Journal of Computer Science and Applied Mathematics
JCOMP SO Vol. 5, no.2, (2023), 35-51
APPLMATH  1ssN: 1857-9582 https://doi.org/10.37418/jcsam.5.2.1

HYBRID METHOD BASED ON EXPONENTIAL PENALTY FUNCTION AND
MOMA-PLUS METHOD FOR MULTIOBJECTIVE OPTIMIZATION

Alexandre Som, Kounhinir Some', and Abdoulaye Compaore

ABSTRACT. In this paper, we propose a modified version of the MOMA-plus
method to solve multiobjective optimization problems. We use an exponential
penalty function instead of the Lagrangian penalty function in the initial ver-
sion of MOMA-Plus in order to improve the convergence and distribution to
the Pareto optimal solutions. The theoretical and numerical results show that
this new version improves the quality of the obtained solutions compared to
the last version. Six test problems have been successfully resolved, allowing
us to highlight the good convergence and good distribution of Pareto optimal
solutions.

1. INTRODUCTION

Decision problems are mostly modeled as multiobjective optimization prob-
lems. Multiobjective optimization problems are mathematical representations in
which multiple functions are optimized simultaneously, often with constraints.
In general, multiobjective optimization problems do not have a unique solution
due to the conflicting nature of objective functions. These problems are difficult
to resolve, and there is no general method that is able to solve them efficiently.
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In the literature, there are many methods to resolve these kinds of problems.
These methods can be classified into two main groups, namely the exact meth-
ods [7] and the metaheuristics [9,(17]. The methods of the first group are not
suitable when the number of variables and/or objective functions is large. The
second group of methods aims to find a good approximation of Pareto optimal
solutions. Many methods proceed by transforming the multiobjective optimiza-
tion problem into a single-objective optimization problem without constraint by
using scalarization function and penalty function successively. That is the cas of
MOMA-Plus method.

The MOMA-Plus method [21], is a method that transforms the initial problem
into a single-objective optimization problem without constraints. It uses a La-
grangian penalty function and an aggregation function to convert any nonlinear
multiobjective optimization problem. Weighted Chebychev distance is used in
nonlinear cases and weighted son in linear cases. It is important to note that
the MOMA-plus method has been used to solve several types of optimization
problems, such as linear multiobjective optimization problems [19], nonlinear
multiobjective optimization problems [20,21]], single-objective and multiobjec-
tive affectation and transport problems [14}15], single-objective and multiob-
jective fuzzy optimization problems [2,3]], etc. Through these different works,
MOMA-Plus has given satisfactory results, but it is not the best simultaneously
on convergence, distribution and speed. This is why this current work aims
to improve the performance of MOMA-Plus by using the exponential penalty
function instead of the Lagrangian penalty function.

In the literature, there are many penalization techniques to convert a con-
strained problem into an unconstrained problem [5,8,10-12,/16,22]. For this
paper, we will focus on that of Sanming Liu et al [11] which propose a penalty
function based on an exponential function. The optimality of solution of sub-
problem obtained bu using his exponential penalty function is proved. In ad-
dition, it is proved that, this penalty function is suitable for solving min — max
problem.
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In this work, the coupling of MOMA-Plus method and the exponential penalty
function has given a new method for the resolution of some multiobjective non-
linear multiobjective optimization problems. We have demonstrated theoreti-
cally the convergence of the algorithm of the new version. In addition, six test
problems [6] are solved and numerical solutions are compared to those of the
last version. This allowed us to highlight the performance of the novel version.

For a best presentation of this work, Section 2 will be used as preliminary.
Section 3 will include the main results of this paper, and Section 4 will deal with
the conclusion.

2. PRELIMINARIES

2.1. Definitions. A multiobjective optimization problem can be described as

follows:
min  f(z) = (f1(z), fa(2), ..., fo(x))
2.1 <
2.1) S.t:{g($)_0
r e R"
where f = (fi, fa,..., fp) is the vector whose components are the objectives
functions and g = (g1, go, - - -, gm) is the vector whose components are the con-

straints functions.

For the solution of such a problem, it is necessary to know some sets as the de-
cision space (noted by x) and objective space (noted by ))) with are respectively
the set of admissible solutions and its image by f. We have

x={z€R": g(z) <0} and ¥ = {f(z) : z € x}.

Definition 2.1. A solution z* € y is weakly Pareto optimal for the problem
if and only if there is no point x € x such that:

f]($) < fj(!lj'*), \V/] = 172, .o, D.

Definition 2.2. A solution x* € x is Pareto optimal if there is no solution = € x
such that f;(x) < f;(z*), Vj =1,2,...,p and for at least one k € {1,2,...,p}, we
have fi.(z) < fi(z").

In addition to these definitions, we will also use the notion of ideal point.
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Definition 2.3 ( [7]]). The ideal point is the vector z* € R? whose components Z

are obtained by individually minimizing each objective function f;, j = 1,2,...,p
under the constraints of the initial multiobjective optimization problem. In other
words
zj = min f;(z)
(2.2) » { g(z) <0
z € R".

Definition 2.4. The weighted Chebychev distance is a function which allows to
transform multiobjective optimization function to single-objective optimization func-
tion. It is formulates by:
(2.3) U(f@)A) = max {Alfi@) - 5]}

p
with A = (A1, A, ..., Ap) such that A; > 0and ) " \; = 1.

J
2.2. Exponential penalization function. A Penalty function is a function that
transform a constrained optimization problem into an unconstrained optimiza-

tion problem. In this work, we will only use the exponential penalization defined
in [[11].

Definition 2.5. ( [[11]]) The exponential penalty function is defined as follows:

m

(2.4) II,(z) = %n . v[kngi(z)],

=1

where k,, is the penalty coefficient verifying the property:

(2.5) lim &, = 400,

n—-+o0o

and v is a real-valued function defined by:
(2.6) v(t) = exp(t — 1).

Using the penalty function (2.4) allows us to transform the problem (2.1]) into
a multiobjective optimization problem without constraints. In other words:

@.7) min {7@) +— 3 vlragi(a)

Rn i=1
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This is equivalent to:
) 1 1
@8  min {A(@)+ = Yol fyl@) + o Sl ]
Definition 2.6. ( [11]]) Let S,, C R*, n € {1,2,...}, denote:
v lim S,={zxcR": z€S8,, forinfinitely many n € N};

n—-+o0o

v lim S,={zrcR": z €8, forallbut finitely many n € N}.

n——+o0o
Note that y* is the set of weakly Pareto optimal solutions of the problem (2.1));
X}, is the set of weakly Pareto optimal solutions of the problem (2.8)); Q* is the
the set of Pareto optimal solutions of the problem and 2! the the set of
Pareto optimal solutions of the problem (2.8) .

2.3. Alienor transformation.

Definition 2.7. [13] We call Alienor transformation, any transformation allowing
to reduce a function of several variables to a function of single variable with the
help of a—dense curves.

a—dense curves are studied in [4] and the interested reader can consult it.
The Alienor transformation that we use in this paper is the Konfe-Cherruault
transformation [1]]. It is given by the following relation (2.9)):

(2.9 x; =0;(0) = %[(bz —a;) cos(wif + ¢;) + a; + bz} ,i=A{1,...,n}

where w; and ¢; are slowly increasing sequences and 0 € [0; 0,,,.], with

1
_ o —

Omaz = (b=a)f 2+ (b+a) and 0! = =1 ¢1, with ¢ = min a; and b = max b;.
w1 i=1,n i=1,n

Theorem 2.1. [3] Any point z; € [a;; b;] can be approximated by at least one point
defined by the Alienor transformation o;(6).

2.4. MOMA-plus method. MOMA-plus method was developed by Somé. K. et
al [20] for solving multiobjective optimization problems. The different steps of
the MOMA-plus method are :
(1) STEPI: Scalarization : transform the problem into a single-objective
optimization problem with constraints.
(2) STEP II: Penalization : transform the last formulation into a single-
objective optimization problem without constraints.
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(3) STEP III: Alienor transformation : transform the obtained formulation
at the step II into one variable optimization problem,;

(4) STEP IV: Solutions research : resolve the single-objective optimization
problem with one variable;

(5) STEP V: Solution initialization : transform the obtained solution in R
to the solution of the initial problem.

3. MAIN RESULTS

3.1. Theoretical results. In this work, MOMA-Plus method is modified at two
levels. At the one hand we start this version by the penalization and at the other
hand we replace the Lagrangian penalty function by the exponential penalty
function.

3.1.1. Penalization of objective functions. At this step, we have used the the ex-
ponential penalty function to transform constrained optimization problem into
unconstrained optimization problem.

Theorem 3.1. All Pareto optimal of is also Pareto optimal solution of
and reciprocally.

Proof. Let x* be a Pareto optimal solution of problem (2.8). Suppose that x* is
not a Pareto optimal solution of problem (2.1) then there exist y € x such that

Vi=1,...,p, fi(y) < f;(z*) and at last one k € {1,...,p}, fi(y) < fu(z*). As
x*, y € x then there exist ng > 0 such that Vn > ng,

Lzmngl ) < fi(z") + 1nZv[nng@-<:c*)],

Rn -
=1

Vi={1,...,p},and all k € {1,...,p}. This implies

fk(3/> +

S

1 m
’U[angz( )] < fk /<L_ ZU Kungz
i=1

=1

That is absurd because x* is a Pareto optimal solution of problem (2.8).
Conversly, let 2* be a Pareto optimal solution of problem (2.1)). Suppose that
x* is not a Pareto optimal solution of problem (2.8), then there exist x € x such
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that
1 — 1 &
i) + P ;U[/fngi(l’)] < fi(x K— ;U kngi(z7)],

Vj=1,...,pand at lastone k € {1,...,p},

) + = D wligi@)] < fola®) + = 3 vlagila’)

As z, x* € x, there exist ny > 0 such that Vn > ny, f;(z) < f;(z*),Vj=1...,p
and at last one k£ € {1,...,p}, fu(z) < fr(x*). That is absurd because z* is a
Pareto optimal solution of problem (2.1)). O

3.1.2. Scalarization. To transform the problem (2.1]) into an unconstrained single-
objective optimization problem we propose to use the relation (2.8]) and to apply
an aggregation technique. By replacing f; of the relation (2.3) by:

1 m
(3.1) Fi(w) = fi(=) + — ; v[kngi(@)]
we obtain the aggregation function ¥ written as:
(3.2) U(F N 2" = max (NI = 2]
The problem (2.8) becomes:
(3.3) min ¥(F(x), A, z%).

This transformation gives us a single objective optimization problem without
constraints.

Let z* be the optimal solution of the problem for each (A, Ao, ..., Ay) >0
such that A\; + X\ + ... + )\, = 1 and let Y,, be the set of all optimal solutions of
the problem (3.3). We have the following theorems :

Theorem 3.2. lim (Y, \\}) = 0.

n—-+0o

Proof. Assume that @ (Ya\x;) # 0, then Ja* € @ (Y,\x:) and a subset
n, CN, pe{l,2,...}suchasz* € (Y,,\x; )- Thenz* €Y, and z* ¢ x;, . Since
z* ¢ x;, , then

3.4 JyEx,, : Fily) <Fz") Vj=1,....p
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Ifz*€x, 3" €x; F(@) < Fi(z*) VE={1,2,...,p}

= Fi(2) — 2} < Fi(a*) — 2 .

= |Fi(2') — 2| < |Fi(z*) — z;| because Fi(z') — z; >0, Vb =1,2,...,p.
= Nl Fi(2) — 25| < M| Fi(z*) — 2f| because \; >0, Vj =1,2,...,p

— max DWAE) - 5l) < max (FG) - 5]}

,,,,,,,,,,,

That is equivalent to W(F(2'), A, z ) < &D(F(x ), A, 2*); which is absurd because
x* is the optimal solution of the problem (3.3)).

If * ¢ x, then there is y € x, such that f;(y) < f;(z*)V j=1,2,...,p.
Asy € x and z* ¢ x, we have:

m m

1 1
lim — ) v[k,,gi(y))=0and lim — » wv[k,,g(z")] = +oo.

np—>—+00 Knp pay np—>+00 ,‘inp =

Then, there exist p, € IN, such that for p > py:
1 & 1 &
Fily) +-— > vlkn, W) < fi(x R— > 0ltin,gi(x
T =1 i=1

Hence: Fj(y) < Fj(x*),

= Fj(y) — 2} < Fj(z") — 2,V =1,2,...,p.

= \j|Fj(y) — 2*| < \j|Fj(a*) = 2*[,Vj=1,2,...,p.
Hence max {)\ |Fi(y) — 2*|} < jmax {)\ |F;(z*) — 2*|}.

..........

=240 ( ),)\,z ) < VU(F(x ),)\,z ).Wh1ch is absurd, then @ Y. \xo)=0 0O

Theorem 3.3. lim (Y, \x;) =0.

n—-+400o

Proof. Let’s assume that lim (Y, \x}) # 0, then 32* € lim (Y, \x}). Ing € N,

n—-+o0o n—-+o0o

such as Vn > ng: 2* € Y,,\x.. Then z* € Y, and z* ¢ .
As x* ¢ x;, then

(3.5) Jyex,: Fily) <Fjx"),vj=1,2,...,p.
Ifx* ey, €ex’ et k=1,2,... psuchthat Fp(z') < Fj(a*).

= da' e x; Fp(a) — 2z < Fp(a*) — 25, Vk=1,2,...,p.
= |Fi(2') — 25| < [Fi(z¥) — 2], because Fj(z') — 27 >0, Vj=1,2,...,p.



EXPONENTIAL PENALTY FUNCTION AND MOMA-PLUS METHOD 43
As \; > 0, M| Fi(2') — 25| < M| Fe(z®) — 2|,V = 1,2,...,p. We have

Jnax { Al Fi(a”) = z[} < max {A|Fi(2") — 2}

That is equivalent to W(F(2'), A, 2*) < W(F(z*), A, z*), which is absurd because
x* is the optimal solution of the problem (3.3)).

If * ¢ x, then there exist y € x such that f;(y) < f;(z*), Vj = 1,2,...,p.
Then

m

[0+ — > tlkagly)] < e 7.2 e

=1
This is equivalent to: Fj(y) < Fj(z*),Vj = 1,2,...,p. So Fj(y) — zj < Fj(z*) —
25,V3=1,2,...,p

= \;|Fi(y) — 2*| < \j|Fj(z*) — 2%, Vj=1,2,.
—> max {/\|F()—z|}< max {/\|F( ) — 2%}

j=12,..., =1,2,...,
= V(F(y ) A 2%) < W(F(x%), )\ 2*). That is absurd, because z* € Y,,.
Hence lim (Y,\x;,) =10 O
n—-+o0o

Theorem 3.4. Any optimal solution of problem is a Pareto optimal solution
of problem and reciprocally.

Proof. Let z* be the optimal solution of problem (3.3), then Vy € x; ¥(F(z*), A,
2*) < W(F(y), A, z*). Suppose that z* is not a Pareto optimal solution of (2.8]),
then 3z € x such that

1 - * 1 - *
,{_ZU kingi (1)) < f(x )+H—Zv[ﬁn9i(l’ )],
i=1 " oi=1
Vj=1,2,...,pand at last one k € {1,...,p} such that
1 — I &
fk<x> + P Zv[ﬁngi(x)] < fk - ZU Kngz
" i=1 i 52

= Fj(z) < Fj(z*), j=1,2,...,pand at lastone k € {1,...,p} we have Fj(z) <
As z* is the ideal point of (2.8)), then
= Fj(z) — 2} < Fj(v*) — 2;,Vj = 1,2,...,p and at last one k = {1,...,p},
Fi(x) — 2z} < Fy(a*) — 2.
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= |Fj(x) —zj| < |Fj(z*)—2j],Vj =1,2,...,pand atlastone k € {1,...,p},
|Fi(e) — 24| < |Fu(a) -zl
= \j|Fj(z) — zj| < N\j|Fj(z*) — 27[,Vj = 1,2,...,p and at last one k €
{1,...,p}, such that
e Fre(x) — 25| < Mgl Fi(2*) — 2f|, because A, > 0, Vi =1,2,...,p.
— Jx € y such that W (F(z), A, z*) < U (F(x*), A, 2%).
That is absurd because x* is an optimal solution for the problem (3.3).
Conversly, let T be a Pareto optimal solution of problem (2.8). Suppose that
7 is not an optimal solution of problem (3.3)), then exist + € x such that
U (F(z),\, 2*) < W(F(T), A, 2*). As 7 is a Pareto optimal solution of (2.8)), #iy € ¥,

such that f,(y) + % i olkngi®)] — 28 < £5(T) + Hi > ulrugi(D)] = 5, V) =

1 m
1,2,...,pand and lastone k € {1,...,p} we have, f.(y)+— > v[kngi(y)]— 2z <
Kn i=1

m

Fl) + = 3= oliagi ()] - 24
Then Fj(y) — z; < F;(T) — 27,

Fi(y) — z; < Fy(T) — 2.

So Ay € x, N|Fi(y) — 23| < Nj|Fj(T) — 23|, Vi =1,2,...,p and at last one
ke{l....pt Ml Fily) — 2| < Al Fi(T) — 2.

Then #y € x such that ¥(F(y), \, z) < ¥(F(%), A, z). Therefore 7 is the optimal
solution of problem (3.3). O

Vj = 1,2,...,p and at last one k € {1,...,p},

3.1.3. Alienor Transformation [3|]. The application of the relation (2.9) to the
problem (3.3)), give us a single-objective optimization problem of only one vari-
able represented by the relation (3.6)):

min L(0)

0 € [0; 0,naz]
Theorem 3.5. ( [3]) Any minimum of the problem can be approximated by
a minimum of the problem (3.6).

Proof. For the proof, see in [3]. O

(3.6)

3.1.4. Solutions research. Since the problem (3.6) is single-objective with only
one variable then we will use the Nelder-Mead algorithm [13] which is appro-
priate for its solutions.
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3.1.5. Solutions initialization. The obtained solution at the previous step must
be transform to the solution of the initial problem. That is possible by re-using
of the Alienor transformation described in Section 2.3

3.1.6. Modified algorithm of MOMA-plus. The main lines of the modified MOMA-
plus method are defined as follows :

p
Input: Enter the value of «,, and choose \; suchas > \; =1
j=1

F(a) e {F() + — 55 oliugi(a)]}

Kn i=1
for For j + 1to p do
W(F(z), )\, 2*) < max [Ajmj(x) - z;f|]
I(x) «+ W(F(x), A, z*%)

end
fori+ 1tondo
end

') < I'(01(0),092(0),...,0.(0))

return ¢* found by Nelder-Mead algorithm [|13]

for i+ 1tondo

end

return Display the solution = of the problem which is one of the best

compromise corresponding to fixed \;
Algorithm 1: MOMA-PLUS MODIFIED ALGORITHM

3.2. Numerical results.

3.2.1. Presentation of the test problems. The multiobjective optimization prob-
lems we will study are the Zitzler test problems [6] and are listed in the table

1l
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TABLE 1. Multiobjective problems

Indexes | Multiobjective problems n Bounds
’mmfl(xlam) =T
ol z) =
T1 Zlin<2 xl;xi a I 2 T1,T9 € [0, 1]
A ST S
\0 S ) S 5
(minfy(z) = 22
Ty minfo(x) = (z — 2)? 1 x € [0;4]
—5<zr<5h
(minfi(z) =z
minfy(x) =g (1- /28)
T3 n 30 x; € [07 1}
glx)=1+ T X >y
- =2
Lz = (1, 29,...,2,) € [0.1]"
(min fi(z) =
2
minfa(a) = g(2) (1 - (22 )
T, AN 9(x) 30| e [0:1]
glx) =1+ X Y@
-1 =
Lz = (21, 29,...,2,) € [0.1]"
(mmfl(if) =T
minfo() = g(x) x h(z)
x)=1 + X X
Ts 9(z) n-— i=2 30| z; €[0;1]
h(z)=1-— —J;(f)) - _J;(;) sin(107 f1(x))
|z = (z1,22,...,2,) € [0.1]"
'mmfl(x) =
minfo(a) = gfa) x 11~ 12
Ty 9l 30| a;€[0;1]
g(x):1+n_1 x;xi

x = (11,79,...,1,) € [0.1]"
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3.2.2. Graphical results. The graphical results are presented by the following

graphs:

Problem T1 Problem T2
1 4%
£ ¥ Pareto solutions * % Pareto solutions
10 Analytic front 35 Analytic front
9
3
8
7 25
N6 N 2
5 15
4
1
3
2 05
1 = 0
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 0 0.5 15 2 25 3 3.5 4
f1 1

FIGURE 1. Pareto front of the problem T} et T5.

f2

Problem T3 12 Problem T4
% Pareto solutions %  Pareto solutions
Analytic front I Analytic front
¥y
*
0.2 0.4 0.6 0.8 1
1
FIGURE 2. Pareto front of the problem T3 et T}.
Problem T5 Problem T6
% Pareto solutions % Pareto solutions
Analytic front Analytic front
¥,
¥x
0.2 0.4 0.6 0.8 1

1

FIGURE 3. Pareto front of the problem 75 et T§.
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3.2.3. Numerical interpretations of simulation results. The study of modified
MOMA-Plus performances focuses on the convergence of obtained solutions to
the analytical front and their distribution on the analytical front. When the
values of these parameters are close to zero, a good performance is obtained.
Performance indexes are defined by the relations below:

N N-1 _

i_Zldi dy + dy + 2|di—d|
3.7 YT="1_ and A= = .
( ) N df+dl+(N—1)d

In these formulas, N denotes the number of solutions provided by our method.
dy and d; define respectively the euclidean distances separating the upper and
lower extremal solutions provided by our method. d; is the euclidean distance
between two consecutive solutions, d is the arithmetic average of all the solu-
tions provided by our method. The performance index of the modified MOMA-
plus method are shown in the table

TABLE 2. Performance table

Modified MOMA-Plus T T T3 Ty T5 T6
T 0.0077 | 0.0011 | 0.0044 | 0.0018 | 0.0029 | 0.0018
A 0.9819 | 0.9843 | 0.9823 | 0.9821 | 0.9823 | 0.9819

The coupling of MOMA-plus and exponential penalty function seems to con-
verge quickly on all the multiobjective optimization problems studied. With
regard to the values of the performance index, we have good convergence and
good distribution of the Pareto optimal solutions.

Remember the value of the performance indices on convergences and distri-
bution, provided by original MOMA-plus method [|18]:

TABLE 3. Performance table of the MOMA-plus method

MOMA-pIUS T 15 T3 Ty T5 T6
T 0.0691 | 0.0053 | 0.0046 | 0.0137 | 0.0599 | 0.0046
A 1.1833 | 0.5537 | 0.9820 | 0.3483 | 0.9835 | 0.9820

According to the performance index we can do the following comparisons on
convergence indices :
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TABLE 4. Comparison on convergence indices

Problems T T T3 Ty T5 T6
modified MOMA-plus | 0.0077 | 0.0011 | 0.0044 | 0.0018 | 0.0029 | 0.0018
MOMA-plus 0.0691 | 0.0053 | 0.0046 | 0.0137 | 0.0599 | 0.0046

On these six test problems, modified MOMA-Plus version is best than original
version of MOMA-Plus. The distribution indices are defined in the table below:

TABLE 5. Comparison on distribution indices

Problems T T T3 Ty T5 T6
modified MOMA-plus | 0.9819 | 0.9843 | 0.9823 | 0.9821 | 0.9823 | 0.9819
MOMA-plus 1.1833 | 0.5537 | 0.9820 | 0.3483 | 0.9835 | 0.9820

On these six test problems, modified MOMA-Plus version is best than original
version on tree problems.

4. CONCLUSION

Through this paper, we have demonstrated that it is possible to improve the
performance of the MOMA-Plus method by proposing a new version. We have
proved that by some theorems on the existence of Pareto optimal solutions us-
ing our method. In addition, we have confirmed that with numerical solutions
on six test problems taken in the literature. This coupling of MOMA-Plus and
the exponential penalty function has given solutions which are better than the
original MOMA-plus method on the convergence criterion. But about how solu-
tions are distributed on the Pareto front, the two methods are the same. So, we
can conclude that the modified MOMA-Plus method is the best alternative for
multiobjective optimization problems.

In the future, we intend to investigate the complexity of the MOMA-Plus
method and its variants, as well as explore the possibility of tackling other types
of optimization problems, such as combinational optimization and fuzzy opti-
mization.
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