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Abstract

A low-cyclic fatigue micromechanical model proposedently [1] for emphasizing the concept of damage
induced anisotropy is used. The solution of thes®@inear constitutive relations is an importantiecagince it
requires an important computational time. With ghhnonlinearity due to damage, the identificatidn o
model parameters represents consequently an inmpostdject. In fact, a combination of the genetic
algorithm (for the global optimization) with pattesearch algorithm (for the local optimizationpi®posed.

A comparative study is conducted under complexicyidadings showing the ability of the proposed
approach in calibrating model parameters.

Keywords Low-cyclic fatigue, parameters identification, lggdd minimum and local minimum optimization

1. Introduction

Despite the existence of increasingly powerful caters, the progress in the constitutive equations
development is continuous and can be conductedongutational optimization process. Several
types of modes like micromechanical approachegprmposed for describing mechanical complex
phenomena. Non-linear responses under cyclic lgador example, make the related resolutions
very expensive in computing time and in memory cdpaNumerically, it has been recently
reported that the algorithm of Burlisch—Stber givles best compromise between computational
time and precision compared to other well-knowroatgms.

For a given model, the identification of parameisran important issue and should be as accurate
as possible to describe efficiently the materidhadwor. In fact, the use of reliable optimization
algorithms is to minimize the difference betweea thodel prediction and experimental behavior.
Different methods have been developed to resoligetyipe of problem. They can, in general, be
divided into two major groups: the first one whicbnverges quickly is for local optimization.
However, its major disadvantage is the possibiifyconverging towards local minimums. The
Pattern Search algorithm is part of this groupddes not require the gradient calculation of the
objective function and accepts parallel computimgdifferent computer processors. The second
group is formed by the evolutionary method basedh@nevolution of individuals. The genetic
algorithm is a part of this group which is relatedhe global minimum convergence. However, it is
slow because it requires several evaluations oblijective function.

Therefore, this study highlights the concept of dgeinduced anisotropy via the used model.
Numerical solutions of these nonlinear constituteguations require normally an important
computational time. Therefore, a new strategy oflehgparameters calibration is considered. In fact,
a hybrid approach is used, in this paper, to exphei benefits of these groups of algorithms. Hence
a combination of the genetic algorithm (GA) withitpen search algorithm (PSA) is proposed. The
basic idea of this approach is to look for the glaminimum with the GA, then move to the local
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minimum search via the PSA to improve the obtaire=ilt. Since the identification of the model
parameters is of particular interest in this pafferefore, several applications are presentedy The
deal with cyclic plasticity with damage induced sotropy behavior of polycrystals and its related
phenomena under complex history of loading pathditmms. To conduct the identification process,
the two methods (GA&PSA) are complementary and liifferent applications. The GA optimizes
globally the model parameters leaving the fieldhe local method, PSA, to determine the final
values of these parameters. Then, in order to ataline performances of the proposed method, a
comparative study is performed under complex cyolalings showing the ability of such strategy
to identify the model parameters.

2. Employed Micromechanical Model

The used micromechanical model utilizes three dppgydevels which are: microscale (slip system),
mesoscale (granular) and macroscale (overall).thiéeretical formulation of the developed model
is presented in detail in [1]. However, a shortcadgsion of the main features of the model
equations at the overall level is illustrated below
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To determine the overall damage tengbr(Eg. 5), the spectral decomposition concept adsstr

tensor is adopted (Egs. 1-43: is the " principal strain and;pthe " corresponding to the unit

principal direction of eigenvalue and eigenvectérzé. The symbol [ represents the tensor
product. The % order positive spectral projection tens&r given in (Eq. 4) is determined by

equations (Eg. 2) and (Eq. 3). According to (Eq.tb¢ damage is considered to be entirely active
when all the eigenvalues are positive in the thpeacipal directions; whereas, it becomes fully
passive once the eigenvalues are negative, i.pendéng on the, configuration. HenceP

allows verifying naturally the complexity of the rdage activation/deactivation phenomenon
whatever the applied loading path. The overallditgitensor for a damaged materi8l and its

evolution gdare defined respectively by equations (Eq. 6) &wl 7), wheree® is the classical

order rigidity tensor for an initially isotropic reaial. As recently proposed [1], the overall stres
tensor evolution coupled with damage activation¢tieation phenomenon is mathematically
described by (Eq. 8). In (Eq. 9), the second tamnthe right-hand side depends explicitly on the
eigenvectors variation during cyclic loading. Thughen the loading is applied according to
laboratory reference axes, the principal vectoisade with the latter. In this case, these vectors
are constant, i.e., their characteristics vary heeitwith respect to time, nor according to the
deformation. Hence, the second and third termdvénright-hand side of (Eqg. 9) vanishes. As a
result, (Eq. 8) has the advantage to successtgliit i great number of loading types especially the
multiaxial ones.

3. Algorithms of optimization

The identification process is to find numericallyset of model coefficients, which correlates the
best possible predictions and experimental redtilts. based on minimizing the difference between
the recorded model response and the given expetahresult. Such a difference can never be zero.
However, the rule states that when the differescaemaller, the set of coefficients is better. lis th
work, identification (calibration) of the model paneters is to find a search space where these
values should minimize the gap between experimeasailts and predictions. Solving this problem
is realized by minimizing the following function:

F(P) =Y Fo(P), (10)
F(P)—% Ve~V DWVesp ~Vi )t (11)

where, P: Model parameters, N: number of tesgs,tit time interval of the test n, &ysVsim:
difference between observed experiments and timaulations for the test n, D: weighting matrix
of the test n.

The complexities of search space are the minimumetion using radically different methods of
resolutions. As a first approximation, the detelistio method is suitable for search in small
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state-space; whereas for complex and large se&atd-space, this requires rather a method of
stochastic search (genetic algorithm, pattern seaic

The difficulties of these problems via conventiooptimization methods give rapidly this family of
algorithms able to handle large combinatorial peotd with mixed variable. It is more interested
for solving practical problems by a general clasatfon of optimization problems and solved
methods [2,3]. Briefly, genetic algorithms are adag heuristic search algorithm based on the
evolutionary idea of natural selection and genetiimreover, they are a part of evolutionary
computing, a rapidly growing area of artificialeiligence.

The strategy proposed in this work is to utilizeambination of the GA with the PSA. We will
briefly describe these two algorithms.

3.1 Genetic Algorithm

This algorithm starts with the creation of theialifpopulation of individuals and terminates with

the convergence towards the best individuals olfadion giving therefore the optimized solution.

The transition from one generation to another oawplished by applying the following process: (i)
mechanism of evaluation, (ii) selection and (iiipdhification, up to obtaining a stopping criterion.

The structure of this algorithm is given by theafthart [4] (figure 1).
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Figure 1 Structure of the genetic algorithm

Each individual of a given population is defineddghain of genes that correspond to the different
parameters to be identified. To avoid the diffimdtthat may arise in the binary coding and
decoding of individual, a real coding GA is use{l [Fhe values of each parameter are bounded by
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an interval Kqin, Xmax] NOrmally determined in this type of modeling aaing to mechanical bases.
The main reason to establish these limits is toartak search process more efficient by reducing
its space.
The initial population is produced by:

- Initial solutions (individuals) proposed based the expert opinion and on experimental
observations;

- Solutions chosen randomly in the search space.
This allows, in fact, to start the search from @as solutions of the search space incorporating
expert opinion.

Different numerical tests should be conducted addd choice of stochastic operators as follows:

- Selection type elitism, which allows to highlighie best individuals in the population. These are
the most developed individuals which will partidgan the improvement. Such a technique
has the advantage of faster convergence to therm#giduals to the detriment of individuals
which seem less appropriate and could provide elésrfer the creation of new individuals.

- Crossover scattered, which is cut individuale is¢veral portions (2 or 3 portions) to obtain new
individuals

- Adapt feasible mutation which randomly generatiesctions that are adaptive compared to the
last generation successful or not. The feasibléoneg limited by the constraints. A pitch
length is selected along each direction in suchammar that the bounds constraints are
satisfied.

3.2. Pattern Search Algorithm

Pattern search is a direct search method. This adeih employed for solving optimization
problems that does not require any information &hbe gradient of the objective function. The
pattern search begins at the initial pomt At the first iteration the mesh size is 1 and @RS
(Generalized Pattern Search) algorithm adds thempatectors to the initial point to compute the
following mesh points. The algorithm computes thgotive function at the mesh points using the
following approach:

xm =X, +VA, (12)
o = XM, /T (xmy) = min(f (xm)) (13)

Where xm : the mesh pointsx,: the current point,v, : the pattern vector and\: the current

mesh size.

A pattern is a set of vectors/] that the PSA utilizes to define which points teasch at each
iteration. The set\{} is determined by the number of independent vadembn the objective
function. For example, if there are three indepehdariables in the optimization problem, the
default for a 2N positive basis consists of théofwing pattern vectors:
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v,=[1 0 0
v,=[0 1 0
v,=[0 0 1]
v,=[-1 0 0
v,=[0 -1 0
v,=[0 0 -1

(14)

For a more description of this, see Kolda, Lewis] &orczon [5].

To accelerate the convergence, we stop the iterasosoon as it finds a mesh point whose fitness
value is smaller than that of the current point.

After a successful poll, the algorithm multiplidgetcurrent mesh size by 2. If none of the mesh
points has a smaller objective function value atemt point, so the poll is unsuccessful, the

algorithm does not change the current point anhthé iteration and multiplies the current mesh size
by 0.5.

In our application the criteria for stopping thetpen search are the number of objective function
evaluations.

4. Numerical applications

The evaluation of the proposed new strategy fomtifleation is carried out through the description
of the elastic-inelastic cyclic behavior of a palystal under uniaxial tension-compression (TC),
biaxial tension-torsion with 90° out-of-phase an@&90). Our polycrystal is a random orientation
distribution of 40 grains of a single-phase FCtdHly, a database for both cyclic loading (TC and
TT90) is numerically made up to final damaging lktgrains distribution using the coefficients
summed up in (Table 1)

Table 1 Coefficients used to create the database

Elastic-Inelastic parameters

Model E v al 7 K| b Ko QS h]_:hz:. .. he CY o
parameters | (MPa) (MPa) | (MPa) =hs (MPa)
coefficients | 2150000.32| 1| 20| 50| 13| 240 256 1 2.29 95100| 10

Damage parameters

Model s S w® oy d Yo
parameters
coefficients 2 0.95 1 1 1.4 1.25

Such a database is considered as an experimergalThiereafter, the identification process of
model parameters is started by setting the damagereters changing six key parameters related
to the inelastic behavior {lk,, Q°, hs, C* and d). Therefore, the identification process by thebglo
minimum optimization concept is made through theegie algorithm. After several tests on the
population size, a population of 600 individualemployed to optimize 6 coefficients of the model.
Several iterations are made obtaining several fasnibf model parameters followed by a local
identification using the pattern search algoritithe optimized model parameters are summed up
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in (Table 2).
Table 2 Initial and optimized coefficients
Elastic-inelastic parameters
Model E k QS h]_:hz:... Cg
K| b ° h a
parameters| (MPa) M (MPa)| (MPa) =hs ° (MPa)
Initial 215000/ 0.32| 1| 20| 50| 24.5| 340 100 1 1.1 75100| 6
Optimized | 2150000.32| 1| 20| 50| 14.5| 267.5| 397.6 1 6.8 33830 | 8.71
Damage parameters
Model S W d d y
parameters * ! 2 °
Initial 2 0.95 1 1 1.4 1.25
optimized 2 0.95 1 1 1.4 1.25

One of the main reasons which promotes this adsaties that both algorithms are parallelizable
as shown in [2,3]. This allows gaining in compuatiime by exploiting computer multiprocessor.
The experimental recorded fatigue lives are 38, Bhdycles for TC and TT90, respectively. The
model predicts these lives faithfully giving theyed 38, and 12 cycles in TC and TT90,
respectively.
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Figure 2 Evolution of the overall stress during TC and TTQ0to the final fracture

Figure 2 represents the typical evolutions of tleximum overall stress (pick stress value for each
cycle) versus cyclic time using the same maximum-Mises equivalent macro-strain for the two
cyclic loading paths (TC and TT90). The predictedponses describe properly the experimental
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results. Note that these predicted results are atedpwith the optimized model parameters
summarized in table 2.

5. Conclusion

The objective of this work is to propose a newtetyg to optimize the identification parameters of
a micromechanical model coupled with damage [1l]ndde a combination of genetic algorithm
with pattern search algorithm is developed. Theetermalgorithm optimizes globally the model
parameters; whereas the pattern search algoritonsidered as a local method, has a role to
determine the final values of these model coeffitse This model is tested under different cyclic
loading complexities. It is recognized that thismtmnation shows its ability to optimize the
identification process. Consequently, the predigegponses describe faithfully the experimental
results.
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