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Abstract

We presenta first steptowardsthe developmentof a systemthat would allow geological
modelsto evolve backwardsin time. The methodof interactve evolutionarycomputation
providesfor theinclusionof geologicaknowledgeandexpertisein arigorousmathematical
inversionschemeby simply askinganexpertuserto visually evaluatedifferentgeological

models.Thepotentialof thetechniquds demonstratetbr examplesof faultingandfolding.
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1 Introduction

In recentyearsfastcomputerdave allowedthe developmentof quitesophisticated

forward modelling of geologicalprocessesPlatetectonics,faulting and folding,
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mantleconvection,andfluid flows canall betreatedn arigorousnumericafashion,
muchin the sameway astraditional geophysicabpplicationssuchas seismicor

potentialfield problems.

In general,forward modelling allows us to answerquestionssuchas “What re-
sponseshouldl expectundertheseinitial conditions?”(e.g. “What faultswill be
generatedy this stressfield in this material?”,“What corvectionpatternwill be
generateduy this temperaturegradient?”,“With this slopewill this openpit be
stable?”,andso on.). The answeris obtainedby providing a computercodewith
certaininput parametersunningthe codefor a numberof time stepsandlooking

atthefinal result,mostoftenin theform of a geologicalsectionor 3D model.

However, most real world problems,including geologicalones,require an an-
swerto a questionthatgoesin the oppositedirection,i.e., “What initial conditions
may resultis this geologicalresponse?{e.g. “What stresdield cangeneratehese
faults?”,“What temperaturgradientcanproducethis mantleconvectionpattern?”,
or “What slopewill allow this openpit to be stable?”).This is a far morecompli-
catedmathematicalproblem, for which an analytic solution rarely exists. More
often,theanswemustbefoundby iterative numericaltrial anderrormethodsthat
are very computationallyintense,often mathematicallyunstable,and frequently
cannofprovide anexactsolution.In appliedmathematicendengineeringhis goes

undertheterm inversetheory or simply inversion(Tarantola, 1987).

We believe thatinversionis the naturalstepforwardin geologicalmodelling.The
potentialof suchanapplicationwould betremendougjiventhat,broadlyspeaking,
reconstructingnitial geologicalconfigurationdrom their geologicalresponsess
very muchwhatgeologyis about,andis animplicit inverseproblemtackledon a

daily basisby every geologist.



The reality of inversioninvolvesdifficult mathematicahurdles.To the underly-
ing non-uniguenesand instabilities of the mathematicaproblem,we mustadd
compleities prevalentin geology This includesincompleteknowledgeof the ge-
ological processditself aswell asa lack of exhaustve data.Data are most often
comprisedof occasionabutcrops(sparse2D data)for problemsthat are clearly

four-dimensionalvolumeplustime evolution).

To overcomethesemary difficulties, geologistausetheir intuition andexperience
to focusonly on the “geologically reasonable’modelswhich lead to the partic-
ular formationsthey obsere. Thereis, of course,a dangerthat their experience
andintuition will filter out physicallyvalid modelswhichthey have not previously
encounteredn our approactwe have combinedheformal methodologyof math-
ematicalinversionwith the geologists expert knowledge,in orderto unravel the

mechanicakvolution of ageologicalformation.

The power of this approacHies in the wide variety of applicationswith which it
candeal.In this paperwe presentexperimentsin modelling extensionalfaulting,
multiple wavelengthfolding, and corvective thermalprofilesin the mantle. The
techniquewe proposecanhelp every time a problemneedsvisual appraisabf the
resultsor experienceand a priori knowledge.All thatis requiredis a codethat

allowstheuserto forwardmodela processandview its result.

2 Method

At presentgeologicaimodellingis almostexclusively confinedio theforwardmod-
elling stage.The quality of a solutionis oftenjudgedaccordingto its resemblance

to patternsseenin the field, to the factthatit doesnot contradictbasicgeologi-



cal principles,or simply to the modellers a priori expectationsFit to datacanbe
usedasa further criterion when available, but this is rarely possiblein a formal

mathematicalay.

Recentlyresearcltn artificial intelligencehasresultedn systemgo supporiartistic
creatvity (Takagi,2001).They have beenusedfor example,in graphicdesignand
music composition.The systemstake advantageof fastcomputationto generate
a suite of imagesor music sequencesAn artist looks at the differentimagesor
listensto piecesof musicandranksthemaccordingto his or her preferencesAn
inversionstratgy takesinto accounsuchjudgementin aformal mathematicalvay
to generatea new setof imagesor musicsequencesteratively cornverging towards
the artist’s tastes.This techniquefor directingthe searchthroughparametespace

is calledinteractve evolutionarycomputationIEC).

We have extendedthe useof suchtechniquego geologicalapplicationsin which
subjectve judgmentis necessaryo evaluategeologicalmodelsin the absenceof
sufficient constraintsWe believe the systemrepresentsn advanceon traditional,
time-consumindrial anderrorapproachesby providing a formal role for relevant
geologicalexperienceandknowledgein inversion.Thetraditionalnumericalmea-
sureof datamismatchs replacedy theuserssubjectve evaluation Humandind it
hardto expresssubjectve judgmentwith absolutevalueswhile they generallyfind
it mucheasierto comparedifferentinstancef the sameprocessand rank them
accordingto certaincriteria. Consequentlyinteractve inversionworks by produc-
ing differentpossiblesolutionsand presentinghemto the userfor judgmentand

ranking.

Geneticalgorithms(GAs) area searchmethodsuitablefor the inversionof highly

non-linearfunctions.Startingwith a setof randomsolutions thesealgorithmspro-



gressvely modify the solutionsetby mimicking the evolutionary behaior of bi-
ological systemgselection cross-@er andmutation),until anacceptableesultis
achieved. Since GAs work by optimisingan ensembleof solutions,unlike other
inversionalgorithmsthat optimiseonesinglesolution,they areanobvious choice

astheinternalenginefor interactve inversionapplications.

GAs arean establishedechniquetoday with a wide rangeof applicationgo both
theoreticahndindustrialproblemsWereferthereadeito Goldbeg (1989)for aba-
sicdescriptiorof GAsandto Boschettietal. (1996),for amoredetaileddescription
of the specificGA implementatiorusedin this work. The mathematicallyoriented
reademmay alsoreferto Boschettiand Moresi (2001) for a discussioron the im-

plicationsof subjectve evaluationon the searchspacdandscapendcornvergence

speed.

Our IEC systemworks by linking a geologicalforward modelto a GA. The for-
ward modelling codeusedhereis a particle-in-cellfinite elementcodewhich is
well suitedto problemsinvolving very large deformation.Details of this code
can be found in Moresi and Solomate (1995) as well as on the World Wide
Webat http://www.ned.dem.csiro.au/research/solidMech/PIC/Ellybsm. Thein-
versionprocessvorksasfollows: a geologistusesthe computercodewith theaim
of producinga geologicalmodelthat matchesa target geologicalsection.A num-
berof selectecparameterss allowedto vary within givenrangesThe GA initially
generates suite of differentmodelsusingrandomlypicked parametewralues.In
our case,thesemodelscould be static geologicalmodelsor animationsshowving
time evolution. Presenscientifictechnologydoesnot admitan automatednethod
of discriminatingbetweengeologicallyappropriateresults,so the geologistranks
eachof themaccordingto geologicalcriteria, guidedby his or her experienceand

knowledge.Oncethe resultsareranked, the GA appliesmathematicallyrigorous



methodgo generatea new setof modelsthat progressiely cornvergestowardsthe
target geologicalsection.An elementof randomnesss alsopart of the approach,
allowing unexpectedmodelsto be generate@ndperhapsuggestinghew possibil-

ities outsidethe experienceor expectationof the geologist.

3 Reaults

3.1 Faulting

The first example seeksto reproducecommonextensionalstructuresin a rifting
environment.Therankingof forward modelresultsis baseduponcomparisorwith
atarmgetimage,in this casethesimplifiedline sketchof Fig. 1(a).Althoughthefor-
ward modelsevolve in time, in this introductionto our inversionmethod,only the
final configurationsareusedfor visual evaluation.The modelis composef two
initially homogeneousrustallayers,ontop of whichis alow density low viscosity
backgroundmnaterialwhich doesnot interferewith the mechanicof the problem.
This initial configurationis illustratedin Fig. 1(b), in which the box hasanaspect
ratio of four. We are scalingto a true heightof 15 km, which includesan upper
crustalthicknessof 9 km, andthetop 3 km of thelower crust. The uppercrusthas
strain-softeningpropertieswhich causenitial strainperturbationgo localise.We
includesuchaninitial weaknessn the upperlayerin orderto controlthelocation
of thefirst fault. This perturbations smallenoughthatit doesnot affectthedirec-
tion or depthof fault propagationThefault geometryandsuccessie fault spacing
arisenaturally from the initial conditionsof the problem.Strain-softenings our

approximationto brittle behaiour in the uppercrust— a yield law prescribesan



upperlimit o, onthestressaccordingto

oy = (Bo+ Byp) f(e)

wherep is the pressurej3, is the cohesionpr yield stressat zeropressureand B,
is the pressuralependencef theyield stress Strainsofteningis includedthrough

the powerlaw function f (), in whiche is theaccumulategblasticstrain.

1-(1-FE,)(e/e,)* e<e,
E, £ 2 &y

ThecoeficientsE, ande, arearbitraryparametere the strain-softenindaw. The
“saturation”straine, is the point beyond which no further strain softeningtakes
place andatthis pointthemaximumproportionof strainwealeningis givenby FE,,.
We alsoincludeafailurecriterionin tensionusinga parametei3, whichrepresents
the (isotropic) stresdimit in tension.Beyond this limit we assuméailure, which
in our continuumcaseis approximatedy animmediatethousandfoldeductionin

theyield stressy,.

Eight forward modelsare run at eachstepof the inversion.We allow six upper
crustal strengthparametergo vary: viscosity and the five yield law coeficients

describedabore. Thesevariablesarealsolistedin Tablel.

Extensiorproceed®y applyingauniformvelocity to theright-handooundaryFig.
1 illustratesthe evolution of resultsusingthe IEC algorithm.We infer thatbands
of highlocalisedstrainrepresentaults.Accumulatedstrainis indicatedoy areasof
darkenedmaterial,andthe degreeof shadingis indicative of the amountof strain.
Thefirst panel(i) containgno modelswhichresemblghetargetimage.In fact,only

two modelshave corvergednumericallyandbeenextendedto full length.Models



6 and8 exhibit structuregpenetratinghe uppercrust,andfor this reasorthey are
ranked first and secondyespectrely. The othermodelsdo not merit ranking, but
arenonethelessgveightedrandomlyby the GA in orderto fill up the remainingsix

positions.

Panelii of Fig. 1 containsthe secondterationof the algorithm.Onceagainthere
are four modelswhich do not converge numerically but thosethat do converge
generallydisplaymorecrustal-scalstructureghanin thefirstiteration. Therankof
eachmodelresultis notedbelov eachimage.We continueiteratingin this manner
a total of six times, at which point half of the resultingimagesare qualitatvely

similarto thetargetimage(Fig. 1, paneliii), andthe processs halted.

The outcomeof this experimentis a setof crustalstrengthparametershatleads
to the behaiour obsened andinferredin thefield. These(dimensionlessparam-
etersarelistedin Tablel, togethemwith their initial rangesthe final valueswhich
give riseto the highest-rankd modelof thefinal generatior(Fig. 1,panelii, third
model),andtherangeof eachparametefor thefour top-ranlkedmodelsof thefinal
generationWe candrav a few conclusionsrom thesefinal values.Considering
that we have setthe lower crustalviscosity at 200, the uppercrustmusthave a
viscositywhich is about45 timesasgreat,in orderfor faultingto occurinsteadof
simpleviscousstretching This viscosityfactoris in conjunctionwith avalueof E,
whichindicatesaminimumo, of 20%of theoriginal strengthaftermaximumstrain
wealening,andalow limit in tensionbeforeyielding. Thealgorithmsettleson low
surface cohesionvalues,but the pressuredependencewhen scaledaccordingto
the problem,is roughly equivalentto ayield strengthincreaseof about4 MPa/km.
Thisis quitecloseto thegradientgivenby Byerlees Law for adry crust(Braceand
Kohlstedt,1980).Looking atthefinal rangeof the saturatiorstraine,,, we notethat

this parametemayvary moresignificantlywithout affectingthe crustalbehaiour.



3.2 Folding

In this next problem we would lik e to investigatehe conditionswhich promotethe
developmenbof multiple simultaneousolding wavelengthsasa box of layeredma-
terial (Fig. 2a)is compresseffom oneend.Thereis aninitial wavelengthpresent,
andwe look for theappearancef atleastonemorewavelength,in contrasto ob-
servingonly the passve amplificationof theinitial perturbationWe do notreferto
ary targetimage,asin this exampleour targetis deliberatelyague We in factset
out to explore the diversity of parameteccombinationswhich are capableof pro-
ducingary kind of multiple wavelengthfolding. We allow the GA to varythelayer

viscositiesandthicknesseaswell astheiryield stresses.

Fig. 2(b) shaws the fifth andfinal generationof the algorithm, in which half of
the outcomesdisplay multiple wavelengthsof folding. An analysisof the input
parametershowvs usthatsuchbehaiour dependsiponthe presencef atleastone
layerwith highviscosityandyield stresqi.e. strong)andatleastonelayerwhichis
substantiallywealer, eitherthrougha low viscosityor alow yield stressWe have
discoveredtwo differentmechanismsvhich leadto similar results.The variety of
differentresultswhich is deemedacceptablas indicative of the variationin the

otherparameterd,e. which layersarestrongor weak,andrelative thicknesses.

4 Discussion

In the abore exampleswe wish to arrive at someparticularbehaiour of the crust
duringdeformation Findinga suitablecombinationof parametersvhich givesrise
to this behaiour would previously have involved one of two morelaboriousap-

proachesthe manualselectionof parameterdy trial anderror, or an exhaustve



coverageof all parametricspaceTrial anderrormay succeedvith alimited num-
berof parameterdyut dependsipontheusers knowledgeof thecouplingandfeed-
backbetweerparameterswhich,in highly non-linearproblemsnvolving comple
crustalrheologies,may be impossible.A parametricstudy quickly becomesaun-
feasibledueto the sheernumberof modelswhich mustbe run asthe numberof
parameterss increasedln the extensionproblem,in excessof 650 000 models
would have to berunion orderto cover all possibleparametecombinationsNei-
ther of theseapproachesakesfull advantageof the expert knowledgeof a field
geologist,who may for examplehave a limited graspof numericalmodelling or

physics but a vaststoreof obsenationalexperience.

Our IEC methodcan be usedby a field expert to invert for model parameters
throughthe comparisonof suitableimages.The first case,involving faulting of
the crust,is anexampleof a specificinversiontargetwhereanimagehasreplaced
a numericaltarget. The GA corvergesupona setof parametersvhich allows us
to reproducehe conceptuamodelof the geologist.In this manneyassuminghat
we have constrainedheinput parameterso be physicallyrealistic,we areableto
validatethe conceptuamodel. The folding exampleillustratesthe useof the IEC
algorithmasa classificationtool, wherea rankingis arguable.The GA gradually
accumulatesnoremodelsin the appropriatgsubjectve) category. The analysisof
theresultsin this casels morecomplicatedandinvolvessifting throughthe history
of the differentgenerationsBecausea rangeof resultswill be deemedacceptable,
therewill notbethe samedefinitecorvergenceof parameterssin thefaulting ex-
ample.The usermustcollectthe satsifictorycombinationsof parametersver all

generations.

In both casesabore we caninvestigatethe sensitvity of the resultsto changesn

our choservariables.For example,in the extensionproblem,a parametesuchas
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the saturationstraine, hasonly a weakinfluenceon the outcomej.e. it hasarel-
atively large final range.On the otherhand,parametersuchasthe viscosityand
the pressurelependencd, imposetight restrictionson the modelbehaiour. The
algorithmhassettledon singlefinal valueswhich producethe desiredbehaiour.
With theinversionapproachn generalmostlate-stagenodelsarecloseto thetar-
getin parametespaceandsoabackanalysighroughall generationss instructve

for looking atthe sensitvity of parameters.

An importantcomponenof this interactve inversiontechniques its capability of
suggestingurpriseresults A systematior intuitive approachrelieson the experi-
enceof the modeller andmay missrealistictargetswhich lie outsidethe realmof
modellingspacewhichis ervisaged.The GA, althoughconverging uponaspecific
areain parametespacealsoprovidesfor randomsolutions.If rankedhighly, such
a randomsolution may openup an entirely different classof modelswhich also

yield realisticresults.

The exampleinversionswhich we have usedmalke use of the final static model
results.However, sinceall forward modelsevolve in time, the ranking procedure
may be mademore sophisticatedoy consideringthe evolution of the structures
involved. Multiple processesnay leadto the sameoutcome thusby considering
the evolutionaryhistory of the model,we may betterdiscriminatebetweerresults.

Thiswill reducethe non-uniquenessf theinversionsolution.

5 Conclusions

We have demonstratedhe geologicalapplicationof a visual inversionalgorithm.

Thetechniqueof interactive evolutionarycomputatiorhasconsiderablydiminished
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the effort requiredto explore parametespaceduring the inversionof conceptual
modelsin geology We bypasghelack of numericaldatafor aninversiontargetby
usinga geneticalgorithmtogethemwith imagerankingto focuson a visual target.
This approachexploits the experienceandknowledgeof anexpertuserin a visual

andthereforentuitive environment.
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Table Captions

Table 1. Six uppercrustalparameterare free to vary during the inversion.The
“best” valuesgive rise to the top-ranked model of the last generation.The last
column givesthe rangeof parametewnaluesfor the top four modelsof the last

generation.
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Figure Captions

Fig. 1. Targetimage(a), initial geometryof the crust(b), andevolution of the [EC
inversion.Panels(i) to (iii) representhefirsttwo andthelastgeneratiorof the GA.
Imagesarerankedaccordingo their similarity with thetargetimage.Somemodels
have notbeenextendedo full lengthbecaus®f numericainon-corvergenceThese
areleft unranled, andthe GA ordersthemrandomlyso asto fill up the bottom

rankings.

Fig. 2. Initial slightly perturbedayersfor the folding problem(a), andfinal gen-
erationof the GA (b). Rankingsimply includesor excludesthe resultfrom the

category of multiple wavelengthfolding.
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Tablel

Parameter Initial range | Increment| “Best” value| Range
Viscosity 5000- 10000 1000 9000 9000
CohesionB, 0-2000 200 0 0-200
Pressurelependencés, 0-1.0 0.1 0.2 0.2
Tensionlimit B, 100- 1000 100 100 100- 200
Maximumstrainwealening E, 0.1-0.9 0.1 0.2 0.2
“Saturationstrain” e, 0.1-1.0 0.1 0.7 0.3-0.7
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