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Preface

The present manuscript is intended to be a textbook that could serve both
undergraduate and graduate students when studying Fuzzy Set Theory and
Applications. It is also intended to deepen the research into some existing
directions and to investigate some new research directions. The book tries
to develop a systematic, Mathematically-based introduction into the theory
and applications of fuzzy sets and fuzzy logic. In this way the author tries
to cover a gap in the literature. Also, the book can be an introduction into
Fuzzy Sets and Systems for researchers who are interested in the topic of
fuzzy sets in all areas of Mathematics, Computer Science and Engineering,
or simply interested Mathematicians, Engineers and students in these areas.
The book starts from the basic theory and gets the reader to a level very
close to the current research topics in Fuzzy Sets.

The basis of the book is the author’s class notes for Fuzzy Sets and Fuzzy
Logic, class taught at DigiPen Institute of Technology.

Another goal that the author had when writing the present book is try to
see where Fuzzy Sets and Fuzzy Logic as a discipline, can be connected to
other areas of Mathematics. The manuscript tries to show that Fuzzy Sets
is an independent discipline having huge overlaps on one side with Analysis
and Approximation Theory and on the other side with Logic and Set Theory.
The approach of the present work leans toward Mathematical Analysis and
Approximation.

I am really thankful to my wife Emese, who provided very strong support
for me in writing this book. Also, the author is thankful to his colleagues, es-
pecially Sorin G. Gal, L. Stefanini, L.C. Barros, I.J. Rudas and many others
for comments that improved the manuscript. The author would like to express
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his thanks to all the students who contributed with comments that improved
the manuscript, especially Kia McDowel, Matt Peterson, Chris Barrett, and
many others.

Barnabas Bede
Redmond, WA
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1
Fuzzy Sets

1.1 Classical Sets

The concept of a set is fundamental in Mathematics and intuitively can be
described as a collection of objects possibly linked through some properties.
A classical set has clear boundaries, i.e. z € A or x ¢ A exclude any other
possibility.

Definition 1.1. Let X be a set and A be a subset of X (A C X). Then the

function
|1 if z€A
XA(“””){ 0 if z¢A

18 called the characteristic function of the set A in X.

Classical sets and their operations can be represented by their characteristic
functions.

Indeed, let us consider the union AU B = {z € X|z € A or z € B}. Its
characteristic function is

Xaus(z) = max{xa(z), x5(x)}.
For the intersection AN B = {z € X|z € A and x € B} the characteristic

function is
Xanp(z) = min{xa(z), xp()}.
If we consider the complement of A in X , A = {x € X|z ¢ A} it has the
characteristic function
xa(@) =1 - xa(z).

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 1-{[2]
DOI: 10.1007/978-3-642-35221-8 1 (© Springer-Verlag Berlin Heidelberg 2013
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1.2 Fuzzy Sets

Fuzzy sets were introduced by L. Zadeh in [I54]. The definition of a fuzzy set
given by L. Zadeh is as follows: A fuzzy set is a class with a continuum of
membership grades. So a fuzzy set A in a referential (universe of discourse)
X is characterized by a membership function A which associates with each
element z € X a real number A(z) € [0, 1], having the interpretation A(x) is
the membership grade of x in the fuzzy set A.

Definition 1.2. (Zadeh [15])]) A fuzzy set A (fuzzy subset of X ) is defined
as a mapping
A: X —[0,1],

where A(x) is the membership degree of x to the fuzzy set A. We denote by
F(X) the collection of all fuzzy subsets of X.

Fuzzy sets are generalizations of the classical sets represented by their char-
acteristic functions x4 : X — {0,1}. In our case A(x) = 1 means full mem-
bership of z in A, while A(z) = 0 expresses non-membership, but in contrary
to the classical case other membership degrees are allowed.

We identify a fuzzy set with its membership function. Other notations that
can be used are the following ua(z) = A(z).

Every classical set is also a fuzzy set. We can define the membership func-
tion of a classical set A C X as its characteristic function

(2) = 1 if rze€A
HALEI =9 0 otherwise

Fuzzy sets are able to model linguistic uncertainty and the following examples
show how:

Example 1.3. In this example we consider the expression “young” in the
context “a young person” in order to exemplify how linguistic expressions can
be modeled using fuzzy sets. The fuzzy set A : [0,100] — [0, 1],

1 if 0<x<20
Alz) =4 &2 if 20<z <40
0 otherwise

is illustrated in Fig. [T

Example 1.4. Let us consider the fuzzy set A : R — [0,1], A(z) = #
This fuzzy set can model the linguistic expression “real number near 07 (see

Fig.[L2).

Example 1.5. If given a crisp parameter which is known only through an
expert’s knowledge and we know that its values are in the [0,60] interval, the
expert’s knowledge expressed in terms of estimates small, medium, and high
can be modeled, e.q. by the fuzzy sets in Fig. [L3
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‘Young Person

T 1
10 20 30 40 50 60 70 80 90 100

Fig. 1.1 Example of a fuzzy set for modeling the expression young person

= -
Z 05

Near Zero

Fig. 1.2 Fuzzy set that models a real number near 0

Example 1.6. Fuzzy sets can be used to express subjective perceptions in
a mathematical form. Let X = [40,100] be the interval of temperatures for
a room. Fuzzy sets Ay, Ao, ..., A5 can be used to model the perceptions: cold,
cool, just right, warm, and hot (see Figure[1]):

cold:

Al (x) =

1 if 40<z<50
0=z if 50 <z < 60
0 if 60<a<100
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1.0 ’
o.9i / \ /
O.Bi / \

077 A 4,/ \ A/

0.6

03 Y \ 7
02 / VRN

0.1 4 4 N

[ e T e e R e

Fig. 1.3 Expert knowledge represented by fuzzy sets

cool:
0 if 40 <x <50
=50 if 50 <z < 60
e 0 -
Aa(2) 751570 if 60<z <70
0 if 70 <z <100
hot:

0 if 40<z<80
As(x) =< 289 if 80< 2 <90
if 90 < <100

Ju
HO

Definition 1.7. Let A: X — [0,1] be a fuzzy set. The level sets of A are
defined as the classical sets

Ay ={z € X|A(z) > a},

O<a<l.
Ay ={z e X|A(x) > 1}

18 called the core of the fuzzy set A, while
supp A = {z € X|A(z) > 0}

1s called the support of the fuzzy set.
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09
08
07
06

Z o5
04
03
02
0.1

0.0

40

Fig. 1.4 Fuzzy sets Cold, Cool, Just Right, Warm and Hot used in a room tem-
perature control example

Example 1.8. Let us consider the cool fuzzy set as in the previous example.

0 if, 40 <z <50

—50 ;
e 80 jf 60 <z <70
0 if 70 <z <100

Its core is (A2)1 = {60}, the 1-level set is (A2)1 = [55,65], the a-level set is
(A2)aq = [50+10c, 70—10¢], 0 < a < 1 and the support is supp Az = (50, 70).

Remark 1.9. If the universe of discourse is a finite set X = {x1,22,...,Zn}
then a fuzzy set A : X — [0,1] can be represented formally as

Alwy) | Als) + .+ A(xn)

Example 1.10. Let us consider the expression “good grade in Mathematics™.
This expression can be represented as a fuzzy set G : {A, B,C, D, F} — [0, 1],
G = % + %7 + % + % + %. The core of G is G1 = {A}, the support is
supp G = {A, B,C} and the %— level set 1s G% = {A, B}.

1.3 The Basic Connectives

Let F(X) denote the collection of fuzzy sets on a given universe of dis-
course X.
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The basic connectives in fuzzy logic and fuzzy set theory are inclusion,
union, intersection and complementation.

In fuzzy set theory these operations are performed on the membership
functions which represent the fuzzy sets. When Zadeh [154], introduced these
connectives, he based the union and intersection connectives on the max and
min operations. Later they were generalized and studied in detail.

1.3.1 Inclusion

Let A, B € F(X). We say that the fuzzy set A is included in B if
A(z) < B(x),Vz € X.

We denote A < B. The empty (fuzzy) set () is defined as ((z) = 0,Vz € X,
and the total set X is X(z) =1, Vo € X.

1.3.2 Intersection

Let A, B € F(X). The intersection of A and B is the fuzzy set C' with
C(z) = min{A(x), B(x)} = A(z) A B(x),Vz € X.
We denote C'= AN B.

1.3.3 Union

Let A, B € F(X). The union of A and B is the fuzzy set C, where
C(x) = max{A(z), B(z)} = A(z) V B(z), Vo € X.
We denote C'= AV B.

1.3.4 Complementation

Let A € F(X) be a fuzzy set. The complement of A is the fuzzy set B
where
B(z) =1— A(z),Vzr € X.

We denote B = A.

Remark 1.11. We observe that the operations between fuzzy sets are defined
point-wise in terms of operations on the [0,1] interval. Also, let us mention
here that throughout the text we will use the following notations min{z,y} =
x Ay, max{z,y} = x Vy with operands z,y € [0,1] or z,y € R. Also, without
the danger of a major confusion we use the notations AN B and AV B to
denote the intersection and union of two fuzzy sets.
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Example 1.12. If we consider the fuzzy sets

1 if 40 <z < 50
Aj(z) =4 1-220 4f 50<2<60
0 if 60 <z <100

)

0 if 40 < x < 50
=50 if 50 <z < 60

1- 2280 if 60 <2 <70
0 if 70 <z <100
gwen in Example [I.8, then their union is
1 if 40 <z < 50
1—96%5’0 if 50<z <55
AV Ay(x) = 222 if 55 < <60

1-280 4f 60<2<70
0 if 70 < 2 <100

The intersection can be expressed as

0 if 40 <z <50
xz—>50 .

Anda(@) =9 0 s5< <60

0 if 60 <z <100

The complement of A1 can be written

0 if 40<z<50
Ai(z) =< 222 if 50 <z <60
1 if 60<z<100

see Figs. [L3, [0, [T7

Example 1.13. If the universe of discourse is a discrete set X = {x1, xa,
ey Xn} then the union intersection and complementation can be easily ex-
pressed. If A, B : X — [0,1], they can be represented as

= A(xy) . A(xo) . A(xn).
I X2 In

p= Bl Bl o Bl
1 T2 Tn

Then the union is

A(x1) V B(x1) . A(z2) V B(z2) i A(zn) V B(xn)

I T2 Tn

AV B=

9

the intersection is

A(z1) A B(z1) n A(z2) A B(x2) - A(zy) AN B(zy)

X1 2 T

AANB =
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1.0 3 A
| ’\‘ / \
09

] \ /

\

0.8 \ / \
4 ‘\ / \
07 \ / \
1 \ / \

06 N \
- \/ \
205+ \
1 \
0.4 \
1 A\
03
0.2 \
1 \
0.1 \
] \

0.0 T f T T T 1
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Fig. 1.5 Fuzzy Intersection

0.9
0.8
0.7

0.6

04
0.3 /
02 / N\

0.1

0.0 T t T T T 1
40 45 50 55 60 65 70

Fig. 1.6 Union of two fuzzy sets

and the complement of A is

1—A
(z1) n
)

1—-A
(z2) N
To

1-A4 n
L 1= Al)

Tn

A:

Example 1.14. Consider X = [0, 00| and the fuzzy sets A(x) = ;7.

g

B(x) =

L Then we can illustrate AV B, AN B and A as in figs. (.8, [.9.

241"
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— T T T T T T T T
70 80 920 100

AKX)

Fig. 1.8 Two fuzzy sets A and B

1.4 Fuzzy Logic

Proposition 1.15. (see e.g., Dubois-Prade [51]) Considering the basic con-
nectives in fuzzy set theory, the following properties hold true:
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1. Associativity

2. Commutativity

ANB=BAA
AVB=BVA
3. Identity
ANX =A
AVDh=A
4. Absorption by § and X
AND =10
AvX =X
5. Idempotence
ANA=A
AVA=A
6. De Morgan Laws
ANB=AVB
AVB=ANAB

A(x)

Fig. 1.9 Basic connectives for the fuzzy sets A and B
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7. Distributivity

8. Involution

9. Absorption
AN(AVB)=A
AV(AANB)=A

Proof. The proofs of properties 1-5, 7, and 8 are left to the reader.
Let us prove the first De Morgan law in 6. Let x € X. Then

AN B(z) =1—min{A(x), B(x)}
=max{l — A(z),1 — B(z)} = AV B(z).

Let us also prove one of the absorption laws in 9: AV(AAB) = A. Let © € X.
Then we have

AV (AAB)(z) = A(z) V (A(z) A B(z)) < A(x) V A(z)
= A(z) < A(z) V (A(z) A B(x)).
]

The algebraic structure obtained in this way is called a distributive pseudo-
complemented lattice.

Let us remark that the laws of contradiction and excluded middle (“tertio
non datur”) fail. More precisely:

Proposition 1.16. If A is a non-classical fuzzy set A : X — [0,1] (i.e.,
there exists © € X with A(x) ¢ {0,1}) then

ANAH#D

AVA+#X.
Proof. If z € X is such that 0 < A(z) < 1 then 0 < A(z) < 1 and then
0<ANA(z)<land 0< AV A(z) < 1. |

So, if we allow gradual membership for fuzzy sets, then the algebraic structure
is incompatible with the Boolean algebra structure which is at the basis of
classical set theory and classical logic. As a conclusion, we need a different
theory. This theory is the theory of fuzzy sets and fuzzy logic.

1.5 Problems

1. Set up membership functions for modeling linguistic expressions about
the speed of a car on a highway: “very slow”, “slow”, “average”, “fast”,
“yery fast”.
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1 Fuzzy Sets

Consider the fuzzy sets A, B : {1,2,..., 10} [0,1] deﬁned as A( ) =
§+w+%+%+%+%+g+g+g+ L2, Bx)=94+92+9%+%3 4
?5+%+%+?5+%+% Calculate ANB, AVB, A, B Calculate
and compare AV B and A A B.

. Consider the fuzzy sets A,B : Ry — [0,1] defined as A(z) = ﬁ,
B(z) = , A, B and graph them.

. Consider the fuzzy sets

0 if, x <1
=l 1<ax<T
- if 7T<x<10
0 if 10<z

0 if, <2
-2 if 2<z<3

1 if 3<z<4
552 if 4<2<6

0 if 6<uz

Find AA B, AV B, A and graph them.

. Prove the properties 1-5, 7,8 in Proposition [[.15]

. Prove that for any fuzzy set A € F(X) we have

AV A>0.5,

while -
ANA<O0.5.

Prove that for any fuzzy sets A, B € F(X) we have
(ANB)V(AANB)>05A(AVB)A(AVB)

and
(AVB)A(AVB)<05V(AAB)V(AAB).



2
Fuzzy Set-Theoretic Operations

2.1 Negation

As we have seen in the previous section, we can identify the operations be-
tween fuzzy sets by the corresponding operations on the unit interval, fuzzy
set operations being defined point-wise. This implies that we can study oper-
ations between fuzzy sets by the corresponding operations over the real unit
interval.

Definition 2.1. (Trillas [147], see also Fodor-Roubens [60]) A function
N :[0,1] — [0,1] 4s called a negation if N(0) = 1, N(1) = 0 and N s
non-increasing (x <y = N(z) > N(y)). A negation is called a strict nega-
tion if it is strictly decreasing (v < y = N(x) > N(y)) and continuous. A

strict negation is said to be a strong megation if it is also involutive, i.e.
N(N(z)) = x.

Definition 2.2. If A € F(X) is a fuzzy set then the N—complement of A
is defined point-wise as N(A)(z) = N(A(x)).

Example 2.3. The standard negation is N(x) = 1 —x, and it is a strong
negation.

Example 2.4. The negation Ny(z) = %, A > —1, is a strong negation
called the \-complement.

Remark 2.5. An alternative notation for any negation N(x) is T.

In the following theorem, strong negations are characterized:

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 13T]
DOI: 10.1007/978-3-642-35221-8 2 (© Springer-Verlag Berlin Heidelberg 2013
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Theorem 2.6. (Trillas [T]7]) A function N : [0,1] — [0,1] is a strong
negation if and only if there exists an automorphism (continuous invertible
function ¢ : [0,1] — [0, 1] with continuous inverse p~—1) such that

N(z) = (1 —p(z)).

Proof. “ = 7 If n is a strict negation then f(z) = N(z) — z is continuous,
f(0) =1, and f(1) = —1. In which case there exists an z* € (0, 1) such that
f(a*) =0, or equivalently, N(z*) = 2*, i.e., N has a fixed point.

Now let N1, N3 be two strict negations. Then there exist s1,s2 € (0,1)
such that Ni(s1) = siand Na(s2) = s2. Let t = 2 and ¢,%: [0,1] — [0, 1],

% if x<sy
Ple) =9 Nyt (22) it 2>

W(w) = tx if z<s
Tl N2 (EN; M) i > sy
We claim that No = 1) o N1 o . Indeed, if z < s then % < 872 = s1, and
Ni(§) > Ni(s1) = s1. We have
T
Yo Ny opla) = v(Ni(3))

= Noft- N (NI(D)] = Na (¢ T) = Na(a).

If © > s9 then Na(z) < Na(s2) = s2 = sit. Then we obtain M < s51. We

have ¢oN1090($)_¢(N1 <N1_1 (NZTm>>)

:¢(N2_<x>) 1 R

t t

As a conclusion we obtain 1) o Ny o ¢ = Ny. Let Ny be the standard negation
Ni(z) =1— 2. Then

(z) = 7 i z< sy
Pl = 17N2t(w) if >89
tx if z<i
v(w) = { No(t(l— =) if = > %
and t = 2s5.
If 2 < sy then § < 2 = %, ie., p(x) < % and then we have
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If © > s9 then Na(z) < Na(s2) = so and we obtain 1 — NzT(I) >1- 2= %,
i.e., p(x) > 1. Taking these into account we have

vopla) = Nt - p(o) = Na (1 (42 ) ) = Moo,

If Ny is a strong negation then No(Na(x)) = z, ie., Y o p(z) = z and as a
conclusion ¢ o ¢ = 1jg 1

Now, let us calculate ¢ o 1.

If £ < 1 then at < L = sy, e, ¥(z) < 1. Then po¢(z) = p(at) = &
=2.

If 2 > 1 then 1 —2 < 3, then t(1 —z) < L = s5 and No(t(1 — z)) >

N3(s2) = s2. Then

Na(Na(t(1 = 2)))

potp(a) = p(Nao(t(l — ) =1~ t

If Ny is a strong negation we get

B t(l—x)
popla)=1-———=u

The continuity of ¢ and 1 is easy to be checked and we obtain p o = 1jg 1j,
i.e., ¢ and 1 are inverses of each other () = ¢~1).

As a conclusion if NV is a strong negation then there exists an automor-
phism ¢ : [0,1] — [0, 1], such that N(z) = ¢~1(1 — p(z)).

“<” Now given ¢, an automorphism of [0, 1], we consider N(x) = ¢~ 1(1—
©(z)). Then N is obviously continuous. Also,

NO)=¢ ' (1-9(0)=¢" (1) =1

and

=o' 1 -1+ ¢() =9 o)) = .

To show that N is strictly decreasing, we observe that ¢ is increasing, 1 — ¢ is
decreasing and ¢~ is increasing. Then ¢ ~1(1 — o(x)) is strictly decreasing.
As a conclusion N is a strong negation. [

Remark 2.7. N(z) = ¢~ 1(1—¢(z)) is called the p-transform of the standard
negation.

Example 2.8. A very popular parametric family of strong negations is N(x) =
(1—2%)%, for any a € (0, 00).
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2.2 Triangular Norms and Conorms

Triangular norms and conorms generalize the basic connectives between fuzzy
sets. They were first introduced in the theory of probabilistic metric spaces.
Later these were found to be very suitable to be used with fuzzy sets.

Definition 2.9. (Schweizer-Sklar [130]) Let T, S : [0,1]*> — [0,1]. Consider
the following properties:
Ty : T(x,1) =z (identity)

S 8(x,0) =2

Ty: T(z,y) =T(y,x) (commutativity)

52 : S(xay) = S(yax)

T5: T(x,T(y,2)) =T(T(x,y),z) (associativity)
S3: S(x,S(y,2)) =S(S(z,y), 2)

Ty: If e <wuandy <wv then T(x,y) < T(u,v) (monotonicity)

Sy Ifx<wuandy<wv then S(x,y) < S(u,v)

A triangular norm (t-norm) is a function T : [0,1]2 — [0, 1] that satisfies
T — Ty

A triangular conorm (t-conorm or s-norm) is a function S : [0,1]* —
[0,1] that satisfies S1 — Sy.

We will occasionally use the notation zT'y = T'(z,y), Sy = S(x,y).

Definition 2.10. Given T, S : [0,1]?> — [0,1] a t-norm and a t-conorm, for
fuzzy sets A, B € F(X) we define operations point-wise

AT B(z) = A(z)TB(x)
ASB(x) = A(x)SB(x)

for any x € X.

Proposition 2.11. Given any t-norm T and t-conorm S, we have T'(x,0)
=0 and S(z,1) =1, for all z € [0, 1].

Proof. From T} we have T'(0,1) = 0. Then from Ty it follows that
T(0,z) <T(0,1) =0,z € [0, 1],

i.e.,, T(0,2) = 0. Then from T» we get T'(z,0) = 0.
Similarly, we have S(1,0) =1 so,

1=25(1,0) < S(1,2),
and then S(1,z) =1 = S(z,1), Vz € [0,1]. [

Proposition 2.12. We have T(x,y) < z Ay and S(z,y) > = Vy for any
t-norm T, t-conorm S, and any x,y € [0, 1].
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Proof. We have
T(z,y) <T(x,1) =x.

Also,
T(x,y) =T(y,z) <T(y, 1) =y.

As a conclusion T'(z,y) < A y. Similarly, S(z,y) >z V y. ]
The connection between t-norms and t-conorms is made by strong negations
as follows.

Definition 2.13. (Zadeh [157)]) A triplet (S,T,N) is called a De Morgan
triplet if T is a t-norm, S is a t-conorm, N is a strong negation, and if they
fulfill De Morgan’s law

S(a,y) = N(T(N(z), N(y)))-

Remark 2.14. If (S,T,N) is a De Morgan triplet then we have T(x,y) =
N(S(N(z),N(y))). Indeed,

Then
N(S(N(z),N(y))) = N(N(T'(z,y)) = T(z,y).

In what follows we give some examples of De Morgan triplets.

Example 2.15. (Zadeh [15])]) The minimum and mazimum

x Ay = min{z,y}
x Vy = max{z,y}

together with the standard negation N(x) = 1—x, form a De Morgan triplet.
This De Morgan triplet (often called Gédel t-norm and t-conorm) plays a
special role in fuzzy logic, and it was proposed to be used for fuzzy sets by
Zadeh in [157)]. Let us also observe that A is the greatest t-norm and V is the
least t-conorm as it was shown in Proposition [2.129

Example 2.16. (see e.g., Fodor-Roubens [60]) The product and the proba-
bilistic sum

gy =x-y
rSey=z+y— Y

together with the standard negation N(xz) =1 —z, form a De Morgan triplet.
These are called Goguen’s t-norm and t-conorm.
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Example 2.17. (Hajek [76]) The Lukasiewicz t-norm and t-conorm

2Try=(x+y—1)VvO0
xSpy=(x+y) Al

together with the standard negation N(x) =1 —x, form a De Morgan triplet
that plays a very special role in fuzzy logic, and the algebraic structure over
the [0, 1] interval generated by these operations is called an MV algebra (MV
stands for Multivalued, see Cignoli-D’Ottaviano-Mundici, [38], Di Nola-Lettieri
[47], Hajek [76]).

Example 2.18. (see e.g., Fodor [59]) The nilpotent minimum and nilpotent
mazimum with the standard negation is a De Morgan triplet:

ANy ife4+y>1
0 otherwise

sVyifet+y<l1
1 otherwise

zToy = {

xSoy = {

These were introduced by Fodor and Perny and led to the study of similar fuzzy
operations called uninorms and absorbing norms Rudas-Pap-Fodor [128).

Example 2.19. (see e.g. Klement-Mesiar-Pap [87])The drastic product and
sum with the standard negation is a De Morgan triplet:

_JrzAyifzvy=1
xTDy—{ 0 otherwise

_JaxvyifzAy=0
xSDy—{ 1 otherwise

This pair is also very important, because Tp is the least t-norm and Sp is the
greatest t-conorm. Therefore, Tp <T < A and V < S < Sp for any t-norm
T and t-conorm S.

Example 2.20. (see e.g. Klement-Mesiar-Pap [89]) There are several para-
metric families of t-norms and t-conorms. Perhaps the most famous one is
the Frank family:

P 1)(s¥ — 1
#Tpy = log, (1 ol i) - 1(51 ))

aSpy =1—-(1-2)Tp(1 - y),

where s € (0,00) \ {1}. By definition Frank’s t-norm and t-conorm form a
De Morgan triplet with the standard negation. The importance of these lies
in the fact that they satisfy the functional equation

2Ty +zSpy=x+y.
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2.3 Archimedean t-Norms and t-Conorms
Let T be a t-norm and S be a t-conorm. Given = € [0, 1] we define

xgzl) =T(z,..z)= T(xg?_l),x), n>2

n—times

xfg") =S(z,...,x)= S(xgn_l),x), n>2.
n—times
Definition 2.21. (see e.g. Klement-Mesiar-Pap [90], Fodor [59]) (i) A t-
norm T (and respectively a t-conorm S) is said to be continuous if it is
continuous as a function on the unit interval.
(i1) A t-norm T and respectively a t-conorm S is said to be Archimedean

if
; (n) _
S o =0,
and respectively
lim xgn) =1,
n— oo

for any x € (0,1).
Proposition 2.22. (i) If T is Archimedean then T (z,z) < z,Vx € (0,1).
(11) If S is Archimedean then S(x,x) > z,Vz € (0,1).

Proof. (i) Suppose the contrary, i.e., that x(T2) = T(z,xz) > z for some
2 € (0,1). Then we have

$g§) =TT (x,z),z) >T(z,z) > x
and by induction we also have

a:(T") =T(x,...,z) > x.

n—times

Then lim,, x&? ) > x, which is a contradiction.
(ii) The proof of (ii) is similar. ]

Remark 2.23. Generally an Archimedean t-norm (or t-conorm) does not
need to be continuous. If a t-norm (or t-conorm) is continuous and
Archimedean then we obtain the following characterization:

Theorem 2.24. (i) Let T be a continuous t-norm. Then T is Archimedean
if and only if
T(x,z) < z,Vz € (0,1).

(it) Let S be a continuous t-conorm. Then S is Archimedean if and only
if
S(z,z) > x,Vo € (0,1).
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Proof. (i) “=” If T is Archimedean then the previous proposition ensures
the property T'(z,z) < z,Vz € (0,1).

“<” Let us suppose now that T' fulfills the condition T'(z,z) < z,Vx €
(0,1) and that T is continuous. Then we have

x(T") =T(x,...z)=TT(z,z), ..z )<T( x,...,¢ )= ngl_l),

n—times n—2—times n—1—times

(n

so the sequence x» ) is decreasing (strictly). Also, x(T") is bounded from below

by 0. So, $¥z) is a convergent sequence. Let y = lim,,_, xgzl). Let us suppose

now that y > 0. Then
20 = T 240

and since T is continuous we have

. 2n) _ . (n) (n) o . (n)
nl;rrgo Ty = nhHH;O T(xy xy’) = T(HILH;O :ET hm x5y ).

Taking into account that lim,, :Eg?") is also y, we get y = T'(y,y). But

from the hypothesis, T'(y,y) < y, so we get a contradiction.
(ii) The proof of (ii) is similar. ]

Example 2.25. The product t-norm Tg(z,y) = x -y is Archimedean, while
the min t-norm Ty (z,y) = x Ay is not Archimedean.

Definition 2.26. (Klement-Mesiar-Pap [89]) Let f : [a,b] — [c,d] be mono-

tonic, and [a,b],[c,d] C [—o0,00]. The pseudo-inverse of f is defined as
FE e d] = [a,b],

sup({z|f(z) <y}pU{a}) if fa) <[f(b)
V@) = sw{alf(z) >y} ui{a}) i fla) > f() .
a if fla)=f(b)
Example 2.27. Let f : [-1,1] = [c,d], [1.5,2.5] C [¢,d], and f(x) = &4,
Then we have
fEY(y) = max{min(2y — 4,1), —1}.
Indeed, first we observe that the image of the function f, denoted by Im(f)
is Im(f) = f[—1,1] = [1.5,2.5]. Then

f(‘”(y)=sup{ ey < }u{—l}

=sup{z € [-1,1]jz <2y —4} U {-1}.
If2y—4 < —1 then fCV(y) = —=1. If =1 < 2y—4 < 1 then fCV(y) = 2y—4.
If1 < 2y — 4 then fCD(y) = 1.
Also we observe that
—1  if 2y—4d<-—1
max{min(2y —4,1),—-1} =<¢ 2y—4 if —-1<2y—4<1
1 if  1<2y—4
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Lemma 2.28. Let f : [0,1] — [0,00], f(1) = 0 be strictly decreasing and
continuous. Then

FEN() _{ S~y if y < f(0)

0 otherwise ’

where f=1 denotes the inverse function for the restriction f : [0,1] — Im(f).

Proof. Indeed, Im(f) = [0, f(0)], and f is invertible on I'm(f) having its
inverse f~!. Then if y € Im(f),

FI(y) = supfal f(x) > y} = sup{a|f(2) > F(f 7 (¥))}

=sup{zlz < f'(y)} = F(v).

If y > f(0) then f(z) >y > f(0) < = < 0. Then sup{z € [0,1]|f(z) >
y} = 0 and then sup{z|f(z) > y} U {0} = 0. -

Lemma 2.29. If f : [0,1] — [0, 00] is decreasing then

(i) f(f(x) =

(i) f(f D (@) = min{z, £(0)}.
Proof. Since f(z) < f(0 )We have f(= 1)(f( )= f"Yf(x)) =

Ifx < f(0) then f(f("V(2)) = f(f~(2)) = 2. If & > f(U)thenf( V(z) =
0,and so f(f=V(z)) = £(0) ]

Lemma 2.30. (see Aczél [1]) The only continuous solution F' : R — R of
Cauchy’s functional equation

F(z+y) = F(x) + F(y)

is F(x) = cx, for some constant ¢ € R.

Proof. We have F'(0) = 2F(0), and so F(0) = 0. Then, F(n) = nF(1). Let
F(1) = c. It is easy to prove that F(1) = F(l) and then F(7') = ZF(1), i

F(r) = cr,¥r € Q. Then we extend F by contlnulty and we get F(z) = cx,
for any = € R. ]

Theorem 2.31. (Representation of Archimedean t-norms, see e.g.
Klement-Mesiar-Pap, |87, Klement-Mesiar-Pap, [88]) For a continuous func-
tion T : [0,1]%> — [0, 1] the following statements are equivalent:

(i) T is a continuous Archimedean t-norm

(ii)) T has a continuous additive generator, i.e., there is a continuous
strictly decreasing t : [0,1] — [0,00], t(1) = 0, which is uniquely determined
up to a multiplicative constant such that for all z,y € [0,1] we have

T(x,y) =tV (t(z) + t(y)).
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Proof. (ii)=(i). Let T'(z,y) =t~V (t(z) + t(y)). We have to prove that it is
a continuous Archimedean t-norm.

T1: From the previous lemma we get T(z,1) = tD(¢(x) + t(1)) =
tED (t(x)) = .

T2: T(z,y) = T(y, ) is obvious.

T3: We have

T(T(,y),2) = V(D (t(x) + 1)) + 1(2))

= ¢ (min(t(z) + t(y), £(0)) + £(2))

= min(min(¢(z) + t(y), t(0)) + t(z), (0)).
If t(z) + t(y) > t(0) then

T(T(x,y),z) = min(t(0) + t(z),t(0)) = ¢(0)

= min(t(z) + t(y) + t(2),t(0)) = T'(x, T(y, 2)).
If t(z) + t(y) < t(0) then

T(T(z,y), 2) = min(t(x) + t(y) + 1(2),4(0)) = T(x, T(y, 2)).

T4: To prove that T is increasing we consider x < u and y < v. Then
t(z) > t(u) and t(y) > t(v) and t(z) + t(y) > t(u) + t(v). Since t(=1 is
decreasing we obtain

T(z,y) =tV (@) + t(y) < V(1) +1(0)) = T(u,v).

T- continuous: Since t is continuous and since ¢t~' is continuous we get
t(=Ycontinuous when z # f(0). Also,

lim t“Y(2) = lim ¢ z)=t"'(t0)) = 0.
) () o (z) (t(0))

T- Archimedean:
T(z,x) =tV (2t(x)) <tV (t(x)) = min{z, t(0)} < =,

ie, T(x,x) < z,Vz € (0,1).

(i)=(ii) Now let T be a continuous Archimedean t-norm. As before let

x(T”) =T(z,...,z)= T(x,ngl_l)), $§9) = 1. Then we define

n—times

(%)

2 (n)

=sup{y € [0, 1]|y;" <z}

m 1\ (m)
x;«") = <x;«"))T .

and
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1 m
Since T is Archimedean we have lim,,_, oo x;«") =1 and x;") is well defined
(%) b

since x," " =m0
Let a be an arbitrary positive number. Let i : Q N[0, 00] — [0, 1], h(r) =
a(™). Since T is continuous then A is continuous. Also, it is easy to check that

(B+%) (=) (%)
iy =T(zy" " zq"),
so we have

h(r+s) = a¥+s) = T(agf),agf)) < agf) = h(r),

so h is non-increasing. Moreover, h is strictly decreasing

h<m+2)_h(w> Sh(ﬂ“ﬁl)
n q nq nq

L (mat) L (ma)
() < (o) < ().

T T

Since h is monotone and continuous we can uniquely extend it to a real
function A : [0, 00] — [0, 1]

h(z) = inf{h(r) : 7 € QN [0, z]}.
Since T is continuous h(x + y) = T'(h(z), h(y)). We define
t(z) = sup{y € [0,00]h(y) > =} U {0}.

We observe that ¢ is the pseudo-inverse of h.
Then we obtain

T(x,y) = T(h(t(x), h(t(y)) = h(t(z) + t(y))

=t (1) +t(y)),

i.e., we have obtained the existence of the additive generator t.
To prove the uniqueness of ¢ let us suppose that there are two additive
generators t1,t2. Then we have

{0 (0 (@) + () =15V (ta(w) + ta(y)).
Let u = t3(x),v = ta(y). Then
tg_l)(h o té_l)(u) +t10 té_l)(v)) = tg_l)(u +v).

If u,v € [0,t2(0)] and u + v € [0,t2(0)] then
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trotS PV w) +t0ts Vw) =t 0tV (u+0),

ie., t; oty V) satisfies Cauchy’s functional equation F(u+v) = F(u) + F(v)
which has its solution F(x) = bx with b being a constant in (0, c0). Then
ty o t(fl)(x) = bx,x € [0,t2(0)]. Recall that = t2(y) and we get t1(y) =
bta(y), Yy € [0, 1], so t is unique up to a multiplicative constant and the proof
is complete. [

Theorem 2.32. (Representation of Archimedean t-conorms, e.g., Klement-
Mesiar-Pap [87]) For a continuous function S : [0,1]%> — [0, 1] the following
affirmations are equivalent:

(i) S is a continuous Archimedean t-conorm

(i1) S has a continuous additive generator, i.e., there is a continuous
strictly increasing s : [0,1] — [0,00], s(0) = 0, which is uniquely determined
up to a multiplicative constant such that for all z,y € [0,1] we have

S(a,y) = s (s(2) + s(y))-

We can write T" and S as

T(z,y) =t~ (min{t(z) +t(y), t(0)})

S(x,y) = s~ (max{s(x) + (), 5(0)})

Example 2.33. By considering t(x) = —Inx as additive generator we obtain
the t-norm T(x,y) = x -y (product t-norm).

By taking t(x) = 1 — x we obtain the Lukasiewicz t-norm T(x,y) =
max{z +y — 1,0}.

For Frank’s t-norm
s—1

the additive generator is

_[ chmr o os=1
vo={ it ey

2.4 Fuzzy Implications

Fuzzy implications were studied by several authors and their usefulness in
fuzzy inference systems makes them very important.
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Definition 2.34. (Fodor [58]) Let I : [0,1] x [0,1] — [0,1] be a function. If
the following conditions are fulfilled

I1: If x <y, then I(x,2) > I(y, 2), i.e., I is decreasing in its first variable;

12: If y < z, then I(z,y) < I(z,z2), i.e., I is increasing in its second
variable;

15: I(1,0) =0, 1(0,0) = I(1,1) = 1

then I is called a fuzzy itmplication.

Example 2.35. The operations I1(z,y) = max{l — z,y}
Iy(z,y) =min{l —z +y, 1} and

1 i z<Ly o

Is(z,y) = Vi o>y are fuzzy implications.

A fuzzy implication is often denoted by = — y.

Proposition 2.36. If I is a fuzzy implication and if N is a negation then
I'(z,y) = I(N(y),N(x)) is a fuzzy implication too.

Proof. The proof is left as an exercise. ]

Proposition 2.37. If I is a fuzzy implication then
(i) I(0,z) = 1,Vx € [0, 1];
(it) I(z,1) = 1,Vx € [0,1].

Proof. (i):
1= 1(0,0) < I(0,2) < 1(0,1).
Then it follows that I(0,z) =1 for any « € [0, 1], and also I(0,1) = 1.
(ii):
1=1(0,1) > I(z,1) > I(1,1) = 1.
Then I(z,1) =1,Vz € [0,1]. |
Definition 2.38. Let S be a t-conorm and N be a strong negation. Then
I(z,y) = S(N(z),y)
is called an S- implication.

Proposition 2.39. I(z,y) = S(N(z),y) is an implication.

Proof. Let us suppose that < z. Then N(x) > N(z) and then S(N(z),y)
> S(N(z),y), so I is decreasing in the first argument. The fact that I is
increasing in the second argument is obvious. We observe that

I(1,0) = S(N(1),0) = S(0,0) = 0,
1(0,0) = S(1,0) = 1 and I(1,1) = S(0,1) = 1. n

Example 2.40. (Kleene-Dienes) Let S = max, N(x) = 1 — x. Then the
associated S-implication is I(x,y) = max{l — z,y}.
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Example 2.41. (Reichenbach) Let S be the probabilistic sum, i.e. S(x,y) =
x+y—xy, and N(z) =1—x. Then I(x,y) = 1 —x + zy is the S-implication
associated to S.

Example 2.42. (Lukasiewicz) Let S(x,y) = min{x +y, 1} and consider the
standard negation. Then we obtain the S-implication I(z,y) = min{l — = +

y, 1}.

Remark 2.43. If I(x,y) is an S-implication then I(N(y), N(x)) is also an
S-implication.

Definition 2.44. Let T be a t-norm.
Ir(z,y) = sup{z|T'(z, 2) <y}
is called a residual implication (an R-implication).

Proposition 2.45. An residual implication I7 is an implication.

Proof. Let z1 < xy. Then T'(x1,z) < T(x2, 2),Vz € [0,1]. If 29 € {2|T(x2, 2)
< y} then zg € {2|T(21,2) <y}, i.e.,

{27 (22, 2) <y} € {2[T(21,2) < y}.
Then
Ir(xg,y) = sup{z|T(z2,2) < y}
<sup{z|T'(x1,2) <y} = Ir(z1,y).

The verification of the other properties of an implication is straight-
forward. -

Remark 2.46. We have Ir(x,x) = 1, Vo € [0,1]. Indeed, since Ir(z,z) =
sup{z|T(z, z) < z} and since T'(z,1) = z we have Ip(z,z) = 1.

Example 2.47. T = min gives the Gédel implication

1 if z<y
y if z>y

IT(xv y) = {
T = product gives the Goguen implication

if <y
if ©>y

Ip(z,y) = {

8 =

T = Lukasiewicz t-norm, gives the R-implication Ir(x,y) = min{l—z+y, 1}.
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2.5 Fuzzy Equivalence

Definition 2.48. (Fodor-Yager [61]) A function E : [0,1]> — [0,1] is a
fuzzy equivalence if it satisfies the conditions:

Ei1: E(z,y) = E(y,x).

E2: E(0,1) = E(1,0) = 0.

E3: E(z,z) = 1,Vz € [0,1].

Ej: If e <2’ <y <y then E(z,y) < E(2,y).

A fuzzy equivalence is often denoted by x +> y.

Theorem 2.49. (Fodor-Yager [61]]) The following statements are equivalent:
(a) E is a fuzzy equivalence.
(b) There exists a fuzzy implication I with the property I(xz,x) = 1,Vx €
[0,1] such that

E(r,y) = min{I(z,y), I(y,r)}.

(c) There exists a fuzzy implication I with the property I(xz,x) = 1,Vx €
[0,1] such that

E(z,y) = I(max{z,y}, min{z, y}).

Proof. (b)=(a). Let E(z,y) = min{I(x,y),I(y,z)}. Then we can easily
check the properties E1-E3. Regarding E4 we observe that if z < 2/ <9/ <y
then we have

Iy, z) < I(z,z) < I(z,y)

and so E(x,y) = I(y,z). Similarly E(z',y") = I(y',2'). Also, I(y',2') >
I(y',x) 2 Iy, x). Then E(z,y) < E(2',y).
(a)=-(b). We consider

_ 1 if <y
I(a:,y)—{ E(z,y) it z>y

Then [ is a fuzzy implication. We show that I is decreasing in the first
argument. Let z < z. If # < y then I(z,y) = 1 > I(z,y). If £ > y then
y < z < z and then

I('T’y) = E('T’y) > E(Zvy) :I('Z’y)

Now we prove that I is increasing in the second argument. Let y < z. If z > 2
then
I(z,y) = E(x,y) < E(x,2) = I(x, 2).

If ¢ < z then I(x,z) = 1 so I(z,y) < I(z,z). The boundary conditions for
the fuzzy implications can easily be verified.
Now we prove that

E(z,y) = min{I(z,y), I(y,z)}.
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Indeed, since

_ 1 it y<z
I(y’x){ E(y,z) = E(z,y) if y>uz

we observe that

 I(zyy) it z>y
E(x’y){ I(y,z) if z<y

Also, we observe that if x > y then

min{/(z,y), I(y,2)} = I(z,y).

Indeed, if z > y then

I(z,y) < I(y,y) < I(y, ).

The case © < y can be discussed in a similar way. If x = y then I(z,y) =
I(y,z) = 1.

The equivalence (b) <= (c) is obvious based on the fact that if z > y
then max{z,y} = ¢ and min{z, y} = y. Also, in this case

I(z,y) < I(y,y) < I(y,z)
and
E(z,y) = I(z,y) = I(max{x, y}, min{z, y}).
When x < y a similar reasoning applies. If x = y then

E(a,y) = I(z,y) = I(max{z, y}, min{z, y}) = L.

Example 2.50. The fuzzy equivalence x <>y = min{l —x+y,1 —y+x} is
derived from the Lukasiewicz t-norm.

2.6 Problems

1. Verify that the A-complement Ny (z) = ﬁ, A > —1, is a strong nega-
tion. Find a function ¢ : [0,1] — [0, 1]. Such that Ny (x) = ¢~ 1(1—¢(z)).

2. Prove that the product and the probabilistic sum:

Igy=2x-y
xSqy =z +y — xy.

is a t-norm and a t-conorm respectively. Decide whether they form a
DeMorgan triplet with the standard negation.
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. Prove that the Lukasiewicz operations

2Try=(x+y—1)VvO0
xSy = (r+y) ALl

are a t-norm and a t-conorm respectively. Decide whether they form a
DeMorgan triplet together with the standard negation.

. Show that the nilpotent minimum and nilpotent maximum are t-norm
and t-conorm respectively

cANyifet+y>1

vToy = { 0 otherwise

_Jaxvyifzr+y<1
w0y = { 1 otherwise ’
Decide whether they form a De Morgan triplet with the standard nega-
tion.

. Consider the fuzzy sets A, B : {1,2,...,10} — [0,1] defined as A(x) =

%+%?H§+%+%LH%+%+%+8+%PMQ:%+%+§+%+
95 408 + 14 85 4+ 824 & Calculate AT, B, AS.B, AT¢B, ASgB
where T7, ¢ and St ¢ stand for the Lukasiewicz and Goguen t-norms and
t-conorms.

. Consider the fuzzy sets A,B : Ry — [0,1] defined as A(z) = H%’
B(x) = 1(1)w. Calculate AT B, ASLB, AT¢B, AS¢B, where T, ¢ and
St,q stand for the Lukasiewicz and Goguen t-norms and t-conorms, and
graph them.

. Let us consider the fuzzy sets

0 if, T <2
x—2 :

== if 2<x<6
A@) =9 100 ¢ gor<10
10<x

=

O
—
=i

0 if, r <3
r—3 if 3<x<4
B(z) = 1 if 4<z<5
St it 5 < <7
0 if T<x

Calculate AT B, AS..B, AT¢B, ASqB, where Ty, ¢ and Sp, ¢ stand for
the Lukasiewicz and Goguen t-norms and t-conorms, and graph them.
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10.

11.
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Prove that Frank’s t-norm and t-conorm

P 1)(sY - 1
xiﬁyzzlogs<1+-£5——;)£%———l)

aSpy =1-(1-2)Tp(1 —y),
where s € (0,00) \ {1} verify the relation

zTry + xSpy =x +y.

Prove that the drastic product and sum are the least t-norm and the
greatest t-conorm respectively.

Prove that any t-norm 7" and any t-conorm S is distributive with respect
to V and A i.e.,

for any z,y,z € [0, 1].

Let us consider the fuzzy sets

0 if, T <2
222 §f 9<gp<T
_ 5 1 >
Al@) =9 1022 5 72,<10
0 if 10<x
0 if, T <3
r—3 if 3<z<4
B)={ 1 if 4<z<5
Tz if 5<x<7T
0 if T<x

Consider the fuzzy implications
Ii(z,y) = max{l — z,y}
and

1 if z<y
y if >y

(e = {

Calculate and graph I (A, B) and I3(A4, B).



12.

13.
14.
15.
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Consider the fuzzy equivalences

El = min{jl(way)’jl (y,x)}

and
E; = min{ls(z,y), l2(y,z)}

generated by the implications in the previous problem. Calculate and
graph F1 (A, B) and E5(A, B) based on the fuzzy sets considered in Prob-
lem [TT1

Prove that the implications in Example 2.35 are fuzzy implications.
Prove Proposition 2,30
Prove that the function in Example 2.50]is a fuzzy equivalence.

Find the fuzzy R-implication, S-implication and the associated fuzzy
equivalences that we can obtain starting from Goguen and Fodor-Perny
t-norm and t-conorm respectively.
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Fuzzy Relations

3.1 Fuzzy Relations

Definition 3.1. (Classical relation). A subset R C X x Y where X and Y
are classical sets, is a classical relation.

A classical relation can be characterized by a function R: X x Y — {0,1},

_f 1 if (z,y) €eR
R(z,y) = { 0 otherwise

Definition 3.2. (Fuzzy Relation, Sanchez [129], Di Nola-Sessa-Pedrycz-
Sanchez [{8], De Baets [7]) Let X,Y be two classical sets. A mapping
R: X xY —[0,1] is called a fuzzy relation. The number R(z,y) € [0,1]
can be interpreted as the degree of relationship between x and y.

Remark 3.3. A fuzzy relation can be seen as a fuzzy subset of the set X xY.
We denote by F(X xY) the family of all fuzzy relations between elements of
X and Y.

Example 3.4. R ="much greater than”

Lo if x>y

R(xay) = { 1+(1'*y)2

0 otherwise

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 339]
DOI: 10.1007/978-3-642-35221-8 3 (© Springer-Verlag Berlin Heidelberg 2013
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A fuzzy relation between elements in two finite sets X = {1, x2, ..., T, } and
Y ={y1,y2,...,yn} can be represented as a matrix

R(xlayl) R($13y2) R(l'layn)
R = R(x%yl) R(anyQ) R(I'Zayn)
R(l‘m, yl) R(-’Ihm y2) R(l‘m, yn)

Since fuzzy relations are themselves fuzzy sets, it is possible to perform fuzzy
set operations on them

N(R(.’L‘,y)) = R(m,y) =1- R(x,y),
(RVS)(z,y) = R(x,y) vV S(z,y),

(BAS)(2,y) = R(z,y) A S(x,y).
The inverse in a set-theoretic approach for a fuzzy relation would be
R™Y(z,y) = R(y, o),
i.e. the transpose. We can also consider t-norm and t-conorm operations
T(R, P)(z,y) = T(R(z,y), P(z,y)),

S(R7 P)(l‘,y) = S(R(l‘,y),P(.’L‘,y)),

where T, S are a t-norm and a t-conorm respectively.

3.2 Max-Min Composition

Definition 3.5. Let R € F(X xY) and S € F(Y x Z) be fuzzy relations.
Then Ro S € F(X x Z), defined as

RoS(z,2) = \/ R(z,y) AN S(y, 2),
yey

1s called the max-min composition of the fuzzy relations R and S.

Remark 3.6. The max-min composition is well defined being the supremum
of a nonempty bounded subset of real numbers.

If R € F(X x X) then we can define R? = RoR, and generally R" = RoR" 1,
n > 2.
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Let X = {z1,...,2,}, Y = {y1, ..., Ym }, and Z = {z1, ..., zp } be finite sets. If
R = (rij)i=1,.nj=1,..m € F(XXY),and S = (s;k)j=1,...mk=1,...p € F(Y X
Z) are discrete fuzzy relations then the composition T =
(tik)i=1,...mk=1,...p = R0 S € F(X x Z) is given by

ik = \/ Tij N Sjks
j=1

0.8 0.3
Example 3.7. If R = (0'3 0.7 0'2) and S = (O.l 0 ) then

Lo 09 0.5 0.6
0.3 0.3
ROS_(O.S 0.6)'

Proposition 3.8. (i) The max-min composition is associative, i.e.,
(RoS)oQ=Ro(S0Q),

where Re F(X xY), Se F(Y x Z) and Q € F(Z x U).
(i1) Let Ri,Re € F(X XY ) and Q € F(Y x Z). If Ry < Ry then

RioQ < Ry0Q.

Proof. The proof of (i) is left to the reader.
(i)
Ri0Q(z,2) = \/Rlxy ANQ(y,2)

yey

<V Ra(2,9) AQ(y, 2) = Ro 0 Q(, 2).

yey

Proposition 3.9. For any R,S € F(X xY) and Q € F(Y x Z) we have
(i) (RVS)oQ = (RoQ)V(SoQ)
(i) (RNS)oQ < (RoQ)A(S0Q).

Proof. (i) We prove the equality by double inclusion.

(RV8)oQ(x,2) = \/ (RVS)(x,y) A Qly, 2)

yey

=\ (B(z,9) AQ(y,2)) V (S(z.y) AQ(y, 2))

yey

< \/ (R(z,9) AQ(y,2)) v \/ (S(z,y) A Q(y, 2)),

yey yey
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(RVS)oQ < (RoQ)V (S0 Q).

On the other hand, from the previous proposition we have Ro@Q < (RV.S)oQ
and So @ < (RV S)oQ, and then

(Ro@Q)V(SoQ) < (RVS)oQ.

Combining the two inequalities, the required conclusion follows.
(ii) We have

(RAS)0Q(x,2) = \/ (RAS)(x,y) A Qly, 2)

yey

=V (R(z,y) A Q(y,2)) A (S(x,y) A Q(y, 2))

yey

<V By AQ.2) A\ (S(,y) AQy, 2))

yey yey

=(RoQ)A(ScQ)(z,2).

[
Remark 3.10. FEquality in (i) does not hold. Indeed, if we consider R =
0N G (O o (V1Y e rasyoo— (00
11 )7 11 )% 11 n 11
while (Ro Q) A (So Q) = ( -

3.3 Min-Max Composition

Definition 3.11. (e.g. Nobuhara-Bede-Hirota [I18]) Let R € F(X xY) and
SeF(Y xZ). Then Re S € F(X x Z), defined as

ReS(z,2) = J\ R(z,y)V S(y,2)

yey

1s called the min-max composition of the fuzzy relations R and S.

0.8 0.3
Example 3.12. If R = (013 0(')7 8;) and S = (O.l 0 ) then

0.5 0.6
05 0.3
R’S_<0.1 0 )
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Proposition 3.13. (i) The min-max composition is associative, i.e., for any
ReF(X xY),SeF(Y xZ) and T € F(Z x U) we have

(ReS)eT =Re(SeT).
(ii) Consider Ry, Ry € F(X xY), Q€ F(Y x Z). If Ry < Ry then
RieQ < RyeQ.
Proof. The proof is left to the reader as an exercise. ]
Proposition 3.14. For any R,S € F(X xY) and T € F(Y x Z) we have
(i)) (RANS)eT =(ReT)A(SeT).
(it) (RVS)eT > (ReT)V (SeT).

Proof. The proof of the proposition is similar to the corresponding result in
the max-min composition case and is left as an exercise. [

11
01 0 0 11 .
(1 1>,T—(0 0)th6n(R\/S)0T—(l 1>whzle(RoT)\/(So

0 0
T) = ( 00 )
Proposition 3.16. If we consider the standard negation we have Ro S =

ReS and ReS=RoS.
Proof. We observe that

Remark 3.15. Equality in (ii) does not hold. Indeed, R = < Lo >, S =

m(x,z) = \/ R(m,y) A S(y’z) = /\ R(m,y) A S(y’z)

yeyY yeYy

= A R@.y)V S(y,2) = ReS(a.2).
yey

The equality Re S = Ro S. can be obtained in a similar way. ]

Remark 3.17. The min-max composition can be naturally generalized to
min-t-conorm compositions

Reg P(x,z) = /\ R(x,y)SP(y,z),

yey

where S is an arbitrary t-conorm.
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3.4 Min — Composition

Let — be the standard Goédel implication defined as

1 if z<y

x—y=sup{z € 0,1z Az <y} = { y otherwise

Proposition 3.18. For any x,y,z € [0,1] we have
(i) (xVy) = z=(x— 2)A(y = 2).
(i) (xANy) = z=(z— 2)V(y = 2).
(it)) . = (yVz)=(x = y)V(x— 2).
(i) = (yAz)=(x—=y)A(x— 2).
(v) xA(z—y)<y.
(vi) x — (x ANy) > y.
(vii) (x = y) =y > x.

Proof. (i) Case 1. If zVy < z then (zVy) — z =1 and also we have z < z
and y < z. Then (zx > 2)A(y = 2)=1A1=1.

Case 2. If xVy > z then (x Vy) - z=zand x > z or ,y > z so we have
(x = z)=zor (y—z2)==zandthen (z = 2) A (y — 2) = z.

(ii) Case 1. If Ay < z then (x Ay) — z = 1. Also, we have either
r < z or y < z in which case either xt — 2 = 1 or y - z = 1 and so
(x—=2)V(y—2) =1

Case 2. If z Ay > z, then (x Ay) = z = z. Also, if (x Ay) > 2z then both
z>zandy>zandez —z=zandy — z = z.

(iii) Case 1. If © < (y V z) then z — (y V z) = 1. Also we have either z < y
orx<zandsorx—o>y=lorz—z=1.

Case 2. Otherwise ¢ — (y V z) =y V z and we have > y and = > z and
r—y=yandz —>z=2z Then (r - y)V(r - 2)=yV =z

(iv) The proof is left as an exercise to the reader.

(v) Case 1. f e <y thenz A (z wy)=axAl=2<y.

Case 2. Otherwise z A (z > y) =x Ay =y.

(vi) Case 1. If t <y thenz = (zAy) =2z —>x=1>y.

Case 2. Otherwise when > y then we have z — (x Ay) =2z >y =y.

(vii) The proof is left as an exercise to the reader. ]

Definition 3.19. The min— composition can be defined as:
RaS(z,z)= N R(z,y) = S(y,2).
yey

Often in the literature (see e.g. De Baets [42)]) it is called subcomposition and
a dual operation is considered as
R S(z,2) /\Sy, — R(x,y)
yey

called the supercomposition. The relation between the two is given by the
next proposition.



3.4 Min — Composition 39

Proposition 3.20. For Ry € F(X xXY) and Ry € F(Y x Z) we have

(i) Ri<aRy = (Ry' > Ry

(ii) Ry > Ry = (Ry* < Ry M) ™1
Proof. The proof is left to the reader as an exercise. [
In the present work we will mainly use the subcomposition and we call it
simply min— composition.
Proposition 3.21. If R,S € F(X xY) and Q € F(Y x Z) are such that
R < S then R14@Q > S5<Q.

Proof. Since — is decreasing in the first argument we have

RaQ(z,z) = /\ R(z,y) = Q(y,2)

yey

> N\ S(@,y) = Qy,2) = RaS(w,2).

yeyY

Proposition 3.22. For any R, S € F(X xY) and Q € F(Y x Z) we have
(i) (RVS)<Q=(RaQ)N(5<Q).
(i) (RAS)9Q = (RaQ) V (54Q).

Proof. (i) From the previous proposition we have (RV S)<@Q < R< @ and
(RV S)<Q < S<Q and then

(RVS)aQ < (R1Q) N (54Q).

Also, from Proposition BI8 (i)

(RVS)aQ(z,2) = \\ (R(z,y) V S(x,y)) = Qy, 2)

yey

= N\ (R(z,y) = Q(y, 2)) A (S(z,y) = Q(y,2))

yey

> N\ (R(z,y) = Qy,2) A N\ (S(,y) = Q(y, )

yey yey

— (R4Q) A (S 1Q)(x,2).

(ii) Similar to (i) we have (RAS)<Q > R<Q and (RAS)<Q > S<Q
and then
(BRAS)aQ = (RaQ)V(54Q).
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3.5 Fuzzy Relational Equations with Max-Min and
Min — Compositions

We consider the following two fuzzy relational equations
RoP=Q

and
RaP=Q

with Re F(X xY), Pe F(Y x Z) and Q € F(X x Z).

Theorem 3.23. The following inequalities hold true:
(i) P< R '<(RoP);
(i) Ro (R 4Q) < Q;
(iii)) R< (P<a(RoP)~H)~1
(iv) (PaQ 1)1 o P< Q.

Proof. (i) Using Proposition B.I8 (vi) we have for every y € Y and z € Z,

R <a(RoP)(y,2)= /\ R (y,x) = (Ro P)(x,2)
zeX

= \ B '(y,2) > \/ R(z,t) A P(t,2)

reX tey

> A R(z,y) = R(z,y) A P(y,2) > J\ P(y,2) = P(y,2).
rzeX rzeX

(ii) From Proposition BI8 (v) we obtain for every x € X and z € Z

Ro(R™'aQ)(w,2) \/ny R <aQ)(y, 2)

yey

=\ R@y) AN\ R (y.t) = Q(t,2))

yey tex
< \/ R(z.y) A (R(z,y) = Q(z,2)) < \/ Qz,2) = Q(z,2).

(iii) We have for every z € X andy € Y

(P<(RoP)™)Hz,y) = Pa(RoP) ! (y,z)

— N\ Py.2) = (Ro P)"'(z,2)

z2€Z
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= A\ P(y,2) = \/ R(z,t) A P(t,2)

z€Z tey

> N\ Py,2) = R(z,y) AP(y,z) > \ R(z,y) = R(z,y).
z€Z z2€Z

(iv) The proof of (iv) is similar to that of (iii), and it uses Proposition

BI’ n

Theorem 3.24. (Sanchez [129]) (i) Consider the equation Ro P = Q with
unknown P. The equation has solutions if and only if R~ 1 Q is a solution
and in this case it is the greatest solution of this equation.

(ii) Consider the equation R o P = @Q with unknown R. The equation has
solutions if and only if (P <Q ™)~ is a solution and in this case it is the
greatest solution of this equation.

Proof. (i) “<” If P = R~'<Q is a solution of the equation Ro P = @ then
the equation possesses solutions.

“=" Let us suppose now that the equation R o P = @ has a solution
denoted by P. Then by Theorem B.23] (i) we have

P<R'<a(RoP)=R'<«Q,

ie., R~' aQ is greater than or equal to any solution P of the equation
RoP=Q.
To show that R~ < Q is a solution we use double inclusion. By Theorem
B23 (ii) we know
Ro(R™'4Q)<Q.
On the other hand since P < R™! 4 Q and since o is increasing in its second

argument, we have
Ro(R"'<Q)>RoP=Q.

Combining the two inequalities we get Ro (R™1<1Q) = Q, ie., R"!<Qis a
solution and moreover, it is the greatest solution.
(ii) The proof of (ii) is similar. ]

Example 3.25. Let us consider the fuzzy relational equation

0.3 0.2 04 03 04 04
0.1 03 05 JoP=| 03 05 05
0.5 04 0.6 0.3 0.5 0.6

Then
03 1 1
R'«Q=103 1 1],
03 05 1
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and since
03 02 04 03 1 1 03 04 0.4
01 03 05 Jo| 03 1 1 =| 03 05 05 |,
0.5 04 0.6 03 05 1 0.3 0.5 0.6

then R™1 < Q is a solution of the equation. From the previous theorem it
follows that it is the greatest solution of the given equation.

Theorem 3.26. The following inequalities hold true:

(i) (QaP~ 1) aP > Q;

(ii) (R<P)<aP~! > R;

(iii) R~'o (R< P) < P;

(iv) R<(R"10Q) > Q.
Proof. (i) Using Proposition BI8 (vii), and taking into account that — is
decreasing in its first argument we have

(QaP ™Y aP(z,2)= \ (QaP ") (a,y) = Ply, 2)

yeY

= A\ (A Q1) = P(y,t) = P(y,2)

yeyY tez

> A (@Q,2) = Py,2) = Ply,2) > |\ Q2) = Qla, 2).
yey yey
(i), (iil), (iv) The proofs of these properties are similar and they are using
the results in Proposition [3.1§ ]

Theorem 3.27. (Miyakoshi-Shimbo [112]) (i) Consider the equation R<P =
Q with unknown R. The equation has solutions if and only if Q <P~ ' is a
solution and in this case it is the greatest solution of this equation.

(ii) Consider the equation R< P = Q with unknown P. The equation has
solutions if and only if R=' o Q) is a solution and in this case it is the least
solution of this equation.

Proof. (i) “<” Obvious.
“=" Let us suppose now that the equation R <« P = @ has solution R.
Then by Theorem [3:26] (ii) we have

R<(R<P)<P'=QaP .

i.e., @ < P! is greater then any solution R.
By Theorem .28 (i) we know that

Q<(Q<P HaP
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On the other hand since R < @Q < P~! and since < is decreasing in its first
argument, we have

Q=RaP>(Q<aP HaP
Combining the two inequalities we get Q = (Q < P~1) < P.
(ii) “<” Obvious.
“=” Let P be a solution of R< P = Q. Then by Theorem 326 (iii),
P>R‘'o(R<P)=R'0Q,

i.e., R™1 0@ is less then any solution P.
Also, by Theorem (iv)

Q<Ra(R'0Q)

since P > R~! <@ and taking into account that < is increasing in its second
argument we have

Q=RaP>Ra(R'0Q)
and we get Q = R<1(R™10Q). [ ]

Example 3.28. Let us consider the fuzzy relational equation

0.3 0.2 0.4 0.3 04 0.4
0.1 03 05 |<«P= 1 06 0.5
0.5 04 0.6 0.5 05 0.6
Then
0.5 0.5 05
R1'oQ=| 04 04 04
0.5 05 0.6
Since
0.3 0.2 0.4 0.5 0.5 0.5 1 1 1
0.1 03 0.5 < 0.4 04 04 = 1 1 1
0.5 0.4 0.6 0.5 0.5 0.6 0.5 05 1

s not a solution of the equation, by the preceding theorem it follows that the
equation has no solutions.

3.6 Max-t-Norm Composition

Definition 3.29. The max-min composition can be naturally generalized to
maz-t-norm compositions

Rop P(z,2) = \/ R(z,y) T P(y,z2),
yeYy

where T is an arbitrary t-norm.
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Proposition 3.30. (i) The maz-t-norm composition is associative, i.e.,
(Rop S)or Q= Ror (SorQ),

foranyRe F(X xY), Se F(Y xZ) and Q € F(Z x U).
(ZZ) ]fR1 SRQ then
Rior Q< Ryor@Q
for any R1,Re € F(X XY) and Q € F(Y x Z).

Proof. Since the t-norm T is increasing we have

z€Z \yeYy

(Ror S)or Q(z,u) = \/ (\/ R(z,y) T S(y,z)) T Q(z,u)

=\ V R(z,9) T S(y,2) T Q(z,u) = Ror (Sor Q)(x,u).

zEZ yey
(ii) The proof of (ii) is based on the fact that T is increasing in both of its

variables. [ ]

Proposition 3.31. For any R,S € F(X xY), Q € F(Y x Z) and any
t-norm T we have

(1) (RVS)or @ = (Ror Q) V (SorQ)
(ii) (RAS)or Q < (Ror Q) A (Sor Q).

Proof. (i) Since T is distributive with respect to V we have

(RVS)or Q(x,2) = \/ (RVS)(z,y) T Q(y, 2)

yey

<\ (R(e.9) T Q.2) v \/ (S(e.y) T Q(y.2)).

yey yey

Also, Ror Q@ < (RV S)or @ and Sor @ < (RV S)or @, and then
(Ror Q) V (Sor Q) = (RVS)orQ.

(ii) Is left to the reader as an exercise. ]

3.7 Min —¢ Composition

Let T be an arbitrary continuous t-norm and —7 be the R-implication defined
as
x—=rpy=sup{zla T z < y}.
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Proposition 3.32. For any x,y, z € [0,1] and for any t-norm T the residual
implication =1 has the following properties:

(i) 2T (x =1 y) <y.

(i) x =1 (zTy) > y.

(iti) (x =1 y) =1y > T.

Proof. (i) We have
2T (x =7 y) = T sup{z|zTz < y}.

Let now € > 0 arbitrary. Then there exist a 29 € {z|2Tz < y} such that
=7y < zg + €. Then

2T (x =7 y) < 2T (20 +€).
Since T is continuous this implies
2T (x =7 y) < aTz.

Now, the condition zg € {z|zTz < y} implies Tz9 < y, and then we get
aT(z =7 y) <y.
(ii) Tt is easy to observe that y € {z|2Tz < 2Ty} and so,

x = (aTy) = sup{z|zTz < 2Ty} > y.
(iii) To prove the last inequality we observe that
(x =7 y) =1y =sup{z|(z 217 y)T2 <y}

Using now (i) we have (x —¢ y)Tx < y and then x € {z|(x =1 y)Tz < y}.
Then (z =7 y) 21y > x. [

Definition 3.33. The min—r composition can be defined in a similar
way as the min — composition:

Rar S(z,z) = /\ R(z,y) =1 S(y, 2)
yey

Proposition 3.34. If R, S € F(X xY) are such that R < S and if Q €
F(Y x Z) then R<p Q > S<Q.

Proof. The proof is left to the reader. [

3.8 Fuzzy Relational Equations with Max-t-Norm and
Min —; Compositions

Fuzzy relational equations with max-t-norm or min —7 compositions can be
studied in a similar way as the equations above.
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We consider the following two fuzzy relational equations with max-t-norm
and min —7 compositions

ROTP:Q

and
R«ar P = Q

with Re F(X xY),Pe F(Y x Z) and Q € F(X x Z).
Theorem B.23] can be generalized as follows.

Theorem 3.35. The following inequalities hold true:
(Z) P < R_l r (ROT P),
(ii) Rop (R~1<r Q) < Q;
(iii)) R < (P<r (Rop P)~1)~1
(iv) (P<r Q V) Lop P<Q.

Proof. First let us observe that since —r is a fuzzy implication, it is de-
creasing in the first argument and increasing in the second argument.
(i) Using Proposition B:32] (ii) we have for y € Y and z € Z,

R~ ar (Rorp P)(y,2) = N\ R'(y,2) »r \/ R(z, )T P(t,2) >
rzeX teyY
rzeX xeX

(ii) From Proposition BI8 (i) we obtain

Ror (R} ar Q)(x, 2) \/ny /\R t) =7 Qt,2)) <

yey tex
< \/ R(z,y)T(R(z,y) =1 Q(x, 2) \/ Q(z, 2) ,Z).
yey yey
(iii), (iv) The proofs of (iii) and (iv) are similar to those of (i), (ii). ]

Theorem 3.36. (Sanchez [129], Miyakoshi-Shimbo [112]) (i) Consider the
equation Rop P = @ with unknown P. The equation has solutions if and only
if R™1 <ar Q is a solution and in this case it is the greatest solution of this
equation.

(i1) Consider the equation Rop P = Q with unknown R. The equation has
solutions if and only if (P <Q~1)~1 is a solution and in this case it is the
greatest solution of this equation.

Proof. The proof of this theorem is similar to that of Theorem [3.24] [
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Theorem 3.37. The following inequalities hold true:

(i) (Q<r P~ )ar P> Q;

(ii) (R<r P)<r P~' > R;

(i5i) R~ op (R <r P) < P;

(iv) Rar (R~ or Q) > Q.
Proof. (i) Using Proposition B:32 (iii), and taking into account that — is
decreasing in its first argument we have

(Q<r P™Y) <ar P(x,2) = /\ (/\ Q(z,t) =1 P(y,t)) =r Py, z) >
yey teZ

> A (Q(,2) =1 P(y,2) =1 Py, 2) > N\ Qx,2) = Q(x, ).

yey yeyY

(ii), (iii), (iv) The proofs of these properties are similar to the previous

reasoning. [ |

Theorem 3.38. (Miyakoshi-Shimbo [112]) (i) Consider the equation R <p
P = Q with unknown R. The equation has solutions if and only if Q <7 P~}
18 a solution and in this case it is the greatest solution of this equation.

(ii) Consider the equation R<p P = Q with unknown P. The equation has
solutions if and only if R~ op Q is a solution and in this case it is the least

solution of this equation.

Proof. The proof follows the ideas in the proof of Miyakoshi-Shimbo
Theorem [3.27] -

3.9 Problems

1. Consider the fuzzy relations

0.1 04 0.2 05
R= 0 02 03 04
04 0.5 02 0.1
1 03 03 0
and
0.3 0.3 0.2 0.1
. 06 05 0 0.2
Q= 02 0.1 04 0.1
04 0.1 0.2 0.5

Calculate RoQ, Re Q, R<Q, R> Q.
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2.

© »® N o s

10.
11.

12.
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Given
0.1 04 02 04

R= 04 0.5 0.2 0.1
0.8 03 0.6 0.2
and
0.3 0.1 0.2
Q=1 05 0.1 05
0.3 0.2 0.6

decide whether the equation Ro P = @ does or does not have a solution.
If the answer is yes, find the greatest solution.

Given
0.1 04 02 04

R=| 04 05 02 0.1
0.8 0.3 0.6 0.2

and
0.3 0.1 0.2

Q=1 05 01 05
03 02 0.6

decide whether the equation R< P = @ does or does not have a solution.
If the answer is yes, find the least solution.

Prove Proposition BI8 (iv) and (vii)
Prove Proposition

Prove Theorem B:23] (iv)

Prove Theorem [3.24] (ii)

Prove Theorem B26 (ii), (iii), (iv).
Prove Proposition B.311

Prove Proposition [3.341

Consider the fuzzy relational equation Re P = . Find a solvability con-
dition and find a solution of this equation, supposing that it is solvable.

Let R € F(X x X) be a fuzzy relation. Let us consider the eigen fuzzy
sets equation Ro A = A, with A € F(X). Prove that the equation has a
least and a greatest solution and these can be calculated as
Al = lim R"o @
n—oo

and
Ay = lim R"o X.

n—oo

Hint: Use Tarski-Knaster and Kleene’s fixed point theorems (see
appendix).
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14.

15.

16.
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Let R € F(X x X) be a fuzzy relation. Let us consider the eigen fuzzy
sets equation Re A = A, with A € F(X). Prove that the equation has a
least and a greatest solution.

Given R € F(X x X) we consider the convex combined composition
defined as
R+ A=XARoA)+(1—-X)(ReA),

with A € F(X). Prove that the equation has a least and a greatest
solution.

Generalize problems [[2] [I3] 4] to the case of max-t-norm composition
R o7 A, min-t-conorm R eg A and convex combined composition

Rxp A= ARop A)+ (1 =N (Rer A).

Let R € F(X x X) be a fuzzy relation. Consider the eigen fuzzy sets
equation with min — composition R<1 A = A, A € F(X). Investigate
existence and the structure of solutions of this equation.



4
Fuzzy Numbers

4.1 Definition of Fuzzy Numbers

Fuzzy numbers generalize classical real numbers and roughly speaking a fuzzy
number is a fuzzy subset of the real line that has some additional properties.
Fuzzy numbers are capable of modeling epistemic uncertainty and its prop-
agation through calculations. The fuzzy number concept is basic for fuzzy
analysis and fuzzy differential equations, and a very useful tool in several
applications of fuzzy sets and fuzzy logic.

Definition 4.1. (see e.g., Diamond-Kloeden [[]|]]) Consider a fuzzy subset
of the real line u : R — [0,1]. Then u is a fuzzy number if it satisfies the
following properties:

(i) w is normal, i.e. Jxg € R with u(zg) = 1;

(i1) w is fuzzy convex (i.e. u(tx + (1 —t)y) > min{u(z),u(y)}, Vt € [0,1],
z,y €R);

(i1i) w is upper semicontinuous on R (i.e. Ye >0 30 > 0 such that u(x) —
u(zo) < e, |z —x0| < 9).

(iv) u is compactly supported i.e., cl{x € R; u(x) > 0} is compact, where
cl(A) denotes the closure of the set A.

Let us denote by Rx the space of fuzzy numbers.

Example 4.2. The fuzzy set u: R — [0,1],

0 if <0

3 if 0<zx<1
B =0 (2P if 1<az<2

0 if x>2

is a fuzzy number. See figure[J.1]

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 51-64]
DOI: 10.1007/978-3-642-35221-8 4 (© Springer-Verlag Berlin Heidelberg 2013
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o
|

0.9
0.8
0.7
0.6

= -
Z05

Fig. 4.2 Example of a fuzzy number and its core

Example 4.3. The fuzzy set

0 if <0
a3 if 0<xz<1
u(z) = 1 if 1<x2<15
(25—xz)* if 1.5<x<25
0 if  x>25

in Figure[{. is a fuzzy number as well.

Example 4.4. The fuzzy set represented in Figure[f.3 is not a fuzzy number
since it is not fuzzy conver.
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0.5

A(x)

0.4 -
0.3
0.2 |

0.17

wt+——r-—"—m——r——r——
0.0 05 1.0 15 2.0 25

=03

0.0 ‘ 0.1 ‘ 0.2 ‘ 0.3 ‘ 04 ‘ 0.5 ‘ 0.6 ‘ 0.7 ‘ 0.8 ‘ 0.9 ‘ 1.0
Fig. 4.4 A singleton fuzzy number
Remark 4.5. Obviously any real number is also a fuzzy number, i.e., R C
Rx. Here R C Rr is understood as
R= {X{z}; x is usual real number} .

X{z} 18 a singleton fuzzy number for any given real number x € R and it can
be identified with x € R (see Figure[{-]))

Also, fuzzy numbers generalize closed intervals. Indeed, if I denotes the set
of all real intervals, then I C Rz, where
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1.0
0.9 ;
0.8
0.7
0.6
0.5
0.4
0.3
0.2

0.1

0.0 T T T T T T T 1
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fig. 4.5 Example of a closed interval interpreted as a fuzzy number

I= {X[a,b]§ [a,b] is a usual real interval}

(see Figure A.3l).

Definition 4.6. For 0 < r <1, we denote
ur = {z € Ryu(z) > r}
and
uo = cl{x € R; u(z) > 0}.

Then w, will be called the r—level set of the fuzzy number u. The 1-level
set is called the core of the fuzzy number, while the 0-level set is called the
support of the fuzzy number.

The following Theorem is known as the Stacking Theorem.

Theorem 4.7. (Stacking Theorem, Negoita-Ralescu [T15]) If u € R is a
fuzzy number and w, are its level-sets then:

(i) uy is a closed interval u, = [u, ,u}], for any r € [0,1];

(i) If 0 < ry <19 <1, then up, C uy,.

(#ii) For any sequence 1y, which converges from below to r € (0, 1] we have

o0
M i, = tr.
n=1

(iv) For any sequence r,, which converges from above to 0 we have

cl (G urn> = ug.
n=1
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Proof. (i) Let us first remark that all the sets u, are nonempty and bounded
since u; # @ and because ug is bounded (a compact set in R is closed and
bounded). Let u be a fuzzy number and r € (0,1]. If a,b € u,, then u(a) > r
and u(b) > r. Then from the fuzzy convexity, if € [a, b] we get

u(z) > min{u(a),u(b)} = r,

i.e., z € [a,b]. As a conclusion u contains any closed interval [a, b] together
with the points [a, b] this means that w,. is convex. All is left to be proven is
that u, is closed. Upper semicontinuity implies that if u(xg) < r then there is
an open interval W with xo € W such that u(x) < r, Vo € W. It immediately
follows that the set {z|u(z) < r} is open and then it has a closed complement,
i.e., u, is closed. On the real line, closed convex sets are closed intervals so
uy, is a closed interval for any r € [0, 1].

(ii) It is easy to check that (ii) holds. Indeed, if 0 < 71 < ry < 1 then if
Z € Uy, then u(x) > rq > r; and so, € uy,. If 11 = 0 or 9 = 0 then the
proof of (ii) is immediate.

(iii) Let r, 7 be non-decreasing. Then u,, C wu,,_,, is a descending
sequence of closed intervals w,, = [u;. ,u] ]. Then it is easy to see that

T
u, ,u} converge, in which case let u, — a, u — b and

[a,b] = ﬁ U, -
n=1

We have to prove that u, = [a, b]. For a given x € [a, b] we have
u(z) > min{u(a), u(b)}.

So, it is enough to show that u(a) > r and u(b) > r. Suppose that u(a) < r,
then since wu is upper semicontinuous, there is a neighborhood W of a, such
that u(x) < r. This implies the existence of a rank N € N with u(u,. ) < r for
any n > N. Then since r,, — r we obtain that there exists n € N such that
u(u,, ) < rp which is a contradiction. Then it follows that u(a) > r. Similarly
we can show that u(b) > r so, u(z) > r and then [a,b] C u,. Form (ii), we
have u, C u,, and it implies u, C [a,b]. Then finally we get u, = [a,b], i.e.,

o0
M i, = tr.
n=1

(iv) For (iv) we observe that the inclusion

o0
U Uy, C Ug

n=1

is straightforward. Since wg is closed we get

oo
cl (U urn> C uop
n=1
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Reciprocally, = € ug implies that there is a sequence
xn € {x €R; u(z) > 0}

that converges to x. Without loss of generality we may assume that

oo
Tp € Up, C U U, -

n=1

rEcl (D ur") .
n=1

The two inclusions lead to the required conclusion. [

Then we obtain

The endpoints of the r-level set u, are given by u;” = inf u, and u} = supu,..
Then also u, = [u,,u]. (See Figure ).

4.2 Characterization Theorems for Fuzzy Numbers
The following theorem is Negoita-Ralescu characterization theorem, and it is
the reciprocal of the stacking theorem.

Theorem 4.8. (Negoita-Ralescu characterization theorem, Negoita-
Ralescu [115]) Given a family of subsets {M, : r € [0,1]} that satisfies con-
ditions (i)-(iv)

(i) M, is a non-empty closed interval for any r € [0, 1];

(i) If 0 < r1 <19 <1, we have M,, C M,,;

(#ii) For any sequence 1, which converges from below to r € (0, 1] we have

oo
m Mrn = M;;
n=1

(iv) For any sequence r,, which converges from above to 0 we have

cl (D Mrn> = Mo.
n=1

Then there exists a unique u € Rg, such that u, = M,, for any r € [0, 1].
Proof. Let M, fulfill the properties (i)-(iv). Then by defining

() = 0 itz ¢ Mo
| sup{re0,1]jlzre M,} if xe My’
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we obtain a fuzzy number (i.e., u is a normal, fuzzy convex, upper semicon-
tinuous and compactly supported fuzzy set). The level sets of u are u, = M,.,
r € (0,1] and ug C My. Now we prove these statements step by step.
“Normal:” Since M is nonempty, for € M; we have u(zo) = 1, for some
rg € My, so u is normal.
“Fuzzy Convex:” In order to prove fuzzy convexity we consider now a fixed
element in a fixed interval x € [a,b] C M. Suppose that

u(a) =rq, = sup{rja € M, }

and
u(b) = r, = sup{r|b € M, }.

Suppose that 7, < rp. Then from (ii) we have M,, C M, sob € M,, C M,,.
Now since both a,b € M, and since M, are closed intervals it follows that
[a,b] C M, . Then

u(z) > rq = u(a) = min{u(a), u(d)}.
A symmetric reasoning can be followed in the case when r, > 7.

“u, = M,” Now let us prove that u, = {z|u(z) > r} = M, by double
inclusion. Let 7o € (0, 1] be fixed and « € M,,. Then ro € {r|z € M,}. Then

u(z) = sup{r|le € M,} > rg

and this implies x € u,,. So, we have obtained M,, C u,,. For the symmetric
inclusion we consider € uy,, i.e., u(z) > ro. Now let us suppose that strict
inequality u(x) > ro holds. Then sup{r|z € M, } > ro and there exists 1 > rg
with @ € M, . Since M,, C M, according to (ii), we obtain x € M,, which
completes the reasoning in this case.
If we suppose
u(z) = ro = sup{rjz € M, }

then there exists a sequence r, that converges from below to rg such that
x € M, ,n > 1. From (iii) we have

(oo}
ze () M, =M,
n=1

As a conclusion we obtain u,, C My,. So, up, = My,.

“Upper semicontinuity:” Since w, = M, are closed according to (i) we
have the complement of u,, that is R\ u, = {z|u(zx) < r} an open set. This
implies that u is upper semicontinuous.

“Compact support:” It is easy to observe that

ug = cl{z|u(z) >0} =l U {zlu(z) > r,} =cl U M,

n=1 n=1
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is closed and we have uy = Mj. Finally we obtain that ug is a bounded subset
of the real line. Then, it is compact and the proof is complete. ]

The following pair of Theorems is due to Goetschel and Voxman [74] and
it gives another representation of a fuzzy number as a pair of functions that
satisfy some properties. The representation provided by this theorem is called
the LU (lower-upper) representation of a fuzzy number.

Theorem 4.9. (LU-representation, Goetschel-Voxman [T]]) Let u be a fuzzy
number and let u, = [u, ,u}] = {z|u(z) > r}. Then the functions u=,u™ :
[0,1] — R, defining the endpoints of the r—level sets, satisfy the following
conditions:

(i) u=(r) = u, € R is a bounded, non-decreasing, left-continuous function
in (0,1] and it is right-continuous at 0.

(ii) ut(r) = u} € R is a bounded, non-increasing, left-continuous function
in (0,1] and it is right-continuous at 0.

(i) uy < ui.
Proof. For a given u € Rx, and given 0 < r; < ry < 1, from the stacking
theorem we obtain u,, C u,,. Then we have

Up, S g, Sup Sl < <,

Vri,72, 0 < rp < 79 < 1 which implies immediately the monotonicity prop-
erties and (iii). Left continuity at r € (0, 1] follows from property (iii) of the
Stacking theorem. Indeed, let ro € (0, 1] be fixed and r,, converging from be-

low to rg, i.e., 7, T ro. Then from the property (iii) of the Stacking Theorem
we obtain

which immediately implies u,. — . and u;” L= u;“o, i.e., both functions are
left continuous at arbitrary ro € (0, 1]. In order to prove right continuity at 0
we consider 7, | 0, a sequence that converges from above to 0. We have

ug = c{z|u(zx) > 0} =l U {zlu(z) >r,} =d (U ur> .

n=1 n=1

Since ug is compact then it is closed and bounded and we get u,. — uy and
u;rn — ug, which implies right continuity at 0. ]
The reciprocal of the LU-representation is the Goetschel-Voxman character-
ization theorem.

Theorem 4.10. (Goetschel-Vozxman [7])]) Let us consider the functions u™,u™ :
[0,1] — R, that satisfy the following conditions:

(i) u=(r) = u, € R is a bounded, non-decreasing, left-continuous function
in (0,1] and it is right-continuous at 0.



4.3 L-R Fuzzy Numbers 59

(ii) ut(r) = u} € R is a bounded, non-increasing, left-continuous function
in (0,1] and it is right-continuous at 0.

(iii) uy < uf.

Then there is a fuzzy number u € Ry that has u, ,u} as endpoints of its
r—level sets, u,.

Proof. We will prove that the sets M, = [u, ,u,}] satisfy the conditions
in Negoita-Ralescu characterization theorem and then this family of subsets
defines a fuzzy number u € Rx. From the monotonicity properties and from
(iii) we immediately obtain u,. < u; < up < uf < u, < wf and this
implies M, = [u, ,u;"] are non-empty, closed intervals and that M,, C M,,,
for any r; < rs. Let us consider now a sequence r,, which converges from below
to r € (0,1]. Then from the left continuity properties we obtain u. — wu,
and w7 — u and then we have

o0
ﬂ M,, = M,.
n=1

From the right continuity at 0 we obtain
cd{rx eR:u(z) >0} = M,.
Then there exists u € Rx, such that

s,

ur = M, = [u, ,u,

for any r € [0, 1]. |

Remark 4.11. The conditions in the definition of fuzzy numbers are shown
to be too restrictive in some applications. There are several mew research
directions that are generalizing, revising the fuzzy number concept in different
directions (see Fortin-Dubois-Fargier [62], Bica [29], etc). This represents an
interesting topic for further investigation.

4.3 L-R Fuzzy Numbers

The so-called L-R fuzzy numbers are considered important in the theory of
fuzzy sets. L-R fuzzy numbers, and their particular cases, as e.g., triangular
and trapezoidal fuzzy numbers, are very useful in applications.

Definition 4.12. (Dubois-Prade [50]) Let L, R : [0,1] — [0,1] be two con-
tinuous, increasing functions fulfilling L (0) = R(0) = 0,L(1) = R(1) = 1.
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1.07
0.9
0.8

0.7

Fig. 4.6 Example of a trapezoidal fuzzy number

Let ay < ay < af <ag be real numbers. The fuzzy set u: R — [0,1] is an
L-R fuzzy number if

0 if < ag
L( Ifag,) if ag <x<ay
a; —ag
u(z) = 1 if af <z<af
R (%ﬁ%) if af <z <ag
0 if ag <z

Symbolically, we write u = (ag,ay,af,ag) where [a],a]] is the core

L,R’
of u, and @ = a; —ay,a@ = ag — a] are called the left and the right spread
respectively. If u is an L-R fuzzy number then its level sets can be calculated
as

ur = [ag + L7 (r)a,af — R~ (r)al.

As a particular case, one obtains trapezoidal fuzzy numbers when the
functions L and R are linear. A trapezoidal fuzzy number u can be represented
by the quadruple (a,b,c,d) € R* a < b < ¢ < d, (see Fig. L)

0 if t<a

=2 if a<t<b
u(t) = 1 it b<t<e
=t if c<t<d
0 if d<t

In this case the endpoints of the r-level sets are given by
u, =a+r(b—a)

and
uf =d—r(d—-c).
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Fig. 4.7 Example of a triangular fuzzy number

If we have b = ¢ in the representation (a, b, c,d), the fuzzy number is called
a triangular fuzzy number. Then a triplet (a,b,c) € R3 a < b < c is
sufficient to represent the fuzzy number (see Figure [4.7]).

Example 4.13. Let us consider L, R : [0,1] — [0,1], L(z) = R(x) = 22. Let

aj =a =1 and a = 1,a@ = 2 respectively. Then the L — R fuzzy number
determined by Definition [{-.1Z has the level sets

Ur = [\/"—na 3 — 2\/;]
and the shape depicted in Fig. [£.8

We will consider in what follows other useful classes of fuzzy numbers.
A Gaussian fuzzy number has the membership degree

0 if T < x1— aoy
_(z—x1)?
_ e % if z1—a0y<z<m:
u (x) - _ (zg—2)? )
e 207 if 1 <z<x1+ao,
0 if 1 +ao, <z

where x is the core of the fuzzy number, o, 0, are the left and right spreads
and a > 0 is a tolerance value. Its graph is shown in Figure Often in
fuzzy control applications we have a — oo in which case the fuzzy set is not
a fuzzy number since it fails to have a compact support, however it is very
useful in fuzzy control systems.
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Fig. 4.8 Example of an L — R fuzzy number

Fig. 4.9 Example of a Gaussian Fuzzy number

An exponential fuzzy number has the membership degree given by

0 if r<x1—an

w—ay

e T if vq—an<z<uw
u@={ ¢, T omoemse<n

e if o1 <x<z+ar
0 if 1 +ar, <z

where x; is the core of the exponential fuzzy number 7, 7. are the left and
right spread of it respectively, and a represents a tolerance value. Its graph
is shown in Figure 10
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Fig. 4.10 Example of an exponential fuzzy number

Remark 4.14. In some applications, to have a compact support is not im-
portant. Then we will consider fuzzy sets that are mot fuzzy numbers in the
proper sense of the term, but they are very simple and useful in applications.
Moreover, if e.g. the Universe of discourse is restricted to a closed compact
interval, then all the fuzzy sets that fulfill (i), (i) and (i) of Definition 4.1
become fuzzy numbers. As examples of such fuzzy sets we mention fuzzy sets
with Gaussian membership function

g2
u(z) =€~ o

and fuzzy sets with exponential membership function

_|z—aq]

u(x) =e "7

Remark 4.15. In this section we investigated L — R fuzzy numbers, which
were based on Negoita-Ralescu characterization. Sitmilarly L — U representa-
tion of fuzzy sets was recently investigated in several papers as e.g., Stefanini-
Sorini-Guerra[137], Stefanini[135]. Another interesting idea
within the topic of the present chapter is the problem of approximation of a
fuzzy number by trapezoidal or other types of fuzzy numbers (Grzegorzewski-
Mréwka [75)], Ban-Coroianu-Grzegorzewski[I1)]).

4.4 Problems

1. Prove that if u is an L-R fuzzy number then its level sets are given by

uy, = [ag +L7 ' (r)a,af — R (r) al,rel0,1].
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10.

4 Fuzzy Numbers

. In the definition of an L — R fuzzy number the functions L and R are

considered increasing L, R : [0,1] — [0, 1]. Considering however L, R two
decreasing functions would allow us to give an alternative definition of
the L — R fuzzy number concept. Write the membership function of an
L — R fuzzy number based on decreasing functions L, R. Find the level-
sets of the fuzzy number obtained by this definition. Show examples of
L — R fuzzy numbers of this type.

. Write the membership function and find the level sets for a general trian-

gular fuzzy number u = (a, b, ¢), then use the results to find the member-
ship function and the level sets, for the particular case of the triangular
fuzzy number (2,4,5).

. Write the membership function for the L-R fuzzy number in Example

T3 and prove that its level sets are given by

u, = [Vr,3—2r].

. Given the sets M, = {e +e", de — 67"2} show that these sets define a

fuzzy number such that u, = M,.. Find the expression of the membership
function of w.

. Set up triangular, Gaussian and exponential membership functions for

fuzzy sets that model the linguistic expression “about 100”.

. Find an expression for the level sets of a Gaussian fuzzy number.
. Find an expression for the level sets of an exponential fuzzy number.

. Consider L(z) = R(z) = 2% a > 0. Write the membership function and

find the level sets of the L — R fuzzy number based on these functions.

Find a function of the form a+b cos(cx +d) such that L, R will be correct
shape functions for an L — R fuzzy number and additionally, such that
the L — R fuzzy numbers that we obtain will have smooth membership
functions. Write the membership function and the level sets of the L — R
fuzzy number obtained.
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5.1 Zadeh’s Extension Principle

Often, we have to perform operations with uncertain parameters. In this
case we will have to define the fuzzy counterparts of the classical operations
between real numbers.

We begin our discussion on fuzzy arithmetic with Zadeh’s extension prin-
ciple. It serves for extending a real-valued function into a corresponding fuzzy
function.

Definition 5.1. (Zadeh’s Eztension Principle, Zadeh [156]]) Given a func-
tion f : X = Y, where X and Y are crisp sets, it can be extended to a
function F : F(X) = F(Y) (a fuzzy function) such that v = F(u), where

o(y) = { sup{u(z) : z € X, f(z) =y}, when f~1(y) # @

0, otherwise

We call the function F' as Zadeh’s extension of f.

Remark 5.2. Zadeh’s extension is well defined for any fuzzy set u € F(X).
Indeed, when f=1(y) # @, the set {u(x) : x € X, f(z) =y} is non-empty and
bounded and so, it has a least upper bound.

Naturally raises the question whether a fuzzy number in the input generates
a fuzzy number in the output.

Theorem 5.3. (Nguyen [110], Barros-Bassanezi-Tonelli [12], Fullér-
Keresztfalvi [65]]) Given a continuous f : R — R, it can be extended to a fuzzy

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 65-{73]
DOI: 10.1007/978-3-642-35221-8 5 (© Springer-Verlag Berlin Heidelberg 2013
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function F : Ry — Rr, and given u € Ry we can determine v = F(u) € Rr
by its level sets v, = F(u,), Vr € [0,1], i.e., we have v, = [v,”,v;"], where

v, = inf{f(x)|r € u,}
v = sup{f(x)|z € u,}.

up, 7 € [0,1] denote the level sets of u.

Proof. First let us prove that if u, and v, are level sets of the fuzzy sets u
and v = F(u) respectively then v, = f(u,).
The case f~1(y) = @ is obvious. If f~!(y) # @ we have v = F(u) given as

v(y) = sup{u(z)lz € X, f(z) = y}.

If x € u, then u(x) > r and it implies also that v(y) > r and soy = f(x) € vy,
i.e., f(ur) C vy. On the other hand if v(y) > r then for any € > 0 there exists
an z € f~!(y) such that

v(y) — e < u(x)
which implies u(z) > r and so, we obtain that Zadeh’s extension satisfies
v C f(uy) so finally v, = f(u,). So, if v, = [v;7,v;"], we obtain

T

v, = inf{f(x)|r € u,}
v = sup{f(z)|z € u,}.

Let us prove now that if u, are level sets of a fuzzy number u € Rz then
vr = f(u,) define level sets of a fuzzy number v € Ry, v = F(u). For
this aim we will prove that v, satisfy the hypotheses of the Negoita-Ralescu
characterization. First we observe that since u, are compact convex intervals
in R and since f is continuous, we get v, = f(u,) compact convex. This
means that v, is a closed interval for any r € [0, 1].

If r < s then we have ugs C u,.. This implies

Vs = f(us) c f(u'r) = Up.

Let us consider the sequence r, that converges from below to r. Then

(oo}
ﬂ Uy, = Up.
n=1

We will prove that
o0
m Up,, = Ur,
n=1

ie.,

flur,) = f(uy)

DL

1

3
Il
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which is equivalent to

Let

yef (ﬂ U> :
n=1

Then there exist an « € w,,,,¥n = 1,2,... such that y = f(x). Then y €
f(ur,,,), Vn = 1,2,..., i.e.,

AS m f(ur, ).
n=1

On the other hand let
o0
y e m f(ur,).
n=1

Then y € f(ur,),Yn = 1,2,... Then there exists an z, € u,, with y =
flxn), Vn = 1,2,... Since z,, is a bounded sequence and since z, € wug
with up compact, we get the existence of a sub-sequence z,,,k = 1,2, ...
that converges. Let = limg_yo0 ¥, . It is easy to see that z € u,. Indeed,
ur Cup,¥n = 1,2, ... and if we suppose that x ¢ u, we get that there exists
k such that x ¢ ug. Taking into account that @ = limy_,oc 2, We obtain a
contradiction.
Combining the two inclusions we obtain

[eS)
M v = o
n=1

Let us consider the sequence r, that converges from above to 0. Then it is

known that
o0
cl (U urn> = ug.
n=1

It is easy to check that since f is continuous we have f(cl(A)) C cl(f(A)),
and then

v (¢Gr)) (D) (O

which immediately implies
oo
vy = cl (U v,«n> ,
n=1
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and so, the hypotheses of Negoita-Ralescu characterization theorem are ful-
filled. Using the theorem we have proved that v, are level sets of a fuzzy
number, i.e., v € Rx. ]

The two dimensional case of Zadeh’s extension principle is very important
because it allows us to extend operations between real numbers to the fuzzy
case.

Definition 5.4. In the case of two variables (f : X XY — Z ) the function
can be extended to F: F(X) x F(Y) = F(Z) such that w = F(u,v), where

w(z) = { sup {min{u(z),v(y)}f(z,y) =z} if f71(z) # @

zeX,yeY
0, otherwise

Remark 5.5. We should exercise however caution, because there are pitfalls
as it was shown in Huang [78]. Namely, an extension principle based on
compact convex subsets of R? is not possible. The following correct extension
result allows us to extend real operations to the fuzzy number’s case.

Theorem 5.6. (Nguyen [1106], Barros-Bassanezi-Tonelli [12], Fullér-
Keresztfalvi [65]) If we assume that f : R x R — R, continuous, then we
can extend it to F : Rr x Rx — Rp such that w = F(u,v) has its level sets

Wy = {f(.’E,y)|l’ € Ur,Y € ’U’F}'

for any u,v € R, i.e. if w, = [w, ,w]] then
w, =inf{f(z,y)|x € up,y € vy}

w = sup{f(a,y)|z € ur,y € v,).

Proof. First let us prove that if u,, v, and w, are level sets of the fuzzy sets
u,v and w = F(u,v) respectively then w, = f(u,,v;).
The case f~1(z) = @ is obvious. If f~1(2) # @ we have w = F(u,v) given
as
w(y) = sup{min{u(z),v(y)} :x € X,y €Y, f(x,y) = z}.

If © € up, y € v, then u(z) > r, v(y) > r and for z = f(x,y) it implies also
that w(z) > r i.e., f(ur,v.) C w,y. On the other hand if w(y) > r then for
any ¢ > 0 there exists an (z,y) € f~1(2) such that

w(z) —e < u(x) and w(z) —e < v(y)

which implies u(z) > r and v(y) > r so, we obtain w, = f(u,,v,). From now
on the reasoning is similar to that of the preceding result.

Since u,., v, are compact convex intervals in R and since f is continuous,
we get w, = f(u,,v,) compact convex.
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If r < s then we have us C u, and vs C v,.. This implies

ws = f(us,vs) C ftr,vr) = wy.

Let now r, be a sequence that converges from below to r. Then the relations

[eS)
() wr, =wr
n=1

can be obtained in a similar way as in the previous theorem. Finally, if r,
converges from above to 0 we get

wy = ¢l (D wr"> ,
n=1

and so, the hypotheses of Negoita-Ralescu characterization theorem are ful-
filled and finally we obtain w € Rx. [

5.2 The Sum and Scalar Multiplication

For u,v € Rr and A € R, based on the extension principle, one can define
the sum of two fuzzy numbers v + v and the multiplication between a real
and a fuzzy number X - u. Then by Theorem [B.6] since the sum and scalar
multiplication are continuous functions, we obtain,

(u+v)y ={x+ylr€ur,y € v} =ur + vy,

A -u)r = { x|z € ur} = Iu,, Vr € 0,1],

where u, + v, is the sum of two intervals (as subsets of R), and Au, is the
usual product of a number and a subset of R. So, fuzzy arithmetic extends
interval arithmetic.

Example 5.7. Let u = (1,2,3), v = (2,3,5) be triangular fuzzy numbers
then v +v = (3,5,8). Also we have 2u = (2,4,6) and —2v = (—10, —6, —4).

The following Theorem deals with the algebraic properties of R .

Theorem 5.8. (Anastassiou-Gal [5], Dubois-Prade [50], Gal [69]) (i) The
addition of fuzzy numbers is associative and commutative i.e.,

u+v=v+u

and
u+ (v+w)=(u+v)+w,

Yu,v,w € Rg.
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(i) The singleton fuzzy set 0 = Xy € Rx is the neutral element w.r.t. +
1.€.,
u+0=0+u=u,

for any u € Re.
(iii) None of u € R \ R has an opposite in Ry (w.r.t. +).
(iv) For any a,b € R with a-b> 0 and any u € Rr, we have

(a+b)-u=(a-u)+(b-u).

For general a,b € R, this property does not hold.
(v) For any A € R and u,v € Rx, we have

Ar(ut+v)=A-u+ Ao
(vi) For any A\, u € R and any u € Rx, we have

A-p) u=X-(p-u)

Proof. The properties are easy to be verified. Also, it is easy to see that
(2-1)(1,2,3) = (1,2,3), while 2(1,2,3) — (1,2,3) = (—1,2,5), where u —v =
u+ (—=1)v. |

As a conclusion from the previous Theorem we obtain that the space of fuzzy
numbers is not a linear space.

5.3 The Product of Two Fuzzy Numbers

The product w = w - v of fuzzy numbers u and v, is defined (see e.g. Hanss
[77]) based on Zadeh’s extension principle. Using again Theorem [5.6] we have
it defined by its endpoints as

w, =inf{z-y|lr € ur,y € v}

T
wl = sup{z - y|z € up,y € v, }.

The product attains its extrema at the corners of its domain. Then,

— — minfu—v— u—vF uto— atot
(u-v), =min{u, v, ,u, v, u v, u v,
and
+_ == =t e ot
(u-v), = max{u, v, ,u, v, u v, , u v,

Example 5.9. As an example, consider u = (0,2,4,6) and v = (2,3,8).
Then the endpoints if the level sets of u-v are

(u-v), =2r-(r+2)
(u-v) = (6—2r)-(8—>5r)

which leads (u-v)1 = [6,12], (u-v)o = [0,48], and membership function shown
in Figure [5 ]l
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Fig. 5.1 Product of two fuzzy numbers

The following Theorem discusses the algebraic properties of Rx related to
the multiplication.

Theorem 5.10. (i) The singleton fuzzy set 1 = x11y € Rr is the neutral
element w.r.t. - i.e., u-1=1-u=wu, for any u € Rr.

(i) None of u € Rr \ R has an inverse in Ry (w.r.t. -).

(iti) For any u,v,w € Rr we have

(u+v) w), C (u-w),+ (v-w).,Vre]|0,1],

and, in general, distributivity does not hold.
(v) For any u,v,w € Rr are such that none of the supports of u,v,w does
not contain 0, we have

u-(v-w)=(u-v) w.

Proof. The properties are easily verified. Let us prove (iii). From Theorem
we have

((u+v) - w), = min{ (u; + v,

'wj—? (ur

> min{u, - w, ,u, - whul o w b w)”
L= = = et ot = ot .t
+min{v, -w, v, -w v w, v, w!},

which combined with the symmetric inequality leads to

(u+v) w), C(u-w)y + (v-w),Vrel0,1].
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Zadeh’s extension based product has certain disadvantages. The most impor-
tant one is that the product of two triangular or trapezoidal fuzzy numbers is
not triangular trapezoidal, etc. To improve on this aspect the cross product
of fuzzy numbers was proposed in [§], [9] and [10].

We will say in this following discussion that a fuzzy number is positive if
for the lower endpoint of its core we have w; > 0. Also we call a fuzzy number
negative if wj < 0. Let us denote by R% the set of positive or negative fuzzy
numbers, i.e.,

R% ={w € R#|0 ¢ int(w;)},
where int(w;) denotes the set of interior points of w;.

Proposition 5.11. (Ban-Bede [§], [9], Bede-Fodor [17]) If u and v are pos-
itive fuzzy numbers, then w = u ® v defined by w, = [w, ,w;|, where

w, =U, V] +U V., —U V]

and

w,‘f = u;"vf + ufv:‘ - ufvf,
for every r € [0,1], is a positive fuzzy number.
Proof. We have

+

wi —w; = (u —uf) o) + (u —u) oy

+ufvf —uv >0,
for every r > 0, and so w, = [w;,w; ], is a closed interval. This verifies (i)
in Theorem (.8
Let us consider 71,79 € [0,1],71 < r9. Because u,, C u,, and v,, C v, we
obtain
Wy, = Up, V) +Up V) — Ug Vg
S u’l‘zvl + ul U’l‘z - ul Ul = wTQ
and
+ + + o,

— uT ot +
Wy, = Up, V) + Uy U, — U V]

ot Tt — gt — ot
<wupvy tufvl —ug v =w
which implies (ii) of Theorem 38

Let us consider (1), o converging increasingly to r € [0,1]. The condi-
tions in Theorem .8 imply

Up Uy UV U O] N U U U O — U
and
ut of +ufof —ufof Aufol +ufot —ufof
such that we obtain (iii) of Theorem -8 The proof of (iv) is similar to (iii).

The conclusion of the Theorem is that the level sets w, define a fuzzy
number. ]
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Proposition 5.12. Let u and v two fuzzy numbers.
(i) If u is positive and v is negative then

WOV =— (16 (~v))

s a negative fuzzy number.
(i) If u is negative and v is positive then

wOv=—((-u)©Ov)

18 a negative fuzzy number.
(#i) If u and v are negative then

uOv=(-u)©(-v)
18 a positive fuzzy number.

Proof. It is left to the reader as an exercise. [ ]

Definition 5.13. (Ban-Bede [§]) The binary operation on R’ introduced as
above is called the cross product of fuzzy numbers.

The cross product is defined for any fuzzy numbers in
R% = {u € R%; there exists an unique z € R such that u (z¢) = 1},

therefore it is well defined for triangular fuzzy numbers.

Example 5.14. The cross product of two positive triangular fuzzy numbers
u = (a1,b1,c1) and v = (ag,ba, c2) is

u®v = (arby + azby — bibz, biba, bica + bacy — bicy).
For example if u = (2,3,4) and v = (3,4,6) is

u©®uv = (5,12,22).

5.4 Difference of Fuzzy Numbers

The standard difference induced by Zadeh’s extension principle, has the prop-
erty w — u # 0. This is a shortcoming in some theoretical results and appli-
cations of fuzzy numbers. To avoid this shortcoming several new differences
were proposed.

Definition 5.15. (Hukuhara [79], Puri-Ralescu [123]) The Hukuhara differ-
ence (H-difference Og) is defined by

UOHV =W < U=0+w,

being + the standard fuzzy addition.
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If w O v exists, its a — cuts are

[ On v]a = [ug — vy, ul — vyl

It is easy to verify that « © g u = 0 for any fuzzy numbers u, but as we have
earlier discussed u —u # 0.

The Hukuhara difference rarely exists, so several alternatives and general-
izations were proposed as e.g. the generalized Hukuhara differentiability.

Definition 5.16. (Stefanini [136)], Stefanini-Bede [141)]) Given two fuzzy
numbers u,v € Rx, the generalized Hukuhara difference (gH-difference for
short) is the fuzzy number w, if it exists, such that

_ (i) u=v+w
uOQHv_w(:}{or (1)) v=u—w

In terms of a-cuts we have
Proposition 5.17. For any u,v € Ry we have

[u Ogn V]o = [min{u, — vy, ut — ot} max{u, —v,,ul —vl}].

Proof. The proof is left to the reader as an exercise. ]

The level-wise expression that we have obtained is the interval arithmetic
proposed in Markov [10§], [109].

The generalized Hukuhara difference exists in many more situations than
the usual Hukuhara difference, but it does not always exist. We consider the
following generalized difference (g-difference) that presents some advantages.

Definition 5.18. (Stefanini [136], Bede-Stefanini [27])The generalized dif-
ference (g-difference for short) of two fuzzy numbers u,v € Rx is given by its
level sets as

[u S v]a =l | ([ulp ©gu [v]p), Yo € 0,1],
B>a

where the gH-difference ©gp is with interval operands [u]g and [v]g and it is
well defined in this case.

Proposition 5.19. (Bede-Stefanini [27]) The g-difference is given by the
exrpression

[uSg v]a = égi min{uy — vy, ug - v;}, Zt;}; max{ug — vz, u; - vg}
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Proof. Let a € [0, 1] be fixed. We observe that for any § > « we have

[ulg ©gm [V]g = [min{ug - vg,ug - v;}, max{ug — vg,ug - v;}}

C

inf min{u; — vy, ul — o} }, supmax{u; — vy, ul —vl}
A>pB >4

and it follows that

c | ([uls g [v]5)
B>a

C [inf min{ug — ’UE,UE - v;}, sup max{u, — ’UE,UE - ’U;}]
Bza

Bza

Let us consider now

c | J ([ulp &g [v]5)

Bza
=cl U [min{ug - vE,uE - v;},max{ug - vE,uE - v;}} .
Bza

For any n > 1, there exist
an € {u,g fvg,u;fvg B> al

such that )
inf min{u; — vz, ul —vi}>a, - —.
{ug —vg,ug —vg}>an n

>«
Also there exist
bne{ug—vg,u;—v;:ﬁZa}
such that 1
- o+ o
supmax{u, —vg,us —vr}t <b, + —.
P {ug —vg,ug —vg} <bn+—

We have
cl U ulg Ogm [V]g) 2 [an, bn],¥n > 1
BZ>a

and we obtain

cl U ulg Sgm [V]g) 2 U [an,bn] 2 <lim ap, lim bn)

n— oo n— oo
B>a n>1
and finally

c | J ([ulp ©gm [v]5)
B>a

D | inf min{u; —v;,uf — v}, supmax{u; — vy, ur — vl .
2 | Inf min{ug — vy, ug ,8}’5212 x{ug —vg,ug —vg}
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The conclusion

inf min{u; — v, v} — o}, sup max{u; —v;,uf — o}
Jnf minfug — vy, ug 'B}Bza {ug —vg,u5 — v}

of the proposition follows. [

Proposition 5.20. For any fuzzy numbers u,v € Rx the g-difference u©q4v
exists and it is a fuzzy number.

Proof. According to the previous result, if we denote w™ = (u©4v)” and
wt = (uS,v)" we have

— _ . - _ — —+ _ +
w” (a) = uzlfamln{uﬁ Vg, ug — U5}

<wh(a) = sup max{ug — vy, “Zﬁr - v;}

B=o
Obviously w™ is bounded and non-decreasing while w™* is bounded non-
increasing. Also, w™,w™ are left continuous on (0, 1], since u™ — v~ ,ut —v*
are left continuous on (0, 1] and they are right continuous at 0 since so are
the functions v~ — v~ ,ut —vT. [

Example 5.21. Consider the trapezoidal u = (2,3,5,6) and the triangular
v =1(0,4,8) fuzzy numbers. It is easy to see that their gH-difference does not
exists. Indeed, if we suppose the contrary then we need to have

[

+

- +
U v, <u, — v,

stmultaneously for every a € [0, 1] or

+

- - +
Uy — Vg = UL — Uy

simultaneously for every a € [0, 1]. But we observe that
2=uy —vy >uf —vi = -2,

while
—l=u] —vy <uf —vg =1.
Since the same inequality should hold for every o € [0,1], we obtain a
contradiction.
From the previous proposition the g-difference always exists so it exists and
it is given as in Fig. [5.2
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Fig. 5.2 The g-difference of two fuzzy numbers

5.5 Problems

1. Let w = (2,5,6,7) and v = (1,4,5) be a trapezoidal and a triangular
fuzzy number. Calculate u + v, u — v, —2u + v, u —u and 2v — v.

2. Prove the properties in Theorem [5.8 (Hint: you can prove that the prop-
erties are true for every level set).

3. Find the product of the trapezoidal and triangular fuzzy numbers u =
(2,5,6,8), v =(1,4,5).

4. Find an expression for the level-sets of the product of two triangular fuzzy
numbers u = (ay, b1, ¢1) and v = (ag, b, c2), knowing that aq,as > 0.

5. Find an expression for the level-sets of the product of two Gaussian
fuzzy numbers u,v € Ry with left endpoints of their level sets u,
vy, > 0.

6. Find an expression for the level-sets of the product of two exponen-
tial fuzzy numbers u,v € Rr with left endpoints of their level sets v,
vg > 0.

7. Prove Proposition B.12

8. Prove that the cross product of two positive trapezoidal fuzzy numbers
u = (a1,b1,c1,d1) and v = (ag, be, c2,dz) is

u©®v = (a1ba + agby — biba, bi1be, c1c2, c1ds + cadi — c1c2).

Calculate the cross product with v = (2,3,4,5) and v = (3,4, 6, 8).
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9.
10.

11.

12.

13.

14.

5 Fuzzy Arithmetic

Find the Hukuhara difference u © v, where u = (2,5,6,8), v = (1,4, 5).

Find the generalized Hukuhara difference u ©4p v, where u = (1,2, 3),
v = (1,3,5). Does their Hukuhara difference exist?

Prove that the generalized Hukuhara difference u©4p v, of two triangular
fuzzy numbers u, v always exists. Find an expression for the gH-difference
for this case.

Find the generalized difference u e, v, where u = (0,2,4), v = (0, 1,2, 3).
Does their gH-difference exist?

Find the generalized difference us,v, where u = (4, 5,6,8), v = (0,5, 10).
Does their gH-difference exist?

Prove Proposition B.117



6
Fuzzy Inference

Reasoning with imprecise information is one of the central topics of fuzzy
logic. A fuzzy inference system consists of linguistic variables, fuzzy rules
and a fuzzy inference mechanism. Linguistic variables allow us to interpret
linguistic expressions in terms of fuzzy mathematical quantities. Fuzzy Rules
are a set of rules that make association between typical input and output
data sometimes in an intuitive way, or, on other occasions, in a data driven
way. A fuzzy inference mechanism is able to model the process of approx-
imate reasoning, through interpolation between the fuzzy rules. Of course
good interpolations are also approximations, and in this way approximate
reasoning is performed.

6.1 Linguistic Variables

Definition 6.1. (Zadeh [156]) A linguistic variable is a quintuple
(X7 T’ U’ G’ M)

where

X is the name of the variable

T is the set of linguistic terms which can be values of the variable

U is the universe of discourse

G is a collection of syntax rules, grammar, that produces correct expres-
stons i T'.

M is a set of semantic rules that map T into fuzzy sets in U.

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 79-[03]
DOI: 10.1007/978-3-642-35221-8 6 (© Springer-Verlag Berlin Heidelberg 2013
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We can see from the previous definition that a linguistic variable works as a
dictionary that translates linguistic terms into fuzzy sets. Often we use the
term linguistic variable for a given value of the linguistic variable and also, if
confusion is avoided, we use the same term for the fuzzy set that is associated
to it, i.e., if A is a fuzzy set that is associated through a semantic rule to an
instance of a linguistic variable, then we say that A is a linguistic variable.

Example 6.2. We consider an example of a linguistic variable (Age, T, U,
G, M) where

X = Age.

T = {young, very young, very very young, ...}

U = [0,100] is the universe of discourse for age.

G : The syntax rules can be expressed as follows: young € G. If x € G then
very x € G.

M :T — F(X), M(young) = u, where v = (0,0, 18, 40).

M (very"young) = u"(x).

As the previous example pointed out linguistic terms are sometimes composed
of two parts. A fuzzy predicate (young, smart, small, tall, low) and modifiers
(hedges) (very, likely, unlikely, extremely). Hedges may be interpreted as a
composition between a given function and a basic membership function.

Example 6.3. We consider an example linked to room temperature control
(Temperature, T,U,G, M) where

X = Temperature.

T = {cold, very cold, ...cool, very cool,...,....,hot, very hot,...}.

U = [40,100] is the universe of discourse for temperature.

Fig. 6.1 Example of fuzzy values of a linguistic variable
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Fig. 6.2 Modifiers with linguistic variables

G : The syntax rules can be expressed as follows: cold, cool, just right,
warm, hot € G. Ifx € G then very x € G. Let us observe that very warm=#hot,
they have different membership functions. Also, the expression very just right
s correctly obtained by applying the hedge very to just right. It is a correct
expression in our syntax however the linguistic term for it is not used in
natural language.

M :T — F(X), M(cold) = uy, where uy = (40, 40,50, 60), M (cool) =
where ug = (50,60, 70), ..., M (hot) = us, where us = (80,90, 100, 100).

M (very" cold) = u?(x),..., M (very™hot) = uf(x). See Figures IEI, 62

6.2 Fuzzy Rules

Fuzzy rules (fuzzy if-then rules) are able to model expert opinion or com-
monsense knowledge often expressed in linguistic terms. The intuitive associ-
ation that exists between given typical input data and typical output data is
hard to be described in a mathematically correct way, because of the uncer-
tain, often subjective nature of this information. Fuzzy rules are tools that
are able to model and use such knowledge.

A fuzzy rule is a triplet (A, B, R) that consists of an antecedent A € F(X),
a consequence B € F(X) that are linguistic variables, linked through a fuzzy
relation R € F(X xY).

Using fuzzy sets a fuzzy rule is written as follows:

If x is A then y is B
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Example 6.4. An example of a fuzzy rule that naturally can be considered
in the room temperature control problem is the following:

If temperature is cold then heat is high

It is a natural idea to interpret fuzzy rules using fuzzy relations, since any
rule is a natural expression of a relationship between the input and output
variable. The fuzzy relation is obtained by a composition of the antecedent
and consequence.

Definition 6.5. (Mamdani-Assilian [107]) We define the fuzzy rule
If x is A then y is B.

as a fuzzy relation as follows
(i) Mamdani rule:
Ry (z,y) = A(z) A B(y);
(it) Larsen rule:

Rr(z,y) = A(z) - B(y);

(#ii) t-norm rule:
Rr(z,y) = A(2)TB(y),

with T being an arbitrary t-norm.
(iv) Godel rule:
Ra(z,y) = A(z) = B(y),

with — being Gaddel implication;
(v) Gddel residual rule:

Rr(z,y) = A(z) =1 B(y)

with =7 being a residual implication with a given t-norm.

Example 6.6. An example of a fuzzy rule interpreted as a fuzzy relation
is represented in Fig. [23 Two Gaussian fuzzy sets A : [0,1] — [0,1] and
B :[0,1] — [0,1] are considered with T4 = 0.6 and o1 = 0.1 being the mean
and spread of A, while Ty = 0.4 and o2 = 0.1 are the mean and the spread
of B.

Remark 6.7. In many applications a fuzzy rule will have several antecedents
that are used in conjunction to build our fuzzy rule. For example a more
complex fuzzy rule can be considered

If x is A and y is B then z is C.
In this case the antecedents are naturally combined into a fuzzy relation

D(z,y) = A(z) A\ B(y)
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Fig. 6.3 A fuzzy rule interpreted as a fuzzy relation

that is regarded as a fuzzy set on its own. Then the fuzzy rule uses the an-
tecedent D. For example, in this case the Mamdani rule will be

Ryi(x,y,2) = A(z) A B(y) A C(2).

Between the antecedents we can use a general fuzzy conjunction (t-norm) but
we do not have usually an implication between the antecedents since they are
not in a cause effect relation with each-other. So, for example when a fuzzy
rule with more antecedents is transformed into a fuzzy relation we can define
the Gadel rule as

Re(x,y,2) = A(z) A B(y) — C(2).

6.3 Fuzzy Rule Base

A single fuzzy relation is barely enough to make an informed decision. Often
in applications we will have a fuzzy knowledge base or fuzzy rule base, i.e.
a finite collection of fuzzy rules.

Example 6.8. Fuzzy rule bases are able to express expert or commonsense
knowledge
If temperature is cold then heat is high

If temperature is cool then heat is low

If temperature is just right then heat is off
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If temperature is warm then cool is low

If temperature is hot then cool is high.

A fuzzy rule base can be expressed as a sequence of fuzzy rules

If temp is A; then heat/cool is B;, i =1,...,n.

We saw in the previous section that it is natural to translate one fuzzy rule
into a fuzzy relation. In a similar manner, a fuzzy rule base can be translated
into a fuzzy relation. The fuzzy relation is obtained by a max-min type or a
min— type composition of the antecedents and consequences.

Definition 6.9. (Mamdani-Assilian [107]) We define the fuzzy rule base
If v is A; theny is B;, i =1,...,n.

as a fuzzy relation as follows:
(i) Mamdani rule base:

(it) Larsen rule base:

Ry(x,y) = \/ Ai(x) - Bi(y)

i=1
(#ii) maz-t-norm rule base:

n

Ry(z,y) = \/ A(@)TBi(y),

=1

with T being an arbitrary t-norm
(iv) Gédel rule base:

n

i=1

with — being Gadel implication
(v) Gédel residual rule base:

n

Rp(z,y) = \ Ai(x) =1 Bi(y),

=1

with =7 being a residual implication with a given t-norm T.
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Fig. 6.4 The Mamdani rule base

Remark 6.10. As individual rules may have more antecedents linked
through conjunctions we can have the same situation for a fuzzy rule base

If x is A; and y is B; then z is Ci,i=1,...,n.

In this case the antecedents are combined into a fuzzy relation A;(x) A B;(y).
Then the Mamdani rule will be

n

Ry (x,y,2) = \/ Ai(z) A Bi(y) A Ci(2).

i=1

Between the antecedents we do not have an implication, instead we will have
conjunction or eventually a t-norm. So, when a fuzzy rule base with more
antecedents is translated into a fuzzy relation we obtain the Gédel rule base

as
n

Ra(x,y,2) = /\ Ai(z) A Bi(y) = Ci(2).
i=1
Example 6.11. Considering the temperature control example described above,
the output can be scaled on the [—2,2] interval (—2 being the strongest cooling
and 2 stands for the strongest heating. The consequences Bu, ..., Bs are tri-
angular fuzzy numbers By = (—2,—-2,—1), Bs = (-2,-1,0), Bs = (—1,0,1),
By =(0,1,2), Bs = (1,2,2). The Mamdani rule base can be represented as
in Fig. The Gaodel rule base of the same example is shown in Fig. [6.3.

Remark 6.12. We can see that there is not a unique way to interpret a
fuzzy rule or a fuzzy rule base. This seems to be a drawback of fuzzy inference
systems at first sight. We can turn this into an advantage because it gives us
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Fig. 6.5 The Godel rule base

increased flexibility. Indeed, mainly in practical problems, it is an advantage
to have more flexibility and to be able to select the method that best fits our
problem.

6.4 Fuzzy Inference

Fuzzy inference is the process of obtaining a conclusion for a given input
that was possibly never encountered before. The basic rule (law) for a fuzzy
inference system is the compositional rule of inference (Zadeh [155]) It
is based on the classical rule of Modus Ponens. Let us recall first the classical
Modus Ponens of Boolean logic:

premise : if p then ¢

fact: p
conclusion : q

Given a fuzzy rule or a fuzzy rule base R € F(X x Y), the compositional
rule of inference is a function F' : F(X) — F(Y) determined through a
composition B’ = F(A") = A’ x R, with % : F(z) x F(X xY) — F(Y) being
a composition of fuzzy relations.

The compositional rule of inference consists of a

premise : if xis A; then yis B;,1=1,...,n

fact: zis A

conclusion : y is B
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Definition 6.13. (Mamdani-Assilian [107)], see also e.g. Fullér [6])], Fullér
[63]) We define a fuzzy inference based on a composition law as follows:
(i) Mamdani Inference:

B'(y) = A" o R(z,y) = \/A' ) A R(z,y)

reX
(i1) Larsen inference:
B'(y) = A" of, R(x,vy) \/ Al(z ,Y)
reX

(i1i) Generalized modus ponens or t-norm-based inference:

B'(y) = A" orR(z,y) = \/A' )T R(z,y)
zeX

with T being an arbitrary t-norm.
(iv) Gédel Inference

B'(y) = A < R(z,y) = /\A’ ) = R(x,y)
reX

with — being Gadel implication.
(v) Gédel residual inference

B'(y)= A <r R(z,y) = /\ A'(z) > R(z,y)
reX

with =7 being a residual implication with a given t-norm.
Throughout the definition, R(x,y) is a fuzzy relation that is used for in-
terpreting the fuzzy rule base in the premise.

Remark 6.14. We can combine the above rule bases with any inference tech-
nique given in the previous definition. The combination that is most closely
matching our real-world problem can be chosen or can be adaptively calcu-
lated.

Remark 6.15. As previously discussed we may have a fuzzy rule base with
more antecedents, so we also need a fuzzy inference system to be able to deal
with more antecedents. This is possible to be done by using the same strategy
to combine the premises as the one used for the antecedents in the fuzzy rule
base.

For example if we have a fuzzy inference system of the following form

premise : If x is A; and y is B; then z is C;

fact: x is A" andy is B’

conclusion z is C’
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Fig. 6.6 The input of a fuzzy inference system

where C' is determined based on a composition as for example

C'(z) = (A" AB')o R(z,y,2) = \/ A'(z) N B'(y) A R(z,y, 2)
rzeX,yeY

(for a Mamdani inference) and
C'(z) = (A" AB")< R(z,y,2)

= N\ A@AB(y) = Rz,y2)
rzeX,yeY
(for Gidel inference).
The fuzzy relation R(xz,y, z) is being used here to interpret the fuzzy rule
base in the premise.

Example 6.16. To build a fuzzy inference system that solves the room tem-
perature control problem discussed in the previous sections we can use e.g. a
Mamdani or Gédel inference together with a Mamdani or a Gédel rule base.
In Fig. the input of the system is represented.

6.5 The Interpolation Property of a Fuzzy Inference
System

A natural property to be required for a fuzzy inference system is the following
interpolation property (see Fullér [64]).
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Fig. 6.8 Output of a Mamdani fuzzy inference system with Gédel rule base

If the input of the system coincides with the antecedent of a fuzzy rule,
then the output should coincide with the consequence that corresponds to
the given antecedent through the fuzzy rule.

Let us consider first systems based on a single fuzzy rule. We saw that we
can consider any combination of a fuzzy rule with a fuzzy inference, however
the combinatorial nature of the problem does not permit an exhaustive anal-
ysis. So, we will consider some of the typical pairs of fuzzy rules and fuzzy
inferences.
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Fig. 6.10 Output of a Godel fuzzy inference system with Godel rule base

Let us start by considering the Mamdani inference with Mamdani rule.
The system is described by

B'(y) = \/ A'(z) AR(z,y), R(z,y) = A(z) A B(y)

zeX

The interpolation property says that when the input of the system coincides
with the antecedent (A’ = A) then the output has to be coincident with
the consequence (B’ = B), i.e., our fuzzy inference is a generalization of the
Modus Ponens of classical logic.
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Proposition 6.17. The Mamdani inference with Mamdani rule

\/ A'(z) A R(z,y), R(z,y) = A(z) A B(y),
zeX

such that there exists an xo € X with A(xg) = 1, satisfies the interpolation
property, i.e., if A’ = A, then B’ = B.
Proof. We have

B'(y)=\/ A@@) A R(z,y) = \/ Ax) B(y)

zeX rzeX

— \/ (A@) AB)) = (\/ A(x)) A B(y).

zeX zeX
Since A is normalized we have \/ .y A(z) = 1 and then B'(y) = 1A B(y) =
B(y). L
Remark 6.18. The hypothesis of the previous proposition can be weakened
from A being normal to \/ ,cx A(x) >V ,cx B(y).

Let us consider the Mamdani inference with Larsen rule.

Proposition 6.19. The Mamdani inference with Larsen rule

= \/ 4'(x) AR(z,y), R(z,y) = A(z) - B(y)
zeX

such that there exists an xo € X with A(zg) = 1 satisfies the interpolation
property, i.e., if A’ = A then B’ = B.
Proof. We leave the proof as an exercise to the reader. [

We can generalize the previous two propositions for an arbitrary t-norm.

Proposition 6.20. The Mamdani inference with t-norm rule

— \/ A'(@) AR(w,y), R(,y) = A@@)TB(y)
reX
such that there exists an xo € X with A(zg) = 1 satisfies the interpolation
property, i.e., if A’ = A then B’ = B.
Proof. From the properties of a t-norm we immediately get A(x)TB(y) <
A(x). We have
\/ A(zx) A R(z,y)

zeX

= \/ A@@) A (A@)TB(y)) = \/ A@@)TB(y)

zeX reX
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— ( \/ A(x)> TB(y) = 1TB(y) = B(y).

zeX

Let us consider the Mamdani inference with Godel rule

= \/ 4(z) AR(z,y), R(z,y) = Az) — B(y).

zeX

Remark 6.21. We observe here that we can interpret the interpolation prop-
erty of a Mamdani inference with Godel rule as a fuzzy relational equation.
Indeed, the interpolation property can be written as Ao R = B. This equation,
by Sanchez Theorem has a solution if and only if R(x,y) = A~' < B
is a solution, and in this case it is the greatest solution (A(x) = A(l,z),
B(y) = B(1,y) are interpreted here as row vectors then

R(z,y) = A~ 9 B(x,y)
= \ A(z,1) = B(1,y) = A(z) - B(y)
i=1

becomes the Gddel implication. As a conclusion, the fuzzy relational equation
s solvable if and only if the inference system with Mamdani inference and
Gadel rule has the interpolation property.

Proposition 6.22. The Mamdani inference with Godel rule

= \/ A'(@) AR(x,y), R(z,y) = A(x) = B(y)

reX
such that A is continuous and there exists an xg € X such that A(zg) =1
fulfills the interpolation property, i.e., if A’ = A then B’ = B.

Proof. We have
\/ A(z) AN R(z,y)

zeX
=\ A@ ) = B(y)).
r€X
Let
Uy = {z € X|A(z) < B(y)}-
Then we have

= \/ A@@) A (A@) = Bly) v \/ Al) A (Alz) = B(y))

rzeU, x¢U,

=\ A@) A1V \/ A@@)AB(y)
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= \/ A@@) v \/ By)=B(y) Vv B(y) = B(y).

zeUy x¢U,

We have used here the property that if A is continuous then it attains its
boundary which is B(y) within U,,. ]

Let us consider the Gddel inference with Mamdani rule. The system is de-
scribed by

= A\ A'() = R(x,y), R(z,y) = A(z) A B(y).

zeX

Remark 6.23. We observe here that we can interpret the interpolation prop-
erty of a Gadel inference with Mamdani rule as a fuzzy relational equation
A<R = B. This equation, by Miyakoshi-Shimbo Theorem [3.27 has a solution
if and only if R(x,y) = A~ o B is a solution, and in this case it is the least
solution and then

R(z,y) = A" o B(z,y) = \/ A(z,1) A B(1,y) = A(z) A B(y)

becomes the Mamdani rule. As a conclusion, the equation is solvable if and
only if the inference system with Mamdani inference and Gddel rule has the
interpolation property.

Proposition 6.24. The Gddel inference with Mamdani rule
= A\ A() = R(z,y), R(x,y) = Ax) A B(y)
zeX

with A € F such that there exists an xo € X such that A(xg) = 1 possesses
the interpolation property, i.e., if A’ = A then B’ = B.

Proof. We have
= N\ A@) = R(z,y) = )\ Ax) (z) A B(y)).

zeX zeX
Let U, = {z € X|A(z) < B(y)}. Then we have

= N\ Al) = (A@) ABw) A N\ Alz) = (A(z) A B(y))

zeUy z¢Uy

= A\ A@@) = A@) A N\ A@@) = B(y)

zeU, ¢ U,

=1n A\ Bly) =

z¢Uy
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The infimum A w¢u, B (y) exists since the normality of A implies that X — U,
is nonempty whenever B(y) < 1. |

As we have discussed before we can rarely rely on one single fuzzy rule when
designing a fuzzy inference system, instead, in most of the situations we have
a rule base. So we will analyze the interpolation property of a fuzzy inference
system together with a fuzzy rule base.

Proposition 6.25. Let us consider the Mamdani inference with Mamdani
rule base

\/ A'(z) A R(z,y), R(x,y) = \/ Ai(x) A Bi(y)

zeX i=1

such that
(i) for every i =1,...,n there exists an x; € X such that A;(x;) = 1;
(i1) any two antecedents A;, Aj, i # j have disjoint supports
Then the interpolation property is verified, i.e., if A" = A; then B’ = B;.

Proof. We have

\/A YA R(z,y) = \/A /\\/Ai(ff)/\Bi(y)
i=1

rzeX rzeX

—\/ V 45(2) A Ai(2) A Bily) = \/ AV Aj(@) A Aia)

i=1lxeX zeX

A\ Aj(@) A Aj(@) = By(y).

zeX
The fact that A; and A; have disjoint support gives \/ .y A;j(2) AA;i(x) = 0i;
(0;; being Kronecker delta). ]
Next we consider the Mamdani inference with Larsen rule base.

Proposition 6.26. Let us consider the Mamdani inference with Larsen rule
base

\/ A'(x) A R(z,y), R(z,y) = \/ Ai(x) - Bi(y)
reX 1=1

such that
(i) for every i = 1,...,n there exists an x; € X such that A;(x;) = 1;
(i1) any two antecedents A;, Aj, i # j have disjoint supports
Then the interpolation property is verified, i.e., if A" = A; then B’ = B;.

Proof. The proof is left as an exercise. [
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Remark 6.27. The requirement that the antecedents have disjoint support
in the previous two propositions is too strong. This requirement gives that
if A’ has its support disjoint from any of the antecedents, the output of the
fuzzy system is 0. If we do not require a disjoint support then we can prove
the following result.

Proposition 6.28. Let us consider the Mamdani inference with Mamdani
rule base

n

\/ A'(z) AN R(z,y), R(z,y) = \/ A;i(x) A Bi(y)

zeX i=1

such that for every i = 1,...,n there exists an x; € X such that A;(x;) = 1.
Under this condition, if A" = A; then B’ > B;.

Proof. The proof is left as an exercise. [

Let us consider now a Mamdani inference with Godel rule base. The system
is described by

= \/ 4'(x) AR(x,y), AA (y)-

rzeX

Remark 6.29. We observe here that we can interpret the interpolation
property of a Mamdani inference with Gédel rule base as a fuzzy relational
equation. Indeed, the interpolation property can be written as A; o R = B;,
i=1,.,n. If Aj(x) = A(i,z), Bi(y) = B(i,y), i = 1,...,n are interpreted as
fuzzy relations we can rewrite our equation as Ao R = B. This equation has
a solution if and only if R(z,y) = A=Y < B is a solution, and in this case it
is the greatest solution

n

R(z,y) = A~ < B(z,y) = \ Alz,i) = B(i,y)
i=1

I

Ai(r) = Bi(y).

i=1

As a conclusion, the equation is solvable if and only if the inference system
with Mamdani inference and Gédel rule base has the interpolation property.

Proposition 6.30. Let us consider a Mamdani inference with Gédel rule

base
n

= \/ A(@) AR(z,y), R(z,y) = )\ Ai(x) = Bi(y).

zeX i=1
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(i) If A; are normal and continuous and

(i1) if the core of any A; and the support of any A; are disjoint when i # j,

then the Mamdani inference with Gddel rule base satisfies the interpolation
property: if A’ = A; then B’ = B;.

Proof. We have

=V 4@ /\ i(z) = Bi(y)

zeX
<V 4 (z) = Bj(y)) < Bj(y),
zeX

where the last equality is obtained from the property z A (x — y) < y. Also,

B =\ 4@ AN Al ~ B

rzeX

n

=\ A 4;(@) A (Ai(z) = Bi(y))
rzeX i=1

Y

A;(Z) N (Ai(Z) = Bi(y)), vz € X.

i=1

We take Z € core(A;) and & ¢ supp(A;) then

B'(y) = A;(z) A (A;(x) — B;(y))

IVAWIE: (Z) = Bi(y))

i#]
=1A(1= Bj() A \1A (0 Bi(y)
i#]
= Bj(y) N1 = B;(y).
Combining the two inequalities leads to the required conclusion. [

Condition (ii) and continuity are not too strong requirements, however if
released we still have an inequality.

Proposition 6.31. Let us consider a Mamdani inference with Gédel rule

base
n

= \/ A(@) AR(x,y), R(x,y) = )\ Ai(x) = Bi(y).

zeX i=1

If A; are normal and if A’ = A; then B’ < B;.
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Proof. We leave the proof to the reader as an exercise. [

A rule base that has the antecedents fulfilling the property described in this
theorem is said to be separated.

Let us consider the Godel inference with Mamdani rule base. The system
is described by

n

= N\ 4'(z) = R(z,y), R(z,y) = \/ Ai(z) A Bi(y).

zeX =1

Remark 6.32. We observe here that we can interpret the interpolation prop-
erty of a Gddel inference with Mamdani rule base as a fuzzy relational equa-
tion A; <R = By,i = 1,...,n or considering A(i,z) = A;(z) and B(i,z) =
B;(x) we can write A< R = B. This equation, by Miyakoshi-Shimbo theorem
has a solution if and only if R(x,y) = A~ o B is a solution, and in this case
it s the least solution and we also have

R(x,y) = A~ o B(z,y) = \/ A(x,i) A B(i,y)

i=1

Il

=1

becomes the Gadel implication. As a conclusion, the equation is solvable if
and only if the inference system with Mamdani inference and Gddel rule base
has the interpolation property.

Proposition 6.33. Let us consider the Gadel inference with Mamdani rule

base
n

= N\ A'() = R(x,y), R(x,y) = \/ Ai(z) A Bi(y).

zeX i=1
(i) If A; are normal and continuous
(it) and if the core of any A; and the support of any A; are disjoint when
i F 7,
then the interpolation property holds i.e., if A’ = A; then B’ = B,.
Proof. We have
/\ Aj(x) = R(z,y)

zeX
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We take Z € core(A;) and T ¢ supp(A;) then

= A A5\ A A Bily)
i=1

zeX

< A;(@) = \/ Ai(@) A Bily)

=1

= (4;(z) = 4;(7) ABj(y) v \/ 4;(= (Z) A Bi(y)
i#£]
(1= 1AB;(y) Vv \/ 1= 0AB;(y) = Bj(y) V0= Bj(y).
i#£]

We can obtain one of the inequalities under very light conditions.

Proposition 6.34. Let us consider the Gadel inference with Mamdani rule

base
/\A' ) = R(z,v), \/A

zeX
If A; are normal and if A’ = A; then B’ > B;.
Proof. The proof is left to the reader. [

Proposition 6.35. Let us consider the Gadel residual inference with Mam-
dani rule base

/\ A'(z) =1 R(z,y), R(x,y) = \/Ai(x)/\Bi(y).
zeX i=1

(i) If A; are normal and continuous

(11) and if the core of any A; and the support of any A; are disjoint when
i F7,

then the interpolation property holds i.e., if A’ = A; then B’ = B,.

Proof. We leave the proof to the reader as an exercise. [

6.6 Example of a Fuzzy Inference System

As an application of a fuzzy inference system we consider a problem of Com-
puting with Words (see Zadeh [I57]).

Let us consider a problem with Lt. Columbo. The problem was proposed
in the paper Dvorak-Novak [54], but with a different solution, not the one
presented here. The problem’s statement is as follows (see Dvorak-Novak
[5]):
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Example 6.36. “Mr. John Smith has been shot dead in his house. He was

found by his friend, Mr. Carry. Lt. Columbo suspects Mr. Carry to be the
murderer.

Mr. Carry’s testimony is the following: I have started from my home at
about 6:30, arrived to John’s house at about 7, found John dead and went

immediately to the phone box to call police. They told me to wait and came
immediately.

Lt. Columbo has found the following evidence about dead Mr. Smith: He
had high quality swit with broken wristwatch stopped at 5:45. No evidence of

strong strike on his body. Lt. Columbo touched engine of Mr. Carry’s car and
found it to be more or less cold.”

To be able to analyze the problem we need to understand and implement
(following the ideas in Dvorak-Novak [5)]) commonsense knowledge. We will
use fuzzy if then rules for this task. Let us start with describing how engine
temperature depends on drive duration.

1. If drive duration is big and time stopped is small then engine is hot.
2. If drive duration is small then engine is cold.

3. If time stopped is big then engine is cold.

Another set of fuzzy rules concerns the wristwatch quality.

1. If suit quality is high then wristwatch quality is high.

2. If suit quality is low then wristwatch quality is low.

The last set of fuzzy rules concerns how likely the wristwatch is broken.

1. If wristwatch quality is high and strike is unlikely then broken is unlikely.

10 7-~"""~"~"""--- N
0.9
0.8 7
0.7
0.6
0.5
0.4
0.37]
0.2

0.1

0.0

T T
0 5 45 50

Fig. 6.11 Drive duration small (dash), big (dash-dot) and about 30’ from Mr.
Carry’s testimony (solid line)
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Fig. 6.12 Time stooped small (dash), big (dash-dot) and the fuzzy set representing
the fact that police came immediately (solid line)

Fig. 6.13 Engine Temperature cold (dash-double dot), hot (dash), more or less
cold (dash-dot), and the output of the inference system (solid line)

2. If wristwatch quality is low and strike is likely then broken is likely.

3. If strike is likely then broken is more or less likely.

The antecedents for the first set of rules are drive duration with antecedents
small and big represented in Fig. [6.11), together with Mr. Carry’s drive dura-
tion of about 30° as he started from home at about 6:30 and arrived at John’s
house at about 7. The time since the car has stopped and cooled down is
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Fig. 6.14 Watch broken unlikely (dash-dot), more or less likely (dash-double dot)
likely (dash), and the output fuzzy set obtained by fuzzy inference (solid line)

represented in Fig. [0.12. The engine temperature is represented in Fig [G.13.
As an input considering Mr. Carry’s drive duration and time stopped we can
consider a fuzzy inference system to compute the fuzzy sets associated Mr.
Carry’s testimony and compare it with Lt. Columbo’s observations. We used
a Mamdani inference and a Mamdani rule base for simplicity but similar re-
sults are obtained using other inference systems. The output of the inference
system (solid line in Fig. [G13) represents the engine temperature inferred
from Mr. Carry’s testimony and it is compared with the engine temperature
observed by Lt. Columbo. The result shows that according to Mr. Carry’s
testimony the engine temperature should be much higher than the one o0b-
served by Lt. Columbo, so Mr. Carry is lying. We have also considered a
fuzzy inference system to determine how likely the wristwatch was broken at
the time of John’s death. We will skip some details and we show the output
of the fuzzy system with Mamdani inference and rule base in Fig. [6-14] The
evidence gathered by Lt. Columbo regarding qualitative estimates is used as
mput of a fuzzy inference system consisting of the last two set of fuzzy rules
and we obtain that it is unlikely that the watch broke at the time of death of
the victim. Since the watch is broken, this is considered indirect testimony by
Mr. Carry and it turns out again that it contradicts the evidence, i.e., Mr.
Carry 1is lying.

6.7 Problems
1. Consider the fuzzy rule

If x is A then y is B
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where the fuzzy sets A, B : {1,2,3,4,5} — [0, 1] are defined as A(z) =
02 4 0T + 2+ 071+ 02 B(y) = $+ % + 52 + 1 + %2 Find the
Mamdani and Gddel fuzzy rules associated to the given fuzzy sets. Write
the Mamdani and Gddel inference associated to the fuzzy rule. If A'(z) =
0;11 + 07”— 03;3 + % +% find the output of the Mamdani and Godel inference
with Mamdani and Gédel rule respectively (each rule can be combined
with each inference).

. Consider the fuzzy rule

If x is A then y is B

where the fuzzy sets A : [0,10] — [0,1] and B : [0,100] — [0,1] are
triangular numbers defined as A = (3,5,6) B = (10,20, 30). Find the
Mamdani fuzzy rule associated to the given fuzzy sets and then graph it.
Write the Mamdani inference associated to the fuzzy rule. If A’ = (2, 3,4)
then calculate the output of the Mamdani inference with Mamdani rule
and then graph it.

Consider the fuzzy rule
If x is A then y is B

where the fuzzy sets A : [0,10] — [0,1] and B : [0,100] — [0,1] are
trapezoidal numbers defined as A = (3,5,6,8) B = (10,20, 30, 40). Find
the Mamdani fuzzy rule associated to the given fuzzy sets and then graph
it. Write the Mamdani inference associated to the fuzzy rule. If A" = x4
is a singleton input then find the output of the Mamdani inference with
Mamdani rule and then graph it.

Set up a fuzzy rule base and a fuzzy inference system for the problem
of filling up a reservoir with water. We can consider for example three
antecedents: water level is low, medium, high) and correspondingly three
consequences debit is high, medium, low. Give the fuzzy if then rules,
the antecedents and the consequences and explain what fuzzy rule base
and inference you would use with them.

Set up a fuzzy inference system for an agent in a video-game that has to
avoid the enemy. The antecedents that can be considered have to take
into account that the enemy can be near or far form our agent and the
enemy may be approaching, stationary or departing. The agent we are
considering may be stationary, or moving away slow, moving away fast
(from the enemy). Give the fuzzy if then rules, the antecedents and the
consequences and explain what fuzzy rule base and inference you would
use with them.
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Set up a fuzzy inference system which has to decide on the tip at a
restaurant depending on the quality of service and the quality of food.
Write a set of fuzzy rules with antecedents and consequences, and a
fuzzy inference. Consider a set of premises and find the corresponding
conclusion.

Let us consider the Mamdani inference with Larsen rule. The system is
described by

\/ A'(z) AR(z,y), R(z,y) = A(x) - B(y)

zeX

Prove that if A is normal then the system has the interpolation property,
ie. if A’ = A then B’ = B.

Let us consider the Mamdani inference with Larsen rule base. The system
is described by

\/ A'(z) A R(z,y), R(z,y) = \/ Ai(x) - Bi(y)

reX i=1
Prove that if A; are normal and if they have disjoint supports, then the
system has the interpolation property, i.e. if A’ = A; then B’ = B;.
Let us consider the Mamdani inference with t-norm rule base

n

\/ A'(z) A R(z,y), R(z,y) = \/ Ai(x)TB;(y)

zeX i=1

such that for every ¢ = 1, ..., n there exists an x; € X such that A;(x;) =
1. Prove that the following property is verified: If A’ = A; then B’ > B;

Let us consider a Mamdani inference with Godel rule base

n

= \/ A'@@)AR(z,y), R(z,y) = )\ Ai(z) = Bi(y).

reX i=1
if A; are normal and if A" = A; then B’ < B;.

Let us consider the Godel residual inference with Mamdani rule base
n

= N\ A'(@) =1 R(z,y), R(z,y) = \/ Ai(z) A Bi(y)-

rzeX i=1

(i) If A; are normal and continuous

(ii) and if the core of any A; and the support of any A; are disjoint when
i # 7,

then the interpolation property holds i.e., if A’ = A; then B’ = B;.



7
Single Input Single Output
Fuzzy Systems

In the previous chapter we have described in detail Fuzzy Inference Systems.
These have fuzzy sets as inputs, and their output is a fuzzy set as well, so these
systems work exclusively in a fuzzy setting. Often, in practical applications
we need to be able to accept crisp inputs and also, the system needs to
produce a crisp number for the output. Surely this is often a well defined
classical functional relationship between inputs and outputs. Naturally raises
the question why do we need fuzzy systems when we have a crisp relationship,
crisp input and also a crisp output for a classical system. The reason for
this fact lies in epistemic uncertainty. However we have a crisp relationship,
this is often unknown or only partially known to us. As we will see in this
chapter fuzzy systems can fill in the gaps and approximate any desired output
with arbitrary precision. Approximation properties of fuzzy systems were
widely investigated in the literature starting from B. Kosko’s paper [97]. Since
then many authors dealt with approximation properties of fuzzy systems
Kosko [111], Li-Shi-Li [100], Li-Shi-Li [101] Tikk-Kéczy-Gedeon [146], K6czy-
Zorat [95]. Yet a fully constructive method providing also an error estimate is
still missing. The approach in Li-Shi-Li [100], Li-Shi-Li [I0T] is constructive
but not fully constructive, because it requires the knowledge of the inverse
image of the function to be approximated. The present approach solves this
problem. The difficulty in studying such systems is in the fact that they
are nonlinear operators, based on max, min and — type operations. Tools
to deal with similar problems were recently developed in Bede-Nobuhara-
Dankova-Di Nola [22] and Bede-Coroianu-Gal [16]. The results in Section [(3]
are published for the first time in the present work.

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 105-{[36]
DOI: 10.1007/978-3-642-35221-8 7 (© Springer-Verlag Berlin Heidelberg 2013
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Besides Mamdani approach (Mamdani Assilian [I07]) there is another ma-
jor direction, that of Takagi-Sugeno fuzzy systems (Sugeno [I138]). Sugeno sys-
tems and their approximation capability were studied in Buckley [33], Ying
[153], Celikyilmaz-Tiirksen [34], Sonbol-Fadali [I32] etc. Again the construc-
tive results are either missing from the literature or they are not accompa-
nied by error estimates. In Section 7.5 we prove approximation properties for
Takagi-Sugeno fuzzy systems and higher order Takagi-Sugeno fuzzy systems
(see Celikyilmaz-Tiirksen [34]). The results of Section [7:4] are new, published
in the present work for the first time. The error estimates presented here are
simple and they open up new research directions and applications.

Combining these approximation properties of a fuzzy system with the abil-
ity to model linguistic expressions makes them very interesting to study and
also very efficient in applications. This motivates us to emphasize the idea
that the topic of Fuzzy Sets and Fuzzy Systems is an independent disci-
pline within Mathematics, being a unique combination of ideas overlapping
strongly with topics in Logic and Approximation Theory.

7.1 Structure of a SISO Fuzzy System

A single input single output fuzzy system (SISO Fuzzy System) uses
a crisp input, fuzzifies it, maps it through a fuzzy inference system and the
fuzzy output that is obtained is transformed into a crisp output. Often SISO
Fuzzy Systems are used in a control problem and then they are called fuzzy
controllers.

The diagram of a SISO fuzzy system is represented in Fig. [Tl

Crisp input | —— [Fuzzifier| —— [Inference system | —— [Defuzzifier| —— [Crisp output
l | — | | —| | — | | — |
1
Rule base

Fig. 7.1 The components of a fuzzy controller

Let us discuss in what follows each of the components.

7.1.1 Fuzzification

Most of the systems use the most basic fuzzifier that is the canonical inclusion.
If g € X is a crisp input then the fuzzy set associated with it is the singleton
fuzzy set xp, given by the characteristic function

/ _ _ 1 if T = Xo
A(x)_X{zo}(x)_{ 0 if 1.7&1.0
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Fuzzy Systems can take into account uncertainty at this step. If the input
crisp value is influenced by uncertainties then these can be taken into account
when building a non-singleton fuzzy input. In the present chapter we consider
the inclusion fuzzifier.

7.1.2 Fuzzy Rule Base

The fuzzy rule base can be described as a fuzzy relation R(z,y). For a fuzzy
controller we can select among different types of fuzzy rule bases as described
previously.

7.1.3 Fuzzy Inference

The fuzzy inference system that we consider can be of any type that have
been discussed before (Mamdani, Gédel, Larsen etc.). Mamdani Inference
gives
B'(y) = (Ro A')(z) = \/ A'(z) A R(x,y),
reX

where the fuzzy relation R is the fuzzy rule base.

7.1.4 Defuzzification

Defuzzification is the final step in a fuzzy control algorithm. Based on the
output of a fuzzy controller one has to give an estimate of the crisp quan-
tity (a representative crisp element) for the output value of the SISO fuzzy
system. In this case one has to use a defuzzification. There are many differ-
ent defuzzification methods and based on the given application that we are
working on, we can select a suitable defuzzification.

Center of Gravity (COG). The value selected is the center of gravity of
the fuzzy set v € F(X). More formally, we have

Sy @ - u(z)d

S w(@)dz

where W = supp(u). In the present work the Center of Gravity defuzzification
is the most frequently used.

Center of Area (COA). If u € F(R) then the number COA(u) is defined
as the point of the support of u that divides the area under the membership
function into two equal parts. If COA(u) = a then a satisfies

/_ oo w(w)ds = / " ula)ds.

COG(u) =
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Expected value and expected interval (EV and EVI). If u is a con-
tinuous fuzzy number then the expected value EV (u) is given by

1
EV(u) = %/0 (uy +ul)dr.

and the expected interval is

1 1
EVI(u) = {/ u;dr,/ ujdr] .
0 0

The expected value is the midpoint of the expected interval.

Mean of Maxima (MOM). The mean of maxima defuzzifier selects the
mean value of the points where the membership grade attains its maximum.

fer xdx
fer dz’

where U = {z € X|u(z) = max¢ex u(t)}.

MOM (u) =

Maximum criterion. Sometimes, to avoid practical difficulties the choice
of the defuzzification can be arbitrary fulfilling the max criterion i.e., we may
select arbitrary x € U with

U={ze Xu(z) = E%agu(t)}

7.2 Fuzzy Inference and Rule Base for a SISO Fuzzy
System

Mamdani inference has simple expression on par with great computational
and intuitive properties. Also, these were historically the systems used in the
first fuzzy controllers. Using a Godel inference has apparently some theoret-
ical advantages over Mamdani inference because of their interpretation via
fuzzy relational equations. The choice of Mamdani inference in SISO fuzzy
systems is motivated by the following property.

Proposition 7.1. If A'(z) = X{4,}(x) is a crisp input of a fuzzy inference
system with a given rule base R(x,y), then the outputs of Mamdani, Larsen,
t-norm, Gddel and Gddel residual inference systems coincide.

Proof. Let

oy 1 itz =1
A(x){o if x#x

Then for the Mamdani inference we have

B'(y) = \/ A'(z) A R(z,y) = A'(w0) A R(wo, y)
zeX
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=1A R(an y) = R(‘rOa y)
For Larsen inference we have

= \/ 4(@) Rwy)

zeX

= A'(x0) - R(xo,y) = R(zo0,v).

Then for the t-norm based inference we have

\/ A'(x)TR(z,y) = A'(x0)TR(x0,y)
zeX

= 1T R(z0,y) = R(x0,y).

For the Godel inference we have

/\A' ) = R(z,y)

rzeX

=1A A/($0) — R(CBO,Z/)
=1— R(zo,y) = R(zo,y).

For the Godel residual inference we have

= \ A(x) > R(z.y)

rzeX

=1A A/(.’L‘()) —T R(.’L‘o,y)

=1 —1 R(xo,y) = R(xo,y).
| |

Similar result holds for the more general case of having more antecedents.
In a SISO fuzzy system the inference system used does not have an impact
on the output of the fuzzy system, so the output is determined solely by the
rule base used. The rule base that we are using can still be chosen to be of
Mamdani, Larsen, t-norm, Goédel or Godel residual type. Since the inference
system in the SISO case does not matter, the fuzzy rule base is the one that
will be specified and it will decide the output of the system.

The following results show a simplification for the calculations of the out-
put of a SISO fuzzy system and so, these systems will be computationally
very inexpensive, making them widely applicable in real-time situations.
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Proposition 7.2. If A'(x) = X{4,}(x) is a crisp input of a fuzzy inference
system with a Mamdani rule base

n
R(z,y) = \/ A;i(x) A Bi(y)
i=1
then the output of the system can be calculated as
B'(y) = \/ a; A Bi(y),
i=1

where a; = A;(xo) is the firing strength of the it" fuzzy rule.
Proof. Let

o 1Az =uaxg
A(x)_{() if z#x

Then we have

B'(y) = \/ Al(x) A \/ Ai(z) A Bi(y)

rzeX

n

= A'(xo) A \/ Ai(wo) A Bi(y)

i=1

=11\ Ai(wo) A Bi(y) = \/ @i A Bi(y),

where «; = A;(x0). [
Similar results hold for the Larsen and t-norm based inferences.
Proposition 7.3. If A'(x) is a crisp input of a fuzzy inference system with

a Larsen rule base
n

then

where a; = A;(xo) is the firing strength of the it" fuzzy rule.

Proof. The proof is left as an exercise. [



7.2 Fuzzy Inference and Rule Base for a SISO Fuzzy System 111

Proposition 7.4. If A'(x) is a crisp input of a fuzzy inference system with

a t-norm rule base
n

R(z,y) = \/ Ai(2)TBi(y)

i=1

i=1

where a; = A;(xo) is the firing strength of the it" fuzzy rule.
Proof. Let

then

oy 1Az =uxg
A(x)_{() if z#x

Then we have

= \/ Al(z) A\ Ai(x)TBi(y)
zeX i=1
= \/ Ay (x0)TBi( \/ ;T B;(y
i=1
with Q; = Az(x()) ]

Proposition 7.5. If A'(x) is a crisp input of a fuzzy inference system with

a Gaédel rule base N

R(z,y) = /\ Ai(z) = Bi(y)

i=1
then

/sz%%&@

where a; = A;(xo) is the firing strength of the it" fuzzy rule.
Proof. Let

oy 1 itz =1
A(x){o if x#x

Then we have

= \/ A'(z) A /\ Ai(x) — Bi(y)

zeX

= A\ 4'(z0) A (Ai(z0) = Bi(y))
i=1

n

—/\A $0 %B /\QZHB

=1

where «; = A;(x0). [
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Proposition 7.6. If A'(x) is a crisp input of a fuzzy inference system with
a residual Godel rule base

n

R(z,y) = /\ Ai(z) =1 Bi(y)

i=1
then

n
B'(y) = )\ & =7 Bi(y),
=1

where a; = A;(xo) is the firing strength of the it" fuzzy rule.
Proof. The proof is left as an exercise. [

These properties suggest a simplified implementation of a SISO fuzzy system,
when the input of the system is crisp.

Algorithm 7.7. 1. Input the crisp value xg.
2. Calculate the firing strengths of each fuzzy rule: a; = A;(xo).
8. Calculate for a given y € Y the output fuzzy set that is

B'(y) = \/ ai A Bily)
i=1

for a Mamdani rule base.
4. Defuzzify B' (yo = defuzz(B').)
5. Output yp.

Example 7.8. Let us consider a simple Mamdani SISO fuzzy system with
two fuzzy rules

If v is A; theny is B;,i = 1,2,
with Ay = (1,2,3), Ay = (2,3,4), By = (2,4,6), By = (4,6,8). Let 7y = 2.25.
Then the firing strength of the first rule is 0.75 while the firing strength of
the second rule is 0.25. Then the output of the system is

B'(y) = (0.75 A B1(y)) V (0.25 A Ba(y)).

The output can be expressed as

Y2 gf 2<y<35
075 if 35<y<45
B(y) = 54 if 45<y<55
025 if 55<y<T.5
54 gf T5<y<8
0 otherwise

Now we have to defuzzify this result. We have f; B'(y) -y - dy = 10.875,
3 B'(y) - dy = 2.375 and COG(B') = 4.579.
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Remark 7.9. If the fuzzy rule base has more than one antecedent, similar
conclusions hold true. Indeed, if e.g.

n

R(z,y,z) = \/ Ai(z) A Bi(y) A Ci(z)

i=1

is a Mamdani rule base in a Mamdani inference with crisp input (zo,yo),
then similar to the previous results we have

n

C'(2) = \/ Ai(w0) A Bi(yo) A Ci(2)

=1

(67 A CZ(Z),

=

i=1

where the firing strength of the it" rule is

a; = Ai(xo) A Bi(yo).

7.3 Approximation Properties of SISO Fuzzy Systems

Let us consider the problem of approximating an unknown continuous func-
tion f : [a,b] — [c,d], with [¢,d] C R by a SISO Fuzzy System. We consider
[c, d] to be the range of the function f, i.e., f([a,b]) = [¢, d]. The problem has
been solved for the first time in B. Kosko’s works (see [97]). There were sev-
eral results, most of them showing that under some conditions, fuzzy systems
are able to approximate any continuous function with arbitrary accuracy. In
the approach presented here, the proofs of the approximation properties are
constructive and error estimates are also provided. This approach is published
in the present work for the first time.

Leta =129 < 71 < ... < xp < Tpy1 = b be a partition of the input domain
with norm

b= swp {m -z}
i=1,....,n+1
Let f(z;) = yi,4 = 0,...,n + 1 be sample values of the function. Let us
construct a SISO fuzzy system that describes the functional relationship
f@) =y, = €la,b].
We consider fuzzy systems with the support of each fuzzy set in the an-
tecedent part, satisfying A;(z;) = 1 and

(Ai)o = [wi—1, zig1], i =1,...,n.

Additionally we consider A;(z) to be continuous. The fuzzy set A; can be
seen as a model for the expression z is about z;, i =1, ..., n.
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The consequence part B; will be considered integrable and it is constructed
such that B;(y;) =1 and it has the support

(Bi)o = [min{yi—1, i, Yi+1}, max{yi—1,¥i, Yi+1}],i = 1,...,n.
The fuzzy set B; can be seen as a model for the expression y is about y;,

1=1,..,n.
The fuzzy rule base in this case becomes

If z is about x; then y is about y;,i =1,...,n

or
If xis A; then y is B;,i=1,...,n,

rule which is consistent with our intuitive idea on function approximation.

7.3.1 Approxrimation by Mamdani, Larsen and
t-Norm Based SISO Fuzzy Systems

Now we consider a SISO fuzzy system with Mamdani rule base and Center
of Gravity defuzzification. Let x € [a,b] be a crisp input. The fuzzy output

is calculated as .

B'(y) = \/ Ai(z) A B(y),

i=1

which is subject to defuzzification and the result is

LBy dy
I B'(y)dy

Combining these two relations we can write a SISO fuzzy system as

P(f, ) = Vi (Ailo) A Bi(y) -y dy
Jo Viei(Ai(z) A Bily)) - dy

Since A; is continuous, and B; integrable, ¢ = 1,...,n we have F(f,z) well
defined and continuous.

Usually, the error estimates in classical approximation theory are provided
in terms of the modulus of continuity (see appendix).

We will need two lemmas.

COG(B')

Lemma 7.10. (see e.g. Bede-Nobuhara-Dankova-Di Nola)For any a;,b; €
[0,00), i € {0,...,n} we have

n

V- /o
=0

=0

n
< \/ lai — b
=0
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Proof. Since max operation is non-decreasing in its arguments, we have

n

\ai = \/1bi + a; — bi| < \/bi + |a; — bi
i=0

i=0 =0

and it follows
n n n
\/ai < \/bi + \/|az — byl
i=0 i=0 i=0

This inequality together with the symmetric case implies the statement of
the lemma. u

Remark 7.11. If A;,;i=1,....,n are continuous and B;,i = 1,...,n are inte-
grable functions then taking into account that the max and min are continu-
ous bi-variate functions, we obtain that the function F(f,-) : [a,b] — [c,d] is
continuous, being a composition of continuous functions. If we consider the
operator F(-,x) : Cla,b] — Cla,b] we observe that it is a nonlinear operator,
so approzimation by F(f,x) can be studied in the framework of nonlinear
approximation.

The following approximation theorem can be obtained.

Theorem 7.12. (Approzimation property of the Mamdani SISO fuzzy sys-
tem) Any continuous function f : [a,b] = R can be uniformly approzimated
by a Mamdani SISO fuzzy system

_ JYIVIL A@) A Bi(y)] -y - dy
JEVIL (Ai(2) A Bi(y)) - dy

with any membership functions for the antecedents and consequences Aj;,
B;,i=1,....,n satisfying

(i) A; continuous with (A;)o = [Ti—1, Tit1], 1 =1,...,m;

(i) B; integrable with

F(f,z)

(Bi)o = [min{y;—1, ¥, Yiv1}, max{yi—1, ¥i, Yit1}]

fori=1,...n, where y; = f(x;),i=0,...,n+ 1.
Moreover the following error estimate holds true

[EF(f.2) = f(z)|| < 3w (f,9),
with 6 = max;—1,. np{®i —xi—1}.
Proof. We observe that

SV, Ai(x) A Bi(y)] - f(z) - dy
JEVI (Ai(@) A Bi(y)) - dy

= f(z)
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and we have
JAVE (Ai(@) A Bi(y))] - (y — f(x) - dy
SOV (Ay(x) A Bi(y)) - dy
[V (Aie) A Biw)) - (v = F@))l dy
SV (Ai(2) A Bily)) - dy

[F(f,2) = f(z)] =

<

By Lemma [7.10 we have

SV (Ai@) A Bi(y))] -y — S ()| dy.
J VA (As(a) A Biy) - dy

The membership degrees A;(z) are null outside of their support. Also, any
fixed value of = € [a, b] belongs to the support of at most two fuzzy sets A;.
Suppose that x € (A4;)o U (4;+1)0. Then we have

[E(f,x) = ()]
< S 1A (@) A By(y) V (Ajia (@) A Bya )] - [y = f ()| dy

d
Jo (A (@) A B () V (Aja (2) A Bja (y)] - dy
Taking now into account that

[F(f,z) = f(2)] <

(Bi)o = [min{y;—1, yi, Yi+1 }, max{yi—1, yi, yi+1}]
we can restrict the integrals to the union of the supports of B; and Bji1,
which is a subset of
[min{y;—1, Y5, Yj+1, Yj+2 s max{y;—1, Yj, Yj+1, Yj+2 1.
We obtain
|F(f, x) — f(z)]
_ JB,)00(B;41)0 (A3 (@) ABj() V (Aj1(x) A Bjpa ()] - ly — f(z)| dy
- J8,)00(By 1) (Ai (@) ABj(1) V (Aja () A Bja(y))] - dy

By the definition of B;, B;+1, and by the intermediate value theorem applied
to the continuous function f, given y € (Bj)o U (Bj+1)o there exist z €
[€j—1,xj42] such that f(z) = y. Then using the properties of the modulus of
continuity in Theorem we get

ly = f(@)] = 1f(2) = f(@)] <w (], [zj2 — zja])
Sw(f,30) < 3w(f,9),

with § = max;—1,. n{z; — z;_1}. Finally we obtain
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Corollary 7.13. A Mamdani SISO fuzzy system F(f,x) is able to approxi-
mate any continuous function f(x) with arbitrary accuracy.

Proof. From Theorem [A.39 we have If § — 0 then F(f,z) — f(x) and the
result is immediate. ]

Corollary 7.14. If we consider f : [0,1] = [¢,d] a continuous function and
the partition a = x¢g < 21 < ... < Tpy1 = b with equally spaced knots, then
we have

WUﬂO—ﬂ@HSw(ﬁE%T>

Proof. From Theorem [[.12] the result is immediate. [ ]

Remark 7.15. We observe that the fuzzy sets A;, B; do not need to be nor-
mal. A small support ensures the convergence of a fuzzy system to the target
function. Also, we can consider fuzzy systems with more than two overlap-
ping supports at a time. For example if (A;)o, (Ajx1)0, -, (Aj4r)o overlap
and likewise (Bj)o, (Bj+1)0s ---, (Bj+r)o, then one can obtain the error esti-
mate

IF(f,2) = f(@)] < (r+ 1w (f,6)
in a similar way to Theorem [7.12,

The preceding Theorem can be extended to Mamdani Fuzzy systems with
Larsen rule base. In fact one can extend the Theorem to any t-norm.

Theorem 7.16. (Approzimation property of the Larsen SISO fuzzy system)
Any continuous function f : [a,b] — R can be uniformly approximated by a
Mamdani SISO fuzzy system with Larsen rule base

SV Aie) - Biy)] -y - dy
JAVIE Ai(@) - Bily)] - dy

with any membership functions for the antecedents and consequences Aj,
B;,i=1,....,n satisfying

(i) A; continuous, (Ai)o = [xi—1,Tit1], i =1,...,n;

(i) B; integrable,

F(f,.’II) =

(Bi)o = [min{y;—1, ¥s, Yi+1}, max{yi—1, Yi, Yi+1}),

yi = fx;),i=1,..,n.
Moreover the following error estimate holds true

IE(f;2) = f(2)|| < 3w (f,0),

with 6 = max;—1,. n{®i — xi—1}.

Proof. The proof is left as an exercise. [
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Corollary 7.17. A Larsen SISO fuzzy system F(f,x) is able to approzimate
any continuous function f(x) with arbitrary accuracy.

Proof. The proof is immediate. ]

Theorem 7.18. (Approzimation property of the t-norm based SISO fuzzy
system) Any continuous function f : [a,b] — R can be uniformly approxi-
mated by a Mamdani SISO fuzzy system with t-norm (we consider a contin-
wous t-norm T ) rule base

F(f.) = SV Ai@)TBi(y)] -y - dy
’ JIVIZ, Ai@)TBi(y)] - dy

with any membership functions for the antecedents and consequences Aj;,
B;,i=1,...,n satisfying

(i) A; continuous, (A;)o = [Ti—1,Tit1], i =1,..,n;

(i1) B; integrable,

(Bi)o = [min{y;—1, v, yir1}, max{yi—1, ¥s, Vit 1}]s

yi = fx;),i=1,..,n.
Moreover the following error estimate holds true

[F(f,z) = f(@)] < 3w(f,0),
with 6 = max;—1,. np{®i —xi—1}.

Proof. The proof is left as an exercise for the reader. [

7.3.2 Approximation by SISO Fuzzy System of Gaodel
and Godel Residual Types

Similar to the Mamdani case we consider a continuous function f : [a,b] —
[e,d], and a = 29 < 1 < ... < Tp, < Tpt1 = b be a partition of the input
domain with norm
0= sup {m;i—axi_1}.
i=1,..., n+1
Let f(z;) = yi,t = 0,...,mn + 1 be known values of the function. The an-
tecedents satisfy A;(z;) = 1 and

(Ai)o = [Tic1, xita],i=1,...,n.

Additionally we consider A; to be continuous.
The consequences B; are such that B;(y;) = 1 and

(Bi)o = [min{yi—1,yi, Yi+1}, max{yi—1, Vi, Yit1}],1 = 1,...,n.
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and they are supposed to be integrable. Now we consider a SISO fuzzy system
with Godel rule base and Center of Gravity defuzzification. Let = € [a, b] be
a crisp input. The fuzzy output is calculated as

n

B'(y) = \ Ai(z) = Bi(y),

=1

which is subject to defuzzification and the result is

LBy dy

COG(B) B/ )y

The continuity of A; and the integrability of B; ensures the integrability
of B'.
Combining these two relations we can write a SISO fuzzy system as

S INZs Aile) = Biy)] -y - dy.

F(f,z)=
(f, ) fcd [/\?:1 Ai(l‘) N Bi(y)] - dy

Let us remark here that the implication — is not continuous as a bi-variate
function but since B; are integrable the output F(f,z) is well defined. In
general we cannot conclude that F(f,z) is continuous.

We will need the following Lemma.

Lemma 7.19. For any a; € [0,00), i € {0,...,n} and y, z € [0,00) we have

n n
New— Pa:
=0 =0

Proof. We observe that

n
< Nei-ly =2l
=0

Naiy = Nai(z +y —2) < Nai(z+ 1y - z)
=0 =0

=0

n n
< /\aiz + /\ai|y — Z|
i=0 i=0
and symmetrically

n
a;y + /\ai\y —z|.
0 i=0

=

n
Paiz <
=0 %

The required inequality follows by combining the two cases. [



120 7 Single Input Single Output Fuzzy Systems
Remark 7.20. A result similar to Lemma [7.10 does not hold. In fact, the
following inequality can be proved

n

A= Ab

=0 =0

n
S \/|az *bz‘a
=0

but this inequality cannot be used in the approrimation result we are about to
prove. This inconvenience was resolved by Lemma[7.19

Theorem 7.21. (Approzimation property of the Gédel SISO fuzzy system)
Any continuous function f : [a,b] = R can be uniformly approximated by a
Godel SISO fuzzy system

JEIAL, Ai(x) = Bi(y)] -y - dy
JEINL, Ai(z) = Bi(y)] - dy

with any membership functions for the antecedents and consequences Aj;,
B;,i=1,....,n satisfying

(i) A; continuous (A;)o = [xi—1,Tit1], i = 1,...,m;

(ii) B; are integrable

F(f,z) =

(Bi)o = [min{y;—1, ¥, Yiv1}, max{yi—1, ¥i, Yit1}]

fori=1,...n, wherey; = f(x;),i=0,...,n+ 1.
Moreover the following error estimate holds true

1E(f;2) = f(2)|| < 3w (f,0),

with 6 = max;—1,. n{®i — xi—1}.

Proof. We observe that
SN, Ag(z) = Bi(w)] - f(x) - dy
JEINL, Ai(z) — Bily)] - dy

= f(z)

and we have

AL Ai@) = Bulw)) - (v = @)l dy.
T NS A = Biy)) - dy

[F(f,z) = f(x)

By Lemma we obtain
SN, Ade) > Biy)] -ly — f(x)|dy.
JEINL, Ai(z) = Biy)] - dy

The membership degrees A;(x) are null outside of their support so the im-
plication A;(z) — B;(y) = 1 whenever = ¢ (A;)p. Also, any fixed value of

[F(f,2) = f(2)] <
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x € [a,b] belongs to the support of at most two fuzzy sets A;. Suppose that
x € (Aj)o U (A4j+1)0, then we have

IF(f,2) = f(@)
_ L@ = Bi) A (A @) > Bin@)] - ly — f(a)l dy
S @) = B) A (A (@) = By )] - dy

Taking now into account that

(Bi)o = [min{y;—1, ¥, Yiv1}, max{yi—1, ¥i, Yit1}]

we can restrict the integrals to the union of the supports of B; and Bji1,
and by the intermediate value theorem given y € (B;)o U (Bj+1)o there exist
z € [zj—1,2;42] such that f(z) =y. Then using Theorem [A.39 we obtain

ly = f2)] < 3w (f,9)

with § = max;—1,. n{z; — z;_1}. Finally we obtain

[F(f,2) = f(2)] < 3w(f,0).
]

Corollary 7.22. A Gddel SISO fuzzy system F(f,x) is able to approzimate
any continuous function f(x) with arbitrary accuracy.

Proof. The proof is immediate. ]
For a residual rule based system we obtain the following property.

Theorem 7.23. (Approzimation property of the residual SISO fuzzy system)
Any continuous function f : [a,b] = R can be uniformly approximated by a
Gaodel residual SISO fuzzy system

JHIAL, Ai(@) =1 Bi(y)] - y - dy
JEINL, Ai(z) =7 Bily)] - dy

with any membership functions for the antecedents and consequences A;, B,
1 =1,...,n satisfying

(i) A; are continuous and (A;)o = [Ti—1,Tit1], 1 =1,...,n;

(it) B; are integrable with

B(f,x) =

(Bi)o = [min{yi—1,Yi, Yi+1}, max{yi—1, Yi, Yi+1}]

fori=1,...n, wherey; = f(x;),i=0,...,n+ 1.
Moreover the following error estimate holds true

1E(f;2) = f(2)|| < 3w (f,0),

with 6 = max;—1,. np{®i —xi—1}.
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Fig. 7.2 Approximation by Mamdani Fuzzy System. The function f(z) (dashed)
is approximated by Mamdani SISO fuzzy system with triangular (dash-dot) and
Gaussian (solid line) membership functions.

N w ~ o
T T T I Y R A BB |

. o
T B R R
'

Fig. 7.3 Approximation by Larsen Fuzzy System. The function f(z) (dashed) is ap-
proximated by Larsen SISO fuzzy system with triangular (dash-dot) and Gaussian
(solid line) membership functions.

Proof. The proof is left as an exercise. [

Corollary 7.24. A residual SISO fuzzy system F(f,x) is able to approzimate
any continuous function f(x) with arbitrary accuracy.

Proof. The proof is immediate. [
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Fig. 7.4 Approximation by Godel Fuzzy System. The function f(z) (dashed) is
approximated by Godel SISO fuzzy system with triangular (dash-dot) and Gaussian
(solid line) membership functions.

Example 7.25. We consider the function [ : [0,2] —» R, f(z) = 2z +
sin10z. The function is approximated by Mamdani (Fig. [7.2) Larsen (Fig.
[7-3) and Gédel (Fig.[7.4) SISO fuzzy systems. The membership functions of
antecedents and consequences are of triangular and Gaussian types and there
are 20 fuzzy rules describing each system.

7.4 Takagi-Sugeno Fuzzy System

Takagi-Sugeno fuzzy systems (Sugeno [138]) are intrinsically single input
single output systems. A Takagi-Sugeno system has the rule base consisting
of antecedents of linguistic type and conclusions that are piecewise linear
crisp outputs. This makes the defuzzification step redundant.

premise : If x is A; then z; = a;x+b;, i =1,...,n

fact : xis xg
conclusion : z 18 zg.

Takagi-Sugeno (TS) fuzzy controllers do not use an inference system as the
Mamdani or Godel type systems described in the previous section, instead
they use the firing strength of each fuzzy rule in the computation of the con-
clusions. TS fuzzy controller has crisp inputs, singleton fuzzifier and practi-
cally it does not have a defuzzifier.

The control algorithm for a TS fuzzy system is as follows:



124 7 Single Input Single Output Fuzzy Systems

Algorithm 7.26. 1. Input the crisp value xg.
2. Calculate the firing strengths of each fuzzy rule:

oy = Az(x())

3. Calculate the individual rule outputs

zi = a;xo + b;.

4. Aggregate the individual rule outputs and the system’s output is
ggreg Y

Sor iz

Z:‘L:1 a;

A Takagi-Sugeno system with more antecedents can be described as follows:

zZo0 =

premise : if ¢ is A; and y is B; then z; = a;z+ by +c¢;, i=1,....n

fact . xis xp and y is yo

conclusion : z is zg

The control algorithm for a TS fuzzy system of this type is modified as follows

Algorithm 7.27. 1. Input the crisp values xq, yo-
2. Calculate the firing strengths of each fuzzy rule
a; = Ai(zo) A Bi(yo)-
3. Calculate the rule outputs
zi = a;Zo + biyo + ¢;.

4. The output is
ZZL:l Qi Zi
Do
Remark 7.28. Designing the rule base for a TS fuzzy system requires knowl-
edge of the parameters a;,b;,c;, i = 1,...,n. The values of the parameters

a;,b; and c; can be given in advance or they can be obtained using adaptive
techniques that will be discussed later.

zZo =
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Example 7.29. Consider the following TS fuzzy system

if x is big and y is small then zy =z + vy

if x is medium and y is big then zo = 2x — y.

Consider the crisp inputs xo = 3 and yo = 2. Also, we know that ppig(3) =

0.8, Msmall(2) = 0.2, ,umedmm(?)) = 0.6, ;Lbig(Q) =0.9.
We can compute the firing strength of the rules

a1 =08A02=02, as=06A09=0.6
The rule outputs are
21=xo+Yo =095, 22 =2w9 —yo =4

and the output of the system is

o = 02-54+0.6-4 _ 495
0.2+0.6

7.5 Approximation Properties of Takagi-Sugeno Fuzzy
Systems

Let us consider the problem of approximating an unknown continuous func-
tion f : [a,b] — [¢,d], with [¢,d] C R by a Takagi-Sugeno Fuzzy System. In
the present section we adapt a constructive approach. Let a = zg < 1 <
. <2y < xpy1 = b be a partition of the input domain and let f(z;) = v,
i =1,...,n, be sample data. Let 4; € F([a,b]),i = 1,...,n be fuzzy sets with
continuous membership degree such that (A;)o = [z;—1, 2;+1]. The output of
the Takagi-Sugeno fuzzy System can be written as

_ iz Ai(@) - (aix +by)

=== am

with a;, b; € R.
Also, it is possible to generalize a TS fuzzy system such that the individual
rule outputs are polynomials.

_ S Ai(@) - (ami ™+ am—1, 2™ 4 L+ ar i+ ao)

Z;L:1 Az(x) .

This combination builds a higher-order Takagi-Sugeno fuzzy system. The
idea to consider combinations between different approximation operators is
not new, it was used before in several works in Approximation Theory see
Gal [67], open problem 1.6.11. Also in the same direction see e.g. Lucyna

F(f,x)
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[102], where the authors combine approximation operators of Favard type
with Taylor series and Coman [39], for a Shepard-Taylor combined operator
(see also Stancu-Coman-Blaga [I34]). These ideas can be used successfully
to prove that Takagi-Sugeno fuzzy systems have very good approximation
properties.

In a Takagi-Sugeno fuzzy system the coefficients a;,b;,7 = 1,..,n (for the
linear individual rule output) and respectively ay;,i = 1,...,n,k = 0,....m
(for higher order Takagi-Sugeno system) are obtained through an optimiza-
tion process.

We adopt a constructive approach here. Surely, starting with the values
that we select further optimization is still possible.

Theorem 7.30. (Approzimation property of Takagi-Sugeno fuzzy system)
Any continuously differentiable function f : [a,b] = R can be uniformly ap-
prozimated by a Takagi-Sugeno fuzzy system defined as

_ D Ai(@) - (ai(x — @) +bi)
Z?:l Ai(z) ’

with the antecedents A;,i = 1,...n conlinuous, satisfying (A;)o =
[Ti—1,Tit1], ¢ = 1,...,n and the individual rule outputs satisfying b; = f(x;)
and a; = f'(x;), i=1,...,n.

Moreover the following error estimate holds true

I1F(f,2) = f(@)ll < 96w (f,6),

..... n{xi - xi—l}-

F(f,x)

with 6 = max;—

Proof. Let us start with Lagrange’s Theorem. If f is continuous on [z;, z]
(or [z,z;] if # < x;) and differentiable on (x;,z) (or (x,x;)) then there is a
¢; between x and z; such that

f@) = f(e)(@ — i) + f@).

Then we have Z" A(2)- f(2)
o= =5 A
_ i Ai(@) - (f(e) (@ — i) + fl:))
>t Ailz) '

The Takagi-Sugeno fuzzy system can be written

_ i Aie) - (f (i) (@ — @) + f (i)
>imy Ai(w) '

F(f,x)

Then we have

[F(f,z) = f()] =
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< 2im Ai@) -1 f(e) = fiwa)l | — i)
- > iy Ai() '

For a fixed value of x there are only two nonzero terms of the sum i.e.,
x € [xj_1,%j4+2] produces the only two nonzero terms A;(x) and Ajiq(z).
Then, taking into account properties of the modulus of continuity we obtain

Doy Ailx) - w(f' e — xi]) [z — x4
>y Ai(x)

X Ae) - o, 30)30

N > iy Ai(@)

[F(f,z) = f2)] <

< 98w ([, ).

Corollary 7.31. Let f be twice continuously differentiable. Then the follow-
ing quadratic error estimate holds true

IF(f,x) = f(@)ll <96 [ 7],
here the norm is the supremum norm.

Proof. The proof is immediate. [

Remark 7.32. We observe that the fuzzy sets A;, do not need to be normal.
Also, we can consider fuzzy systems with more than two overlapping supports
at a time. For example if

(A5)05 (Aj+1)0s s (Ajtr)o

overlap, then one can obtain the error estimate

1F(f,2) = f@)ll < (r +1)%6w (f,6).

Remark 7.33. We observe that the Takagi-Sugeno fuzzy system constructed
with fixed membership functions A; is a linear operator. So, TS fuzzy systems
can be studied using techniques of classical approximation theory. But a TS
fuzzy system combined with adaptive techniques will not be a linear operator
any more.

Theorem 7.34. (Approzimation property of higher-order Takagi-Sugeno fuzzy
system) Let f : [a,b] — R be m times continuously differentiable. The it can

be uniformly approzimated by a higher-order Takagi-Sugeno fuzzy system de-
fined as

_ 2 Ai(@) - (ami(@ — @)™ + o+ ari(@ — @) + ao.i)
21;1 Az(x)
with the antecedents A;,i = 1,...,n satisfying (A;)o = [Ti—1,Tix1], i =1,..,n

and the individual rule outputs being Taylor polynomials about x; of f(x),
i.e.,

F(f,x)

f(k) (z5)

ak,; = T
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Moreover the following error estimate holds true

3m+1

IF(f2) = @) £ == 8"a(f™,5)

with 6 = max;—1,. n{®i — xi—1}.

Proof. We start with a Taylor expansion which insures the existence of &;
between z and x; such that

(i)

ﬂ@=f@»+—ﬁ—w—xo+m+£@&@

— (.’L‘ _ xi)m.

Then we have

_ Z?:l Ai(x) - f(z)
o) = = AW
and so
1y 2 S Ae) - [1@) + B ) 4t EE e - )

> it Ailz)
The Takagi-Sugeno fuzzy system can be written
n (m) m
Zi:l Aq(z) - [f(xz) + I’ (xl) (z — ;) + ... + i (acz)(x ) L]
Zi:l Ai(z) '

F(f,z) =

Then we have

(m) (... (m) (e
Zr_i Az(.’IJ) NEi ) (x4) _f W)LEfz) ‘.’17 _xi|m

ST A

Taking into account that « € [z;_1,2,42] produces the only two nonzero
terms A;(z) and Aj41(x), we obtain

Sy Aiw) - (f i — € |2 — il "
F(f2) (@) < T

[F(f,2) = f()] =

< Sy Ai(x) - Lw(fm),36)(36)™
B >iey Ailz)

3m+1
< 5”L0J(f(”L), (5)
m!

Corollary 7.35. Let f be m+ 1 times continuously differentiable. Then the
following error estimate holds true

m+
(m +1)!

here the norm is the supremum norm.

IE(f,2) = fo)ll <

5m+1 Hf (m+1) H
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Fig. 7.5 Approximation by Takagi-Sugeno Fuzzy System. f(z) = sin(6z) (solid
line) is approximated by Takagi-Sugeno system with triangular (dashed line) and
Gaussian (dash-dot line) membership functions.

Proof. The proof is immediate. [

Remark 7.36. We observe that the fuzzy sets A;, do not need to be normal.
Also, we can consider fuzzy systems with more than two overlapping supports
in this higher order system as well. If (A;)o, (Ajx1)0, -, (Aj+r)o have non-
empty intersection, then one can obtain the error estimate

(r+1)m*

IP(.0) — ol < S g | o).

Example 7.37. We consider the problem of approximating f(z) = sin(6x),
x € [0,1] by a Takagi Sugeno fuzzy system with 5 rules.

premise : If x is A; then z; = a;x +b;, i=1,....,n

We can construct the TS fuzzy system in Theorem [T.30 using Gaussian or
triangular membership functions. The results can be compared in Fig. [T.3]

7.6 Fuzzy Control

A dynamical system is a function which describes the time-dependence of a
point’s position in space

d:UCTxM— M,

where T is either a real interval (for continuous dynamical systems) or it is
a subset of integers (for discrete dynamical systems), M is a set of states,
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coordinates for the system. The behavior of a dynamical system is often
described by differential equations

/
' = f(t, )
for continuous-time systems, or difference equations

Tn+l = f(tnvxna -~-ax0)a

for the case of discrete dynamical system. The function f(t,x) besides time
and coordinate may depend on parameters

= f(t,x,u).

Tnt1 = [(tny Tny ey To, U).

This allows us to get a desired position or trajectory by manipulating pa-
rameters of the system. The evolution of the values of the parameter u that
give the desired position (track) is called the control signal. Classical control
engineering uses mathematical analysis to update in time the control signal
u. The approach needs intense computational and theoretical efforts.

The idea of Zadeh was to formulate the control algorithmically in terms
of simple (fuzzy) logical rules. This idea lead to the development of fuzzy
controllers.

A fuzzy controller aims to implement fuzzy inference systems in control
theory. The first fuzzy controller was designed by Mamdani and Assilian
[107]. Since then many applications have used fuzzy controllers and there
are several types of fuzzy controllers. A fuzzy controller is essentially a SISO
fuzzy inference system. Often one may make the confusion to call a SISO
fuzzy inference system as a fuzzy controller. The usage of this terminology
is inconsistent with control theory. Fuzzy controller should have the output
linked into a control system as described above. So in the current work we
make a distinction between SISO fuzzy system and fuzzy controller.

7.7 Example of a Fuzzy Controller

An inverted pendulum has its lower end fixed to a cart (see Fig.[[6). A fuzzy
controller has the goal to balance the inverted pendulum.
The differential equation that describes an inverted pendulum is

16 — gsinf = i cosf

where 6,z are as in the figure. The inverted pendulum system can be con-
trolled by a fuzzy system described by a set of fuzzy rules. The antecedent
variables considered in this problem are 6 and its derivative 6. The control
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Fig. 7.7 The membership functions of the antecedents for the angle 6 and 6

signal is u = &, the acceleration of the cart. The antecedents we consider are
positive big (PB), positive small (PS), near zero (Z), negative small (NS),
and negative big (NB), both for § and its derivative 6 and as well for the
control signal u (see Fig. [[7).

All the fuzzy sets we consider are described by Gaussian membership func-
tions with parameters x1, z2, o different for different variables.

_-zp?
PB(z)={ ¢© 252 it r<x
1 if 1<z

_(z—=p)? _ (ztw9)?

PS(x) =€ 252 ,Z(x):efz%’, NS(z) =e 22
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Fig. 7.8 The membership functions of the consequences for the acceleration of the
cart &

077
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Fig. 7.9 The time dependence of the angle  for an inverted pendulum with a fuzzy
controller

_Grep?
NB(.’L‘) — e 202 if -z <z
1 if o< —xm

The fuzzy rule base consists of five fuzzy rules
If 0 is PB and 6 is PB then u is NB
If 6 is PS and 6 is PS then v is NS
If 0 is Z and 6 is Z then u is Z
If 6 is NS and 6 is NS then u is PS
If 0 is NB and 6 is NB then v is PB
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0.57]
047
0.3
0.2
0.1
0.0

-0.1-

-0.2 T T T T T T T T T T T T T T |

Fig. 7.10 The time dependence of the angular velocity 6 for an inverted pendulum
with a fuzzy controller

-0.37

-0.47

-0.6
-0.7 7
-0.8

-0.9

Fig. 7.11 The control signal & provided by a fuzzy controller

A Mamdani SISO fuzzy system provides the output u(6, 0) The equation
of the Mamdani system is

fcd {vgzl A; (0) A BZ(H) A CZ(Z)} -z -dz
fcd [\/?:1 A;(0) A 32(9) A CZ(Z)} -dz

u(8,0) =

)
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and it is used as a parameter in the differential equation of the inverted
pendulum to stabilize it. The differential equation becomes

16 — gsinf = u cos 0.

To solve this equation one can use different numerical procedures. We have
used a standard Runge-Kutta method, which is outside of the scope of the
present text. The angle 6 as provided by the Runge-Kutta method is rep-
resented in Fig. The angular velocity is given in Fig. The control
signal that is provided by the Mamdani system is shown in Fig. [.T1]

7.8 Problems

1. Consider a triangular fuzzy number (1,2,4). Find its center of gravity
defuzzification. Find the expected value of the fuzzy number.

2. Compare the center of gravity and the center of area defuzzifications for
fuzzy numbers of trapezoid type. (Numeric example (1,2,3,6)).

3. Consider a fuzzy inference system with singleton fuzzifier and a given rule
base R(z,y). Prove that, for the output of an inference system with any
t-norm we have

B'(y) = \/ A'(2)TR(z,y) = R(zo.y)-

zeX

4. Consider a Mamdani fuzzy inference system with two antecedents A, =
(1,3,5) and A2 = (3,5,7) and two consequences B; = (5,10,15) and
By = (10, 15, 20).

a) Let g = 4 be a crisp input for the fuzzy system considered. Find the
firing strength of each rule, then graph the output B’ of the fuzzy inference
system.

b) Let 29 = 3.5 Find the firing strength of each rule, then graph the
output B’ of the fuzzy inference system.

¢) Does the output change if we consider the same fuzzy rule base with a
Godel inference?

5. Design a SISO fuzzy system that controls a spaceship that has to avoid
asteroids taking into account the closest one. The variables that can be
considered are: asteroid is near, relatively close, far. The direction of the
asteroid’s velocity can be expressed as a linguistic variable as: approaching,
not approaching, departing. Describe the fuzzy rules and fuzzy controller
that could control the spaceship.
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6. Consider the following TS fuzzy system

if xis A} and y is By then z =2z + vy

if x is Ay and y is By then z =z — 2y

Consider the crisp inputs 2o = 5 and yo = 6. Also, we know that A;(5) =
0.7, A2(5) = 0.5, B1(6) = 0.6, B2(6) = 0.8. Find the firing strengths of
each rule and then find the output zy of the TS fuzzy controller.

7. Consider the fuzzy sets A; = (1,2,3), 43 = (1,3,4), By = (10, 14,18),
and By = (14,18, 20), and the following TS fuzzy system

if x is A; and y is By then z =5x + vy

if xis Ay and y is By then z =4z 4y

Consider the crisp inputs x¢p = 2 and yo = 16. Find the firing strengths of
each rule and then find the output zy of the TS fuzzy controller.

8. Describe and implement a SISO version of the room temperature con-
trol problem discussed in detail previously. The system has the input as
the room temperature and the output is the defuzzification of one of the
inference systems used (Mamdani, Larsen, t-norm, Gédel, Godel residual).

9. We consider a ball and beam system. This consists of a ball that is rolling
on a beam that can be tilted. The differential equation that describes a
ball and beam system has the form

i =x(0)* — gsind

where 6 is the angle between the beam and the horizontal direction, while
x is the coordinate of the ball. The ball and beam system can be controlled
by a fuzzy system. The antecedent variables considered in this problem
are x and the angle 6. The control signal is u = 6, the angular acceleration
of the system. The antecedents we consider are positive (P), and negative
(N), both for z and 6. For the control signal v we consider four fuzzy
variables positive big (PB), positive small (PS), near zero (Z), negative
small (NS), and negative big (NB). All the fuzzy sets we consider can have
trapezoidal or Gaussian membership functions. The fuzzy sets PB, PS, Z,
NS and NB are as in the inverted pendulum problem. The fuzzy rule base
consists of five fuzzy rules of the form
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If xis P and 0 is P then w is NS
If z is P and 0 is N then u is PB
If vis Z and 0 is Z then u is Z

If z is N and 0 is P then v is NB
If z is N and 6 is N then u is NS

Construct and implement a fuzzy controller to perform the desired task.
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Fuzzy Analysis

The topological structure of Fuzzy Numbers was investigated in detail by
several authors (e.g., Diamond-Kloeden[44], Puri-Ralescu [123], Ma [104],
Goetschel-Voxman [74]). There are some properties that in a classical Math-
ematical structure (e.g. that of a Banach space) are easily fulfilled, while in
the fuzzy setting they do not hold. In this sense, in this chapter we present
several negative results through several counterexamples. Some of these re-
sults are known but the counterexamples presented in Sections B2 B3] B4
are new, being published for the first time here. Mathematical Analysis on
Fuzzy Number’s space is an interesting topic (see Anastassiou [4], Bede-Gal
[18], [20], [19], Chalco-Cano-Roméan-Flores-Jiménez-Gamero [35] Gal [66],
Lakshimikantham-Mohapatra [98] Wu-Gong [I51]). We study in this chapter
mainly integration and differentiability of fuzzy-number-valued functions.

8.1 Metric Spaces of Fuzzy Numbers

The most well known, and also the most employed metric in the space of
fuzzy numbers is the Hausdorff distance. The Hausdorff (or in fact Hausdorff-
Pompeiu) distance for fuzzy numbers (Erceg [56], Puri-Ralescu [123], Diamond-
Kloeden[44]) is based on the classical Hausdorff-Pompeiu distance between
compact convex subsets of R™. Let us recall the Definition of the Hausdorff
distance in this case.

(i) Let K denote the collection of all nonempty compact convex subsets of
R™ and let A € K. The distance from a point = to the set A is

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 137-[70]
DOI: 10.1007/978-3-642-35221-8 8 (© Springer-Verlag Berlin Heidelberg 2013



138 8 Fuzzy Analysis
d(z, A) =inf{||x —a|| : a € A}.

(ii) Let now A, B € K. The Hausdorff separation of B from A and A from
B respectively, are

dy (B, A) =sup{d(b,A) : b € B}
di (A, B) = sup{d(a,B) : a € A}.

(iii) The Hausdorff distance between A, B € K is
di (A, B) = max{dy (A, B),d} (B, A)}.

For the particular case when A = [a1,a2], B = [b1,bs] are two intervals (we
denote A, B € 1) the Hausdorfl-Pompeiu distance is

dH(A,B) = max{|a1 — b1|, |CL2 — b2|}

It is known that with respect to the Hausdorff distance, K (and in particular
I) is a complete separable metric space. Let us now turn to our object that
is the metric space of Fuzzy Numbers.

Definition 8.1. (Diamond-Kloeden [[]]]) Let Dy : R X Rr — R4 |J{0},

Do (u,v) = sup max {|u; — v |, |u — v}
rel0,1]

= Sup {dH (’U/T‘v’UT‘)}?
rel0,1]

where u, = [u,ul], v = [v,,vF] C R and dy is the classical Hausdorff-

ro Yr T Ur

Pompeiu distance between real intervals. Then Do is called the Hausdorff
distance between fuzzy numbers.

An LP- type distance can also be defined

Definition 8.2. (Diamond-Kloeden [{4]]) Let 1 < p < co. We define the D,
distance between fuzzy numbers as

D, (u,v) = ( /O 1 dH(ur,vr)pdr)l/p

1
= (/ max{|u;—vf|,
0

The next Theorem gives a list of properties of the Hausdorff distance between
fuzzy numbers.

1/p
u) —vﬂ}pdr) .
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Proposition 8.3. (Diamond-Kloeden [[4l]) (i)(Rr, Do) is a metric space
and moreover, the following properties hold true:

(ii)
Do (u+w,v+w) = Do (u,v) ,Yu,v,w € Rr,

i.e., Doo 18 translation invariant.

(iii)

Do (k- u,k-v) = |k| Doo (u,v),Yu,v € Rr, Vk € R;
(i)
Do (u+ v,w+e) < Do (u,w) + Do (v, €) , Vu, v, w, e € Rr.

Proof. (i) It is easy to see that

Do (u,v) = sup max{’u;—v; ,|u,‘f—v,f|}20

rel0,1]
with Do (u,v) = 0 if and only if v, = vy, uf = v}, r € [0,1]. Also it is
obvious that Du (u,v) = Do (v,u) . For the triangle inequality we have
Juy —wy | < fuy — o7 |+ for —wr|
< Doo(u,v) + Doo(v, w)
and
it — | <t — o + o —
< Doo(t,v) + Do (v, w)
which implies
Do (t, w) < Doo(th,v) + Doo (v, w).
As a conclusion (Rz, Do) is a metric space.
(ii) We have

D (u,v) = sup max{’u; fv;’ , |u;f fvﬂ}
rel0,1]

= sup max{|u;+w;—v;—w;|, uj—l—wﬁ—vﬁ—wﬂ}

rel0,1]
= Doo(u + w,v + w).
(iii) It is easy to see that

D, (ku,kv) = sup max{’k:u; — kv_’ , |I<:u;f - kvﬂ}

relo0,1] "
= |k|Dso (u,v) .

(iv) For (iv) we use the triangle inequality with the translation invariance.
Indeed,

Doo(u+v,w+e) < Do(u+v,w~+v) + Doo(w + v,w +€)
= Doo(u,w) + Doo(vae)'
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Proposition 8.4. (Diamond-Kloeden[]]]], Wu-Gong [I51)]) Let 1 < p < oo.
(i) Then (Ry,D,) is a metric space and moreover the following properties
hold true:

(ii)
D, (u+w,v+w) = Dy (u,v),Vu,v,w € Rr;
(iii)
D, (k-u,k-v)=|k|Dp (u,v) ,Vu,v € Rr, Vk € R;
(iv)
D, (u+v,w+e) < D, (u,w) + D, (v,€) ,Yu,v,w, e € Rg.

Proof. The proof is left to the reader as an exercise. ]

8.2 Completeness

The following Theorem shows that the Hausdorff distance defines a complete
metric on fuzzy numbers.

Theorem 8.5. (Diamond-Kloeden[]]]) (Rr, D) is a complete metric space.

Proof. For the proof, we need to show that any Cauchy sequence of fuzzy
numbers in Dy, is convergent in Rx. So let u,, € Rr,n > 1 be a Cauchy
sequence. Then for any £ > 0 there exists N > 1 with

Doo(tn, Untp) < e,¥n > N,p > 1,

ie.,

(Un):_ - (Un+p):_

9

<

This last condition means that the sequences (uy), and (u,);’ are Cauchy
sequences in R so they converge as sequences of real numbers. Besides, (uy,),.
also converges as a sequence of real intervals in the Hausdorff-Pompeiu dis-
tance. Let u;” and u; be the limits of the sequences (u,); and (uy); respec-

sup max {‘(un); — (Un+p),
relo0,1]

tively. It is easy to see that since (un):r < (un):r we will have v < v and
M, = [u;,u] is a well defined real interval. We will prove in the next step
that the sets M, satisfy the hypothesis of Negoita-Ralescu characterization
theorem (.8

(i) The fact that M, is a real interval was proven above.

(ii) Let o < 8. Then we have (un)4 C (un),, i-e.,

- - + +
(un), < (“n)ﬁ < (“n)ﬁ < (un),
and by taking the limit in this inequality we obtain
Uy Sug Suggug,

which proves (ii).
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(iii) Let r,, be a convergent sequence r, * r. By (ii) we have u, C u, ,n >
1 and then
oo
- ﬂ U, -
n=1

We will have to prove the converse inclusion. First let us start with the
remark that since (um,), — u, and (u )+ — u; for any 1 > 0 there exists
an M > 1 such that for m > M1 we have

[(um), s (wm) ] € fur — ex,uf +edl.

Since u,,, m > 1 is a fuzzy number, we have

EDL:

(um), = (Um)r” .

n=1

Also, from (up), — u,, and (u )+ — u,t we have that for any €3 > 0
there exists Moy > >'1 such that for m > Ms and any n > 1,

[u, +e2,u —eg] C (Um),. -

which implies
o0 o0
m [u. +e2,u, —eg] C m (um),, -
n=1 n=1

Now from these relations we obtain that for any 1,2 > 0 we have

oo

() [ur, + 2,0, — 2] C [uy —e1,uf + 1]

n=1

which leads to
o0
ﬂ Uy, S Uy
n=1

The double inclusion proves (iii) of Negoita-Ralescu characterization
theorem.
(iv) Let now r, N\, 0 be a sequence in [0, 1]. We will have to prove that

cl (Ej urn> = ug.
n=1

Since ug is closed and since u,, C ug the inclusion

cl (Ej urn> C uop
n=1
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is immediate. For the converse we follow a reasoning similar to the previous
point. Let €1, > 0 be arbitrary. Then we have
(um)r"> ?

[ur,, — 2,0, + Ez}) :

[ug +51,ug —e1] C (um)y =l (

1C3

with m > M;. Also

cl (D (um)r> Cedl (

for m > Ms. Finally we obtain

1C3

[ug +e1,uf —e1] Cel ( U, — 2, +az]> ;

13

€1,€2 > 0. The required relation

cl (U urn> =g
n=1
follows.

Conditions (i)-(iv) imply that w is a fuzzy number, i.e., the Cauchy se-
quence u, € Rr converges to u € Rr and the proof is complete. [

The next theorem shows that the LP-type metric for fuzzy numbers is not
generating a complete space of fuzzy numbers, property which makes the
LP-type metric difficult to be used.

Theorem 8.6. (Rr,D,) is not complete, 1 < p < co.

Proof. We will construct a Cauchy sequence that is not convergent within
(Rx, Dp). In this proof we assume p to be an integer, but the result can be
extended to real values 1 < p < 0o, using special functions.
Let
B 0 if x¢][0,n
un(z) = { e ™ if xel0,n]

be a sequence of fuzzy numbers. Its level sets are given by

[ [0,n] i r<e™
(un)r = { —Ilnr if r>e™®

,n>1

We have

© =

—n—k —n

e e
D, (tp, Untk) = (/0 kPdr +/ k(flnr - n)pdr>
e~ n—Fk



8.2 Completeness 143

Let us denote

—-n

I, = / (= Inr —n)Pdr.

—n—k

We have

Ih=¢e"— e "k,

By integration by parts we obtain
I, = kPe—nk +plp_1.

Also,
Iy =k e F 4 (p—1)I,

and then
I, = kPe~nk L pkP—le= =k 4 p(p — DIp—s.

By induction we have
I, = (kP +pkP~ ' + . +p(p—1)..2 ke ™"
+p! (e*" — e*”*k) .
Then we have

D, (tp, Untk) = (k:pe_”_k + (kP 4 pkP~! 4 ..

+p(p—1)...2- k)efnfk + p! (e’" _ e*nfk))% ,

that is
Dp (una un+k)

1
< ((KP + (kP + pkP~t + .+ p(p— 1)..2 - k) — pl)e ™™ F - ple™™) 7 |
If k£ < p we can estimate this Hausdorff distance by

Dy (tn, unk)

< ((pp+(pp _|_ppp—1 + ... +p(p— 1),,_2.p) _p!)e—k_i_p!); '67%.
Now, if k > p then we have

1 n
Dp(un,unJrk) = ((kp + karl 7p!)eik +p') P 6_53

and we obtain

nl;rrgo D, (tn, Un+r) = 0.

Then it follows that the sequence u,, is a Cauchy sequence. Now we can see
that wu,, does not converge within Rz. Indeed, it converges point-wise to

_ 0 if =<0
u(@) = e if >0
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Indeed, we have

p

(—Inr — n)pdr>

We calculate

—n

J, :/ (—Inr —n)Pdr.
0

We have Jy = e~ and by integration by parts we get

—n

—n € 1
Jp =1(—Inr —n)?|§ +p/ r(—Inr —n)P~t=dr,
0 r

i.e Jp = pJp—1 which leads to

—n

Jp =Dple
Finally we obtain

1
. — . 1,—n > —
HILH;O Dp(up,u) nh_)nolo (p.e ) 0.

Since u ¢ Rz we obtain that Rz is not complete with respect to the metric
D,. ]

8.3 Compactness

A metric space is locally compact if every point has a compact neighborhood.
This means that we will need to study compact subsets in the metric space of
fuzzy numbers when considering the different metrics that we have studied in
the previous sections. A subset of a metric space on its turn is compact if and
only if it is complete and totally bounded or also, equivalently, if and only
if it is sequentially compact. Recall that a subspace is sequentially compact
if any sequence has a convergent subsequence. A compact neighborhood in a
metric space can be only closed and since it is closed, it contains the closure
of an open ball that would be at its turn also compact. In (Rz, D) and in
(Rr, Dp) the closed unit ball is the closure of the open unit ball (please note
that this is not generally true in metric spaces). So, if we succeed to show
that a closed ball is not compact then the space we consider would not be
locally compact. So we begin with the following theorem:

Theorem 8.7. The closed unit ball of (Rr, Dso) is not compact.
Proof. The closed unit ball in Rx is

B(0,1) = {u € Rr|Ds(u,0) < 1},
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where we consider the singleton 0 coincident with the real number 0. We will
construct a sequence without a convergent subsequence. It is known that the
rational numbers set Q is countable. So let us write it as a sequence g,, € [0, 1]
and we define

0 if z¢][0,1]
un(x) = n if 0<z<1i
2(1—qn)z+2¢,—1 if L<2<1

The level sets of u,, can be written

[0,1] if 0<r<gq,
(un), = [7’““*2% 1} if g,<r<1

2(1—qn)’
Then the Hausdorff-Pompeiu distance level-wise between two elements .,
and u,4+x of the sequence (¢, < gn4x is assumed for simplicity without re-
stricting the generality) is given as

0 if 0<r<gq,
+1—2q, .
dH((un)ra (un+k)r) = - TQ(T’J:;_)I , if qn <r< Gn+k
r+1-2¢, _ T+1-2¢n .
o — G i gupk <7<
We have
Doo(un’ u"""k) = Ssup dH((un)ra (un-‘rk)r)'
rel0,1]
ie.,
r+1-2¢q
Do (Un, Ungr) = sup 27"
T€[qn dn+k] (1—qn)
_ gkt 1-2¢n 1
2(1 - qn) - 2

This last relation means that the distance between any two elements of this
sequence is at least % Now let us suppose that the sequence u,, has a con-
vergent subsequence. That subsequence would be a Cauchy sequence, which
is in contradiction with the fact that any two elements of it are at least %
apart. This shows that it cannot have a convergent subsequence. So, the unit

ball is not sequentially compact and as a consequence it is not compact. m

Remark 8.8. It is easy to see that the unit ball is not preferred by compact-
ness properties over balls with a different radius, so in general we can assume
that a closed ball is not compact in Do..This means that a point in R does
not have a compact neighborhood and this also implies that Rz is not locally
compact.

A similar result can be deduced concerning the LP type metrics on fuzzy
numbers.
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Theorem 8.9. The closed unit ball

B,(0,1) = {u € Rr|Dp(u,0) < 1}

in (Rr, Dyp) is not compact.

Proof. We will prove the result for integer values 1 < p < oo, however the
proof can be extended to the case of real values using special functions. As
in the proof of the previous Theorem we will construct a sequence of fuzzy
numbers in the unit ball of (Rx, D). The construction is similar to the one
in Theorem

Let

0 if = ¢[0,n]
U?L(-T) = ny i ,n>1
e~z if e [0,n)

be a sequence of fuzzy numbers. Its level sets are given by

1
[0, n) if r<e(®)rn

= 1
(Un)r 1l Inr if r Z e—(p!)l’n
(ph?

Let us consider the point-wise limit of the sequence

0 if <0
= 1
u@) e~®HPz if >0

Tt is easy to see that u,(z) < u(z),Vz € R. The level-wise Hausdorff distance
is

1
p n if r<e®)Pn
Up)r, 0) = 1
((tn)r 0) ——LInr if r>e@rn
(ph)P

We have s
D0 = ( | i (), 07 )’

1 1 p »
- </ <<p!>i1m> dr)

_ (% /01 (—lnr)pdr)% - (%Ip)p.

To compute I, we integrate by parts and we obtain

1
I,=r(—Inr)? |(1)+p/ (=Inr)?~ " dr = pl,_,.
0
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This shows that I, = p! and we obtain D,(u,,0) < 1 that means u, €
B,(0,1) C Rx. Using the same calculation as that in the proof of Theorem
we obtain that u, does not converge in (Rx, D,). It is easy to check that
the sequence is a Cauchy sequence. In a metric space, a Cauchy sequence
that has a convergent subsequence is itself convergent, but this is not true
about our sequence u,. So, u, does not have a convergent subsequence. As

a conclusion B,(0, 1) is not compact. |

Remark 8.10. [t is easy to see that the conclusion can be generalized and a
closed ball is not compact in D,,. This means that a point in Rx does not have
a compact neighborhood and this also implies that Rx is not locally compact
with respect to the D, metric.

8.4 Separability

Separability is another important property mainly for approximation pur-
poses. A metric space is separable if it has a dense countable subset. Based
on the same construction ideas as those in the previous sections we will prove
that (Rr, D,) 1 < p < oo are separable spaces while (R, D) is not separa-
ble. Let us suppose that there is a dense countable subset Y of a given metric
space X. If there would be an open ball that is disjoint from the countable
dense subset Y then the center of that open ball cannot be reached by a
convergent sequence in Y. As a conclusion the center of the open ball we
considered would not be in the closure of Y i.e., Y could not be dense in
X. As a conclusion, to show that a space is not separable it is enough to
find a family of uncountably many disjoint open balls in X. Then each of
them would necessarily contain at least an element of Y so there would be
uncountably many elements in the countable dense subset. Of course this is
a contradiction. So, to show that a metric space is not separable, it is enough
to exhibit uncountably many disjoint open balls.
First we have a positive result about (Rx, D,).

Theorem 8.11. The metric space (Rr, D,) is separable.

Proof. The proof is following the basic idea of Diamond-Kloeden [44], but it
is simplified. We consider a fixed fuzzy number u € Rx. Since its support is
compact it is totally bounded, i.e., we can cover it with finitely many balls
of any given radius € > 0. We can assume that we find a specific minimal
covering, provided by rational numbers r1 < r2 < ... < 7, as intervals with
endpoints at rational numbers, of length r;,1 — r; < 2¢. We have

(u)o C L_J[Tivri-&-l)-
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Also, in this case we have for any level-set
(u)a C U [risrit1),
i€l
with I, minimal. Let us consider now «; rational numbers such that

a; < sup  u(z) < a; te.
z€[rs,riq]

Let us define
n—1
’U($) = Z Xlri,rip] Y-
i=1

It is easy to see that the cardinality of the set of all such functions is the
same as that of Q, i.e., it is countable. Also, it is easy to see that

(v)a C U [risTis1)
i€ o

where J, = {ila; > a}. It is easy to see that I, and J, consist of the same
intervals, except possibly they may differ at the end on intervals that have
length less than 2e. Let

A={ae|0,1]lda((u)a, (v)a) <&}

We can see that [0,1]\ A C [rj,7j+1) U [rk, Tk4+1) for some j,k € {1,...,n}.
We can conclude

D)= ([ (), <v>a>pda)%

— (/A du((W)a; (U)Ot)pda);
) </[o,1]\A da(()a, (”)a)pda> ;

< & + 4e - diam(u)o.

As a conclusion we find an element v of a countable set in any neighborhood
of a fuzzy number u € Ry with respect to the distance D, and this completes
the proof. [

Now let us prove that (R, Do) is not separable.

Theorem 8.12. The closed unit ball

B(0,1) = {u € Ry|Doo(u,0) < 1}

in (Rr, D) is not separable.
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Proof. The construction is similar to that in Theorem For a given t €
[0, 1] we define

0 itz ¢10,1]
ug(x) = t if 0§x<%
20—tz +2t—1 if +<a<l1

The level sets of u; can be written
0,1 if 0<r<t
(us), = 5=z i r<r<

Then the Hausdorff-Pompeiu distance level-wise between two elements u;
and ug of the sequence, t < s is given as

0 if 0<r<s
r4+1—2 .
A ((ut)r, (us)r) = 1 22+(17t)t o if t<r<s
r+1-2t r4+1—2s
5G=1) — sa=sy I s<r<l
We have
1-2t 1 1
Doo (g, us) = sup ret-2t 1 1
reft,s] 2(1 - t) 2 3

So the open balls B (ut, %) are disjoint and uncountably many. So a countable
dense subset if there would exist, would need to have an element in each
such ball, which is impossible. So, the closed unit ball in (Rx, Do) is not
separable. [

It is known that a metric space is separable if and only if it is Lindeldf (i.e.,
any open covering has a countable sub-cover). We can conclude that the space
(Rr, Do) is not a Lindeldf space, while (Rr, D)) is Lindel6f.

As a consequence we can mention two of the problems which should be
avoided when we want to use the metrics over the fuzzy reals. First, if we
have a Cauchy sequence in (Rx, D,), for 1 < p < co we cannot be sure about
its convergence. In (Rx, Do) we cannot use a density argument (we cannot
reduce a problem to a sub-problem of a countable dimension). Finally in both
(Rr, D) and (Rr, D,,) we face serious difficulties when we want to extract
a convergent subsequence of a bounded sequence.

The fuzzy analysis literature is using mostly the Hausdorff distance be-
tween the fuzzy numbers, because in this case the structure of the metric
space (Rx, Do) being complete, is near to the structure of a Banach space.
Surely we do not have a linear space structure, so it cannot be a Banach space,
but several properties which hold in Banach spaces also hold in (Rz, Doo).
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8.5 Norm of a Fuzzy Number

Let us denote |[u|| r = D (u,0), Yu € RF the norm of a fuzzy number. The
following theorem shows us that this has properties similar to the properties
of a norm in the usual crisp sense, without being a norm. It is not a norm
because R r is not a linear space.

Proposition 8.13. (Anastassiou-Gal [5], Gal [69])|-||z has the following
properties

(1) |lull = = 0 if and only if u = 0;

(ii) A - ul| 7 = [Al - |lull , VA € R and u € RF;

(i) [+ oll 5 < Jull 7 + vl - Ve, 0 € R

() [[ull 7 = [lv]l 7| < Doo (u,v),Vu, v € Rr;

(v) For any a and b having the same sign and any u € Rr we have

Doo(a-u,b-u) =|b—al-[jul £;

(vi) Doo(u,v) = [[uSgm v|| £, Vu,v € Rg.

Proof. The proofs of (i)-(iv) and (vi) are left to the reader as an exercise.
We will prove (v). Let u € Rg, and a > b > 0. Then we have

Doo(a-u,b-u) =Do([b+ (a=0)] - u,b-u) = Doo(b-u+ (a—b) - u,b-u).
Since D is invariant to translations we get

Doo(a-u,b-u) = Doo((@a—0)-u,0) = |b—al - |lul -

Remark 8.14. The concepts of limit, convergence of a sequence in Rx and
continuity of a function f : [a,b] — Rx will all be considered in the metric
space (Rr, Do) . For example continuity of a fuzzy number valued function
at a point xg means that Ve > 0,35 > 0 such that Do (f(x), f(x0)) < € for
| — xo| < 8. From the definition of the Hausdorff distance this implies

sup max{|f,"(z) — f (zo)l, |f;7 (x) — £, (xo)[} <

rel0,1]

which results in |f(z) — fF(x0)| < &,Vr € [0,1], i.e., equicontinuity of the
family {f*|r € [0,1]}. In particular it also means that these functions are
continuous.

The algebraic-analytic properties of fuzzy number’s space makes them very
interesting. Recently in Gal [69] it was shown that the general properties
shown in Theorem[B.8 and B3 allow a generalization in a natural way yielding
the definition and study of the following abstract space.
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Definition 8.15. We say that (X, +, -, d) is a fuzzy-number type space (shortly
FN-type space), if the following properties are satisfied :

(i) (X,d) is a metric space (complete or not) and d has the properties in
Theorem [8.3.

(it) The operations +,- on X have the properties in Theorem[28, (i),(iv),

(v), (vi);

(#i1) There exists a neutral element 0 € X, i.e. u+0 =0+ u = u, for any
u € X and a subspace Y C X (with respect to + and -), non-dense in X, such
that with respect to 0, none of u € X \'Y has an opposite element in X.

Obviously (Rr, D), (Rr, D) are both FN-type spaces. The uniform dis-
tance is defined as in the usual case for continuous functions f, g : [a,b] — Rr

D(f,9) = sup{ Do (f(2), g(z)|z € [a,b]}.

Then (C|a, b], D) is an FN-type space. Indeed, because (Rz, D) is a complete
metric space, it is easy to prove that (C ([a,b];Rx), D) is a complete metric
space. Also, if we define

(f+9) (@)= [f(z)+g(2),
A @)=A-f(z)

(for simplicity, the addition and scalar multiplication in C ([a,b]; RF) are
denoted as in Rr), also 0 : [a,b] - Rr,0(t) =0, for all ¢ € [a, b],

1fll7 =sup{D (0, f (x));z € [a,b]} .

Other examples and several new properties were shown in Gal [69)].

8.6 Embedding Theorem for Fuzzy Numbers

In the followings we will discuss an embedding result concerning fuzzy num-
bers.

Let C[0,1] = {F : [0,1] — R; F bounded on [0, 1], left continuous for
x € (0, 1], right continuous at 0}. Together with the norm

||Fl| = sup{|F(2)]; 2 € [0,1]},

C[0,1] is a Banach space. We can embed Rz into the Banach space C[0, 1]
according to the following theorem:

Theorem 8.16. (Ma [T0])]) Let

j: Rz — C[0,1] x C[0,1]
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given by

ju) = (u™ u”
where u™,ut :[0,1] = R, u™(r) = u, , ut(r
convez cone having its vertez at 0 in C|0,1]
s a Banach space w.r.t. the norm

[1(£; 9| = max{||F1].{lg]]}-

9

)
) = uf. Then j(RF) is a closed
x C[0,1]. Here C[0,1] x C[0,1]

Moreover, j satisfies:
(1)
jla-u+b-v)=aj(u)+bjv),
Yu,v € Rr, a,b > 0;
(ii)
Do (u,v) = [|j(u) = j(v)l].
Proof. The representation of a fuzzy number through the functions u—, u™

in Theorem [4.10] ensures that j is well defined and injective. We can deduce
based on the same theorem, that

J(Rz) = {(u",u") € C[0,1]*|u"-nondecreasing,
uT-nonincresing, u; < uj}.

To check that it is closed it is enough to observe that taking a sequence of
elements in j(Rx) has monotone components that converge to a monotone
limit in the uniform norm. Also, convergence keeps the relation u; < u
intact and so, the space j(Rz) is closed. Considering now

(u™,ut), (v ,v") € j(RF)
and a,b > 0 we have
jla-u+b-v)=alu,u) +bv ,v") = aj(u) + bj(v),

which proves (i) and also the fact that j(Rx) is a convex cone. To prove (ii)
we observe

17 (u) = j()|| = max{ sup |u,” — v}, P u, = v [} = Doo(u,v),

rel0,1 re

and the proof is complete. [

8.7 Fuzzy Numbers with Continuous Endpoints of the
Level Sets

Let us now consider the set of fuzzy numbers such that the left and right
endpoint of the level set functions are continuous.

= {u € Rr|u, = [u;,uf],ul € C[0,1]}.
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Let us observe that this space does not coincide with the space of fuzzy
numbers with continuous membership degrees. Indeed, for example single-
tons, and crisp intervals regarded as fuzzy sets through their characteristic

functions
() = 1 if x€la,b]
Y =90 otherwise

are discontinuous while the level-set functions associated to them Will be con-
tinuous. The level set functions in this case being constant u;” = a,u;” = b,r €
[0, 1] they are continuous, while the characteristic function is dlscontlnuous.
Also, there are fuzzy numbers with continuous membership
function such that the level set functions u are discontinuous. It is enough

to consider w : [0,4] — [0, 1],

? if xze€(0,1)
U =0 2 g a2
4—g if z€[3,4]
and we have ul = 1 while lim, 1 1 (u) = 2. As we can see restriction to

continuous endpomts of the level set is not too restrictive.

Another research direction (see Rojas-Medar and Roman-Flores [126] Barros-
Bassanezi-Tonelli [I2]), which is leading to a larger space within fuzzy num-
bers space is to consider those fuzzy numbers which do not have a proper
local minimum of their membership function, i.e., there is no 0 < zyp < 1
such that u(zg) < u(z) in a neighborhood = € [xg — €,z + £] and their core
consists of a single point. The subset of fuzzy numbers obtained by these
restrictions will be separable and complete.

In most of the situations we try to address the more general space of fuzzy
numbers without any restriction.

Proposition 8.17. R% with Dy, is a separable, complete metric space.

Proof. First let us observe that being a closed subspace of a complete metric
space, R% is complete. Let us consider C0, 1] the Banach space of continuous
real-valued functions on [0, 1] and the embedding

RS = C[0,1] x C[0, 1]
given by
ju) = (u™, u+)v
where v, ut : [0,1] 5 R, u™ (r) = u; ", ut(r) = ;5. Then j(Rz) is a closed

convex cone having its vertex at 0 in C[0,1] x C[0,1] with the norm

[1(£; 9| = max{||F1].{lgl]}-

The embedding j is the same as the one defined in an earlier section but its
image is now within the space of continuous functions. Being isometrically
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embedded in a subspace of C[0,1] each component of j(R%) is separable
according to the Banach-Mazur theorem. Then as a consequence itself j(R%)
is separable and so is R% itself. [

Remark 8.18. It is well known that the closed unit ball in C0,1] is not
compact, so clearly the closed unit ball in RS will not be compact. Bounded-
ness and continuity of elements of a subset of a function space is insufficient
for compactness. It is replaced by equicontinuity in e.g. Arzela-Ascoli type
results.

8.8 Integration of Fuzzy-Number-Valued Functions

In is easy to observe that the definition of the integral of a fuzzy-number-
valued function does not raise serious problems. In the followings Aumann,
Riemann and Henstock type integrals will be introduced.

First we introduce an Aumann-type integral, used in several works.

Definition 8.19. (Diamond-Kloeden [14]) A mapping f : [a,b] — Rz is said
to be strongly measurable if the level set mapping [f(x)]a are measurable for
all a € [0,1]. Here measurable means Borel measurable.

A fuzzy-valued mapping f : [a,b] — Rr is called integrably bounded if there
exists an integrable function h : [a,b] — R, such that

Ol 7 < h(t), V€ la,b]

A strongly measurable and integrably bounded fuzzy-valued function is called
integrable. The fuzzy Aumann integral of f : [a,b] — R is defined level-
wise by the equation

b r b
(FA)/ f (@) dfﬂ] :/ [f (2)]" dz, r€[0,1].

The following Riemann type integral presents an alternative to Aumann-type
definition.

Definition 8.20. (Gal [66]) A function f : [a,b] — Rz, [a,b] C R is called
Riemann integrable on [a,b], if there exists I € Rx, with the property: Ve > 0,
36 > 0, such that for any division of [a,b], d:a =z < ... < x, = b of norm
v(d) <6, and for any points & € [x;, Ti11], i =0,...,n — 1, we have

Do (Z_;f(&) (Ti1 — i) J) <e.

Then we denote I = (F'R) fff (x)dz and it is called fuzzy Riemann in-
tegral.
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In Wu-Gong [151] the Henstock integral of a fuzzy-valued function is intro-
duced. Surely as a particular case the Riemann-type integral of a fuzzy-valued
function can be re-obtained.

Definition 8.21. (Wu-Gong [151), Bede-Gal [19])Let f : [a,b] - Rr a
Sfuzzy-number-valued function and

Ap:a=20<21 < . <Tp_1<Tp=2"=

a partition of the interval [a,b], & € [zi,xiy1],i =0,1,...,n — 1, a sequence
of points of the partition A,, and § (x) > 0 a real-valued function over [a,b].
The division P = (A, &) is said to be 0-fine if

[Ti, 2i41] C© (& —0(&), & +0(&%))-

The function f is said to be Henstock (or (FH)-) integrable having the integral
I € R if for any € > 0 there exists a real-valued function 3, such that for
any 0-fine division P we have

n—1
Doo (Zf(fl) 'hi7[> <g,
=0

where h; = x;01 — x;. Then I is called the fuzzy Henstock integral of f and
it is denoted by (FH) fab f(t)dt.

Proposition 8.22. A continuous fuzzy-number-valued function is fuzzy Au-
mann integrable, fuzzy Riemann integrable and fuzzy Henstock integrable too,
and moreover

b b b
(FA)/ f(x)dx:(FH)/ f(x)dx:(FR)/ f(z)dz.

Proof. It is immediate to observe that

(FA)/abf(x)dx]r— l/abff (x)dx,/abf_’; (x)dx} ,Vr € [0, 1].

If f is Riemann integrable then it is also Henstock integrable. Indeed, if the
function § is constant in the Henstock definition, it will generate the Riemann
case. The Riemann sum can be written level-wise

[i 7€) (ist — xn]

=0

= [Z_: [ (&) (@i —xi)vz_:ff (&) (Tisr _-'L'i)] :
=0

=0
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Equicontinuity implies integrability of the functions f~ and f uniformly
w.r.t. r € [0,1]. Then we obtain

(J?R)jcbf(x)dwlr-[jcbfi(x)dx,jﬁbfi(w)dxl,

and combining the above results we obtain the equality of the three types of
integrals. [ ]

The common value of these integrals for a continuous function f : [a,b] — Rz

will be denoted by fab f (z) dx. For general f : [a,b] — Rz the above assertion
does not hold.

The properties of the integrals for fuzzy functions are similar to the prop-
erties of their classical counterparts.

Proposition 8.23. (Gal [66]) The fuzzy integral has the following properties.
(i) If f,g: [a,b] = Rx are integrable and o, B € R we have

b(@f(HBg de=a [ f(z)ds+
/ [ seria s [ ato

(it) If f : [a,b] = R is integrable and c € [a,b], then

IRC m+/f m—/f

(iti) If c € Rr and f : [a,b] — R has constant sign on [a,b], then

bc~f(x)dx =c bf(x)dx
J J

For general f the property does not hold.

Proof. The proof is left as an exercise. [

Example 8.24. (Bede [T]|]) Let us consider the Green function on [0,1]

interval ( )
—s(1—1t), s<t
Glt.s) = { —t(l—3s), s>t

Then . .
:/ G(t,s)(0,1,2)ds+/ G(t, 5)(0,1,2)ds
0 t

¢ 1
= / (—2s(1 —t),—s(1 —1),0)ds + / (—2t(1 —s), —t(1 — s),0)ds.
0 ¢

We can integrate the terms level-wise and we obtain

y(t) = (t2 —t, %(t2 — t),O) .
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8.9 Differentiability of Fuzzy-Number-Valued
Functions

The Hukuhara derivative of a fuzzy-number-valued function was introduced
in Puri-Ralescu [I123] and it has its starting point in the Hukuhara derivative
of multivalued functions. The approach based on the Hukuhara derivative
has the disadvantage that a differentiable function has increasing length of
its support interval (Diamond [45]). This is not always a realistic assumption.
Strongly generalized differentiability of fuzzy-number-valued functions is in-
troduced and studied in Bede-Gal [20]. In this case a differentiable function
may have decreasing length of its support. Recently this line of research was
continued by introducing gH-derivative and the g-derivative (Bede-Stefanini
[27]) of a fuzzy-valued function.

8.9.1 Hukuhara Differentiability

Definition 8.25. (Puri-Ralescu [123], Hukuhara [79]) A function f : (a,b) —
Rz is called Hukuhara differentiable if for h > 0 sufficiently small the the H-
differences f(x + h) © f(z) and f(z) © f(x — h) exist and if there exist an
element f'(z) € Ry such that

f(z) & f(z —h)

The fuzzy number f'(x) is called the Hukuhara derivative of f at x.
Definition 8.26. (Seikkala [131]) The Seikkala derivative of a fuzzy-
number-valued function f : (a,b) = Rr is defined by

f@)e = (7 @), (fF (@),
0 <r <1, provided that it defines a fuzzy number f'(x) € Rr.

Remark 8.27. Suppose that the functions f;~(x) and fF(x) are continuously
differentiable with respect to x, uniformly with respect to r € [0,1]. Then f is
Hukuhara differentiable if and only if it is Seikkala differentiable and the two
derivatives coincide. Indeed, if f is Hukuhara differentiable we can write

i {@ W E f@)
h\0 h
g IR = fr @) S D) - S ()
B0 h AN0 h

relation that shows that fis Seikkala differentiable.
Reciprocally if f is Seikkala differentiable then we have its length

len(f(x)r) = £ (2) = f7 () > 0,
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which implies the existence of the Hukuhara difference f(x + h) © f(x) and
considering the limit with h "\, 0 we get Hukuhara differentiability. The equal-
ity of the two derivatives is immediate.

Proposition 8.28. A Seikkala differentiable function has mon-decreasing
length of the closure of the support.

Proof. Indeed, by supposing the contrary, let f : (a,b) — Rz be such that
len(f(z)) is decreasing for some neighborhood of = € (a,b). Then we have

[/ (@))o = [(f5 (@), (5 (2))']

Since len(f(x)) = fo (x) — f; (z) is decreasing we obtain a contradiction.
Moreover, if for some z € (a,b), f/(x) €Rz \ R then len(f(x)) is strictly
increasing. [ |

Example 8.29. (i) If

f(@) = (x(t), y(t), 2(t))

1s triangular number-valued function, then if u is Hukuhara differentiable and
x,y, z are real-valued differentiable functions then

f@) = (' (@),y'(1), 2 (1))

18 a triangular fuzzy number.

(ii) Let f(t) = (—€',0,¢e'). Then f'(t) = (—€',0,e'). And in this case, it
is easy to see that f'(t) = f(t) but also, f'(t) = —f(t).

(iii) Let f(t) = (1,2,3)e~". Suppose that f(t) is differentiable. Then we
would have f'(t) = (—e™t, —2e~*, —3e~") which is not a fuzzy number.

The following example shows a disadvantage of the Hukuhara derivative.

Example 8.30. Let ¢ € Rr and g : (a,b) — Ry be differentiable on z¢ €
(a,b) and let us define f : (a,b) = Rr by

flx)=c-g(x),x € (a,b).

Let us suppose that g'(xo) > 0. Then for h > 0 sufficiently small, since g is
increasing on [z, xo + h] we obtain

g(zo + h) — g(z0) = w(wo, h) > 0.
Multiplying by c, it follows
c-g(xo+h)=c-glxo) + ¢ w(xg, h),

i.e. there exists the H-difference f(xo + h) © f(xo). Similarly, reasoning as
above we get that there exists the H-difference f(xzo) © f(xo — h) too. Also,
simple reasoning shows in this case that f'(xg) = c-g'(x¢). Now, if we suppose
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9’ (xg) < 0, we easily see that we cannot use the above kind of reasoning
to prove that the H-differences f(xo + h) © f(zo), f(xo) © f(xo — h) and
the derivative f'(xg) exist. Consequently, we cannot say that f'(xq) exists.
Moreover, we can easily prove that if g'(xo) < 0 then the Hukuhara differences
flxzo + h) © f(xo), f(xo) © f(xo — h) cannot exist, so the function is not
Hukuhara differentiable.

8.9.2 Generalized Differentiabilities

The definition of strongly generalized differentiability was introduced in Bede-
Gal [I8], Bede-Gal [20].

Definition 8.31. (Bede-Gal [20]) Let f : (a,b) = Rr and z¢ € (a,b). We
say that f is strongly generalized differentiable at xg, if there exists an
element f'(zo) € Rr, such that

(i) for all h > 0 sufficiently small, 3f(xo + h) © f(x0), f(x0) © f(xo — h)
and the limits (in the metric D)

iy £ &0+ 1) © flwo) _
R\0 h hN\0 h

or
(i) for all h > 0 sufficiently small, 3f(z0) © f(xo+ h), f(zo—h)© f(z0)
and the limits

. fleo)© flwo+h) . o
I N S

or
(iii) for all h > 0 sufficiently small, 3f (xo + h) © f(x0), f(xzo—h) O f(x0)
and the limits

. flwo+h)O flwo) . o
fm, 3 = fo (—h) = f@o),

or
(w) for all h > 0 sufficiently small, 3f(x0) © f(xo+h), f(x0) © f(zo—h)

and the limits
lim f(z0) © f(z0 + h) — lim f(x0) © f(z0 — h) — f'(x0).

R\0 (=h) R\0 h

(h and (—h) at denominators mean - and —3-, respectively)

Case (i) of the previous definition corresponds to the Hukuhara derivative
discussed in the previous section.
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Remark 8.32. 1) This definition is not contradictory, i.e. if for f and xo,
at least two from the possibilities (i)-(iv) simultaneously hold, then we do not
obtain a contradiction. Indeed, let us suppose, for example, that (i) and (i)
hold. Then by

f(zo+h) = f(zo) + A,
$0) (fo*h)#*B,

(
f(zo —h) = f(zo) + C,

with A, B,C € Rz, we get f(xo) = f(x0) + B+ C but this means B+C =0,
which implies B = C = 0, i.e., f'(xg) = 0, or B,C € R, B = —C, case
when f'(xo) € R. But in all these cases it is easy to see that all the limits
in the previous definition are equal. Similar conclusion follows for any other
combination from (i)-(iv).

2) Let f : (a,b) = Rx be strongly generalized differentiable on each point
x € (a,b) in the sense of Definition[831), (i) or (iv). Then f'(x) € R for all

€ (a,b).

Example 8.33. If g : (a,b) — R is differentiable on (a,b) such that g’ has
at most a finite number of roots in (a,b) and ¢ € Rg, then f(x) = ¢ g(x)
is strongly generalized differentiable on (a,b) and f'(x) = c- ¢'(x), Vz €
(a,b). Indeed, if ¢’(x) > 0, as we have seen above the function is Hukuhara
differentiable and so it is strongly generalized differentiable too. If ¢'(z) < 0
then the differences f(xo) © f(xo + h), f(xzo — h) © f(z0) exist, and the (ii)
case of the above definition [8.71] is satisfied. As ¢'(x) = 0 may involve a sign
change, it results in a case (iii) or (iv) of the above definition.

The concept in Definition B31] can be further generalized as follows.

Definition 8.34. (Bede-Gal [20]) Let f : (a,b) = Rr and x¢ € (a,b). For a
sequence hy, (0 and ng € N, let us denote

Al = {n > ng; 3B = f(wo + hn) © f(0)

AR = {n 2 nos3B2) 1= F(20) © flao + )}
AP = {n > no; JES) = f(w0) © f(wo —

A = {n = nos3ELD = flan = ) © Fla)}

We say that [ is weakly generalized differentiable on xq, if for any se-
quence h, \,0, there exists ng € N, such that

ADUAR UAD U ALY = {neN;n > no}
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and moreover, there exists an element in Ry denoted by f'(x0), such that if
for some j € {1,2,3,4} we have card(Agfo)) = 400, then

E(j)
li D ; ’ -0
h,L\,‘oniToneA;qg (=1)i+in,’ f(zo0) 0

Example 8.35. Let ¢ € Ry and g : (a,b) — R. If g is differentiable on xq
(in usual sense), then the function f: (a,b) — Rr defined by f(z) = c- g(x),
Vo € (a,b), is weakly generalized differentiable on xo and we have f'(xg) =
¢ g (xo).

Let f(t) = (1,2,3)e~". Then it is easy to see that f'(t) = —(1,2,3)e” " =
(—3e~t —2e7t —e7t).

Let f(t) = (1,2,3)sint, then f'(t) = (1,2,3) cost, Vt € R.

Proposition 8.36. If u(t) = (z(t),y(t),2(t)) is triangular number valued
function, then
a) If w is (i)-differentiable (Hukuhara differentiable) then v’ = (2',y’, 2').
b) If u is (ii)-differentiable then v’ = (2',y', ).

Proof. The proof of b) is as follows. Let us suppose that the H-difference
u(t) © u(t + h) exists. Then we get:

et S ult+ 1)

RN\0 —h
(@) —x(t+h),y(t) —y(t+h),2(t) — 2(t+h))
= lim
hN\0 —h
. 2(t)—z(t+h) yit) —yt+h) z@)—zt+h)
= lim , )
AN —h —h —h
= (<",y,2).
Similarly
: u(t_h)@u(t)_ roor
lllli%f—h = (", y',2"),
and the required conclusion follows. [

Other generalizations were recently obtained.

Definition 8.37. (Stefanini-Bede [I41], Bede-Stefanini [27]) Let zg € (a,b).
Then the fuzzy gH-derivative of a function f : (a,b) — Rx at x¢ is defined
as

Fya (o) = Jim = [F(zo + h) Oy f(ao)]

If £ (z0) € RF exists, then we say that f is generalized Hukuhara differen-
tiable (gH-differentiable for short) at zo (94 is the gH-difference) .
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Theorem 8.38. (Bede-Stefanini [27]) The gH-differentiability concept and
the weakly generalized (Hukuhara) differentiability given in Definition
coincide.

Proof. Let us suppose that f is gH-differentiable (as in Definition B37). For
any sequence h, \, 0, for n sufficiently large, at least two of the Hukuhara

differences f(zo + hn) ©On f(x0), f(x0) O f(xo + hn), f(x0) O f(xo — hn),
f(xzog — hy) ©m f(zo) exist. As a conclusion we have

A7(110) U A%QO) U Ag;) u A;‘? ={ne€ N;n>ng}

for any ng € N. Now we observe that

EY _ f(xo + hy) ©gr f(20)
17+, o :

so f is weakly generalized differentiable.
Reciprocally, if we assume f to be weakly generalized differentiable then
since at least two of the sets AS}O), A%ZO), A%‘?,A;? are infinite we get

1 . EY
Jim > 1f (w0 + h) Ogn f(z0)] = h{}{lom

for at least two indices from j € {1,2,3,4}, so f is gH-differentiable. As a
conclusion weakly generalized (Hukuhara) differentiability is equivalent to
gH-differentiability. ]

Theorem 8.39. (Bede-Stefanini [27]) Let f : (a,b) — Rx be such that
[f(@)], = [fa (), fI(x)]. Suppose that the functions fi (x) and fI(x) are
real-valued functions, differentiable with respect to x, uniformly in « € [0, 1].
Then the function f(x) is gH-differentiable at a fized x €la,b| if and only if
one of the following two cases holds:

a) (f7) (x) is increasing, (f1) (x) is decreasing as functions of a, and

(1) (@) < (f) (@),

or
b) (f5) (@) is decreasing, (fI) (x) is increasing as functions of o, and

(D) @) < (/1) @).

Moreover, Yo € [0, 1] we have

[for ()], = min{(£7) (@), (1) (@)}

smax{ ()" (@), (f3)" (2)}]-
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Proof. Let f be gH-differentiable and assume that f;(z) and fI(x) are
differentiable. Clearly, gH-differentiability implies that level-wise we have

(@], = 1(£) @), (1) @)).
or ) )

[fou@)], = [(fa) (@), (fa) @)]-
In the first step let us suppose that there is a sign change in the difference of
derivatives (f;) () — (f) (x) at a fixed ag € (0,1). Then [ ;H(x)]ao is a

singleton and, for all « such that oy < a < 1, also [ ;H(x)]a is a singleton
because

[for(@)], S [fou(@)],
it follows that, for the same values of «,
(D) @) = (f2) @ =0

which is a contradiction with the fact that (£1)" (z) — (f7) () changes sign.
We then conclude that (f+)" (z) — (f7) () cannot change sign.

Case 1. If (fl_)/ (x) < (ff')/(x) then

(f5) (@) = (f2) (@) = 0

0

for every o € [0,1] and

for(@)], = [(fa) @), (f2)" (@)
since f is gH-differentiable, the intervals [(f7)" (), (fT) (z)] should form a
fuzzy number, i.e., for any « > 3,

() @, (1) @L< 1(£5) @ (£5) @)

which shows that (f7)’ () has to be increasing and ()’ (z) needs to be
decreasing as a fur/lction of a. )
Case 2. If (f) (z) > (f{") (), then
() @) = () (@) <0
for every a € [0,1] and, in this case,

[fou@)], =15 @), (f2)

/

()]
so we get

() @ (7)) @< 1() @, (75) @),
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for any a > 3, which shows that (f7) (z) is decreasing and (f;) (x) is
increasing as a function of «.

Case 3. If we have ) )
(fi) (@) =(f) (@

and if (fyr) (r) € R is a crisp number, the conclusion is obvious. Otherwise

we may have either , ,
(fo) (=) < (/) ()
(f5) (@) > (f¢) (@)

when a < g and equality
() (@) = (/) (@)

for @ > ag. We have in this case the monotonicity satisfied.

Reciprocally, let us consider the Banach space B = C[0, 1] x C[0, 1], where
C[0,1] is the space of left continuous functions on (0, 1], right continuous at
0, with the uniform norm. For any fixed « € (a,b), the mapping j, : Rr — B,
defined by

Jo(f) = (f7 (@), f(2)) = {(f5 (@), [ (@))]a € [0, 1]},

is an isometric embedding. Assuming that, for all «, the two functions f,, ()
and f(x) are differentiable with respect to z, the limits

(f2)' (@) = Jim fo (z+ hg — fa (@)

Tz — f(x
(f;r)/(x):%ii%fa( Jrh})l fa()

exist uniformly for all « € [0, 1]. Taking a sequence h,, — 0, we will have

o et hn) — o (@)

n— 00 hn,

L@ ) = [ @)

n— o0 hy,

9

ie., (f) (x),(f1) (x) are uniform limits of sequences of left continuous
functions at a € (0, 1], so they are themselves left continuous for o € (0, 1].
Similarly the right continuity at 0 can obtained.

Assuming that, for a fixed z € [a,b], the function (f7) (x) is increasing
and the function (f;)' (z) is decreasing as functions of a, and that

() (@) < (/) (@)

then also

(f3) (@) < (fH) (@), Ya € 0,1]
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and it is easy to see that the pair of functions (f7) (), (fF) (x) fulfill the
conditions in Theorem [£.8 and the intervals

[(f2) (@), (£3) @), a € [0,1]

determine a fuzzy number. Now we observe that the following limit uniformly

exists
[y 2010 San 1)

h—0 h

- _ f- + _ ot
[ fe@ T = fr@) )~ £ @)
h—0 h h—0 h
= [(/2) @), (J2) ()], Yo € [0,1],
and it is a fuzzy number. As a conclusion, finally we obtain that f is

gH-differentiable. The symmetric case being analogous, the proof is
complete. =

Remark 8.40. Any of the derivative concepts defined above can be restricted
to the case of closed real intervals. For example f : (a,b) — 1, with

I={la,b]la <b,a,be R}
has its gH-derivative (Stefanini-Bede [1]1]])

Foa(a) = tim L&) Son ()

n—o0 h

= [min{(f7)" (@), (/)" (@)}, max{(/7)" (@), (+%)" (@)}
This expression always represents a well-defined real interval.

Based on the g-difference, we consider the following g-differentiability con-
cept, that further extends the gH-differentiability.

Definition 8.41. (Stefanini-Bede [27]) Let z9 € (a,b). Then the fuzzy
g-derivative of a function f : (a,b) = Rr at x¢ is defined as

o1
fo(xo) = }llg})g[f(fo +h) ©4 f(x0)]-
If fo(zo) € Ry exists, we say that f is generalized differentiable
(g-differentiable for short) at xg.

Remark 8.42. We observe that the g-derivative is the most general among
the previous definitions. Indeed,

f(zo+h) Oy f(wo) = f(wo + h) Ogr f(z0)

whenever the gH-difference exists. This also implies that fo(z) = fiy(z)
whenever this later exists.
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In the following Theorem we prove a characterization and a practical for-
mula for the g-derivative.

Theorem 8.43. (Stefanini-Bede [27]) Let f : [a,b] — Rx be such that

[f(@)], = [fa (@), fa (2)], e € [0, 1].

If £ (z) and f}(x) are differentiable real-valued functions with respect to x,
uniformly with respect to « € [0, 1], then f(x) is g-differentiable and we have

)], = [ﬁigg winf(/3) @), (45) @ swmax( (55" (5) (x)}] .
Proof. By Proposition [5.19 we have

[f(@+h) Sy f(2)]a

S

= it min{ /e +h); = S)5, S+ 0 — f@)F

sup max{f(z+h)5 — f(2)5, f(x +h)f — f(2)3}].
Since f,, (), f (z) are differentiable we obtain

1
Lim E[f(x +h) &g f(@)]a

- [ it mind(£5) @), () @ swpma((£5) @), (457) <x>}]

for any a € [0,1]. Also, let us observe that if f,, fi are left continuous
with respect to « € (0,1] and right continuous at 0, considering a sequence
h, — 0, the functions

fo@4ha) = fo (@) fH(z+h,) = fi(2)
P ’ hn

are left continuous at a € (0, 1] and right continuous at 0. Also, the functions

— { I3 @+ ha) = f5 (@) @ +ha) = 15 @) }

>« hn ’ h'n
and
— _ - + _ ot
sup max {fﬁ(whn) fﬁ<x>’fﬁ<x+hn> fg(x)}
B>a ha hn
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fulfill the same properties. A limit of a sequence of left (right) continuous
functions is left (right) continuous. Then it follows that

anlf;z min{ <f§)/ (), (f;), (z)},

;1213 max{ (f,g)/ (), (f;)/ ()}

are left continuous for a € (0,1] and right continuous at 0. To check mono-
tonicity properties we observe that for a; < as we have

1(5) @.(55) @18 2 s} < 4(£5) @, (£7) @18 = au}.
Then
int min{ (1) (@), (1) @)}

is increasing with respect to a € [0,1] and

swpmax{ (£ ) (@), (1) @)}

Bza

is decreasing in « € [0, 1]. The condition

min{ (f7) (z), (f") (@)} < max{(f7)" (), (/) ()}

concludes the reasoning that allows us to infer that the above functions define
a fuzzy number with

()], = L;gfa winf(/3) @), (45) @ swmax( (55" (55) (x)}] .

As a conclusion, the level sets [f;(x)]a define a fuzzy number, and so, the

derivative f/(z) exists in the sense of the g-derivative. ]

Theorem 8.44. (Bede-Stefanini [27]) Let f : (a,b) — Rx be uniformly
level-wise gH-differentiable at xo. Then f is g-differentiable at o and, for
any o € [0,1],

[f(@o)la =l | | (for(x0))s

Bza
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Proof. For the definition of the g-difference (Definition BI8) we have
[f (@0 +h) &4 f(wo)la =l | ([f(@o + M)l Sgmr [f(w0)]p), Yo € [0, 1].
B=o

Taking the uniform limit in the above relation we obtain

[fo@o)la = el | |J (fom(@0))s
B>a
]

We conclude with an example of a fuzzy valued function that is not gH-
differentiable but it is g-differentiable.

Example 8.45. Consider the fuzzy valued function f : [-2,2] — Rz having

triangular values as outputs:

3 2 23
= —=,—= 3,— +4
f(x) <3,3+x+ 73 + )

having the level sets defined by

23
f;(x):§+a(x+3)
fi(x):(2fa)%3+xa+4—a.

We have

Fig. 8.1 The level sets of a fuzzy valued function
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('

Fig. 8.2 The level sets of the g-derivative of a fuzzy valued function

We observe that on the interval [—2, —1] and [1,2] intervals the function is
gH-differentiable, namely it is Hukuhara differentiable. In the interval [—1,1]
it is not gH-differentiable but it is g-differentiable. The function and its g-
deriative are represented in Figs. [81] and[8.2 respectively.

8.10 Problems

1. Calculate the Haussdorff distance between two arbitrary triangular fuzzy
numbers u = (a1,b1,¢1) and v = (ag,b2,c2) in a simple form. Can
we extend this result to trapezoidal fuzzy numbers? (Numerical ex-
amples v = (=1,1,2), v = (3,4,6) and respectively v = (1,2,3,5),
v=(3,3,4,6).

2. Calculate the D; distance between two arbitrary triangular fuzzy num-
bers u = (a1,b1,¢1) and v = (az,ba, c2) in a simple form. Can we ex-
tend this result to trapezoidal fuzzy numbers? (Numerical examples u =
(—=1,1,2), v =(3,4,6) and respectively u = (1,2, 3,5), v = (3,3,4,6).

3. Prove the properties of the D,, distance listed in Proposition B4l

4. Prove the properties (i)-(iv) and (vi) of a norm of a fuzzy number in
Proposition [B.13

5. Show that the Hausdorff distance is linked to the generalized difference
through the relation

Doo(u,0) = [lu Og v]| £ -
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6.

10.

11.

8 Fuzzy Analysis

Prove that the space of continuous fuzzy-number-valued functions
(C ([a,b];RF), Do) is a complete metric space and also, that it is an
FN-type space.

Calculate the integral of a fuzzy function f : [a,b] — Rr, f(x) = ¢-g(x),
with ¢ € Rz being a fuzzy constant and g(x) € R a real function possibly
changing sign once in (a, b).

Calculate the strongly generalized derivative of the function f(x) =
(1,2,3,5) - sinz, directly using the definition of this concept.

a) For a given continuous fuzzy-number-valued function f : [a,b] —

Rz, prove that the function F(x) = f f(t)dt is gH-differentiable and

Fjy(@) = f(a), )

b) Prove that the function G(z) =
o () = —f(2).

Prove that if f is a strongly generalized differentiable function as in case
(i) or (ii) of strongly generalized differentiability over the entire interval
[a, b] then we have

f()dt is gH-differentiable and

8 — o

b
/'gHQMx:fwx%Hfm»

Prove that the function given level-wise for « € [0,1] as
fo(2) = e + o? (e*‘”’c2 +ax— xe*m)
@)= e x4 (1—a?) (em —z+ e_xQ)

is g-differentiable without being gH-differentiable.
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Fuzzy Differential Equations

Fuzzy differential equations (FDEs) appear as a natural way to model the
propagation of epistemic uncertainty in a dynamical environment. There are
several interpretations of a fuzzy differential equation. The first one histori-
cally was based on the Hukuhara derivative introduced in Puri-Ralescu [123]
and studied in several papers (Wu-Song-Lee [I50], Kaleva [83], Ding-Ma-
Kandel [46], Rodriguez-Lopez [125]). This interpretation has the disadvan-
tage that solutions of a fuzzy differential equation have always an increasing
length of the support. This fact implies that the future behavior of a fuzzy
dynamical system is more and more uncertain in time. This phenomenon
does not allow the existence of periodic solutions or asymptotic phenomena.
That is why different ideas and methods to solve fuzzy differential equations
have been developed. One of them solves differential equations using Zadeh’s
extension principle (Buckley-Feuring [30]), while another approach interprets
fuzzy differential equations through differential inclusions. Differential inclu-
sions and Fuzzy Differential Inclusions are two topics that are very interest-
ing but they do not constitute the subject of the present work (see Diamond
[45], Lakshmikantham-Mohapatra [98]). Recently new approaches have been
developed based on generalized fuzzy derivatives discussed in the previous
chapter. In the present work we will work with the interpretations based
on Hukuhara differentiability, Zadeh’s extension principle and the strongly
generalized differentiability concepts.

9.1 FDEs under Hukuhara Differentiability

In this section we consider the fuzzy initial value problem 2’ = f(t, x), z(to) =
zo € Rx under Hukuhara differentiability. The function f : R x Rr— Rz

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 171-{[91]
DOI: 10.1007/978-3-642-35221-8 9 (© Springer-Verlag Berlin Heidelberg 2013
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is assumed to be continuous. The following lemma transforms the fuzzy dif-
ferential equation into integral equations. In the present section the differ-
entiability concept is that of Hukuhara differentiability. A fuzzy differential
equation is written using the Hukuhara derivative.

Lemma 9.1. Forty € R, the fuzzy differential equation ©' = f(t,x), z(to) =
zo € Rr where f: R x Rr— Rz is continuous, is equivalent to the integral
equation

z(t) =z + t f(s,z(s))ds

on some interval [to,t1] C R.

Proof. Let us suppose that x is a solution of the differential equation =’ =
ft,x), x(tg) = o € Rr. Then by integration we get

/tx’(s)ds: t f(s,x(s))ds

and using the result in problem [I0 of the previous chapter we get
t
(t) &z = / f(s,z(s))ds
to

z(t) =z + t f(s,z(s))ds

ie.,

Reciprocally given a solution z of the integral equation we can write

t+h
z(t+h) =x0+ / f(s,2(s))ds

to
and
] (t + h) o .Z‘ t+h
lim = hm (s,z(s))ds.
hN\0 h RN\O h

We observe that

t+h
D [/t F(s,2(s))ds, h - f(t,x(t))]

t+h t+h
_Dl/t F(s,(s))ds, / f<t,x<t>>ds]

t+h

< D(f(s,z(s)), f(t,(t)))ds

t

t+h
< / W(f(t2()), h)ds = h - w(f(t 2(t)), h),
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where w(f (¢, z(t)), h) denotes the modulus of continuity of the function f (¢, z(t))
which is a continuous as a function of ¢ € [tg, ¢1]. Then

lim D (w,f(t,x(t)))

R\0 h

1
= }ll{‘% Eh ’ w(f(tax(t))a h) =0
and this implies that x is a solution of the fuzzy initial value problem z’ =
flt,x), z(ty) = xo. ]

In Song-Wu-Lee [I50] the existence of uniqueness and solutions in this in-
terpretation was proved. This approach is close to Pickard-Lindel6f Theo-
rem and uses Banach fixed-point Theorem in the proof. Different approaches
based on Arzela-Ascoli results are found in literature, but they usually fail
on the extraction of a convergent subsequence of a bounded sequence.

First we will show that Lipshitz functions are also bounded, following
Lupulescu.

Lemma 9.2. ( Lupulescu [103]) Let Ry = [to,to + p] x B(wo,q) and let us
assume that f : Ry — Rz is continuous and fulfills the Lipschitz condition

D(f(t, ), f(t,y)) < L- D(x,y),V(t, z), (t,y) € Ro.
Then f is bounded, i.e., there exists M > 0 such that
D(f(t,z),0) < M.
Proof. We observe that
D(f(t,x),0) < D(f(t,x), f(t,20)) + D(f(t, x0),0)

The real function D(f(t,20),0) is bounded when ¢ € [tg,to + p], i.e., there
exists Mywith D(f(t,z9),0) < M;. We get

D(f(t,.’ﬂ),()) < L'D($,$O)+M1 <Lg+ M, =M,
i.e., f is bounded. ™

Theorem 9.3. (Wu-Song-Lee [150], Lupulescu [103], Bede-Gal [Z1]) Let
Ro = [to,to + p] X B(xg,p), p >0, 29 € Rr and f : Ry — Rz be continuous
such that the following Lipschitz condition holds:

There exist a constant L > 0 such that

D(f(t,.’lf), f(tvy)) <L- D(.’IJ, y),V(t,.’IJ), (tvy) € Ro.
Then the Fuzzy Initial Value Problem (FIVP)
.’L‘/(t) = f(t,.’If), J}(to) = Zo,

has a unique solution defined in an interval [to,to + k] for some k > 0.
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Proof. Let us consider Ky = C([to, to+p], Rr) and the operator P : Ky — K
defined by:

P(x0)(t) = wo,

P(z)(t) = zg +/t f(s,z(s))ds

It is easy to see that P is well defined. By Lemma [3.2] and the Lipschitz
condition, f is bounded and also P is bounded,

D(P(z)(t),z0) < [ D(f(s,2(s)),0)ds < M(t —to)

to

where

M = sup D(f(t,.’]l‘),O)
(t,z)ERo

is provided by Lemma Let d = min {p, 1%} and

Kl - C([t07t0 + d]vB(anQ))
Let us consider now P : K1 — C([to, to + d], Rx). We have
D(P(z)(t),z0) < q

and so given © € K; gives P(x) € K;. We observe that K; is a complete
metric space considered with the uniform distance, as a closed subspace of a
complete metric space.

Now we prove that P is a contraction. Indeed,

t

D(P(x)(t), P(y)(t)) < [ D(f(s,2(s)), f(s,y(s))ds

to
< 2L(t —to)D(x,y).

Now choosing k = min{d, 5+ } and further restricting P : Ko — K3, with

K> = C([to, to + k], B(z0, q))

we obtain that P is a contraction. From Banach’s fixed point theorem there
exists a fixed point x,. € Ky with P(x.) = z, i.e., z, is a solution of Lemma
Finally from Lemma [0.1] we obtain that z, is a solution of the FIVP

a'(t) = f(t,z(t)), z(to) = o,

for t € [tg, to + k]. The uniqueness follows from the uniqueness of the fixed
point of P, which is a consequence of Banach’s fixed point Theorem. [

Next we prove a characterization result.



9.1 FDEs under Hukuhara Differentiability 175

Theorem 9.4. (Bede [15]) Let Ry = [to,to + p] x B(xo,p), p > 0, 0 € Rr
and [ : Ry = Rx be continuous such that

ft@)e = [f7 (g o), £ (e, 20 € [0, 1.
If
f;(t,x;,xi),ff(t,x;,x:r),r € [0,1]

are equicontinuous (Ve > 0,36 > 0 such that
7 () = £ (tos (o), s (w0),)] < e

when
H (t,x,xt (to,($0);a($0);r)H <9,

Vr € [0,1]) and uniformly Lipschitz in the second and third argument i.e.,
there exist a constant L > 0 such that

for any (t,x),(t,y) € Ry and for any r € [0,1]. Then the Fuzzy Initial Value
Problem (FIVP)

.’L‘l(t) = f(t,.’If), J}(to) = Zo,
has a unique solution defined in an interval [to,to + k| for some k > 0 and

moreover, the unique solution is level-wise x, = [z, x}| characterized by the
system of ODFEs

{ ( ) fr (tl’ .’£+) ,7"6[0,1].
(@) = fF(tay a))

Proof. It is easy to see that the conditions of the theorem ensure by the clas-
sical Picard-Lindel6f Theorem the existence and uniqueness of solutions for
the given crisp system. Also, equicontinuity ensures that f (¢, x) is continuous
as a fuzzy number valued function. The uniform Lipschitz condition provides
Lipschitz condition in Theorem[@.3 and so the existence of the unique solution
of the fuzzy initial value problem

a’ = f(t,x),z(to) = wo.
Now, a Hukuhara differentiable function x(¢) has level sets differentiable and
—\/ !/
(Z‘/)T = [(Z‘T) ) (xj_) ]’
€ [0,1]. Also, the equation 2’ = f(¢, z) level-wise holds so we get
($;)/ = fi(taw;aer)
" A 0,1].
\ Gy frtear et
But this equation has a unique solution. As a conclusion we obtain that the

unique solution of the system characterizes the unique solution of the fuzzy
initial value problem. [
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Fig. 9.1 Hukuhara solution of a fuzzy differential equation

Example 9.5. Consider as an example the FIVP
= —x+2e7(~1,0,1), z(0) = (-1,0,1).

It is easy to check that the conditions in Theorem [T and also are met.
Also, based on Proposition[8.30. We search for triangular solution of the form
z = (z5,21,28). Then we have

(z5) = —af — 27

and we obtain the solution
z(t) = (e7" = 2e',0,2e" —e™"), t € (0,00)

represented in Fig. [9]]

9.2 The Interpretation Based on Zadeh’s Extension
Principle

Under this interpretation, an FIVP is solved as follows: We consider the
crisp ODE which leads to the fuzzy equation considered and solve it. Then,
solution of the FIVP are generated by using Zadeh’s extension principle on
the classical solution. So, we start with a classical ODE o’ = f(t, z,a), z(to) =
zo € R, where a € R is a parameter that appears in the given differential
equation. Let us recall the following result concerning existence, uniqueness
and continuous dependence on the parameters and initial value of an ODE.
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Theorem 9.6. (see e.g. Perko [122]) Let
f o [to, to +pl x [x0 — ¢, 20 + ] x B(ag,7) = R
(here B
Ban(a0,7) = {a € R la— ao|| < 7} CR”

denotes a closed ball in R™ with the Euclidean norm ||-||). Let us assume that
f is Lipschitz in its second variable i.e. there exists Ly such that,

Itz a) = f(ty,a)ll < L[l -yl

Let us further assume that f is Lipschitz in the third variable i.e., there exists
Lo such that,
If(t,z,a) — f(t,z,0)|| < Lalla—b.

Then the initial value problem
ZL'/ = f(taxa a),l'(to) = Zo,

has a unique solution. Moreover, the unique solution depends continuously
both on the initial condition and parameters.

Proof. The proof can be found in e.g., Perko [122] (we omit this proof since
it is not involving fuzzy sets) ]

Let f : [to,to + p] X B(zo,q) x B(ag,r) — Rz (here B(x¢,q), B(ag,r) are
closed balls in Rx) be the Zadeh extension of f(¢,z,a).

Definition 9.7. Let A, Xo € R be fuzzy numbers and f the Zadeh extension
of f. The fuzzy initial value problem

X' = f(t,X,A), X (ty) = Xo,

is said to have the solution X : [to,to + p] — Rr where X is the Zadeh
extension of the solution x : [to,to + p] — R of the classical problem x’' =

flt,z,a), z(tg) = xo.

Based on the previous Theorem combined with Theorem we can obtain
the following existence and uniqueness result.

Theorem 9.8. Let f : [to,to + D] X [x0 — ¢, 20 + q] x B(ao,7). Let us assume
that f is Lipschitz in its second variable i.e. there exists L1 such that,

[f(t,z,a) = f(ty,a)|| < L llz =yl
and that f is Lipschitz in the third variable i.e., there exists Lo such that,

||f(t,x,a) - f(t,l‘,b)” < L Ha - b” .
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Then the solution of the initial value problem
X/ = fN(taXaA),X(tO) = XOa

interpreted as in Definition [9.7 is well defined and continuous. Moreover X
can be defined level-wise as

X, =z (t,(Xo),,Ar) = {z(t, z0,a)|z0 € (Xo)r,a € Ay},
where z(t, xg,a) denotes the unique solution of the
2 = f(t,x,a),z(ty) = xo
classical problem.

Proof. According to Theorem [0.6] the problem
' = f(t,z,a),z(to) = xo

has a unique solution x(t,zo,a) that depends continuously on g, a. From
Theorem the Zadeh extension of z(t,zg,a) is unique, well defined and
continuous. Let us denote it by X (¢, XoA). Also, from Theorem we get
level-wise for r € [0, 1] that

X, =x(t,(Xo),,Ar) ={x(t,x0,a)|xo € Xo,a € A}.
Let us consider the following very simple FIVP

{ —(1,2,3) -
():(123)

with triangular fuzzy numbers. We consider this problem under the interpre-
tation using the extension principle.
The solution of the problem obtained symbolically from the IVP for the

ODE
¥=-a-x
z(0) = g

—at

with the solution
x(t) = xzpe

Using Zadeh’s extension principle we obtain the fuzzy solution
z(t) = (1,2,3)e” (1231

which can be written level-wise as
a(t); = (L+r)e 7"
z(t); = (3 —r)e 1N,

which exists for ¢ € [0, 1].
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Fig. 9.2 Zadeh extension based solution of a fuzzy differential equation

9.3 Fuzzy Differential Equations under Strongly
Generalized Differentiability

9.3.1 FExistence and Uniqueness of Two Solutions

Fuzzy differential equations under generalized differentiability were investi-
gated first in Bede-Gal [20]. Later more general results were proposed in
Bede-Gal [21]. Under strongly generalized differentiability there is a new be-
havior that emerges in the theory of differential equations in abstract space,
namely that of the existence and local uniqueness of two solutions and that
of switching. These very interesting phenomena are under investigation by
many authors (Bede-Rudas-Gal [25], Chalco-Cano-Roman-Flores [36], Mali-
nowski [106], Lupulescu [I03] etc.) Other interesting research topics include
the topics of Semigroups of operators on FN-type spaces (Gal-Gal [71], Gal-
Gal-Guerekata [72], Kaleva [85])
We need one lemma:

Lemma 9.9. (Bede-Gal, [21]) Let x € Rr be such that the functions x, =
[z, x}], r € [0, 1]are differentiable, with x~ strictly increasing and x™+ strictly
decreasing on [0,1], such that there exist the constants ¢c1 > 0, co < 0 satis-
fying (x3) > ¢1 and (z) < ¢y for all a € [0,1].

Let f : [a,b] = Rx be continuous with respect to t, having the level sets

— + ; ; - 0fq () Af () .

fo () and fF(t) with bounded partial derivatives ==~ and ===, with re-
spect to o € [0,1], t € [a,D].

If

a) vy <y

or if
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b) x7 = xf and the core [f(s)]1 consists of exactly one element for any
s €T =la,b], then there exists h > a such that the H-difference

x@/atf(s)ds

exists for any t € [a, h].

Proof. We observe that the H-difference of two fuzzy numbers u © v exists if
and only if the functions (u~ — v~ ,u™ —v™) define a fuzzy number. Indeed,
let us suppose that u © v = z, this is equivalent to z + v = u and taking the
a-levels we have equivalently

[Z;ﬂzg]Jr[U;’U;r] = [ua’u ]v
ie.,
Zo = U — Vg
23 = uf — vy,

a € [0,1]. By Theorem [£10] the assumption that v & v exists is equivalent
with the fact that (u™ —v™,ut —v™") define a fuzzy number. Moreover, since
left and right continuity requirements of Theorem ETI0 obviously hold true
whenever u, v are fuzzy numbers, the existence of u & v becomes equivalent
to

vl —vr Sl -,

and that v~ — v~ is non-decreasing and u* — v is non-increasing.
Therefore, in order to prove the existence of x& fat f(s)ds in the statement,
we have to check that

[ sa] = [[ s6s] <ot —ai = tenien,

t
/ f(s)ds} is nondecreasing w.r.t. «,
a @

8
Q|
\
—

¢
rh — [/ f(s)ds] is nonincreasing w.r.t. a.
a

/ t e - / i (s)ds, / t s

which implies that the above conditions are equivalent to

But

/ len([f(s)11)ds < len([z]1),
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(z) — / O ()d >0, for all @ € [0,1]

and

(xf) — /a aftl( )d <0, for all « € [0,1].

Since f is continuous, it is bounded and the function len[f(¢)]; is bounded
as well. Let M be such that

len[f(t)]1 < M,t € [a,b].

Also, note that we always have

/ len[f(s)]1ds < M(t — a).

Suppose we are under assumption a) in statement. Then, since for all ¢ €
[a,a + len([z]1)/M], we get

M(t —a) < len([z]1),
by the above inequality it easily follows that
/ len(] 1)ds < len([z]1).

Let My, Ms > 0 be such that

9fa (s)
a P < Af
’ da | =1
and 9f=(s)
S s
Ja VT <«
‘ 90 < Mo,

for all s € [a,b] and o € [0,1]. Since (z7)" > ¢; for all a € [0,1], we have
t _

/ %(S)ds <({t—a)Mi<c < (:E*)/
a o

for any t € [a,aJr ]671] and for all @ € [0,1], which implies that z, —
f fo (s)ds is non-decreasing with respect to « for ¢ € {a a+ % } Similarly,

since (z7)" < ¢y for all a € [0,1] we have have

t +
*/a o) gy < (1 — apaty < fes] < — (a)
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and for any t € [a,a—l— %] and for all « € [0,1], i.e. o — f f(s)ds is

non-increasing with respect to a.
By the above reasoning it follows that x@fat f(s)ds exists, for all t € [a, h],

where Jeal len((z])
C1 (6] eni|r|1
i = min {M1 My T}>O'

If we are under the assumption b), then it follows that len([f(s)]1) = 0, for
all s € [a,b] and

/ len([f(s)]1)ds = len([z]1) = 0,

for all ¢ € [a, b]. The other two required inequalities can be obtained by similar

reasoning as above, for all ¢ € [a, a+ h|, where h = min { i ‘]\Cj‘ } > 0, which

proves the lemma. [

The following result concerns the existence and uniqueness of solutions of a
fuzzy differential equation under generalized differentiability.

Theorem 9.10. (Bede-Gal [20], Bede-Gal [Z1)])Let Ry = [to, to+p]x B(zo, q),
p,q >0, 29 € Rr and f : Ry — Rx be continuous such that the following
assumptions hold:

(i) There exists a constant L > 0 such that

D(f(t, ), f(t,y)) < L - D(x,y),V(t ), (,y) € Ro.

(ii) Let [f(t,x)]a = [f5 (t,z), fI(t,z)] be the level set representation of
f, then 7, ff : Ry — R have bounded partial derivatives with respect to

€ [0,1], the bounds being independent of (t,z) € Ry and a € [0, 1].

(iii) The functions xy; and xd are differentiable (as functions of a) and
there exist ¢ > 0 with (xo), > c1, and there exists co < 0 with (xo) < ¢,
for all o € [0, 1] and we have the possibilities

a) xy <zl

or

b) if 7 = x then the core [f(t,x)]1 consists in evactly one element for
any (t,z) € Ry, whenever [x]1 consist in exactly one element.

Then the fuzzy initial value problem

x/(t) = f(t,l’),l’(to) = Zo,
has ezxactly two solutions defined in an interval [to,to + k] for some k > 0.

Proof. We use Lemma together with the previous Lemma The ex-
istence result in Theorem ensures the existence of one solution which
is Hukuhara differentiable. Here we will prove the existence of the other
solution.
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First, let us observe that assumptions (ii) and (iii), by Lemma [0.9] ensure
the existence of the H-difference

T © ( /t: F(t,x(t))dt)

for t € [to,to + ¢ for some 0 < ¢ < p. Now we consider Ry = [tg,to + ¢] X

B(zg,q), Ko = C([to, to+c], Rr) and the operator Q : Ko — Ko (C([a,b], Rx)
being the space of continuous functions x : [a,b] — Rz) defined as follows:

Q(wo)(t) = zo

Qz)(t) =20 © ( /tF(t,x(t))dt> .

to

We observe that @ is well defined on [to, to + ¢] by the choice of ¢. By Lemma
[@2] and the Lipschitz condition (i) of the present Theorem, f is bounded and
we have

D(Q(z)(t),z0) < [ D(f(t,2(t)),0)dt < M(t —to),

to

where M = sup; ,)er, D(f(t,2),0) is provided by Lemma Let d =
min {c, 77} and

K1 = C([to, to + d], B(zo,q)).
Then for the restriction @ : K1 — C([to, to + d], Rx), we have

D(Q(z)(), x0) < g,

ie., x € K; gives Q(x) € K1, and K; is a complete metric space considered
with the uniform distance, as a closed subspace of a complete metric space.
Now we will show that () is a contraction. Indeed,

D(Q(z)(1), Q(y)(t)) S/t D(f(t, (1)), f(t,y(t)))dt

< 2L(t —to)D(x,y).

Now choosing k¥ < min{d, %}, @ becomes a contractions. Banach’s fixed
point theorem implies the existence of a fixed point of (). To conclude, we
observe that the fixed point of @) is strongly generalized differentiable as in
case (ii) of Definition 3T and it solves the fuzzy initial value problem

x'(t) = f(t, ), z(to) = o,

for any t € [to,to + k]. The local uniqueness of this solution on [to, %o + ]
follows by the uniqueness of the fixed point for Q. ]
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9.3.2 Characterization Results

We will extend in this section the Characterization result of Theorem to
the case of generalized differentiability.

Theorem 9.11. (Bede [15], Bede-Gal [20]) Let Ry = [to,to + p] x B(zo,q),
p>0,x9 € Rr and f: Ry — Rr be such that

[f(t,l’)]a = [f (t,fa,fa) f+(t,$a,$a)] Vo € [O 1}

and the following assumptions hold:
(i) fE(t,x,x}) are equicontinuous, uniformly Lipschitz in their second
and third arguments i.e., there exist a constant L > 0 such that

\fEt 2y, 2d) — fE Ly ud) < Lllzg —ya |+ |ad —yd ),

Y(t,x), (t,y) € Ro,a € [0, 1].

(ii) f7, ff + Ry — R have bounded partial derivatives with respect to
a € 10, 1], the bounds being mdependent of (t,x) € Ry and o € [0, 1].

(iti) The functions x, and xO are differentiable, existing ¢ > 0 with
(o), = c1, and co < 0 with (:EO) < ¢, for all o € [0,1], and we have the
following possibilities

a) (20); < (wo){

or

b) if (x0)] = (z0)] then the core [(t,x,u)]; consists in evactly one element
for any (t,z) € Ro, whenever [z]1 and [u]y consist in exactly one element.

Then the fuzzy initial value problem

2'(t) = f(t,x), z(to) = wo, (9.1)
is equivalent on some interval [to, to + k| with the union of the following two
ODEs: .

(z3) (1) = f& (g (1), 25 (1))
(@) (t) = [ (6,25 (D), 25 (#) a€[0,1] (9.2)
z, (to) = (z0), » 2 (to) = (w0 Z

e [0,1]. (9.3)

Proof. Condition (i) of the theorem ensures the existence of a unique solu-
tion for each of the systems of equations ([@.2), ([@.3)) for any fixed « € [0, 1].
Let us denote these solutions by (z;)", (z})" and (z )Zz ()" respectively.
The equicontinuity of fI ensures the continuity of f as a fuzzy valued func-
tion, while the Lipschitz condition in (i) is sufficient for the corresponding
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Lipschitz property of f. All these conditions together ensure the existence
and uniqueness of two solutions z* and z** for the fuzzy initial value problem

@T). Let [xz]a = [(xz); , (mz):] and [x”]a = [(m“); , (x”):], a € [0,1].

Then, since ' Hukuhara differentiable then

(@] =1(@).) (@)

[e3

and (xz); ) (xz)z is a solution of the system (@.2]). Since (m;)l ) (xj;)l is the
unique solution of the system we obtain

(@), @)0) = (@) (@)") va e 0,11,
Similar reasoning for the (ii)-differentiable solution implies

(@] =10 (@)

S0 (x”)z , (x”); is a solution of the second system (@3] considered in the
Theorem, so

«

(@), @) = (@2)" (@)") Va0, 1.

As a conclusion the solutions of the initial value problem (@) are exactly
those of the given systems ([@.2)) and ([@.3). |

In the followings we formulate a particularization of the existence, uniqueness
and characterization Theorem [@.IT]for fuzzy initial value problems with trian-
gular data. We denote by Ry the space of triangular fuzzy
numbers.

Theorem 9.12. Let Ry = [to, to+p] x (B(zo,p) "NR7), p > 0, 19 € Ry and
f: Ry — Ry be such that

fltz)=(f (a2t ah), f1(t e 2t ah), [ (a2t a™))

and the following assumptions hold:

(i) f=,f', f* are continuous, Lipschitz in their second through last
arguments.

(ii) xo = (zg,x},2d) is a nontrivial triangular number such that x5 <
xy < xf. Then

(a) The fuzzy initial value problem

(1) = f(t,2), x(to) = o, (9-4)

has ezxactly two triangular valued solutions on some interval [to,to + kJ.
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(b) Problem (97) is equivalent to the union of the following two ODEs:

() = f~(t,2™, 2" a7)

(xl)/ = fl(t,z~,zt 2t)

(1) = fH(t,z, z', 2t ’ (9:5)
7 (to) = zy , 7 (to) = xd,x7 (to) = zf

(z7) = frt,z=,a zT)

(xl)/ = fl(t,z=,zt, 2t)

(1) = f~(t,z, x, xT) ’ (0.6)
7 (to) = g, 2t (to) = g, 27 (to) = 2§

Proof. It is easy to check that since f is triangular valued, the solutions of
@) are triangular valued. Further the conditions (i) and (ii) ensure that
the problem (@A) has two unique solutions locally. It is easy to check that
the conditions in Theorem [0.IT] are fulfilled and the problems (@.2) and ([@3),
in the case of triangular-valued functions are equivalent with (@8] and (@.6])
respectively, and the proof is complete. [

9.3.3 Ezxzamples of Fuzzy Differential Equations
under Strongly Generalized Differentiability

In what follows we solve several fuzzy differential equations under generalized
differentiability.

Example 9.13. Let us begin with the homogeneous decay equation
¥ =—z, x(0)=(-1,0,1).

Surely since (i)-differentiability is in fact Hukuhara differentiability we obtain
the solution z(t) = €'(—1,0,1). Under (i)-differentiability condition we get
the solution x(t) = e~*(—1,0,1). The behaviors of the two solutions differ
substantially, as shown in Fig. [9.3

Example 9.14. By adding a forcing term we obtain the following equation
(see Tenali-Lakshmikantham-Devi [145] and Bede- Tenali- Lakshmikantham [26]])
¥ = -z +e"(-1,0,1).

Let us keep the initial condition the same as in the previous problem, i.e.
xo = (—1,0,1) under strongly generalized differentiability cases (i) or (ii).
For the case of Hukuhara or (i)-differentiability we get

(xg)/ = —zf —et
(:EO) =—x5 t+e
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Fig. 9.3 Two solutions of a fuzzy differential equation (solid line is (i) differentiable
solution, dash-dot line is the (ii) differentiable solution

Under (ii)-differentiability, the fuzzy differential equation becomes

(zg) =—ag +e'
) = -1
(@) = o -

and we get x(t) = e *(1 — t)(—1,0,1). In Figlg7 the (i)-differentiable and
(ii)-differentiable solutions are presented.

Example 9.15. This example was proposed in Bede-Gal [21)]. In Barros-
Bassanezi [13] and Nieto-Rodriguez-Lopez [117] a logistic fuzzy model is ana-
lyzed in detail and the findings are that it is an adequate model for population
dynamics under uncertainty. We use the strongly generalized differentiability
and the results on characterization previously discussed to analyze a fuzzy
logistic equation

' =azx(K Ogp ), z(0) = xo

where aKx is the growth rate, ax? is the inhibition term and K is the en-
vironment capacity. The generalized Hukuhara difference K ©gn x is used
here. The advantage of this difference over the Hukuhara difference in this
example is that the generalized Hukuhara difference exists in situations when
the usual Hukuhara difference fails to exist. We consider a, K € Ry sym-
metric triangular numbers and xo, K € R. We use in our example xo =
500, a = (0.98,1,1.02) - 1073, K = (9,10,11) - 103. Let us remark that the
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Fig. 9.4 Two solutions of a fuzzy differential equation (solid line is (i) differentiable
solution, dash-dot line is the (ii) differentiable solution

function f(t,z) = ax(K64x) is not a triangular-number-valued function even
if the inputs are triangular numbers, since the product of two triangular fuzzy
numbers is not generally triangular. In this case we have for any « € [0,1],
F(z 2% 2") =ay m[in] {, (K —zy) .zl (K —2f)}
a€el0,1
F'(z7, 2" 2T) = a'a? (K1 — xl)
Fl(z™,2'2") = af max {a (K, —z7), 28 (K —z%)}.
a€l0,1]
These are piecewise quadratic functions of a and the more general character-
ization result[J.11] is necessarily used. Locally, the FIVP is equivalent to the
problem
) = FEr(t e, at at)
(@) = Ff(ta™,at,a") : (9-7)
™ (to) =z, 2 (to) = wg, 27 (to) = ag
It is easy to see that the only solution we have locally on some interval [0, p)
is the solution according to case (i) of differentiability, since xg € R. Let p =
inf{t >0:2,(t) (K, —x,(t) =xr(t) (KT —zL(t))}. We have numerically
obtained p = 0.407. We observe that if we use now p and xo = x(p) as initial
values for a new initial value problem

o' = az(K 1 ), 2(p) = 20
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Fig. 9.5 Two solutions of a fuzzy differential equation

two solutions will emerge according to Theorem [9.10 characterized by the

systems ([97) and (2Z38),
E)/ Ey
(xf) = Ff(t, 2™, at,2™) : (9-8)

One is differentiable as in (i) and another differentiable as in (i) case of Def-
inition [8.71. Let us remark also, that we can paste together the solutions and
we obtain two solutions on the [0, 1] interval. We can see that the most real-
istic model appears to be the one which starts with case (i) of differentiability
on [0, p] and continues with case (ii) of differentiability on [p, 1]. The solution
which is (i) differentiable is the Hukuhara solution on [0,1] and it is unreal-
istic from practical point of view since the population may increase according
to that solution much more than the environment’s capacity. In Figure
these solutions are shown, where ' represents the lower and upper endpoints
of the 0-level set of the solution according to case (i) of differentiability, x%
is the 0 level set of the solution as in case (ii) of differentiability. x'is the
common 1-level set of the two solutions.

This example also allows us to underline the practical superiority of the
strongly generalized differentiability with respect to the Hukuhara derivative
case. Several other practical examples were proposed in the literature.

9.4 Problems

1. Solve the fuzzy differential equations

' =x,2(0) = x9
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¥ = —z,2(0) = o

under Hukuhara differentiability, for arbitrary trapezoidal fuzzy initial
value 29 € Rr x9 = (a, b, ¢, d).

Solve the fuzzy differential equations
2 =x,2(0) = xg

¥ = —z,2(0) =z

using Zadeh’s extension principle-based method, for arbitrary trapezoidal
fuzzy initial value xg € R x¢ = (a,b, ¢, d).

Solve the fuzzy differential equations

' =x,2(0) = x9

¥ = —z,2(0) =z

under generalized differentiability, for arbitrary trapezoidal fuzzy initial
value 2o € Rr a9 = (a, b, ¢, d).

Using Zadeh extension principle-based approach solve the fuzzy differen-
tial equation

¥ =a-x+b,z(0) =

under strongly generalized differentiability with a € R, b,z9 € Rr, b =
(b=, b4, b%), mo = (x5, 2}, 2f) triangular fuzzy numbers.

Solve the fuzzy differential equation
¥ =a-x+b,z(0) =m0

under strongly generalized differentiability with a € R, b,z9 € Rr, b =
(b=,bL, b)), 3o = (x5, 2}, x§) triangular fuzzy numbers.
Try to consider a generalization to a triangular number a=(a~, a',a™),
with a restriction to the case when a™ > 0 and z, > 0.

State and prove a more general version of the Characterization result in
Theorem[@. 111 for a system of fuzzy differential equations and respectively
for a second order fuzzy differential equation.
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7. Consider a first order linear differential equation
y' = a(@) y+bx),y(o) = yo

with a(z) real valued function, and b : R — Rxz. Prove that

y1(z) = elo @D (yo —I—/ b(t) - e uo a(“)d“dt) (9.9)

and

x

o) = el O (yo o / (=b(t)) - o “(")d“dt) . (9.10)

provided that the H-difference yo © f;o(—b(t)) e~ Jig alwdu gy exists, are
solutions of the fuzzy differential equation y' = a(z) - y + b(z).

8. Describe Euler’s method to calculate the solution of a fuzzy differential
equation using the characterization theorem presented in this chapter.
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Extensions of Fuzzy Set Theory

In fuzzy set theory the membership function of a fuzzy set is a classical
function A : X — [0,1]. In some applications the shape of the member-
ship function is itself uncertain. This problem appears mainly because of
the subjectivity of expert knowledge and imprecision of our models. In these
situations we can use a higher order extension of fuzzy set theory.

10.1 Lattice Valued Fuzzy Sets (L-Fuzzy Sets)

Definition 10.1. Let (L, <), be a complete lattice (i.e., any non-empty subset
of L has an infimum and a supremum). A negation on a complete lattice is
an operator N : L — L such that N is involutive, i.e.

N(N(x)) = z,Vx € L,

and non-increasing, i.e., if ¢ <y then N(x) > N(y), z,y € L.
In the followings we assume that L is a complete lattice with a negation.

Definition 10.2. (Goguen [75]) An L-fuzzy set on the universe X is a map-
ping A : X — L. The class of L-fuzzy sets is denoted by Fr(X). The oper-
ations on L-fuzzy sets are point-wise provided by the inf and sup that come
from the lattice structure. The basic connectives of L-fussy sets are

A A B(z) = inf(A(z), B(x)),

AV B(z) = sup(A(z), B(z)),

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 193-[99]
DOI: 10.1007/978-3-642-35221-8 10 (© Springer-Verlag Berlin Heidelberg 2013
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for any x € X.

In general, for L-fuzzy sets distributivity does not hold. In order to be able
to use this property we need to have a distributive lattice i.e., such that the
sup is distributive w.r.t. inf and vice versa

aV({Ac)=(aVb)A(aVc)

and
aN(BVe)=(aAb)V(aAc).

Also, in some problems complete distributivity could be required i.e.,

aVv (/\b) = \aVb;and a A (\/b) =\/anb.

el iel i€l iel

If L is a distributive (completely distributive) lattice, then the L-fuzzy set
operations become distributive (completely distributive).

Example 10.3. ([0, 1], <) is a completely distributive lattice. Then classical
fuzzy sets can be seen as L-fuzzy sets with L = [0,1]. We observe that [0, 1] is
complete and completely distributive lattice. We observe that the L-fuzzy sets
with L = [0, 1] coincide with the fuzzy sets F(X).

Example 10.4. (F(X), <) the family of fuzzy sets over the same universe
of discourse X with the inclusion. Then F(X) is a lattice. The infimum is
the fuzzy intersection A, while the supremum will be the fuzzy union V. We
can now use L = F(X) as a lattice to define L-fuzzy sets. Surely iteration on
this procedure is possible.

10.2 Intuitionistic Fuzzy Sets

Definition 10.5. (Atanassov [6]) Let X be a non-empty set. An intuitionistic
fuzzy set is a pair of mappings A = (na,va) : X — [0,1] that fulfill the
condition

pa+rva <1,Ve e X.
A represents the degree of membership while va is the degree of non-
membership.

Remark 10.6. A fuzzy set pa can be interpreted as the intuitionistic fuzzy
set A= (pa,1— pa). The reciprocal is not necessarily true.
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The basic operations between intuitionistic fuzzy sets are defined as follows:
ANB = (min(pa, up), max(va,vp))

AUB = (maX(,uAyliB)ymin(VAaVB))
N(A) = (va, pa).

We denote the collection of all Intuitionistic fuzzy sets by IF.S(X). Intuition-
istic fuzzy sets were studied by several authors (e.g. Szmidt-Kacprzyk [143],
Ban [7]) and they were used successfully in applications (Sussner et. al. [I40]
etc.)

Proposition 10.7. The set [FS(X) with the operations of union intersec-
tion and complement defined as above is a distributive lattice. Moreover it is
complete and completely distributive.

Proof. The proof is immediate. [

Remark 10.8. Intuitionistic fuzzy sets can be seen as L-fuzzy sets by con-
sidering the lattice L C [0,1]?,

L={(z,y) €[0,1[x +y <1}
where the inequality relation generating the Lattice structure is defined by
(,y) <p (z,t) & [z <z and y > t].

Moreover, L in this case is a complete, completely distributive lattice.

10.3 Interval Type II Fuzzy Sets

Let I[0, 1] denote the set of closed sub-intervals of [0, 1].

Definition 10.9. (see e.g. Mendel, [110]) An interval valued fuzzy set is a
mapping A : X — 1[0,1]. Let us denote

A(z) = [A(2), A(@)].

Then A(zx), A(z) can be interpreted as the lower and upper bounds of the
membership grade.

Operations with interval valued fuzzy sets are defined by:
AU B(x) = [sup{A(z), B(z)},sup{A(), B(x)}]
AN B(z) = [inf{A(x), B(x)}, inf{A(z), B(2)}]

NA(z) = [1 - A(z), 1 — A()].
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If A= (ua,va) is an intuitionistic fuzzy set then we define an interval valued
fuzzy set, A(xr) = pa(xr) and A(x) = 1 — va(z). Then we have a correspon-
dence between interval valued fuzzy sets and intuitionistic fuzzy sets because
we can reciprocally consider pa(z) = A(x) and va(z) = 1 — A(x).

This correspondence is well defined since

& pa(@) +valr) <1.

Proposition 10.10. The set of interval valued fuzzy sets with the operations
of union intersection and complement defined as above is a distributive lattice.
Moreover it is complete and completely distributive.

Proof. The proof is a direct consequence of the above discussion with Propo-

sition [0 [

Remark 10.11. Interval valued fuzzy sets can be seen as L-fuzzy sets, by
considering the complete distributive lattice L = 1[0, 1] with the inequality
defined as

[a,b] <[c,d] @ a<candb<d.

10.4 Fuzzy Sets of Type 2

Type m fuzzy sets can be defined recursively as follows.

Definition 10.12. (see e.g. Mendel, [I10]) Type 1 fuzzy sets are regular
fuzzy sets
Fi(X)={A: X —[0,1]}.

Type m fuzzy sets, m > 1 are L-fuzzy sets whose membership degrees are type
m — 1 fuzzy sets

Fn(X) ={A: X = Fr_1([0,1])},m > 2.

Type 2 fuzzy sets are the most important cases of type m fuzzy sets. They
are characterized by membership function p4 : X — FI0,1].

pra(z)(u) € [0, 1],

Ve € X and u € [0, 1].
For a given x € X we denote by J, the support of pa(z), i.e.,

Jo = {u s [u(x)(u) # 0}.
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The notations used for fuzzy sets of type 2 are as follows

A= {(2,u, pg(w,w)|w € X,u € Jx},

i= [ [ w0
reEX, uEJy
or

Aw) = [ wa@w/u . € 0.1)
u€Jy

where the integral sign denotes union over all admissible values.

There is a strong connection between fuzzy sets of type 2 and interval
valued fuzzy sets. Namely, if we consider a fuzzy set of type 2 A then its
footprint of uncertainty is defined as

FOU(A) = | Ja-
zeX

We can determine two type 1 fuzzy sets

pi(x)=J, =inf Jp, i z(x) = J, =sup J,.

Now we define I, = [J,,J,], and in this way we have obtained an interval
valued fuzzy set B : X — 1[0, 1], B(z) = I.

As a conclusion from a type 2 fuzzy set we can obtain an interval valued
fuzzy set. The reciprocal is not true, i.e. from an interval valued fuzzy set we
cannot obtain the type 2 fuzzy set that was initially considered. This shows
that type 2 fuzzy sets are more general than interval valued fuzzy sets or
intuitionistic fuzzy sets.

The operations between interval type 2 fuzzy sets can be directly defined
as follows.

N

U Ba)(u) = () V jug (e, )

N

N B(x)(u) = pz(z,u) A pg(@,u)

N(A)(@)(w) =1 - pz(z,u).

These operations do not have some desirable properties and interpretation.
For example they do not satisfy Zadeh’s extension principle. Different opera-
tions are introduced and studied in the literature, based on Zadeh’s extension
principle as follows:

AV B(a)(u) = sup{min(ug (w, v), 13w, w))| max(v,w) = u}
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AA Bla)(w) = sup{min(u; (2, v), u (2, w))] min(o, w) = u}

N(A)()(w) = 1 - iz, ),

10.5 Problems

1. Prove that the operations defined on intuitionistic fuzzy sets verify De
Morgan laws:

N(AvV B)=N(A)AN(B)
2. Consider the following intuitionistic fuzzy set
A(z) = (pa(z),valz)),

where p4(x) = (7,8,9) and

1 if <6
) B if 6<z<38
val®) =\ 228 i g <o <10
0 if 1<z

Verify that the membership functions considered are defining indeed an
intuitionistic fuzzy set.

3. Prove that L = [0, 1] with the inequality defined as [a,b] < [¢,d] <=
a < cand b < d is a lattice. Find the supremum and infimum of two
intervals [0.2,0.5], [0.3,0.6].

4. Consider the following interval valued fuzzy sets A(z) = [A(z), A(z)] and
B(x) = [B(z), B(x)] where

0 if T <2
r—2 if 2<z<3

Alx) = 4—x if 3<zx<4”’
0 if 4<cz
0 if r<l1

_ z—1 <

Alz) = 7 if 1<x<3

0 if b5<uzx
0 if xz<4
r—4 if 4<z<5
B(z) = 6z if 5<2<6 °
0 if 6<uz



10.5 Problems 199

0 if r<3
x—3 :
= . E if 3§1’<5
Bla)=0 2= i 5<o<7
0 if T<zx

Verify that the given membership degrees define an interval valued fuzzy
set by sketching the membership functions. Calculate AA B and AV B
and graph them.

5. Given interval valued fuzzy sets A(z) = [A(z),A(z)] and B(z) =
[B(z), B(z)] with

0 if T <2
z—2 if 2<x<3

Alw) = 4—x if 3<zrx<4”’
0 if 4 <z
0 if z<1
z—1 :
n o =5 if 1§x<3
A@) =90 2 i 3<2<5
0 if b5<uzx
and
0 if <20
2220 if 20< z < 30
_ 0 1 >
Bl#) =\ 1% i 30<,<40
0 if 40<z
0 if xz<10
_ z—10 3f 10< gz < 30
Bl@)=q sta 30 <z < 50

if 0<a
we consider the fuzzy rule

if x is A then y is B

with a Mamdani inference system. Given the crisp input x = 2.5 find
the firing level (interval) for the given fuzzy rule. Sketch the graph of the
output of the inference system.

6. Prove Proposition I0.7
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Possibility Theory

11.1 Fuzzy Sets and Possibility Distributions

Let X be a set, adopted as the universe of discourse in what follows. We ask
the question whether a value for a variable is possible. The answer will be a
fuzzy set when the problem we are considering has uncertainties that are not
of statistical type.

Definition 11.1. (Dubois-Prade [51|]) A possibility distribution 7 of a fuzzy
variable  on a set of possible situations X is a fuzzy set w: X — [0, 1], such
that there exists an xo € X such that w(xo) = 1.

A possibility distribution aims to distinguish between what is expected and
what is surprising, with the following convention 7(u) = 0 means that x = u
is rejected as impossible, m(u) = 1 is totally possible, while 7(u) = 0.7 means
that it is possible with the degree 0.7. So, 7(u) means the degree of possibility
of the assignment x = u, some values u being more possible.

Now we can ask the question: If we consider a crisp set of values A C
X what is the possibility degree of x € A. Also, a related question is the
following: Does x necessarily belong to A?

Definition 11.2. (Dubois-Prade [51|]) The possibility degree of = to belong
to A is
II(A) = sup 7(x).
z€A
The necessity degree is
N(4) = inf n(r(4))

where n is the standard negation.

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 201-P12]
DOI: 10.1007/978-3-642-35221-8 11 (© Springer-Verlag Berlin Heidelberg 2013
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The mathematical theory for possibility distributions is Fuzzy Measure
Theory.

11.2 Fuzzy Measures

Definition 11.3. (Sugeno-Murofushi [139]) Let p be a function from a o—
algebra B C P(X) to [0,1]. p is a fuzzy measure if

(i) p(0) = 0, u(X) =1

(ii) For any A, B € B we have u(A) < p(B).

(i11) If {A;}i=1,2,... € B is an ascending (respectively descending) mono-
tone sequence Ay C Ay C ... C A, C ... (respectively A1 D As 2 ... 2 A, D
...) then

g, #lAn) = B, An),
where limy,_,o0 A = US4 Ay, (Tespectively limy, oo Ap = NS4 Ay)
Proposition 11.4. (Gal-Ban [T0])For a fuzzy measure we have
(i) n(AU B) = max(u(A). p(B))
(i) p(AN B) < min(u(A), u(B))

Proof. Since

ANBCACAUB
ANBCBCAUB

from the monotonicity of g the statement easily follows. ]

Example 11.5. Probability measures are fuzzy measures. The additional
property that they have is that of o— additivity

2 (DA) =3P,

where A; N Aj =0 when i # j.

Example 11.6. Dirac measure

B 1 if zp€d
p(A) { 0 otherwise ’

where xog € X s fized, is a fuzzy measure.

Definition 11.7. (Gal-Ban [70]) A set function gx : B — [0, 1] that fulfills
(i) gr(X) =1
(ii)
IA(AUB) =gx(A4) + gx(B) + A ga(4) - g (B)
with AN B =0, is called a Sugeno A—measure.
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Remark 11.8. If A\ = 0 then a Sugeno A—measure becomes a classical mea-
sure.

Lemma 11.9. If B; are disjoint sets and \ # 0 then

A (Q Bi) = % lﬁ(l + Aga(Bi)) — 11 .

i=1
Proof. The relation

(O ) lﬁ(lJrAgx(B ))11,

i=1

with arbitrary n > 1 can be proved by induction. By taking the limit as
n — oo we obtain the relation in the statement of the Lemma. ]

Lemma 11.10. If gy is a A—fuzzy measure then

i 1—gx(4)
A= —————.
Proof. The proof is left to the reader as an exercise. ]

Proposition 11.11. (Gal-Ban [70]) A Sugeno A—measure is a fuzzy measure
for A > —1.

Proof. (i) We have
IANX UD) = gr(X) + ga(0) + Aga(X)ga(0).

Since ga(X) =1 we get gA(0)(1 4+ A) = 0 and then g»() = 0, since A > —1.
(ii) Let A C B. Then there exist C' = B\ A with AUC = B and ANC = 0.
Then

a(B) = A (AU C) = gA(A) + 9A(C) + Aga(A)gr(C)
= g,\(A) + (14 Aga(A4)ga(C) > gr(A).
. C

.. be an ascending sequence. Let By =

(iii) Let A; C Ay C c
\ Bn-1,.... Then BN B; = 0,7 # j and

Al,BQ = A2 \ Bl, ...,
> 1A, = U2, By,
Taking into account Lemma [[T.9 we obtain

A,
A,
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On the other hand since A,, = U}"_; B; we obtain

ﬁﬂﬂ“&ﬁ_fﬂﬂAOJBJ

=1

i=1

1
= lim X [H(l + Aga(B;)) — 11
Comparing the two relations above we get

o(lim A,) = lim g\(A,),

n— oo n— oo

i.e., the continuity by ascending sequences.

For the continuity by descending sequences we consider A1 D A O ... D
A, D .... Then the complements A; C Ay C ... C A, C ... form an ascending
sequence. Taking into account Lemma Ol we get

%ﬂﬂn—%<U )

1- gx ( U An)
n=1

1+)\g,\<8 An).

n=1

Taking into account the continuity by ascending sequences we get

( lim A ) — limy, 00 ga (A )
n—oco 14+ Alimy, o0 g (A )
- _
= lim M_
n—oo 1+ Agx (An)
Using Lemma [IT.10, finally we obtain

B 1*}?>\(E4An))
. . 1+Agx(An
gr(lim A,)= lim ————=—-"~
i, ) oo 14 Al
o (N
= dm o ay T A e,

Proposition 11.12. Let A, B € B not necessarily disjoint. Then we have

ga(A) + gr(B) —gr(AN B) + X-gx(A) - gA(B)
L+ gx(ANB) ‘

g)\(A U B) =

Proof. The proof is left as an exercise to the reader. [
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11.3 Possibility Measures

Definition 11.13. (Dubois-Prade [51l]) A possibility measure is a set func-
tion I1 : B — [0, 1] such that

(i) II(0) =0, II(X) =1

(11) If {A;|i € I} C B then

(UA) = sup I1(4;).

iel i€l

Definition 11.14. A possibility distribution is a fuzzy set 7 : X — [0, 1]
such that there exists xo € X with m(x¢) = 1.

Proposition 11.15. Given a possibility distribution 7, for any A € B we
define II(A) = sup,c 4 m(x). Then I is a possibility measure.

Proof. (i) We adopt the convention IT(()) = 0. We have II(X) = sup, ¢ x 7(x)
=1.
(i) Let {A;]i € I} C B. Then

I (U Ai> = sup{m(x)|zx € U A}

el il

= sup sup 7(z) = supII(4;).
i€l zEA; icl

Proposition 11.16. IfII is a possibility measure then n(x) = II({z}) is a
possibility distribution.

Proof. We have to prove that m(zg) = 1 for some zy € X. Since II(X) =1

and since we can write X = |J {z} we obtain
zeX

I(X) = sup I({z}) =1

so there exists xg € X with II({z¢}) = 1, or equivalently 7(zo) = 1. ]

Proposition 11.17. Let X be a finite set and g : X — [0, 1] be such that

(i) g(0) =0, g(X) =1
(1) If AN B =0 then g(AU B) = max{g(A4), g(B)}.
Then g is a possibility measure.

Proof. It is enough to prove that g(A U B) = max{g(A),g(B)} with A, B
not necessarily disjoint. For this aim we observe that

AUB=(A\B)U(ANB)U(B\ A),

which is a union with disjoint components.
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Condition (i) implies
9(AU B) = max{g(A\ B),g(ANB),g(B\ A)}
= max{max{g(A\ B),g(AN B)}, max{g(AN B),g(B\ A)}}

= max{g(4),g(B)}.
]

The next theorem makes the connection between possibility measures and
fuzzy measures.

Theorem 11.18. A possibility measure that is continuous by descending
sequences is a fuzzy measure.

Proof. We can see that the condition II <U Ai) = sup,c; H(A;) implies
iel

monotonicity. Also, continuity by descending sequences is assumed. The only

condition that needs to be proved is continuity by ascending sequences. Let

Ay C Ay C ... C A, C ... be an ascending sequence. Then, since the limit of

an increasing sequence coincides with its supremum we get

oo
I (LJI A,») = sup II(4;) = nh_}n;o II(A,).
1=

i=1,2,..
]

Remark 11.19. Continuity by descending sequences is assumed, it is not a
consequence of the properties of a possibility distribution in general. If X is
a finite set continuity by descending sequences is obtained, so the following
corollary holds true.

Corollary 11.20. A possibility measure on a finite set is a fuzzy measure.

Proof Let Ay D Ay D ... D A, O ... be a descending sequence and A =
o0

ﬂ A;. On a finite set we have A = ﬂ A; = Ay for some k € {1,2,...}.

=1
Slmllar conclusion holds for ascending sequences. The rest of the proof is left

to the reader as an exercise. [ ]

11.4 Fuzzy Integrals

We will study in the present section fuzzy integrals, i.e., integrals obtained
starting from the concepts of fuzzy measure. We will dedicate most of the
section to Sugeno integrals and their equivalent definition due to Ralescu
-Adams and we discuss the Choquet integral too.
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Definition 11.21. (Murofushi-Sugeno [I13]) Let p be a fuzzy measure. The

Sugeno fuzzy integral of a positive measurable function f : X — [0,00) on a
measurable subset A C X is defined by

®) [ 1an=\ anut.na,

a€l0,00)

where

Fy={z e X|f(x) > a}.

Proposition 11.22. The Sugeno fuzzy integral has the following properties.
a) If A C B then

® [ fanzs) [ fau
b) If u(A) =0 then
(S)/Af = 0.

¢) If ¢ >0 is a constant then

(S)/Ac dp = c A p(A).

d) For f,g: X — [0,00), f < g we have

® [ fan<® [ gan

Proof. The proof of a), b) and d) of the proposition are left to the reader as
an exercise. Let us prove c) here. We observe that

0 if c<a

Fa_{xexcza}_{ X if c>a

(S)/Acd,u: \/ aAp(Fy NA)

a€0,00)

= \V ano|v \/ anrupd)=cauA)

a€l0,c) a€le,00)
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Definition 11.23. (Ralescu-Adams, [124)]) Let i be a fuzzy measure and let

n
s = E QX A;
i=1

be a simple function (i.e., piecewise constant with A; measurable). Further
we denote by S the set of simple functions on X. Let

Qa(s) = \/ o; A (AN Ay).

The Ralescu-Adams fuzzy integral of a positive measurable function f: X —
[0,00) on a subset A C X is

(RA) /A f dyt = sup Qu(s),

seS

Proposition 11.24. The Ralescu-Adams fuzzy integral given in this defini-
tion has the following properties.
a) If A C B then

A d A dpu.
(Ra) [ 1 du<(RA) [ £
b) If u(A) =0 then

RA dp = 0.

(Ra) [ 1 =0
¢) If ¢ >0 is a constant then

A dy = A).

(R4) [ cdu=cnu(a)

d) For f,g: X — [0,00), f < g we have

(ra) [ g < (Ra) [ g d.

Proof. The proof of a), b) and d) of the proposition are left to the reader
as an exercise. Let us prove c) here. We observe that we can write s = cxa
which makes the integrand a simple function and then

Qa(x) =chp(A)
and we obtain

(RA) /A ¢ du = cAp(A).

Let us prove in the followings that the two integral concepts coincide.
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Theorem 11.25. (see e.g. Gal-Ban [T0]) The Takagi-Sugeno and Ralescu-
Adams integrals coincide and moreover

/fdu RA/fdu—Sup p(A) A in f ()
Proof. First we prove that

(RA) / f dp = sup[p(A) A inf f()

AeB

Let A € B be measurable with inf,c 4 f(z) = ag. Let us consider the simple
function

S0 = QpXA-

By the definition of sy we have sg < f which allows us to write
(RA) [ du = (RA) [ sz Qloo)
X X

= ao Ap(4) = p(A) A inf fz),vA € B.
‘We obtain
(RA) [ f dy > sup[u(A) A inf f(x)].
X AeB TEA

For the converse inequality we take

n
s = Zaixm </

i=1

Then .
s) = \/ a; A p(4;)
i=1

Let us assume that the maximal element is attained at g i.e.,

Q(S) =y N\ M(Aio)'

Then we have

Qg ng}f f( )

(otherwise we would not have Q(s) < f(x)).
It follows that

Q(s) < p(A;, )Amng f(x) < ilé%[u(A) A;ggf( )]

and finally

(RA) [ f du < sup[u(A) A inf f(2)]
X AeB TEA
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Together with the symmetric case we obtain

(RA) f dp = sup [1(A) A Inf f(z (z)]-

For the Sugeno integral we take ap = inf e 4 f(x) then it is immediate that

ACF, ={zx € X|f(z) > a}.

Then we get
) [ fdu=\/ anu(Fana)
X a€l0,00)
> ag A p(4) = u(4) A inf f(2)
and finally

() [ _f du = sup[u(A) A inf f(z)].
X AeB S

Since F,, is measurable we have F,, € B. Then

/fdu— \/ a A u(F, \/a/\u

a€l0,00) AeB
]

Example 11.26. (see e.g. Gal-Ban [70]) Let f : [0,2] — [0,00), f(z) = =.
Let i be the Lebesgue measure. The Lebesgue measure is in particular a fuzzy
measure too. Then

pl{z|fx) > o} =p{z 0,2z >a} =2—«a
and for the Sugeno integral we have

()/fdu— \/ anu(F.)

a€l0,00)

\/ aN(2—a)=1.

a€l0,00)

Definition 11.27. (see e.g., Sugeno-Murofushi [139]) The Choquet integral
of a measurable function f with respect to the fuzzy measure p is defined as

o [ rau=[ " ulelf(@) > a}da.
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In what follows we give an equivalent definition.

Definition 11.28. (see e.g., Sugeno-Murofushi [139]) Let 0 = ag < a1 <
ag < ... < a, and A; = {z|f(x) > a;}. We have A, C ... C A;. We define
the Choquet integral of a function of the form

n

s = Z(ai —a;i-1)Xa, €S

=1

as
n

©) ['sdu=3 (@i~ aa)u().

i=1

For an arbitrary measurable function f we define

(C’)/f d,u:sup{(C')/s duls € S,s < f}.

Proposition 11.29. (see e.g., Sugeno-Murofushi [139]) The concepts defined
in the previous two definitions are equivalent i.e.,

| nsls@) = a)da = sup((©) [ s duls € 5.5 < 1.

0

Proof. We observe that

sup{(C’)/s duls € §,s < f}

= sup {ZM(Ai)(ai —a;1)|s < f}
i=1

= [ wtelso) = adaa.

the later one being a Riemann integral. [

We list below some properties of the Choquet integral.

Proposition 11.30. (see e.g., Sugeno-Murofushi [139])The Choquet integral
has the following properties.

1) [1a du= p(A).

2) [af dp=a [ f dp.

3)If f < g then [ fdu< [gdu

4) Ifu<vthen [ fdu<[fdv

5) If v is the Lebesque measure then the Choquet integral coincides with a
Lebesgue integral.
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Proof. The proofs of 1)-4) are left to the reader as an exercise. To prove 5)
we observe that if p is Lebesgue measure then as in Definition 11.28 we have

p(Ai) = p(Aipr) + p(Ai — Aigr)-

Then

n

(O) / sdp = (a; — ai_1)u(A)

i=1

- Zai(M(Ai) — p(Ait1))

= Z%‘M(Ai - Ai+1),
i=1

which converges to the Lebesgue integral and we get
©) [sdu= [ 1 dn.

11.5 Problems

1. Prove Lemma

2. Prove Proposition

3. Prove Properties a), b), d) of Proposition
4. Prove Properties a), b), d) of Proposition [T.24
5. Prove Properties 1)-4) in Proposition [T.30

6. Let f:[0,2] » R, f(z) = 22. Calculate the Sugeno integral

(S) [ dp,
[0,2]

with p being the Lebesgue measure.
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Fuzzy Clustering

12.1 Classical k-Means Clustering

Intuitively, clustering means partitioning a data set into clusters (subsets)
whose objects share similar properties, i.e., they are near to each other in
some well defined sense for “near” (see e.g., Jain-Dubes [82]). In this section
we discuss the classical k-means clustering algorithm which is one of the basic
classical clustering methods. It also stands at the basis of the subsequently de-
scribed corresponding fuzzy techniques. Also, Faber [57] has proposed a con-
tinuous k-means clustering method. We discuss here a fuzzy version of Faber’s
algorithm the continuous fuzzy c-means method in Section TZ3l Those ideas
are published here for the first time up to the author’s best knowledge.

The classical k-means clustering (MacQueen [105]) is aimed to partition a
data set into k clusters (classical subsets), k € N, such that the data contained
within each cluster is near to an average value.

More precisely the clustering problem can be formulated as an optimiza-
tion question as follows.

Clustering Problem. Given X = {z1,z9,...,2,} C R", a data set, and
k <n find S, ..., Sg a partition of X such that it minimizes

k
J((Si)i=1,...k, (Mi)i=1, k) = Z Z l|lz; — mi||27

i=1x;€S8;

where m; is the mean of the points in S;, ¢ = 1,..., k. We can simplify the
notation above to J(S;, m;), for convenience.

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 213-P19]
DOI: 10.1007/978-3-642-35221-8 12 (© Springer-Verlag Berlin Heidelberg 2013
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The following algorithm is called k-means algorithm and it is aimed to
solve the above clustering problem. The algorithm consists of two steps.

k-means algorithm. (MacQueen [105])

Assign:
Si = A{xpl lzp = mill < [lzp —myll, 5 =1,..., k}
Update:
S ijesi Zj
1Sil
where |S;| = ije g, 1 denotes the cardinality (number of elements) of the
finite set.

Proposition 12.1. The k-means algorithm converges in the sense that after
a finite number of steps neither the Assignment nor the Update steps modify
the output of the algorithm.

Proof. It is easy to check that both the assignment and the update steps
decrease the objective function. Indeed, if e.g., S; denotes the partition before
update then we can denote

=1k}

If a given value z, was previously “misplaced” in Sy, i.e.,

K

for some j € {1,...,k} then it will be placed in S} and in this way J(S;, m;)
will decrease.

Let us analyze now the update step. We observe that if the sets S;, i =
1,..., k are fixed we have

St = {apl llzp — mill < |z, — mj]

|xq —my| > qu - m;-

and also, J is convex. Then a local minimum of J is a global minimum and
it is attained at its critical point i.e.,

mi21:2xj

;€S z;E€S;

and finally

ij es; Tj

ZachSi, 1

Since the point is a global minimum, the update step will decrease the value
of J(S;, m;). Finally since the search space for our problem is a finite set and

since every step decreases the value of the functional J(S;, m;), the algorithm
will be convergent. [

m; =
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12.2 Fuzzy c-Means

A crisp partition of a set does not allow partial membership degrees of a point
in a cluster. Often it is convenient to have soft boundaries for clusters because
e.g., a given point cannot be harshly categorized as belonging to a cluster or
another. To allow partial membership to the clusters, these will need to be
fuzzy sets. Based on this idea and based on the classical k-means algorithm,
Bezdek proposed the fuzzy c-means algorithm described in the followings.

Fuzzy Clustering Problem. (Bezdek [28]) Given
X ={x1,z9,....,z,} CR",

a data set, and ¢ < n and m > 1, find a fuzzy partition ug, ..., u. of X, i.e.,
fuzzy sets on X that fulfill the property

C
Zuik =1, up = wi(zr)
i=1
such that the functional

c n

J(u,0) =YD (wie)™ o — il

i=1 k=1
is minimized, where

v — D ey (wir)™ g
' ZZ=1 (Uik)m

is the center of the ¢ — th cluster, i =1, ..., c.
The fuzzy c-means algorithm has two steps.

Fuzzy c-means algorithm
Assignment:

wp=—————i=1,..¢

ZC dik m—1
J=1 \d;x

where
dir. = ||z —vil|,i=1,..,c,k=1,...,n

and the norm is the Euclidean norm in R”™ (however other norms could be
also considered).
Update:

v — Dopey (wie)" g
4 ZZ:1 (qu)m ;

Considering the fuzzy clustering algorithm we can prove the following
result.

=1,...,c
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Theorem 12.2. (Bezdek [28]) The fuzzy c-means algorithm converges in the
sense that JP(u,v) converges (JP denotes the value of the objective function
in the p-th iteration).

Proof. First we will consider the functional

T(u,0) =YD (wae)™ o —wil|,

i=1 k=1
as a function of u;, with fixed v;, and we prove that it has a minimum at

1 .
Uy = ———— i =1,...,c.

_1
ZC M m—1
J=1 \ djk

Indeed if we consider the Lagrange function

Llu,v) = (uae)™ loe —vil >+ > A (1 - Zuik>
k=1 =1

i=1 k=1

we obtain
oL

8uik
with d;, = ||xx — vi]|. Then

= m(uik)mfldfk — A\

The fuzzy partition condition implies
c c _1
Ay | 1
Sua=d () =
i=1 i=1 md,

and we obtain )

A 1
<E> B c < 1 )%

Then we obtain the critical point

1 .
Uy = ——————,i1=1,...,c.

2
ZC dA m—1
7=1 \ djk

It is easy to check that the Hessian is positive semidefinite and so it is a
convex function in its domain, and then u;; provided by the assignment step
is a local minimum of J(u,v), which is in particular a global minimum too,
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because of convexity. As a conclusion J(u, v) is decreased in every assignment
step.

Then, considering J(u,v) as a function of v; with fixed u;; we can find a
critical point of J(u,v) from

(‘311, foZ (wig)™ (2 —v;) =0

as n m
Zkzl (uzk) Tk .

i=1,..c
ZZ=1 (qu)m b b b

Similar to the previous step the Hessian is positive semidefinite and so J(u, v)
with fixed u has a local minimum at v;, which is a global minimum too, and
so the functional J(u,v) is decreased in every update step.

Together the two steps of the algorithm will decrease the objective func-
tion, which ensures that the algorithm is convergent the objective function
being bounded from below by 0. ]

v =

Remark 12.3. Surely the above theorem ensures only the convergence of the
algorithm without proving that it indeed converges to a local minimum of the
functional J(u,v). A deeper investigation of the fuzzy c-means algorithm is
possible using Karush-Kuhn-Tucker theorems (see Jain-Dubes [82)).

12.3 Continuous Fuzzy c-Means

Starting from Bezdek’s fuzzy c-means [28] and Faber’s continuous k-means
[57] algorithms we can combine them into a continuous variant of the fuzzy
c-means algorithm.

Fuzzy Clustering Problem. Given Q@ C R", a region, and ¢ € N, and
m > 1, find a fuzzy partition Aq, ..., A, of X, i.e., fuzzy sets on X that fulfill

the property
> Ailz) =
i=1

such that the functional

c

J(u,v) /Z "z — v da,

Q

is minimized, where
Jo (Ai(2)™ zdx
Q

i = W

is the center of the ¢ — th cluster, i =1, ...,c
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The continuous fuzzy c-means algorithm like its other variants will have
two steps.

Continuous fuzzy c-means algorithm

Assignment:

1
AZ(.’II) = p ,i = 1, ceey Co

2
S le—vill \ ™1
J=1 \ lz—v;]]
The norm can be any norm in R™ (however in the present discussion we use

the Euclidean norm).
Update:

o — fQ (Ai(2))™ xdx
' Jo (As(z)™

Considering the continuous fuzzy clustering algorithm we can prove the fol-
lowing result.

,i=1,...,c

Theorem 12.4. The continuous fuzzy c-means algorithm converges in the
sense that JP(u,v) converges (JP denotes the value of the objective function
in the p-th iteration).

Proof. The approach presented here is not the most elegant, because it
reduces the problem described here to the previous situation using a Riemann
sum for approximating the integrals. First we will consider the functional

J(u,v) Z/ @ — v || da,

ZlQ

as a function of A;(z) with fixed v;. We can approximate the functional
J(u,v) using a Riemann sum

ZZ ka - U,H (Z’k+1 — l‘k)

i=1 k=1
and by the proof of Theorem [[2.2]it has a minimum at

1
Al(.’ﬂk): B ,izl,...,c.

ZC lzk—vill } ™1
J=1 \ [z —v;ll

If the assignment step calculates

1
A;i(x) = i=1,..,c

2
S (Hw—vil\) m-t
J=1 \ lle—v;]]

then A;(xx) is automatically getting the value as described above, and so
at the Assignment step the value of J,(u,v) is reduced, for any value of n.




12.4 Problems 219

J(u,v) is within the approximation error of the Riemann sum, but it is still
possible that it is increased. Let us assume that

|J(u,v) = Jp(u,v)| < e.

Then
In(u,v) —e < J(u,v) < Jp(u,v) + ¢,

i.e., however J(u,v) may increase, at an individual step, its approximation
Jn(u,v) is decreased at the assignment step.

Then, considering J(u, v) as a function of v; with fixed fuzzy partitions we
can find a critical point of J(u,v) from

oJ .
dvi _2/(’41‘(95)) (r —v;)dz =0
Q
and we obtain
v, = M i .
4 fQ (Az(l'))m dx 5 yeeny Co

Similar to the previous step the Hessian is positive semidefinite and so J(u, v)
has a local minimum at v;, which is a global minimum too, and so the func-
tional J(u,v) is decreased in every update step. Same can be said in particular
about J,,, which also decreases at every update step.

Taking ¢ = % we obtain that in the assignment step we have

1 1
In(u,v) — - < J(u,v) < Jp(u,v) + -

so J(u,v) is bounded by the sequence J,(u,v) — = and Jy,(u,v) + + and so

n
the algorithm converges. [

12.4 Problems

1. Let us consider the functional

c n

Juw) =Y e [lan — v

i=1 k=1

Describe a fuzzy c-means algorithm that should minimize the given func-
tional.

2. Prove that the algorithm described in Problem [ is convergent.

3. Investigate generalizations of the fuzzy c-means algorithms similar to
Problem [l
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Fuzzy Transform

13.1 Definition of Fuzzy Transforms

Fuzzy Transform was proposed in Perfilieva in [121] and Perfilieva [120] and
it is an approximation method based on fuzzy sets. Also, it can be seen as
a fuzzy set-based analogue of the Fourier Transform. In the present chapter
we follow in great lines the presentation and discussion in Bede-Rudas [23].

Definition 13.1. A fuzzy partition of an interval [a,b] is defined as a family
A ={A1,Aq, ..., Ar} of fuzzy sets on [a,b], A; : [a,b] = [0,1],i =1,..., k such
that

k

> Ai(x) =1,z € [a,].

i=1
The fuzzy sets A; are called the atoms of the partition.

Example 13.2. We consider a classical partition a = yo =11 < ... < yp =
Yk+1 = b of the interval [a,b], with triangular fuzzy numbers

Ai = (xi—laxiaxi+l)ai =1, 7k

These fuzzy sets form a fuzzy partition (see Fig. [131]).

Ifa=yo <y1 <..<yr <yrt1 = b is a classical partition of the interval
[a,b] and let § = max;—o, ..k |yi+1 — ¥:| be the norm of the partition.

In what follows we present the Fuzzy Transform (F-transform) proposed
in Perfilieva [121].

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 221-P46]
DOI: 10.1007/978-3-642-35221-8 13 (© Springer-Verlag Berlin Heidelberg 2013
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1.0

7 \ /
\

09 - / \ /
7 \ /
08 /

] \ /
0.7 v \ / \ /

/

] \ , \ /
06| \ / \ /
% A / N
Z 05 A ) ]
1 A\ / SN
0.4 \ / ; \
7 \ / / \
0.3 | \ / / \
1 \ / / \
02 \ / / A\

Fig. 13.1 A fuzzy partition with triangular atoms

Definition 13.3. (Perfilieva [121]]) We consider a fuzzy partition A. The
continuous F-transform is given by

f' _ f; Ai (‘/E) f(.’If)d.’E (13 1)
' f: Ai(z)dx ’
i=1,... k.
The discrete F-transform is given by
P Djor Ai(zy) f(z;) (13.2)

i Aiay)

where x; € I, j = 1,...,n are given data (n > 1) such that for each i €
{1,...,k} there exists p € {1,...,n} with x, €suppA;, i.e. in the support of
each atom of the partition we find at least one data point.

where f; are the components of the continuous F-transform.

Definition 13.4. (Perfilieva [1Z21]) The continuous inverse F-
transform is

Fp(z) = Ai(x) fi. (13.3)

where f; are the components of the continuous F-transform, and the discrete
wnverse F-transform is

For(z) =Y Ai(x)f;. (13.4)

where f; are the components of the discrete F-transform.
Positive linear operators are playing a special role in our investigation.
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Definition 13.5. For the discrete case let Fy @ C([a,b]) — C([a,b]) be
given by
fn,k(f)(x) = Fn,k(x),

where F, () is given by (13.7)) and f; given by (13.2). The operator F, i is
called the discrete inverse F-transform approximation operator.

If we consider the composition between the inverse F-transform and the
continuous F-transform we take Fy, : C([a,b]) — C([a,b]), given by

Fr(f)(x) = Fi(x),

where Fy(z) is given by (I33) and f; given by ({I31). The operator Fy is
called the continuous inverse F-transform approximation operator.

Example 13.6. Let us consider the fuzzy partition with four triangles in
Fig. 153.1

Al - (0,0, 1)7 AQ = (07 1a2)7 A3 = (1a273)a A4 - (2a373)
Let us calculate the components of the continuous F-transform associated to

the function f(x) = x2.
_ fol(l —x)z’dr 1

/i fol(l —z)dz 6’

; fol ra’dr + ff(? —x)x?dr 7
2 = =
fol xzdx + f01(2 —x)dx 6

_ ff(x — 1)x?dx + f23(3 —x)z’dr 25

J: : =—,
’ ff(w —1)dz + f;(?) —x)dx 6
e f;(x —2)a?dr 43
! f;(ﬂc —2)dx 6"
Then the inverse F-transform becomes
1 7 25 43
Fe(f)(z) = Fi(z) = Ar(z) - gt As(z) - st As(z) - 5 T Ay(z) - R

The direct and inverse continuous F-transform are illustrated in Fig. [I3.2.
The more practical discrete F-transform can be numerically calculated.

Example 13.7. Let us consider a fuzzy partition based on trigonometric
functions. Let a =y < ... <y, = b be a partition with equally spaces knots
Y =a-+h-i, with h = ZFT“, i =0,...,n. Let us consider y_1 < a, b < yp41
two auziliary knots. Let us take (see Fig. [[3.3)

ey T

1 ™ -
oy f s(eosT(z—y)+1) if w€lyim,yir] . _
Ai(2) { 0 otherwise 1=0,
Let us calculate the discrete F-transform associated to the function f(x) = x2.
The direct and inverse discrete F-transform are illustrated in Fig. [I537)
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0.0 0.5 1.0 15 2.0 25 3.0

1.0

0.9 7

0.8

Fig. 13.3 Fuzzy Partition with trigonometric membership functions

Proposition 13.8. F,, i, € L(Cla,b]) and Fi, € L(C|a,b]) are positive linear
operators.

Proof. The proof is left to the reader as an exercise. ]

Also, we can regard each of the direct F-transforms f; as a linear form f; :

C([a,b]) = R, £(f) = f; as in (@3T) or (I32).
An interesting result concerning F-transforms is their optimality property
obtained in Perfilieva [121].
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e
0.0 0.5 1.0 1.5 20 25 3.0
Fig. 13.4 Direct and inverse discrete fuzzy transform

Proposition 13.9. For each i = 1,...,k, the point y = f;, (with f; being
a component of the continuous F-transform) minimizes in terms of y the
function

b
B(y) = / (F(2) — )2 As(2)d.

Proof. We observe that a minimizer has to be a critical point of the convex
function @, i.e.,

b
¥(9) =2 [ (f(2) - y)Aslz)ds =0,
and we obtain that the critical point is indeed the F-transform
b
_ Jo Ai@) f(@)dx

x
— =1,k
fab Ai(z)dz -

Proposition 13.10. The component f; of the discrete F-transform mini-
mizes in terms of y the function

n
O(y) = _(flz)) —y)*Ai(z).
j=1
Proof. The proof is left to the reader as an exercise. [

13.2 Error Estimates for F-Transforms Based on Fuzzy
Partitions with Small Support

The original definition of the Fuzzy transform assumes a fuzzy partition with
small support. In this case the uniform convergence of the composition of the
inverse and direct F-transform was shown in Perfilieva [I2I]. We consider a
generalization proposed in Bede-Rudas [23].
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Theorem 13.11. (Perfilieva [121)], [120]) Let a = yo < y1 < ... < yi
Yk+1 = b be a partition of the interval [a,b] having the norm 6. If A
{A1, ..., A} is a fuzzy partition with

(Ai)o C [yi—1,yit1li=1,.... k,
then the following error estimate holds true
|f7l7k(f)(x) - f(.’IJ)‘ S QW(f, (5),V.’II € [aab]a

where Fp 1 (f)(x) denotes the discrete inverse F-transform approximation op-
erator.

A

Proof. Let « € [a,b] be arbitrary fixed. The discrete inverse F-transform
approximation operator can be expressed as

Foalh)) = Y Ao >Z

and f(z) can be written as

LS A
Doy Ai(zy)

Then we get

[Pk (f)(@) = f(2)]

S Ae) (@) — £(a)
<ZA A

and from Theorem Im we have
Zk: Doy Ai() Ai(z))w(f, o — 24])
Pt > Ai(z)

We observe that the product A;(x)A;(z;) # 0 only when x,x; are in the
same interval [y;—1,¥;+1]- In this case we have |z — z;| < 2§ and we get

> 1A VAi(x5)w(f,6)
|<QZ )

[Fr i (f)(@) = f2)] <

[Fri ()(2)

and finally
[k (f) (@) — )| < 2w(f,0).
]
In the next theorem we obtain an error estimate in the context of a fuzzy

partition with small support. This below result slightly extends those in Per-
filieva [121].
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< Yk4r = b be a partition of

Theorem 13.12. Leta =y <y1 < ... S yi
= {A1, ..., A} is a fuzzy partition

the interval [a,b] having the norm 0. IfA
with supports

(Ai)o € Wi—r Yitr], i =1,k

then the following error estimate holds true
[Pk (f)(2) = f2)] < 2rw(f,0),Vz € [a, 0],

where Fp, 1 (f)(z) denotes the discrete inverse F-transform approzimation op-
erator.

Proof. The proof is left as an exercise. ]

The following Corollary gives the uniform convergence of the composition of
the direct and inverse discrete F-transforms.

Corollary 13.13. If f is continuous, then there exists a sequence of fuzzy
partitions A, such that the composition of the inverse and direct discrete
F-transform converges uniformly to f.

Similar results hold for the case of continuous fuzzy transforms.

Theorem 13.14. Leta = yo < y1 < ... < yr < yYpr1 = b be a partition of
the interval [a,b] having the norm 6. If A = {Aq, ..., Ax} is a fuzzy partition
with

(AZ)O g [yiflayiﬁ*l}ai - ]-a ak

then the following error estimate holds true
[ Fe(f) (@) = f(2)] < 2w(f,0), Vo € [a,b],

where Fr(f)(x) denotes the continuous inverse F-transform approximation
operator.

Proof. Similar to the proof of Theorem [I3.11] we have

Fl) (@) |<Zf‘4 fA N i

Since the product A;(x)A;(t) # 0 if and only if z,t € [yi,l, Yi+1], and in this
interval we have |z — t| < 26 we get

Vit A, ( )A,»(t)dt

k
Fr(f)(@) = fla)) <2 == f w(f,9)
=1

< 2w(f,9).
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Theorem 13.15. Let a = yo < y1 < ... < yx < ygr1 = b be a partition of
the interval [a,b] having the norm 8. If A = {Aq, ..., Ax} is a fuzzy partition
with

(AZ)O - [yifrayiﬁ»r},i =1, ,]{7

then the following error estimate holds true
[Fe(f)(@) = f(@)| < 2rw(f,6), Ve € [a,b],

where Fr(f)(x) denotes the continuous inverse F-transform approximation
operator.

Proof. The proof is immediate, being similar to the proof of the previous
theorem. -

Corollary 13.16. If f is continuous, then there exists a sequence of fuzzy
partitions A, such that the composition of the inverse and direct continuous
F-transform converges uniformly to f.

13.3 B-Splines Based F-Transform

Let us recall the definitions of the classical B-splines of order 7 —1 with r > 1.
Let tg <t; <.... <t be points in R, with ¢, # ty. The B-spline M is given
by

M(z) = M(x;to, ..., t) = rlto, ..., b (- — x)i‘l,

where for fixed x, the notation (- — x)4 denotes the function
(= )4 (t) = (t - 2)s = max{0,t — 2}

and [to, ..., t;]f denotes the divided difference of f (see e.g. DeVore- Lorentz
[43]) defined recursively as

[tk]f = f(tr),k=0,...,7
[tir oo b f = i1y tg]f = [tis o tjalf

,0<i<i <.
t—t;
The B-spline N is defined by
1
N(z;to,y .oy tr) = =(tr — to) M (x;t0, .oy tr). (13.5)
r
Let tg < t; < ... < t, be a sequence of points in a given interval [a,b],

called basic knots. We need some auxiliary knots t_,+; < ... < tg = a and
b=1tnt1 < .. <tyy,. To a given sequence of knots corresponds a sequence
of crisp B-splines

N:(x) = N(l’, tia "'ati+r)a
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Fig. 13.5 Cubic B-spline based fuzzy partition
for i € {—r+1,...,n}. The following identity holds

f: NI (z) =1, (13.6)

i=—r+1

i.e., the B-splines form a fuzzy partition. Cox-de Boor recursion formula (see
DeVore- Lorentz [43]) is important both from practical and theoretical point
of view

lift; <z < tit1
0 otherwise

N (z) = {

N (@) = N (@) + N ),
livr—1 — t; Lir — Lig1

forany r >2,i=—-r+1,...n.

If we consider an equidistant knot sequence, B-splines form a fuzzy parti-
tion as shown in Fig.

Based on the results of the previous section we consider the B-spline based
fuzzy transform proposed in Bede-Rudas [23]. The B-spline-based continuous
F-transform is given by

_ i N (@) f(2)da

b N @

s it=—r+1,...n

and the discrete F-transform is

P je1 NP (@) f ()
X N (=)

,t=—r+1,...,n
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where z; € I, are given data (j = 1,...,m). The composition of the inverse
and direct F-transform for x € [a, b] is

Z N/ () fi,

i=—r+1

for the continuous case, and

n

For(H@)= Y N (@)fi,

i=—r+1
for the discrete case.

Proposition 13.17. Let f : [a,b] — R be a continuous function and let
Fo(f)(x) and Fu ik (f)(z) be the inverse B-spline based F-transform approxi-
mation operators. Then we have

[Fn(f)(2) = f(2)] < rw(f,0) and (13.7)
[Pk (f)(@) = fz)| < rw(f,0)

where 7 — 1 is the order of the spline considered, and 6 = max}'_ |t;41 — ti|.

<
<r

Proof. The proof is similar to that of Theorem [[3.12] and it is left to the
reader as exercise. ]

The estimate in (I37) can be generally improved, but if r is small compared to
n, we have a sufficiently good estimate. In applications, to keep the problem’s
simplicity one needs to choose a relatively small value for r. Indeed, the most
popular applications of classical B-splines use cubic splines.

Example 13.18. We will take F-transforms and inverse F-transforms of the
functions f1, f2 : [0,1] = R4

fi(z) =2+ sin (13.8)

1
x+0.15

and
1 if 0<x<04

fa(x)=4¢ 102 -3 if 04<z<05 . (13.9)
2 if 05<z<1

B-splines of different orders can be used to approximate these functions on
the [0, 1] interval. We use cubic B-splines here. In FiglI3.0l we show the F-
transform approzimation for the function fi.

In Fig. [I37, cubic B-spline based F-transform is considered for the func-
tion fo.
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Fig. 13.6 Approximation by cubic B-spline F-transform. Dashed line = f1, solid
line = inverse F-transform

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Fig. 13.7 Approximation by cubic B-spline F-transform. Solid line = f> Dashed
line = inverse F-transform

13.4 Shepard Kernels Based F-Transform

We consider in what follows a Shepard-like fuzzy partition. This was proposed
in Bede-Rudas [23].

Definition 13.19. Consider yo < ... < yr € [a,b]. We say that a fuzzy
partition A = {Ai}icqo,... k) determines the Shepard-like fuzzy partition if it
18 of the following form
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Fig. 13.8 Shepard type fuzzy partition

T—1Yq -A .
Ai(x) = s o € (b {uo ) (13.10)
() = - )
0;5, otherwise,

where d;5 is Kronecker’s delta, and X\ > 2 is a parameter.

We consider the interval [0, 1] and the points y1, ..., yx are considered equally
spaced. Now, let us recall that if z;, i = 1, ..., n are equally-spaced points in
the unit interval then

(Zuziw) =0(n™), (13.11)

=0

for any v > 1 (see Szabados [142]), where f(h) = O(g(h)) has the usual
interpretation, i.e., there exist C, zq such that f(x) < Cg(z) for any = > xo.
Let us recall the following lemma:

Lemma 13.20. (Xiao-Zhou [152], Lemma 1)For any x € [0,1] and v > 1,
if zi, i =1,...,n are equally-spaced points in the unit interval then

<O([(n+ Dz -k +1)77, (13.12)

where [x] is the greatest integer not exceeding .

The following theorem provides an error estimate for the inverse F-transform
based on Shepard kernels.

Theorem 13.21. (Bede-Rudas [23]) Let yo, ...,yx and g, ..., , be equally-
spaced points in [0,1]. If A;(x) denote Shepard kernels (I310) having the
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parameter X > 2, then for the discrete inverse F-transforms approzimation

operator Fn i (f)(x) given by (IZ3) and [I32) there exists an absolute con-
stant C' such that the following error estimate

Lﬁmﬁﬂw—f@)SCwCﬂi),

m
holds, with m = min{n, k}.
Proof. As in the proof of the previous theorem we have

A; () e —x;
|<§:zjo (@) Ai(as ol f | = 5])

‘fnk(f)( Zj ()A (.’L‘])

The following inequality is obtained from properties of the modulus of con-
tinuity:
| (f) () = ()| (13.13)

(remgae o). 1)

We have to estimate the expression

e o Do Aileg) e —
— LA )

En,k(x)

k _ |z —yi|~ e
o=yl Xm0 SEa, e 1l

k —\ N
=0 2i—0 |7 —ull DY e 11

J=0 Ef:o‘wj_ylv)\

We observe that

o) =Sz wl S =yl e = )
(@) =) = Y Y
=0 =0T —wl " i Z?:o |25 — il

k
|z —

leg vil |$*yz\+\xa vil)
Zn |x] yi‘_

k _
— Y T ]
_ | Z| )\‘ *yz‘z | J 2

i= 021 0|9C— vl |9Ug yz‘_

k

i= 021 0|x_yl|

Y Y
|z — yil lzj — il

Jr
k - —
=0 210 |z — Yl §=0 Z;‘L:() lzj — yil

x 175 — vil -
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From Lemma [I[3.20) for the equally spaced points yg, ..., yx, we have

—A
e ul T okt 1l - i+ 1)
Zl:o ‘x - yl‘

and for the equally spaced points xg, ..., £, we obtain

—A
R o
n“ 2 = O(|[(n+ 1)y — 4]+ 1),
>i—o |z — yil

and it follows
k
Epx(z) =0 (Z ([(k + 1)a] =i + 1)~ |z — i/k|

i=0

(Il(n + Dyl —jl + 1)”)

=0

k n
+0 (Z (1(k+ D) =il + )7 > ([ + Dyl = 1+ 1) [j/n — yil)
=0

Jj=0

k
:o<%2(|[(k+ D] =i+ 1) |kx — | - Z [(n+Dy] —jl+1)" A)

-

Il
=3

(I[(n+ Dgal = 3+ 1) |nys j|) :
i=0 j

k
+0 (% SOk + D] — i+ 1)

Now let us observe that |kz —i| < |[(k+ 1)z] —i| + 1. Indeed, if kax > i we
have

lkx —i| =kx —i < (k+ 1)z —1
<I|[(k+Da]—i+ 1| <|[(k+1)x] — i + 1.
Similarly, if kz < i we obtain
lkx —i|=i— ke <i—(k+ 1)z

< [(k+ D)a] = i] < [[(k + D)a] — ] + 1.

Also, we have
Inyi = jl < |[(n + Dyi] = jl +1
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and we obtain

k
Enil@) = O (% S itk + Dal =il + D73 ([ + Dy — 51 + 1)”)

3

k
o (% DIk + Dl =l + 177 3 ([ + D) =l + 1)‘*“) :

> B =0()
=1
and -
> B =o0(1)
=1
we obtain
1 1
Eu) =0 (1) +0(5)
Now in (I313) we get

Far()(@) - ()] < (1 +m (o (%) ‘o (%))) y <f, %) .

If we put m = min{k,n} we get m (O (3) +O (1)) = O(1) and finally we
obtain that there exists a constant C' such that

Fu(£)(@) — F@)] < Cu (f, %) |
| |

Corollary 13.22. If A;(z) denote Shepard kernels {I310) having the pa-
rameter A > 2, then the composition of the inverse and direct F-transform

given by (I33) and [I33) converges uniformly to f.
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Fig. 13.9 Approximation by Shepard type F-transform. Dashed line = fi, solid
line = inverse F-transform

Fig. 13.10 Approximation by Shepard type F-transform. Dashed line = f>, solid
line = inverse F-transform

Similar result can be obtained for the continuous F-transform with Shepard
kernels.

Example 13.23. Functions f1, f2 in {I38), {I33) are approzimated by
Shepard type inverse F-transform operators. The results are shown in Figs.
179, 1310 respectively.

13.5 Korovkin Type Theorems for the F-Transform

The first of Korovkin’s Theorems is an important result in classical approxi-
mation theory. Let us recall it here.
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Theorem 13.24. (Korovkin [96]) Let L, € L(Cla,b]), n = 1,2,... be a
sequence of positive linear operators. Iflim, o Ly (e;) = e;, i =0,1,2 where
eo(z) = 1, e1(z) = z,ea(x) = 22, then lim, oo Ln(f) = f, for any f €
Cla, b].

A particularization can be considered for our F-transforms as follows:

Theorem 13.25. (Korovkin’s Theorem for the discrete F-transform, see
Bede-Rudas [23]) Let F i, € L(Cla,b]), n,k = 1,2,... be the composi-
tion between the inverse and direct discrete F-transforms with respect to a
fized fuzzy partition. The following general error estimate holds true for any
0>0:

[ Fri(f) = fIl < (1 + %\/62 —2e1Fn k(er) + ]:n,k(eQ)) w(f,0),

where e1(x) = z,ex(x) = 22,

Proof. The composition of the inverse and direct discrete F-transform can
be expressed as

k " A; Zj Lj
Furl)@) = Ail) ZE@I 64 <);;(> :

Let us observe that for the inverse F-transform we have F,, 1(eg) = eg, where
eo(z) =1 Vz € [a,b], and it is immediate to observe that

k " A; Z; x)— J{Zj
Farlf) = 1) 3 o 2R T

and then by standard reasoning

|~7:n,k(f) - f(l‘)‘

i T Ai(x))|r —
(14 T

for any fixed d > 0. The error is controlled by the ratio

k 7%71 AZ Tj)|T — Ty
Rui(z) =) Ai(x) ij%f A3(|xj) |

(13.14)
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Using Cauchy-Schwarz inequality we have

)
N

n n n
D Ai(m)|e —ail < | Y Ailwy)lz — ) > Ailxy)
j=1 j=1 j=1

and using Cauchy-Schwarz inequality successively we obtain

R, i(x) < Zk:Ai(x) (23;1 Ai(zj)|x — xfz)

=1 (Z?:l Az‘@j)) ’

=

(Aste) S iyl — 25

(Zi Ae)”
N A T Al — o
< (Z/h-(:c)) (Z S Ai(y) >

=1

Since A;(x) is a fuzzy partition we have

Z] 1 A; (fj)(.%Q — Qxxj + f?) 3
<ZA Zj:l Az(l'j) >

and finally

=

Ry i(z) = (x2 —2zF, rk(e1)(x) + }'n,k(eg)(x))‘ ,

which completes the proof. [

Corollary 13.26. If
lim F,x(e;) = e,

n,k—o0
1=1,2, then
lim F, k(f) /s

n,k— oo

for any f € Cla,b].

If we consider the case of the continuous F-transform then we obtain a similar
result.

Theorem 13.27. (Korovkin’s Theorem for the continuous F-transform, Bede-
Rudas [23]) Let Fi, € L(Cla, b)), k = 1,2, ... be the composition of the inverse
and direct continuous F-transforms. The following general error estimate
holds true for any § > 0:

170) = A1 < (14 3v/e —2amten T e ) w(h.0),

where e1(x) = x,ex(x) = 22,
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Proof. The proof uses the integral version of Cauchy-Schwarz inequality and
it is left to the reader as an exercise. ]

Corollary 13.28. If limy_, o Fr(ei) = €4, ¢ = 1,2, then lim, o Fr(f) = f,
for any f € Cla,b].

The Korovkin type Theorems above show that if we are able to have small
values of

E = \/62 — 261.7:n7k(61) + ]:n,k(eg)
for the discrete case, or
FE = \/62 — 2€1fk(61) +]:k(€2)

for the continuous case, for a given sequence of fuzzy partitions A;,i =1, ..., k,
then we have small approximation error for any continuous function.

13.6 F-Transform with Bernstein Basis Polynomials
and the Durrmeyer Operator

Using the Korovkin-type results we can study F-transforms with Bernstein
basis polynomials used as a fuzzy partition this time. The proposed con-
struction leads to the well-known Durrmeyer operator (Bede-Rudas [23]).
The Bernstein basis polynomials are

k=1,2,...i=0,1,..,k z € [0,1]. In Fig. [317] elements of Bernstein basis
are illustrated.
It is easy to check that

k
N puile) = (z+ (1-2)F =1,
i=0

i.e. pn,; is a fuzzy partition.
The inverse F-transform is given by

k 1

Jo pri(2) f(x)de

Fi T) = () —g———
k(f)(x) izopk,( ) s

that is the classical Durrmeyer operator Durrmeyer [53].

Theorem 13.29. Let f : [0,1] — R be continuous, and let F(f)(x) denote
the inverse F-transform approzimation operator, i.e., the Durrmeyer opera-
tor. Then the following error estimate holds true

1F(f) = fIl < Cw (f, V@) .

9
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Fig. 13.11 The Bernstein basis polynomials

Proof. Let us calculate Fj(e1) and Fp(e2) in this case. It is easy to check
that

Pk,i(f) = k(pr—1,i—1(x) — pr—1,i(z))-

By integrating we obtain

1 1
/ Ph—1,i—1(x)dx = / Pr—1,i(x)dz,
0 0

i.e., for fixed k the integrals of all Bernstein basis polynomials are the same
namely

1
/ Pr,i(z)de = =1,k
0

By direct calculation

1 L |
/ Pr,i(v)rdr = / (‘)x”l(l _2)F iy
0 0 )

_i+1/ o i+1
Tkt1 ), P T G Dkt 2)

1 L |
/ pk’i(x)xde — / ( .)x’+2(1 _ x)k_de
0 0 7

Also,

it1i+2
Sl pk+2,i+2d9€
(t+1) (z +2)

Tkt D(E+2)(kT3)
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Then we obtain

fi(el)

_ Jo pri(@)ede i1 o (z>

fol pr,i(x)dx k12 -
and |
f;(e2) = Jo pri(w)a®de
fol pk,i(l’)dx

(D +2) i2
_(k+2)(k+3)_o(ﬁ)‘

E ,

Filen)(z) = 0 (Zpk,xx)g)
i=1
= O (Bi(e1)(x)) = O (e1),
where By, denotes the usual Bernstein operator

k .

By(f)@) = prala)f (E)
i=1

and it is well known that By (e1)(z) = z. We also have
k i\ 2
Filea)(x) = 0 (;pk,im () )

= O (Bi(e2)(z)) = O (fz * ¥> ’

241

and finally we obtain: \/62 —2e1Fk(e1) + Fr(ea) = O/ @ and by the

above Korovkin type results we have

1Fe(f) - £l < Cu (f, M) .

Example 13.30. We consider the problem to approzimate f1, fo in ({I338),
(I39) by Bernstein inverse F-transform. The results are illustrated in Figs.

3712 1713
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Fig. 13.12 Approximation by Bernstein type F-trasform. Dashed line = fi Solid
line = inverse F-transform.

207

Fig. 13.13 Approximation by Bernstein type F-transform. Dashed line = fs, solid
line = inverse F-transform.

13.7 F-Transform of Favard-Szasz-Mirakjan Type

It is possible to further generalize Fuzzy Transforms by considering un-
bounded intervals and infinitely many atoms for a fuzzy partition. Let f :
[0,00) — R be a bounded function. We consider now on the [0, c0) interval
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the fuzzy partition A = (Ao, Ay, ....), with Y ;2  A;(x) = 1,Vz € I. We can
consider for example a Favard-Szdsz-Mirakjan kernel (see e.g. Gal [67])

b

il
n >1,i=0,1,.... The continuous F-transform in this case is given by

Jo Ai(z) f(w)dz

fi= IS Ai(z)da

and the discrete F-transform is given by
fi= Z;il Az(wj)f(xj)
' Doy Ai(zy)

where z; € I, given data (j > 1). The composition of the continuous inverse
and direct F-transform is

Falf)(@) =Y Asl) fi,
=0

and in the discrete case

o0

For(P)(@) =" Ai@)fi,

=0

for x € [0, 00). We observe here an analogy between fuzzy transform and the
Fourier transform, inverse fuzzy transform and Fourier series respectively.
We will discuss here the Favard-Szész-Mirakjan type inverse F-transform ap-
proximation operator. We restrict F,, to any compact interval [0, b] C [0, 00).

Theorem 13.31. (Bede-Rudas [23]) Let f : [0,00) — R be continuous and
bounded function and let F,(f)(x) denote the continuous inverse F-transform
approzimation operator. Then the following error estimate

I77) = £11 < Co (£ @) |

holds true on any compact sub-interval of [0, 00).

Proof. Then the Korovkin-type theorems can be used. On any fixed compact
interval we estimate the quantity

\/62 — 261.7:'n(61) + ]:n(eg).

We have -
Jo Ai(z) zdx LT(i+2)

T [T A@dr | ATG+1)

iln

fi(el)
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where I'(z) = [; t""*e~"dt is Euler’s gamma function. It is well known that
I'(n+1) =n!,Vn € N and we get

1+ 1
fi(e1) = o

Similarly

fi(e) = LD+

For the inverse F-transforms we get

- i+l = _,.(ma)i 1
Falen)@) =) A =Y el Ly S
(e1)() ; (@)— ;e Tt
e (nz)=t 1 1
= ze Z =1 +ﬁ el(x)—I—g.
i=1
and
- (i+1)(i+2)
Falea)(@) = 3 Aifa)
i=0
e (nx)ii? 3z 2
Ze [zt g
il n n o n
=0
2 _—nx (7/7"/1“)1_2 4_.%‘ l
=z’e ; i—2) " + 2
9 4z 2
noon

As a conclusion the error is controlled by

Ves — 2e1F,(e1) + Fr(e2)(x)

Example 13.32. In Figs. and 1313 the approzimation capabilities of
Favard-Szdsz-Mirakjan type F-transforms are illustrated.
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Fig. 13.14 Approximation by Favard-Szasz-Mirakjan type F-trasform. Dashed line
= fi1, solid line = inverse F-transform.

Fig. 13.15 Approximation by Favard-Szdsz-Mirakjan type F-transform. Dashed
line = f2, solid line = inverse F-transform.

13.8 Problems

1. Consider the function f : [0,1] — R, f(z) = z and let z; = %, i

0,...,n. For a fuzzy partition with triangular fuzzy numbers A;(x)
(Xie1, @iy Xig1), © = 1,...,n — 1 calculate the F-transforms f;, ¢ = 1,...,n
and then calculate the inverse F-transform F(z) = 1" | A;(z) - f;. Per-

form detailed calculations for n = 4.

2. Consider the function f : [0,1] = R, f(z) = 2% and let 2; = £, i =0, ..., n.

n’

For a fuzzy partition with triangular fuzzy numbers A;(x)
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= (-1, %i, Tit1), ¢ = 1,...,n—1 calculate the F-transforms f;, i =1,...,n
and then calculate the inverse F-transform F(z) = Y. | A;(z) - f;. Per-
form detailed calculations for n = 4.

. Using the results of the previous two problems show that the error term

in the Korovkin type Theorem [[3.27] converges to 0 as n — oc.

. Consider the function f : [0,1] — R, f(z) = e®. Calculate the direct and

inverse F-transform for a triangular fuzzy partition for the given function.

. Let us consider equally spaces knots y; = %, 1 =0,...,nin the [0, 1] interval

. Let us consider y_; <0, 1 < y,+1 two auxiliary knots. Let us take

Ai(w):{ (eonile mp) 1) i e il

0 otherwise ’

Calculate the F-transform and the inverse F-transform of the function
f(x) = e®. Consider n = 4 as a particular case.

. Prove Proposition 3.8
. Prove Proposition [[3.10
. Prove Proposition [[3.12

. Starting from one of the F-transform techniques presented in the present

chapter construct a two-dimensional F-transform.
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Artificial Neural Networks and
Neuro-Fuzzy Systems

14.1 Artificial Neuron

Computational Intelligence is a discipline within Artificial Intelligence and
it studies the topics of Fuzzy Sets and Systems, Neural Networks, Genetic
Algorithms, Swarm Intelligence and combination of these topics (see Engel-
brecht [55]). The present chapter will present an introduction to the Theory
of Neural Networks, and also the combination of Neural and Fuzzy systems,
i.e., the Adaptive Network-based Fuzzy Inference System (Jang [81]).

A neural network is a nonlinear mapping f : R® — R™ where m, n are the
dimensions of the input and output spaces. The building block of a neural
network is an artificial neuron, or simply neuron. The simplest neural network
has its input signals x1, ..., x,, transformed into an output y, by propagating
them through the synapses, with synaptic weights wy, ..., w, with a bias b
and an activation function ¢. The structure is described as in Fig. [[4.1]

The definition of a neural network in this simple form is as follows:

Definition 14.1. A neural network is a function of the form
n
y=¢ Z w;z; +0 |,
j=1

where ¢ : R — [a,b] is an activation function, i.e., lim, ,_o ©(x) = a and
lim, 00 p(z) = b.

B. Bede: Mathematics of Fuzzy Sets and Fuzzy Logic, STUDFUZZ 295, pp. 247-58]
DOI: 10.1007/978-3-642-35221-8 14 (© Springer-Verlag Berlin Heidelberg 2013
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Fig. 14.1 The structure of an artificial neuron

Different types of activation functions can be used in a neuron, as for example

e Threshold function

() = 1 if x>0
PE=9 0 , otherwise
e Piecewise linear
0 if T < —€
p(x) =3 s(z+e) if —e<a<e
1 if e<x
e Sigmoid
() =
)= —-—.
14 1+4+e®
e tanh
¢(x) = tanh z.
e etc.

14.2 Feed-Forward Neural Network

The simple structure in the previous section can be generalized by adding
different layers with different entities. Feed-forward neural network archi-
tecture has three layers: Input layer, hidden layer and output layer. The
input layer contains the input variables of the system. The hidden layer has
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Fig. 14.2 The structure of a feed-forward neural network with a single input

multiple neurons. The output layer is aggregating the output that comes
from the intermediate hidden layer with given synaptic weights. Figure [I4.2]
illustrates the structure of a feed-forward neural network with a single input.

Definition 14.2. A feed forward neural network is a function

n
y= ijso(ajw +b;),
j=1

where ¢ : R — [a,b] is an activation function.

A more general case is that of a network handling multiple inputs. The inputs
are linked to the hidden layer through different synaptic weights. In Fig.[T4.3],
a feed-forward neural network with multiple inputs is shown.

Definition 14.3. A feed-forward neural network with multiple inputs and
single output, is a function

Yy = ijgo (Z aijl'i + bj> s
j=1 i=1

where ¢ : R — [a,b] is an activation function.

We may have neural networks with multidimensional input and output (see

Fig. [[4.7).
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Fig. 14.3 The structure of a feed-forward neural network with multiple inputs and
a single output

Fig. 14.4 The structure of a feed-forward neural network with multiple inputs and
a single output

Definition 14.4. A feed-forward neural network with both multiple inputs
z;, i =1,....,m and outputs y;,l = 1, ...,k is expressed as a function

Yy = Zwljgo (Z Qi T; + bj> Jd=1,...k
=1 i=1

where ¢ : R — [a,b] is an activation function.

Remark 14.5. Neural networks are motivated by several important
properties:

e Nonlinearity. Since ¢ is a nonlinear function, it can approximate well
nonlinear phenomena.
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o Input output mapping. Typical inputs of the neural network should be
mapped into typical outputs.

e Learning. The pairs of corresponding input-output values provided in a
given application are used for training a neural network so that it ful-
fills the input-output mapping property. The neural network weights are
updated according to a learning rule, to fulfill these conditions.

o Adaptivity. A neural network is able to adapt when the input-output values
change.

e Fault Tolerance. A neural network is a robust system. If one single neuron
1s lost the network output does not change significantly.

14.3 Learning of a Neural Network

Learning of a neural network is the process of updating the synaptic weights
such that given known inputs, propagated through the network, lead to ap-
proximations of the desired outputs. The learning process can be supervised,
unsupervised, reinforcement learning.

Supervised learning provides input-output data for the network, and the
network is adapting its weights such that the input-output mapping is real-
ized. In an unsupervised learning no input-output data is provided for the
network, and the network is adapting its weights such that a clustering of
data is realized. Reinforcement learning updates the synaptic weights in such
a way that the neurons that produce the worst output are punished (rein-
forced). For different learning algorithms see e.g. Engelbrecht [55], Thrun
[14]].

Let us consider a feed-forward neural network with one hidden layer of the
particular form

n
y= wip(z—a;).
j=1

A set of training inputs &;,7 = 1, ..., k, is considered and then the correspond-
ing training (typical) outputs are §;,7 = 1, ..., k. The actual output is

0; = ijgo(ii —zj).
j=1

Then the error function
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We have

8% Z gj}; =2 (0 — i) (& — ;) -
The basic algorithm for the learning process of a neural network is the gra-
dient descent algorithm. It is described as follows:
e Step 1. Assume random synaptic weights w;,j =1,...,k and € > 0.
e Step 2. Calculate the actual outputs given the training data,

0; = ijcp (&; — ;)

j=1
e Step 3. Update the synaptic weights

w;ter+1 _ w;ter o

e Step 4. If the error

and if a maximal number of iterations is not attained then go to step 2.

Gradient descent algorithm can be used as the learning algorithm for the
synaptic weights in the hidden layer. Let

y= ij@ <Z aijT; + bj) )
j=1 i=1

be a feed-forward network. We assume given training data 2, 9,0 = 1, ..., k,
i =1,...,m. The error function is

E=> (o — )

M=

N
I
—

n

k m
= Z ZUJJ%P (Zaijizi - xj) —
i=1

=1 \j=1

We will find the gradient. We have

60[

5a”

k
=2 @
=1
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k
OE . dy
— = QZ(OZ - yl)wjd—zxm

1=

—

where %5 can be calculated based on the activation function. If ¢ is the

sigmoid function then we have

k
o(1—o0)z
(3(1,] 2:: yl z l) li-

This is based on the fact that for the sigmoid function ¢ we have ¢'(u) =
()1 — plu)).

If ¢ is the threshold function then this partial derivative is always 0. This
is not a convenient result, so in this case we need a different learning rule. In
this case the derivative Z—:f is replaced by the approximation o;(1 — o;). So we
have the same expression

oE
aaij

k
=2 Z(Oz —g)oi(1 — o).
i—1

14.4 Approximation Properties of Neural Networks

We denote by C]0,1] the space of continuous functions endowed with the
uniform norm. We will show that any continuous function can be uniformly
approximated by neural networks using a constructive approach. Let 0 =
o <z < ... <z < xpg1 = 1 be a partition with equally spaces points and
f € C[0,1]. We define the neural network

x) = Zwﬂ'(x —x;),
i=0

where 7 is the threshold function and

i—1

w; = @—Zw%

=0
with
W)= s f@+ it f(@), i=0,.n

T€[mi,@it1) TE€[w;,Tit1)

Theorem 14.6. (see Csdji [{0]) The following error estimate holds true

£ v < 20,
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Proof. As the first step of the proof we will show that N, f(z) = X(J;i).
Indeed, if © € [x;,z;4+1) then

n i—1
Npf(x) = Zwm’(m‘ —x;) = ij +wj
i=0 j=0

i—1 i—1

:ij+X(£’Z) _ij _ X(J;Z).

J=0 J=0

Now we turn our attention to the estimate. First we observe that

o(13)z s @-fGl= sw f@- bl f@

z,Y€[Ti,xTit1) TE[T;,Tit1) r€[xi,xiq1)
X X .
TE[Ti,Tit1) 2 2 €[z, wit1)
“o sup |f@) - x(f, 1)
TE[Ti,Tit1) 2

Now, for z € [x;,Ti+1)

x(f,9), 1 1
swp (7(e) = Nof(@ll = s (7(e) - X0 < Zo (£7)

€[z, Tit1) TE€[Ti,@it1)

and as a conclusion we get

If— o) < A0

Corollary 14.7. If f is continuous then lim, o N, f(z) = f(x).

The theorem can be extended to the case of sigmoid activation function
(Cybenko [41]) and other neural networks (Anastassiou [3]).

Example 14.8. Let us consider the function f, = e~ % sin2x. Its neural
network approzimation is given in Fig. [I.0]

14.5 Adaptive Network Based Fuzzy Inference System
(ANFIS)

An adaptive network based fuzzy inference system (ANFIS Jang [81]) is able
to combine a fuzzy system’s ability to model a reasoning process and to handle
uncertainty, with the learning ability and adaptivity of a neural network.
ANFIS is based on a Takagi-Sugeno fuzzy system. Let us consider an example
of a Takagi Sugeno fuzzy system with a single input and output and n fuzzy
rules.
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Fig. 14.5 Approximation by a neural network. Dashed line f; and solid line =neural
network

e Rule 1: If z is Ay then fi = p1z+m

e Rule n: If x is A, then f, = p,x + 1y

The architecture of the ANFIS is as in Fig.
The layers are described as follows:

e The input layer receives data x.
e Layer 1: The membership grades A;(z), Az(z), ..., An(x) are calculated.
e Layer 2: The firing levels of the fuzzy rules, namely
wy = A1 () ... wy, = Ap()
are calculated.

e Layer 3: Normalized firing levels

w1
’lziandwgzi
w1 + ... +wy wy + ... +wy

Wn,

are calculated.

e Layer 4: The individual output of each fuzzy rule can now be calculated
as

w fi = wi(prz + 1),

w;fn = w;(pnx + 7).
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Fig. 14.6 The structure of a feedforward neural network with a single inputs and

a single output

e Layer 5: The individual outputs of the rules are combined

n
f=> wilpiw+r).
i=1
e The output layer has outcome f.

The difference between ANFIS and a Takagi-Sugeno system is that the weights,
and the membership functions in ANFIS are learned through an optimization
algorithm. Surely, as Takagi-Sugeno systems without an added optimization
are approximation operators, the ANFIS system will be able to approximate

any continuous function.
Let us consider an example of a Takagi Sugeno fuzzy system with two
linguistic antecedents, and two fuzzy rules.

e Rule 1: If x is A; and y is By then f1 = p1x + quy + 71
e Rule 2: If x is As and y is Bs then fy = pox + goy + 12

The architecture of the ANFIS is as in Fig. [471
The layers are described as follows:

e The input layer receives data z, y.

e Layer 1: The membership grades A;(z), A2(x) and Bj(x), B2(z) are cal-
culated. (4;, B;, are given fuzzy sets).

e Layer 2: The firing levels of the fuzzy rules, namely

wy = A1 (z) - Bi(y) and w2 = Az(x) - B2(y)

are calculated.
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Fig. 14.7 The structure of a feedforward neural network with multiple inputs and
a single output

e Layer 3: Normalized firing levels

are calculated.

e Layer 4: The individual output of each fuzzy rule can now be calculated
as

wy fi = wy(p1z + qy + 1)
and
wy fo = whH(p2x + qoy + 72)
e Layer 5: The individual outputs of the two rules are combined

[=wifi+wyfo=wi(prz + qy +r1) + wh(p2z + qoy + 72)

e The output layer has outcome f.

The learning of an ANFIS can adaptively derive the coefficient values p1, p2,
q1,q2,71,72 using a least squares method. Also, parameters of the fuzzy sets
Ay, Ay, By, By can be determined or adjusted by a suitable learning algo-
rithm. This improves the flexibility and adaptability of the network.

Let us describe for example the learning algorithm for the parameter p;.
The Error function can be written

n
2
E= Z (5,95) — %)
Jj=1
where z;,v;,2;,j = 1,...,n is training data. Then

- of - /
25 (x4, —:2E Ti,Yi) — Z5)WIT.
8p1 < > Yj) o jZI(f( > Yj) )WL T;
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The gradient descent algorithm is then the usual one

: . OE
ter+1 __ t
Py =i - N gpe

As an immediate consequence of Theorem we obtain that the ANFIS
system can approximate any continuous function with any accuracy, moreover
the order of approximation is at least the same as in Theorem Indeed,
ANTFIS is in essence a particular case of a Takagi-Sugeno fuzzy system. ANFIS
is a fuzzy system with a neural network used to perform its optimization
adaptation. ANFIS is not a neural network in the strict meaning of Definitions
4T or M43l Surely the idea of adaptivity combined with that of fuzziness
makes the system very useful and extremely powerful in applications.

14.6 Problems

1. Consider the Neural Network
Y = Zwljgo (Z AT + bj> s
j=1 i=1

with p(z) = ﬁ, a > 0 being a parameter. Deduce learning rules for
the synaptic weights wy;, a;;.

2. Repeat the previous problem with the activation function ¢(z) = tanh .

3. Consider
-1 if < —3
p(x)=¢ sinz if —F<z<73%
1 if <z

Show that ¢ is an activation function and use this function to construct
a neural network with one hidden layer. Describe learning rules for the
given network.

4. Given ¢(z) an activation function prove that p(ax) with a > 0 is also an
activation function. Use this method to construct neural networks with
variants of tanh and sin as given above.

5. Prove that ANFIS can approximate any continuous function based on

Theorem [Z.30,
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Appendix A
Mathematical Prerequisites

In the present Appendix we recall a few basic definitions and theorems from
Mathematics, especially Mathematical Analysis, that are used throughout
the text. This is not intended to be an exhaustive treatise or a replacement
of a solid mathematics background for students, instead we will concentrate
on results cited in the text in an effort to make the text more independent.

A.1 Lattices

Let L be a set and < be a relation (classical relation) on L.

Definition A.1. A classical relation is said to be a partial order on L if it
18:

(i) reflexive, i.e., a < a,Va € L

(i) antisymmetric, i.e., ifa <b and b < a then a=0b, a,b € L

(#ii) transitive i.e., if a <b and b < c then a <¢, a,b,c € L

We say that L is a partially ordered set (poset).

Example A.2. As examples of partial orders we mention: < the standard
inequality of real numbers, C inclusion of classical sets or fuzzy sets, | divis-
wility of integers, etc.

Let us recall the following general definition of the infimum and supremum.

Definition A.3. (i) The greatest lower bound (infimum) of two elements a,b
of a poset L is an element ¢ € L such that ¢ < a, ¢ < b and for any ¢’ < a
and ¢’ < b we have ¢! < c¢. We denote ¢ = inf{a,b} or c=aAp b.
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(it) The least upper bound (supremum) of two elements a,b of a poset L
is an element d € L such that a < d, b < d and for any a < d' and b < d' we
have d < d'. We denote d = sup{a, b} orc=aVypb.

(iii) The greatest lower bound (infimum) of a nonempty subset A C L is
ceLifc<zVre Aandifc €L is such that ¢ < z,Vr € A then ¢’ <c.

(iv) The least upper bound (supremum) of a nonempty subset A C L is
de Lifx <dNVveAandifd €L is such that v < d',Vx € A then d < d'.

One of the possible ways to define a lattice is the following.

Definition A.4. We say that a partially ordered set L is a lattice if any two
elements in L have a supremum and an infimum.

A lattice can also be defined based on interpretation of the inf and sup as
algebraic operations.

Example A.5. (R, <), (N,]), (P(X), Q) are lattices. In (R, <) the infimum

is the minimum and supremum coincides with the mazimum. In (N,|) the
nfimum of two elements a,b is their greatest common divisor, while their
supremum is their least common multiple.

If the inf and sup operations are distributive w.r.t. each-other then we call
the lattice a distributive lattice.

Definition A.6. A complete lattice is a partially ordered set (L, <), such
that any non-empty subset of L has an infimum and a supremum.

Definition A.7. A lattice L is called completely distributive if

aA(\/bZ—) =\ anb;

iel i€l
and
av (/\bi> = Navb
iel iel
hold Ya,b; € L,i € I and I any index set.
Example A.8. ([0,1],<) is a complete, completely distributive lattice.

The next theorems are due to Tarski-Knaster and Kleene respectively (see
e.g. Tarski [144])

Theorem A.9. Let L be a complete lattice and f : L — L be a monotonic
function. If the set {x € L|f(z) <z} ({z € Llx < f(x)}) is non-empty, then
the set of fized points forms a complete lattice and f has a least (greatest)
fized point z. € L (x* € L).
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Theorem A.10. Let L be a complete lattice having first and last element
that is 30,1 € L, i.e. 0 < z,Vr € L and x < 1,Vx € L) and let f : L — L be
<-continuous (i.e., f is such that for c; < co < ... < ¢, < ... we have

n=1

Then the least and greatest fixed points satisfy

v = V1) 2 = A £,
n=1 n=

where f means here n times composition of f by f.

A.2 Real Numbers

Definition A.11. We consider a field R (i.e., a set endowed with additive
and multiplicative operation with certain properties), with a total order rela-
tion (reflexive, transitive, antisymmetric relation, such that any two elements
are comparable) compatible with the operations. If additionally R has the least
upper bound property then R is called the real numbers set, and its elements
are called real numbers.

The least upper bound property is an axiom of the real-numbers and it is
used throughout the text.

Axiom A.12. (Least Upper Bound property) Any nonempty set A C R
bounded from above (i.e., if there exists M € R with x < M,Vx € A), has a
supremum (least upper bound).

Dually any nonempty set bounded from below (i.e., if there exists m € R
with m < x,Vz € A) will have an infimum (greatest lower bound).

A.3 Metric Spaces

Let us recall here the definition of a metric space.

Definition A.13. Let X be a set and d : X x X — [0,00) be a function.
The function d is called a metric on X (and in this case X is called a metric
space) if the following properties are fulfilled.

(i) d(z,y) > 0,Va,y € X with d(z,y) =0 if and only if x = y.

(i1) d(z,y) = d(y,x),Ve,y € X

(i) d(z, z) < d(z,y +d(y, 2),Vz,y,z € X.

As examples of metric spaces let us mention R™ with e.g. Euclidean distance
which in the one-dimensional case becomes d(z,y) = |z — y|.
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Definition A.14. A sequence (xn)n>0 C X is said to converge to x € X if
Ve > 0 there exist N(g) > 0 such that d(zy, ) < &,Yn > N(e).

Definition A.15. A sequence (x,)n>0 C I is fundamental if Ve > 0 there
exist N(€) > 0 such that d(zy, Tnip) < €,Yn > N(g),p > 1.

Definition A.16. A metric space is complete if any fundamental sequence
converges.

The Euclidean space R™ and in particular R are complete metric spaces.

Definition A.17. An open ball centered at xo and radius r in a metric space
X is
B(zg,7) = {z € X|d(z,x0) < T}.

A closed ball in a metric space is defined as

B(zg,r) = {z € X|d(x,x0) < r}.

A set V C X is a neighborhood of x € X if it contains an open ball x €
B(xz,r) C V. A set A C X is open if it is a neighborhood of every of its
points.

An important property is that arbitrary unions of open sets are open.
Definition A.18. A set is closed if its complement is open.

Sets may be closed and open simultaneously, so the concepts of open and
closed set do not exclude each-other.

Proposition A.19. A set A C X is closed if and only if any convergent
sequence (xn)n>0 C A converges to x € A.

Definition A.20. The closure of a set is the least closed set (in the sense of
the inclusion) that contains the set.

The closure of a set consists of all the points of the set and the limits of all
sequences with terms in the set. For example the closure of the set of rational
numbers Q is the set of real numbers R. The notation cl(A) is used to denote
the closure of the set A.

Definition A.21. A subset A C X 1is said to be compact if from any covering
AC UieI U; with open sets we can extract a finite sub-covering A C U?=1 U;.

A compact set must be closed. A subset of a metric space is compact if and
only if it is sequentially compact (i.e, any bounded sequence has a convergent
subsequence). Also, a subset A of a complete metric space is compact if and
only if it is totally bounded, i.e. Vr > 0 we can cover A with finitely many
open balls B(z;,r),i = 1,..,n with the radius r.

Theorem A.22. (Heine-Borel) A subset A C R™ is compact if and only if
it is closed and bounded.
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A Lindelof space is a generalization of the concept of compactness.

Definition A.23. A subset A C X is said to be Lindeldf if from any covering
A C Uie[ U; with open sets we can extract a countable sub-covering A C
Ufil Us.

Separability is another important property.

Definition A.24. A metric space X is said to be separable if it is the closure
of a countable subset A C X.

If a space is compact then it is also separable. For example R is separable
being the closure of Q.
Another important property is convexity.

Definition A.25. A subset A C R"” is said to be conver if for any x,y € A
we have Az + (1 — Ny € A.

A subset of R is a closed interval if and only if it is both compact and convex.

A.4 Continuity

Definition A.26. A function f: X — Y is continuous at x € X if for any
neighborhood V' of f(x) we can find a neighborhood U of x with f(U) C V.

Equivalently we can formulate continuity using the distances on X and Y.

Proposition A.27. A function f: X =Y is continuous at x € X if for any
€ > 0 there exists 6 > 0 such that d2(f(y), f(x)) < € whenever dy(z,y) < J.
If it is continuous for every value of x € X then we say it is continuous on
X. (We denote the distance on X by di and the distance on'Y by ds.)

Continuity and compactness work together in the following way.

Proposition A.28. The image of a compact set K C X through a continu-
ous function f: X =Y (X,Y metric spaces) is compact.

The space of all continuous functions f : K — Y on a compact metric space
K, with Y being a metric space, is denoted by C'(K,Y’). On C(K,Y) we can
define the metric

D(f,g) = sup d(f(x), f(g)),

zeK

and then the function space itself will become a metric space. The metric D

on C(K,Y) is called the uniform distance. If additionally Y is complete then

C(K,Y) is a complete metric space with respect to the uniform distance.
Upper semicontinuity is used when we define fuzzy numbers.

Definition A.29. A function f: X — R (X being a melric space) is upper
semicontinuous at xo if Ve > 0 there exists § > 0 such that f(x) < f(xo) +¢
for d(z,y) < 0.
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Theorem A.30. A function is upper semicontinuous if and only if the sets
{r e X|f(z) <a},a eR

are open, or equivalently if the sets
{r e X|f(z) > a},a €R

are closed.

Definition A.31. A function f: X — R (X being a metric space) is lower
semicontinuous at xo if Ve > 0 there exists § > 0 such that f(x) > f(xg) —e
for d(z,y) < 4.

Theorem A.32. A function is lower semicontinuous if and only if the sets
{re X|f(x) <a},aeR

are closed, or equivalently if the sets
{r e X|f(z) > a},a eR

are open.

If a function is both upper and lower semicontinuous then it is continuous.
Left and right continuity appear in a characterization theorem.

Definition A.33. A function f: R — R is right continuous at xq if Ve > 0
there exists 6 > 0 such that |f(z) — f(xo)| < e for xg < x < xo + 0.

Definition A.34. A function f: R — R is left continuous at xg if Ye > 0
there exists 6 > 0 such that | f(x) — f(xo)| < e for xop — 0 <z < xo.

If a function is both left and right continuous then it is continuous.

Definition A.35. Let (X,d1), (Y,dz2) be metric spaces. A function f: X —
Y is of Lipschitz type if there exists L such that dao(f(x), f(y)) < Ldi(z,y),
Ve,y € X.

Definition A.36. Let (X,d) be a metric space. A function f : X — X is
a contraction if there exists 0 < q¢ < 1 such that d(f(z), f(y)) < qd(z,y),
Vz,y € X.

Theorem A.37. (Banach fized point theorem) Let (X,d) be a complete met-
ric space. Any contraction f : X — X has a unique fized point, i.e., there
exists a unique T, € X such that f(x.) = ..

A.5 Modulus of Continuity

The modulus of continuity is often used in the text so, let us recall its defi-
nition and main properties.
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Definition A.38. Let (X,d) be a compact metric space and ([0,00),]|-|) the
metric space of positive reals endowed with the usual Fuclidean distance. Let
f:X —1[0,00) be bounded. Then the function

w(f,"):[0,00) = [0, 00),

defined by

w(f,6) =\ Al @) = f@)lizy e X, dz,y) <5}

is called the modulus of continuity of f.

Theorem A.39. The following properties hold true
i)

for any x,y € X;

it) w (f,9) is nondecreasing in J;

iii) w (f,0) = 0;

iv)

w(fv(sl +62) < w(fv(sl) +w(f762)

for any 81,02, € [0, 00);

v)

w (f,nd) < nw(f,0)

for any § € [0,00) and n € N;

vi)

for any 6, \ € [0, 00);
vig) f is continuous if and only if

lim w(f,0) = 0.

A.6 Normed Spaces

Definition A.40. Consider a linear space X. A norm is a function ||| :
X — [0,00) having the following properties.

1) ||z|]| > 0,Vz € X and ||z|| = 0 if and only if x = 0.

2) [Az|| = Al ||z]| , YA e R,z € X.

3) lz+yll < llzll + llyll, Yo,y € X.

In this case the space X 1is called a normed linear space or simply a normed
space.

The norm induces on X a metric structure with the distance being d(z,y) =
[ =yl
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Definition A.41. If a normed space is a complete metric space with the
induced metric, then it is called a Banach space.

We denote by C(]a,b]) the space of continuous functions f : [a,b] — R with
the uniform norm || f[| = sup,cq,4) |f(2)[- Then C([a,b]) is a Banch space.
Also, let £(C([a,b])) be the space of linear operators T' : C([a,b]) —
C([a,b]). Inequality between functions is considered point-wise, i.e., f < g if
f(z) < g(z) for any x € [a,b]. In particular we say that f > 0 if f(z) > 0 for
every x € [a,b)].
An operator is said to be positive if T'(f) > 0 whenever f > 0.
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