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Objetivos del tema.

Conocer cómo se define un conjunto borroso y su importancia 
de cara a desarrollar sistemas que imiten la forma de razonar 

humana

Aprender las reglas de combinación de conjuntos borrosos.

Entender qué es una variable lingüística y su posible uso en 
elementos de ayuda al diagnóstico médico.

Aprender los elementos que contiene un sistema de inferencia 
borroso.

Aprender a implementar este tipo de sistemas.
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Cambiamos algunos conceptos.
Los conceptos manejados por los sistemas de procesado de la información (dispositivos 

lógicos, ordenadores, etc) son diferentes a los usados por los humanos; en el primer caso se 
manejan conceptos absolutos mientras que nosotros usamos conceptos vagos y difusos. 
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Chapter 2

Fuzzy Logic Systems

This chapter describes the basic definitions of fuzzy set theory, i.e., the basic notions,

the properties of fuzzy sets and operations on fuzzy sets. Some popular constructions

of fuzzy systems are presented in sections 2.2.1 - 2.2.3. The approximation capability

is described in section 2.3, and section 2.4 summarizes the different interpretations of

fuzzy sets.

2.1 Basic Concepts

Since set theory forms a base for logic, we begin with fuzzy set theory in order to

“pave the way” to fuzzy logic and fuzzy logic systems.

2.1.1 Set-Theoretical Operations and Basic Definitions

In classical set theory the membership of element x of a set A (A is a crisp subset of

universe X) is defined by

( )µ
A
x

x A

x A
=

!

"

#
$
%

0

1

, ,

,

if

if
(2.1)

The element either belongs to the set or not. In fuzzy set theory, the element can

belong to the set partially with a degree and the set does not have crisp boundaries.

That leads to the following definition.

La base de todos nuestros dispositivos de procesado de la información es 
la lógica clásica que se puede explicar usando teoría de conjuntos. En 
esta teoría existe un concepto clave que es el de pertenencia a un 
conjunto que queda definido de la siguiente forma. 

En este punto tenemos que empezar a 
hacer una primera división entre los 
sistemas borrosos y los “clásicos”. En 
nuestra vida cotidiana existen conceptos 
que no son absolutos (”alto”, “viejo”, 
“calvo”, “rápido”....) por lo que no se 
plantea una pertenencia tan dura;  ahora 
se plantea una pertenencia de diferentes 
grados; no sólo se tiene 0/1. 
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Definition 2.1.1 (fuzzy set, membership function) Let X be a nonempty set, for

example X = R
n
 , and be called the universe of discourse. A fuzzy set A X!  is

characterized by the membership function

[ ]µ
A

X: " 01, (2.2)

where ( )µ
A

x  is a grade (degree) of membership of x in set A.

From the definition we can see that the fuzzy set theory is a generalized set theory that

includes the classical set theory as a special case. Since { } [ ]0 1 0 1, ,# , crisp sets are

fuzzy sets. Membership function (2.2) can also viewed as a distribution of truth of a

variable. In literature fuzzy set A is often presented as a set of ordered pairs:

( )( ){ }A x x x XA= #,µ (2.3)

where the first part determines the element and the second part determines the grade of

membership. Another way to describe fuzzy set has been presented by Zadeh, Dubois

and Prade. If X is infinite, the fuzzy set A can be expressed by

( )A x xA
X

= $µ / (2.4)

If X is finite, A can be expressed in the form

( ) ( ) ( )A x x x x x x
A A n n A i i

i

n

= + + =
=

%µ µ µ1 1
1

/ / / (2.5)

Note: Symbol $ in (2.4) has nothing to do with integral (it denotes an uncountable

enumeration) and / denotes a tuple. The plus sign represents the union.

Also note that fuzzy sets are membership functions. Nevertheless, we may still use the

set theoretic notations like A B& . This is the name of a fuzzy set given by µA B&  (will

be defined later).

Example 2.1.1

Discrete case: µ
A
=  0.1/x1 + 0.4/x2 + 0.8/x3 + 1.0/x4 + 0.8/x5 + 0.4/x6 + 0.1/x7

Continuous case: ( )
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,otherwise

Destacar que el criterio clásico de pertenencia es 
un caso particular del difuso. Ahora los elementos 
del conjunto quedarán representados (aparte de su 
valor) por un valor de pertenencia al conjunto 
FUNCIÓN DE PERTENENCIA. 
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Funciones de pertenencia
A modo de ejemplo de lo comentado podemos pensar en 

el conjunto de los números reales cercanos a 1. Una 
posible función de pertenencia podría ser: 

as

A(t) = exp(−β(t − 1)2)

where β is a positive real number.

A membership function for ”x is close to 1”.

Example 2. Assume someone wants to buy a cheap

car. Cheap can be represented as a fuzzy set on a

universe of prices, and depends on his purse. For in-

stance, from the Figure cheap is roughly interpreted

as follows:

• Below 3000$ cars are considered as cheap, and

prices make no real difference to buyer’s eyes.

• Between 3000$ and 4500$, a variation in the
price induces a weak preference in favor of the

cheapest car.

8

La función de pertenencia más 
extendida en ingeniería es la triangular 
por la sencillez en su implementación. 

No tiene por qué ser continua la función 
que defina nuestro conjunto, 

perfectamente puede tener varias partes 
(mezclar lógica borrosa-lógica clásica; 

abarcar diferentes zonas de valores, etc).  

Son el elemento clave en las aplicaciones 
prácticas de la lógica borrosa ya que 

suponen el paso de conceptos vagos a 
cantidades. Las conocidas como variables 
lingüísticas utilizan estas funciones para 
obtener un valor cuantitativo a partir de 

los conceptos cualitativos de dichas 
variables. 

Funciones de pertenencia existen muchas, las funciones 
continuas más usadas son las que aparecen a continuación
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Operaciones entre conjuntos borrosos
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Definition 2.1.11 (LR-representation of fuzzy numbers) Any fuzzy number can be

described by

( )

( )( ) [ ]
[ ]

( )( ) [ ]
µ

! !

" "A x

L a x x a a

x a

R x b x b
=

# $ #

$

# $ +

%

&

'
'

(

'
'

/ , ,

, ,b

/ , ,b

1

0 ,otherwise

(2.13)

where [ ]a,b  is the core of A, and [ ] [ ] [ ] [ ]L R: , , , : , ,01 0 1 01 01) )  are shape functions

(called briefly s-functions) that are continuous and non-increasing such that
( ) ( ) ( ) ( )L R L R0 0 1 1 1 0= = = =, , where L stands for left-hand side and R stands for

right-hand side of membership function [Zimmermann, 1993].

Definition 2.1.12 (LR-representation of quasi fuzzy numbers) Any quasi fuzzy number

can be described by

( )

( )( )
[ ]

( )( )
µ

!

"
A

x

L a x x a

x a

R x b x b

=

# *

$

# +

%

&
'

(
'

/ ,

, ,b

/ ,

1 (2.14)

where [ ]a,b  is the core of A, and [ ) [ ] [ ) [ ]L R: :0 01 0 01, , , , ,, ) , )  are shape

functions that are continuous and non-increasing such that ( ) ( )L R0 0 1= =  and they

approach zero: ( ) ( )lim lim
x x

L x R x
), ),

= =0 0, .

For example, ( )f x e x= # , ( )f x e x= # 2

 and ( ) ( )f x x= #max 0 1,  are such shape

functions. In the following the classical set theoretic operations are extended to fuzzy

sets.

Definition 2.1.13 (set theoretic operations)

µ- . 0 (empty set)

µ
X
. 1 (basic set, universe)

( ) ( )A B x x x X
A B

= / = 0 $µ µ  (identity)

( ) ( )A B x x x X
A B

1 / * 0 $µ µ (subsethood)

( ) ( ) ( )( )0 $ =2x X x x x
A B A B

: maxµ µ µ, (union)

( ) ( ) ( )( )0 $ =3x X x x x
A B A B

: minµ µ µ, (intersection)

( ) ( )0 $ =x X x x
A A

: 1-µ µ (complement)

Union could also be represented by ( ) ( )( )( ){ }A A x x x x XA B2 = $, ,max µ µ . Same

notation could also be used with intersection and complement.

Theorem 2.1.1 The following properties of set theory are valid

A A= (involution)
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A B B A

A B B A

! = !

" = "
(commutativity)

( ) ( )

( ) ( )

A B C A B C

A B C A B C

! ! = ! !

" " = " "
(associativity)

( ) ( ) ( )

( ) ( ) ( )

A B C A B A C

A B C A B A C

" ! = " ! "

! " = ! " !
(distributivity)

A A A

A A A

! =

" =
(idempotence)

( )

( )

A A B A

A A B A

! " =

" ! =
(absorption)

( )

( )

A B A B

A B A B

! = "

" = !
(De Morgan’s laws)

Proof: Above properties can be proved by simple direct calculations. For example

( )A A A= # # =1 1 .

The laws of contradiction A A" =$ (basis for many mathematical proofs) and

excluded middle A A X! =  are not valid for fuzzy sets. However, for the crisp sets

they are valid. Bertrand Russell commented the law of excluded middle in the

following way:

The law of excluded middle is true when precise symbols are employed but it is not

true when symbols are vague, as, in fact, all symbols are.

Also other definitions for set operations are possible. An alternative well-known

definition of union and intersection is given below. Operations are mostly selected

relying on intuition or empirical results in particular problem.

Definition 2.1.14

( ) ( ) ( )( )% & = +
!

x X x x x
A B A B

: minµ µ µ1, (union)

( ) ( ) ( )% & = '
"

x X x x x
A B A B

:µ µ µ (intersection)

More generally, the term aggregation operator is used to describe the union and

intersection operators. Aggregation-operators can be divided into two groups:

compensatory and non-compensatory. Non-compensatory intersection operators are

called t-norms and union operators are called t-conorms or s-norms. Compensatory

ones can perform operations which are somewhere between intersection and union

operations.

Propiedades

La operación de unión e intersección se puede definir 
con otro tipo de operadores; t-normas para el caso de 

la intersección y t-conormas (o s-normas) para el caso
de la unión; cumpliendo las siguientes propiedades.   
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Definition 2.1.15 (t-norm, “generalized  intersection”) Function [ ] [ ] [ ]T: 0 1 0 1 01, , ,! "

is a t-norm, or triangular norm, if it satisfies the criteria:

(i) ( ) ( )T x y T y x, ,= (symmetry)

(ii) ( )( ) ( )( )T T x y z T x T y z, , , ,= (associativity)

(iii) x z#  and y v#  implies ( ) ( )T x y T z v, ,# (monotonicity)

(iv) ( )T x x,1 = (border condition)

Definition 2.1.16 (t-conorm, “generalized union”) Function [ ] [ ] [ ]S: 01 0 1 01, , ,! " is a t-

conorm (s-norm) if it satisfies the criteria:

(i)-(iii) Same as in the definition of t-norms

(iv) ( )S x x,0 =

There is a special relation between t-norms and t-conorms if they are conjugate to each

other: ( ) ( )S x y T x y, ,= $ $ $1 1 1 . Among other, minimum and maximum operations

satisfy this relation [Driankov et. al., 1993]. Relation is not essential, but it is

sometimes used to select suitable pair of operations.

Note: If the product (see def. 2.1.14) is used as a t-norm, the idempotence is not valid

since ( ) ( ) ( )µ µ µ
A A A

x x x% < . Also the distributivity is not valid, which can be verified

by substituting operations in def. 2.1.14 into distributivity law. However, the product

function is gradually replacing the min operation in the real world applications. It has

been shown to perform better in many situations [Driankov et. al., 1993; Brown &

Harris, 1994].

2.1.2 Fuzzy Relations

Definition 2.1.17 (fuzzy relation) Fuzzy relation is characterized by a function

[ ]µ
R m

X X: 1 0 1! ! " , , where Xi
 are the universes of discourse and X Xm1 ! !  is

the product space.

If we have two finite universes, the fuzzy relation can be presented as a matrix (fuzzy

matrix) whose elements are the intensities of the relation and R has the membership

function ( )µ
R

u v, , where u X v X& &1 2, . Two fuzzy relations are combined by a so

called sup-*- or max-min composition, which will be given in the definition 2.1.19.

Note: Fuzzy relations are fuzzy sets, and so the operations of fuzzy sets (union,

intersection, etc.) can be applied to them.

Example 2.1.2 Let the fuzzy relation R =  “approximately equal” correspond to the

equality of two numbers. The intensity of cell R(u, v) of the following matrix can be

interpreted as the degree of membership of the ordered pair in R. The numbers to be

compared are {1,2,3,4} and {3,4,5,6}.

t-normas
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s-normas
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2 Tutorial

2-14

The next figure uses a graph to show the same information. We’ve converted 
the truth table to a plot of two fuzzy sets applied together to create one fuzzy 
set. The upper part of the figure displays plots corresponding to the two-valued 
truth tables above, while the lower part of the figure displays how the 
operations work over a continuously varying range of truth values A and B 
according to the fuzzy operations we’ve defined.

Given these three functions, we can resolve any construction using fuzzy sets 
and the fuzzy logical operation AND, OR, and NOT.

Additional Fuzzy Operators
We’ve only defined here one particular correspondence between two-valued 
and multivalued logical operations for AND, OR, and NOT. This 
correspondence is by no means unique.

In more general terms, we’re defining what are known as the fuzzy intersection 
or conjunction (AND), fuzzy union or disjunction (OR), and fuzzy complement 
(NOT). We have defined above what we’ll call the classical operators for these 
functions: AND = min, OR = max, and NOT = additive complement. Typically 
most fuzzy logic applications make use of these operations and leave it at that. 
In general, however, these functions are arbitrary to a surprising degree. The 
Fuzzy Logic Toolbox uses the classical operator for the fuzzy complement as 
shown above, but also enables you to customize the AND and OR operators.

AND

A and B

Two-valued

logic

Multivalued

logic

A and B

A

B

A

A

B

B A B

A or B

A or B

A

A

not A

not A

OR NOT
min(A,B) max(A,B) (1-A)

Ejemplos de operaciones entre conjuntos borrosos.
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Figure 2.2 Linguistic variable ‘velocity’

Definition 2.1.23 (hedge) A hedge is an operation which modifies the meaning of the

term:

concentration (very): ( )
( ) ( )( )µ µ

con A Ax x=
2

(2.21)

dilation (more or less):   ( )
( ) ( )( )µ µ

dil A Ax x=
1 2

(2.22)

contrast intensification:

( )
( )

( )( ) ( )

( )( ) ( )
µ

µ µ

µ µ
int A

A A

A A

x
x x

x x
=

! !

" " < !

#
$
%

&%

2 0 05

1 2 1 05 1

2

2

, .

, .
(2.23)

If the term is not derived from some other term by using hedge, it is called a primary

term. If the primary term ‘cold’ is modified by the concentration, we get a new term

‘very cold’.

More generally, linguistic variable can be seen as a micro language, which includes

context-free grammar and attributed-grammar semantics. Context-free grammar

determines permissible values of linguistic variable and attributed-grammar semantics

gives the possibility to add modifiers (hedges) [Zadeh, 1992].

In approximate reasoning, there are two important inference rules, a generalized

modus ponens (GMP) which is a forward reasoning rule and a generalized modus

tollens (GMT) which is a backward reasoning rule. They are defined in the following.

Definition 2.1.24 (Generalized Modus Ponens) GMP is defined as [Zadeh, 1992;

Zimmermann, 1993]

premise:

implication:

x is A’

If x is A, then y is B

consequence: y is B’

where A, A’, B, B’ are fuzzy sets and x and y are symbolic names for objects.
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slow medium fast
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semantic rule
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Una variable lingüística es una variable 
especificada con conjuntos borrosos 
teniendo un claro significado lingüístico.  
Está formada por una serie de elementos, 
su nombre “simbólico” (temperatura, 
altura, etc); una serie de valores 
lingüísticos (alto, medio, etc); como tercer 
elemento se tendría el rango de variación 
cuantitativo de la variable. Finalmente hay 
que asignarle a cada valor cualitativo un 
valor cuantitativo usando funciones de 
pertenencia.  

Destacar que existen operaciones para integrar 
conceptos “comunes” como más o menos; 

mucho, muy, etc.  

Mucho-Muy, etc (concentration)

20

Figure 2.2 Linguistic variable ‘velocity’

Definition 2.1.23 (hedge) A hedge is an operation which modifies the meaning of the

term:

concentration (very): ( )
( ) ( )( )µ µ

con A Ax x=
2

(2.21)

dilation (more or less):   ( )
( ) ( )( )µ µ

dil A Ax x=
1 2

(2.22)

contrast intensification:

( )
( )

( )( ) ( )

( )( ) ( )
µ

µ µ

µ µ
int A

A A

A A

x
x x

x x
=

! !
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2

, .
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(2.23)

If the term is not derived from some other term by using hedge, it is called a primary

term. If the primary term ‘cold’ is modified by the concentration, we get a new term

‘very cold’.

More generally, linguistic variable can be seen as a micro language, which includes

context-free grammar and attributed-grammar semantics. Context-free grammar

determines permissible values of linguistic variable and attributed-grammar semantics

gives the possibility to add modifiers (hedges) [Zadeh, 1992].

In approximate reasoning, there are two important inference rules, a generalized

modus ponens (GMP) which is a forward reasoning rule and a generalized modus

tollens (GMT) which is a backward reasoning rule. They are defined in the following.

Definition 2.1.24 (Generalized Modus Ponens) GMP is defined as [Zadeh, 1992;

Zimmermann, 1993]

premise:

implication:

x is A’

If x is A, then y is B

consequence: y is B’

where A, A’, B, B’ are fuzzy sets and x and y are symbolic names for objects.
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semantic rule
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Más o menos (dilation)
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Figure 2.2 Linguistic variable ‘velocity’

Definition 2.1.23 (hedge) A hedge is an operation which modifies the meaning of the

term:

concentration (very): ( )
( ) ( )( )µ µ

con A Ax x=
2

(2.21)

dilation (more or less):   ( )
( ) ( )( )µ µ

dil A Ax x=
1 2

(2.22)

contrast intensification:
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If the term is not derived from some other term by using hedge, it is called a primary

term. If the primary term ‘cold’ is modified by the concentration, we get a new term

‘very cold’.

More generally, linguistic variable can be seen as a micro language, which includes

context-free grammar and attributed-grammar semantics. Context-free grammar

determines permissible values of linguistic variable and attributed-grammar semantics

gives the possibility to add modifiers (hedges) [Zadeh, 1992].

In approximate reasoning, there are two important inference rules, a generalized

modus ponens (GMP) which is a forward reasoning rule and a generalized modus

tollens (GMT) which is a backward reasoning rule. They are defined in the following.

Definition 2.1.24 (Generalized Modus Ponens) GMP is defined as [Zadeh, 1992;

Zimmermann, 1993]

premise:

implication:

x is A’

If x is A, then y is B

consequence: y is B’

where A, A’, B, B’ are fuzzy sets and x and y are symbolic names for objects.

velocity

slow medium fast

name of the variable

syntactic rule

terms

semantic rule

membership functions

universe of

discourse
25 50 75 100 125 150

Normalmente el  diseñador utiliza su 
conocimiento del problema para determinar 
los límites de las diferentes funciones de 
pertenencia. Existen otras alternativas 
como son los sistemas neuro-borrosos que, 
a partir del propio funcionamiento del 
sistema determinan los valores y límites de 
las funciones de pertenencia 

Variables lingüísticas

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010

7



Ya tenemos los conceptos “cotidianos” codificados como conjuntos borrosos, ya sabemos 
operar con dichos conjuntos con diferentes operadores lógicos, ¿qué falta?; especificar nuestro 
problema en forma de reglas lógicas que, al usar sistemas borrosos serán reglas borrosas. Las 
reglas combinarán diferentes conceptos especificados en las diferentes variables lingüísticas de 
nuestro problema. 

Ejemplo; reglas para la fuerza de frenada en un coche 
(variables son la velocidad y la distancia al obstáculo).

Si la distancia es pequeña y la velocidad alta la fuerza es grande.

Si la distancia es grande y la velocidad baja la fuerza es baja.

Si la distancia es grande y la velocidad alta la fuerza es media.

Si la distancia es pequeña y la velocidad baja la fuerza es media.

Reglas borrosas

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010
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Tenemos un conjunto de reglas pero, ¿cómo se combinan entre sí?; ¿cómo se 
determina la salida de un sistema a partir de dichas reglas?. Aparece lo que se 
conoce en sistemas borrosos como el sistema de inferencia que consiste, en 
combinar las diferentes reglas para obtener una salida que, en principio, será 

borrosa también. 

2 Tutorial

2-24

Step 3. Apply Implication Method
Before applying the implication method, we must take care of the rule’s weight. 
Every rule has a weight (a number between 0 and 1), which is applied to the 
number given by the antecedent. Generally this weight is 1 (as it is for this 
example) and so it has no effect at all on the implication process. From time to 
time you may want to weight one rule relative to the others by changing its 
weight value to something other than 1. 

Once proper weighting has been assigned to each rule, the implication method 
is implemented. A consequent is a fuzzy set represented by a membership 
function, which weights appropriately the linguistic characteristics that are 
attributed to it. The consequent is reshaped using a function associated with 
the antecedent (a single number). The input for the implication process is a 
single number given by the antecedent, and the output is a fuzzy set. 
Implication is implemented for each rule. Two built-in methods are supported, 
and they are the same functions that are used by the AND method: min 
(minimum), which truncates the output fuzzy set, and prod (product), which 
scales the output fuzzy set.

Step 4. Aggregate All Outputs
Since decisions are based on the testing of all of the rules in an FIS, the rules 
must be combined in some manner in order to make a decision. Aggregation is 
the process by which the fuzzy sets that represent the outputs of each rule are 

delicious

excellent

generous

If  service is excellent food is delicious thenor tip = generous

food = 8

input 2

result of
implication

service = 3

input 1

3. Apply 
Implication
operator (min).

2. Apply
OR operator (max).

1. Fuzzify
inputs.

Antecedent ConsequentCon una sola regla es 
sencillo; en el antecedente 
se aplica el operador 
correspondiente t-norma o 
s-norma (según como estén  
combinadas las premisas) y 
para determinar la 
consecuencia se aplica el 
operador t-norma. 

Sistema de inferencia borroso (I)

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Fuzzy Inference Systems

2-25

combined into a single fuzzy set. Aggregation only occurs once for each output 
variable, just prior to the fifth and final step, defuzzification. The input of the 
aggregation process is the list of truncated output functions returned by the 
implication process for each rule. The output of the aggregation process is one 
fuzzy set for each output variable. 

Notice that as long as the aggregation method is commutative (which it always 
should be), then the order in which the rules are executed is unimportant. 
Three built-in methods are supported: max (maximum), probor (probabilistic 
OR), and sum (simply the sum of each rule’s output set).

In the diagram below, all three rules have been placed together to show how 
the output of each rule is combined, or aggregated, into a single fuzzy set whose 
membership function assigns a weighting for every output (tip) value.

4. Apply
aggregation
method (max).

2. Apply
fuzzy
operation 
(OR = max).

1. Fuzzify inputs.
3. Apply
implication
method (min).

0                        25% 0                        25%

0                        25%0                        25%

0                        25% 0                        25%

0                             25%

delicious

average

good

excellent

rancid cheappoor

generous

food = 8

input 2

Result of
aggregation

rule 2 has
no dependency
on input 2

service = 3

input 1

If  service is poor food is rancid thenor tip = cheap

If  service is good then tip = average

If  service is excellent food is delicious thenor tip = generous

1.

2.

3.

Sistema de inferencia borroso (II)

¿Qué ocurre cuando se 
tienen diferentes reglas o 
cuando se “activan” 
diferentes reglas a partir de 
una determinada situación?. 
En este caso hay que 
combinar las salidas de las 
diferentes reglas usando 
una s-norma (ya que se dan 
todas sería el equivalente 
clásico al or). Normalmente 
la s-norma utilizada es la 
función maximo aunque 
esta elección no es 
obligatoria.

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010
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fuzzy inference process we’ve examined. Information flows through the fuzzy 
inference diagram as shown below. 

Notice how the flow proceeds up from the inputs in the lower left, then across 
each row, or rule, and then down the rule outputs to finish in the lower right. 
This is a very compact way of showing everything at once, from linguistic 
variable fuzzification all the way through defuzzification of the aggregate 
output. 

Shown below is the real full-size fuzzy inference diagram. There’s a lot to see 
in a fuzzy inference diagram, but once you become accustomed to it, you can 
learn a lot about a system very quickly. For instance, from this diagram with 
these particular inputs, you can easily see that the implication method is 
truncation with the min function. The max function is being used for the fuzzy 
OR operation. Rule 3 (the bottom-most row in the diagram shown previously) 
is having the strongest influence on the output. And so on. The Rule Viewer 
described in “The Rule Viewer” is a MATLAB implementation of the fuzzy 
inference diagram.

Interpreting the

Fuzzy Inference

Diagram

input 2input 1

1. if and then

2. if and then

output
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Deborrosificador
Hemos logrado razonar con conceptos cotidianos expresados de forma vaga 

obteniendo una salida......¡también vaga!. Nuestros sistemas electrónicos necesitan 
un valor numérico concreto para funcionar.... la tarea de trasladar nuestra salida del 

sistema de inferencia borroso a un valor numérico se lleva a cabo por el sistema 
conocido como deborrosificador. Existen muchos procedimientos, los más 

extendidos son los siguientes: 

COG (Centro de Gravedad). Es 
el más extendido porque 

proporciona una respuesta continua 
y “suave”. La expresión de este 

operador es:

! 

salida =

y "µ y( ) "dy
C

#

µ y( ) "dy
C

#  

Máxima Pertenencia. En este caso se 
plantea utilizar el valor de la variable 
con mayor función de pertenencia. Si 
existen varios valores con dicha función 
de pertenencia se considera el promedio 
de dichos valores. 
El problema de este operador radica en 
que los “mapeos” entrada-salida no son 
continuos. 

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010
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Si juntamos todas las piezas anteriormente comentadas ya tenemos un sistema experto borroso. 
Este sistema tendría las siguientes partes.

Entrada(1)

Entrada (2)
.....

Entrada(k)

Borrosificación. Inferencia.

CONOCIMIENTO

Deborrosificación.

Salida(1)

  Salida(2)
.....

  Salida(m)

Importante: el conocimiento de los expertos se traduce en las funciones de pertenencia de las 
variables lingüísticas, las reglas del sistema de inferencia y en la elección de los procedimientos 

de “deborrosificacion”. 

Sistema experto borroso

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010
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Ejemplo: control de frenada de un coche (I)
A la hora de definir el sistema borroso es necesario fijar una serie de 
elementos que son: Las variables del problema; funciones de 
pertenencia borrosas. Las t-normas y s-normas a usar. Las 
diferentes  reglas de nuestro sistema. El operador deborrosificador. 

Este interfaz gráfico 
es de la librería de 
Matlab Fuzzy Logic. 
Se le llama con la 
instrucción fuzzy 

(¡lógico!)

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010
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Cuando se tienen escogidas las variables 
de entrada el siguiente paso es definir 
las diferentes funciones de pertenencia 
de las variables lingüísticas. Aquí entra 
el conocimiento del experto del 
problema. como regla a seguir los 
manuales de sistemas borrosos 
aconsejan funciones de pertenencia 
triangulares con un solape entre 
conceptos del 50%.

En los sistemas neuro-borrosos estas 
funciones de pertenencia se pueden 
obtener por el sistema de forma 
“automática” usando redes neuronales. 
Aquí los datos del problema definen la  
solución a seguir.

Ejemplo: control de frenada de un coche (II)

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Ejemplo: control de frenada de un coche (III)
Las reglas es el punto débil 
de los sistemas borrosos; 
las diferentes funciones de 
pertenencia  de las 
variables lingüísticas se 
pueden obtener con 
sistemas neuronales pero 
las reglas son definidas por 
el experto. Otro punto a 
tener en cuenta es el 
crecimiento exponencial 
del número de reglas en 
relación al número de 
variables de entrada y de 
funciones de pertenencia. 

Deben abarcar el mayor número de casos ya que, en definitiva, lo que se persigue es una 
modelización no lineal de un problema. Si se cubren pocos casos esta modelización no 

será correcta. 

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Ejemplo: control de frenada de un coche (IV)
Un valor de las diferentes variables de entrada puede “disparar” diferentes reglas de tal forma que el 
resultado final es una combinación de las reglas disparadas.

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Ejemplo: control de frenada de un coche (V)

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Sistema borroso de ayuda a la 
decisión para el diagnóstico de 

cáncer de próstata.
Seker H, Odetayo M, Petrovic D, Naguib 
RNG (2003) A fuzzy logic based method 
for prognostic decision making in breast 
and prostate cancers. IEEE Trans Inform 

Technol Biomed (in press)

Las entradas al sistema borroso 
son el antígeno específico (PSA) 
el volumen de la próstata (PV) y 

la edad del paciente. 

Como referencia se considera 
el conocimiento del médico 

para obtener las reglas.  

Ejemplo en Ingeniería 
Biomédica (I)

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Ejemplo en Ingeniería Biomédica (II)

Para la 
inferencia se 

utiliza un 
sistema de 

Mandani del 
tipo max-min.

Hay que destacar que 
las variables 

lingüísticas se pueden 
obtener también por 
métodos neuronales 

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Ejemplo en Ingeniería Biomédica (III)

Se tienen un total 
de 80 reglas.

Profesores: Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Sistema de control de anestesia (I). Introduction to Fuzzy Logic Using Matlab, Springer 

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Sistema de control de anestesia (II).

No todas las combinaciones van a ser posibles.

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Sistema de control de anestesia (III).

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Toolbox de Lógica Borrosa en Matlab (I).

Editor de las 
variables 

lingüísticas 
definidas 

anteriormente

Editor para construir 
las reglas borrosas

Editor FIS (se abre con fuzzy)

Aquí se 
definen los 
operadores 
borrosos

Visor de la superficie generadaVisor de reglas.
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Toolbox de Lógica Borrosa en Matlab (II).

Definimos el 
número de 

variables y el tipo 
de sistema 
borroso

Se definen los 
operadores del 
sistema borroso

Se editan las 
entradas/
salidas del 
sistema

>>fuzzy

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
Sistemas de Ayuda a la Decisión Clínica, Curso 2009-2010

25



Toolbox de Lógica Borrosa en Matlab (III).

Se modifican las 
funciones de 

pertenencia del 
sistema borroso.

Modifica el rango 
de la variable y su 

visualización.

Modifica la función de pertenencia seleccionada

Emilio Soria, Antonio José Serrano y José David Martín  Dpto Ingeniería Electrónica, ETSE
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Toolbox de Lógica Borrosa en Matlab (IV).

Se representan 
las diferentes 

reglas del sistema 
de inferencia 

borroso.

Define el 
antecedente y 

consecuente de 
las diferentes 

reglas borrosas. 

Borra/Añade o cambia reglas.
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Toolbox de Lógica Borrosa en Matlab (V).

Dado el valor de 
cada variable de 
entrada define el 

grado de 
pertenencia a 
cada variable.

Define el 
consecuente 

según el grado de 
disparo de cada 

regla.

Define las 
entradas (parte 

inferior) y 
proporciona la 
salida (parte 
superior).
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Toolbox de Lógica Borrosa en Matlab (VI).

Se representa los 
valores de salida 

frente a 
diferentes 

intervalos en los 
valores de las 

entradas.

Define los 
valores de 

las entradas
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MASTER DE INGENIERÍA 
BIOMÉDICA.

Métodos de ayuda al diagnóstico 
clínico.

Tema 7: Lógica Borrosa 
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