AIML Journal, Volume (6), Issue (1), January, 2006

www.icgst.com

AV

A Comparsion between Genetic Algorithms and Sequential Quadratic
Programming in Solving Constrained Optimization Problems

Alaa Sheta, HamzaTurabieh
Information Technology Department
Prince Abdullah Bin Ghazi Faculty of Science and Information Technology,
Al-Balga Applied University
Al-Salt, Jordan,
sheta@bau.edu.jo, H turabieh@yahoo.com,
http://www.bau.edu. jo

Abstract

There are variety of problems in mechanical, electri-
cal, chemical and aerospace engineering that can be
formulated as NonLinear Programming (NLPs). The
quality of the developed solution significantly affect
the performance of such systems. In this paper, we
investigate the ability of Genetic Algorithms (GAs) to
tackle the constrained NLPs problems. Experimental
results indicated that GAs can effectively solve these
types of problems. GAs can overcome many problems
encountered by traditional search techniques as
gradient based methods. The performance of GAs is
compared to the Sequential Quadratic Programming
(SQP) method. !

Keywords: Constraint Optimization, Genetic Al-
gorithms, Quadratic Sequential Programming, Indus-
trial Processes.

1 Introduction

Most industrial manufacturing processes involve dy-
namic nonlinearity, uncertainty and constraints. Evo-
lutionary Algorithms (EAs) techniques are among
those optimization techniques which have been used
to solve a variety of optimization problems in indus-
try. Currently there is a growing interest on using EAs
to assist providing a reasonable solution for physical
nonlinear systems in industry.

EAs include Genetic Algorithms (GAs) [?], Evo-
lutionary Strategies (ESs) [?], Evolutionary Program-
ming [?] and Genetic Programming (GP) [?]. One of
the most common applications of GAs is parameter
optimization. In [?, ?], Genetic Algorithms and Evo-

I This study has been implemented as part of a research grant
supported by Al-Balga Applied University. Al-Salt, Jordan
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lutionary strategies have been used in the parameter
identification process of nonlinear systems with vari-
ous degrees of complexity. In [?, ?] they demonstrate
how genetic optimizers can be used to derive supe-
rior controller structures in aerospace applications in
less time (in terms of function evaluations) than other
methods such as Linear Quadratic Regulator (LQR)
design. In [?], it was shown that GAs can also be used
in the selection and tuning of the controller structure.
Genetic Programming was used to model the dynam-
ics of many systems in industry. For example, the
winding machine and an automotive engine [?, ?].

For any optimization problem, there is an opti-
mization criterion (i.e. evaluation function) has to
be minimized or maximized. The evaluation function
represents a measure of the quality of the developed
solution. Searching the space of all possible solution is
a challenging task. Additional constraints on the do-
main of search for the parameters makes the problem
quite difficult. The constraints might affect the per-
formance of the evolutionary process since some of the
produced solutions (i.e individuals) may be unfeasible.
Unfeasible solution represents a waste of computation
effort.

In fact, it was reported that no general methodol-
ogy to handle constraints exist although several meth-
ods were introduced [?]. Rejecting unfeasible individ-
uals, penalizing unfeasible individuals or moving these
individuals to the feasible domain are among the many
methods proposed [?, ?].

2  Why Genetic Algorithms?

GAs are the most famous among EAs. GAs have been
employed as a tool that can handle multi-model func-
tion and complex search space. They have the capa-
bility to search complex spaces with high probability
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of success in finding the points of minimum or maxi-
mum on the search space (i.e. landscape).

Genetic Algorithms are derivative-free stochastic
search algorithms. They apply the concept of natu-
ral selection. This idea was first introduced by John
Holland at the University of Michigan in 1975 [?].
GAs gain a great popularity due to their known at-
tributes. These attributes include: 1) GAs can handle
both continuous and discrete optimization problems;
2) They require no derivative information about the
fitness criterion [?, ?|; 3) GAs have the advantageous
over other search algorithm since it is less likely to be
trapped by local minimum; 4) GAs provide a more
optimal and global solution; 5) They are less likely to
be trapped by local optimal like Newton or gradient
descent methods; 6) In many case studies, they are
less sensitive to the presence of noise and uncertainty
in measurements [?]; 7) GAs use probabilistic oper-
ators (i.e. crossover and mutation) not deterministic
ones. For these reasons, they have been successful
used in solving numerous applications in engineering
and computer science [?, ?].

3 Evolutionary Process
The evolutionary process of GAs start by the com-
putation of the fitness of the each individual in the

initial population. A flowchart for a simple GA pro-
cess is given [?] in Figure 1.

Creat
Initial Populatiol
Evaluate
Fitness
lllliiiiiiiillll

Select Next
Generation

No

Check
Stopping
Criteria

Yes
Get the Best
Solution

Figure 1: Flowchart of a simple GAs process

k=k+1

To summarize how genetic algorithms work, as-
sume that Pop(k) and Offspring(k) are the parents
and offspring in current generation t; the general
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structure of a genetic algorithm procedure can be de-
scribed by the simple pseudo code.

begin

k=0;

initialize Pop(k);

evaluate Pop(k);

while (termination not reached) do
recombine Pop(k) to generate Offspring(k);
evaluate Offspring;
Select Pop(k + 1) from Pop(k) and
Offspring(k);
k=k+1

end while

end

3.1 How GAs Code a Solution?

Genetic algorithms code the candidate solutions of an
optimization algorithm as a string of characters which
are usually binary digits [?]. In accordance with the
terminology that is borrowed from the field of ge-
netics, this bit string is usually called a chromosome
(i.e. individuals). A number of chromosomes gener-
ate what is called a population. The structure for each
individual can be represented as follows:

| geney, |
[ 11011 |

| geney | genes |
| 11101 | 00101 |

This a chromosome has number of genes equal to n.
These genes are used in the evaluation function f.
Thus, f(gene, genes, ..., geney,) is the function to be
minimized or maximized.

3.2 Selection Mechanism

Selection is the process which guides the evolutionary
algorithm to the optimal solution by preferring chro-
mosomes with high fitness. The chromosomes evolve
through successive iterations, called generations. Dur-
ing each generation, the chromosomes are evaluated,
using some measure of fitness. To create the next
generation, new chromosomes, called offspring, are
formulated by using some operators called crossover
and mutation. Thus, a new generation will be created
by selecting the best chromosomes (parents) from the
previous generation and the best chromosomes from
the offspring [?].

3.3 Crossover

Crossover is the main genetic operator. In [?] Hol-
land indicates that crossover provides the main search
operator while bit mutation simply serves as a back-
ground operator to ensure that all possible solutions
can enter the population. The probabilities commonly
assigned to crossover p. and bit mutation p,, guide
the evolutionary process towards the optimal solution.
Crossover operates on two chromosomes at a time and
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generates offsprings by combining both chromosomes’
features. Single-point crossover of two binary string
chromosomes can be implemented as follows. Assume
we have two parents of chromosomes P; and P,. A
cut-off point selected randomly after bit seven will

produce two childes as follows:
P, = ]0011010001]
Py [0001101011]
C; = [0011010011]
Cy = [0001101001]

For other types of representation other crossover types
are suggested.

3.4 Mutation

Mutation is a background operator which produces
some random changes in various chromosomes. In
GAs, mutation play the role of replacing the genes
lost during the evolutionary process in a new form or
produce new genes which were nor explored before in
the initial population. One way to do mutation would
be to alter one or more genes. Parent, a binary string
chromosomes, before Pycfore and after Py e, muta-
tion of a can be presented as follows.

[0011010001]
[0001101111]

Pbefm'e

Pafter

3.5 Fitness Function

GA evaluates the individuals in the population using a
selected fitness function (criterion). This function in-
dicates should indicate how good or bad a candidate
solution is. The way to select the fitness function is
a very important issue in the design of genetic algo-
rithms, since the solution of the optimization problem
and the performance of the algorithm count mainly on
this function. It is important to recognize that GAs
are different from other optimization techniques like
gradient descent, since they evaluate a set of solution
in the population at each generation and makes them
more likely to find the optimum solution [?, ?].

4 Nonlinear Programming
Problem Formulation

A constrained nonlinear programming problem can be
described as follows:

Minimize f(z), x € FC S CR"

8
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Subject to:

hi(x)
9;()

0,7=1,...,p,

IN

Oaj:p+]—a"'7%

Given that ap < xp < b, Kk = 1,...,n. z =
[21,...,2,] is a vector of n variables. f(x) is the ob-
jective function, h;(z) (i = 1,...,p) is the ith equal-
ity constraint, and g;(z) (j = p+1,...,¢;¢ < n is
the jth inequality constraint. S is the whole search
space and F' is the feasible search space. The a; and
bx. present the lower ad upper bounds of the variable
xr (k=1,...,n), respectively.

5 Sequential Quadratic Pro-

gramming (SQP)

The Sequential Quadratic Programming (SQP) algo-
rithm is a powerful technique for solving nonlinear
constrained optimization problems [?]. SQP allows
you to closely mimic Newton’s method for constrained
optimization just as is done for unconstrained op-
timization. At each iteration, an approximation is
made of the Hessian of the Lagrangian function using
a quasi-Newton updating method. This is then used
to generate a Quadratic subProblem QP subproblem
whose solution is used to form a search direction for
a line search procedure [?, ?].

In studying the SQP we will adopt the full descrip-
tion of the methodology presented in [?]. SQP is an
iterative method which solves at the k iteration a QP
of the following form:

1
Minimize idtde + Vf(xr)'d, (2)

Subject to:
Vhi(zg)d+ hi(zy) =0 ,i=1,...,p,
Vgj(ar)'d+gj(zy) <0 ,i=1,...,p,

d is defined as the search direction and hj is a posi-
tive definite approximation to the Hessian matrix of
Lagrangian function of the problem. The Lagrangian
function can be described [?] as:

L, 0) = F@)+ Y vihi() + Y Bigi(e) ()

Jj=p+1

Where v and g are the Lagrangian multipliers. The
developed quadratic subproblems can then be solved
using the active set strategy. The solution xj at each
iteration is updated according to Equation 4.

8
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« is defined as the step size and takes values in
the interval [0,1]. After each iteration the matrix
Hj. is updated based on the Newton Method. One
known methods to update the matrix Hj is the
Broyden-Fletcher-Goldfarb-Shanno (BFGS) methods
[?]. Thus:

t t
yeyy,  Hiswes;Hy
H, =H — 5
k+1 K+ Skylﬁ SZHkSk (5)
where:
Sk Tk+1 — Tk
Y = VL(@ry1,Y%e+1,Brr1) — VL(Trt1, Vo, Br)

6 Constrained Handling Using
GAs

Recently, solving constrained optimization problem
using genetic algorithms were explored by many au-
thors [?, 7, 7, ?]. In solving optimization problem
we normally search for feasible solutions for our prob-
lem. During the evolutionary process, many unfeasi-
ble solutions appear. This is because some individual
in the population due to crossover and mutation op-
eration, might produce solutions outside the feasible
search space. Dealing with unfeasible solutions repre-
sent a challenge for GAs. Many ways to handle unfea-
sible solution were proposed [?]. The method we are
adopting in this study is fully presented in [?]. This
methodology can be described in the following steps:

e The problem constraints can be classified into
four types. They are Linear Equalities (LE),
Linear Inequalities (LI), Nonlinear Equalities
(NE), Nonlinear Inequalities (NI) constraints.

e A random start point is selected for the search.
This initial random point should satisfy both LE
and LI constraints.

e Set the initial temperature A\ = \g.

e Evaluate each individual in the population using
the evaluation function eval.

eval(X,\) = f(X) +

o if A < As stop, else

— decrease \.

— use the best individual as an initial solution
for the next generation.

— repeat the previous steps of the algorithms.
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This method requires an initial starting temperature
Ao and a final freezing temperature Ay. A recom-
mended values are, reported in [?], \g = 1, \j11 =
0.1 x \; with A = 1076.

Many software packages were used to solve con-
strained optimization problems written in Optima,
MATLAB, GRG and LSGRG. These packages are
based on methods such as SQP methods, general-
ized gradient methods and many others. To develop
our results we used two types of programs: 1) The
Optimization Toolbox with MATLAB to develop so-
lutions based SQP; 2) The GENOCOP 5.0 software
tool which was provided in [?, ?| to solve the con-
strained optimization problems studied. To run the
GENOCOP software we need to specify a set of pa-
rameters in an input file. These parameters include
the number of variables, the number of equalities, the
number of inequalities, the domains specified for each
variable. We also specify the population size and the
total number of generations. The proposed solution of
the constrained optimization problem was compared
with the SQP solution [?].

7 Test Problem 1

A nonlinear constrained optimization problem de-
scribed in [?] and extensively discussed in [?, ?] is
presented in this section.

Min ¢(z,y) =2z +y (7)

Subject to:

1.25 — 22 —y
z+y

INIA

Given that 0 < z < 1.6 and y € {0,1}. To optimize
the above function, we generated the problem surface
(i.e. landscape) defined within the given search space.
The landscape is shown in Figure 2. To check the per-
formance of the evolutionary process we used various
population sizes.

To see how GAs work on various population sizes
and to make sure that GAs will converge to the op-
timal solution. We run GAs with various population
sizes as shown in Figure 3. It can be seen that with
various population size the optimal value of the func-
tion reached the acceptable level.

A comparison between the developed results us-
ing the constrained GAs and MATLAB Optimization
Toolbox is provided in Table 1. The results show that
GAs can provide the same results as the SQP tech-
nique. This means that both techniques are effective

in this case.
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Search Space

Figure 2: Search space of Test Problem 1

Best so far curves with various population sizes
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Figure 3: Test Problem 1: Convergence of the evolu-
tionary process with various population sizes

Table 1: Solution provided by GAs and SQP: Case 1

x y | o(x,y) | Technique
05| 1]2 GAs
05112 SQP

8

function value

8 Test Problem 2

This problem was presented in [?] and was studied in
7]

Min ¢(x1,22,y) = —y + 221 + 22 (8)

Subject to:

T — 2772

A

—T1+ T2+ Y

Given that 0.5 < zy < 1.4 and y € {0,1}. The above
problem can be formulated to eliminate equality con-
straints as shown in Equation 9.

Min ¢(a1,y) = —y+ 21— In(F)  (9)
Subject to:

—a—In(F)+y < 0ye{01)

In this section, we explore the issue of selecting the

Search Space

35

Figure 4: Search space of Test Problem 2

optimal tuning parameters for the second test case us-
ing genetic algorithms with constraints. The problem
landscape is presented in Figure 4. The landscape
seems not very complex but the domain of search
space for each model parameters represents a chal-
lenge since we are having nonlinear constraints.

In Figure 5, we show the best so far curves of the
GAs with various population sizes. In Table 2, GAs
provided a slightly better results than the SQP tech-

nique.
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Best so far curves with various population sizes
2.4 T T

—— population size= 30
population size= 40
—— population size= 50
—— population size= 60
— population size=80 |
population size= 100
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N
a
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Generation

Figure 5: Test Problem 2: Convergence of the evolu-
tionary process with various population sizes

Table 2: Solution provided by GAs and SQP: Case 2

1 22 | ¢(x1,22) | Technique
1.375 1 2.124 GAs
1.3748 | 1 2.12452 SQP
9 Reactor Network  Design

Problem

The reactor network consist of two Continuous Stirred
Tank Reactor (CSTR) where the a sequence of reac-
tion A, B, then C takes place. The design problem
objective is to maximize the concentration of product
B in the exit stream. This can be achieved by finding
the optimal value of the states x1,z2, 3, x4, x5 and
z¢. In Figure 6, we show the network design prob-
lem structure. The problem under study was fully

Figure 6: Reactor Network Design Problem

described in [?]. The landscape for the network de-
sign problem is shown in Figure 7. The optimization
problem can be represented mathematically as given

8

A ABC ABC
CAgl %=Ca1 %=Ca2
[  E——
x5 C Xz C
O 3 “B1 £ Yy
%5=Vq %=V

72

function value

Search Space

05
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o
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o
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20

Figure 7: Search space of reactor network design prob-
lem

in Equation 10.
Min ¢ = —xy4 (10)
Subject to:

1 + ki1x2xs

To — 21 + k2x2%6

T3 + x1 + k3z3zs

= O =R O

T4 — X3 + T2 — T1 + kax4T6

0.5 0.5
Ty + xg

IN

The domain of search for the states z1,xs, 3,24, Ts5
and zg are given as follows. 0 < x1 < 1,0 < x5 <1,
0<23<1,0<24<1,107% <25 <16,107° <
zg < 16. The values of the coefficient k1, k2, k3 and
k4 are given as:

ki = 0.09755988
ky = 0.99k

ks = 0.0391908
ks = 0.9k

To deal with the above problem, we decide to transfer
the problem to a maximization problem by eliminat-
ing the equality constraints. The new mathematical
description can be given as in Equation 11. with the
boundary values of x5 and xg are 107° < z5 < 16,
1075 < 26 < 16.

koxe(1 4+ k3) + k1 (1 + kaxe)
(1 + k1z5)(1 + kaze)(1 + kazs)(1 + kaze)

(11)
2

Max ¢ =
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Table 3: Solution provided by GAs and SQP: Reactor
Network Problem

Ts g (x5, x6) | Technique
3.038 5.096 0.3881 GAs
15.975 | 1e-005 | 0.3746 SQP
Subject to:
xg.s + 1'(6)‘5 < 4

To maximize the function ¢(zs,xs), we used both
GAs and SQP. We ran GA with population sizes
30,40, 50, 60,80 and 100 and computed the best so-
lution after each generation. The results of each run
are shown in Figure 8. In this case, GAs outperform

Best so far curves with various population sizes
0.4 T T T T T

0.395

0.39

0.385

0.38

—— population size= 30
population size= 40
—— population size= 50
—— population size= 60
—— population size= 80
population size= 100

0.375

0.37

0.365

0.36

0.355 | | | | | | |
15 20 25 30 35

Generation

0

Figure 8: Reactor Network Problem: Convergence of
the evolutionary process with various population sizes

SQP in providing a better maximum to the function
(x5, x6). The results for each case are shown in Table
3.

10 Conclusion

In this paper, we used Genetic Algorithms (GAs) to
solve constrained optimization problems for a number
of processes. We explored the performance of the evo-
lutionary process under variations in the population
size. The results show that GAs are robust and can
provide optimal solution after each run. A practical
example of an industrial process, the reactor network
design problem, was studied with promising results. A
comparison between SQP and GAs was provided. It
shows that GAs can outperform SQP in solving com-
plex constrained optimization problems for industrial
processes.
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