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ABSTRACT

A general method for integrating genetic algorithmswithin a commercially
available finite element (FE) packageto solve a range of structural inverse
problemsis presented. The described method exploits a user-programmable
interface to control the genetic algorithm fromwithin the FE package. This
general approach is presented with specific reference to three illustrative
system identification problems. In two of these the aim is to deduce the
damaged state of composite structures from a known physical responseto a
given static loading. In the third the manufactured lay-up of a composite
component is designed using the proposed methodology.

INTRODUCTION

Inverseanalyseshaveavariety of gppli cationsinstructural mechanicsinwhich
unknownsinastructurearedetermined using systemidentificationtechniques.
Thesetechniquesallow thestateof thestructureto bededuced fromtheobserved
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responsetogiveninputs. Depending ontheproblemto besol ved, theunknowns
to be determined may be the material properties, applied loads, boundary
conditionsor eventhegeometry of thespecimen.

Ingenerd, inversesystemidentificationtechniquesinvol veupdatinganandytica
model representingthestructure, wherethedi fferencebetween somemeasureof
analytical responseand equival ent experimental responseisminimised. Inthis
sense, theinverse problemcan a sobeconsideredan optimi sationproblem. Central
totheana ysisistheappropriatese ectionof ananaytical mode that canaccurately
predict the response of the structure, and an efficient and robust optimisation
algorithmfor updatingthemodel . Both of thesecomponentscan beprogrammed
for specificproblems, however theprogrammingof anana ytical model islargely
problem dependent and can becumbersome. Thisisparticul arly trueof structures
inwhichthegeometry andtoalesser extent thematerial propertiesarecomplex.
Thereforeitisconsidered, beneficial todevel oparobust tool that canbereadily
appliedtoawiderangeof structura inverseproblemswithout being concernedwith
thecomplexity of geometry and/or material properties.

Themethod described hereexploitstheversatility of theLUSASfiniteel ement
package(distributed by FEA Ltd.; v13.3, 2001, www.lusas.com) by integratingit
asan object withinagenetic algorithm (GA). The principal advantage of this
approachisthat thebroadfunctionality of thefiniteelement applicationcanbeused
tomodel many structural scenarios, without needingtoknow theexact formof the
analytical model. Itissufficienttoenter thegeometry, thel oadingandtheboundary
conditionswithoutexplicitly statingtheformof theandytical modd . Thisishandled
ins detheFE codeand effectively hiddentotheanayst. Itisexpectedthat thiswork
will providethebas sof futureautomatedandrobustinverseanalysisinawiderange
of applications.

Thedescribed methodisapplicableto many structural problemsinwhichthe
stateof thestructureisunknown. GAsoffer apowerful meansof findingtheglobal
optimaof functions, particularly thoseinwhichthesol ution spaceisirregular or
discontinuous. One area.in which system identification problems can be of
cons derabl ebenefitisindamagedetectionand quantification. Another application
isthedesignof themanufacturinglay-upfor producing compositesoptimisedfor
strengthand/or lightweight rigidity. Thischapter will pay particularinteresttothis
latter applicationandwill referencetwoexampl esof howthedescribed method has
been successfully appliedintheformer. Of particular benefittothismethodisthe
factthat theresult of thea gorithmisanupdatedfiniteelement model that represents
theactual structurethat can subsequently-beused under in-situloading conditions.

Earlyinvestigationsintoinversedamagedetectionweresummarisedby Hgela
and Soeiro_ (1990), who considered damage in the analytical model to be
representedby alocal, reduced e astic modul us. Theunknownstobesolvedwere
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