Chapter 20
Fuzzy Multi-Criteria Optimization: Possibilistic
and Fuzzy/Stochastic Approaches

Masahiro Inuiguchi, Kosuke Kato, and Hideki Katagiri

Abstract In this chapter, we review fuzzy multi-criteria optimization focusing
on possibilistic treatments of objective functions with fuzzy coefficients and on
interactive fuzzy stochastic multiple objective programming approaches. In the first
part, treatments of objective functions with fuzzy coefficients dividing into single
objective function case and multiple objective function case. In single objective
function case, multi-criteria treatments, possibly and necessarily optimal solutions,
and minimax regret solutions are described showing the relations to multi-criteria
optimization. In multiple objective function case, possibly and necessarily efficient
solutions are investigated. Their properties and possible and necessary efficiency
tests are shown. As one of interactive fuzzy stochastic programming approaches,
multiple objective programming problems with fuzzy random parameters are
discussed. Possibilistic expectation and variance models are proposed through
incorporation of possibilistic and stochastic programming approaches. Interactive
algorithms for deriving a satisficing solution of a decision maker are shown.
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20.1 Introduction

In mathematical programming problems, parameters such as coefficients and right-
hand side values of constraints have been assumed to be given as real numbers.
However, in real world problems, there are cases that those parameters cannot
be given precisely by lack of knowledge or by uncertain nature of coefficients.
For example, rate of return of investment, demands for products, and so on are
known as uncertain parameters. Moreover, time for manual assembly operation and
the cost of a taxi ride can also be ambiguous and depend on the worker’s skill
and the degree of traffic congestion, respectively. Those uncertain parameters have
been treated as random variables so that the mathematical programming problems
become stochastic programming problems [85, 86].

To formulate a stochastic programming problem, we should estimate a proper
probability distribution which parameters obey. However, the estimation is not
always a simple task because of the following reasons: (1) historical data of some
parameters cannot be obtained easily especially when we face a new uncertain
variable, and (2) subjective probabilities cannot be specified easily when many
parameters exist. Moreover, even if we succeeded to estimate the probability
distribution from historical data, there is no guarantee that the current parameters
obey the distribution actually.

We may often come across that we can estimate the possible ranges of the
uncertain parameters. For example, we may find out a possible range of cost
of taxi ride through experience if we almost know the distance and the traffic
quantity. Then, it is conceivable that we represent the possible ranges by fuzzy
sets and formulate the mathematical programming problems as fuzzy programming
problems [10, 25, 31, 59, 66, 78, 80, 83, 85].

In this paper, we introduce approaches to mathematical programming problems
with fuzzy parameters dividing into two parts. In the first part, we review treatments
of objective functions with fuzzy coefficients dividing into single objective function
case and multiple objective function case. In both cases, the solutions are studied
first in problems with interval coefficients and then in the problems with fuzzy
coefficients.

In the single objective function case, we show that multi-criteria treatments
of an objective function with coefficients using lower and upper bounds do not
always produce good solutions. Then possibly and necessarily optimal solutions
are introduced. The relations of those solution concepts with solution concepts
in multi-criteria optimization are described. A necessarily optimal solution is the
most reasonable solution but it does not exist in many cases while a possibly
optimal solution always exists when the feasible region is bounded and nonempty
but it is only one of least reasonable solutions. Then minimax regret and maximin
achievement solutions are introduced as a possibly optimal solution minimizing
the deviation from the necessary optimality. Those solutions can be seen as robust
suboptimal solutions.

In the multiple objective function case, possibly and necessarily efficient solu-
tions are introduced as the extensions of possibly and necessarily optimal solutions.
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Because many efficient solutions exist usually in the conventional multiple objective
programming problem, it is highly possible that necessarily optimal solutions exist.
The properties of possibly and necessarily efficient solutions are investigated.
Moreover the possible and necessary efficient tests are described.

In the second part, we consider a case where a part of uncertain parameters can
be expressed by random variables but the other part can be expressed by fuzzy
numbers. In order to take into consideration not only fuzziness but also randomness
of the coefficients in objective functions, multiple objective programming problems
with fuzzy random coefficients are discussed. By incorporating possibilistic and
stochastic programming approaches, possibilistic expectation and variance models
are proposed. It is shown that multiple objective programming problems with fuzzy
random coefficients can be deterministic linear or nonlinear multiple objective
fractional programming problems. Interactive algorithms for deriving a satisficing
solution of a decision maker are provided.

20.2 Problem Statement and Preliminaries

Multiple objective linear programming (MOLP) problems can be written as

maximize (c]x,clx,...,clx)T,
subjecttoajx = b;, i =1,2,...,m, (20.1)
x>0,
where Cr = (Ckl,Ckg, e ,Ckn)T, k = 1,2, Ry 2 and a, = (ail,aiz, Ce ,am)T,
i = 1,2,...,m are constant vectors and b;, i = 1,2,...,m constants. x =
(x1,X2, ..., x,)T is the decision variable vector.

In MOLP problems, many solution concepts are considered (see [13]). In this
chapter, we describe only the following three solution concepts:

Complete optimality: A feasible solution X is said to be completely optimal if and
only if we have ¢;% > ¢{x,k = 1,2,...,p for all feasible solution x.

Efficiency: A feasible solution X is said to be efficient if and only if there is no
feasible solution x such that ch > cZﬁ, k=1,2,...,p with at least one strict
inequality.

Weak efficiency: A feasible solution X is said to be weakly efficient if and only if
there is no feasible solution x such that¢;x > ¢[%,k = 1,2,...,p.

In the conventional MOLP problem (20.1), the coefficients and right-hand side
values are assumed to be specified as real numbers. However, in the real world
applications, we may face situations where coefficients and right-hand side values
cannot be specified as real numbers by the lack of exact knowledge or by their
fluctuations. Even in those situations there are cases when ranges of possible val-
ues for coefficients and right-hand side values can be specified by experts’ vague
knowledge. In the first part of this paper, we assume that those ranges are expressed
by fuzzy sets and consider the MOLP problem with fuzzy coefficients. Because we
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focus on the treatments of objective functions with fuzzy coefficients, we assume
the constraints are crisp so that they do not include any fuzzy parameters. However,
the constraints with fuzzy parameters are often reduced to the crisp constraints in
fuzzy/possibilistic programming approaches [10, 25, 31].

MOLP problems with fuzzy numbers treated in the first part of this chapter can
be represented as

ma)%imize @lx,ex, ... ,E;x)T, (202)
subject to x € X,
where we define
X={xeR"|a'x=0b,i=12,....,m x>0} (20.3)
¢ = (Cu,Crav-- ) k= 1,2,...,p is a vector of fuzzy coefficients. ¢y,
j=12,....n,k=1,2,...,p are fuzzy numbers. A fuzzy number ¢ is a fuzzy

set on a real line whose membership function uz : R — [0, 1] satisfies (see, for
example, [11])

(i) ¢ is normal, i.e., there exists r € R such that uz(r) = 1.

(ii) ug is upper semi-continuous, i.e., the A-level set [¢], = {r € R | uz(r) > h}is
a closed set for any 4 € (0, 1].

(iii) cis a convex fuzzy set. Namely, i is a quasi-concave function, i.e., for any r,
r, € R, forany A € [0, 1], uz(Ar; + (1 —A)rz) = min(puz(ry), nz(r2)). In other
words, h-level set [¢];, is a convex set for any /& € (0, 1].

(iv) cis bounded, i.e., lim,— 400 pz(r) = lim,,_oo pz(r) = 0. In other words, the
h-level set [¢];, is bounded for any & € (0, 1].

From (ii) to (iv), an h-level set [¢], is a bounded closed interval for any i € (0, 1]
when ¢ is a fuzzy number. L-R fuzzy numbers are often used in literature. An L-R
fuzzy number ¢ is a fuzzy number defined by the following membership function:

o
1, ifre[ct,c

),ifrchandﬂ>0,

—r\ . L
L ,ifr<c-anda > 0,

5]
: (20.4)

0, otherwise,

where L and R : [0, +00) — [0, 1] are reference functions, i.e., L(0) = R(0) = 1,
lim, 4 o0 L(r) = lim, 40 R(r) = 0 and L and R are upper semi-continuous non-
increasing functions. & and f are assumed to be non-negative.

An example of L-R fuzzy number c¢ is illustrated in Fig.20.1. As shown in
Fig.20.1, ¢~ and cR are lower and upper bounds of the core of ¢, i.e., Core(¢) = {r |
uz(r) = 1}.  and B show the left and right spreads of ¢. Functions L and R specify
the left and right shapes. Using those parameters and functions, fuzzy number ¢ is
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Fig. 20.1 L-R fuzzy number I
¢= (MR, Bx A

A -
N
r

a CL &R ﬁ

represented as ¢ = (cb, c®, &, B)1r. A membership degree uz(r) of fuzzy coefficient
¢ shows the possibility degree of an event ‘the coefficient value is r’.

Problem (20.2) has fuzzy coefficients only in the objective functions. In Prob-
lem (20.2), we should calculate fuzzy linear function values sz, k=12,...,p.
Those function values can be fuzzy quantities since the coefficients are fuzzy num-
bers. The extension principle [11] defines the fuzzy quantity of function values of
fuzzy numbers. Let g : R? — R be a function. A function value of (¢, ¢2, ..., ¢,),
ie., g(¢1,C2,...,Cq) is a fuzzy quantity Y with the following membership function:

sup min (g, (1), e, (r2). . - .. 1z, (rg)) »
rig(r)=y

ny() = if3r=(ri,ra....,1rp);8(r) =y, (20.5)
0, otherwise.

Since ¢ is a vector of fuzzy numbers ¢; whose h-level set is a bounded closed interval
for any i € (0, 1], we have the following equation (see [11]) when g is a continuous
function;

where [€], = ([¢1]n. [C2]n, - - -, [C4]n). Note that [¢;], is a closed interval since ¢; is
a fuzzy number. Equation (20.6) implies that s-level set of function value ¥ can be
obtained by interval calculations. Moreover, since g is continuous, from (20.6), we
know that [Y],, is also a closed interval and [Y], # @. Therefore, Y is also a fuzzy
number.

Let g(r) = r'x, where we define r = (ry, 75, ..., r,)". We obtain the fuzzy linear
function value EZx as a fuzzy number g(¢;). For x > 0, we have

n n

Exln = | > cex., > x| . Yhe (0.1], (20.7)

=1 =1
where cf(h) and ¢ (h) are lower and upper bounds of /-level set [y, i.e., cj;(h) =
inf[¢y], and (k) = sup[¢y]s. Note that when &; is an L-R fuzzy number (ci;, ¢,

L ,R
Vij> ij)Lk_,'Rk," we have
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chi(h) = ek —yELT V(). R =+ yERG (), (20.8)

where L( Y and R( are pseudo-inverse functions of Ly and Ry; defined by
L,(q D (h) = sup{r | ij(r) > h} and R,Ej_l)(h) = sup{r | Ry;(r) > h}.

In Problem (20.2), each objective function value sz is obtained as a fuzzy
number. Minimizing a fuzzy number E'Zx cannot be clearly understood. Therefore,
Problem (20.2) is an ill-posed problem. We should introduce an interpretation of
Problem (20.2) so that we can transform the problem to a well-posed problem.
Many interpretations have been proposed. In the first part of this paper, we describe
the interpretations from the viewpoint of optimization. For the other interpretations
from viewpoint of satisficing, see, for example, [10, 25].

Possibility and necessity measures of a fuzzy set B under a fuzzy set A are defined
as follows (see [12]):

ITx(B) = sup min(ux(r). ju5(r)). (20.9)
N;(B) = infmax(1 — ji(r), p15(r). (20.10)

Those possibility and necessity measures are depicted in Fig. 20.2.
When fuzzy sets A and B C R? have upper semi-continuous membership func-
tions and A is bounded, we have, for any h € (0, 1],

M;(B) > h < [A], N [Bly # 9, (20.11)
N;(B) = h < (A)1; S [Bly < cl(A)1—;  [Bl. (20.12)

where A is said to be bounded when [A];, is bounded for any & € (0, 1]. (A)_; is a
strong (1 — h)-level set of A defined by (A)_, = {r | pnz(r) > 1—h}. In (20.11)
and (20.12), we may understand that the possibility measure shows to what extent A
intersects with B while the necessity measure shows to what extent A is included in
B. This interpretation is true even for other conjunction and implication functions 7
and 1.

Fig. 20.2 Possibility and u
necessity measures
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20.3 Single Objective Function Case

In this section, we treat Problem (20.2) with p = 1, i.e., single objective function
case. In the single objective function case, there are many approaches (see for
example, [15, 32, 40, 79, 90]). These approaches can be divided into two classes:
satisficing approach and optimizing approach. The satisficing approach use a goal,
the objective function value with which the decision maker is satisfied, while the
optimizing approach does not use such a goal but generalizes the optimality concept
to the case with uncertain coefficients. We describe the optimizing approaches to
Problem (20.2) with p = 1 in this section. We demonstrate that even in the single
objective function case, Problem (20.2) with p = 1 has a deep connection to multi-
criteria optimization.
When p = 1, Problem (20.2) is reduced to

maximize Efx,

20.13
subject to x € X. ¢ )

20.3.1 Optimization of Upper and Lower Bounds

When fuzzy coefficients ¢, j = 1,2,...,n degenerate to intervals [cb, c‘fj], j =
1,2,...,n, Problem (20.13) becomes an interval programming problem. In this
case, Problem (20.13) is formulated as the following bi-objective linear program-
ming problem in many papers [15, 40, 79, 91]:

maximize (cLTx cRTx)T
rxerx) (20.14)
subject to x € X,

L L oL L R R R R
where ¢t = (. ek, o ch)Tand ef = (e} el BT

The inequality relation between two interval A = [a",aR] and B = [b*, bR] is
frequently defined by

A>B & d" > b and a® > R, (20.15)

Problem (20.14) would be understood as a problem inspired from this inequality
relation. Moreover, because Problem (20.14) maximizes the lower and upper bounds
of objective function value simultaneously, it can be also seen as a problem max-
imizing the worst objective function value and the best objective function value.
Namely, it is a model applied simultaneously the maximin criterion and the max-
imax criterion proposed for decision making under strict uncertainty. An efficient
solution to Problem (20.14) is considered as a reasonable solution in this approach.
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Extending this idea to general fuzzy coefficient case, we may have the following
linear programming (LP) problem with infinitely many objective functions [91]:

ct(h)'x, Vh € (0.1]
R(h)'x, Vhe (0,1])°
subject to x € X,

maximize ( (20.16)

Where ct(n)y = (), ), .. k()T and R(h) = (R), K, ...,

R n (h) )T
This formulation is also related to the following inequality relation between fuzzy
numbers A and B (see [75, 91]):

A > B & a“(h) = b“(h) and a®(h) = bR(h), VYh € (0, 1], (20.17)

where we define for i € (0, 1], a(h) = inf[A],, b~(h) = inf[B],, ak(h) = sup[A],
and bR (h) = sup[B];.

When all fuzzy coefficients ¢; are assumed to be L-R fuzzy numbers (c’fJ, c‘f],
7’1 , Vl;)LR with same left and right reference functions L and R such that L(1) =
R(l) = 0and Vr € [0,1), L(r) > 0, R(r) > 0, the following LP problem with four
objective functions are considered:

T
.. LT RT RyT )
maximize (¢ x, ¢ x, (7 — x, (¢ x) ,
(1 G RN (20.18)
subject to x € X,
L_ (L L L\T .R _ (R R R\T L _ (L L L\T
where ey = (cy;, Clps - CT) €1 = (€11, Chas -+ nC1y) VT = (Vs Vids - Vi) >

YE =i v v
The following theorem shows the equivalence between Problems (20.16) and
(20.18).

Theorem 1. The efficient solution set Eff,,,,, of Problem (20.16) coincides with the
efficient solution set Eff;,. of Problem (20.18).

Proof. Letx & Eff.,.. Then there exists ¥ € X such that

T
c]fx>c]1~x c}fx>clf x,

(01 - }’If) Tx > (01 - }’If) _l-’f'» ()
(R+p) >R +y®x

with at least one strict inequality. For L-R fuzzy numbers (c]fj, clfj, y{“j, )/E)LR, as
in (20.8), we have

) = & —yEL M), Ry = & 4+ YRRV (),
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for any h € (0, 1]. From L(1) = R(1) = 0 and Vr € (0,1], L(r) > 1 and R(r) > 1,
we have Vh € (0,1], L=V (h) € [0, 1] and R=V (k) € [0, 1]. From (), we obtain

i (WTE = cf (W) x, cf ()% = cf(W)Tx, Yh e (0,1] ()

with at least one strict inequality. Then we obtain x & Eff ,ny -

On the contrary, let x & Eff ,,,,- Then there exists ¥ € X such that (**) with
at least one strict inequality holds. Because () holds, we have (x). Then we
shall show that (*) holds with at least one strict inequality. We can prove this
dividing into two cases: (a) 3 € (0, 1], c}(W)™x > ¢L(h)"x and (b) 31 € (0, 1],
R(W)T% > cR(h)Tx. In case (), if LV (k) = 0, we obtain c-'% > ¢t"x and this
directly implies that () holds with at least one strict inequality. Then we assume
LD (i_z)_;é Oand k% = ¢-'x. This and condition for (a) imply —LED () (pE'R) >
—LD(h) (y%Tx). Because we have LV (1) # 0 and L™V (k) € [0, 1], we obtain
(cf — ylL)TJ"c > (¢ — ylL)Tx, i.e., (*) holds with at least one strict inequality. In case
(b), we can prove in the same way. Then (x) holds with at least one strict inequality,
i.e, x € Effrour- |

In this approach, an efficient solution to the reduced multiple objective program-
ming problems is considered as a reasonable solution [15, 40, 79]. If the complete
optimal solution exists, it is considered as the best solution. Furukawa [15] proposed
an efficient enumeration method of efficient solutions of Problem (20.16).

The following example given in [33] shows the limitation of this approach.

Example 1. Consider the following LP problem with interval objective function:

maximize [1, 3]x; + [1, 3]xz,

subject to 45x; + 50x, < 530,
50x1 + 45x, < 515,
05)6158, 05)6258

(20.19)

In this case, the following bi-objective problem corresponds to Problem (20.16):

maximize (x; + X2, 3x; + 3x2)7,

subject to 45x; + 50x, < 530,
50x1 + 45x, < 515,
0<x <8, 0<x, <8.

(20.20)

The efficient optimal solution to Problem (20.20) is unique it is (x;,x,)T = (4,7)T.
In other words, (xl,xz)T = (4,7)7 is the complete optimal solution. This solution
on the feasible region is depicted in Fig. 20.3.

In Fig.20.3, a box on cj-c; coordinate shows all possible realizations of the
objective function coefficient vector. Area G| shows the possible realizations of the
objective function coefficient vector to which solution (x1, x2)T = (4, 7)T is optimal.
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Fig. 20.3 Example 1 c, A /-G
3 g
X G,
2A G
8 N L5 =
: i >
7 X1 3¢,

255556 f————=——-—--— -—--

0 2.88889

Similarly, Area G, and G; show the possible realizations of the objective function
coefficient vector to which solutions (x1,x2)T = (8,2.55556)T and (x1,x)T =
(2.8889, 8)T are optimal, respectively. Although solution (x;,x;)T = (4,7)7 is the
unique efficient solution to Problem (20.20), Area G, is much smaller than Areas
G, and Gj. If all possible realizations of the objective function coefficient vector
are equally probable, the probability that (x;,x;)T = (4,7)" is not the optimal
solution is rather high. From this point of view, the validity of selecting solution
(x1,x2)T = (4,7)T may be controversial.

20.3.2 Possibly and Necessarily Optimal Solutions

Let S(c) be a set of optimal solutions to an LP problem with objective function ¢Tx,

maximize ¢lx,

20.21
subject to x € X. ( )

Consider Problem (20.13) when ¢y;,j = 1,2, ..., n degenerate to intervals [c]fj clfj],

j=1,2,...,nand define I' = ]_[;lzl[c]fj,clfj] = {(c1,ca0.. )T | cll“j <g¢ <

clfj, j=1,2,...,n}. Then we define the following two optimal solution sets:

ns=|J{se) |cery, (20.22)

NS =(\{S() |ceT}. (20.23)
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An element of ITS is a solution optimal for at least one ¢ = (cj,c3,...,c,)T such
that cll‘j < ¢ < clfj,j = 1,2,...,n. Since [cle,cIfj],j = 1,2,...,n show the
possible ranges of objective function coefficients cy;, j = 1,2,...,n, an element
of I1S is called a “possibly optimal solution”. On the other hand, an element of
NS is a solution optimal for all ¢ = (cy,¢a,...,c,)T such that cll‘j <g¢ < clfj,
j = 1,2,...,n and called a “necessarily optimal solution”. Solution set I1S
was originally considered by Steuer [88] for a little different purpose while the
concept of solution set NS was proposed by Bitran [4] in the setting of MOLP
problems. Luhandjula [65] introduced those concepts into MOLP problem with
fuzzy objective function coefficients. However, his definition was a little different
from the one we described in what follows. Inuiguchi and Kume [30] and Inuiguchi
and Sakawa [34] connected those concepts to possibility theory [12, 98] and termed
I1S and NS ‘possibly optimal solution set’ and ‘necessarily optimal solution set’.
Consider the following MOLP problem:

e 1 AT
maximize (¢{x,éx,....Cox) |

g (20.24)

subject to x € X,

where ¢;, j = 1,2,...,q are all extreme points of box set I = ]_[j'.’=1[clj,clj]
Accordingly, we have ¢ = 2" when ¢}; < ¢f,j = 1,2,...,nand ¢ < 2" when
there exists at least one j € {1,2,...,n} such that cll‘j = clfj. We have NS C 118,
i.e., a necessarily optimal solution is a possibly optimal solution. The following the-
orem given by Inuiguchi and Kume [30] connects possibly and necessarily optimal

solutions to weakly efficient and completely optimal solutions, respectively.

Theorem 2. A solution is possibly optimal to Problem (20.13) with ¢|; = [clj, clj]

Jj=1,2,...,nif and only if it is weakly efficient to Problem (20.24). A solution is
necessarily optimal to Problem (20.13) when ¢ = [cb, clfj],j =1,2,...,nifand
only if it is completely optimal to Problem (20.24).

Proof. Suppose X is a weakly efficient solution to Problem (20.24). There are no

feasible solutions such that Eij > Eijc, j=1,2,...,q. As is well known in the

literature, there is a vector A = (A1, A,,... ,)kq)T such that Z;'I=1 Aj=1,4 >0,
j=1,2,...,qand X is an optimal solution to the following LP problem:

q

max Aiclx. *

Xex — T ()
=

is a possibly optimal solution to Problem (20.13) with ¢; = [Clz’ cy R1,i=1,2,.
Conversely, suppose X is a possibly optimal solution to Problem (20 13) with ¢ clj
[01,» cl]] j=1,2,...,n,thereis avectorc € I" such thatx € S(c). By the definition

of ¢/’s, there is a vector A = (A1, A,,...,A,)T such that Z;’Zl Ai=1,4 >0,

Thus, we have X € § (Z - /\jcj) By the definition of ¢;’s, > 1| A;¢; € I'. Hence,
..
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j=12,...,qand¢ = Y"1, A;¢;. Thus, % is an optimal solution to the problem ()
and from this fact, it is a weakly efficient solution to problem (20.24). Hence, the
first assertion is proved.

The second assertion can be proved similarly. O

Possibly and necessarily optimal solutions are exemplified in the following
example.

Example 2. Let us consider the following LP problems with interval objective func-
tion:

maximize [2, 3]x; + [1.5,2.5]x,,
subject to 3x| + 4x, < 42,
3x; +x3 <24,
x1>0,0<x, <09.

(20.25)

For this problem, we obtain I" = {(c1, )T |2 <¢; <3, 1.5 <c¢ <2.5}and
X = {(x1,x)7 | 3x1 +4x, <42, 3x1 +x <24, x; >0, 0 <x, <9} at (6,6)T.
Consider solution (x,x2)T = (6, 6)T and the normal cone to X at this solution, i.e.,
a set of vectors (ci, ¢2)" such that (x; — 6, x, — 6)T(c1, ¢2) < 0. The normal cone to
X at (6,6)7 is obtained as

P((6.6)") = {(c1.c2)" | c1 =3¢ <0, 4c; — 3¢, = 0} (20.26)
As shown in Fig. 20.4, we obtain I" C P((6, 6)T). This implies that solution (6, 6)T
is optimal for all (c1, ;)T € I'. Therefore, solution (6, 6)T is a necessarily optimal
solution.

On the other hand, when the objective function of Problem (20.25) is changed to

[1.3]x; + [1.5, 3]x. (20.27)

Fig. 20.4 Problem (20.25)
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Fig. 20.5 Problem (20.25) P((2,9)T)
with the updated objective C,
function 3]--
I
1.5F- |/ !
x92 \ | e c,
P((6,6)")
i
6ot
i 3¢
| |
| i
; |
0 2 6 8 X,

I' isupdatedto I' = {(cl,cz)T |1 <¢;<3,15<¢< 3}.As shown in Fig. 20.5,
I € P((6,6)") is no longer valid. In this case, I" < P((2,9)") U P((6,6)T)
is obtained and solutions on the line segment between (2,9)T and (6, 6)T are all
possibly optimal solutions. As shown in this example, there are infinitely many
possibly optimal solutions. However, the number of possibly optimal basic solutions
(extreme points) is finite.

As shown in this example, a necessarily optimal solution does not exist in many
cases but if it exists it is the most reasonable solution. On the other hand, a possibly
optimal solution always exist whenever X is bounded and nonempty but it is often
non-unique. If a possibly optimal solution is unique, it is a necessarily optimal
solution. Moreover, as is conjectured from this example, we can prove the following
equivalences for a given x € X:

xeNS & I' CP(x), (20.28)
xellS & I'NPx) #0, (20.29)

where P(x) is the normal cone to X at solution x.
The possibly and necessarily optimal solutions are extended to the case where ¢y;,

j=1,2,..., nare fuzzy numbers. In this case, the possible range I} of coefficient
vectors ¢ becomes a fuzzy set defined by the following membership function:

My (C) :] mzin . N«Zl_,- (cj)’ (2030)

=12,...,
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where ¢ = (¢, ¢z, ..., cn)T and My is the membership function of ¢,;. Accordingly
the possibility optimal solution set 1S and the necessarily optimal solution set NS
become fuzzy sets defined by the following membership functions:

pns(x) = sup ug,(c), (20.31)
c: x€S(c)
= inf 1—pgz (c). 20.32
Hs (x) L ;i (©) ( )

where s and wys are membership functions of the possibility optimal solution
set I1S and the necessarily optimal solution set NS. Because ¢;; has membership
function, each solution x € X has possible optimality degree us(x) and nec-
essary optimality degree uys(x). Because ¢ij, j = 1,2,...,n are fuzzy numbers,
from (20.11) and (20.12), we have the following properties for any & € (0, 1]:

wrsx) > h < 3c €[]y, x € S(c), (20.33)
Uns(x) > h < Ve € (IM)1—p, x € S(c). (20.34)

As shown in those properties, the chance that a necessarily optimal solution exists
increases by defining [I"]; smaller. Especially, if we define I" with a continuous
membership function such that [I"]; is a singleton composed of the most plausible
objective function coefficient vector and (1), shows the largest possible range, we
can analyze the degree of robust optimality of a solution x by pys(x).

Computation methods for the degree of possible optimality and the degree of
necessary optimality of a given feasible solution are investigated by Inuiguchi and
Sakawa [32]. They showed that the former can be done by solving an LP problem
while the latter by solving many LP problems. On the other hand, Steuer [88]
investigated enumeration methods of all possibly optimal basic solutions of Prob-
lem (20.13) when ¢;’s are closed intervals. Inuiguchi and Tanino [38] proposed an
enumeration method of all possibly optimal basic solutions of Problem (20.13) with
possible optimality degree p7s(x).

Remark 1. Consider a MOLP problem,

. . T T T T
maximize (™. e"x,....c,x) ", (20.35)
subjectto x € X,
and solve it by weighting method. If the weight w > 0 cannot be specified uniquely
but by a fuzzy set w, the possible and necessary optimalities are useful to find
candidate solutions.
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20.3.3 Minimax Regret Solutions and the Related
Solution Concepts

As seen in the previous subsection, a necessarily optimal solution is the most rea-
sonable solution to Problem (20.13) but its existence is not guaranteed. On the
other hand, possibly optimal solutions are the least reasonable solutions to Prob-
lem (20.13) but there are usually many possibly optimal solutions. Therefore, these
solution concepts are two extremes.

In this subsection, we consider intermediate solution concepts such that

. the solution is a possibly optimal solution,

. it coincides with the necessarily optimal solution when the necessarily optimal
solution exists, and

3. it minimizes the deviation from the necessary optimality, or it maximizes the

proximity to the necessity optimality.

N —

For the sake of ease, we first consider cases where I' is a crisp set. To measure the
deviation from the necessary optimality and the proximity to the necessity optimal-
ity, the following two functions R : X — [0, 00) and WA : X — (—o0, 1] have been
considered so far (see Inuiguchi and Kume [30], Inuiguchi and Sakawa [33, 35]):

c’x
R(x) = maxmaxc! (y —x), WA(x) = min > (20.36)
cel yeX c€l’ maxc'y
yeX

where R(x) is known as the maximum regret. R(x) takes its minimum value zero if
and only if x is a necessarily optimal solution. On the other hand, WA (x) shows the
worst achievement rate and is defined only when maxyex cTy > 0. WA(x) takes its
maximum value one if and only if x is a necessarily optimal solution.

Hence, we obtain the following programming problems:

minimize R(x), maximize WA(x). (20.37)
xex xex

The former problem is the minimax regret problem and the latter problem is the
maximin achievement rate problem. Optimal solutions to those problems are called
‘aminimax regret solution’ and ‘a maximin achievement rate solution’, respectively.
The possible optimalities of minimax regret solutions and maximin achievement
rate solutions are proved by using Theorem 2 as shown in the following theorem
(Inuiguchi and Kume [30] and Inuiguchi and Sakawa [35]).

Theorem 3. Minimax regret solutions as well as maximin achievement rate solu-
tions are possibly optimal solutions to the problem (20.13).

Proof. We prove the possible optimality of a minimax regret solution because that
of a maximin achievement rate solution can be proved in the same way. Let X be
a minimax regret solution. Assume it does not a possibly optimal solution. Then
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it does not a weakly efficient solution to MOLP problem (20.24) from Theorem 2.
Thus, there exists a feasible solution x such that Eij > EJ-Tif, j=1,2,...,q.Namely,

q q
=T =T~
PBVCEED BT

j=1 j=1

holds for all A = (41,42,...,4,) such that Z;’Zlkj = land }; > 0, j =
1,2,...,q. Since ¢;, j = 1,2,...,q are all extreme points of I, this inequality
can be rewritten as

¢x > "%, forallc € I
Thus we have

R(x) = maxmaxc! (y —x) < maxmaxc® (y —X) = R().
cel’ yex cel’ yex

This contradicts the fact that x is a minimax regret solution. Hence, a minimax regret
solution is a possibly optimal solution. O

Example 3. Consider Problem (20.19) again. The minimax regret solution is
obtained as point (5.34211,5.50877)" in Fig. 20.3. As shown in Fig. 20.3, this solu-
tion is on the polygonal line segment composed of (2.8889,8)T, (4,7)T and
(8.2.55556)T. The polygonal line segment shows the possibly optimal solution
set. Then we know that the minimax regret solution is a possibly optimal solution.
Moreover, from Fig. 20.3, we observe the solution (5.34211, 5.50877)T is located at
a well-balanced place on the polygonal line segment.

Now we consider cases where I is a fuzzy set. In this case, by the extension
principle, we define fuzzy regret 7(x) and fuzzy achievement rate ac(x) for a feasible
solution x € X by the following membership functions:

Wix)(r) = sup {MF(C) ) r= TE%?icT(y —x)} , (20.38)
Wiz (r) = sup {w(c) ) r-maxcly = ch} . (20.39)
yEX

Moreover, we specify fuzzy goal G, having an upper semi-continuous non-increasing
membership function pg, : [0, +00) — [0, 1] such that i, (0) = 1 on the regret,
and fuzzy goal G, having an upper semi-continuous non-decreasing membership
function pg,. : (—oo, 1] — [0, 1] such that g,.(1) = 1 on the achievement rate.
Then, using necessity measure, the problem is formulated as

maximize N5 (G,), maximize N.(x)(Gac)- (20.40)
x€X x€X
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We note that optimal solutions to these problem can be seen as relaxations of
necessarily optimal solutions. Let us define two kinds of suboptimal solution sets to
LP problem (20.13) with objective function ¢"x as fuzzy sets Sair(c) and S, (c) by
the following membership functions:

Ksup(e)(X) = min (xX(x), K, (1;155 ¢y — ch)) , (20.41)
. cTx
HS,u(e)(X) = min | yx(x), LG, T , (20.42)
maxc'y
yEX
where yx is the characteristic function of feasible region X, i.e., yx(x) = 1 for

x € Xand yx(x) =0forx ¢ X.
Based on these, we define two kinds of necessarily suboptimal solution sets NS
and NS, by the following membership functions:

HnNsgy (X) = irclfmax (1 — r(€), syp(e) (x)) , (20.43)

Jins,, () = infmax (1= pr (@), s @) . (20.44)

We obtain s, (X) = Nix)(G,) and wys,, (x) = N (G,) for x € X. Therefore,
problems in (20.40) are understood optimization problems of necessary suboptimal-
ity degrees.

The minimax regret problem was considered by Inuiguchi and Kume [30] and
Inuiguchi and Sakawa [33]. Inuiguchi and Sakawa [33] proposed a solution method
based on the relaxation procedure when all possibly optimal basic solutions are
known. Mausser and Laguna [71] proposed a mixed integer programming approach
to the minimax regret problem. Inuiguchi and Tanino [37] proposed a solution
approach based on outer approximation and cutting hyperplane. The maximin
achievement rate approach was proposed by Inuiguchi and Sakawa [35] and a
relaxation procedure for a maximin achievement rate solution was proposed when
all possibly optimal basic solutions are known. The necessarily suboptimal solution
set is originally proposed by Inuiguchi and Sakawa [36]. They treated the regret
case and proposed a solution algorithm based on the relaxation procedure and the
bisection method. Inuiguchi et al. [39] further investigated a solution algorithm for
both problems in (20.40). In those solution algorithms, the relaxation procedure
and bisection method converges at the same time. The reduced problems described
in this subsection are non-convex optimization problems. The recent global opti-
mization techniques [21] would work well for those problems. The minimax regret
solution concept is applied to discrete optimization problems [41] and MOLP
problems [76]. The minimax regret solution to a MOLP problem minimizes the
deviation from the complete optimality. The computational complexity of minimax
regret solution is investigated in [1].
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20.4 Multiple Objective Function Case

Now we describe the approaches to Problem (20.2) with p > 1, i.e., multiple
objective function case.

20.4.1 Possibly and Necessarily Efficient Solutions

The concepts of possibly and necessarily optimal solutions can be extended to
the case of multiple objective functions. In this case, the corresponding solution
concepts are possibly and necessarily efficient solutions.

Before giving the definitions of possibly and necessarily efficient solutions, we
define a set of efficient solutions, E(C) to the following MOLP problem:

max.imize (cix,clx, ... ,ch)T, (20.45)
subject to x € X,
where we define p x n matrix C by C = (¢1 ¢z -~ ¢,)T.

First, we describe the case where ¢y, k = 1,2,...,p,j = 1,2,...,n degenerate
to intervals [Cb,cfj], k=12,....,p,j = 1,2,...,n and define ® = ]_[i=1 Iy
and I = [ [cg. cf] = {(crcae)T | ¢y < ¢ < ¢ j = 1,2,....n},
k=1,2,...,p. Namely, @ is a box set of p x n matrices. Then, in the analogy, we

obtain the possibly efficient solution set ITE and the necessarily efficient solution
set NE by

ME = | J{E©) | C € 6}, (20.46)
NE = [{E(C) | C € 6}. (20.47)

Elements of ITE and NE are interpreted in the same way as those of I1S and NS,
respectively. Namely, an element of I1E is a solution efficient for at least one C € ©.
Because ® shows the possible range of objective function coefficient matrix, an
element of [1E is called a “possibly efficient solution”. On the other hand, an
element of NE is a solution efficient for all C € ® and called a “necessarily efficient
solution”.

Let K(C) = {s | Cs > 0 and Cs # 0} and R(C) = {C"z | z > 0}. Namely, K(C)
shows the set of improving directions while R(C) is the set of positively weighted
sum of objective coefficient vectors. Using K(C) and R(C), we define the following
sets:

KI(©) = ({K(O) | C € 6}, (20.48)

KN(@©) = | JIK(©O) | C € B}, (20.49)
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RII(O) ={c|F%>03CeO,.c=C"7
= Jir(©©) | Cce 0}, (20.50)
RN(®) ={c|VCe®Ix>0,c=C"z}
=[){R(C) | C € 6} (20.51)
Let T(x) be the tangent cone of feasible region X at point x € X, i.e., T(x) =

cl{r(y —x) | y € X, r > 0}, where clK is the closure of a set K. Let P(x) be the
normal cone of X atx € X, in other words, P(x) = {c | ¢T(y —x) <0, Vy € X} =

{c ' cTx = maxyex cTy}.
Because the following equivalence for x € X is known in MOLP Problem (see,
for example, Steuer [89]):
x € E(C) & (K(C)U {0}) NT(x) = {0}, (20.52)
x € E(C) & R(C)NPx) # 0, (20.53)

Then, for x € X, we have

x € [TE & (KIT(®) U {0}) N T(x) = {0}. (20.54)
x € NE & (KN(O) U {0}) N T(x) = {0}. (20.55)
x € [1IE & RII(O) N P(x) # 0, (20.56)
RN(®) N P(x) # @ = x € NE. (20.57)

Let @ be the subset of matrices of ® having all elements of each column at the
upper bound or at the lower bound. Namely, C € @ implies C; = L;jor C; = U, for
Jj=1,2,....,p,where L = (c)), U = (c}) and Cj is the j-th column of matrix C.
We have the following proposition (see Bitran [4]).

Proposition 1. We have the following equations:

KN(©) = KN(P), (20.58)
NE = (J{E(©) | C € @}, (20.59)
RN(©) = RN(®). (20.60)

Proof. We prove (20.58) and (20.59). Equation (20.60) is obtained from (20.59) in
a straightforward manner.

KN(®) C KN(®) is obvious. Then we prove the reverse inclusion relation.
Assume s € KN(®), Then there exists C € ® such that Cs > 0 and Cs # 0.
Consider C defined by C; = L; if s; < 0 and C; = U, otherwise, for j =
1,2,...,p. Then C € & We have Cs > Cs > 0 and Cs # 0. This implies
s € K(C) € KN(®). Hence, KN(®) D KN(O).
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Now let use prove (20.59). By definition, we have NE = ({E(C) | C € O} C
(V{E(C) | C € ®}. Then we prove the reverse inclusion relation. Assume x & NE.
Thus, from (20.55), we have (KN(®) U {0}) N T(x) # {0}. From (20.58), we obtain
(KN(®) U {0}) N T(x) # {0}. Namely, x ¢ E(C) for some C € @. Consequently,
x€(E(C)| Ce d}.Hence, NE=[{E(C)|Ce®}D({EC)|Ce®}. O

As is known in the literature, we have
P(x) = T(x)* and T(x) = P(x)*, (20.61)

where D* stands for the polar cone of a set D, i.e., D* = {y | xTy < 0,Vx € D}.
We obtain the following proposition.

Lemma 1. The following are true:

Vs € K(C), Yy € R(C);sTy > 0, (20.62)
—R(C) C K(O)*, (20.63)
—R(C) C int{s}*, Vs € K(C). (20.64)

where intD is the interior of set D C R".

Proof. From definition, we obtain (20.62). Equations (20.63) and (20.64) are
obtained from (20.62) in a straight forward manner. a

We obtain the following theorem (Inuiguchi [27]).
Theorem 4. If RN(®) is not empty, we have
x € NE & RN(®) N P(x) # 0. (20.65)
Proof. We prove that RN(®) N P(x) # @ implies x € NE because the reverse
implication is obtained from (20.57).
Assume x ¢ NE. Then, from (20.55) and 0 € T(x), KN(®) N T(x) # 0. Let
§ € KN(®) N T(x). There exists C € ® such that § € K(C) N T(x). Considering
{§}* = {c e R" | ¢"§ < 0}, we have
K(O)* C {s}* and T(x)* C {§}".
From (20.61), the second inclusion relation implies P(x) C {§}*, i.e.,

Vy € P(x); §'y < 0. (%)

On the other hand, from (20.63), we have —R(C) C {§}*. From § € K(C) and
(20.64), we obtain —R(C) C int{§}*. This means

Vy € R(C); §'y > 0. (%)
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From (x) and (s%), we find that {y | §'y = 0} is a separating hyperplane of P(x)
and R(C). Therefore, we obtain R(C) N P(x) = @. By definition of RN(®), this
implies

RN(O) N P(x) = .

Hence, we have RN(®) N P(x) # @ = x € NE. |

Let us consider the following set of objective function coefficients:
AB®) = ﬂ{/\ | Aisaconvex cone,and VC € ®, R(C) N A # @}  (20.66)
When A(®) is not empty, from the definition, we have
x e NE & A(O) C P(x). (20.67)

Let Uni = {c = (c1,¢2,...,¢c)7 | > i1 l¢jl = 1}. We find the following strong
relations between RN(®) and A(®):

* RN(®)is empty if and only if A(®)N Uni is neither an empty set nor a singleton.

* RN(®) N Uni is neither an empty set nor a singleton if and only if A(®) = @.

* RN(®)NUniis asingleton if and only if A(®)NUni is a singleton, and moreover
we have A(®) = RN(O).

We note RN(®) C RI1(®) and A(®) C RII(O).
Moreover, comparing (20.65) and (20.67) with (20.29) and (20.28), respectively,
we found the following relations:

x € [IS with I' = RN(O), if RN(®) # 0,

€ NE & . .
o x € NSwith I" = A(®), otherwise,

(20.68)

where we note that we apply possible and necessary optimality concepts even when
I' is not a box set. Namely, when RN(®) is not empty, the necessary efficiency
can be tested by the possible optimality with objective coefficient vector set RN (©).
On the contrary, when RN(®) is empty, the necessary efficiency can be tested by the
necessary optimality with objective coefficient vector set A(®). Moreover, cones
RN(®) and A(®) can be replaced with bounded sets RN(®) N Uni and A(®) N
Uni, respectively. We may apply the techniques in single objective function case
including minimax regret solution concepts to multiple objective function case if
we obtain RN(®) and A(®).

When ¢y, k = 1,2,...,p,j = 1,2,...,n degenerate to intervals [c],;j,cfj], k=
1,2,....p,j = 1,2,...,n, possibility efficient solutions and necessarily efficient

solutions are illustrated in the following example.
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Fig. 20.6 An example of a X,
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Example 4. Let us consider the following LP problem with multiple interval objec-
tive functions (Inuiguchi and Sakawa [34]):

maximize ([2,3)x; + [1.5.2.5]x,. [3. 4]x; + [0.5,0.8]x,)" .
subject to 3x; + 4x, < 42,

3)(1 +XQ f 24,

x1>0,0<xp, <09.

To this problem, from Fig. 20.6, we obtain
RN(@) = {L‘ | c = }"1(3,0.8) + }"2(3, 15), ry > 0, ry > O},

while A(®) = @. Consider a solution x = (x1,x,)T = (6,6)". The normal cone of
the feasible region at (6, 6)" is obtained as

P((6.6)") ={c|c=r(2.2.5 +rn@B.1), 11 =0, r, >0}

We obtain RN(®) N P((6,6)T) # @. From Theorem 4, this implies that (6, 6)T is a
necessarily efficient solution. Moreover, any solution (x;,x;)T on the line segment
from (6,6)T to (8,0)T includes {k(3,0.8) | k > 0} C RN(®) in its normal cone
P((x1,x2)T), and therefore, it is also a necessarily efficient solution. Thus there are
many necessarily efficient solutions.

On the other hand, we obtain

RH(@) = {c | c = r|(2,2.5) + r2(4,0.5), ry > 0, I > 0},

and RIT(®) N P((6,6)T) # @. Thus, (6,6)T is also a possibly efficient solution.
Moreover solutions on the line segment from (6,6)T to (8,0)T are all possibly
efficient solutions because we have RIT(®) N P((x;,x;)T) # @. There are no
other possibly efficient solutions because other feasible solutions (x|, x,)T satisfy
RII(®) N P((x1,x2)T) = @. Thus, in this example, we have I[TE = NE.
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Fig. 20.7 An example of a
non-necessarily efficient
solution

fo )

8 X,

Next, let us consider the following LP problem with multiple interval objective
functions:

maximize ([1, 1.7]x; + [1, 4]x2, [2.3, 3]x1 + [0.8,3.5]x,) ",
subject to 3x; + 4x, < 42,

3x1 + xp < 24,

x1>0,0<x, <09

For this problem, we obtain RN(®) = @ while
AB) ={c|c=r2,1)+r(2.3,3.5, rn >0, rn >0}

Because the constraints are same as the previous problem, the normal cone of the
feasible region at (6,6)T is same as P((6,6)T). As shown in Fig.20.7, we have
A(®) & P((6,6)T). Then (6,6)T is not a necessarily efficient solution. However,
as shown in Fig.20.7, we have A(®) N P((6,6)T) # @ and this implies RIT(®) N
P((6,6)T) # @. Namely, (6,6)T is a possibly optimal solution. In this case, we
obtain

RII(®) ={c|c=r(1,4) + r(3,0.8), r >0, r, > 0}.

Then solutions (x;,x;) on the polygon passing (2,9)T, (6,6) and (8,0)T are all
possibly optimal solutions because they satisfy RIT(®) N P((x;,x;)") # @. No
other solutions are possibly optimal.

Finally, let us consider the following LP problem with multiple interval objective
functions:

maximize ([2.5,3.5)x; + [—1,0.5)x2, [-2, —1]x; + [<0.5, 1]x2)T,
subject to 3x; + 4x, < 42,

3x1 +xp < 24,

x1>0,0<x, <0.
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For this problem, we obtain RN(®) = @ and A(®) = R?. Because P((x;,x)T) C
R? for any (x1,x,)T € X, there is no necessarily optimal solution. Moreover, RIT(®)
= R? and thus, all feasible solutions are possibly efficient.

The possibly efficient solution set ITE and the necessarily efficient solution set
NE are extended to the case where @ is fuzzy set. Namely, they are defined by the
following membership functions:

pne@) = sup  po(C). (20.69)
C:X€E(C)

une@x) = inf 1 —pue(C). (20.70)
C:XEE(C)

Similar to possibly and necessarily optimal solution sets, we have

pne() > h < 3C € [0, x € E(C), (20.71)
pne(x) = h < YC € (0),_, x € E(C), (20.72)

where [®];, and (®);_,, are h-level set and strong (1 — h)-level set of @. From those
we have

[TE), = | J{E(C) | C € [O]u}. (20.73)
INE], = (([{EC) | C € (@)1} (20.74)

Therefore, the h-level sets of possibly and necessarily efficient solution sets with
fuzzy objective function coefficients are treated almost in the same way as possibly
and necessarily efficient solution sets with interval objective function coefficients.

The examples of possibly and necessarily efficient solutions in fuzzy coefficient
case can be found in Inuiguchi and Sakawa [34].

Remark 2. By taking a positively weighted sum of objective functions of Prob-
lem (20.2), we obtain an LP problem with a single objective function. To this single
objective LP problem, we obtain possibly and necessarily optimal solution sets.
Let I1S(w) and NS(w) be possibly and necessarily optimal solution sets of the
single objective LP problem with weight vector w, respectively. We have the fol-
lowing relations to possibly and necessarily efficient solution sets of Problem (20.2)
(see Inuiguchi [27]):

nE = JOSw). NE2 | JNSw). (20.75)

w>0 w>0

Remark 3. Luhandjula [64] and Sakawa and Yano [81, 82] earlier defined similar
but different optimal and efficient solutions to Problems (20.13) and (20.2), respec-
tively. Those pioneering definitions are based on the inequality relations between
objective function values of solutions. However the interactions between objective



20 Fuzzy Multi-Criteria Optimization: Possibilistic and Fuzzy/Stochastic Approaches 875

function values are discarded. The omission of the interaction between fuzzy objec-
tive function values are not always reasonable as shown by Inuiguchi [26]. On the
other hand, Inuiguchi and Kume [29] proposed several extensions of efficient solu-
tions based on the extended dominance relations between solutions. They showed
the relations of the proposed extensions of efficient solutions including possibly and
necessarily efficient solutions.

20.4.2 Efficiency Test and Possible Efficiency Test

In this subsection, we describe a method to confirm the possible and necessary
efficiency of a given feasible solution. To confirm this, we solve mathematical pro-
gramming problems called Possible and necessary efficiency test problems. The test
problems are often investigated for given basic feasible solutions while Inuiguchi
and Sakawa [34] investigated the possible efficiency test problem of any feasible
solution.

First let us consider a basic feasible solution x° € X. Let Cg and Cy be the
submatrices of objective function coefficient matrix C corresponding to the basic
matrix B and the non-basic matrix N which are submatrices of A = (a, a5 ... a,)".
We define a vector function V : RP*" — RP*("=m) by

V(C) = V((Cg Cx)) = Cn — CsB™'N. (20.76)

Let Jg and Jy be the index sets of basic and non-basic variables, respectively, i.e.,
Jg = {j | x;is a basic variable} and Jy = {j | x; is a non-basic variable}. A solution
s satisfying the following system of linear inequalities shows an improvement
direction of objective function without violation of constraints from x°:

V(C)s >0, V(C)s # 0,
Bi!Ns <0,ieD={i|x)=0,i€Jp}, (20.77)
s >0,

where we note that D is an index set of basic variables which degenerate at x°.
Then D is empty if x° is nondegenerate. Then the necessary and sufficient condition
that x° is efficient solution with respect to objective function coefficient matrix C is
given by the inconsistency of (20.77) (see Evans and Steuer [14]).

Using Tucker’ theorem of alternatives [70], the inconsistency of (20.77) is
equivalent to the consistency of

V(O Tty — Y N"(B;)hi <0,
ieD (20.78)
ty>0,1;>0,i€D,
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or equivalently,

Chto —N"B7TClto — Y " N"(B; )Tt <0,
prs (20.79)
ty>1,1;>20,i€D,

where 1 = (1,1,..., )T

The necessary and sufficient conditions described above are applicable to basic
solutions. Now let us consider a feasible solution x° which is not always a basic
solution. Because an efficient solution is a proper efficient solution [16], an optimal
solution to an LP problem with objective function u;Cx for some u, > 0 is
an efficient solution of Problem (20.45) and vice versa. Then, the necessary and
sufficient condition that x° is efficient solution with respect to objective function
coefficient matrix C is given by the consistency of the following system of linear
inequalities [34]:

ATug —u, = C"u,, xOTul =0,u >0, u,>1. (20.80)

In Problem (20.2), the objective function coefficient matrix is not clearly given
by a matrix but by a set of matrices, ® = {C | L < C < U}. The necessary and
sufficient condition that x° is possibly efficient solution to Problem (20.2) is given
by the consistency of the following system of linear inequalities [34]:

LTuy < ATug —uy < Uluy, x°u; =0, uy >0, up > 1. (20.81)

Moreover, if x° is a basic solution, the necessary and sufficient condition that x%isa
possibly efficient solution to Problem (20.2) is given also by the consistency of the
following system of linear inequalities [28]:

Lito—N"B ", = Y "N"(B;7)Tr; <0,
s (20.82)
Lpto <t, < Uply, tpo > 1, 1; 20, i € D.

Inuiguchi and Kume [28] showed that, for i € D, the i-th row of Cg can be fixed at
the i-th row of Lg as we fixed Cy at Ly by the consideration of (20.77).

As shown above the possible efficiency of a given feasible solution can be
checked easily by the consistency of a system of linear inequalities.

Let us consider a case where the (k, j)-component cy; of C is given by L-R fuzzy
number ¢y = (ckj,cfj, yij, y,:})kaRkj. Define matrices with parameter h, A%(h) =

(vELi " (h) and AR(h) = (YRR " (h)). Then [6)]}, is obtained by

[O], ={C|L— AY(h) < C < U + AR(h)}. (20.83)
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Then, from (20.81), the degree of possible optimality of a given feasible solution x°
is obtained as (see Inuiguchi and Sakawa [32])

pre(®) = supih € [0,1] | 3uo, 3u; > 0,3u, > 1; x° u; =0, (20.84)
(L — A(h)"'uy < ATug —uy < (U 4 AY(h)"uy} '
For a fixed A, the conditions in the set of the right-hand side in (20.84) become a
system of linear inequalities. Then the supremum can be obtained approximately by
a bisection method of % € [0, 1] and LP for finding a solution satisfying the system
of linear inequalities.
Moreover, when x° is a basic solution, from (20.82), we obtain

p,m;(xo) = sup{h € [O, l] | dty > 1,34, >0, i € D, 3ty;
(LY — A% (W)to — NTB™"t, = Y " NT (BTt <0, (20.85)
i€D
(L — A(W)ty < t, < (U + A§(h)to},

where AL and AR are submatrices of A" and AR corresponding to basic variables
while AL and AR are submatrices of A" and AR corresponding to non-basic
variables. Similar to (20.84), for a fixed A, the conditions in the set of the right-hand
side in (20.85) become a system of linear inequalities. Then the supremum can be
obtained approximately by a bisection method of 4 € [0, 1] and LP for finding a
solution satisfying the system of linear inequalities.

As shown above, even in fuzzy coefficient case, the possible efficiency degree of
a given feasible solution can be calculated rather easily by a bisection method and
an LP technique.

20.4.3 Necessary Efficiency Test

The necessary efficiency test is much more difficult than the possible efficiency test.
Bitran [4] proposed an enumeration procedure for the necessary efficiency test of a
non-degenerate basic solution when © is a crisp set. In this paper, we describe the
implicit enumeration algorithm for the necessary efficiency test of a basic solution
based on (20.77) when @ is a crisp set. The difference from the Bitran’s approach
is only that we have additional constraints B, !Ns < 0,i € D = {i | x? = 0,i € Jp}.

Because the necessary and sufficient condition for a basic feasible solution x° to
be an efficient solution with respect to objective coefficient matrix C is given as the
inconsistency of (20.77), from Proposition 1, we check the inconsistency of (20.77)
forall C € @ C ©. To do this, we consider the following non-linear programming
problem:



878 M. Inuiguchi et al.

maximize 17y,
subject to (Cy — CgB™'N)s —y = 0,

Bi!Ns <0,ieD={i|x"=0,i€ Jp}, (20.86)
Cn € {Ln, Un}, Cg € {Lg, Usg},
s>0,y=>0.

If the optimal value of Problem (20.86) is zero, the given basic solution x° is a

necessarily optimal solution. Otherwise, x° is not a necessarily optimal solution.
We obtain the following Proposition.

Proposition 2. In Problem (20.86), there is always an optimal solution
(Cg. C%.8%,y*) with C, = Uy and CgJ; = Ug.;, i € D.

Proof. It is trivial from s > 0 and Bl.Tle <0,ieD. O

From Proposition 2, some part of C = (Cg Cy) can be fixed to solve
Problem (20.86). For each non-basic variable x;, let Cg(j) be the p x n matrix with
columns Cg(j)., defined by

Lg., ifk & Dand B'N.; > 0,
Cs(ha=1 "F # ke T ke Jg. (20.87)
Ug. ifk e Dor Bk_le <0,

We obviously have Cg(j)B~'N,;s < CgB~'N,s for Ly < Cg < Up ands > 0. We
have the following proposition.

Proposition 3. If Problem (20.86) has a feasible solution (C§, C{.,s*,y*) such that
1Ts* > 0 then the following problem with an arbitrary index set M, C Jg \ D has a
feasible solution 17s > 0.

maximize 17y,

subject to ) (UN.j =) UsBi'Nj— Y CouiBi'N,

j€N keD keM;

- ) CB(i).kB;IN.j)s,- —y=0, (20.88)
keJg\(MUD)

B:'Njs; <0, j€Jx, i €D,

Cp.i € {L.x, Ui}, k=1,2,....,my suchthatk & D,

y=>0,5>0,j€N.

Proof. We have UN~j > CN-j»j € Jn and CB(]').kB;]N.j < CB.kB;lN.j,j € Jn,
Ci.x € {Lp4, Upy}. Moreover, for s; > 0 such that B 'N;s; < 0, j € Jx, i € D,
we have Ug,B}'N;s; < Cp4B}'N,s;. Then the constraints of Problem (20.88) is a
relaxation of those of Problem (20.86). Hence, we obtain this proposition. O
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This proposition enables us to apply an implicit enumeration algorithm. We
explain the procedure following Bitran’s explanation [4]. However, the description
in this paper is different from Bitran’s because Bitran proposed the method when
the basic solution is not degenerate.

Letw = |Jg \ D| and Jg \ D = {ki, ks, ..., k,}. If w = 0, the necessary
efficiency can be checked by solving Problem (20.88) with M|, = @. Then, we
assume w # 0 in what follows. We consider M| = {ki,ka, ..., ky, } with m; < k.
For convenience, let P(xo, my; = 0) be Problem (20.88) with M; = . Then the
implicit enumeration algorithm is described as follows.

Implicit Enumeration Algorithm [4]

Start by solving P(x°, m; = 0). If the optimal value is zero, terminate the algorithm
and x° is necessarily efficient. Otherwise, let m; = 1 and generate the following
two problems:

Px°,m; = 1,1) : maximize 17y,

subject to Z Unj— Z UB.kB,ZlN.j — UB.lek_l%N.j
JEIN k€D

-y CB(j).le,;_‘N.j)sj —y =0,
=2

B;lN.ij <0,jeJn,i€D,
y=>0,52>0,j€Jn.

and
P(x°,m; = 1,0) : maximize 1Ty,

subjectto Y ( Un;— Y _ UpBi'N;j — Ly, By Ny

jeIN keD

w
-2 CB(i)~szk_,~1N~j)Sj -y=0,
=2

B7'Ns; <0, jeJy, i €D,

y=0,5>0, ;€.

Where in the notation P(x°,m; = 1,z), z = 1 (z = 0) indicates that the column,
in Cg corresponding to m; = 1 has all its elements at the upper (lower) bound. If
the optimal value of P(xo, my = 1, 1) is zero, by Proposition 3, there is no optimal
matrix Cg in Problem (20.86), with 1Ty > 0 and having Cgx, = Upy,. In this
case we do not need to consider any descendent of P(xo, my = 1, 1) and the branch
is fathomed. If the optimal value of P(x°,m; = 1, 1) is positive we generate two
new problems P(x’,m; = 2,1,1) and P(x°,m; = 2,1,0). These two problems
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P(z° my =0)

optimal value > 0

/\

P(x% m; =1,1) P(x% m; =1,0)
optimal value > 0 optimal value > 0
Pz m =2,1,1) P(z°,my =2,1,0) P(z° my =2,0,1) P(z°,my = 2,0,0)
optimal value > 0 optimal value = 0 optimal value > 0 optimal value = 0
/\ (fathom branch) /\ (fathom branch)
Pz my =3,1,1,1) P(x% my =3,1,1,0) P(x% my =3,0,1,1) P(z%, m; =3,0,1,0)
optimal value = 0 optimal value = 0 optimal value = 0 optimal value = 0
(fathom branch) (fathom branch) (fathom branch) (fathom branch)

Fig. 20.8 Example of a tree generated by the implicit enumeration algorithm

are obtained by substituting Ug.x, and Lg.,, respectively, for Cg(j), in P(x° m; =
1, 1). We proceed in the same way, i.e., branching on problems with optimal value
positive and fathoming those with optimal value zero until, we either conclude that
x0is necessarily efficient or obtain a Cy such that Ly < Cg < Uy and the optimal
value of Problem (20.86) is positive. An example of a tree generated by the implicit
enumeration algorithm is given in Fig. 20.8. In this figure, P(xo, my = 2,0,1,0) is
the problem,

P(x°,m; =2,0,1,0) : maximize 1Ty,

subjectto Y | Unj— Y UpaBi'Nj — Ly, BN,
jEIN keD
— Up, B! Ny — L., Bi.! N,

w
— > Cu()yBy!N; |5 —y =0,
=4
B'N;s; <0, j€Jn, i €D,
yZO, S]EO’JGJN

The convergence of the algorithm, after solving a finite number of LP problems,
follows from Proposition 3 and the fact that the number of matrices Cy that can
possibly be enumerated is finite.

The implicit enumeration algorithm may be terminated earlier when x° is nec-
essarily efficient because we can fathom the branches only when the optimal value
is zero. As Ida [22] pointed out, we may build the implicit enumeration algorithm
which may be terminated earlier when x° is not necessarily optimal. To this end, we
define

. Lgy ifk ¢ Dand B,.'N,; < 0,
Co(la=1{ " o k ey (20.89)
Ug. ifk € Dor Bi,'N; > 0,
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and problem P(x°, my = 1,21,2,...,2) as the problem P’ mi =1z21,20,...,2)
with substitution of Cg(j).x for Cg(j)x, where 0 < [ < wand z; € {0,1},i =
1,2,...,1. We obtain the following proposition.

Proposition 4. If the optimal value of f’(xo, my = 1,71,22,...,2)) Is positive for
some Z; € {0,1}, i = 1,2,...,1 so is the optimal value of Q(x°,m; = [ +
1921722a .. ,Zlvzl‘f'l)'

Proof. The proposition can be obtained easily. O

From Proposition 4, at the each node of the tree generated by the implicit
enumeration, we solve Q(x°,m; = 1,71,%,...,%) as well as P(x°,m; =
1,71,72,...,%). If the optimal value of Q(x°,m; = 1,Z1,%,...,7) is positive,
from the applications of Proposition 4, we know the optimal value of Q(x°, m; =
W,Z1,22s s 2 Z+1»- -+ 2w) 1S positive for any z; € {0,1}, i = [ + 1,1 +
2,...,w. This implies that (20.77) is consistent with C € @ C O specified by
(71,22, 2224 1s - - » Zw). Namely, we know that x° is not necessarily efficient.
Therefore, if the optimal value of Q(x°,m, = 1,Z1,%22,...,%;) is positive, we
terminate the algorithm with telling that x° is not necessarily efficient.

An example of a tree generated by this extended enumeration algorithm is shown
in Fig. 20.9. While Fig. 20.8 illustrates a tree generated by the original enumeration
algorithm when x° is necessarily efficient, Fig.20.9 illustrates a tree generated by
the extended enumeration algorithm when x° is not necessarily efficient. Even if
the optimal value of P(x°, m; = 1,7Z1,%»,...,%) is zero, we do not terminate the

P(z%,m; =0)
optimal value > 0
P(x% my =0)

optimal value = 0

/\

P(z%my =1,1) P(z° my =1,0)
optimal value > 0 optimal value > 0
Pz m; =1,1) P(x°,my =1,0)
optimal value = 0 optimal value = 0

Pz my =2,1,1) P(x% my =2,1,0) P(x% my =2,0,1)

optimal value > 0 optimal value = 0 optimal value > 0

Pz my =2,1,1) (fathom branch) P(x%,m; =2,0,1)

optimal value = 0 optimal value > 0

/\ (terminate)

P(z%my =3,1,1,1) P(z% my =3,1,1,0)
optimal value = 0 optimal value = 0

(fathom branch) (fathom branch)

Fig. 20.9 Example of a tree generated by the extended implicit enumeration



882 M. Inuiguchi et al.

algorithm but fathom the subproblem. On the contrary, if the optimal value of
o0 m =1,21,2,...,7)) is positive, we know that x% is not necessarily efficient
and terminate the algorithm.

As Ida [22] proposed, we may build the implicit enumeration algorithm only with
solving Q(xo, my; = 1,721,722, -..,2). Moreover, Ida [22, 23] proposed a modification
of extreme ray generation method [7] suitable for the problem. In either way, the
necessary efficiency test requires a lot of computational cost. Recently, Hladik [20]
showed that the necessary efficiency test problem is co-NP-complete even for the
case of only one objective and Hladik [19] gives a necessary condition for necessary
efficiency which can solve easily. An overview of MOLP models with interval
coefficients is also done by Oliveira and Antunes [72]. The necessity efficiency
test of a given non-basic feasible solution can be done based on the consistency
of (20.80) for all C € & < @. However, it is not easy to build an implicit
enumeration algorithm as we described above in basic feasible solution case because
we cannot easily obtain a proposition corresponding to Proposition 3. The necessity
efficiency test of a given basic feasible solution in fuzzy coefficient case can be
done by the introduction of a bisection method to the implicit enumeration method.
However, this becomes a complex algorithm. The studies on effective methods for
necessity efficiency tests in non-basic solution case as well as necessity efficiency
tests in fuzzy coefficient case are a part of future topics.

20.5 Interactive Fuzzy Stochastic Multiple Objective
Programming

One of the traditional tools for taking into consideration uncertainty of parame-
ters involved in mathematical programming problems is stochastic programming
[3, 9, 24], in which the coefficients in objective functions and/or constraints
are represented with random variables. Stochastic programming with multiple
objective functions were first introduced by Contini [8] as a goal programming
approach to multiobjective stochastic programming, and further studied by Stancu-
Minasian [86]. For deriving a compromise or satisficing solution for the DM in
multiobjective stochastic decision making situations, an interactive programming
method for multiobjective stochastic programming with Gaussian random variables
were first presented by Goicoecha et al. [18] as a natural extension of the so-
called STEP method [2] which is an interactive method for deterministic problems.
An interactive method for multiobjective stochastic programming with discrete
random variables, called STRANGE, was proposed by Teghem et al. [92] and
Stowiriski and Teghem [84]. The subsequent works on interactive multiobjective
stochastic programming have been accumulated [57, 93, 94]. There seems to be no
explicit definitions of the extended Pareto optimality concepts for multiobjective
stochastic programming, until White [97] defined the Pareto optimal solutions for
the expectation optimization model and the variance minimization model. More
comprehensive discussions were provided by Stancu-Minasian [86] and Caballero
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et al. [6] through the introduction of extended Pareto optimal solution concepts
for the probability maximization model and the fractile criterion optimization
model. An overview of models and solution techniques for multiobjective stochastic
programming problems were summarized in the context of Stancu-Minasian [87].

When decision makers formulate stochastic programming problems as repre-
sentations of decision making situations, it is implicitly assumed that uncertain
parameters or coefficients involved in multiobjective programming problems can
be expressed as random variables. This means that the realized values of random
parameters under the occurrence of some event are assumed to be definitely
represented with real values. However, it is natural to consider that the possible
realized values of these random parameters are often only ambiguously known to the
experts. In this case, it may be more appropriate to interpret the experts’ ambiguous
understanding of the realized values of random parameters as fuzzy numbers.
From such a practical point of view, this subsection introduces multiobjective
linear programming problems where the coefficients of the objective function are
expressed as fuzzy random variables.

20.5.1 Fuzzy Random Variable

A fuzzy random variable was first introduced by Kwakernaak [58], and its math-
ematical basis was constructed by Puri and Ralescu [73]. An overview of the
developments of fuzzy random variables was found in the recent article of Gil
etal. [17].

In general, fuzzy random variables can be defined in an n dimensional Euclidian
space R" [73]. From a practical viewpoint, as a special case of the definition by
Puri and Ralescu, following the definition by Wang and Zhang [96], we present the
definition of a fuzzy random variable in a single dimensional Euclidian space R.

Definition 1 (Fuzzy Random Variable). Let (£2,%2[, P) be a probability space,
where £2 is a sample space, 2 is a o-field and P is a probability measure. Let Fiy be

the set of all fuzzy numbers and B a Borel o-field of R. Then, amap C : 2 — Fy
is called a fuzzy random variable if it holds that

{(w,f) e2xR|re E’a(a))} €A x B, Ya € [0,1], (20.90)

where E‘a(a)) = [E‘;(a}), E‘:{(a))] = {‘L’ eR \ ,uaw)(r) > oz} is an «-level set of

the fuzzy number C(w) for w € £2.

Intuitively, fuzzy random variables are considered to be random variables whose
realized values are not real values but fuzzy numbers or fuzzy sets.

In Definition 1, C(w) is a fuzzy number corresponding to the realized value of
fuzzy random variable C under the occurrence of each elementary event  in the
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sample space 2. For each elementary event w, C (w) and C *(w) are the left and

right end-points of the closed interval [C (), C+ (a))] which is an a-level set of the
fuzzy number C (w) characterized by the membership function M (w)(r). Observe

that the values of C‘; (w) and Cj (w) are real values which vary randomly due to the
random occurrence of elementary events w. With this observation in mind, realizing
that C; and C; can be regarded as random variables, it is evident that fuzzy random
variables can be viewed as an extension of ordinary random variables.

In general, if the sample space 2 is uncountable, positive probabilities cannot be
always assigned to all the sets of events in the sample space due to the limitation that
the sum of the probabilities is equal to one. Realizing such situations, it is significant
to introduce the concept of o-field which is a set of subsets of the sample space.

To understand the concept of fuzzy random variables, consider discrete fuzzy
random variables. To be more specific, when a sample space 2 is countable, the
discrete fuzzy random variable can be defined by setting the o-field 2 as the power
set 22 or some other smaller set, together with the probability measure P associated
with the probability mass function p satisfying

P(A) = Z p(w), VA € 2.

w€A

Consider a simple example: Let a sample space be 2 = {w;, w,, w3}, a o-field
2A = 29, and a probability measure P(A) = Y weaP(@) for all A € 2. Then,
Fig.20.10 illustrates a discrete fuzzy random variable where fuzzy numbers C(w),

C(w>) and C(ws3) are randomly realized at probabilities p(w;), p(w;) and p(ws),
respectively, satisfying Z;=1 plw;) = 1.

\

0 T

Fig. 20.10 Example of discrete fuzzy random variables
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20.5.2 Brief Survey of Fuzzy Random Multiple Objective
Programming

Studies on linear programming problems with fuzzy random variable coefficients,
called fuzzy random linear programming problems, were initiated by Wang and
Qiao [95] and Qiao et al. [74] as a so-called distribution problem of which goal
is to seek the probability distribution of the optimal solution and optimal value.
Optimization models of fuzzy random linear programming were first developed by
Luhandjula et al. [67, 69], and further studied by Liu [60, 61] and Rommelfanger
[77]. A brief survey of major fuzzy stochastic programming models including fuzzy
random programming was found in the paper by Luhandjula [68].

On the basis of possibility theory, Katagiri et al. firstly introduced possibilistic
programming approaches to fuzzy random linear programming problems [42, 44]
where only the right-hand side of an equality constraint involves a fuzzy ran-
dom variable, and considered more general cases where both sides of inequality
constraints involve fuzzy random variables [45]. They also tackled the problem
where the coefficients of the objective functions are fuzzy random variables [43].
Through the combination of a stochastic programming model and a possibilistic pro-
gramming model, Katagiri et al. introduced a possibilistic programming approach
to fuzzy random programming model [50] and proposed several multiobjective
fuzzy random programming models using different optimization criteria such as
possibility expectation optimization [46], possibility variance minimization [48],
possibility-based probability maximization [53] and possibility-based fractile opti-
mization [51].

Extensions to multiobjective 0-1 programming problems with fuzzy random
variables were provided by incorporating the branch-and-bound method into the
interactive methods [49].

Along this line, this section devotes to discussing the optimization models for
multiobjective fuzzy random programming problems where each of coefficients in
the objective functions are represented with fuzzy random variables.

20.5.3 Problem Formulation

Assuming that the coefficients of the objective functions are expressed as fuzzy ran-
dom variables, we consider a multiobjective fuzzy random programming problem

minimize z;(x) = Cix

o = (20.91)
minimize z;(x) = Cyx

subjectto Ax < b, x > 0,
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where x is an n dimensional decision variable colun}n vector, A is an mxn coefficient
matrix, b is an m dimensional column vector and C; = (Cyy,...,Cp), [ =1,...,k
are n dimensional coefficient row vectors of fuzzy random variables.

For notational convenience, let F' denote the feasible region of (20.91), namely

FA{xeR"|Ax <b, x> 0}.

Considering a simple but practical fuzzy random variables satisfying the condi-

tions in Definition 1, suppose that each element élj of the vector C; = (C'“, e C‘,,,)
is a fuzzy random variable whose realized value is a fuzzy number Cljsl depending
on a scenario s; € {1,...,S;} which occurs with a probability pj,, where
Zfl[=1pls1 =1

The sample space is defined as 2 = {1, ...,S;}, and the corresponding o-field
is A = 29, Unfortunately, however, if the shapes of stla s; = 1,...,8; are not
the same as shown in Fig. 20.10, it is quite difficult to calculate the fuzzy random
variable representing the objective function involving fuzzy random variables in
problem (20.91). Realizing such difficulty, Katagiri et al. [43, 46, 48, 49] considered
a discrete fuzzy random variable as an extended concept of the discrete random
variable. Along this line, in this section, we restrict ourselves to considering the
case where the realized values éljs,, s; = 1,...,8; are triangular fuzzy numbers
with the membership function defined as

djis, — .
max{l—lﬂ—f,og if T < dj
p
By, (1) = . —Jd ' (20.92)
max{l——l]”,()} if T > dy,
Yij
where the value of dj, varies depending on which scenario s; € {1,...,S;} occurs,

and Bj; and y;; are not random parameters but constants. Figure 20.11 illustrates an
example of the membership function Key, (7). Formally, the membership function

of the fuzzy random variable aj is represented by

-7

a L
max 41— ,0 if v <d
v (20.93)
T— dlj . —
,0 if T > dj.
Vij

Maj(f) =

max{l—

Through the Zadeh’s extension principle, each objective function E’ /X is repre-
sented by a single fuzzy random variable of which realized value for scenario s; is a
triangular fuzzy number Cj;,x characterized by the membership function
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y

0 By T Yy

s,
Fig. 20.11 Example of the membership function ey,

Fig. 20.12 Example of the

A
membership function pug . He, L0)
s .

1

0 B,x }h/x v, X v
digx —
max%l—%,o} ifv <dx
X
~ v) = 20.94
Mcmx( ) v —dix ' ( )
max {1 — ——,0; ifv >djmx,
yix

where d, is an n dimensional column vector which is different from the other dj;,,

sied{l, ..., S}, 5 # 55, and B, and y, are n dimensional constant column vectors.

Figure 20.12 illustrates an example of the membership function p C x(v). Also for
Isy

the Ith objective function Cjx, its membership function is formally expressed as

Bix
v — c_i,x
Yix

dx — _
max{l—u,o} ifv <dx
= pr— 2 .
Max(v) (20.95)

max§1— ,0} ifv > dx.
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Considering the imprecise nature of human judgments, it is quite natural to
assume that the decision maker (DM) may have a fuzzy goal for each of the
objective functions z;(x) = Cjx, and in a minimization problem, the DM specifies
the fuzzy goal such that “the objective function value should be substantially less
than or equal to some value.” Such a fuzzy goal can be quantified by eliciting the
corresponding membership functions through some interaction process from the
DM. In this subsection, for simplicity, the linear membership function expressed
as the following is assumed:

0 ify > z)
y—20 .
pe,) =q5—5 ifg <y<z (20.96)
71—
1 ify <z,

where 2 and z] are parameters determined by decision makers so as to represent the
DM’s degree of satisfaction of the objective function values

n
0
Z; = max max digx;, [=1,...,k,
P sellasix € F; o
= (20.97)
zll = min min Zdljs,xj, I=1,... k.

sig{l....S}x € szl

It should be noted here that z? and z} are obtained by solving linear programming
problems. Figure 20.13 illustrates an example of the membership function ¢, of a

fuzzy goal G).
Recalling that the membership function is regarded as a possibility distribution,

the degree of possibility that the objective function value Cjsx for a given scenario

s; € {1,...., 5} attains the fuzzy goal G is expressed as
Fig. 20.13 Example of the A

membership function of a Hg[(y )

fuzzy goal —

1




20 Fuzzy Multi-Criteria Optimization: Possibilistic and Fuzzy/Stochastic Approaches 889

Fig. 20.14 Degree of A
possibility IT¢ (Gr) ug ) Kz, O)
5 s,

H@mx(éz) = Stylpmin He, O B0 1=k (20.98)

Figure 20.14 illustrates the degree of possibility that the fuzzy goal G; is fulfilled
under the possibility distribution K x-

A possibility measure is useful to a decision maker who observes decision
making situations from an optimistic point of view. However, when a decision
maker is pessimistic about the situation, it is reasonable to use a necessity measure
rather than a possibility measure. Then, the degree of necessity that the objective

function value Cls,x for a given scenario s; € {1, ..., S} attains the fuzzy goal G, is
expressed as

Na_lx(é]) - ir;fmax Ma”x(y), L= pg . I=1.... .k (20.99)

Observing that the degrees of possibility vary randomly depending on which
scenario occurs, it should be noted here that conventional possibilistic programming
approaches cannot be directly applied to (20.91). With this observation in mind,
realizing that (20.91) involves not only fuzziness but also randomness, Katagiri et al.
considered fuzzy random decision making models such as possibilistic expectation
model [43, 46, 49] and possibilistic variance model [48] by incorporating the
possibility theory into stochastic programming models.

20.5.4 Possibilistic Expectation Model

One of the natural solution approaches to such decision making situations as
discussed in the previous subsection is to maximize expectation of the degree
of possibility and/or necessity. Katagiri et al. [43, 46, 49] introduced possibilistic
expectation models under the assumption that a DM intends to maximize the
expected degree of possibility and/or necessity that each of the original objective
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functions involving fuzzy random variable coefficients attains the fuzzy goals. On
the basis of possibilistic expectation models the original multiobjective fuzzy ran-
dom programming problem (20.91) can be reformulated as the following problem:

maximize E |:1'[ é[x(él)i| , e Lo

- (20.100)
maximize E |:N = (G;)] , e L
Clx

subjectto x € F,

where E[] denotes the expectation operator. .%,,, and %, are index sets satisfying
Lpos U Lee ={1,2,...k} and Z)ps N Lpoe = 0.

When the triangular fuzzy random variable (20.94) and the linear fuzzy
goal (20.96) are given, the degree of possibility (20.98) is explicitly represented by

> (B — dis)xi + 27
@) = = . (20.101)
Y Bii—z +7
j=1

Hé'hlx

On the other hand, the degree of necessity (20.99) is explicitly expressed as

- Z dijsy X + 2
= j=1
N, @) = . (20.102)

D=+
j=1

Recalling that the occurrence probability of scenario s; is py;, the expectation of
the degree of possibility or necessity is calculated as

n

N
Z Bi— ZPISIdUSI X+ Z?

S
~ A ~ j=1 si=1
E [17 ax(Gz)} = Z Pls,némx(Gl) = .

" Y Bxi—z+7
a (20.103)
n Si
s - Z Z PiadijsXj + 2}
E [Néx (é’)} = Db, C,Slx(él) = jznl = . (20.104)

=1 1, .0
X E ViXi — 2 T4
j=1
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Let ZF (x) denote

E |:H= (él):| ifl € L
. Clx
ZEe) = (20.105)
E [Nélx(Gz)] ifl e -’%Lec

To calculate a candidate for the satisficing solution which is also Pareto optimal,
in interactive multiobjective programming, the DM is asked to specify reference
levels Ef , 1 =1,...,k of the objective function values of (20.105), and it is called
the reference (expected possibility) levels. For the DM’s reference levels 25, [ =
1,..., k, an Pareto optimal solution, which is the nearest to a vector of the reference
levels or better than it if the reference levels are attainable in a sense of minimax, is
obtained by solving the minimax problem

minimize max {zF — Zf (x)
I=si=k { j (20.106)
subjectto x € F.

Following the preceding discussion, we can now present an interactive algorithm
for deriving a satisficing solution for the DM from among the Pareto optimal
solution set.

20.5.4.1 Interactive Satisficing Method for the Possibilistic
Expectation Model

Step 1: Determine the linear membership functions g, [ = 1,... k defined
as (20.96) by calculating z? and z}, I=1,...,k

Step 2: Set the initial reference levels at 1s, which can be viewed as the ideal values,
ie,2F=1,1=1,....k

Step 3: For the current reference levels Ef, Il = 1,...,k, solve the minimax
problem (20.106).

Step 4: The DM is supplied with the corresponding Pareto optimal solution x*.
If the DM is satisfied with the current objective function values ZF (x*), | =
1,...,k, then stop the algorithm. Otherwise, ask the DM to update the reference
levels EZE ,I=1,..., kby considering the current objective function values, and
return to step 3.

Here it should be stressed for the DM that any improvement of one expectation
of the degree of possibility can be achieved only at the expense of at least one of
other expected possibilities or expected necessities.
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20.5.5 Possibilistic Variance Model

As discussed in the previous subsection, the possibilistic expectation model would
be appropriate if the DM intends to simply maximize the expected degrees of
possibility without concerning about those fluctuations.

However, when the DM prefers to decrease the fluctuation of the objective
function values, the possibilistic expectation model is not relevant because some
scenario yielding a very low possibility of good performance may occur even with
a small probability.

To avoid such risk, from the risk-averse point of view, by minimizing the variance
of the degree of possibility under the constraints of feasibility together with the
conditions for the expected degrees of possibility, Katagiri et al. [48] considered
a possibilistic variance model for fuzzy random multiobjective programming
problems. Along this line, in this section, we consider the following problem as
a risk-aversion approach to the original problem (20.91):

minimize Var |:17 élx(él)i| c e Lo

minimize Var |:N ax (G;)] , 1€ Lo

- 20.107
subject to E |:17: (Gl)] > &, le Lo ( )
C[x
E|(Nz (G)| =&, 1€ Lo
N, @0] 2 61 2
x €F,
where Var[-] denotes the variance operator, and &, [ = 1,...,k are permissible

expectation levels for the expected degrees of possibility specified by the DM.
For notational convenience, let F(£§) be the feasible region of (20.107), namely

P& 2 e F BTy G| = b 1€ o E[Ng @] 26016 2]

Recalling (20.98) and (20.99), each of the objective functions in (20.107) is
calculated as

1

n
1,0
Zﬂljxj -ty

j=1

n
Var [Hax(G;)] = 5 Var gdljxj
=
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1

= > x"Vpx, (20.108)
Y Bi—z +4
j=1

- 1 "
Var | N Cx G| = 5 Var Z djx;
n j=l
Z vixi—z + 3
j=1
1 T

= 5 X Vix, (20.109)
YoV =+
j=1

where V is the variance-covariance matrix of d; expressed by

[ !
Uy Vpp =00 Uy,

Il
v v -~~v
21 V22 2
Vi=| . |, I=1..k

! l 1
vnl vn2 v
and
2
N

S
l}jl»j = Var[dlj] = Zpls;{dljxl}z — Zpl‘wdlj‘w . J = 1, R (N

si=1 si=1

v}r = COU[(_iU, c_i]r] = E[(_ilj, L_i[,-] - E[L_i[j]E[c_i[,]

S N Si
= Zplsldljs;dlrsl - Zplsldljs/ Zpls,dm,, J 7é ror=1,...,n

si=1 si=1 si=1
Furthermore, from (20.103) and (20.104), the constraint of the expected degree
of possibility E | ITz, (G;)| > & and that of necessity E [Nz, (G))| > & are
C,x Clx

explicitly represented as
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n S
DY iy — A= EDBy ¢ x5 < 2 — &) —2)). (20.110)
j=1 si=1
and
n Sy
SIS pudys + &y g x < 2 — 8@ —2)). (20.111)
=1 |s=1

By substituting (20.109), (20.110) and (20.111) into (20.107), (20.107) is
equivalently transformed as

minimize 1 s XTVix, 1 € Loy
n
1, .0
Z Bixi—z + 3
j=1
. 1
minimize 5 xTVix, l € Lree
n
1, .0
Z YiXi —z t 7
Jj=1
n Si
. 0 0 _ .1
subjectto Y 3> prydyy — (1 —E)By % <2 — & —2)). 1 € Loy
j=1 |s=1
n Si
0 0 .1
Z Zplwdlj.w + Elylj Xj =z — %‘l(Zl _Z[), 1€ Lo
Jj=1 \s=1
xeF.

(20.112)
From the fact that it holds

n n
1 1
DoB—g +4 >0, Y vz +2) >0

J=1 J=1

and x"Vix > 0 due to the positive-semidefinite property of V;, by computing the
square root of the objective functions of (20.112), (20.112) is equivalently rewritten
as
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VxTVix

minimize — s le Lo

1,0
Zﬂljxj -ty

=1
L VxTVix
minimize — Z € Lo
Z vixi =2 +2
=1
n
subject to Z Zplwdlm —(1—&)By x5 <2 — () —2). 1 € Loy

j=1 |s=1

n Ni

Z Zplsldljx, + &y x < z? - El(z? - z}), l € Zree
=1 | s=1

x €F,

(20.113)

where each of the objective functions represents the standard deviation of the degree
of possibility or necessity.

It should be noted here that the minimization of the variance is equivalent to the
minimization of the standard deviation.

To calculate a candidate for the satisficing solution, the DM is asked to specify
the reference levels 2? ,i=1,...,k of the objective function values of (20.113).

Let ZP (x) denote

n £ l E %DS
D Bixi—z +7
zZPx) =17
VxTVix
n Z ’ l e "%’leC
D ovx—y+7
j=1
Then, for the DM’s reference levels Ef) ,i=1,...,k a(weakly) Pareto optimal

solution is obtained by solving the minimax problem

minimize max Z, (x) — }

sub]ect to Z {Zplwdljal - gl):Bli Xj = Z? - gl(Z? - le)’ le D%us

si=1

si=1

{Zplsldljsl + %'lylj Xj =< Z[ EI(Z? _le)’ le a%tec
xeF

(20.114)
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For notational convenience, we introduce N;(x) and D;(x) such that

A Nix)
Dz(x) ’

7P (x) -z (20.115)

where

n

VXTVix — 2P Zﬁ[jxj‘ —z+2) |, Vi€ Ly

J=1

n
vxTsz—ﬁf Z)/ij—z} +z? , Vie L
j=1

Ni(x) =

n
Z ﬁ[jxj‘ — Z/l + Z?» Vie Z}os
Dix) =175
Z YiiXi — le + Z(l)! Vie $LL)6~

J=1

Since the numerator N;(x) is a convex function and the denominator D;(x) is an
affine function, it follows that N;(x)/D;(x) is a quasi-convex function. Using this
property, we can solve (20.114) by using the following extended Dinkelbach-type
algorithm [5]:

20.5.5.1 Extended Dinkelbach-Type Algorithm for Solving (20.114)

Step 1: Set r := 0 and find a feasible solution x” € F(§).
Step 2: For a ¢" calculated by

" = max Nix")
7= 2 Dy(x")

find an optimal solution x¢ to the convex programming problem
minimize v

subject to

{Dl(x) dNx)<v, [=1,....k

Z {Zplmdljsl - (1 - El)ﬁlj Xj = Z? - EI(Z? - le)s le %os

si=1

si=1

Z {Zplwdljf, + gl]/l/ Xj =< Z[ SI(ZI Z[) le zwc
eF.

(20.116)
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Step 3: For a sufficiently small positive number ¢, if v < ¢, stop the algorithm.
Otherwise, setx” := x¢, r := r 4 1, and return to step 2.

Now we are ready to summarize an interactive algorithm for deriving a satisficing
solution for the DM from among the Pareto optimal solution set.

20.5.5.2 Interactive Satisficing Method for the Possibilistic
Variance Model

Step 1: Determine the linear membership functions HE, Il =1,...,kwith z? and
z,l, I =1,..., kobtained by solving linear programming problems (20.97).

Step 2: Calculate the individual minima and maxima of ZIE x),l=1,... k

Step 3: Ask the DM to specify the permissible levels &, | = 1,...,k taking into
account the individual minima and maxima obtained in step 2.

Step 4: Set the initial reference levels at Os, which can be viewed as the ideal values,
ie, P =0,1=1,....k

Step 5: For the current reference levels 2? , Il = 1,...,k, solve the minimax
problem (20.114) by using the extended Dinkelbach-type algorithm.

Step 6: The DM is supplied with the obtained Pareto optimal solution x*. If the DM
is satisfied with the current objective function values ZID (x*),l=1,... k, then
stop. Otherwise, ask the DM to update the reference levels 2? ,I=1,...,k and
return to step 5.

20.5.6 Recent Topics: Random Fuzzy Multiple Objective
Programming

When a random variable is used to express an uncertain parameter related to a
stochastic factor of real systems, it is implicitly assumed that there exists a single
random variable as a proper representation of the uncertain parameter. However,
in some cases, experts may consider that it is suitable to employ a set of random
variables, rather than a single one, in order to more precisely express the uncertain
parameter. In this case, depending on the degree to which experts convince that each
element (random variable) in the set is compatible with the uncertain parameter, it
would be quite natural to assign different values (different degrees of possibility) to
the elements in the set. For handling such real-world decision making situations, a
random fuzzy variable was introduced by Liu [62] and explicitly defined [63] as a
function from a possibility space to a collection of random variables.

Recently, by considering the experts’ ambiguous understanding of mean and
variance of random variables, Katagiri et al. [47] introduced a linear programming
problem where an objective function contains random fuzzy parameters and dis-
cussed the problem in the framework of random fuzzy variables. They focused on
the case where the mean of each random variable is represented with a fuzzy number
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and constructed a novel decision making model on the basis of possibility theory.
Their model was extended to a multiobjective case [52] where only the coefficients
of the objective functions are given as random fuzzy variables. A more general type
of random fuzzy programming problems, in which not only objective functions
but also constraints involve random fuzzy variables, was developed [56]. In these
models, it is shown that the original problems can be transformed into deterministic
nonlinear programming problems, and that the obtained deterministic problems
can be exactly solved using conventional nonlinear programming techniques under
some assumptions. These random fuzzy programming models are extended to other
decision making problems such as two-level (bilevel) programming problems [54]
and minimum spanning tree problems [55].
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