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ABSTRACT

In this paper, an intelligent controller design method for the
chaotic permanent magnet synchronous motor stability is
presented. Active control strategy is a powerful control
technique in stability chaotic systems. Learning algorithm
using active control techniques, and then intelligent controller
will be used. The proposed method can reduce the dimensions
of the controller. A comparative study has been one with
active and adaptive neural fuzzy controller. Simulation results
show that the proposed controller can be chaotic permanent
magnet synchronous motor will converge to the unstable
equilibrium points. The controller can zero error, while has
been tracking well desired value.
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1. INTRODUCTION

The study of nonlinear systems which exhibit complex
dynamic phenomena such as bifurcation and chaos has
produced in the last few years a large number of contributions
from all the areas of nonlinear science. Most of the research
that has been developed is essentially related to aspect of the
analysis such complex systems [1-3]. The control objectives
are in chaos: the stability of chaotic behavior and remove it,
synchronization of chaotic systems. The idea of controlling
chaos was first introduced by Ott et al. [4], after them, variety
of approach have been proposed for chaos control, such as:
adaptive [5], fuzzy [6], sliding mode [7], impulsive [8],
backstepping [9], and many more in [10].

Basically, the chaos synchronization problem means making
two systems oscillate in a synchronized manner. Given a
chaotic system, which is considered as the master system, and
another identical system, which is considered as the slave
system, the dynamical behaviors of these two systems may be
identical after a transient time when the slave system is driven
by a control input. Most publications of chaos synchronization
often assume that the chaos synchronization systems are
identical and the bounds of the external disturbances should
be known in advance. Ever since the synchronization of
chaotic dynamical systems has been observed by Pecora and
Carroll in 1990 [11], chaos synchronization has become a
topic of great interest [12-15].

The permanent magnet synchronous motors (PMSMs), having
the advantages of high efficiency, high power density and
fast dynamic response, are very suitable as the propulsion
motor in compact electric propulsion systems. In the PMSM
vector control or direct torque control systems, it requires the
information of rotor speed for closed-loop control, so the
position sensors such as an optical encoder or a resolver are
needed to be installed on the shaft [16]. When system
parameters falling into a certain area or under some working
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conditions, the permanent magnet synchronous motor
(PMSM) will appear chaos phenomenon, which threatens the
secure and stable operation of drive system. The PMSM was
shown to exhibit chaos by Li and Park et al. in [17]. Some
theories and control techniques have been applied to control
chaos in PMSM. Ge and Huang developed an adaptive
backstepping control approach for the PMSM in [18]; and the
proposed controller stabilizes the chaos exhibited by the
PMSM and drives it to the desired speed set-point. A
feedback linearization control technique was implemented on
the PMSM by Ren and Liu [19] to stabilize the system about a
user determined set-point which is a point within the strange
attractor of the PMSM. Furthermore, the method of time delay
feedback control was successfully implemented by Ren et al.
[20] to control the PMSM. The sliding mode control was
addressed to control chaos for PMSM in [21]. And Wei et al.
[22] proposed an adaptive dynamic surface control of chaos in
PMSM. An instantaneous Lyapunov exponent control
algorithm was used by Zribi et al. [23] to control the PMSM.
However, the existing control methods also have some
disadvantages. In this paper, an adaptive neural fuzzy control
method is developed to suppress chaos in permanent magnet
synchronous motor. To train an intelligent controller should
choose a method of training. In this paper, active control
method is used for training, and then the data will be used for
training the neural fuzzy controller, while dimensions of the
proposed intelligent controller are reduced. Simulation results
show that the intelligent controller can stabilize the PMSM
chaos.

The paper is organized as follows. After this introduction,
section 2 focuses on the description of the chaotic PMSM
system and mathematical mode. Section 3 discusses the
design of the intelligent controller for suppressing chaotic
motion as well as the control of chaos in the PMSM system.
Finally, simulation results are presented in section 4 in order
to shown method effectiveness. In section 5 conclusions is
presented

2. DYNAMIC OF PMSM AND
MATHEMATIC ANALYSIS

The mathematical model of the permanent magnet
synchronous motor with smooth air-gap is described as follow
[17].
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Where id ,iq and @ are the state variable, which represent
currents and motor angular frequency, respectively. U, And
Ug the direct and quadrature-axis stator voltage components,
respectively. J the polar moment of inertia, T, the external
load torque, [ the viscous damping coefficient, R, the stator
winding resistance, L, and L q the direct and quadrature axis
stator inductors, respectively, y  the permanent magnet flux,

and npthe number of pole — pairs. For clarity, this
normalization is presented in the paper. Define the time scale

L
T to be such that 7= E and let the normalized time t to be

t
such thatt=—. Also let the scalar & be such that
T
K= ﬂ . We will define the normalized states variables
Ny,

Iy, igand @ =17 such that:
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In addition, we will define the normalized voltages U, and

uc| such that:
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The normalized load torque T, is such that T, = 3 . The

constants parameters o and y are taken to be such that

Z‘ —_—
o= ﬂ— and y = Ve . With the PMSM model given by
J xL
Eq.1 and using Eq.2 and Eq.3, one obtains the following

normalized model of the PMSM [19]:
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Where for the sake of simplicity, in this brief, we only study
the dynamic characteristics of the smooth air gap PMSM,

namely, Lq =L, = L in the model. Therefore, i ,iq and @
are the state variable, which represent d-q axis currents and
motor angular frequency, and U, ,U qare the d-q axis stator

voltage. T  Denote the load torque, o,y are system

parameters. When system parameters falling into a certain
area or under some working conditions, the permanent magnet
synchronous motor will appear chaos phenomena. If the

system parameters o=5,45y=20 and
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u,4=0,u,=0,T =0. For example, a typical chaotic

attractor is shown in Fig.1 and Fig.2 are the time response of
the state variable under chaos.

Fig. 1. The Chaotic Attractor of PMSM
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Fig. 2. The state curves without U4 ,U T

3. INTELLIGENT CONTROLLER
3.1 Adaptive neural fuzzy

The advantage of the fuzzy inference system is that it can deal
with linguistic expressions and the advantage of a neural
network is that it can be trained and so can self-learn and self-
improve. Jang (1993) took both advantages, combining the
two techniques, and proposed the Adaptive Neuro-Fuzzy
Inference System (ANFIS) [24]. The idea behind neural
network and fuzzy inference combination is to design a
system that uses a fuzzy system to represent knowledge in an
interpretable manner and has the learning ability derived from
a neural network that can adjust the membership functions
parameters and linguistic rules directly from data in order to
enhance the system performance ANFIS is a hybrid intelligent
system which implements a Sugeno fuzzy inference system
for a systematic approach to generating fuzzy rules from a
given input output data set [25].

3.2 Learning of controller

In this section the method proposed in [5], the problem of will
be studied chaotic system stability. We consider the chaotic
system in form of:
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XZAX+f(X) (5)

Where X € R"is the state vector, Ae R"is a constant

. .ph n. .
system matrix, and f : R" — R"is a nonlinear sequence

function. For the solving control problem, first define the
error such as:

ei:Xi_Xid |:l|213 (6)

Let Xg4,(i=12,3) denotes the desire point or an

equilibrium point. The aim of is to controller that stabilizing
chaotic system (5) and guarantees of the chaos suppression.
So, the dynamic error equation of system can be expressed by
Eq. 7

Trajectory error sense thatlim|e(t)|=0, therefore, the

t—ow

define controller:

u =—F(X)+&ge =123 8)

Here, ¢ is a gain controller and —F (X) = f (X) is nonlinear

feedback. Substituting Eq. 8 into Eq. 7, the error dynamic
simplifies to:

éi =ﬂ1ei i=l,2,3 9)

Theoreml: According to the proposed controller in Eq.8,
PMSM converge to desire points (in limited time) will be.

Proof. : We take candidate Lyapunov function:

V (e) =lz3le2
24" (10)

This is a positive definite function on[] ". By differentiating
V along the trajectories of Eq. 9 we have:

V(e)=eg +e., +e8,
= e (68)+6,(6,8,) +65(5:85)

= (£,6) +&,65 +£,62)<0 (11)
If &,(i=12,3) <0 the selected, then the error state vectors

exponentially converge to zero. To implement this method,
we assume that in Eq.4U ;=U q=T =0 and control for

the Eq. 4 will be added.

d, . .
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Initial values of the chaotic PMSM is
[0 g0 a)O]T =[2 3 5]T and system parameters is

0=545y=20 and controller gains are
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[a & 6‘3:|T =-[1 1 1]T . Fig. 3 show that active
controller is applied for the PMSM.
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Fig.3 Active controller

The controller used from the beginning (t = 0) and at the time
t = 8 seconds after removing the chaos has guided to a desired
value.

3.3 Intelligent Controller Structure

The acronym ANFIS derives its name from adaptive neuro-
fuzzy inference system. Adaptive fuzzy controller is designed
for systems where high uncertainty, structure and system
parameters are unknown. Generally, the main goals of
adaptive controllers stabilize the system performance in the
presence of uncertainty. The advanced fuzzy control should
be adaptive.

The main idea of the technique, using an adaptive neural
network to optimize the structure is fuzzy. This technique is a
method for the fuzzy modeling process of to prepare the
training data set. Thus, the membership function parameters in
the fuzzy inference system so that we can obtain to best
relationship. However, the data controller and error, learning
intelligent controller can be done. As can be seen, the only
intelligent controller will be added to all rows of equations.
We assume that the controlled system is as follows:

di

E =—ly + Oly + Uy s
d,
—L =i, + Oy + YO+ Uy e
dt

do .

——=0(I, = ®) + Uy s

dt (13)

Intelligent controller block diagram is depicted in Fig.4. In
fact, learning is based on two parameters error and derivative.

—= €

sP o+

ANFIS

Controller

Y
o

Chaotic PMSM

Fig.4 The block diagram proposed controller
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Table 1. Table architecture of ANFIS

1 | Type Sugeno

2 Imp Method Prod

3 | Agg Method Max

4 Num Input 2

5 | Num Output 1

6 | Num Rule 25

7 | Epoch 30

8  Num Mfs 5

9 | Mfs Type Input Gauss2mf

10 Mfs Type Output Gauss2mf

Time(sec)
Fig. 5 train error of ANFIS controller

Figure 5 shows that repeating training error (Epoch) may be
enough, and in Fig. 6 has been shown that active control (for
training) can be stable permanent magnet synchronous motor
and chaotic.

4. NUMERIC SIMULATION

According to equation (13) Output block diagram (3) has
three controller. Each controller are set via table .1. As
mentioned earlier, one of the properties of chaotic systems is
sensitive to initial conditions. So, if a change in the initial
conditions, the controller will be faced with a new behavior.
Thus, the controller can be tested with different initial
conditions. The initial conditions for this section are

ligo g0 a)O]T =[2 4 6] and system parameters is
0=545y=20.

o 'y

n i

3l i

slate variable
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Fig.6 the behavior of PMSM controled
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Fig.7 The behavior of chaotic PMSM controlled

According to the Fig.6, intelligent controller from t = 0
seconds is applied to the motor. Almost at t = 4 seconds of
chaos has been removed. Again remember that is different
initial conditions (with training). But in the Fig.7, we want to
consider a desired value. In this way we can evaluate the
performance of the controller. Here, too, the initial conditions
are different. The controller tracking the desired value in less
than t = 3 seconds.

5. CONCLUSION

In this paper, was investigated an intelligent control of
permanent magnet synchronous motors. It was learning
process using active control. In fact, by solving the active
control answer, the correct answer is given learning process.
Intelligent controller in simulation results were evaluated with
different initial conditions, good results were obtained. In the
second simulation, was considered a set point. The simulation
results show that the essence of chaos is learning well. The
architecture proposed in Table 1 is expressed almost the best
mode available. Membership function of input-output type,
number of repetitions, the most important factors. Intelligent
controller must see PMSM workspace. For this reason in Fig.
6 after stability (suppression chaos) it is considered to be a
desired value. It can be intelligent controller helps to
understand the nature of chaotic PMSM. The simulation
results show a good performance intelligent control.
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