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Abstract: This study is devoted to nonlinear modelling of induction machines by using the fuzzy set concepts.
Induction machines are known as complex nonlinear systems in which time-varying parameters entail an
additional difficulty for control and diagnostic purposes. Based on the fact that nonlinear system problems can

be solved by using fuzzy set concepts, an mnduction machine model expressed in terms of nonlinear state space

model 15 wnvestigated and discussed. Fuzzy sets are used to describe uncertainty, nonlinearity and time-

variance of the system parameters. This leads to nonlmear state space model with fuzzy parameters. The
simulation results show that the proposed approach can be effectively applied to induction machine control
and diagnostic problems. To our knowledge, this approach 1s new i the field of electric machine modelling,

control and diagnostic.
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INTRODUCTION

It 1s well known that the mduction machine, due to
its high rehability, relatively low cost and modest
maintenance requirements, is one of the most widely used
machines in industrial applications. However, induction
machine is also known as a complex nonlinear system in
which time-varying parameters entail additional difficulties
for control and diagnostic purposes (Holtz, 2002;
Bensaker et al., 2004). Uncertainties and a lack of
mformation are important problems arising in nonlinear
time-varying system modelling. Traditional knowledge-
based modelling techniques require a deep understanding
of the induction machine system, exact model and
precise numeric values for parameters and measurements.
Furthermore, the obtained models don’t take mto account
the vagueness and uncertainty present in parameters or
in the measurement process (Binh and Ross, 2005).

Taking into account the previous drawbacks, this
paper investigates a new fuzzy-sets based approach for
nonlinear modelling of induction machines.

Fuzzy sets theory is a powerful tool for modelling
uncertainty and for processing vague or subjective
mformation in mathematical models. The main advantage
of fuzzy models 13 their ability to describe expert
knowledge, experience of engineers and know how of
operators, in a descriptive human like way, by using

simple rules to represent relationships between linguistic
variables (Fetz et al., 1999, Selekwa and Collins , 2005;
Rouben, 2006).

Recently, fuzzy models have been used to efficiently
approximate nonlinear systems m various fields, including
decision making, system control and monitoring. Fuzzy
modelling and control are typical examples of techniques
that make use of human knowledge (Babuska and
Abonyi, 2000; Abony1 ef al., 2000). Human knowledge 1s
qualitative in its nature and often imprecise. Fuzzy
modelling is one of the so-called “intelligent” modelling
methodologies, which employ techniques motivated by
human mtelligence to develop models for dynamic
systems (Huang and Shen, 2003).

FUZZY SET BASIC CONCEPTS

Let X, be a set. A fuzzy subset of X is defined by its
membership function, p,(x), OM<p,(x) <1, describing the
degree of membership of the value x in A. Tn other words,
the membership function assigns each member x of X the
valuation 1, (x), which is the degree to which the element
belongs to the subset. A The membership function p,(x)
can also be interpreted (Oberguggenberger and
Pittschmann, 1999) as:

»  The membership degree of the element x belongs to
the set A.
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The truth value of the statement that the element x
belongs to the set A.

The degree of possibility that the varable A takes
the value x.

A fuzzy subset A of X is called normalized if:

sup{ p, (x):xe X} =1 (1

The sets A, ={xeX:p,(®) za0<o=<l}are the
(strict) c-level sets of A. The w-level sets A, called also
the alpha-cut sets, are the classical (crisp) subsets of X
which correspond to a closed interval for each given
value of ¢«

[Ag]=[AY AY] @

Where A% and A% represent, respectively the left and
the right portion of the membership function at thelevel
(Oberguggenberger and Russo, 2001 ).

The most used membership function to describe
uncertainty i model parameters 1s the triangular or the
triangular shaped function. A triangular (shaped)
membership function is generally defined by three real
numbers a, b and ¢. Where the base of the triangle 1s the
mterval [a ¢] and its vertex 18 at x = b. The
membership function for the triangular fuzzy parameter 6
will be written as 0 = (a,b,c) and it can be defined
mathematically by:

7% ifo<x<b

B(x)=1° "2 (3)
27C if bex<o
b-c¢

To be a triangular shaped membership function, it 1s
required the corresponding graph to be continuous and
monotonically increasing on the interval [a b] and
monotonically decreasing on the interval [b c]. The core
of a fuzzy parameter 1s the set of values where its
membership value equals one. Tt corresponds to the
nominal (crisp) value of the parameter.

Figure 1 shows a triangular membership function of
a fuzzy parameter 0 (Theta) and its alpha-cuts.

From Fig. 1, one can see that a fuzzy parameter, as a
fuzzy number, can be viewed as a set of valued intervals,
which 1s the projection of the alpha-cuts on the support
of the membership function (umverse of discourse).

Figure 1 shows also that higher the value of the
higher the confidence in the fuzzy parameter. The risk
encored 1n taking the confidence of level ¢ can be
defined as:
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Fig.1: Triangular fuzzy parameter and its alpha-cuts
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For a given function f: X—=7Y, the Zadeh extension
principle defines how the function f acts on a fuzzy
subset of X providing the fuzzy subset f{A) of Y
{Oberguggenberger Pittschman, 1999,
Oberguggenberger, 2004).

In other words, the fluctuations described by the
t-level sets of u;,, are those that arise from mapping the
t-level sets of p; ). Also the membership degree i, (v) of
a value y is the maximum of all degrees p,,, (x) of those
giving v =f (x).

and

SYSTEMS FUZZY MODELLING

Modelling complex system techniques can be
roughly divided in two groups. The first group is
concerned with the so-called black-box model techniques
in which the model parameters may not be related to the
system physical parameters as neural networl models.
The second group 1s concemed with the so-called
knowledge-based models which can be in thewr turn
divided into two approaches.

The first approach concerns the analytical or
quantitative knowledge-based models and the second
approach concerns the qualitative knowledge-based
models. In qualitative knowledge-based model
approaches, the knowledge is derived in terms of facts
and rules to describe the system behaviour.

With the development of the theory of qualitative
reasoning it becomes possible to control and supervise
dynamic systems and to diagnose their faults. Fuzzy sets
theory 1s a powerful tool for modelling uncertainty and for
processing subjective information in mathematical models.
Tt is increasingly used as a means for modelling and
evaluating the influence of imprecisely known parameters



Int. J. Elec. Power Eng., I (4): 438-442, 2007

in mathematical, technical and physical models. Three
main  types of fuzzy model structures have been
presented i the study (Edgar and Postlethwaite, 1999,
Abonyi ef al., 1999).

Rule-based model: This model type is used in fuzzy
control where the system behaviour 1s described by a set
of fuzzy If-then rules of the followmng form:

¢ JF Condition THEN Conclusion

It can be divided m its turn mto two approaches: The
linguistic (Mamdani) model and the Takagi—Sugeno
model. Tn Linguistic fuzzy model (Mamdani) both the
condition and the conclusion are fuzzy propositions. In
Takagi—Sugeno fuzzy model the condition i1s a fuzzy
proposition and the conclusion is a crisp function
expressed as a linear combination of the input variables
appearing in respective conditions (Abonyi ef al., 1999).

Fuzzy relational model: This type of model represents an
alternative to rule-based system model preserving the
system qualitative characteristics. It can be interpreted by
If-then statements too (Abonyi ef al., 2000; Edgar and
Postlethwaite, 1999).

Fuzzy functional model: This model has a hybrid
structure with fuzzy sets representing data m condition
part and a linear function expressing the input-output
state relationships in conclusion part. Tt can be seen as a
generalization of the Takagi-Sugeno model.

This study uses a fuzzy functional model approach.
This can represent faithfully nonlinear dynamical systems
with time varymng parameters, taking into account the
umprecise knowledge of parameters and their fluctuations
as in (Oberguggenberger and Pittschmann, 1999).

INDUCTION MACHINE FUZZY
FUNCTIONAL MODEL

It 1s well known that the induction machine, due to
its high reliability, relatively low cost and modest
maintenance requirements, 1s one of the most widely used
machines in mdustrial applications. However, induction
machine is also known as a complex nonlinear system in
which time-varying parameters entail additional difficulties
for control and diagnostic purposes. Different models
have been presented mn the literature (Holtz, 2002;
Bensaker et al., 2004). The choice of a model structure
depends on the problem at hand and on the available
measurements. A complete model, generally, takes into
account the rotor angular velocity as well as the rotor
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(stator) resistance variations. An example of such model
15 described, in an arbitrary rotating d-q Park reference
frame, by the following nonlinear time-varying state space
model (Bensaker ef ai., 2004):

i A A i B
E[ISJ—{ 11 21}[15}{ z}us (5)
dt| @, A1 Agy [\ Py 0,
dw, f lp 6
o Ce +-BT -7 (6)
dt 1 r ]2( e l)
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The model parameters are:
With:

.0 r. 0 1.0
Rs:g Re=| T L= B
I, 0r 01,
1.0 mo 0-1
L, M= 1=
01 0 m 10
1,0
andlo—{2 2}
050,

The indexes s and r refer to the stator and the rotor
components, respectively. @ = (¢; ¢,)" is the flux vector,
u = (u, u,)" is the current vector, r is the voltage vector, is
the resistance, 1 1s the inductance, m 1s the mutual
inductance, w, is the rotor angular velocity, w ,is the
arbitrary rotating reference frame angular velocity, f is the
friction coefficient, J is the moment of inertia coetficient,
P 1s the number of pair pole. T, 1s the electromagnetic
torque, T, is the mechanical load torque. T, denotes the
2x2 1dentity matrix and denotes the 2x2 mull matrix.

In the above nonlinear time-varying model, the
parameters camnot be determined analytically with
sufficient precision. They depend on properties of
operating conditions, about which only incomplete and
vague information are available. For these parameters, the
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industrial engineer can usually provide lower and upper
bounds at various risk levels, using his experience and
extrapolating data of former projects.

One method of treating this uncertainty i1s to use
fuzzy sets theory. Fuzzy set theory allows considering
uncertain parameters as fuzzy numbers with some
membership functions. Fuzzy numbers, defined as having
an interval of confidence and levels of presumption,
provide an effective means by which system parameters
can be represented and interpreted. In general, a range of
real numbers might be used to represent a fuzzy parameter
approximately, m the style of interval analysis. In this
way, parameters whose values are not known precisely
can be treated and the operator experience, knowledge
and judgement can be incorporated mto the system model
(Binh and Ross, 2005; Rouben, 2006).

RESULTS AND DISCUSSION

For the simulation experiments, we make the
following assumptions on the fuzzy parameter A; as in
(Oberguggenberger and Pittschmann, 1999, Fetz et al.,
1999 )

I, (x) at exactly the central point of the triangular
shaped membership function, which is assumed to be
continuous, strictly increasing to the left and strictly
decreasing to the right of the central value x.

All the alpha-cut sets A,, (O<e<1) as well as the
support of p, (%), universe of discourse, are compact.

Without loss of the generality, n this experiment we
consider the influence of only one fuzzy parameter.

Figure 2 shows the speed induced fuzzy parameter.
The membership function of the considered speed
mduced fuzzy parameter is cut horizontally at a fimte
number of ¢-levels between 0 and 1 with a period of 0.25.
For each w-level of the parameter, the model is run to
determine the mmimum and maximum possible values of
the cutput X(t) = F(t, A;).

which correspond to the left and the right solution of
the state Eq. 5.

If the considered fuzzy parameter fluctuates in the
sets [A,], with degree of possibility «, then the state of
the system X(t) at time t is confined to the level set
[3 (t)]. Figure 3 gives, as an example, the left and right
solutions around the nominal solution of the stator
current component Isd only for ¢ = 0.25.

Figure 4 represents the global solution for the stator
current component to the different alpha-cut values.
Similar results are obtamed for the reminding state
variables of the induction machine. In fact the global
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Fig. 3: Left and right solutions of the stator current

solution is reconstructed by considering the envelope of
the trajectories arising from parameter values in level set
4],

It 1s shown that the evolution of the system 5-8 can
be described by 2n equations for the endpoints of the
intervals determined by the corresponding alpha cut.
Oberguggenberger and Pittschmann (1999) demonstrate
that the global unique solutions always exist and the
solution operator F, mapping each parameter to the
solution X (t) = F(t, A) exist as well. Furthermore, the
solution X (t) will be a fuzzy quantity as well (Fetz et al.,
1999).

This way the assessment of the varations of the
fuzzy parameters are faithfully processed and reflected in
the fuzzy output [X (1)],. In addition, the interpretation
using &-level cuts shows that this concept 15 in
accordance with risk assessment ideas: If the initial
parameters vary in certain region [0], at risk level «, the
variations n the solution are covered precisely by the
family of functions with membership degree o to the fuzzy
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Fig. 4: Stator current global solution to induced speed
fuzzy parameter

solution [X], = F([0],. These ideas can be significantly
applied in control and diagnostic problems related to
induction machines. These will be investigated in our
future work.

CONCLUSION

The study has investigated the nonlinear modelling
of induction machines by using fuzzy set concepts for
control and diagnostic purposes. A nonlinear state space
model with fuzzy parameters is used to point out the
merits of the proposed approach. Fuzzy parameters are
assumed to be triangular shaped membership function.
The alpha cut or the alpha level approach is used for the
simulation experiments. The simulation results show the
effectiveness of the approach.
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