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Abstract

The proposed RAITIIFNNC system is comprised of a interval type Il fuzzy neural
network identifier and a robust controller. The identifier is utilized for online estimation
of the compound uncertainties. The robust controller is used to attenuate the effects of the
approximation error so that the perfect tracking and synchronization of chaotic systems
are achieved. All the parameter learning algorithms are derived based on Lyapunov
stability theorem to ensure network convergence as well as stable synchronization
performance. From the simulation example, to synchronize two Lorenz chaotic systems, it
has been shown that the effectiveness of the proposed method has been verified.

Keywords: Uncertain chaotic systems; Chaos synchronization; Adaptive control;
Interval type Il fuzzy neural network; Lyapunov stability

1. Introduction

Since the study of chaos synchronization by Pecora and Carroll [1], this topic has
received increasing attention [2]. Chaos synchronization can be applied to many areas
such as secure communication, chemical reactions, and biological systems and so on.
However, it is difficult to establish an appropriate mathematical model for the design of a
model-based synchronization system. Thus, some adaptive control methods are proposed
for chaos synchronization. Fuzzy control methodologies have emerged in recent years as
promising ways to approach nonlinear control problems. Fuzzy control, in particular, has
an impact in the control community, because it can provide a simple approach to the
control of plants that are complex, uncertain, ill-defined, and have available heuristic
knowledge from domain experts for their controllers design [3-5]. However, neural
network adaptive control algorithms have attracted attention due to their inherently
parallel and highly redundant processing architecture that makes it possible to develop
parallel weight update laws. Consequently, the use of the NNs for system identification
and control of complex highly uncertain dynamical systems has become an active area of
research [6-8].

The FNN possesses the merits of the low-level learning and computational power of
neural network and the high-level human knowledge representation from fuzzy theory.
Recently, the FNNs are increasingly receiving attention in solving the control problems
[9-13].

In general, Type-1 Fuzzy Logic Systems (FLSs) are unable to handle rule uncertainties
directly, when the information that is used to construct the rules in a FLS is uncertain. On
the other hand, type-2 FLSs involved in this paper whose antecedent or consequent
membership functions are type-2 fuzzy sets can handle rule uncertainties. A type-2 FLS
is characterized by IF-THEN rules, but its antecedent or consequent sets are type-2.
Hence, type-2 FLSs can be used when the circumstances are too uncertain to determine
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exact membership grades such as when training data are corrupted by noise. So the type-
2 fuzzy neural network has been successfully studied in some control territory [14-18].

This paper addresses the design and analysis of an intelligent control system for the
synchronization of a class of chaotic systems with parameter uncertainty. We solve the
problem of adaptive synchronization under the standing assumption that the state of the
master system that generates the reference trajectories is known, however, no other
knowledge of the master system is required. We also assume that the model of the slave
system is known but not the exact dynamics. In order to deal with the uncertainties of
chaotic systems, a robust adaptive interval type Il fuzzy neural network control
(RAITIHIFNC) system is investigated to achieve the perfect tracking and synchronization
of the chaotic systems. The merits of this RAITIIFNC scheme are that not only the stable
tracking performance can be guaranteed but also that appropriate network parameters are
found to achieve favorable approximation. The rest of this paper is organized as follows.
Section 2 gives the problem formulation for nonlinear chaos synchronization. Section 3
presents an interval type Il fuzzy neural network. Section 4 develops the RAITIIFNC
system and proves its stability by using Lyapunov’s direct method. The simulation results
are given in Section 5.

2. Problem Formulation
Consider the uncertain chaotic system in the form of

X = (A+AA )X + f(X)+d (t)

1)

Where X =[x, x,,--,x,1e R" is the n-dimensional state vector of the system,

1772

nxn

A e R™" is the a constant matrix, f(x) € R" is an unknown smooth nonlinear vector

function, AA_ e R™" is the unknown random-varying term, and d (t)e R" is the

external disturbance with unknown upper bound term. In this paper, it is assumed that
system (1) exhibits chaotic dynamics. The response system is:

Y = (A+AA )Y + f(Y t
(A+AA)Y + f(Y)+d (t)+u @)
Where Y e R" represents an n-dimensional state vector of the system,
u e R " represents the control input, and generally

AA (1) % AA, (t)id (1) % d (1)

®)
The control objective is to force the state vector x to follow the desired trajectory v .
Let us define the tracking error as e = [e,,e,,--e,]1" € R" =Y — X . If the tracking error

vector €{1) trends to zero as t tends to infinity, then the chaotic systems (1) and (2) are
synchronous. The dynamical expression of the tracking error that can be derived by
subtracting (2) from (1) as

€=Ae +AA ()Y + f(Y)+d ()= AA (1)~ f(X)-d (1) +u

(4)
For further development, let us define the compound uncertainty as:
D(Z)=AA, ()Y + f(Y)+d (t)-AA (t)- f(X)-d () (5)
Where z = [X,Y]" =[z,,2,,--,2,1" € R*™.Then Eq. (4) can be rewritten as:
é=Ae+D(Z)+U (6)
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From the viewpoint of control theory, the synchronization between systems (1) and (2)
is equivalent to the asymptotical stability of the error system (4) at e=0. Hence, an ideal
controller can be designed as:

U:KE—D(Z) (7)

where K is a feedback matrix to be determined so that the eigen values of the matrix
A+K lie strictly in the open left half of the complex plane. However, the compound
uncertainty D(Z) is unknown for the random-varying parameters and external
disturbance, the ideal controller (7) cannot be precisely obtained. Alternatively, a robust
controller with the ability to online identify the unknown uncertainties can resolve the
mentioned problem. Therefore, this paper will propose SAFNC system with adaptive
algorithm to make the chaotic systems (1) and (2) synchronous despite the existence of
the uncertainties.

3. Structure Learning Algorithm of ITIHIFNN

The structure of ITIIFNN [16-17] is depicted in Figure 1; each rule in ITIIFNN is the
first Takagi-Sugeno-Kang (TSK) type. The detailed mathematical functions of each layer
are introduced as follows:

Layer 1 (Input layer): This layer defines the input variables which first enter the
ITHFNN.

Layer 2 (Membership layer): In this layer, each node performs an interval type-II
fuzzy MF. The FOU of this MF can be represented as an interval bound by lower MF

#!(x)and

upper MF /) (x,) :

2 (8)
Where ¢ ¢, ¢'1and o are, respectively, the mean and the standard deviation of
the Gaussian MF of the jth partition for the ith input variable x . That is, the output of

each node can be represented as an interval [, z,'1.

Layer 3 (Rule layer): Each node in this layer corresponds to one fuzzy rule and

performs a fuzzy meet operation to obtain a firing strength ' which is computed as
follows:

SRUNTREN ) |
(©)

Layer 4 (Type-reduction layer): This layer is used to implement the type-reduction,
and center-of-sets type-reduction method is adopted here. The centroid of type-1l fuzzy
set which can be represented by (', » /1 Which represents link weights should be set first
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before the computation of y,,y, . The outputs y,,y, can be computed using Kamik-
Mendel iterative algorithms as:

j=1 j=L+1 (10)

j=1 j=R+1 (11)

i=1 i=1 i=1

N

f

r r r

I 7
I i
I 7
| |
I |

i o i ’ 0 i |
LZ Xt X |
i=1 i=1 i=1 (12)
Layer 5 (Output layer): Each output node corresponds to one output variable and act as
a defuzzifier. Hence, the defuzzified output shown as:
Yo+ Y,

1
y = 2 :;(WITgl+WrTgr):WTg(X'§’O-)

(13)

Remark: Initially, there are no fuzzy rules in ITIIFNN. All of the rules are generated
online by the structure learning that not only helps automate rule generation, but also
locates good initial rule positions for subsequent parameter learning. Furthermore, the
structure and parameter adjustment are performed simultaneously.

4. Design of the RAITIENN Identifier and Robust Controller

Since the compound uncertainty D(Z) is unknown, in the following, a RAITIIFNN
identifier is constructed to estimate the dynamics of this uncertain term D(Z). The inputs
of the RAITIIFNN are the elements in the vector Z, and the output of the RAITIIFNN is
the vector D(Z). For the ease of notation, define adjustable parameter vectors W, m, and 6
collecting all parameters of the SOFNN as

T 1xN
W = [erl’WIrZ‘”' ’ern] €R (14)
_ 1 1 2 2 N N .T Rvil
=l iy By By B My 1€ (15)
1 1 2 2 N N T RNVxl
O-:[O-Irl"”’O-Irv’o-lrl"”’Glrv’o-lri’”"o-lrv:I € (16)
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Where w =[w|,w’ -, w ], j=12,,n.Then, the outputs of the RAITIIFNN can
be rewritten in the following vector form as:

Y :[y1'y2'“' Yyn]T =Wg (Z,u,0)= DR (Z,W,¢&,0) (17)

Based on the powerful approximation ability, there exists an optimal RAITIIFNN to
learn the compound uncertainty D(Z) in Eq. (5) such that

D(Z):Wg (Z'N'U)EDI*TIIFNN (Z,W*,f*,O'*)+§(Z)
=W g (2, ,07)+¢(2)
= arg min [sup ||DITIIFNN (Z,W,§,0)||]+ s(2)
W, ¢&,o (18)

For chaotic attractors are bounded in the phase space. The approximation error ¢(z) is
bounded, then, Design the RAITIIFNN identifier as

DAITIIFNN (Z’V\iyé,o:):\/\;Q(V\;.gé,O:) (19)

Where w ", &7, 0" are the optimal parameters of w,&,0 , in the RAITIIFNN,

respectively; and w ,Z,6 are the estimates of the optimal parameters. For ease of
notation, define an adjustable parameter vector collecting all parameters of the

RAITIIFNN as W =W, 61" . If the parameter vectorw can be stably tuned

to approach the optimal parameter vector W “mgw =[W ", &, 0 ]

ITIIENN ITIENN

The parameter error vector is defined asw .., =W “mew —W mew .In this study,

the linearization technique is employed to transform the nonlinear output of the
SAIT2NFN into a partially linear form. Then, the Taylor series expansion of

9 (Z,&",07)t0 (£,6) can be expressed as:

L a2 :
or | o

o=0 o

(o -6)+0(Z,¢,0)

07 (2,& 07 )=4(2,6,6)+

:g+g;£+gg‘;+o(zv‘.’;r‘;) (20)

whereo (z,¢,5) is the high order residual term. Accordingly, using Egs.(20)and
(18), the approximation error vector ¢(z) can be written as:
SZ)=W T (§+9,6+9,6+0(2)-W g+z (2)
—W W) (G+9.E+0.5)-W g+WTO(@Z)+e, (2)
WG+ g, (6 - a0 -6) ]+ W (g.E+g.6)+wW TO@) e, (2)
“W§-g.E -9 G ]+W (9.8 +9.5)+d,(2)

-y w +d,(2)

ITIIENN ITHENN

where

' v Co~ A SN LT
Y e :[(Q—9§§ _gJO'),Wng,f,Wngo'

Copyright © 2015 SERSC 21


http://www.sciencedirect.com/science/article/pii/S092523121100141X#eq0015

International Journal of Signal Processing, Image Processing and Pattern Recognition
Vol.8, No.12 (2015)

d,(Z)=W ' (g.¢ +9.6)+W T0(Z)+¢, (2)

Assume that the bound of the overall approximation error d (z) is given, i.e.,
|4, (2)]|< d, . Now, the NFN-based controller is designed as:

ITHIENN

u = Ke -D(Z,W,E,3) (1)

The parameter learning occurs concurrently with the structure-learning. For each piece
of incoming data, all free SAIT2NNN parameters are tuned, whether the rules are newly
generated or originally existent, the update laws of the consequent parameters

w,',w 'are computed as:

W) =w, @)+ aw, (1)

i OE (t
:W|J(t)_77w ()
0

W t+1) =w (t)+aw (1)

| OE (t
=W, (t) -7, ©
0

, (22)
Where 7 is the learning-rate parameter for the weighting interval factors. Since the

type-reduction nodes and the rule nodes do the type-reduction and product operation,
respectively, only e error signals should be propagated in these two layers. In the member
layer, the update laws for parameters in input MFs are derived as:

slasn=¢'m+agl®

i OE (t
=&, (j)
- ¢,
[ T
j 1 ‘(W" - D(Z)|r) j j j 2‘
=& M+ o) T (D)D) -E W) x f (e (1)
= 2 I = - |
L& ] (23)

sy =clmas @
OE (t)

-

a¢,

- -,

P 1 :_(W|: -D(2),) C i T j 2—:
=&, (1) + ;U;e(t) — v x(D(EZ)t)-& (1) x f (o (1) |

| _
L2l ! (24)

clt+l) = (t)+ra/ (1)

JE (t)
oo}

=0'ij(t)—770

\ " |

Mo T

1 w)-D(2),) . ;

o)W+ =y, e T E T Dz - &) (1) xf,,/wg(t)) '
2 Z fl

L &y . (25)
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Lemma 1

Let x and y be the real vectors of appropriate dimensions. if Ixi>lyl, we have
(x - y)T x>0

Proof
Since

CERRE (Y I 1T PR
and using IXI=lyl, we get
IR N 11 Y "R SR

This completes the proof.
Now we design the robust controller as:

u, =-sgn( e p,;)d, (j=12,---,n) (26)
Then de synthesis controller as:

U=u,+Upqmew (27)

Theorem 1

Consider the uncertain chaotic system(1)and the expectation chaotic system(2), if the
NFN-based controller is designed as (27) and the adaptation laws of the NFN parameters
are designed as (23), (24) and (25), then all NFN parameters and the tracking error e are
uniformly ultimately bounded.

Proof
Consider the Lyapunov function as

V(e(t)W &,5) =W

ITIIFNN

(TP T (OW e (28)

Where P is chosen to be a real symmetric positive matrix satisfying
AP+ pA =-Q<0,and it is the input covariance matrix, which is a positive define
symmetric matrix and has the following property:

T

P (t n 1) -p (t) _ P (t)\P‘ITTIIFNN (t + 1)‘11 ITIIFNN‘ (t + 1)P (t)
1+¥ ITHENN (t + 1) P (t)LIJ ITHENN (t + 1)
Pr(t+1) =P (1) + ¥ o (L+ D)W 0 (E+1) (29)

The time derivative of the Lyapunov function V with respect to time is given by
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T
ITHFNN

T

ITHFNN (t + 1) - \A7ITIIFNN (t) P - (t)V\—; ITHFNN (t)

T

(C+ W ey (017 =¥ T W (DA, ()
1+¥ . (t+1)P()Y. (t+1)

“Te(t)=d (1% =Te(t) =d (t)1d (t
Bl CORLHO) it CORLHO) L O B

AV (1) =W (t+1)P (t+ )W
T
ITHFNN

- [y

1+% I:IIFNN (t+ 1P ()Y IITIIFNN (t+1)
¥ II'ITIIFNN (t+ POV I‘TIIFNN (t+1e(®)d (1) —
+ : : +d,
1+%¥ IIIIFNN (t+ PO e (L+1) (30)

Define a set as:

Q. (d,)= {e(t) Te(t) < \/[1+ AP )Y ( +1)]d_0}

31)
by Barbalat’s Lemma, the stability of the learning scheme is guaranteed, and
im __e(t)=00m _ W, .. (t)=0 . If e{t)eq,d, ,t s possible

that Av (t) > 0 ,which implies that the weight vectorw ., (t) may drift to infinity.

Thus, to ensure the robustness of the learning algorithm, a dead zone can be introduced in
the parameter equation as follows:

W (E+1) =W o () + a(t)P(t+ D)W o (t+1)xe(t)
( d

a(t):<o e(t)e Q,(d),)
[1 otherwise

(32)

5. Computer Simulation

In this section, we apply the proposed RAITIIFNNC system to synchronize between
systems (1) and (2). To demonstrate the effectiveness of the proposed method, we choose
the well-known Lorenz chaotic system as an example [12]. Consider the uncertain Lorenz
chaotic system with random-variable parameters in the form of

[%, = (10 + rad  (t))(x, — x,)+d (1)

X, = =X X, + (28 +rad ,(t)x, - x, +d_,(t)
{x3 = x,x, - (8/3+rad ,(t)x, +d,(t) (33)
and the controlled response system of system (33) is:
[V, = (=10 +rad  ())(y, - y,)+d (1) +u,
Y, =-Y,¥s+ (28 +rad ,(1)y, -y, +d ,(1)+u,
92 = vy, —8/3+ rad () y, +d,,(0)+u, -

where rad  (t) e [-0.1,0.1], rad  (t) e [-0.1,0.1] denote the random-varying
term, d, (t), d , (t) denote the external Gaussian white noise, u, denotes the control
inputs, and i=1,2,3. In general, rad ,(t) # rad 5 (1) and d  (t) = d, (t) our control
objective is to drive the system state Y =[y,.y,, y3]T to follow the system state
X =[x, x,,x,]" The RAITIIFNNC used here for approximating D(Z), and its inputs
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are the elements in the vector Z=[x,, X, X3, Y1, Y, y3]T. For the optimal control scheme,
the weighting matrices are chosen as follows:

15 -20 0] [5 0 0] 10 0 0]
K::14 ~16 o:, P:IO 5 ol, Q=IO 10 oI
Lo 0 —3J Lo 0 5J Lo 0 10J

The control law is shown in Eg. (27), and the update laws of network parameters are
presented in Egs. (22), (23) (24) and (25). The parameter values used in the adaptive

control system are chosen as: 7, =0.01,7, =0.01,7_=0.01 and d_o =0.1. As the

RAITIIFNN starts to learn, the means of Gaussian membership functions are selected as
the initial system states, and the output weights are randomly chosen in [—1,1]. The initial
states of systems (33) and (34) are randomly selected as X=[6,—1,8] and Y=[-2,4,-5],
respectively. The simulation results are shown in Figure 2, Figure 3. From Figure 2, the
proposed controller can make the tracking errors converge to zeros as time goes; it means
that the trajectories of the controlled chaotic system achieve synchronization

6. Conclusion

Thanks to the rule uncertainties and the training data corrupted by noise, the
circumstances are too uncertain to determine exact membership grades. A new stable
robust adaptive interval type Il fuzzy neural controller in which linguistic fuzzy control
rules can be directly incorporated into the controller is developed to synchronize two
different chaotic systems. The RAITIIFNN control system consists of the type Il fuzzy
neural network identifier and the robust controller to enhance the tracking performance in
spite of the system uncertainties. All adaptive learning laws in the RAITIIFNN control
system are derived in the sense the Lyapunov stability theorem to ensure the convergence
and stability of the control system. Finally, this method has been applied to control the
Lorenz chaotic system with random-variable parameters. The computer simulation results
show that the RAITHFNNC can perform successful control and achieve desired
performance.
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