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Abstract

Hybrid intelligent systems combining fuzzy logic and neural networks are
proving their effectiveness in a wide variety of real-world problems. Fuzzy
logic and neural nets have particular computational properties that make them
suited for particular problems and not for others. For example, while neural
networks are good at recognizing patterns, they are not good at explaining
how they reach their decisions. Fuzzy logic systems, which can reason with
imprecise information, are good at explaining their decisions but they cannot
automatically acquire the rules they use to make those decisions. These lim-
itations have been a central driving force behind the creation of intelligent
hybrid systems where these two techniques are combined in a manner that
overcomes the limitations of individual techniques. The main goals of this
paper are to explain the basic characteristics of fuzzy logic, neural nets and
neuro-fuzzy systems; and to illustrate their (inference and learning) mecha-
nism by the simplified fuzzy reasoning scheme.

1 Fuzzy logic

Fuzzy sets were introduced by Zadeh [16] as a means of representing and manip-
ulating data that was not precise, but rather fuzzy. In classical set theory, a subset
A of a set X can be defined by its characteristic function χA : X → {0, 1}. This
mapping may be represented as a set of ordered pairs, with exactly one ordered pair
present for each element of X . The first element of the ordered pair is an element
of the set X , and the second element is an element of the set {0, 1}. The value
zero is used to represent non-membership, and the value one is used to represent
membership. The truth or falsity of the statement ”x is in A” is determined by the
ordered pair (x, χA(x)). The statement is true if the second element of the ordered
pair is 1, and the statement is false if it is 0.
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Similarly, a fuzzy subset A of a setX can be defined as a set of ordered pairs, each
with the first element fromX , and the second element from the interval [0, 1], with
exactly one ordered pair present for each element of X . This defines a mapping,
µA : X → [0, 1]. The value zero is used to represent complete non-membership,
the value one is used to represent complete membership, and values in between are
used to represent intermediate degrees of membership. Frequently, the mapping µA
is described as a function, the membership function of A. The degree to which the
statement ”x is in A” is true is determined by finding the ordered pair (x, µA(x)).
The degree of truth of the statement is the second element of the ordered pair.

Definition 1.1 [16] Let X be a nonempty set. A fuzzy set A in X is characterized
by its membership function

µA : X → [0, 1]

and µA(x) is interpreted as the degree of membership of element x in fuzzy set
A for each x ∈ X . Frequently we will write simply A(x) instead of µA(x). The
family of all fuzzy (sub)sets in X is denoted by F(X).

Example 1.1 Assume someone wants to buy a cheap car. Cheap can be repre-
sented as a fuzzy set on a universe of prices, and depends on his purse. For in-
stance, from Figure 1 cheap is roughly interpreted as follows:

• Below 3000$ cars are considered as cheap, and prices make no real differ-
ence to buyer’s eyes.

• Between 3000$ and 4500$, a variation in the price induces a weak prefer-
ence in favor of the cheapest car.

• Between 4500$ and 6000$, a small variation in the price induces a clear
preference in favor of the cheapest car.

• Beyond 6000$ the costs are too high (out of consideration).

In many situations people are only able to characterize numeric information impre-
cisely. For example, people use terms such as, about 5000, near zero, or essentially
bigger than 5000. These are examples of what are called fuzzy numbers. Using the
theory of fuzzy subsets we can represent these fuzzy numbers as fuzzy subsets of

2



3000$ 6000$4500$

1

1

aa-α a+β

Figure 1: Membership function of ”cheap”.

the set of real numbers. A triangular fuzzy number A with center a is defined as

A(t) =




1−
a− t
α

if a− α ≤ t ≤ a

1−
t− a
β

if a ≤ t ≤ a+ β

0 otherwise

and may be seen as a fuzzy quantity ”x is approximately equal to a”.

Figure 2: Triangular fuzzy number.

A trapezoidal fuzzy number A is defined as

A(t) =




1−
a− t
α

if a− α ≤ t ≤ a

1 if a ≤ t ≤ b

1−
t− b
β

if a ≤ t ≤ b+ β

0 otherwise
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and may be seen as a fuzzy quantity ”x is approximately in the interval [a, b]”.

Figure 3: Trapezoidal fuzzy number.

The use of fuzzy sets provides a basis for a systematic way for the manipulation of
vague and imprecise concepts. In particular, we can employ fuzzy sets to represent
linguistic variables. A linguistic variable can be regarded either as a variable whose
value is a fuzzy number or as a variable whose values are defined in linguistic
terms.

Definition 1.2 A linguistic variable is characterized by a quintuple

(x, T (x), U,G,M)

in which x is the name of variable; T (x) is the term set of x, that is, the set of
names of linguistic values of x with each value being a fuzzy number defined on U ;
G is a syntactic rule for generating the names of values of x; andM is a semantic
rule for associating with each value its meaning.

For example, if speed is interpreted as a linguistic variable, then its term set T
(speed) could be

T = {slow, moderate, fast, very slow, more or less fast, sligthly slow, . . .}

where each term in T (speed) is characterized by a fuzzy set in a universe of dis-
course U = [0, 100].
We might interpret

• slow as ”a speed below about 40 mph”

• moderate as ”a speed close to 55 mph”

• fast as ”a speed above about 70 mph”
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Figure 4: Values of linguistic variable speed.

Figure 5: A usual fuzzy partition of [−1, 1].

In many practical applications we normalize the domain of inputs and use the fol-
lowing type of fuzzy partition (see Figure 3): NB (Negative Big), NM (Nega-
tive Medium), NS (Negative Small), ZE (Zero), PS (Positive Small), PM (Positive
Medium), PB (Positive Big).

2 Simplified fuzzy reasoning schemes

In 1979 Zadeh introduced the theory of approximate reasoning [18]. This theory
provides a powerful framework for reasoning in the face of imprecise and uncer-
tain information. Central to this theory is the representation of propositions as
statements assigning fuzzy sets as values to variables. Suppose we have two inter-
active variables x ∈ X and y ∈ Y and the causal relationship between x and y is
completely known. Namely, we know that y is a function of x, that is y = f(x).
Then we can make inferences easily

premise y = f(x)
fact x = x0

consequence y = f(x0)
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This inference rule says that if we have y = f(x),∀x ∈ X and we observe that
x = x0 then y takes the value f(x0). More often than not we do not know the
complete causal link f between x and y, only we now the values of f(x) for some
particular values of x

�1 : If x = x1 then y = z1

�2 : If x = x2 then y = z2

. . .

�n : If x = xn then y = zn

Suppose that we are given an x0 ∈ X and want to find an z0 ∈ Y which correponds
to x0 under the rule-base. That is,

from x = x0 and {�1, . . . ,�n} infer y = z0

This problem is frequently quoted as interpolation. Generalizing the above prob-
lem, consider a reasoning scheme where x is a linguistic variables, e.g. ”x is high”
or ”x is small”. Then our problem is to find the consequence z0 from the rule-base
{�1, . . . ,�n} and the fact x0.

�1: if x is A1 then y is z1

. . . . . . . . . . . .

�n: if x is An then y is zn

fact: x is x0

consequence: y is z0

where A1, . . . , An are (fuzzy sets) some values of the linguistc variable x. We
derive z0 from the initial content of the data base, x0, and from the fuzzy rule base

� = {�1, . . . ,�n}.

by the simplified fuzzy reasoning scheme as

z0 =
z1A1(x0) + · · ·+ znAn(x0)
A1(x0) + · · ·+An(x0)

In this context, the word simplified means that the individual rule outputs are given
by crisp numbers, and therefore, we can use their weighted sum (where the weights
are the firing strengths of the corresponding rules) to obtain the overall system
output.

The basic steps for developing a fuzzy system are the following
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• Determine whether a fuzzy system is a right choice for the problem. If the
knowledge about the system behavior is described in approximate form or
heuristic rules, then fuzzy is suitable. Fuzzy logic can also be useful in
understanding and simplifying the processing when the system behavior re-
quires a complicated mathematical model.

• Identify inputs and outputs and their ranges. Range of sensor measurements
typically corresponds to the range of input variable, and the range of control
actions provides the range of output variable.

• Define a primary membership function for each input and output parameter.
The number of membership functions required is a choice of the developer
and depends on the system behavior.

• Construct a rule base. It is up to the designer to determine how many rules
are necessary.

• Verify that rule base output within its range for some sample inputs, and
further validate that this output is correct and proper according to the rule
base for the given set of inputs.

Fuzzy logic provides an inference morphology that enables approximate human
reasoning capabilities to be applied to knowledge-based systems. The theory of
fuzzy logic provides a mathematical strength to capture the uncertainties associ-
ated with human cognitive processes, such as thinking and reasoning. The conven-
tional approaches to knowledge representation lack the means for representating
the meaning of fuzzy concepts. As a consequence, the approaches based on first
order logic and classical probablity theory do not provide an appropriate concep-
tual framework for dealing with the representation of commonsense knowledge,
since such knowledge is by its nature both lexically imprecise and noncategorical.

The developement of fuzzy logic was motivated in large measure by the need for
a conceptual framework which can address the issue of uncertainty and lexical
imprecision.

Some of the essential characteristics of fuzzy logic relate to the following [17].

• In fuzzy logic, exact reasoning is viewed as a limiting case of
approximate reasoning.

• In fuzzy logic, everything is a matter of degree.

• In fuzzy logic, knowledge is interpreted a collection of elastic or,
equivalently, fuzzy constraint on a collection of variables.
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• Inference is viewed as a process of propagation of elastic con-
straints.

• Any logical system can be fuzzified.

There are two main characteristics of fuzzy systems that give them better perfor-
mance for specific applications.

• Fuzzy systems are suitable for uncertain or approximate reasoning, espe-
cially for the system with a mathematical model that is difficult to derive.

• Fuzzy logic allows decision making with estimated values under incomplete
or uncertain information.

3 Neural networks

Artificial neural systems can be considered as simplified mathematical models of
brain-like systems and they function as parallel distributed computing networks.
However, in contrast to conventional computers, which are programmed to perform
specific task, most neural networks must be taught, or trained. They can learn new
associations, new functional dependencies and new patterns. Although computers
outperform both biological and artificial neural systems for tasks based on precise
and fast arithmetic operations, artificial neural systems represent the promising new
generation of information processing networks.

Definition 3.1 [19] Artificial neural systems, or neural networks, are physical cel-
lular systems which can acquire, store, and utilize experiental knowledge.

The knowledge is in the form of stable states or mappings embedded in networks
that can be recalled in response to the presentation of cues.

The basic processing elements of neural networks are called artificial neurons, or
simply neurons or nodes. Each processing unit is characterized by an activity level
(representing the state of polarization of a neuron), an output value (representing
the firing rate of the neuron), a set of input connections, (representing synapses
on the cell and its dendrite), a bias value (representing an internal resting level
of the neuron), and a set of output connections (representing a neuron’s axonal
projections). Each of these aspects of the unit are represented mathematically by
real numbers. Thus, each connection has an associated weight (synaptic strength)
which determines the effect of the incoming input on the activation level of the
unit. The weights may be positive (excitatory) or negative (inhibitory).
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Figure 6: A multi-layer feedforward neural network.

The signal flow from of neuron inputs, xj , is considered to be unidirectionalas
indicated by arrows, as is a neuron’s output signal flow. The neuron output signal
is given by the following relationship

o = f(< w, x >) = f(wTx) = f(
n∑
j=1

wjxj)

where w = (w1, . . . , wn)T ∈ Rn is the weight vector. The function f(wTx)
is often referred to as an activation (or transfer) function. Its domain is the set
of activation values, net, of the neuron model, we thus often use this function as
f(net). The variable net is defined as a scalar product of the weight and input
vectors

net =< w, x >= wTx = w1x1 + · · ·+ wnxn
and in the simplest case the output value o is computed as

o = f(net) =

{
1 if wTx ≥ θ
0 otherwise,

where θ is called threshold-level and this type of node is called a linear threshold
unit.

The problem of learning in neural networks is simply the problem of finding a set
of connection strengths (weights) which allow the network to carry out the desired
computation. The network is provided with a set of example input/output pairs (a
training set) and is to modify its connections in order to approximate the function
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Figure 7: A processing element with single output connection.

from which the input/output pairs have been drawn. The networks are then tested
for ability to generalize.

The error correction learning procedure is simple enough in conception. The pro-
cedure is as follows: During training an input is put into the network and flows
through the network generating a set of values on the output units. Then, the actual
output is compared with the desired target, and a match is computed. If the output
and target match, no change is made to the net. However, if the output differs from
the target a change must be made to some of the connections.

Suppose we are given a single-layer network with n input units andm linear output
units, i.e. the output of the i-th neuron can be written as

oi = neti =< wi, x >= wi1x1 + · · ·+ winxn, i = 1, . . . ,m.

Assume we have the following training set

{(x1, y1), . . . , (xK , yK)}

where xk = (xk1, . . . , x
k
n), y

k = (yk1 , . . . , y
k
m), k = 1, . . . ,K.

The basic idea of the delta learning rule is to define a measure of the overall per-
formance of the system and then to find a way to optimize that performance. In our
network, we can define the performance of the system as

E =
K∑
k=1

Ek =
1
2

K∑
k=1

‖yk − ok‖2

That is

E =
1
2

K∑
k=1

m∑
i=1

(yki − oki )2 =
1
2

K∑
k=1

m∑
i=1

(yki − < wi, xk >)2
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Figure 8: Single-layer feedforward network with m output units

where i indexes the output units; k indexes the input/output pairs to be learned; yki
indicates the target for a particular output unit on a particular pattern;

oki :=< wi, xk >

indicates the actual output for that unit on that pattern; and E is the total error of
the system. The goal, then, is to minimize this function. It turns out, if the output
functions are differentiable, that this problem has a simple solution: namely, we
can assign a particular unit blame in proportion to the degree to which changes in
that unit’s activity lead to changes in the error. That is, we change the weights of
the system in proportion to the derivative of the error with respect to the weights.

The rule for changing weights following presentation of input/output pair (xk, yk)
is given by the gradient descent method, i.e. we minimize the quadratic error func-
tion by using the following iteration process

wij := wij − η
∂Ek

∂wij

where η > 0 is the learning rate.

4 Integration of fuzzy logic and neural networks

Hybrid intelligent systems combining fuzzy logic and neural networks are prov-
ing their effectiveness in a wide variety of real-world problems. Fuzzy logic and
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neural nets have particular computational properties that make them suited for par-
ticular problems and not for others. For example, while neural networks are good
at recognizing patterns, they are not good at explaining how they reach their deci-
sions. Fuzzy logic systems, which can reason with imprecise information, are good
at explaining their decisions but they cannot automatically acquire the rules they
use to make those decisions. These limitations have been a central driving force
behind the creation of intelligent hybrid systems where two or more techniques
are combined in a manner that overcomes the limitations of individual techniques.
Hybrid systems are also important when considering the varied nature of applica-
tion domains. Many complex domains have many different component problems,
each of which may require different types of processing. If there is a complex
application which has two distinct sub-problems, say a signal processing task and
a serial reasoning task, then a neural network and an expert system respectively
can be used for solving these separate tasks. The use of intelligent hybrid systems
is growing rapidly with successful applications in many areas including process
control, engineering design, financial trading, credit evaluation, medical diagnosis,
and cognitive simulation.

While fuzzy logic provides an inference mechanism under cognitive uncertainty,
computational neural networks offer exciting advantages, such as learning, adapta-
tion, fault-tolerance, parallelism and generalization.

To enable a system to deal with cognitive uncertainties in a manner more like hu-
mans, one may incorporate the concept of fuzzy logic into the neural networks.

The computational process envisioned for fuzzy neural systems is as follows. It
starts with the development of a ”fuzzy neuron” based on the understanding of
biological neuronal morphologies, followed by learning mechanisms. This leads
to the following three steps in a fuzzy neural computational process

• development of fuzzy neural models motivated by biological neurons,

• models of synaptic connections which incorporates fuzziness into neural net-
work,

• development of learning algorithms (that is the method of adjusting the synap-
tic weights)

Two possible models of fuzzy neural systems are

• In response to linguistic statements, the fuzzy interface block provides an
input vector to a multi-layer neural network. The neural network can be
adapted (trained) to yield desired command outputs or decisions.
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• A multi-layered neural network drives the fuzzy inference mechanism.

Figure 9: The first model of fuzzy neural system.

Figure 10: The second model of fuzzy neural system.

Neural networks are used to tune membership functions of fuzzy systems that are
employed as decision-making systems for controlling equipment. Although fuzzy
logic can encode expert knowledge directly using rules with linguistic labels, it
usually takes a lot of time to design and tune the membership functions which quan-
titatively define these linquistic labels. Neural network learning techniques can
automate this process and substantially reduce development time and cost while
improving performance.

In theory, neural networks, and fuzzy systems are equivalent in that they are con-
vertible, yet in practice each has its own advantages and disadvantages. For neural
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networks, the knowledge is automatically acquired by the backpropagation algo-
rithm, but the learning process is relatively slow and analysis of the trained network
is difficult (black box). Neither is it possible to extract structural knowledge (rules)
from the trained neural network, nor can we integrate special information about the
problem into the neural network in order to simplify the learning procedure.

Fuzzy systems are more favorable in that their behavior can be explained based on
fuzzy rules and thus their performance can be adjusted by tuning the rules. But
since, in general, knowledge acquisition is difficult and also the universe of dis-
course of each input variable needs to be divided into several intervals, applications
of fuzzy systems are restricted to the fields where expert knowledge is available and
the number of input variables is small.

To overcome the problem of knowledge acquisition, neural networks are extended
to automatically extract fuzzy rules from numerical data. Cooperative approaches
use neural networks to optimize certain parameters of an ordinary fuzzy system, or
to preprocess data and extract fuzzy (control) rules from data.

We describe a simple method for learning of membership functions of the an-
tecedent and consequent parts of fuzzy IF-THEN rules. Suppose the unknown
nonlinear mapping to be realized by fuzzy systems can be represented as

yk = f(xk) (1)

for k = 1, . . . ,K, i.e. we have the following training set

{(x1, y1), . . . , (xK , yK)}

For modeling the unknown mapping in (1), we employ simplified fuzzy IF-THEN
rules of the following type

�i: if x is Ai then y = zi, (2)

where Ai are fuzzy numbers of triangular form and zi are real numbers, i =
1, . . . ,m. Let ok be the output from the fuzzy system corresponding to the input
xk,

ok =
α1z1 + · · ·+ αnzn
α1 + · · ·+ αn

where αi = Ai(xk), i = 1, . . . ,m. We define the measure of error for the k-th
training pattern as usually

Ek =
1
2
(ok − yk)2

where ok is the computed output from the fuzzy system � corresponding to the
input pattern xk and yk is the desired output, k = 1, . . . ,K.
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The steepest descent method is used to learn zi in the consequent part of the fuzzy
rule �i. That is,

zi(t+ 1) = zi(t)− η
∂Ek

∂zi
= zi(t)− η(ok − yk)

αi

α1 + · · ·+ αm
,

for i = 1, . . . ,m, where η is the learning constant and t indexes the number of the
adjustments of zi. The parameters of triangular fuzzy numbers in the premises are
also learned by the steepest descent method.

We illustrate the above tuning process by a simple example. Consider two fuzzy
rules of the form (2) with one input and one output variable

�1 : if x is A1 then y = z1

�2 : if x is A2 then y = z2

where the fuzzy terms A1 ”small” and A2 ”big” have sigmoid membership func-
tions defined by

A1(x) =
1

1 + exp(b1(x− a1))
,

A2(x) =
1

1 + exp(b2(x− a2))
where a1, a2, b1 and b2 are the parameter set for the premises.

Let x be the input to the fuzzy system. The firing levels of the rules are computed
by

α1 = A1(x) =
1

1 + exp(b1(x− a1))

α2 = A2(x) =
1

1 + exp(b2(x− a2))
and the output of the system is computed by the discrete center-of-gravity defuzzi-
fication method as

o =
α1z1 + α2z2

α1 + α2
=
A1(x)z1 +A2(x)z2
A1(x) +A2(x)

.

Suppose further that we are given a training set

{(x1, y1), . . . , (xK , yK)}

obtained from the unknown nonlinear function f .

Our task is construct the two fuzzy rules with appropriate membership functions
and consequent parts to generate the given input-output pairs.

That is, we have to learn the following parameters
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Figure 11: Initial sigmoid membership functions.

• a1, b1, a2 and b2, the parameters of the fuzzy numbers representing the lin-
guistic terms ”small” and ”big”,

• z1 and z2, the values of consequent parts.

We define the measure of error for the k-th training pattern as usually

Ek = Ek(a1, b1, a2, b2, z1, z2) =
1
2
(ok(a1, b1, a2, b2, z1, z2)− yk)2

where ok is the computed output from the fuzzy system corresponding to the input
pattern xk and yk is the desired output, k = 1, . . . ,K. The steepest descent method
is used to learn zi in the consequent part of the i-th fuzzy rule. That is,

z1(t+ 1) = z1(t)− η
∂Ek

∂z1

= z1(t)− η
∂

∂z1
Ek(a1, b1, a2, b2, z1, z2)

= z1(t)− η(ok − yk)
α1

α1 + α2

= z1(t)− η(ok − yk)
A1(xk)

A1(xk) +A2(xk)
,
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Figure 12: Symmetrical membership functions.

z2(t+ 1) = z2(t)− η
∂Ek

∂z2

= z2(t)− η
∂

∂z2
Ek(a1, b1, a2, b2, z1, z2)

= z2(t)− η(ok − yk)
α2

α1 + α2

= z2(t)− η(ok − yk)
A2(xk)

A1(xk) +A2(xk)
.

where η > 0 is the learning constant and t indexes the number of the adjustments
of zi.

In a similar manner we can find the shape parameters (center and slope) of the
membership functions A1 and A2.

a1(t+ 1) = a1(t)− η
∂Ek

∂a1
, b1(t+ 1) = b1(t)− η

∂Ek

∂b1

a2(t+ 1) = a2(t)− η
∂Ek

∂a2
, b2(t+ 1) = b2(t)− η

∂Ek

∂b2

where η > 0 is the learning constant and t indexes the number of the adjustments
of the parameters.

The learning rules are simplified if we use the following fuzzy partition

A1(x) =
1

1 + exp(−b(x− a)), A2(x) =
1

1 + exp(b(x− a))
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where a and b are the shared parameters of A1 and A2. Because in this case the
equation A1(x) +A2(x) = 1 holds for all x from the domain of A1 and A2.

Jang [11] showed that fuzzy inference systems with simplified fuzzy IF-THEN rules
are universal approximators, i.e. they can approximate any continuous function
on a compact set to arbitrary accuracy. It means that the more fuzzy terms (and
consequently more rules) are used in the rule base, the closer is the output of the
fuzzy system to the desired values of the function to be approximated.

5 Some applications of neural fuzzy systems

The first applications of fuzzy neural networks to consumer products appeared on
the (Japanese and Korean) market in 1991. Some examples include air condition-
ers, electric carpets, electric fans, electric thermo-pots, desk-type electric heaters,
forced-flue kerosene fan heaters, kerosene fan heaters, microwave ovens, refriger-
ators, rice cookers, vacuum cleaner, washing machines, clothes driers, photocopy-
ing machines, and word processors.

Neural networks are used to design membership functions of fuzzy systems that
are employed as decision-making systems for controlling equipment. Although
fuzzy logic can encode expert knowledge directly using rules with linguistic la-
bels, it usually takes a lot of time to design and tune the membership functions
which quantitatively define these linquistic labels. Neural network learning tech-
niques can automate this process and substantially reduce development time and
cost while improving performance.

The idea of using neural networks to design membership functions was proposed
by Takagi and Hayashi [14]. This was followed by applications of the gradient
descent method to the tuning of parameters that define the shape and position of
membership functions. This system tuning is equivalent to learning in a feed-
forward network. This method has been widely used to design triangle member-
ship functions, Gaussian membership functions, sigmoidal membership functions,
and bell-shaped membership functions. Simple function shapes, such as triangles,
are used for most actual products. The center and widths of the membership func-
tions are tuned by a gradient method, reducing the error between the actual fuzzy
system output and the desired output. Figure 13 is an example of this type of neural
network usage.

Nikko Securities uses a neural network to improve the rating of convertible bonds.
The system learns from the reactions of an expert rating instruction, which can
change according to the actual economic situation. It analyzes the results, and then
uses them to give advice. Their system consists of a seven-layer neural network.
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Figure 13: Photocopier machine (Matsushita Electric) [1].

The neural network’s internal connections and synaptic weights are initialized us-
ing the knowledge in the fuzzy logic system; it then learns by backpropagation
learning and changes its symbolic representation accordingly.

This representation is then returned to a fuzzy logic representation, and the system
has acquired knowledge. The system can then give advice based on the knowledge
it has acquired. This seven-layer system had a ratio of correct answers of 96%.
A similar learning system with a conventional three-layered neural network had a
ratio of correct answers of 84%, and was difficult to understand the internal rep-
resentation. The system learned 40 times faster than the three-layer system. This
comparison is evidence of the effectiveness of neural fuzzy systems.

Figure 14 shows the schematic of a Hithachi washing mashine. The fuzzy system
shown in the upper part was part of the first model. Later, an improved model
incorporated extra information by using a correcting neural net, as shown. The
additional input (fed only to the net) is electrical conductivity, which is used to
measure the opacity/transparency of the water.

Neural fuzzy systems are also used in intelligent financial support systems, such as
bankruptcy predictions (see [2, 3]), loan approval, real estate analysis and market-
ing analysis.
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Figure 14: Schematic of a Hitachi washing mashine [10].
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