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ABSTRACT

Genetic Algorithms (GA’s) have demonstrated to be
a powerful technique for solving optimisation problems.
An adaptation of a simple GA to optimise laminate
design is presented in this paper.

This problem has special features that makes it dif-
ferent from traditional problems in which GA’s have
been applied. In this case, there is not a single function
to optimise, by the opposite we have to the solutions
must try to optimise two parameters, both resistance
and number of plies. These characteristics make the
problem a multi-objective optimisation one. Symme-
try and equilibrate constrains have also been included
in the solution. A new perspective to solve this prob-
lem using GA’s techniques has been introduced.

1. INTRODUCTION

The .design of laminated composite panels could be
seen, some times, as a continuous optimisation prob-
lem. In this problem, the variables to optimise are
the thickness of laminates and the orientation angle
between them {9]. However, in most of practical prob-
lems, the laminate thickness is kept constant, and an-
gles vary over a small set of alternatives, usually 0, 90
and 45 degrees. In these terms, the design of laminated
becomes an optimisation problem where only plies se-
quence is considered.

Genetic Algorithms (GA'’s) are stochastic techniques
for searching problems, based on genetic population
ideas [3]. GA’s work with populations of individuals.
Each individual represents a hypothetic solution (de-
sign). The recombination of the most desirable fea-
tures of each existing design guides the search toward
an optimal design. This search follows the ideas of evo-
lution in Darwin theory. First, some members of the
population are selected, favouring the best members of
the population and to guarantee that the best features
could be transmitted to generate new, and probably
better, designs. In this process, new designs are created
and tested. GA’s do not use any gradient information
for the searching process, and are not sensible to the
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design space complexity.

Holland {4], Rechenberg [8], Rosenberg and Goldberg
[2] were the first researchers in using the GA’s as op-
timisation technique, since then GA have been applied
to commerce, engineering mathematics, medicine and
pattern recognition with hopeful results (10]. Recently,
in some works GA’s have been applied efficiently in
structures design [5, 7, 6].

GA’s have a combinatorial nature because they work
more with a codification of the variables of the design
rater than with the variables them-self. This become
GA’s computationally able of dealing with continuous
design variables by specifying the exact precision re-
quired.

In this article, the problem of optimising the num-
ber of plies and their stacking sequence in the design of
laminated composite panels is considered. This prob-
lem has some peculiarities that makes inapplicable the
usual GA technique. Thus, a modification of the canon-
ical GA is needed as is described in the next section.

2. GENETIC ALGORITHMS

In GA’s the design variables are codified in fixed
length strings, analogous to the chromosomes in bio-
logic systems. The strings elements (usually in binary
code, but formed here by quartets) are the analogy of
genes. Each string represents a design. GA’s are itera-
tive procedures, where the size of a population of pos-
sibles designs, or candidates designs, is kept constant.
Each step in the iterative process is called a generation.
The initial set of designs, randomly generated, is called
initial population.

GA’s imitate the process of evolution by means of
Natural Selection to solve optimisation problems. This
is a Darwinian approach to the idea of the survival of
the fittest. However, in a natural process of selection,
individuals have to compite in order to overcome the
survival chances of others. In computational terms this
has to be measured in terms of an evaluation function
called fitness function. This function produces a fitness
value for each individual and it is used for the selection
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process. After selecting the parents, new designs are
created applying some functions to those parents. This
functions are called genetic operators: mutation, inver-
sion and crossover, to create new designs, in the hope
that this new designs achieved improve features with
respect to old ones. New individuals replace those (the
old ones) in the old population to create a new popu-
lation for the next generation.
The components of the GA are:

¢ Individuals.- Each partial solution to a prob-
lem is codified in a string. Each string is called
an individual. In this case each individual is
a laminate design. For instance, the laminate
[04, £456, 02, 902]s is an individual.

o Population.- A set of individuals is called a popu-
lation. The GA method consists in generating new
populations of individuals in such a way that bet-
ter individuals could be generated in newer popu-
lations.

e Genetic Operators.- GO are different functions
applied to populations to generate new popula-
tions. The most used are: Selection, Crossover
and Mutation.

e Fitness function.- FF is a measure of the good-
ness of an individual, in terms of the ability of this
individual to solve the problem. This measure is
used as a parameter for the GO and guides the
generation of new better populations.

The general optimisation procedure followed by a
GA is:

1. To generate ranaomly an initial population.

2. To apply the GO to the population in time “t" to
generate the population in “¢t + 1",

3. Repeat step 2 until some convergence criteria
could be accomplished (for instance the variability
of the population reduces some fixed threshold).

This method assures that the average of the fitness
function for all the population does not decrease with
time [4].

3. PROBLEM DESCRIPTION

The problem is to find an optimal design of a com-
posite laminate. The variables involved in the optimi-
sation are the ply thicknesses and ply orientations. For
many practical problems ply thicknesses are fixed and
ply orientations are limited to a small set of angles such
as 0, 90, and +/- 45 deg. The final design achieved is
the number and orientation of plies that resist some
specific strength constraints.

The searched designs have to be well balanced, sym-
metric and with a variable number of plies. As no all

possible designs are viable, the GA must generate only
the valid ones. So, it is necessary to introduce some re-
strictions in the GA. The above characteristics can be
reached in two ways: designing “ad-hoc” genetic oper-
ators, or codifying the problem in such a way that only
valid solutions could be generated. In the first case, it is
necessary to know if the new operators are able to keep
the efficiency and generalisation level. Most of the non
general purpose genetic operators reduces the GA’s ef-
ficiency, making bigger the search space, or introducing
redundancy in the solutions [1]. In this case, a special
codification able to include the above restrictions has
been designed.

Each design is codified by a four base string. The
meaning is the following:

A 0 degrees ply

A 90 degrees ply

two plies of 45 and -45 degrees respectively
No ply in this position '

W N =1 D

In one string, only the first half of the laminate is
represented in the proposed codification. This is due
to the symmetry restriction, the second half of the lam-
inate can be rebuilt from the first half. The maximum
laminated size is kept constant (in this case is set to a
value of 20). However the value 3 in the above codifi-
cation allows variable sized solutions. For individuals
of size 20 the maximum possible number of plies is 80,
this maximal plies individual is:

(22222222222222222222]

that corresponds whit with the following design:
[£4520)s
With this codification, for instance, the individual:
(13212210033033012031]

will be transformed, removing gaps (empty space),
into the design:

[90, £45,90, 452, 90, 04, 90, £45, 0, 90],

This design has 36 plies, 10 of 0 degrees, 10 of 90
degrees, 8 of 45 degrees and 8 of -45 degrees (figure 1).

Another important feature of the composite laminate
problem is that not only one function has to be opti-
mised. A good design has to be firstly secure. This
means that the laminate has to resist from some spe-
cific configuration of forces, to the failure. Once the
above restriction is assured, the good designs are the
cheapest ones. This objectives could be resumed in
designing a laminate with less of the plies as possible
that assure the resistance laminate from a specific con-
figuration of forces. Many optimal solutions could be
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Figure 1: A design codification in a four base string

reached following the above criteria: “equal thickness
with no failure”. In this case, is important to kept the
laminate as far as possible of the failure. This could
be measured with the stress values (r). The preferred
configuration is those with shorter r’s values.

The fitness function in the GA has been modified to
include the multi-criteria evaluation of the designs. For
this purpose, the fitness function has been divided in
two independent functions:

o The first one is only a computation of the number
of plies.

e The second one is a value that estimate the dis-
tance to failure of the design.

This computation is done by computing the average
of stress values. In this way the GA is modified becom-
ing an optimisation process of two different hierarchical
functions.

To implement the multi-objective hierarchical fitness
function, some variations in the tournament selection
method have been included. The tournament selection
consists in the uniform selection of some few individuals
from the population constituting the tournament set.
Then a single individual is selected from the tourna-
ment set following fitness criteria, the individual with
a best fitness value is selected, and included in the mat-
ing pool. The mating pool constitutes the set of indi-
viduals that will participate in the crossover process to
generate the next generation of individuals.

In this case, each individual has two independent fit-
ness values, one related with the number of plies, and
the other related with the stress values. The procedure
for tournament selection is'now as follows:
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1. Generate the tournament set randomly.

2. Select from this set the individual with best fitness
value considering the first fitness value.

3. If only one individual has the best value for the
first fitness, include this individual in the mating
pool.

4. If more than one individual have identical and
maximal value for the first fitness value, select
among theirs the individual with higher second fit-
ness value.

This procedure can be generalised for any number of
fitness functions (Figure 2).

. b random
™. Individuals

Population (t)
n individuals

First Set of ) '

i {Tournament
! To sort .
! Fitness 1 Mating
: - Pool
First Set of
Tournament
: Sorted
To select Genetic
Qpnmal Operators
R Sec. Set of
Tournament
Population (t+1)
N nindividuals
Sec. Seto
Tournament

n times

Sorted each generation

Figure 2: Genetic Algorithm with hierarchical fitness
functions.

4. RESULTYS

The above algorithm has been applied to the optimi-
sation of a composite laminate of a simply supported
rectangular panel under in-plane loads using the Tsai
Hill failure criteria. The material used in this work
correspond to T300/5208, with the following data:

¢ Elastic constants (GPa): Ex, Ey, Es= 3D 181,
10.3, 7.17; u=3D 0.28

¢ Resistence values (MPa): X,X'Y,Y’,S=3D 1500,
1500, 40, 246,68

The achieved solutions correspond with the optimi-
sation under a system of loads with only a couple of
loads (Ng, Ny, Nzy) = 3D(=7,1,2)MN/m.

As it could be expected, under this system of loads,
the results corresponding to same number of plies with
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the same orientations but different ordering, are iden-
tical. The final parameters used are: simple crossover
with probability 1.0, mutation with probability 0.05,
population size 100, elitist overlapping size 0.01. Many
experiments have been done, with different parameters,
before the above values have been fixed. The method
has been demonstrated no to be sensible to the varia-
tion in the parameters. Some other multi-optimisation
and sharing options have been tested, but the perfor-
mance of the hierarchical mechanism designed has been
demonstrated the best mechanism for this problem.

In the table some achieved designs are shown, cor-
responding to different periods in the evolution of the
best solution.

Step [ 0° | 90° | 45° { -45° | Plies | Stress
251 10 8 4 4 26 0.049

50| 4 16 2 2 24 0.078

751 6] 10 2 2 20 | 0.130
100 | 10 4 2 2 18 0.554

Step | Solution
25| [0 £45 04 904 +45],
50 | [903 O £ 45 90, 0 903],
75 | [£45 90 03 904],
100 | [0 £ 45 02 90, 0;],

Table 1: Designs evolution through simulation.

At the end of the process, some solutions with iden-
tical number of plies have been achieved. All those
solutions are valid, and can be distinguished by the av-
erage value of the stress. In table some final solutions
are shown. The solutions are sorted by the average
value of the stress. In this ordering the first solutions
are farther away from the failure than the last ones.

The ten solutions in table can be grouped in five
classes, depending on the number of plies of each ori-
entation in the solution. The farest solution from fail-
ure uses 4, 6, 4 and 4 plies with orientations 0, 90, 45
and -45 degrees respectively. For other solutions, not
only the number of plies for each orientation but the
sortering of each ply, is achieved. These results allow
a deep analysis of the solutions. In this specific case,
it can be said that better solution uses a composition
of 45° and 90° laminates more than other orientations.
All the solutions that not follow this rule result in a
worse design.

5. CONCLUSIONS

A Genetic Algorithm has been developed and ver-
ified for searching and optimising a laminate design.
This method has been proved to be powerful for this
task, and easily handle the discrete nature of the stack-
ing sequence design problems. It can be easily enforce
constrains thar are difficult to handle with continuous

0° | 90° | 45° | -45° | Plies | Stress
4 6 4 4 18 0.188
6 8 2 2 18 0.249
6 8 2 2 18 0.249
6 8 2 2 18 0.249
6 8 2 2 18 0.249
8 6 2 2 18 0.392
8| 6] 2 2 18| 0.392 ]

10 4 2 2 18 0.554

10 4 2 2 18 0.554
8 2 4 4 18 0.561

Solution

+45 0 +45 903 0],
90 + 45 0, 90, 0 90},
+45 03 904,

+45 90, 0 90 0 90 0J,
90 0; =+ 45 90;],

0 x 45 0, 90, 0 90},
0 %450, 90 0 909)
0 £ 45 0, 02 902 0]
+45 03 90, 03]

+45 0 +45 090 0,],

Table 2: Final result from one simulation.

optimisation. It is also easy to introduce some require-
ments as to optimise both the tickness of the design
and the distance to the failure.

The designed hierarchical fitness function has proved
its ability to optimise more than one goal at once, being
very useful in multi-optimisation problems.

The codification and achievement of more than one
design can help in the discovery of rules that implic-
itly governs the features of the designs. This is very
useful for the designers to know the possibilities and
characteristics of good designs. Furthermore the GA
can yield many designs with comparable performance
for the designer to choose from.
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