiswill reducethenon-uniquenessof theinversionsolution.

5 Conclusions

We have demonstratedthe geologicalapplicationof a visual inversionalgorithm.

Thetechniqueof interactiveevolutionarycomputationhasconsiderablydiminished
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the effort requiredto explore parameterspaceduring the inversionof conceptual

modelsin geology. Webypassthelackof numericaldatafor aninversiontargetby

usinga geneticalgorithmtogetherwith imagerankingto focuson a visual target.

This approachexploits theexperienceandknowledgeof anexpertuserin a visual

andthereforeintuitiveenvironment.
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Table Captions

Table 1. Six uppercrustalparametersare free to vary during the inversion.The

“best” valuesgive rise to the top-ranked model of the last generation.The last

column gives the rangeof parametervaluesfor the top four modelsof the last

generation.
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Figure Captions

Fig. 1. Target image(a), initial geometryof thecrust(b), andevolution of theIEC

inversion.Panels(i) to (iii) representthefirst two andthelastgenerationof theGA.

Imagesarerankedaccordingto theirsimilarity with thetargetimage.Somemodels

havenotbeenextendedto full lengthbecauseof numericalnon-convergence.These

are left unranked, and the GA ordersthemrandomlyso as to fill up the bottom

rankings.

Fig. 2. Initial slightly perturbedlayersfor the folding problem(a), andfinal gen-

erationof the GA (b). Rankingsimply includesor excludesthe result from the

categoryof multiplewavelengthfolding.
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Table1

Parameter Initial range Increment “Best” value Range

Viscosity 5000- 10000 1000 9000 9000

Cohesion= � 0 - 2000 200 0 0 - 200

Pressuredependence= � 0 - 1.0 0.1 0.2 0.2

Tensionlimit = < 100- 1000 100 100 100- 200

Maximumstrainweakening > /
0.1- 0.9 0.1 0.2 0.2

“Saturationstrain” ? � 0.1- 1.0 0.1 0.7 0.3- 0.7
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Fig. 1.
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Fig. 2.
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