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The advantage of using cerebellar model articulation control (CMAC) network has been well
documented in many applications. However, the structure of a CMAC network which will influence
the learning performance is difficult to select. This paper proposes a dynamic structure CMAC network
(DSCN) which the network structure can grow or prune systematically and their parameters can be
adjusted automatically. Then, an adaptive dynamic CMAC neural control (ADCNC) system which is
composed of a computation controller and a robust compensator is proposed via second-order sliding-
mode approach. The computation controller containing a DSCN identifier is the principal controller and
the robust compensator is designed to achieve L, tracking performance with a desired attenuation level.
Moreover, a proportional-integral (PI)-type adaptation learning algorithm is derived to speed up the
convergence of the tracking error in the sense of Lyapunov function and Barbalat’s lemma, thus the
system stability can be guaranteed. Finally, the proposed ADCNC system is applied to control a chaotic
system. The simulation results are demonstrated that the proposed ADCNC scheme can achieve a

favorable control performance even under the variations of system parameters and initial point.

© 2012 Elsevier Ltd. All rights reserved.

1. Introduction

It is well known that the major advantage of a sliding-mode
control (SMC) system is its insensitivity to parameter variations
and external disturbance once the system trajectory reaches and
stays on a sliding surface (Slotine and Li, 1991; Utkin, 1978).
However, the SMC strategy produces a drawback associated with
a large control chattering. It may wear coupled mechanisms and
excite unstable system dynamics. To tackle this problem, a
second-order sliding-mode control (SSC) system which is an
effective control scheme for chattering eliminating is proposed
(Koshkouei et al., 2005; Levant, 1993; Levant et al., 2000; Lin
et al., 2009; Parra-Vega et al., 2003). The additional dynamics can
be considered as compensators that are designed for improving
sliding-mode stability. Due to the SSC approach using integration
method to obtain a practical control input, the chattering phe-
nomenon can be improved effectively. However, since the precise
models of control plants are difficult to obtain, both of the SMC
and SSC systems are difficult to be implemented in real-time
applications.

During the past two decades, several adaptive neural control-
lers have been developed to compensate for the effects of
nonlinearities and system uncertainties (Chen and Tian, 2009;

E-mail address: fei@ee.tku.edu.tw

0952-1976/$ - see front matter © 2012 Elsevier Ltd. All rights reserved.
http://dx.doi.org/10.1016/j.engappai.2012.03.014

Czarnigowski, 2010; Hsu, 2011; Miguel and Yu, 2009; Zhao and
Yu, 2009). The basic issue of the adaptive neural control provides
online learning algorithm that does not require preliminary off-
line tuning. Some are based on the Lyapunov stability theorem
and some are based on the gradient decent method; thus the
stability, convergence and robustness of the closed-loop system
can be guaranteed. Recently, a cerebellar model articulation
control (CMAC) network was widely used due to its fast learning
property and good generalization capability (Ananthraman and
Gar, 1993; Hsu et al., 2009; Lin et al., 2007; Lin and Peng, 2005;
Wau et al,, 2011; Wu et al,, 2006; Yeh, 2007). Though the control
performances in the above CMAC network literatures are accep-
table, the network structure of a CMAC network cannot be
obtained automatically. If the amount of memory space is chosen
too large, the computation loading is heavy so it is not suitable for
real-time practical applications. If the amount of memory space is
chosen too small, the learning performance may be not good
enough to achieve a desired performance.

To tackle this problem, a dynamic structure CMAC network
(DSCN) is proposed for the structure adaptation of a CMAC
network (Lee et al., 2007; Lin and Chen, 2009; Yeh and Chang,
2006; Yen et al., 2012). However, some cannot avoid the CMAC
network structure growing unboundedly and some requires
overly complex design procedures. In this paper, a novel DSCN
with online adjusting suitable memory space of a CMAC network
structure is studied. The proposed self-constructing approach
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demonstrates the properties of generating and pruning the input
layers automatically. Then, the proposed DSCN is utilized to
estimate the change of the system dynamics online owing to its
good generalization capability, structure adaptation and simple
computation.

In this paper, an adaptive dynamic CMAC neural control
(ADCNC) system which is composed of a computation controller
and a robust compensator is developed. The computation con-
troller containing a DSCN identifier is the main controller and the
robust compensator is designed to achieve L, tracking perfor-
mance by attenuating the effect of the uncertain term caused by
the DSCN identifier. The DSCN identifier does not require prior
knowledge of a certain amount of memory space and the self-
constructing approach demonstrates the properties of generating
or pruning the layers automatically. The adaptive laws of the
proposed ADCNC system are derived in the sense of Lyapunov
function and Barbalat’s lemma; thus the system can be guaran-
teed to be stable. It should be emphasized that the proposed
ADCNC system requires no prior knowledge about the system
dynamic and no offline learning phases. Finally, a chaotic system
is provided as a simulation example. The simulation results
verify that the system stabilization, favorable tracking perfor-
mance and no chattering phenomena can be achieved by the
proposed ADCNC system.

This paper is organized as follows. Problem formulation is
described in Section 2. Section 3 expresses the design of the
proposed ADCNC system. Simulation results are provided to
validate the effectiveness of the proposed ADCNC system in
Section 4. Finally, Section 5 concludes the paper.

2. Problem formulation

Chaotic systems have been studied and known to exhibit
complex dynamical behavior (Hsu et al., 2009). The interest in
chaotic systems lies mostly upon their complex, unpredictable
behavior, and extreme sensitivity to initial conditions as well as
parameter variations. Consider a second-order chaotic system, the
well known Duffing’s equation, which describes a special non-
linear circuit or a pendulum moving in a viscous medium under
control. The dynamics of Duffing’s equation is described as Hsu
et al. (2009), Jiang (2002), Peng (2009)

X(t) = —pX(0)— Py X(H)—PoX> (1) +qos(wt) + u(t) = f(X,t) +u(t) (1)

where t is the time variable, X = [x(t),%(t)]" is the state vector, w is
the frequency, f(X,t)=—px—p;X—p,x>+qcos(wt) is the system
dynamic, u(t) is the control input, and p, p;, p» and q are real
constants. Depending on the choices of these constants, the solu-
tions of system (1) may display complex phenomena, including
various periodic orbits behaviors and some chaotic behaviors
(Hsu et al.,, 2009). To observe the complex phenomena, the open-
loop system behavior for u(t)=0 was simulated as shown in Fig. 1
with p =04, p;=—1.1, p=1.0 and w=1.8. The time responses of
the uncontrolled chaotic system with initial point (0,0) for g=2.1
and g=7.0 are shown in Fig. 1(a) and (b), respectively. For the time
responses with g=2.1, an uncontrolled chaotic trajectory can be
found, but a period motion chaotic trajectory happens with g=7.0. It
is shown that the uncontrolled chaotic system has different trajec-
tories for different system parameters. Further, the time responses
of the uncontrolled chaotic system with initial point (1,1) for g=2.1
and q=7.0 are shown in Fig. 1(c) and (d), respectively. An uncon-
trolled chaotic trajectory can be found in Fig. 1(c) and a period
motion chaotic trajectory can be found in Fig. 1(d). In summary, the
uncontrolled chaotic system sometimes has a chaotic trajectory but
sometimes it does not. The uncontrolled chaotic system has extreme
sensitivity to parameters change and initial points.
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Fig. 1. Uncontrolled chaotic system.

Rewriting (1), the nominal model of the chaotic system can be
represented as follows

X(t) = fn(x,0)+u(t) 2)

where f,(x,t) is a mapping that represents the nominal behavior of
fix,t). If uncertainties occur, i.e., the parameters of the system
deviate from the nominal value and a external disturbance is
added into the system, the chaotic system can be modified as

X(O) =foX,0)+Af X, )+ u(t)+d(t) = f,(X,0) +u(t) +z(X,t) 3)

where Af(x,t) denotes the system uncertainties, d(t) is the exter-
nal disturbance, and z(x,t) is called the lumped uncertainty which
is defined as z(x,t)=Af(x,t)+d(t). The control objective is to find a
control law so that the state trajectory x(t) can track a trajectory
command x.(t) closely. Define a tracking error and a sliding
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surface as Lin et al. (2009)
e(t) = x(t)—xc(t) 4)

t
s(t):é(t)+ale(t)+az/0 e(t)dt (5)

where a; and a, are positive constants. Properly choosing the
values of a; and a,, the desired system dynamics such as rise time,
overshoot, and settling time can be easily designed by the second-
order system. Differentiating (5) with respect to time and using
(3) and (4) obtain
S(t) =e(t)+aj é(t) +aze(t)

= fr(X,0) +u(t) +2(X,t)—Xc(t) +a, é(t) +aze(t)

= c(X,t)+u(t)+z(x,t)+aé(t)+aze(t) (6)
where c(X,t) =f,(X,t)—X(t). In order to reduce the chattering
phenomenon, a SSC system is considered with a second-order
sliding surface defined as Lin et al. (2009)

t

a(t):s'(t)+b1s(t)+b2/ s(tydt 7
0

where b; and b, are positive constants. Differentiating (7) with

respect to time and using (3) and (6) obtain
6 (t) =§(t)+b15(t)+bas(b)
=X, +Ut)+z(X,t)+a,é(t)+aé(t)
+b1 [é(t)+a1é(t)+aze(t)]
t
+byle(t)+are(t)+ay / e(1)dt]
0
= C(X,t) +U(t)+2(X,t)+(ar +b1)é(t) +(az +ar by +ba)é(t)

t
+(a2b1+a1b2)e(t)+a2b2/ e(t)dt
0

t
— EO) () + 2K, D)+ C18(E) + C26(0)+ C3e(t)+Ca /0 e(t)dt

®)

where c;=a;+bq, ca=a2+0a1by+bs, c3=axb;+a1b, and cy4=azb,.
The control law of the SSC system is given as Koshkouei et al.
(2005), Lin et al. (2009)

ot
Usse(£) = /0 e (D)dt ©)

t
() = ~E060)—C12(0—-Cae(O)-Crelt)—cs [ e(T—Zsscsglo()
(10)

where Zg is a given positive constant with the assumption
|2(X,t)| < Zgsc. Imposing the control law t(t) = tissc(t) in (8) with
(10) yields
6 (t) = 2(X,t)—Zsscsgn[o(t)]. (11

Consider the candidate Lyapunov function in the following
form as

Vit = 1620, (12)

Differentiating (12) with respect to time and using (11) obtain

Vi) =6(t) 6(t) = 2(X,)0(1)~Zssc | o (0)|
< zx 0| o) —Zssc|o(t)]
= _(Zssc_|z(xvt)‘)‘o-(t)‘ <0. (13)

If the second-order sliding surface ¢ (t) = $(t)+b1S(t)+b,s(t) =0,
then the sliding surface s(t)=0 for all time. Moreover, if
$(t) = é(t)+aqé(t)+aze(t) =0, the desired system dynamics such as
rise time, overshoot and setting time can easily designed by a second-
order system. The control law of the SSC system in (10) can guarantee
the system stability in the sense of the Lyapunov theorem (Levant

et al., 2000; Slotine and Li, 1991). However, in the most practical
systems, the system dynamics ¢(x,t) may be unknown or the bound of
the lumped uncertainty Zs is difficult to obtain, so the SSC system
cannot be implemented in real-time applications.

3. Design of the ADCNC system

The proposed ADCNC system is composed of a computation
controller and a robust compensator. The computation controller
containing a DSCN identifier is the principal controller and the
robust compensator is designed to achieve L, tracking perfor-
mance with a desired attenuation level.

3.1. Network structure of DSCN

The architecture of DSCN is composed of input space, associa-
tion memory space, receptive-field space, weight memory space
and output space. The Gaussian function in association memory
space is represented as Lin and Chen (2009)

¢ij(zimy,vy) = exp[—vi(zi—my)*], for i=1,2 (14)

where z = [z1,2]" = [a(t),6(t)]" is the input vector and ¢;(z;,my;,v)
presents the jth block of the ith input with two adjustable
parameters my and vy The my is the argument on which the
Gaussian function has its maximum value, i.e., ¢(z;,m;;v;;)=1 and
the v; influences the Gaussian function profile. Assume that N(k)
is the number of the existing receptive-field functions at the kth
sample interval, the multidimensional receptive-field function is
defined as

2

Ojzm;v) = [] ¢ymyvy, for j=1.2,.. Nk (15)
i=1

where ©; is associated with the jth receptive-field function,

m;=[my,my;]", and v;=[v;v,;]". The output of DSCN at the kth

sample interval is given by

N(k)
y=Y_ %0;@zm,v) (16)
j=1
where o; is the connecting weight value of the output associated
with the jth receptive-field function and it is initialized from zero
and is automatically adjusted during online operation. Then, the
output represents in a vector form as

y=0"0O(z,m,v) a7

where at=[o1, %, ..., tngyl" and O(zmyv)=[604, Oy, ..., Oypl"
with m = [m],mj,....m} 1", v=[v[,v],.. v}, 1"

A trade-off problem between the computation loading and
learning performance arises. To tackle this problem, this paper
proposes a structure learning algorithm including how to grow
and prune the association memory space of DSCN is introduced.
The first process of the structure learning is to determine whether
to add a new Gaussian function in association memory and to
create its hypercube and weight memory, simultaneously. In the
generating process, the mathematical description of the existing
Gaussian function can be expressed as clusters (Lin and Lee,
1996). The firing strength of a rule for each incoming data z can be
represented as the degree to which the incoming data belong to
the cluster. If a new input data falls z within the boundary of
clusters, DSCN will not generate a new Gaussian function but
update parameters of the existing rules. The distance between
incoming data z and mj as Lin and Chen (2009)

dj=|z—mj]. (18)
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Find a minimum distance which is defined as
(19)

dmin = 1 Sr]l‘lsirlll(l<)dj :

If the distance is too large for the existing clusters, this means
a new cluster should be generated a new input data. It implies
that if dy,, > dy, is satisfied, where dth a pre-given threshold, a
new Gaussian function should be generated. Then, the number of
receptive-field functions is increased at the next sample interval
as follows

N(k+1)=Ndo+1. (20)

The initial parameters of the new Gaussian function will be
defined as

onk+1) =0 1)
MiNGke+ 1) = Zi (22)
ViNgk+1) =V (23)

where z; is the input data and 7 is a pre-specified constant. To
avoid the endless growing of DSCN structure and the overload
computation loading, another self-constructing algorithm is con-
sidered to determine whether to delete the existing association
memory space but is inappropriate. When the jth firing strength
©; is smaller than a elimination threshold p, it means that the
relationship becomes weak between the input and the jth
Gaussian function. This association memory may be less or never
used. Then, it will gradually reduce the value of the jth signifi-
cance index. A significance index for the importance of the jth
receptive-field function at the kth sample interval is determined
as Hsu (2007)

L (k—1)exp(-7),
b= { h(k),

if @k<p

if @k =>p (24)

where Ij(k) is the significance index of the jth receptive-field basis
function whose initial value is 1 and 7 is the elimination speed
constant. If I;(k) < Ith is satisfied, where Ith a pre-given threshold,
then the jth receptive-field basis function will be deleted. The
computation loading should be decreased. In summary, the flow
chart of the structure learning algorithm is shown in Fig. 2. The
major contribution is DSCN can be operated directly without
spending much time on pre-determining the receptive-field basis
function.

3.2. Approximation of DSCN

Since the system dynamics f(x,t) may be unknown in the
most practical systems, the control law of the SSC system in (10)
cannot be implemented. In this paper, a DSCN is utilized to
estimate the change of the control system dynamics as Lin and
Chen (2009)

fx,t) = TO@Zm* v*)+ 4 = o TO* + A (25)
where 4 is the approximation error, & and @* are the optimal
parameter vectors of & and @, respectively, and m* and v* are the
optimal parameter vectors of m and v, respectively. There exists
A* which is a finite positive constant such the inequality |4| < A4*
can be held. Moreover, the optimal vectors can be further defined
as Wang (1994)

(o*, m* v*) = argmin sup \f—ocT@(z,m,v)\ (26)

a0y, MmeQy, Vel |2,
where Qg ={a:|o| <Dy}, @m={m:|m| <Dy}, and Qy=
{v: |v| <Dy}, respectively. The Dy, Dm, and D, are positive
constants specified by designers. In fact, the optimal parameter
vectors that are needed to best approximation cannot be

Determine the pre-defined
parameters

Calculate the distance in
association memory

:

| Find the minimum distance |

Generate a new
Gaussian function

Calculate the significance index
of each receptive-field functions

Eliminate the j-th
layer

Fig. 2. Flow chart of the structure learning scheme.

determined. An estimation DSCN identifier is defined as
f=d"OEzmiH)=4"0 27

where & and © are the estimated parameter vectors of o and O,
respectively; and m and v are the estimated parameter vectors of
m and v, respectively. Then, the estimation error is obtained as

Fef-f=6"0+6T0+4"O + 4 (28)
where & = or*—& and ® = @*—0. To speed up the convergence of

SOCM, the optimal parameter vector o* is decomposed into two
parts as Golea et al. (2002), Hsu et al. (2009)

o = 1p0tp + 17,04 (29)

where oy and of are the proportional and integral terms of o,
respectively, 7p and 7, are positive coefficients, and o = [ oisdr.
The proportional term of the optimal parameter vector satisfies
|ot|| < Da,, where Dg, is a positive constant specified by designers.
Similarly, the estimation parameter vector & is decomposed into
two parts as Golea et al. (2002), Hsu et al. (2009)

&Ii’]pdp-l—?’]l&] (30)

where dp and &; are the proportional and integral terms of &,
respectively, and &y = fé &p dz. The integral term of the estimation
parameter vector satisfies ||dy| <Dy, where Dy is a positive
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constant specified by designers. Thus, & can be expressed as

& = 17,81—1plp +1pOlp 31

where & = of —&;. Substituting (31) into (28), it is obtained that
F =870 +(1,6u—np6p+ 11,05 O+5'O + 4
=100 O—1,0p0+6' O +8"O + 1,05 O+ A. (32)
Then, the Taylor expansion linearization technique is
employed to transform the nonlinear function ® into a partially
linear form (Peng and Lin, 2007), i.e.,
O =A"m+BV+h (33)
where m =m*—m, V=v*-V, h is a vector of high order terms,
A=[(00/6m)(60/om)- - - (6Oy/ém)]|, _ o, and B=[@0;/ov)
(003 /0v)---(0ON/0V)] Substitute (33) into (32) yields

|v =V
f =00l 0-n,6L0+6" (AT +B'V+h)+6"O +17,07O + 4

=16 O—1,6p0+M"AG+ V' Ba+¢ (34)
where &'A"th = 'Aé and &'B'V = V"B4 are used since they are
scalars, and &¢=&"h+&"® +7,05T@+4 denotes the uncertain
term. It is an algebraic manipulation of the approximation via
the Taylor expansion linearization technique. The higher-order
term h is bounded by

|h| = |©-ATm-B'V|
<[ O]+ [AT][m]+[B]]v]

<Co+¢ m|+c; |V (35

where co, ¢; and ¢, are bounded positive constants satisfying
|®| <co, |AT| <1, and ||BT| < c,, respectively. The existence of
Co, €1 and ¢, is assured due to the fact the Gaussian function and
its derivative are always bounded by constants. Moreover, &, m,
and v satisfy

1001

Next, the uncertain term ¢ is bounded by
6] = |6"h+ '@+ 1,057 + 4]
= ||6"h+6&" ATt + BV +h)+ 1,08 O + 4]
= |a"A"m + & "BV + o h+ 1,05 O + 4|,
<¢;(Dy+6))(Dm+ )+€2(Dg + || &) )(Dy+ ||V
+Dy[€0 +€1 (D + [ ) +€2(Dy + | V)] +17pv/NDg, + A4*
=[¢1.82.83,80.85. 86111, &, | i, ] 91"
=E'T

m

m

a a a

v

) ) ’ ’

(39)

where  &=[&1,62.83.8485.8],  T=[1,|&],[m V|, |||
6]l [¥[17, & = (€o+2€1Dm+2€2Dy)Dy+11p/NDoyp + A%, E2=€1Dpy
+C2Dy, E3=2¢1Dy, £4=2CDy, Es=c1, and Eg=c,. Since § is a
bounded vector, if I' can be guaranteed to be bounded, the
uncertain term ¢ is bounded.

’ ’ ’

3.3. ADCNC system design

The proposed ADCNC system is shown in Fig. 3, where the
controller output is defined as

t
taae®)= [ iaac(rde (40)
uadc:ucc+urc (41)
where the computation controller is chosen as
A t
Uce = —f +Xc(t)—Cré(t)—cre(t)—c3e(t)—Cy / e(t)dr. (42)
0

The computation controller 1l containing a DSCN identiﬁerf
is the principal controller and the robust compensator i is
designed to achieve L, tracking performance with a desired
attenuation level. Differentiating (7) with respect to time and
using (1) and (5) obtain

|6 = o ~61] < o+ &) < Da+ |&] (36)  IO=30 bSO bSO
=f X0 +u()—Kc(D)+a1€(1) + az2é(t) + b1 [é(t) + a1 €(t) + aze(D)]
|| = |m*—m| < [m*| + |t < Dm+ || G7 . :
+b2[e(t)+a1e(t)+az/ e(t)dr]
Jo
7 — *_ yy S - X7 . . . .

1= V=¥l < ¥+ [¥] < Du+ 9. 38 — F D+ (O—Fe(D)+ (@1 +b1)ED) + (@3 +1 b1 +b)é(t)

i g, robust Uy, :

; Js compensator ;

; o | parameter i

i adaptive law i

i E o E dynamic l&"’&"ﬁ]’? . i

r Shiding L2 sliding oo DSCN 1/ Tyt

i surface /dt surface % o identiﬁer + :

: I~ :

H o ]

: - structure H

1 d |0, : :

i - adaptive law ;

i i computation | %, i

E - controller !

adaptive dynamic CMAC neural control TS

o e S X chaotic
system

Fig. 3. Block diagram of the ADCNC system.
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t
+(azb1 +aiby)e(t)+az by / e(t)drt
0

=f XD +FUO-Ke(O)+C1E(0)+ (D) +C3e(D) +Ca / Ce(oe
Jo )
where ¢;=a;+b1, ca=0a+0a,b1+by, c3=ab;+a,b, and c4=azb,.
Imposing the control law ti(t) = tl,4.(t) in (43) with (41) yields
GOy =Ff~f +iire. (44)
By the approximation property (34), (44) can be rewritten as
G(t) = 1,8 O—1p6pO + M AGL+ V' BO+ £+ lirc. (45)

In case of the existence of &, consider a specified L, tracking
performance (Lin, 2009; Peng and Lin, 2007; Tseng, 2008; Wang
et al., 2002)

T =T =~ ~T ~ T
/ a2dt < 62(0) 41,8 (0)&;(0) + m OmO) 4+ OO +62/ g2dt
0

0 m My

(46)

where 7, 1, and x, are positive learning rates and o is a
prescribed attenuation constant. If the system starts with initial
conditions ¢(0)=0, &;(0)=0, m(0) =0 and Vv(0) =0, the L, track-
ing performance in (46) can be rewritten as

foT o’dt _ o
Joe2dt

47)

The physical meaning of (47) is the effect of any uncertain
term &(t)el, on the second-order sliding surface o(t) must be
attenuated below a desired level 52 from the viewpoint of energy.
So the L, gain from &(t) to o(t) must be less than or equal to a
prescribed value 62 (Peng and Lin, 2007; Tseng, 2008). If 6= o,
this is the case of minimum error tracking control without
disturbance attenuation. To proof the stability of the ADCNC
system, define a Lyapunov function candidate in the following
form

Loz MaTe+ -1 T4 L vTv. (48)

Differentiating (48) with respect to time and using (45), it is
obtained

~ T 2 ~TA
Va=ootnafans DY
~ ~T2
) . o Toa . .1z W V'V
= 67,8 O—11,850+ th"AGL+V B+ & + Ul ) + 17,0 Oy + +
Nm My
=8 (cO+ay)+m' (CAS+ E)+\7T oB&+ v
Mm My
—an&lT,é)wLo(swLﬂrc)A (49)
If the parameter adaptive laws are selected as
ép=0@ (50)
&]Z-&]ZO’@ (51)
m = —m =1,,0Ad (52)
V=—V=1,0B4 (53)
and design the robust compensator as
. *+ 1o
Ure = — 52 (54)

then (49) becomes

. T 5% 4 1)02
Vy,=-64L4 +O'8—(7
2 pP 252
0'2 1,0 2 1 2.0
<-5-5(5-08) +50%
0'2 1 2 2

Integrating both sides of the above equation from t=0 to t=T,
yields

17 1 T
Vz(T)—Vz(O)S——/ azdt+—52/ g2dt (56)

Since V,(T)>0, the above inequality implies the following
inequality

17, 1o (T,
i/ o2t < V(0)+ 50 / &2dt 57)
0 0

Using (48), this inequality is equivalent to inequality (46).
Thus, the L, tracking performance is achieved. Since V5(0) is finite
and the uncertain term ¢el,, using the Barbalat’s lemma, it
implies that lim;_, .,6 =0 (Slotine and Li, 1991).

3.4. Boundary analysis using projection algorithm

Though the stability of the ADCNC system can be guaranteed,
the parameters &, m, and v cannot be guaranteed within a desired
bound value by using the adaptive laws (51)-(53). Specifying the
bounds Dy, Dm, and Dy, the adaptive laws can be modified by the
projection algorithm (Wang, 1994) as following:

=Dgy, and a® < 0)

. 00, if HaIH < Dy, or(|| 6y

oy = P - (58)
Pr(c®), if (|6ul|=Dy and c® > 0)
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Fig. 4. Simulation results of ADCNC with RBF network for g=2.1.
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<Dy or (|m| =Dy and o' Ad < 0)

. NnOAd , if |m
m=
Pr(1,,0Ad), if (|fh|=Dm and om'Aé&>0)
(59)
. [ n,0Ba,if V]| <Dy or (|¥| =Dy and c¥'B& <0) o
V=
Pr(n,oB&)if (||V| =Dy and oV Bé > 0) ©0)
where the projection operators are given as
Pr(c®) =00@—08'©
©®) 24 (61)
[l 6| u
AN o ATn ~
Pr(n,,0Ad) = nAmzzAAa nnom Ad 62)
ol
A o ATy A
Pr(n,0Ba) =1n,0Ba—n,0v Ba 63)

V|2A

V.

If the initial value of & is bounded (i.e., &(0)e Qy), |&] is
bounded by the constraint set €, for all t>0. Similarly, the
results can also be derived |m| is bounded by the constraint set
Qn if M(0) e @y and ||V is bounded by the constraint set € if
Vv(0) € Qy. Thus, the fact that the uncertain term ¢ is bounded can
be guaranteed by the modified adaptive laws (58)-(60). Next,
define variables as

Vo, = 6] (0O +61y) (64)

Vin = 12! <0A&+ m> (65)
M
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Fig. 5. Simulation results of ADCNC with RBF network for g=7.0.
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and

Vy=V"| oBé+ v .
My

If the projection algorithm is taken place, the property
6"6=(1/2)|o*|°~|6|*~||6]|*)<0 (Lin and Peng, 2004) is
applied according to 6] =Q, > |0*||, where 6 =4y, m, and V.
Thus, the following equations can be obtained

(66)

2 a2 s 12y . .
1% :EM&TOSO, for (|6u| =Dy, and 6@ > 0)

L2 k1S
(67)
#1212 [ (12
V. T T FLR
|mn |
for (|| =Dy and om'Ad& > 0) (68)
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Fig. 6. Simulation results of ADCNC with I-type learning algorithm for g=2.1.
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and

(v P =V]* =¥ *) . Trs X T

V"ZET‘? B& <0, for (|V¥|=Dyando¥ Bé > 0).
\'%

(69)

Then, the derivative of Lyapunov function (49) can be rewrit-
ten as

Vo=nVay+Vm+Vy— anPaTG)+a(8+urc)
< o(e+1iro). (70)

By substituting the robust controller (54), (70) can be rewrit-
ten as
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Fig. 7. Simulation results of ADCNC with I-type learning algorithm for q=7.0.

Using the same discussion in Section 3.3, the stability of the
proposed ADCNC system with the projection algorithm can be
guaranteed.

4. Simulation results

In this section, the proposed ADCNC system is applied to control
a chaotic system to verify its effectiveness. It should be emphasized
that the development of the ADCNC system does not need to know
the system dynamics of the controlled system. In the following, the
design steps of the ADCNC system are summarized as follows

Step 1: Initialize the pre-defined parameters of the ADCNC
system.
Step 2: The tracking error e, sliding surface s and second-order
sliding surface ¢ are given in (4), (5) and (7), respectively.
Step 3: Calculate the distance between incoming data z and
m;. If dpin >dy, is satisfied, a new Gaussian function is
generated with initial parameters are give in (21)-(23). If
condition is not satisfied, go to next step.
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Fig. 8. Simulation results of ADCNC with PI-type learning algorithm for g=2.1.
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Step 4: Update the significance index by (24). If [;<Ith is
satisfied, the jth receptive-field basis function is removed. If
condition is not satisfied, go to Step 5.

Step 5: The output of DSCN identifier is given as 4'®, where &,
m and v are estimated by (50), (58), (59) and (60), respectively.
Step 6: The control law is given in (40), where the computation
controller .. is given in (42) and the robust compensator is
given in (54).

Step 7: If end learning is false, return to Step 2, but if end
learning is true, go to STOP.

To show the effectiveness of the proposed DSCN which the
network structure can grow or prune systematically and their
parameters can be adjusted automatically, a fixing-structuring
RBF network is applied to estimate the change of the control
system dynamics. The simulation interval time is 0.001 s.The
simulation results of the ADCNC system with RBF network are
shown in Figs. 4 and 5 for g=2.1 and q=7.0, respectively. The
tracking responses of state x are shown in Fig. 4(a) and Fig. 5(a),
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Fig. 9. Simulation results of ADCNC with PI-type learning algorithm for g=7.0.
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the tracking responses of state x are shown in Fig. 4(b) and
Fig. 5(b), and the control inputs are shown in Fig. 4(c) and
Fig. 5(c). From these simulation results, it can be seen that a
favorable tracking performance can be achieved for g=2.1 but
q=7.0 cannot. It implies that the RBF network cannot estimate
the change of the control system dynamics well for g=7.0.

The simulation interval time is 0.001 s. The control parameters
are selected as a;=b;=2, ay=b,=1, #np=20, n=20,
Nm=Ne=Nr=1, 6=1.0, dth=0.3, 1=0.01, p=0.2, Ith=0.01, and
v =1.0. These parameters are selected through trails. The para-
meters #p, 45, §m, o and n, are the leaning rates. For small
learning rates, convergence of tracking error can be easily
guaranteed but with slow convergence speed. If the learning rates
are too large, the parameter adaptation laws may lead to
instability of the control systems. The parameters dth and Ith
are the structure learning thresholds. If dth is smaller, more new
layer can be easily generated to achieve a better approximation
accuracy. If the computation loading is an important issue, Ith
should be chosen larger, so that more existing receptive-field
basis function can be canceled. To compare the tracking effi-
ciency, the ADCNC with an integral (I)-type learning algorithm is
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Fig. 10. Simulation results of ADCNC with difference initial point for g=2.1.
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applied first. This is a special case of the developed ADCNC design
method for #p=0. The I-type learning algorithm can be found in
previous research works (Lin and Chen, 2009; Yeh, 2007). The
simulation results of the ADCNC system with I-type learning
algorithm are shown in Figs. 6 and 7 for ¢g=2.1 and ¢=7.0,
respectively. The tracking responses of state x are shown in
Fig. 6(a) and Fig. 7(a), the tracking responses of state x are shown
in Fig. 6(b) and Fig. 7(b), the control inputs are shown in
Fig. 6(c) and Fig. 7(c), and the number of the receptive-field basis
function are shown in Fig. 6(d) and Fig. 7(d). From these simula-
tion results, it can be seen that robust tracking performance can
be achieved without any knowledge of system dynamic functions.
However, the convergence of the controller parameter and track-
ing error is slow.

To speed up the convergence, the proposed PI-type learning
algorithm is applied with #7p=10. The simulation results of the
ADCNC system with PI-type learning algorithm are shown in
Figs. 8 and 9 for g=2.1 and q=7.0, respectively. The tracking
responses of state x are shown in Fig. 8(a) and Fig. 9(a), the
tracking responses of state x are shown in Fig. 8(b) and Fig. 9(b),
the control inputs are shown in Fig. 8(c) and Fig. 9(c), and the
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Fig. 11. Simulation results of ADCNC with difference initial point for g=7.0.

number of the receptive-field basis function are shown in
Fig. 8(d) and Fig. 9(d). It is shown that the convergences of the
tracking error and control parameter are accelerated by the
PI-type learning algorithm. So the number of DSCN layer can be
reduced comparing with Fig. 6(d) and Fig. 7(d). To demonstrate
the robust performance of the proposed ADCNC system, a initial
point changes to (1,1). The simulation results with initial point
(1,1) are shown in Figs. 10 and 11 for g=2.1 and q=7.0,
respectively. The tracking responses of state x are shown in
Fig. 10(a) and Fig. 11(a), the tracking responses of state x are
shown in Fig. 10(b) and Fig. 11(b), the control inputs are shown in
Fig. 10(c) and Fig. 11(c), and the number of the receptive-field
basis function are shown in Fig. 10(d) and Fig. 11(d). The
simulation results show that not only the perfect tracking can
be achieved but also the PI-type learning algorithm can speed up
the convergence of the tracking error.

Finally, to achieve smaller attenuation level, the case for §=0.1
is reconsidered. The simulation results of the ADCNC system with
smaller attenuation level are shown in Figs. 12 and 13 for g=2.1
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Fig. 12. Simulation results of ADCNC with smaller attenuation level for g=2.1.
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Fig. 13. Simulation results of ADCNC with smaller attenuation level for g=7.0.

and g=7.0, respectively. The tracking responses of state x are
shown in Fig. 12(a) and Fig. 13(a), the tracking responses of state
x are shown in Fig. 12(b) and Fig. 13(b), the control inputs are
shown in Fig. 12(c) and Fig. 13(c), and the number of the
receptive-field basis function are shown in Fig. 12(d) and
Fig. 13(d). It is shown that the better tracking performance can
be achieved as specified attenuation level § is chosen smaller.

5. Conclusions

This paper has successfully developed a dynamic structure
CMAC network (DSCN) with online adjusting suitable memory
space of the CMAC network. In the memory reinforcement
process, new associative memories will be generated when the
current architecture is insufficient. On the other hand, the
inefficient memories will be detected and reorganized in the
memory reorganization process. Then, an adaptive dynamic
CMAC neural control (ADCNC) system with a proportional-
integral (PI)-type adaptation learning algorithm is proposed. The
proposed ADCNC system is composed of computation controller

and a robust compensator. The computation controller containing
a DSCN identifier is the principal controller and the robust
compensator is designed to achieve a L, tracking performance
with desired attenuation level. The proposed adaptation laws are
derived in the sense of Lyapunov function and Barbalat’s lemma,
thus the system can be guaranteed to be stable. Finally, some
simulation results show the effectiveness of the proposed ADCNC
system. The simulation results verify the proposed Pl-type learn-
ing algorithm can achieve a faster convergence of the tracking
error and controller parameters. And, the self-constructing
approach demonstrates the properties of generating or pruning
the layers in CMAC network automatically.
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