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ABSTRACT

In this paper, we propose a dominance-based selection scheme to incorporate
constraints into the fitness function of a genetic algorithm used for global

optimization. The approach does not require the use of a penalty function and,
unlike traditional evolutionary multiobjective optimization techniques, it does
not require niching (or any other similar approach) to maintain diversity in the
population. The algorithm is validated using two test functions taken from the
specialized literature on evolutionary optimization. The results obtained
indicate that the approach s a viable alternative to the traditional penalty
function, mainly in engineering optimization problems.

INTRODUCTION
The problem that is of interest to us is the general nonlinear optimization
problem in which we want to:

Find x which optimizes f(x) 1)
subject to:

g.(x)£0, i=1-n @

hJ(X):O’ levvp (3)

where x is the solution vector x=[x,x,,---,x]", n isthe number of inequality
constraints and p is the number of equality constraints (in both cases,
constraints could be linear or non-linear). Only inequality constraints will be
considered in thiswork.

Despite the considerable number of constraint-handling methods that have
been developed for genetic algorithms in the last few years (see for example
(Michalewicz and Schoenauer, 1996; Coello 2001)), most of them either require
alarge number of fitness function evaluations, complex encodings or mappings,
or are limited to problems with certain (specific) characteristics.

The aim of this work is to show that using concepts from multiobjective
optimization (Coello, 1999), it is possible to derive new constraint-handling



techniques that are not only easy to implement, but also computationally
efficient.

OUR APPROACH

The idea of using evolutionary multiobjective optimization techniques
(Coello, 1999) to handle constraints is not entirely new. Several researchers
have reported approaches that rely on the use of multiobjective optimization
new (see (Coello, 2000) for a review of this type of techniques). The most
common approach is to redefine the single-objective optimization of f as a
multiobjective optimization problem in which we will have m+1 objectives,
where mis the number of constraints. Then, we can apply any multiobjective
optimization technique (Fonseca and Fleming, 1995) to the new vector
v=(f,f,--,f ), where f,.-, f arethe original constraints of the problem. An
ideal solution x would thus have f(x)=0 for 1£i£m and f(x)£ f(y) for all
feasible y (assuming minimization). However, the existing techniques have
several disadvantages, mainly related to efficiency issues and diversity loss.
Those disadvantages were the main motivation for the development of the
technique proposed in this paper.

The concept of nondominated vector is used in multiobjective optimization
to denote sol utions that represent good compromises or trade-offs, given a set of
objective functions. None of the objective function values of these
nondominated vectors can be improved without worsening another one (Coello,
1999). Our hypothesis is that this concept can be used to extend evolutionary
multiobjective optimization techniques to be used as single-objective
optimization approaches in which the constraints are handled as additional
objectives. Although this sort of approach can be quite useful to reach the
feasible region in highly constrained search spaces (Parmme and Purchase,
1994), it is not straightforward to extend it to solve single-objective optimization
problems. The main difficulty is that we could bias the search towards a certain
specific portion of the feasible region and, as a consequence, we could be unable
to reach the global optimum. This paper presents a proposal based on a
technique known as the Niched-Pareto Genetic Algorithm (NPGA) (Horn et al.,
1994) that uses tournament selection based on nondominance. In the original
proposal of the NPGA, the idea was to use a sample of the population to
determine who is the winner between two candidate solutions to be selected, and
to choose one of them based on nondominance with respect to the sampl e taken.
Since only a portion of the population is used with this technique, it has a lower
computational complexity with respect to traditional Pareto ranking approaches
(the most common evolutionary multiobjective optimization technique).

To adapt the NPGA to solve single-objective constrained optimization
problems we performed the following changes:

The tournament performed uses a parameter called selection ratio (S ),
which indicates the minimum number of individuals that will be
selected through conventional tournament selection. The remainder will
be selected using a purely probabilistic approach. In other words,
(1- s) individualsin the population are probabilistically selected.
When comparing two individuals, we can have three possible
situations:



1. Both are feasible. In this case, the individual with a
better fitness value wins.

2. Oneisinfeasible, and the other is feasible. The feasible
individual wins, regardless of its fitness function value.

3. Both are infeasible. The individua with the lowest
amount of constraint violation wins, regardless of its
fitness function value.

Our approach does not require niching or any other approach to keep
diversity, since the value of S will control the diversity of the
population. For the experiments reported in this paper, a value close to
one (3 0.8) was adopted.

In the following experiments, we used a GA with binary representation,
two-point crossover, and uniform mutation. The parameters used for our GA
were the following: population size = 200 individuals, maximum number of
generations = 400, crossover rate = 0.6, mutation rate = 0.03, S =0.99 (i.e, one
out of every one hunded selections will be done probabilistically, rather thanin a
deterministic way), tournament size = 10.

COMPARISON OF RESULTS

While the method has been tested on several examples taken fom the
optimization literature, only two will be used here to show the way in which the
proposed approach works due to space limitations. Detailed descriptions of these
problems may be found in the corresponding references.

Design Best solution found
Variables  [Thispaper | Deb(1991) | Siddall(1972) | Ragsdell(1976)

x(h) 0.205986 0.2489 0.2444 0.2455
0) 3471328 61730 6.2189 6.1960
(0 9.020224 81789 82915 82730
x.(b) 0.206480 0.2533 0.2444 0.2455
0. 0074002 | 5758603777 | -5743502027 | -5743.826517
%.(% 0266227 | 255576001 | -4015209 4715007
9.0 -0.0004%5 ~0.004400 0000000 0.000000
0.0 ~3430043 ~2.982866 ~3.022561 ~3020289
0.9 ~0.080986 ~0.123000 -0.119400 -0.120500
9.0 -0.23514 ~0.234160 ~0.230243 -0.234208

HE) 58666440 | -4465.270028 | -3490.469418 | -3604.275002
X 1.728226 | 2.43311600 | 2.38154338 | 2.38593732

Table 1: Comparison of the results for the first example (optimal design of a beam)




EXAMPLE 1

This problem was solved before by Deb (1991) using a simple genetic
algorithm with binary representation, and a traditional penalty function as
suggested by Goldberg (1989). It has also been solved by Ragsdell and Phillips
(1976) using geometric programming. Ragsdell and Phillips also compared their
results with those produced by the methods contained in a software package
caled “Opti-Sep” (Siddall, 1972), which includes the following numerical
optimization techniques: ADRANS (Gall's adaptive random search with a
penalty function), APPROX (Griffith and Stewart's successive linear
approximation), DAVID (Davidon-Fletcher-Powell with a penalty function),
MEMGRD (Miele's memory gradient with a penaty function), SEEK1 &
SEEK2 (Hooke and Jeeves with 2 different penalty functions), SIMPLX
(Simplex method with a penalty function) and RANDOM (Richardson's random
method).

Thzzir results are compared against those produced by the approach
proposed in this paper, which are shown in Table 1. In the case of Siddall's
techniques (Siddall, 1972), only the best solution produced by the techniques
contained in “Opti-Sep” is displayed. The solution shown for the technique
proposed here is the best produced after 30 runs, and using the following ranges
for the design variables: 01£x £20, 0.1£x £100, O0.1£ x £10.0and
0.1£ x, £2.0. The mean from the 30 runs performed was f(x)= 1.792654, with
a standard deviation of 0.074713. The worst solution found was
f(x) = 1.993408, which is better than any of the solutions produced by any of
the other techniques depicted in Table 1. The number of fitness function
evaluations of our approach was 80000.

Design Best solution found

Variables "Thispaper | GeneAS(1997) | Kannan(1994) | Sandgren(1989)
x(T) 08125 09375 1125 1125
X (1) 04375 0.5000 0625 0625
x(R) 42.007398 48.3290 58201 47.700
*(L) 176654047 1126790 23690 117.701
0. -0.000020 -0.004750 0.000016 -0.2043%0
5.0 -0.035891 -0.038941 -0.068904 -0.169942
%.() 27886075 | -3652876838 | -21.220104 54.226012
9.0 63345953 | -127.321000 | -196310000 | -122.299000
f(x) | 6059.046341| 6410.3811 | 7198.0428 8129.1036

Table 2: Comparison of the results for the second example (optimization of a vessel)

EXAMPLE 2
This problem was solved before by Deb (1997) using GeneAS (Genetic
Adaptive Search), by Kannan and Kramer using an augmented Lagrangian



Multiplier approach (1994), and by Sandgren (1988) using a branch and bound
technique.

Their results were compared against those produced by the approach
proposed in this paper, and are shown in Table 2. The solution shown for the
technique proposed here is the best produced after 30 runs, and using the
following ranges for the design variables: 1£ x £99, 1£ x, £99, 10.0 £ x, £ 2000
and 10.0£ x, £200.0. The values for x_and x, were considered as integer (i.e.,
real values were rounded up to their closest integer value) multiples of 0.0625,
and the values of x, and x, were considered as real numbers. The mean from
the 30 runs performed was f(x)= 6177.253268, with a standard deviation of
130.929702. The worst solution found was f (x) = 6469.322010. We can see that
in this case, our average solution was better than any of the solutions produced
by any of the other techniques depicted in Table 2. The total number of fitness
function evaluations performed was 80000.

CONCLUSIONS AND FUTURE WORK

This paper has introduced a new constraint-handling approach that is based
on a multiobjective optimization technique called NPGA. The approach is
intended to be used with evolutionary algorithms as a way to reduce the burden
normally associated with the fine-tuning of a penalty function. The proposed
approach performed well in two test problems in terms of the quality of the
solutions found and it requires a relatively low number of fitness function
evaluations. The results produced were compared against those generated with
other (evolutionary and mathematical programming) techniques reported in the
literature.

Our future work involves more validation of the approach with a larger set
of test functions (we have used about ten test functions so far although, due to
space limitations, only the results of two of them are presented in this paper),
and an statistical analysis of the impact of its parameters on the overall
performance of the algorithm.
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