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Abstract:

A new chaos control method is proposed to take advantage of chaos or avoid it. The hybrid Inter-

nal Model Control and Proportional Control learning scheme are introduced. In order to gain the desired robust

performance and ensure the system’ s stability, Adaptive Momentum Algorithms are also developed. Through

properly designing the neural network plant model and neural network controller; the chaotic dynamical sys-

tems are controlled while the parameters of the BP neural network are modified. Taking the Lorenz chaotic sys-

tem as example; the results show that chaotic dynamical systems can be stabilized at the desired orbits by this

control strategy .
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INTRODUCTION

One of the oldest researches of chaos in con-
trol fields can be seen in the paper by Kalman
(1956, who first found non-synchronous oscil-
lations in a two-dimensional sampled-data control
system. In the OGY method developed by Ott et
al. (1990), chaotic phenomena was eliminated
by adjusting parameters of the systems when the
chaotic orbit comes near a periodical orbit. But
the OGY’ s method requires monitoring the sys-
tem long enough to determine a linearization
mode in the neighborhood of the desired unstable
periodic orbit before it can be applied. Besides
the determination of small perturbation requires
the eigenvalues and eigenvectors of the unstable
orbits. Since then, many methods for controlling
chaos have been developed ( He and Chen
2002; Tong et al.> 2002) .

Along with the development of NN ( Neural
Networks )» the chaotic behavior,
characteristics of NN,

one of the
has been discussed in
many papers. Alsing and Garielides ( 1994 )
used a feed-forward back propagation neural net-
work to stabilize the unstable periodic orbits em-
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bedded in a chaotic system. Their control algo-
rithm used for training the network was based on
the OGY method, and thus inherited its defi-
ciencies mentioned above. Another approach for
controlling chaos with a neural network was pro-
posed by Otaware and Fan (1995), who used
the same network structure as Alsing’ s. The
above two neural network approaches are both
supervised learning methods, in which a feed-
forward multiplayer neural network is trained by
data pairs generated from a chaotic system to
produce a time series of small perturbations nec-
essary for control. The disadvantage is that the
fixed points of the chaotic system need to be de-
termined; and/or that the system’ s nonlinear dy-
namics must be analyzed in advance. However,
since the application of neural network control-
lers to chaotic systems yields great benefits, we
adopted a systematic approach for designing a
neural network controller for controlling chaos by
the hybrid Internal Model Control learning meth-
od. In this paper> we adopt proportional control
method and the IMC ClInternal Model Control)
method of NN, which are new methods for con-
trolling chaotic dynamical systems.
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INTERNAL MODEL CONTROL THEORY

Internal Model Control (Fig. 1) is a kind of
supervised learning approach. It consists of con-
troller, plant model, and robustness filter. The
controller is generally trained to represent the in-

/Control input

verse of the plant, if the inverse exists. Many
researchers had proved the good performance of
the Internal Model Control method. It is an im-
portant nonlinear controlling approach to system
and had been discussed by many researchers

(Datta and Choa> 1996) .
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Fig.1 The structure of the Internal Model Control learning system

The plant model and the controller can be
trained off-line, using data collected from plant
operations . The weighted coefficients of the plant
model are modified according to the errors be-
tween the outputs of the inverse model and the
plant output. During the modifying process, the
plant model replaces the unknown plants. If the
plant model and controller both employ multi-
player feed-forward neural networks
used to modify the parameters of the NN inverse

the error

model, is back-propagated via the neural net-
work plant model. The function of plant model is
just to back-propagate the error. This may bring
a little error> but the effect of error is somewhat
light. Generally speaking, it has an impact only
on the controller’ s convergence rate> not on the

final convergence precision. IMC learning meth-
od is substantially a predicting control method
where the plant model and inverse model are
linked by the gradient information.

HIMC LEARING CONTROL SYSTEM

Structure of the HIMC learning system

Fig.2 is the proposed HIMC scheme. The
structure of HIMC includes the following parts:
learning controller made up of NN controller and
Proportional controllers NN model used to ap-
proximate the chaotic dynamical system, and the
chaotic system.
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Fig.2 The proposed learning system for controlling chaos

In order to have the desired robust perfor-
mance and ensure the system’ s stability, the
proportional control is used in the HIMC learning

system instead of the robustness filter. During
the control processing, the error signal between
the neural network plant model and the plant
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passes by the proportional controller first> and
then the NN controller processes it.

BP network is used in the system to form
neural network controller and plant model. The
input of the controller is sy where w4 is the out-
put. u, is the input of the neural network plant
model where S, is the output.

For BP network, the transfer function of the
hidden layer is a sigmoid activating function and
the function of the output layer is a linear func-
tion.

In Fig. 2, s4 is the desired output state of
the next step; s, is the current output state of the
chaotic system; u, is the input of the chaotic
system and the neural network plant model where
u. = ug + u,: The input of the Proportional
Controller is e, = ¥4 (k) — y(kD; The differ-
ence between the next-step desired output and
the current output state is eq = y4Ck + 1) — y
(k)D; The output of Proportional Controller is
u,: The output of the neural network controller

is ug .
Neural network plant model of the chaotic systems

Consider the chaotic dynamical systems

y(t)Zf(y(t—l)"°°9y(t— n), U(t—l)’
cuCt—m))+ 50 D

Its discrete time equation of the system can be
expressed as:

yCh+ 1D = fA3CE, uCk)) (2D

where 1 (*) are the inputs, y(*) are the out-
puts and 5C*) are the noise of the system, f(*)
is a nonlinear function describing the system;
and $Ck) is a nonlinear function made up of {y
Ck—1)s i=152""" n} and {u(k —i)si=
1 , 2’ eee
We have known that a three-layer BP neural
network with sigmoid function in the hidden layer
and linear transfer functions in the output layer,
can approximate virtually any function of interest
to any degree of accuracy if we had a sufficient
neuron number in the hidden layer. Therefore,
the neural network plant model NN is trained
on-line to approximate the nonlinear dynamic in-
put-output behavior of the chaotic system.

,m}.

Suppose that the three-layer neural network
plant model is described by

yChk+ 1) =fCPCED s uCk)) (3)

where u(*) are the inputs, ;,( *) are the out-
puts and ]A‘ (*) is a nonlinear function of the neu-
ral network plant model and $(*) is a nonlinear
function.

In order to accelerate the learning rate,
avoid falling into the local extreme minimum val-
ues and improve system performances, the pa-
rameters (weights) of neural network plant mod-
el are adapted by additional momentum algorithm
to minimize the instantaneous cost function.

J1=%[5/(/€+1)—y(k+1)]2 (4>

Additional momentum method is used to
modify the networks weights taking into consider-
ation of the error variance influence. Without the
additional momentum, the networks may fall into
which,

er> can be avoided by the use of additional mo-

local extreme minimum values; howev-

mentum.
The instantaneous correction applied to a
synaptic weight is

8Ck) =Ly(k) — y(kD1g’ [ nets; (kD] (5

Aw3,-l(k+ I)Z(I—D’LC)Y]@(IC)Ozl(k)'FWIC.
AW3il(k) l= 1727 b (6)

Awy Ck + 1) =01 - nw)'yyg'[netzz(k)]S(k)'
w3ﬂ(k)+mc’Aw21j(k) [=1,2,""

',ml

“ymy

7

where w,;; Cor ws; ) are the weights connecting
input Cor neuron) j to hidden neuron Cor out-

put) i; g is the sigmoid function; o; is the out-

.
put of hidden neurons or output neurons; net,;
Cor nets; ) is the input of the hidden neurons or

, dglx)
output neurons; g =

ox 7 is the learning

rate; mc is the additional momentum coefficient
usually having a value of about 0.95.

Based on the design principle of the momen-
tum method> when the updated weights lead to
too much increment, the new weights should not
be employed. The value of the momentum coeffi-

clent is
0 SSECE) >1.04SSECE — 1)

0.95 SSECE) < SSECE — 1)
mcCk — 1) others

meCk) =

(8

where SSECE) = %Z(&L — )% m, is the
k=1
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number of neurons in the output layer.

The formula for the adaptive learning rate
during the process of system identification and
learning is as follows

1.0577(k—1) SSECE) < SSECE - 1)
77(k)= 0.77](k—1) SSECE) >1.04SSECE - 1)
77(k -D

others

)

Chaotic dynamical system is a kind of special
nonlinear system. For chaotic dynamical system>
modifying the parameters of any three-layer BP
neural network can approximate its input and
output function.

Neural controller of the chaotic systems

The neural network controller; like the neu-
ral network plant model; is also a three-layer BP
network, whose general expression is

uCk) =y, Ch+ 1), yoCk +2), -
p), u(k—l),‘“, u(k—q),e(k)]

*y yd(k =+
(100

where 7y, is the desired output of the chaotic sys-
tem.

Controller weights are adapted to minimize
the cost function

Jo= ALy D=3+ D QD

The instantaneous correction applied to a
synaptic weight is

SCE) =LyyCk) — y(kD g’ Lnets; (kO] (12D

AW3il(k+1) = (1 — mc)'778(k + 1)02[(’{3)'
3y(k+ 1

duCk) (13>
Aw2l]<(k+1)=(l—mc)'qg'[netzl(k)jg(k)'

IyChk+ 1)
w?”l(k)oy(k)%

l=1525""", nys j=172,"'y ng

=+ mc'Aw3,~l(k)

+ TTLC.Alej(k)
(14>

where MJQIJ'(OI' ws; ) are the weights connecting
input Cor neuron) j to hidden neuron Cor out-
put) i.g is the sigmoid function; 7 is the leamn-
ing rate; o; is the output of hidden neurons or
output neurons: net, Cor nets; ) is the input of

the hidden neurons or output neurons; g’ =
dgCx) . . .
gax ; nq is the number of input neurons while

n, is the number of hidden neurons. The mo-

mentum coefficient (mc) and learning rate 7

can be obtained from Eq.(8) and Eq.(9) where

SSE(k) = %Z(J’dk — yk)z.
k=1

9y(k+l) .
duCky

unknown because the plant is unconcern. As-

In Eq.(13) and Eq. (14),

suming a good estimation of y, we have

IyCk+1) IyCk+1)
2uCk) = oulCk)

According to Liu and Asada (1996), y can
approximate virtually to y after several learning

s

steps of the IMC learning system. Therefore

IyCk + 1D ,
% = g'Lnet;; (kD ].

ZW3i1g'[net21(k):|w21,,l+1 (16>
=1

From Eq.(12) to Eq.(16); we can get the pa-
rameters of the neural network controller.

The closed-loop system output equation of
the NN self-correction Internal Model Controller
can be expressed as follows

NNC* G
1+ NNCL G - NN]Yd

yCk) = kY am
where G is the plant, /NN is neural network
plant model and NNC is neural network control-
ler.

The error equation of the closed-loop system
is

1 — NNC+* NN

+ NNCL G — NN

If NNCC1) = NN-'(1), for the step input,
steady state error £ ( o ) is zero; that is, the

E(k):l Ck> (18

disturbance can be eliminated, and the system
can track the input signal .

Proportional controller

In order to minimize the error of the inverse
model and improve the controlling performance,
the Proportional Controller is used in the learning
system .

The input of the Proportional Controller is e,

» that is

=y4Ck) — y(k) and the output is u,

u,=k,%e,.

The IMC methods> based on an internal mod-
el and plant inversion, can only work for the
limited class of stable, stably invertible plants.
But the NN inverse model is not precise because
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chaotic system is not a kind of single-value sys-
tem. There will be an error if neural network
controller is used in the system only. Proportion-

al Controller u,, as a part of controller, controls

P
the learning system with neural network control-
ler, and at the same time, minimizes the error of

the inverse model of chaotic system.

SIMULATIONS AND RESULTS

For convenience to analyze and design the
control system (Lorenz, 1963), suppose that the
The differential
equation of the chaotic model can be described by

Lorenz system is the plant.

x| = — o(xl - xz)
Xy = 0X1] — Xy — X1 X3
X3 = X1Xp — bx3

where x1> x,, x3€ R and 6,0, bE R, {x,
%y x3 } are the state variables and {5, o> b} are
control parameters of the Lorenz system. When

control parameters ¢ = 10, p =28 and b = %’
the Lorenz system is chaos.
Add controller u into the first equation of the

Lorenz system and let state variable x; be the

— " L L L L L t
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Fig.3 The actual output tracking the square wave
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Fig.5 The real output tracking the sine wave

system output. The operation of the control sys-
tem is made up of the response of the BP net-
works the control process and the training of the
BP network, and it repeatedly alternate in the
order “ the response of the BP network, control
determining, the response and training of the
system ’

When the system starts operating, all the pa-
rameters are set randomly. At this point, Prop-
ortional Controller controls the system. During
the continuous learning of the network, the BP
network continuously modifies its weights and the
network output u4 approximates the control vec-
tor u,» i.e. u(k) = u, = uy. Then the NN
controller can be regarded as approximating the
inverse model of the chaotic dynamical system.

Suppose the desired output of the system is a
square wave. Fig.3 is the output result. In Fig.
3, the broken line indexes the ideal output
(maximum %4, = 1> minimum x4,;, = 0’ and
the solid line indexes the actual output of the
system. Fig.4 is the curve of the control signal
T

Fig.5 and Fig.6 are the output results when
the desired output of the chaotic system is a sine

. ) ) 2 L . t
0 500 1000 1500 2000 2500 3000 3500

Fig.4 The control curve when the desived output is
a square wave

20 T T T T

L . | L L | L A i 1
—60 53540 60 80 100 120 140 160 180 200

Fig.6 The output of the controller when the desived
output is a sine wave
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wave. In Fig.5, the solid line is the actual out-
put and the dashed line is the desired output.
Fig.6 is the control signal w,. From Fig.3 and
Fig.5, we can find that the whole control system
can still run regularly, but there is a time lag
between the actual output and the desired output
when the desired output signal is a square wave
In the tolerable error range, the
actual output of the system can track the desired

output closely.

or sine wave.

CONCLUSIONS

This paper integrates the Proportional Control
into IMC to form a new hybrid Internal Model
Control learning system, called HIMC learning
system. By the HIMC learning system, we can
train the neural controller for the plant according
to the plant output. The proposed HIMC learning
method makes the design of neural controllers
more feasible and practical for chaotic dynamical
systems since it greatly decreases the quality and
quantity expectations of the teaching signals,
and shortens the long training time of the neural
network. The HIMC learning system has been
successfully applied to control Lorenz system.
The simulation results showed that the ability of
the BP network to fit the nonlinear mapping is
very strong> and the learning rate is very fast.
However, the difficulty is how to comprehend
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the error back propagation method, and deter-
mine the number of the hidden-layer neurons.
Since the HIMC learning system need not know
the mathematical model or the property (such as
the fixed points) of the chaotic system for con-
trol, it can be applied to control a physical cha-
otic system in the real world directly.
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