


Fuzzy Measures and Fuzzy Integrals
Toshiaki Murofushi and Michio Sugeno

Department of Computational Intelligence and Systems Science, Tokyo Institute of
Technology, 4259-G3-47 Nagatsuta, Midori-ku, 226-8502 Yokohama, Japan

1. Introduction

This article gives a survey of the theory of fuzzy measures and fuzzy integrals.
The measure is one of the most important concepts in mathematics and so
is the integral with respect to the measure. They have many applications in
engineering, and their main characteristic is the additivity. This characteristic
is very effective and convenient, but often too inflexible or too rigid. As a
solution to the rigidness problem the fuzzy measure was proposed [1]. It is
an extension of the measure in the sense that the additivity of the measure
is replaced with a weaker condition, the monotonicity. The non-additivity is
the main characteristic of the fuzzy measure, so that it is also called a non-
additive measure. ‘Fuzzy integral’ is a general term for integrals with respect
to the fuzzy measure. There are many kinds of fuzzy integrals: the Choquet
integral, the Sipos integral, the Sugeno integral, the t-conorm integral, etc.
We discuss mainly the Choquet integral among them.

We deal only with finite-valued fuzzy measures on finite sets and omit
the discussion about infinite-valued fuzzy measures and fuzzy measures on
infinite sets. One reason is that so far almost all practical applications have
used only finite-valued fuzzy measures on finite sets. The other reason is that
the theory of such fuzzy measures is much easier than the general one. Fuzzy
measures and the Choquet integral on infinite sets are presented in detail in
the monograph of Denneberg [2] (see also his article [3] in this volume).

This article is organized as follows. Section 2 discusses finite-valued mea-
sures and the ordinary integral on finite sets. From the mathematical point
of view, measures on finite sets are meaningless; although such a measure
is a set function, it is equivalent to a point function. Such measures are,
however, important for the comparison with fuzzy measures. Infinite-valued
measures on infinite sets are discussed in Appendix. Section 3 discusses fuzzy
measures and the Choquet integral on finite sets; basic properties and exam-
ples are shown. Section 4 introduces various types of fuzzy measures: A-fuzzy
measures, possibility measures, and decomposable measures. Section 5 shows
three types of fuzzy integrals: Sipos integral, Sugeno integral, and t-conorm
integral. Other kinds of fuzzy integral will be discussed in the articles by
Benvenuti and Mesiar [4] and by Imaoka [5] in this volume.

We denote the set of real numbers by R and the set of non-negative real
numbers by R,. All functions we deal with are real-valued. Throughout the



article except the appendix, X is assumed to be a finite set. Its power set,
which is the family of all subsets of X, is denoted by 2X. We use the term
‘family’ for a set of sets.

2. Measures and Integral

2.1 Set functions

Definition 2.1. A function & defined on a family of sets is called a set func-
tion. Let & be a set function defined on 2%X.

(i) The set function £ is said to be additive if for every pair of disjoint
subsets A and B of X

§(AUB) = §(A)+¢(B).

(ii) The set function & is said to be monotone if for every pair of subsets A
and B of X such that A C B

£(A) < &(B).
(iii) The set function £ is said to be normalized if

min{{(A)|]AC X} = 0 and max{{(A)|ACX} = 1.

If ¢ is additive, then £(0) = 0 since £(0) = £(0) + £(0). A non-negative
additive set function is monotone; if £ is non-negative and additive, and if
ACBC X, then §(B) =&§(AU(B\ A)) =¢&(A)+&B\ A) > &(A), where
B\A={x|xz € B, v € A}, since {(B\ A) > 0. Since X is a finite set, an
additive set function ¢ defined on 2% can be represented as

£(A) = Zf({x}) forAC X.
T€A

Definition 2.2. Let £ be a set function defined on 2% and A a subset of X.
The restriction €4 of & to A is defined as

a(B) = &(ANB) forall BC X .

A restriction €4 of £ has the same properties as &; if £ is additive (or
monotone or non-negative) then so is 4.

Definition 2.3. For a set function £ defined on 2 such that £(0) = 0, its
conjugate set function £ is defined as
E(A) = &(X) —€(A%) forall AC X,
where A€ is the complement of A.
By definition, £(0) = 0. If £(0) = 0, then it follows that £(X) = ¢(X) and
hence that £ = £. If ¢ is additive, then it is self-conjugate, i.e., £ = £. If £ is

monotone, then so is €. When ¢ is normalized and monotone, its conjugate &
is also called the dual of &.



2.2 Measures

Definition 2.4. A measure on X is a non-negative additive set function de-
fined on 2X. A normalized measure is called a probability measure. A signed
measure on X is an additive set function defined on 2.

A probability measure is a measure, and a measure is a signed measure
(Fig. 2.1). A set function P is a probability measure iff (if and only if) it is
a measure such that P(X) = 1.

—— Signed measures

—— Measures
Probability

measures

Fig.2.1. Families of probability measures, mea-
sures, and signed measures on X

A measure measures the size of sets. The number of elements in a set is
a kind of measure of the size of sets.

Ezample 2.1. Let X be a finite set. The set function m,. defined as
me(A) = |A],

where |A| is the number of elements of A, is a measure on X, which is called
the counting measure on X.

The volume and mass also can be regarded as sizes of sets. Although a
size is usually non-negative, we can imagine a size taking a negative value.
The quantity of electricity can be regarded as such a size.

Ezample 2.2. Let X be a finite set of objects (solid bodies).

(i) Let the volume of each object @ be v, cm3. Then the set function

V :2X¥ =R, which measures the volume of each subset A of X,

V(A) = ZUI 5

€A
is a measure on X.

(ii) Let the mass of each object x be m, g. Then the set function M : 2X —
R which measures the mass of each subset A of X,

M(A> = me7

is a measure on X.



(iii) Let each object z be electrified with ¢, coulombs. Then the set function
Q : 2% — R which measures the quantity of electricity of each subset A
of X,
Q(A) = Z qz

z€A

is a signed measure on X.
The probability can be regarded as a size of sets.

Ezxample 2.3. Consider the situation where one tosses a die and observes the
number on the top face. Let X = {1,2,3,4,5,6}, the set of possible outcomes.
Then the set function P : 2%X — R, which measures the probability of each
subset of X is a probability measure. If the die is unbiased, or fair, then
P({z}) =1/6 for every = € X.

The following is a special measure.
Ezample 2.4. Let xo be an element of X. The set function d,, defined as

B 1 ifzge A,
0ao(A) = { 0 ifagd A

is a measure on X, which is called the Dirac measure on X focused on xg.

Definition 2.5. Let m be a signed measure on X. A subset N of X is called
an m-null (or simply null) set if m(M) = 0 whenever M C N.

Ezample 2.5. (Continued from Example 2.2 (iii)). A subset A of X is a @-null
set iff all the elements of A are not electrified at all.

Ezample 2.6. (Continued from Example 2.4.) Let 9 € X. A subset A of X
is a 0g,-null set iff zy € A.

The following proposition shows properties of null sets.

Proposition 2.1. Let m be a signed measure.

(i) The empty set is a null set.
(ii) A null set is of measure zero.
(iii) If m is non-negative, i.e., a measure, then a set of measure zero is a null
set.
(iv) A subset of a null set is a null set.
(v) A union of null sets is a null set.
(vi) A set Nisnull < pulAUM) = u(A) VM CN,VAC X,
— uw(A\M) = p(Ad) VM CN,VACX,
— pu(AAM) = u(A) YM CN,VACX,
where AAB = (A\ B)U(B\A)=(AUB)\ (AN B).

Statement (vi) means that null sets are negligible.



Definition 2.6. Let m be a signed measure on X, f a function on X, and
F a non-null set. The essential supremum and essential infimum of f on F,
denoted by esssup,cpf(x) and essinf cp f(x), are defined as

esssup f(z) = min{r|the set {z € F|f(z) > r} is m-null }

zeF
and
esseig?lff(x) = max{r|the set {x € F| f(z) <r} is m-null } ,
T
respectively.

The above definition is the one in the general case where X is not assumed
to be a finite set. In the case of X being a finite set, the essential supremum
and the essential infimum can be defined as

esssup f(z) = max{f(z)|z € F, the singleton set {«} is not null },
TzeF

ess ilglff(x) = min{f(x) |z € F, the singleton set {z} is not null } .
zE

Then the essential supremum and the essential infimum may be called the
essential maximum and the essential minimum, respectively.

Ezample 2.7. Let X = {x1, 22, 23,24}, m be a signed measure on X such that
m({z1}) =0, m({z2}) # 0, m({z3}) # 0, m({z4}) =0, and f a function on
X such that f(z1) =1, f(x2) =2, f(z3) =3, f(x4) = 4. Then, obviously z;
gives the minimum of f, mingex f(x) = 1, and 24 gives the maximum of f,
maxzex f(r) = 4. Since {z1} and {z4} are null sets, and since null sets are
negligible, the minimum f(z1) and the maximum f(z4) are meaningless. On
the other hand, since

0 if 4<r,
{z4} if 3< r <4,
{reX|f(x)>r} = {3,724} if 2<r <3,
{9, 3,24} if 1<r <2,
{21, 22, 23,24} if r<l,
1] if r <1,
{z1} if 1<r <2,
{reX|f(x)<r} = {1,229} if 2<r <3,
{1, 22,25} if 3<r <4,
{x1, 22,25, 24} if 4<r,
and since {z1} and {z4} are null sets, it follows that
esssup f(z) = 3, essinf f(z) = 2.
rzeX zeX
Note that
esssup f(z) = max f(x), essinf f(z) = min f(x).

zeX ze€{z2,x3} zeF z€{xz,x3}



2.3 Integral

Definition 2.7. Let m be a signed measure on X and f a function on X.
The integral [ f(z)dm(z) (or simply [ fdm) of f with respect to m is defined
as

[am = 3 #@) - m(fa) (2.1)
reX
(Figs. 2.2 and 2.3). (Note that X is a finite set.)

Yy
A X = {$1,$2,-T37x47w5}
f(zs)
f(za)
Fs) y=f(z)
= f(x2)
f(z1)
0

x1 ) Z3 T4 x5

Fig. 2.2. Graph of f

Let A C X. The integral [, f(z)dm(z) (or simply [, fdm) over A is

defined as
/fdm = /flAdm,
A

where 14 is the indicator (or characteristic function) of A;

i = {g T5a

/dem:/fdm

/Afdm = > fl@)-m({z}) = /fdmA,

z€A

Obviously

and

Ezample 2.8. (Continued from Example 2.1.) Let m,. be the counting measure
on X. Then for every A C X and every function f on X,

[ rame = 3 s



Ezample 2.9. (Continued from Example 2.2 (i), (ii)). Let the density of each
x € X be f(z) g/cm3. The integral of f with respect to V is equal to the
total mass of X. Moreover, for every A C X

M(A) = /Ade.

The integral of f with respect to a probability measure P is called the
expectation or expected value of f, and it is denoted as E(f; P), Ep(f), or

simply E(f).

Ezample 2.10. (Continued from Example 2.3). Consider the situation where
one tosses a die and, if the number on the top face is x, then the person gets
f(x) dollars. Then the expectation of the money the person will get is given
by

6
B(iP) = [fap = Y16 P

Ezample 2.11. (Continued from Example 2.4.) Let 29 € X and d,, be the
Dirac measure focused on xy. Then for every function f on X,

[ 5, = stan).

The integral has the following properties.

/fdm =0D+Q@0+Q@+@+®

@ = f(z1) -m({z1}) @ = f(xa) - m({za})
@ = f(z2) -m({z2})  ® = f(x5) - m({zs})
© = f(x3) -m({zs})

y

@

o o o o

m({z1}) m({z2}) 'm({zs}) 'm({za}) ‘m({zs})

Fig. 2.3. The integral of f
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Proposition 2.2. Let m be a signed measure on X. Let a, b, a1, a1, ..., an
be real numbers, f and g functions on X, and A, Ay, Ao, ..., A, subsets of
X.

/(af+bg)dm = a/fdm—l—b/gdm.

/Zn:ailAi dm = zn:ai -m(4;) ;
i=1 i=1

especially

/1,4 dm = m(A).
(i) If m is a measure and f < g, then

/fdmé/gdm.

(iv) If N is a null set, and if f(x) = g(x) for all x € N, then

/fdm = /gdm.

Concerning (ii) of the above proposition, note that every function f on
X can be represented as
n
f = ZailAi§
i=1

for instance,

fo= > @i (2.2)

rzeX
n
= Zail{m\f(z):ai} (2.3)
=1
= Z (@i = ai—1) 1ig|f(z)>ai} » (2.4)
i=1

where {aj,as,...,a,} is the range {f(z) |z € X} of f, a1 < as < -+ < ap,
and ag = 0.

For a function f represented as (2.2), by Proposition 2.2 (ii) its integral
is given by (2.1) as in Fig. 2.3. For (2.3) the integral is given by

[ ram = 3 aimifalfia) = ar) (2:5)
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as in Fig. 2.4. For (2.4), the integral is given by

/ fm = 3" (as— ) - m({al (o) > ai}) (2.6)

as in Fig. 2.5. The right hand sides of (2.1), (2.5), and (2.6) are the same
value since the (signed) measure m is additive.

/fdm =0+Q@+3@+®@

©=ar-m({alf@)=ar}) @ =as-m({alf(z) = as})
@ =az m{zlf(@) =a2}) @ = as-m({z]f(z) = as})
Yy
‘ @
a4 @‘)) ‘
a3 ® . .'&.'
as l
0 :
m({z|f(z) = a2}) m({z|f(z) = as})
m({z|f(z) = a1}) m({z|f(z) = as})

Fig. 2.4. The integral of f

3. Fuzzy Measures and the Choquet Integral

The contents of this section, except the last part, are based on [6, 7].

3.1 Fuzzy measures

Definition 3.1. A (monotonic) fuzzy measure on X is a monotone set func-
tion defined on 2% which vanishes at the empty set. A non-monotonic (or
signed) fuzzy measure is a set function defined on 2% which vanishes at the
empty set.

Obviously a fuzzy measure is a particular case of non-monotonic fuzzy
measure. A fuzzy measure is non-negative since p(A4) > p(@) = 0 for every
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/fdu =0+Q+3+0®

@ = (a1 — ao) - p({z|f(x) > a1})
@ = (a2 — a1) - p({z]f(x) > az2})
@ = (a3 — a2) - p({z|f(x) > as})
Yy @ = (a4 — a3) - p({z]f(x) > as})
‘ @
as | ‘
@ '
a2 1
D +
p({zlf(z) > a1})

~— n({z|f(2) > a2})

p({z|f(x) =2 as})

-

u({elf (@) > as))

Fig. 2.5. The integral of f

A C X. An additive non-monotonic fuzzy measure is a signed measure, and
an additive fuzzy measure is a measure since it is non-negative. A signed
measure is a non-monotonic fuzzy measure since it vanishes at the empty
set, and a measure is a fuzzy measure since it is monotone; therefore the
(resp. non-monotonic) fuzzy measure is an extension of the (resp. signed)
measure (Fig. 3.1).

Note that a fuzzy measure is not necessarily a measure. The difference
between a fuzzy measure and a measure (or a non-monotonic fuzzy measure
and a signed measure) is that the former is not necessarily additive. The main
characteristic of a (non-monotonic) fuzzy measure is the non-additivity, so
that a (non-monotonic) fuzzy measure is also called a non-additive measure.

We give concrete examples of monotonic and non-monotonic fuzzy mea-
sures.

Example 3.1. Let X be the set of all workers in a workshop, and suppose
they produce the same products. For each A C X, we consider the situation
that the members of group A work in the workshop. Each group may have
various ways to work: various combinations of joint work and divided work.



13

—— Non-monotonic fuzzy measures

Signed measures —,

Fuzzy
measures

Measures

Fig. 3.1. Families of set functions

on a finite set X

But suppose that every group works in the most efficient way. Let p(A) be the
number of the products made by group A in one hour. Then the set function
p: 2% — R, is monotone and vanishes at the empty set, and therefore it is
a fuzzy measure.

The fuzzy measure p is not necessarily additive. Let A and B be dis-
joint subsets of X, and consider the productivity of the coupled group
AUB. If A and B work separately, then u(A U B) = p(A) + u(B). But,
since they generally interact on each other, the equality may not always
hold. The effective cooperation of members of A U B yields the inequality
w(AU B) > p(A) + p(B). On the other hand, the incompatibility between
A’s operation and B’s, i.e., the impossibility of separate working, yields the
opposite inequality u(AU B) < u(A) + u(B). For example, the incompatibil-
ity is caused by limited space and/or insufficient equipments; sufficient space
together with sufficient equipments makes separate working possible.

In the above example, the assumption “every group works in the most
efficient way” brings the monotonicity of u. Let A and B be disjoint subsets
of X. If groups A and B are on bad terms with each other, and if they work
together against their will, then their productivity may fall below that of
either group; u(AU B) < p(A) and/or u(AU B) < pu(B). The monotonicity
assumption works to such a case. The most efficient way of working is to turn
some troublemakers out of the workshop; in the worst case all members of one
group are turned out. Then the monotonicity is recovered; u(AU B) > u(A)
and pu(AU B) > p(B). If the monotonicity assumption is removed, we can
obtain a non-monotonic version:

Ezample 3.2. Instead of the monotonicity assumption we assume that, for
each group A, all members of A must work together in the workshop. Let
v(A) be the number of the products made by A in one hour. Obviously the
set function v : 2% — R, is a non-monotonic fuzzy measure. As mentioned
above, v is not necessarily monotonic.

In the following example, we try to formalize the normalized fuzzy mea-
sures as a measure of certainty.
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Ezxample 3.3. Let xg be the right answer to a specific question, and X be
the set of possible answers. Examples of questions and their answers are as
follows:

(a) ‘What the number on the top face will come out if the dice is thrown?’
o : the number on the top face.
X ={1,2,3,4,5,6}.

(b) ‘Who is the criminal among the suspects a, b, c?’
To : the criminal.
X ={a,b,c}.

Let us make assumptions on zg and X as follows:

Exhaustiveness Assumption:
The set X contains all the possible answers to the question.

Exclusiveness Assumption:
All the elements of X are mutually exclusive, or in other words, two
distinct answers cannot become right at the same time.

As a consequence, there is one and only one right answer zg in X.

Now let us try to represent our knowledge or judgment about the certainty
of the proposition ‘zg € E’ by giving a real number P(E). We can express the
degree of certainty of the proposition ‘zg € E’ by P(F) instead of P(zg € E)
because the logical combinations among propositions of the form ‘zg € E’
can be represented in the same form. Indeed,

rxgo€EForxge F < xp€ FUF,
by Exhaustiveness Assumption
ro€E Fandxge F <— x9g€e ENF,
and by Exhaustiveness and Exclusiveness Assumptions
not xg € £ <= x9€ E°.

We shall set the following three conditions concerning the numerical rep-
resentation of certainty, which are independent of the above-mentioned two
assumptions.

Monotonicity Condition:
If the proposition ‘zg € F’ is equally or more certain than the proposition
‘rg € E’, then P(F) < P(F).

Lower Bound Condition:
If certainly zo ¢ F, then P(E) = 0.

Upper Bound Condition:
If certainly z € F, then P(E) = 1.
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Since ‘zg € E’ implies ‘zg € F’ whenever E C F, it follows from Mono-
tonicity Condition that

ECF = P(E)<P(F). (3.1)
Since xo & 0, it follows from Lower Bound Condition that
P = 0. (3.2)

Since zyp € X by Exhaustiveness Assumption, it follows from Upper Bound
Condition that
PX) =1. (3.3)

From mathematical standpoint, we will adopt (3.1)—(3.3) as the axioms of
the measure of certainty (or the normalized fuzzy measure).

If 2o is known, our knowledge must be expressed by the Dirac measure d,.
Obviously the probability measure satisfies (3.1)-(3.3) and can be regarded
as a measure of certainty. In the next section, we introduce another measure
of certainty named a possibility measure.

Now we discuss null set with respect to fuzzy measures.

Definition 3.2. Let p be a non-monotonic fuzzy measure on X. A set N C
X is called a p-null set (or simply null set) if

WAUM) = pu(A) YMCN,VACX.

Ezample 3.4. (Continued from Example 3.1). Assume that a worker xy can
neither produce any products by oneself nor help any other workers. Then
evidently the worker x( is suitable to be called incompetent or null. This
situation can be expressed by

AU f{zo}) = () VACX,
and hence {xg} is a null set.

The following proposition shows properties of null sets. The statements (v)
and (vi) show that the null set defined above is an extension of that in the
ordinary measure theory.

Proposition 3.1. Let p be a non-monotonic fuzzy measure.

(i) The empty set is a null set.
(i1) A null set is of measure zero.
(ili) A set N isnull < p(A\M) = p(A) VM CN,VACX,
— u(AAM) = u(A) VM CN,VACX.
(iv) If u is monotone, i.e., a fuzzy measure, then a necessary and sufficient
condition for N C X to be a null set is that

wWAUN) = u(A) VACX.
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(v) If p is additive, then the necessary and sufficient condition for N C X
to be a null set is that u(M) = 0 whenever M C N.

(vi) If p is additive and non-negative, then the necessary and sufficient
condition for N C X to be a null set is that u(N) = 0.

(vil) A subset of a null set is a null set.

(viii) A wunion of null sets is a null set.

3.2 The Choquet integral

In this subsection we introduce the Choquet integral. It is an extension of
the ordinary integral and the most natural fuzzy integral.

Since a fuzzy measure is generally non-additive, the right hand sides of
(2.1), (2.5), and (2.6) are generally different from each other. The right hand
side of (2.6) is the most appropriate to the integration with respect to (non-
monotonic) fuzzy measures, and this is the Choquet integral.

Definition 3.3. Let p be a non-monotonic fuzzy measure on X and f a
function on X with range {ay,as,...,a,} where ay < ag < --- < a,. The
Choquet integral (C)[ f(x)du(z) (or simply (C)[ fdu) of f with respect to
W is defined as

(© [ fdn = Y- (@~ asm1) - nl{al (@) 2 ai)).

where ag = 0.

Fig. 2.3 shows the Choquet integral with a; > 0. If a; < 0, it is shown
as in Fig. 3.2. From the arguments before the definition it follows that the
Choquet integral with respect to a signed measure coincides with the ordinary
integral, that is, the Choquet integral is an extension of the ordinary integral.

We give concrete examples of the Choquet integral.

Ezample 3.5. (Continued from Example 3.1). Let X = {x1,22,...,2,}. One
day each worker z; works f(z;) hours from the opening hour. Without loss of
generality, we can assume that f(z1) < f(z2) < -+ < f(z,). Then we have
for i > 2,

flxi) = f(wiz1) > 0

f(@i) = f(o1) +[f(w2) = flz)] + [f(23) = f@2)] + - + [f(ws) = f2ia)] -

Now let us aggregate the working hours of all the workers in the following
way. First the group X with n workers works f(z1) hours, next the group
X\ {x1} = {x2,23,...,2,} works f(z2) — f(x1) hours, then the group X \
{z1,22} = {23,24,..., 25} works f(x3) — f(xz2) hours, ..., lastly worker z,
works f(z,) — f(xn—1) hours. Therefore, since a group A C X produces the
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@ = (a1 — ao) - p({z|f(x) > a1})
@ = (a2 — a1) - p({z|f(x) > a2})
@ = (a3 — a2) - p({z|f(x) > as})
y @ = (as —a3) - p({z]f(z) > as})
‘ @
! ®
as |
@ @) ¥
apg = 0 J
p{z|f(x) > a1})

~— p({z|f(z) = a2}) —

ufelf (@) > aa})

n({elf (@) > ai})

Fig. 3.2. The Choquet integral of f

amount p(A) in one hour, the total number of the products produced by the
workers is expressed by

f(z1) - u(X)
+ [f(z2) = f(@1)] - p(X \ {z1})
+ [f(z3) = f(@2)] - p(X \ {21, 22})

= [f(zi) = f(zi)] - p({@is Tigrs -0 })

1

~.

where f(zo) = 0. This is nothing but the Choquet integral of f with respect
to p.

Ezample 3.6. (Continued from Example 3.2). In the same situation as in the
previous example. The total number of the products produced by the workers
is expressed by the Choquet integral (C) [ f dv.
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Note 3.1. There are two different definitions of (C) [ 4 J du; one is

(©) /A fdu = (O) / flady (3.4)

and the other is

© [ tau = (© [ faua. (35)
where py4 is the restriction of u to A (Definition 2.2). If f is non-negative,
the right hand sides of (3.4) and (3.5) coincide with one another. If f takes
a non-negative value, however, they are generally different.

The Choquet integral has the following properties.
Proposition 3.2. Let f and g be functions on X and A a subset of X.
(i)
(© [ 1adn = u(a).

(ii) If p is a fuzzy measure and f < g, then
© [ ran < © [ gan.
(iii) If a is a non-negative real number and b is a real number, then

© [(af +0dn = a-(© [ fdu+bn(x).

© [(Hdn = ~© [ ran.

©) / (—fldp = —(C) / Fdu  for all functions f on X
if w=p.
(vi)
©f s = © [ £rau-© [ an,
where f+(z) = max{f(x),0} and £~ (z) = max{—f(x),0}.

(vii) If a is a real number, then

© [ fia-w) = a-(© [ sdu.
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(viii) If p and v are fuzzy measures on X such that p < v and p(X) = v(X),
then for all function f on X

© [ ran < © [ sav.

(ix) If N is a null set, and if f(x) = g(x) for all x & N, then

© [ fdu = (© [ gdn.

In the rest of this section, we show that the Choquet integral has a great
expressive power; it can represent several important quantities [8]. First, we
show that it can represent maximum, minimum, essential supremum, and
essential infimum.

Definition 3.4. A 0-1 fuzzy measure is a fuzzy measure whose range is

{0,1}.

Proposition 3.3. Let p be a 0-1 fuzzy measure. Then for every function f
on X
(C)/fdu = A:milgggf(x)-
Definition 3.5. Let F' be a non-empty subset of X. A set function Posg
defined as
1 i ANF#0,
P%“m"{o if ANF=0

is called the 0-1 possibility measure focused on F'. A set function Necp defined

as
1 if FCA,

Neep(4) = {o if F¢A

1s called the 0-1 necessity measure focused on F.

Obviously, 0-1 possibility measure and 0-1 necessity measure are 0-1 fuzzy
measures, and Posyp and Necp are conjugate, or dual. If zg € X, then
Posf;,y = Necgz) = 0z, the Dirac measure focused on xq. For every nor-
malized fuzzy measure p on X, it holds that Necx < u < Posx.

Proposition 3.4. Let F be a non-empty subset of X and f a function on
X.

(i)

(C)/fdPosF = aneagqf(x) .
(i)

(C)/deecF = gél}%f(x) .
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(iil) For every normalized fuzzy measure p on X

min f(z) < (C)/fdu < max f(z) .

reX

The Choquet integral as an expectation has good properties: Proposi-
tion 3.2 (iii) and Proposition 3.4 (iii).

Definition 3.6. Let m be a signed measure and F a non-null subset of X.
A set function ess Posg defined as

_ 1 if ANF is not m-null,
essPosp(4) = { 0 if ANF is m-null

1s called the 0-1 essential possibility measure focused on F. A set function
ess Necp defined as

_ 1 if F\ A is m-null,
essNecp(4) = { 0 if F\ A is not m-null

is called the 0-1 essential necessity measure focused on F'.

Proposition 3.5. Let m be a signed measure, F' a non-null subset of X, and
f a function on X. Then

(C)/fd(essPosF) = esssup f(x),

zEF

(C)/fd(ess Necp) = essinf f(z).

zEF

Since X is assumed to be a finite set, 0-1 essential possibility measures and
0-1 essential necessity measures are represented as 0-1 possibility measures
and 0-1 necessity measures, respectively. Indeed, for every non-null set F, if
we define

ess ' = {x € F|the singleton set {z} is not null } ,

then

essPosp = Posess F essNecp = NeCess -

When X is a infinite set, 0-1 essential possibility (or 0-1 essential necessity)
measures are not always represented as 0-1 possibility (or 0-1 necessity) mea-
sures.

The Choquet integral can represent the OWA operators, or the L-estimators.
The definition of OWA operators is as follows.
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Definition 3.7. [9] Let wy, wa, ..., w, be non-negative numbers such that
St wi =1 and w = (wi,ws,...,wy,). The ordered weighted averaging
(OWA) operator with weight w is a function F from [0,1]™ into [0, 1] defined
as

F(T17T2>"'arn) = Zwlr(z) )
=1

where (i) is a permutation satisfying vy < rey < -0 < Ty

The OWA operator can be extended to a function from R"™ into R. In
statistics such a function is called an L-estimator, which is a linear combina-~
tion of order statistics. The L-estimator, or the extended OWA operator, is

the arithmetic mean when w; = 1/n (i = 1,2,...,n), it is the median when
1 if nisoddand i=(n+1)/2,
w; = 1/2 if n iseven and i =n/2 or (n/2)+1,
0 otherwise ,

it is the a-trimmed mean when

w — { 1/(n—2[na)) if [na] <i<n-—[|na,
¢ 0 otherwise ,

it is the a-Winsorized mean when

1/n if [na] <i<n-—[na],
w; = [na]/n if i=[na] orn—[na]+1,
0 otherwise ,

and it is the k-th minimum, or the (n — k 4+ 1)-th maximum, when

(1 ifi=k,
We = 0 otherwise .

Note that [ ] is the Gauss symbol, i.e., [r] stands for the greatest integer not
exceeding r.

We can treat any r = (r1,72,...,7,) € R™ as the function fpr on X =
{1,2,...,n} such that fr(i) =7; (i=1,2,...,n). Then the Choquet integral
induces a function from R"™ into R such that

r=(ry,re,...,Th) (C)/frdu.

Proposition 3.6. The L-estimator, or the extended OWA, with weight w is
represented as the Choquet integral (C) [ fr dp, where

The Choquet integral with respect to a normalized fuzzy measure u induces
an L-estimator, or an extended OWA, iff the value u(A) depends only on
|Al, i.e., there are {p;|i=1,2,...,n} C [0,1] such that u(A) = p; whenever
|A| = i; the weight w is given by w; = fp—it+1 — Pn—i-
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The above proposition implies that the Choquet integral can represent
the arithmetic mean, median, trimmed mean, Winsorized mean, and the k-th
minimum.

4. Various Fuzzy Measures

As shown in the previous section, fuzzy measures (and the Choquet integral)
have great powers of description. If | X| = n, then a measure has n parameters
(or n — 1 parameters when it is normalized) while a fuzzy measure has 2™ — 1
parameters (or 2" — 2 parameters when it is normalized). This fact brings
great powers of description to a fuzzy measure; however, it also brings a
problem of complexity.

One solution to this problem is a constraint like the additivity of mea-
sures. Sugeno [1] introduced the A-fuzzy measure gy, the normalized fuzzy
measure with the A-additivity; it has n — 1 parameters. The possibility mea-
sure proposed by Zadeh [10], which is also a normalized fuzzy measure, has
n — 1 parameters. The decomposable measure proposed by Weber [11], which
is an extension of the A-fuzzy measure and the possibility measure, also has
n — 1 parameters. In this section we discuss these fuzzy measures.

Another solution to the problem is the k-additivity, which is discussed in
the article by Grabisch [12] in this volume. The k-additivity is equivalent to
the concept of inclusion-exclusion covering, which is discussed in the article
by Fujimoto and Murofushi [13] in this volume.

4.1 X-Fuzzy measures

Definition 4.1. Let A € (—1,00). A normalized set function gy defined on
2% s called a A-fuzzy measure on X if for every pair of disjoint subsets A
and B of X

IANAUB) = g\(A) 4+ gx(B) + Aga(A)gr(B) .

Obviously, if A = 0, then a A-fuzzy measure is a normalized additive
measure, i.e., a probability measure. A Dirac measure is a A-fuzzy measure
for all A > —1.

A A-fuzzy measure gy is a fuzzy measure. Since A > —1 and g, is
normalized, 1 + Agx(A) > 0 for all A C X. Therefore, since g)(0) =
ax(0) + gx (D) + Agx(0)gx (D), it follows that gx(D)[1 + Agx(?)] = 0, and hence
that gx(@) = 0. On the other hand, if A C B C X, then

gA(B) = ga(A) +gx(B\ A)+Aga(A)ga(B\ A)
I (A) + A (B \ A)[1 + Aga(4)]
gr(4)

A\
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since gx(B\ A) > 0 and 14 Agx(A) > 0.
For every A > —1, define

log(1+>\)(1+>\7") lf )\#0 s

r ifA=0. (4.1)

UA(r) = {

Then for every A-fuzzy measure gy on X, the set function ¢, o g, is a prob-
ability measure on X. Indeed, (1) o ga)(X) = ¥x(gx(X)) = ¥»(1) = 1 and,
if A #£ 0, then for every pair of disjoint subsets A and B of X

(¥roga)(AUB) = ¥a(9x(AUB))
= DAlgr(A) + gx(B) + Agr(A)ga(B)]
= log1n {1+ Algr(A4) + gx(B) + Aga(A)ga(B)]}
= logq4n[(1+Agr(A))(1+ Aga(B))]
= logn(1+ Aga(A)) +log14x) (1 + Agr(B))
= (Prog)(A) + (¥rogr)(B) .

Since there exists the inverse of 1y,

) - { SO+27 -1 A0,
r if A=0,

for every pair of disjoint subsets A and B of X

gr(AUB) = ¢ [a(g9a(A)) + algr(B))]

and hence for every finite sequence of mutually disjoint subsets Ay, Ao, ...,

A, of X,
g (U Ai) = ¢y [Zl/u(g,\(Ai)) )
i=1 i=1
that is,
1 n
n N (H[l—s—)\g,\(Ai)]—l) if A#£0,
gx U A | = p L
i=1 Zg’\(Ai) ifA=0;

especially, since X is a finite set, for every subset A of X

§ (H[l +Aga({z})] - 1) if A0,
gA(A) = €A
> an({z}) ifA=0.

z€A
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Let P be a probability measure on X. Then the set function w;l oPis
a A-fuzzy measure. For every function f on X, we define its \-expectation
Ex(f; P) (or simply Ex(f)) as

Ex(f:P) = (C) / fd@y o P) .

The A-expectation has the following properties:

(i) If A < X, then
Ex(f;P) = Ex(f;P).

lim Ex(f;P) = esssup f(x).
A——1 reX

Eo(f;P) = E(f; P),
where the right hand side is the ordinary expectation of f.

Jim Ex(f; P) = essinf f(z) .

Now consider a decision-making problem as follows. When a decision
maker takes an alternative f and a state of nature x € X occurs, the monetary
asset position of the decision maker is given by f(x); that is, the alternative
f is a function from the set X of states of nature into the set R of real
numbers. Assume there is a probability measure P on X and the utility of
the alternative f is given by the A-expectation Ej(f) with respect to a fixed
value of \; that is, Ex(f) > Ex(g) iff f is indifferent or preferred to g.

In this decision-making problem, the value of ) is interpreted as a measure
of risk aversion. The sign of A\ indicates whether the decision maker is risk
averse or risk prone, in other words, whether E(f) is preferred to f or not,
where E(f) is regarded as the alternative by which the utility E(f) is certainly
obtained regardless of states of nature, that is, [E(f)](z) = E(f) for all z € X.
In contrast, f is an alternative the outcomes of which are generally affected
by states of nature; f is an alternative with risk while E(f) is an alternative
without risk.

First, consider the case of A being negative. Since E,(f) is monotone non-
increasing with respect to A, it holds that Ey(f) > Eo(f). In addition, since
Eo(f) = E(f) and E(f) = EA(E(f)), consequently it follows that Ex(f) >
EA(E(f)), and therefore that f is indifferent or preferred to E(f). In other
words, the decision maker is risk prone. As A approaches —1, the difference
between Ey(f) and E(f) enlarges, that is, the risk proneness increases. In
contrast to this, if A is positive, then the decision maker is risk averse since
EA(f) < E(f), and the risk aversion increases as A increases. When A = 0,
the decision maker is risk neutral (Fig. 4.1).

The region of X representing risk proneness is (—1,0) and that represent-
ing risk aversion is (0, 00). It therefore appears that the latter region is much
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Ex(f)

y

ess sup f

E(f)

ess inf f

—1 0 0

Risk prone Risk averse

Risk neutral

Fig. 4.1. Interpretation of parameter A

wider and two regions are asymmetric. These two regions, however, can be
regarded as symmetrical by the correspondence

~ A

It is easily verified that the two A-fuzzy measures w;l o P and ’(/JX_ Lo P are
dual, i.e.,

(5 o P)(A) = 1 (45" 0 P)(A%),

and therefore it follows from Proposition 3.2. (iv) that
Ex(f) = —Ex(=/);

this equality implies that A and )\ represent the mutually symmetrical atti-
tudes toward risk.

4.2 Possibility measures and necessity measures

Definition 4.2. A function m : X — [0,1] satisfying max{n(z)|z € X} =1
1s called a possibility distribution. A set function Pos is called a possibility
measure on X if there exists a possibility distribution m on X such that for
every A C X

Pos(A) = max{r(z)|z € A}.

A set function Nec is called a necessity measure on X if there exists a pos-
sibility measure Pos on X such that for every A C X

Nec(A) = 1— Pos(A°).
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The above equation is a mathematical expression of the statement that
‘A is necessary’ is equivalent to ‘not-A is impossible’. A necessity measure
Nec can be represented by the possibility distribution 7 of Pos as

Nec(A) = 1 —max{m(z)|z & A} .

For every A C X, Pos(A) =1 or Pos(A¢) =1, and Nec(A) = 0 or Nec(A®) =
0. In addition, Nec(A) < Pos(A) for all A C X.
The following example is due to Zadeh [10].

Ezxample 4.1. Consider the question ‘How many eggs did Hans eat for break-
fast?’” and let the set of possible answers be X = {1,2,3,4,5,6,7,8}. We may
associate a possibility distribution 7 with the right answer zy by interpreting
m(x) as the degree of ease with which Hans can eat = eggs; for assessing the
degree we may use some explicit or implicit criterion. We may associate a
probability distribution p with zy by interpreting p(z) as the probability of
Hans eating = eggs for breakfast; the probability may be a subjective one or
the relative frequency. They might be shown in Table 4.1.

Table 4.1. The possibility and probability distributions

T 1 2 3 4 5 6 7 38
@) 1 1 1 1 08 06 04 02
pz) 01 08 01 0 0 0O 0 O

In the example it holds that p(z) < =(z) for all z € X and more-
over that Pr(A) < Pos(A) for all A C X, where Pr(A) = > _,p(x)
and Pos(A) = max{w(z)|x € A}. This inequality indicates the possibil-
ity/probability consistency principle: a high degree of probability implies a
high degree of possibility while the converse does not always hold, and a low
degree of possibility implies a low degree of probability while the converse
does not always hold. Note that, if Pr(A) < Pos(A) for all A C X, then it
holds that Nec(A) < Pr(A) < Pos(A) for all A C X.

A set function Pos is a possibility measure on X iff for every pair of
subsets A and B of X

Pos(AU B) = Pos(A) V Pos(B) ;

a set function Nec is a necessity measure on X iff for every pair of subsets A
and B of X
Nec(ANB) = Nec(A) ANec(B),

where V and A mean max and min, respectively.

Obviously, 0-1 possibility measures and 0-1 necessity measures are pos-
sibility measures and necessity measures, respectively. The possibility distri-
bution function of the 0-1 possibility (or 0-1 necessity) measure focused on
F' is the indicator 1p of F.
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4.3 t-Conorms and Decomposable measures
4.3.1 t-Conorms

Definition 4.3. A binary operation on the unit interval [0,1] is called a t-
conorm if it satisfies the following conditions:

(i

) 710 = 0Llr = r,
(ii)

)

)

ls = slr,
(rls)lt = sLl(rlt),
ifr <wuands<w, thenrls < ulwv.

<

(iii

(iv
Ezxample 4.2. The following are t-conorms, which are frequently used in the
fuzzy set theory.

logical sum:
rVs = max{r,s}.

bounded sum:
r@®s = min{r+s,1}.

algebraic sum:
r+s = r+s8s—rs.

drastic sum:
ifr>0&s>0,

rvs = r ifs=0,
s ifr=0.

For every t-conorm L the following holds:
rVs < rls < rvs Vr,se[0,1].
For every r € [0, 1]
rll = 11lr =1

since 1l >rll=11lr>110=1.
A t-conorm L is said to be Archimedean if for every pair of real numbers
r and s for which 0 < r < s < 1 there is a positive integer n such that

where

n
J_l’l“i = 7“1LT2L~-~LT,L.
i=

The bounded sum, the algebraic sum, and the drastic sum are Archimedean,
and the logical sum is non-Archimedean. If a t-conorm 1 is Archimedean,
then » < rL1r Vr € (0,1). If a t-conorm L is continuous, and if r < rLlr
Vr € (0,1), then it is Archimedean.
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A t-conorm L is said to be nilpotent if for every r € (0,1) there is a
positive integer n such that

4.17“21.

The bounded sum and the drastic sum are nilpotent, and neither the logical
sum nor the algebraic sum is nilpotent.
The following theorem is well-known:

Theorem 4.1. A binary operation L is a continuous Archimedean t-conorm
iff there exists a continuous strictly increasing function v : [0,1] — [0, 00]
such that

rls = 1/)(71)(1#(7") + (s)) Vr, s € [0,1], (4.2)

where ¥~V is the pseudo-inverse of 1) defined as

1 i) if < (1),
W) = { 1 if 7> (1),

and for every real number r
r+oo0 = o0o+r = 00+ = 00.

A function v satisfying (4.2) is called an (additive) generator of L. If ¢
is a generator of L, then so is aip for a > 0; furthermore, if ¢ is another
generator of 1, then there is a positive number a such that ¢ = ayp. If L
has a generator 1, then the necessary and sufficient condition for L to be
nilpotent is that ¥(1) < co. By the above theorem, if ¢ is a generator of L,
then it holds that

n

l_J:_lm' - "/)(71) (Zw(n)> .

The logical sum has no generator since it is non-Archimedean, the
bounded sum has a generator ¢ (r) = r Vr € [0,1], the algebraic sum has
a generator ¢(r) = —log(l —r) ¥r € [0,1], and the drastic sum has no
generator since it is not continuous.

A parameterized family of t-conorms is a family of t-conorms generated
by a parameterized generator. For example, the A-sums,

r®ys = min{r + s+ Ars, 1},

are the parameterized family with the parameterized generator 1, defined
as in (4.1), where X is the parameter with range (—1,00). The A-sum @)
becomes the bounded sum when A\ = 0, the algebraic sum when A — —1, and
the drastic sum when A — oo.
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4.3.2 Decomposable measures

Definition 4.4. Let 1 be a t-conorm. A set function m defined on 2% is
called a 1-decomposable measure (or simply decomposable measure) on X
if m(0) =0, m(X) =1, and for every pair of disjoint subsets A and B of X

m(AUB) = m(A)Lm(B).

Obviously a A-fuzzy measure is a @y-decomposable measure, a proba-
bility measure is a @-decomposable measure, and a possibility measure is
a V-decomposable measure. A 0-1 possibility measure is a 1-decomposable
measure for any t-conorm .

For every t-conorm |, a 1-decomposable measure is a normalized fuzzy
measure; the monotonicity follows from the non-decreasingness of L (Defini-
tion 4.3 (iv)).

Let m be a 1-decomposable measure on X. Since X is a finite set, for
every subset A of X

m(4) = Lm({z}).
If L is not nilpotent, then there is at least one element z € X such that
m({z}) = 1 since 1 ex m({z}) =m(X) = 1.

Let L be a t-conorm with a generator . A 1-decomposable measure m
such that ¥ o m is a measure, which may take co as its value, is useful (see
subsection 5.3). Note that a set function m is a A-fuzzy measure iff it is a
@ -decomposable measure such that i, o m is a probability measure.

5. Various Fuzzy integrals

This section discusses the Sipos integral, the Sugeno integral, and t-conorm
integral. They and the Choquet integral are the principal fuzzy integrals, and
some other fuzzy integrals are modifications of them.

5.1 Sipos integral

Definition 5.1. Let p be a non-monotonic fuzzy measure on X, and f a
function on X with range {a1,asa,...,am,b1,ba,..., by} where by, < b,_1 <
<+ <by <0< a; < < ay. The Sipos integral (S) [ f(x)du(z) (or simply
(S)[ fdu) of f with respect to u is defined as

(8) / fdp = 3 (@i —ai1)  pl{alf(@) > ai})

i=1

£ (=) - ul{alf (@) < b))

where ag = by =0 (Fig. 5.1).
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(S)/fdﬂ =0+Q+0+®@
@ = (a1 — ao) - p({z[f(z) > a1})
@ = (a2 — a1) - p({z[f(x) > a2})
@ = (b1 —bo) - p({z]f(x) < b1})
y @ = (b2—b1)- p({z|f(x) <b2})
‘ )
2 @
a0=b0 j'_
=0 [
b
p({zlf(x) > a1})
p({z]f(x) < b2}) p({zlf(z) > a2})

Fig. 5.1. The Sipos integral of f

We can define (S) [, fdu as

& [ fau = © [ fadn = ) [ dus

since the last two integrals are equal to one another for every function f on
X.
The Sipos integral has the following properties.

Proposition 5.1. Let a be a non-negative real number, f and g functions on
X, and A a subset of X.

(i) If f is non-negative, then

Especially
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(i1) If u is a fuzzy measure and f < g, then

(iii)

Especially

v)
) [ saa-w) = a-® [ £an.

(vi) If N is a null set, and if f(x) = g(x) for all x ¢ N, then

(S)/fdu = (S)/gdu-

The Sugeno integral is defined only for functions whose range is included in
[0,1] and normalized fuzzy measures.

5.2 Sugeno integral

Definition 5.2. Let pu be a normalized fuzzy measure on X and f a function
on X with range {ai,as,...,a,} where 0 < a; < as < --- < a, < 1. The

Sugeno integral ff(z) o u(x) (or simply f o p) of f with respect to p is
defined as

Fron = Vianullalf@) = a)).

The Sugeno integral has the following properties.

Proposition 5.2. Let p and v be normalized fuzzy measures, f and g func-
tions from X into [0,1], A a subset of X, and a € [0, 1].

(i
][1A o = u(A).

][fou S][QOM-

(ii) If f < g, then
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(iid)

][(a\/f)o,u—a\/<]lfo,u>.
‘][fou (C)/fdu’ <L

(v) If pis a 0-1 fuzzy measure, then

fron=©f rn.
frowsfrov.
frowen - (fro) o ()

(viii) If N is a null set, and if f(z) = g(x) for all x & N, then

][fou=][gou-

From statements (v) and (vi) and Proposition 3.4 it follows that for every
normalized fuzzy measure p on X and for every function f from X into [0, 1]

(iv)

(vi) If u < v, then

(vii)

min f(z ][fou < max f(z)

rzeX

5.3 t-Conorm integral

Definition 5.3. A t-conorm system is a quadruplet (A, L, 11, ¢) consisting
of continuous t-conorms A, L, I, and an operation o : [0,1] x [0,1] — [0, 1]
such that

TS1: o is continuous on (0, 1],
TS2: aor=0 <= a=0 orr=0,
TS3: if rls <1,
o(rls) = (aor)Il(avs),
TS4: if alb < 1,
(alb)or = (aor)(bor).

We denote generators of A, 1, and 11, if exist, by ¢, ¢, and ¢, respectively.
Many t-conorm systems are trivial and/or useless; for example, a ¢ = const.
for all a, r € (0,1]. The non-trivial t-conorm systems are following ones:
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— Max type:
The t-conorms A, 1, and II are the max operator V.

— Archimedean type:
The t-conorms A, 1, and IT have their generators ¢, 1, and (, respectively,
and for all a € [0,1] and r € [0, 1]

aor = (" (p(a)-v(r)) .
We call the triplet (¢, ¥, {) the generator of (A, L, 11, o).

Definition 5.4. A 1 -decomposable measure m is said to be normal iff (i) or
(ii) holds:

() L=v,
(ii) L has a generator ¥ and 1 om is a measure.

Obviously, A-fuzzy measures and possibility measures are normal.

Definition 5.5. Let F = (A, L,I1,0) be a t-conorm systems, m a normal
L -decomposable measure on X, and f a function from X into [0,1]. The F-
integral (or t-conorm integral) (F) [ f(x)dm(z) (or simply (F) [ fdm) of f

with respect to m is defined as
) [ am = T @) om({s) (51)
zeX

If the t-conorm system F = (A, L,II,¢) is Archimedean, i.e., it has a
generator (¢, 1, (), then the t-conorm integral is expressed as

) [ ram = ¢ ( / so(f)d(wom)> |

where the integral of the right hand side is the ordinary integral.

Definition 5.6. Let A be a t-conorm. Define a binary operation —a on [0, 1]
as
a—ab = inf{c|bAc>a}.

If A =V, then

= a if a>b,
a=ab = 0 ifa<b;

and, if A has a generator ¢, then
a—nb = IOV [p(a) — o)) -

Obviously, a —a 0 = a. If A is continuous, then (@ —a b)Ab = a whenever
a>b.
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Definition 5.7. Let F = (A, 1,I1,0) be a non-trivial t-conorm systems,
© a normalized fuzzy measure on X, and f a function on X with range
{a1,aq9,...,a,} where a; < a2 < - < ap. The F-fuzzy integral (or t-conorm

fuzzy integral) (F) [ f(z (or simply (F) [ fdu) of f with respect to p
1s defined as

(fy/fdu::IJOM—AaFnouuﬂf@>2a&>, (5.2)

i=1
where ag = 0.

If o is a normal |-decomposable measure, then the (A, L 11, o)-fuzzy
integral with respect to p coincides with the (A, L, IT, o)-integral with respect
to p. The (V,V,V, A)-fuzzy integral is the Sugeno integral. If (A, L, 11, ¢) has
a generator (cp,w (), then (A, L, II, o)-fuzzy integral can be represented as

@ [ rin = ¢ ”Q)/wﬁﬂ@omo,

where the integral of the right hand side is the Choquet integral.
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A. Measures and Integral

In the appendix, we discuss measures on infinite sets and the integral on
infinite sets. Arguments on signed measures on infinite sets are omitted.

A.1 Measures

By an extended real number we mean a real number, the positive infinity 4oo
(or simply o), or the negative infinity —co. The following relations among
+00 and real numbers r hold:

(£oo) + (£o0) = 74 (o) = (£o0) +7r = *oo,

t+oo ifr>0,
r(£oo) = (Foo)r = 0 if r=0,
Foo ifr<o0,

-0 < r < 4o00.

Neither (£00) + (Foo) nor (+00)/(£00) can be defined. We denote the set
of extended real numbers by R and the set of non-negative extended real
numbers by R,

Definition A.1. Let u be an extended real-valued set function defined on a
family X of subsets of a set X.

(i) The set function p is said to be o-additive if
w(Un) = S
n=1 n=1

whenever {A,} is a disjoint sequence of sets in X (i.e., {A,} C X and
AiNAj=0fori#j)andJ, A, € X.
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(ii) The set function p is said to be finite if —oo < pu(A) < oo for all A € X.

(iii) The set function u is said to be continuous from below if lim,, ., m(A,) =
m(A) whenever {A,} C X, and A, T A € X, where A, T A means that
{A,} is a non-decreasing sequence and | J,-_, A, = A.

(iv) The set function p is said to be continuous from above if lim,, .o m(A,) =
m(A) whenever {A,} C X, An, | A € X, and |m(Ax)| < oo for some
k. where A, | A means that {A,} is a non-increasing sequence and
N A, = A

The additivity and monotonicity of p are defined as in Definition 2.1 on
condition that all sets in Definition 2.1 are in X

If ) € X and u(P) = 0, then o-additivity of u implies additivity. If ) € X
and p(0) =0, and if X is a finite family, e.g., X is a finite set, then additivity
of p is equivalent to c-additivity. If ) € X and p is finite and additive, then
(@) =0 (cf. the remark below Definition 2.1).

Definition A.2. A family X of subsets of X is called a o-algebra if X sat-
isfies the following conditions:

(i) 0 e X and X € X.
(i) If A€ X, then A° € X.
(ifi) If {An} C X, then U™, An, (T, An € X.

The pair (X,X) of a set X and a o-algebra X of subsets of X is called a
measurable space. When (X, X)) is a measurable space, a set A in X is said
to be X-measurable (or simply measurable).

Obviously the power set 2% is the largest o-algebra and {{), X'} is the smallest
one.

Let X be a o-algebra and p an extended real-valued set function defined
on X. Then the o-additivity of p implies the continuity from below. If p
is additive and continuous from below, then it is o-additive and continuous
from above.

Definition A.3. Let (X, X) be a measurable space. A measure on (X, X)
(or on X) is an extended real-valued, non-negative, o-additive set function
defined on X which vanishes at the empty set. A measure P on (X, X) is
called a probability measure if P(X) = 1. The triplet (X, X, m) of a set X,
a o-algebra X of subsets of X, and a measure p on X is called a measure
space.

The Lebesgue measure is one of the most important measures. The fol-
lowing are brief explanations of the Lebesgue measures on R and R2. Details
are shown in elementary textbooks on measure theory.

Example A.1. Let M be the o-algebra of Lebesgue measurable sets in R.
The family M is very large; intervals, open sets, closed sets, and Borel sets
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are all in M. The Lebesgue measure A on M measures the length of Lebesgue
measurable sets; for example, if a < b, then

A(a,0)) = A(a,b]) = A([a,0)) = A([a,b]) = b—

If a < b < ¢, then it follows that (a,b] N (b,c] =0, (a,c] = (a,b] U (b, ], and
c—a=(b—a)+ (c—b), and therefore the additivity hOldb (Flg A. 1)

A(a;c]) = Al(a,b]) + A((b;c]) -

a b c

>
>

~— (@, b]) —e—— A((b; ¢]) ——~

Fig. A.1. Additivity of
length

Mo ) ————~

Let {a,} and {b,} be sequences of real numbers such that a, < b, for all
n, an | a, and b, 1 b (for example, a, = 1/n, b, =3 — (1/n), a = 0, and
b =3). In addition, let A,, = (ay,by) for all n and A = (a,b). Then A, T A,
MA4,) = b, —ay, for all n, and \(A) = b—a. Since a,, | a and b, 1 b, it follows
that (b, —ay) 1 (b — a), and hence this is an example of the continuity from
below: A(A,) T AM(A) (Fig. A.2). Similarly, we can easily make an example of
the continuity from above.

a--- az ai by b2 RN

Y

H H

M(ar, b))

~——— M(az,b2)) —

Fig. A.2. Continuity of
length

— M(@,b) ————

Example A.2. Let M be the o-algebra of Lebesgue measurable sets in R2.
The Lebesgue measure A on M measures the area of Lebesgue measurable
sets; for example, if a < b and ¢ < d, then

A(a, 0] x (¢, d]) = (b—a)-(d—c)
(Fig. A.3). We know that the area is additive (Fig. A.4), and that the area
is continuous (Fig. A.5).

Definition A.4. Let (X, X, m) be a measure space. A measurable set N is
called a null set (or m-null set) if m(N) = 0.
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Fig. A.3. (a,] x (¢, d]

‘ : @+‘
Fig. A.4. Additivity of area

< U

a) Continuity from below b) Continuity from above

Fig. A.5. Continuity of area

A.2 Integral

Let (X, X) be a measurable space.

Definition A.5. An extended real-value function f defined on X is said to
be X-measurable (or simply measurable) if for every real number r, the set
{z| f(x) > r} is X-measurable (Fig. A.6). A simple function is a measurable
function whose range is a finite subset of R.

y
] y=f(x)

X Fig. A.6. Measurability of
>
{zlf@)>r} function f
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Note that in the above definition the set {f(z) > r} can be replaced
with any of {z| f(x) > r}, {z| f(z) < r}, and {z]| f(z) < r}. If f and g are
X-measurable functions, then so are af + bg (a and b are constants), f - g,
max{f, g}, min{f, g}, and |f|. If f is a simple function, then it is represented
as

f = ZailAiv (Al)
i=1

where {a;} C R and {4;} C X.

Definition A.6. Let (X, X, m) be a measure space. The integral [ f(x) dm(x)
(or simply [ fdm) of a measurable function f with respect to m is defined
in steps as follows.

(i) For a non-negative simple function f =3 . a;la,,

/fdm = iaim(Ai)'

(See Figs. 2.2-2.5.)

(ii) For a non-negative measurable function f,

/fdm = sup{/gdm'g s a simple function, ogggf} .

(See Fig. A.7.)

y=f(z)

> Fig. A.7. Simple function g
X such that g < f

(iii) For a measurable function f,

/fdm - /f*dmf/f’dm,

where f*(z) = max{f(z),0}, f~(z) = max{—f(z),0} (Fig. A.8), and
at least one of [ fTdm and [ f~dm is finite.

The integral [, f(x)dm(z) over a measurable set A of f with respect to
m is defined as in Definition 2.7. The same proposition as Proposition 2.2
holds on condition that all sets and functions are measurable.

The following example illustrates the meaning of the integral. However,
it is not mathematically strict.
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y
ye y=f(z)
\/ ¥
!
/7 y=f(x)
Yy

= Fig. A.8. Function f, its
X positive part fT, and its neg-
ative part f~

Example A.8. Consider a wire with segmentally homogeneous density; the
wire is segmented into Ay, As, ..., A,, and the line density of each part A;
is d; g/cm (Fig. A.9). The total mass w g of this wire is expressed as

w = idz )\(Az) 5
=1

where A is a measure which measures the length of parts of the wire in cm.

d1 dz d3 d4 d5

1 | ] L | |

Ar As As Ay As

Fig. A.9. Segmentally
homogeneous wire

Next consider another wire whose line density at position z is f(x) g/cm.
The line density f(x) can be regarded as the limit of density of a part A
containing x when A becomes infinitely short. (The line density of the seg-
mentally homogeneous wire at position x € A; is d; g/cm.) The total mass
w g of the wire is also expressed as
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w = d\
1

and the mass w4 g of a part A is expressed as

wy = /Afd)\‘

Similar arguments can be applied to higher dimensions. In two dimension,
objects are shifted from wires to metallic plates, the density f(x) is shifted
from line density (g/cm) to surface density (g/cm?), and the quantity mea-
sured by A is shifted from the length (cm) to the area (cm?). The integral
| f dX represents the mass (g) of the plate. The images of segmentally ho-
mogeneous and heterogeneous metallic plates are shown in Figs. A.10 and
A.11, respectively. In three dimensions, the object becomes a lump of metal,
the integrand f(z) is volume density (g/cm®), and the measure A measures
the volume (cm?®). Regardless of dimensions, the integral f f d)\ expresses the
mass (g) of the object.

Ay
di

As
ds L Ag

— 4, ——

Az

dz Fig. A.10. Segmentally homogeneous

metallic plate

Fig. A.11. Heterogeneous metallic plate




