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Abstract

An adaptive control technique, using dynamic structure Gaussian radial basis function
neural networks, that grow in time according to the location of the system’s state in
space is presented for the affine class of nonlinear systems having unknown or partially
known dynamics. The method results in a network that is ‘economic’ in terms of network
size, for cases where the state spans only a small subset of state-space, by utilising less
basis functions than would have been the case if basis functions were centred on discrete
locations covering the whole, relevant region of state-space. Additionally, the system is
augmented with sliding control so as to ensure global stability if and when the state moves
outside the region of state-space spanned by the basis functions, and to ensure robustness
to disturbances that arise due to the network inherent approximation errors and to the
fact that for limiting the network size, a minimal number of basis functions are actually
being used. Adaptation laws and sliding control gains that ensure system stability in
a Lyapunov sense are presented, together with techniques for determining which basis
functions are to form part of the network structure. The effectiveness of the method is
demonstrated by experiment simulations.
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1 Introduction

The recent years have seen a development in the use of neural networks for the analysis and
design of controlling nonlinear systems [21], [24], [2], [29], [33], [40], [19], [16], [32]. While the
role of neural networks in these techniques are to learn some underlying functional related
to the system, the methodologies differ in how they are utilised. They range from learning
control action by reinforcement signals [1], learning the inverse dynamics by using trial and
error responses [31], [21] and hence without any guarantee of stability, to indirect adaptive
control based on neural network identification [24] and recently, direct adaptive control that
guarantees stability of the overall system [29], [33], [40], [16], [32]. The neural networks used
for control are the multilayer perceptron (MLP) with sigmoidal units [20], as in [31], [21], [24],
[16), [32] and the radial basis function (RBF) networks [4], [28], as in [29], [33], [40], [1].

The neural direct adaptive controllers are designed for the affine class of nonlinear sys-
tems having unknown or uncertain dynamics. The control signals are generated based on
approximate feedback linearisation techniques [36) using the neural network approximation
to the functions (of the n-dimensional system state) representing dynamics [33], [40], [16].
Recently, neural direct adaptive control scheme for non-feedback linearisable systems have
also been developed [32]. Adaptation in these direct adaptive controllers involves the on-line
or sequential adjustment of the parameters of the neural networks based on adaptive laws
derived in a manner similar to the classical Lyapunov-based model reference adaptive control
(MRAC) design [3], [18], [22], [34] where stability of the system in the presence of adaptation
is ensured. This guarantees the control aim of forcing the tracking error to tend to zero or at
least remain bounded.

The radial basis function (RBF) network is more suitable for on-line or sequential adap-
tation, being insensitive to the order of presentation of the signals used for adaptation. With
the use of Gaussian activation functions, the RBF network forms a local representation (as
opposed to the sigmoidal MLP) where each basis function responds only to inputs in the neigh-
bourhood of a reference vector stored as the unit centre. The spread of the neighbourhood is
determined by the unit variance parameter.

In using RBF networks, one typically places the centre of the basis functions on regular
points of say, a square mesh covering a relevant region of space where the state is known
to be contained, denoted by a compact set x, C ™. This region therefore is the network
approximation region, which in general is known for a given system. The distance between
the points, say p, affects the number of basis functions required to span the region x» and
hence determines the size of the neural network. On the other hand, x depends on the level
of accuracy of approximation required of the neural network, where a large p would lead to
a coarser approximation while a small g would lead to a finer approximation. In fact, as
developed in [33], use of a systematic procedure is possible for determining the variances and
centres of the basis functions that ensure the network approximation accuracy to be uniformly
bounded everywhere within a relevant and finite region of state-space.
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Systems with order higher than one (n > 1), typically exhibit the property that during
operation, the state x(t) will scan only a subset of the state-space in x» [33], [40]. For the
Gaussian RBF network, with the basis functions having a localised receptive field, most of the
basis functions lie outside this subset and are not used for function approximation and their
parameters are barely changed during adaptation. This implies that placing basis functions
on all mesh points within x, results in a lot of redundancy. An efficient scheme to overcome
this problem has already been developed for time-series analysis and system identification [27],
[15), [13) and for classification [14], where the Gaussian RBF network is ‘grown’ by placing
units in regions of state-space visited by the system during operation giving rise to a dynamic
network structure. This results in a much smaller network in which all of the basis functions
are utilised effectively and with much reduced storage and computational requirements.

A dynamic structure neural network has been developed for reinforcement learning con-
troller design [1], which is based on the ideas of [27] used in time-series analysis. Similar
suggestions for the direct adaptive controller have been made in [33], and in this paper, these
suggestions and the growing network ideas from identification will be used in developing the
dynamic structure neural network stable adaptive control scheme. The scheme developed
here follows closely and makes use of the theory developed in [33], [40] with the ideas from
identification [27], [12], [15) and makes appropriate modifications.

The use of neural networks with finite number of basis functions will inherently result in
the presence of approximation errors which gives rise to a disturbance signal [33], [40], which
in turn might lead to parameter drift (23], [22], [34]. The robust adaptive control scheme used
in [33] is restricted in that to ensure stability, at any one time a minimum number of nodes
or units needs to be activated in the vicinity of the state trajectory. This minimum number
increases with the desired tracking accuracy. This is due to that fact that to ensure robustness
to parameter drift [33] uses simple dead-zone adaptation [22], [36], [29], which requires the
disturbance signal to be uniformly bounded with the size of the bound determining the size
of the dead-zone [6], [26]. On the other hand, the dead-zone size also affects the tracking
accuracy; the higher the tracking accuracy the smaller the dead-zone and hence smaller must
be the bound on the disturbance to ensure robustness. The latter implies that more nodes
need activation at any one time so that for the dynamic network scheme, the need for network
growth becomes stringent if a greater tracking accuracy is desired. This in turn results in
networks that grow unacceptably large, reducing the benefits of the dynamic network scheme.

In this paper, we offer a solution to the above problem by combining the ideas proposed
in [39], [40], where the control law is augmented with a low gain sliding control [42], [41] term
whilst X € xa to ensure robustness to the disturbance. The use of low gain sliding control
results in a situation where the adaptation dead-zone, and hence the desired accuracy, is
independent of the size of the disturbance term, since the disturbance is compensated for by
sliding control. Thus, it appears as though there is no restriction on the minimum number
of nodes requiring activation at any one time, so that the network growth rate becomes a
design parameter whose choice does not affect the tracking accuracy. In practice however,
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this argument must be modified slightly because as we shall see later, both the dead-zone
width and the sliding gain affect the bandwidth of the control signal [36], [40]. The bandwidth
allowed is bounded above so that the excitation of high frequency unmodelled dynamics is
avoided. The limitation on the bandwidth forces a compromise to be struck between the
tracking accuracy and the growth rate of the neural networks against the maximum control
bandwidth.

In addition to the low gain sliding control, a high gain sliding control as in [33], is used
for the additional property of forcing the state back into the network approximation region,
whenever the state drifts outside it, ie., X & xn. These techniques ensure convergence of the
tracking error to a neighbourhood of zero and global stability, respectively. The effectiveness
of the proposed neural adaptive control scheme is demonstrated for the class of systems
considered in [39], [40].

In summary, a dynamic network scheme with node activation techniques is proposed
for the neural network direct adaptive control scheme developed in [33], [40]. Appropriate
modifications for the sliding control gain necessary to ensure global stability and convergence
of the tracking error to a neighbourhood of zero are developed. The neural adaptive controller
is optimal in terms of network size while guaranteeing stability and robustness in the presence
of disturbances and approximation errors.

The background for the development of the dynamic structure scheme is provided in sec-
tion 2, based largely on the system presented in [39], [40]. In section 3, concepts dealing
with the dynamic network structure and the corresponding activation and adaptation laws
are introduced. Stability of the system is analysed and the conditions necessary to ensure ro-
bustness of the closed loop system are determined. Implementation issues are also addressed,
where a technique is suggested that speeds up the process of detecting if a node has been
previously activated. Section 4 illustrates the operation of the adaptive control scheme using
two example simulations, demonstrating the effectiveness of the system in keeping the size of
the networks limited to smaller values when compared to a full-sized network scheme. Finally,
the conclusions are provided in section 5.

2 Control of affine nonlinear systems

The control task is to ensure that the affine nonlinear system output tracks a desired output.
The development of the ideas will be restricted to the case of single input single output (SISO)
systems, noting that the extension to multiple input multiple output (MIMO) systems is
straight forward.

Let the system output be y(t). The system output vector y(t) = [y y(¥)...y("~1]T needs
to track the desired output vector y4(t) = [¥a yﬁ” . .yg"‘)]T. The affine class of nonlinear

3
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SISO systems can be expressed by equations in an affine form:
y() = f(x) + g(x)u(t) (1)
where:

o f(x),g(x) represent nonlinear functions (namely the Lie derivatives of the system dy-
namics) of the state vector x(t) : Ry — R™.

o 7 represents the relative degree of the system.

(") represents the r** derivative with respect to time of the system output.

()

Yy Tepresents the i*h derivative with respect to time of the desired output, assumed
bounded ¥V ¢, 0 <2 < 7.

u(t) represents the input to the system, ie., the control signal.

Theoretical descriptions of such systems are found in [11], [34], [36].

2.1 The control law

A state diffeomorphism T converting the states x to the so called normal states z ie., z = T(x),
exist near any given point x = x, when the relative degree r of the system is defined and
T < m, such that in the neighbourhood of x,, the system (1) can be expressed in the normal
form as follows [11], [34], [25], [36]:

5, = 2,
Ay = A, 2)
s, = f(x)+g(x)u
iz = 1(21,22)
Yy = 2z

where z = [z; 25)7, 2z1(t) : R4 — R represents the output and its (r — 1) derivatives
(z = y(t)), z2(t) : R4 — R"" represents the internal dynamics and I(z;,2z;) is a vector
function of z;, z2. As proved in [34], if the functions f(x), g(x) are known, the zero-dynamics
I(0, z;) of the system are globally exponentially stable and I(z;, 2z;) have continuous and
bounded partial derivatives in z; and z;, good tracking performance and stability is achieved
for the affine class of systems when controlled by a law that keeps z; bounded, such as the
feedback linearization control law: '

—f(x) + (1)

=06

(3)
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where
v(t)= yg") —a, ™ = = aqe (4)

is an auxiliary input,
e=(y - vd) (5)

is the output tracking error and coefficients a; are chosen such that I'(s) = (s" + a,s"1 +
...+ 1) is a Hurwitz polynomial, s being the usual Laplace variable.

Equations (1) and (3) show that this control law results in input — output dynamics that
are linear and stable, namely:

y™ = (1) (6)

When the nonlinear functions are known but are linearly parameterised with unknown pa-
rameters, adaptive control techniques that do not require the use of neural networks have
been developed ([35], [17], [38]). However in the absence of known Lie derivatives, one must
resort to adaptive control techniques whereby approximations f(x), §(x) to the actual Lie
derivatives f(x), g(x) are determined via the neural networks, and used in the control law:

—f(x) + (1)

=5

(7)
as the closest possible law to equation (3) [40]. As in [39], [40], it is assumed that:
9(x) 2 gi(x) 2 g1 >0, Vx (8)

where gj(x) is a state-dependent lower bound on g(x) and g; is a constant lower bound on
g1(x); both bounds being known.

To ensure global stability and convergence of tracking error to zero [33], [40], [39], control
law (7) is augmented by a sliding mode control term u,(t) [42], [36], such that the control
input u(t) becomes:

u(t) = wal(t) + ual(?) (9)

2.2 The neural networks

During this last decade, neural networks have been used effectively in pattern recognition,
optimisation, signal classification and control problems [8], [21], [2]. The two principal types
of neural networks that have emerged are the sigmoidal multiple layer perceptron networks
[20] and the radial basis function (RBF) [30] neural networks [4], [28].

In [40], [39], a pair of Gaussian radial basis function neural networks are used to generate

the approximations f (x), §(x) for x € xn. The overall arrangement of the adaptive control
scheme using neural networks is shown in Figure 77.

5
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Figure 1: Neural network based adaptive control scheme.

The approximations are achieved via the functions:

f(x) = k(X)W ()@5(x)+ fo(x)

§(x) = KE)WI(t)®y(x)+ go(x) (10)

where,

® Wy, W, are k-dimensional parameter vectors

o &4(x), ®,(x) are k-dimensional basis function vectors, whose i** element is a Gaussian
function of the form: .
& = exp ——5—‘——”’:;:””
x| (1)
Oy = eXP\ T 7
such that:

— my,, my, are n-dimensional vectors representing the centre of the i** basis function

- rf}, a_g are the variances representing the spread of the basis functions.
o f,(x), go(x) are known prior estimates of f(x), g(x) respectively.

e k(x) is a state-dependent function. This entails the definition of x as a subset of the
network approximation region xn, being slightly smaller than x,, so that k(x) is defined
as:

1 if x € x;
kK(x)=4q 0<e<1 if x € x;, and XE€ xn (12)
0 if x & xn
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Further, it is assumed that given any uniform bounds ¢y, ¢; and the prior estimates f,, g,
we could always find (non-unique) optimal parameter vectors w}, wy and an optimal number
k* of basis functions, such that V x € xn, the network approximation errors satisfy:

| f*(x) = f(x)] < €5
lg*(x) = g(x)| < €

|Ag
|A]

(13)

where f*(x) = f(x, w},k*) and ¢*(x) = g(x, wy, k*). This follows from the Universal Ap-
proximation property exhibited by feedforward neural networks [5], [7], [9], and in particular
for our case, by radial basis functions [30].

The radial basis functions are placed on regular points of a square mesh in y, so that
the mesh point separation, p, depends directly on k* and the size of xn. W} and wy, the
optimal parameter vectors that ensure the above accuracy are, however, unknown and must
be estimated. This represents adaptation and is performed in an on-line manner, where the
actual parameter estimates Wy, W, are adjusted recursively in time. The difference between
the actual parameters and their optimal values is called the parameter error, denoted as:

ﬁ’f(i) = \‘Vf(t) - W}

Wy(t) = viy(t) - w; (14)

2.3 The adaptation laws

As derived in [39], [40] the parameter vectors Wy, W, are adapted according to the laws:

d_%!_ = nsk(x)e1a(t)®s(x)

15
e o p(x)eral) B (x)ua(t) (1)
where:
_ 0 if —d<e< ¢
@1 (t) = { er - gsign(er) if el > ¢ (16)

represents a dead-space function on e;(t).

e (1) is a filtration of the tracking error e(t) such that e;(t) = 8,e("=1) 4+ ... + fye, or
in the s-domain e;(s) = ¥(s)e(s), where the (r — 1)th order polynomial ¥(s) is chosen
as a Hurwitz polynomial and such that ¥(s)I'=1(s) is strictly positive real [22], [3].

® 74,7, are positive adaptation rates.

® ¢is the boundary layer thickness associated with the sliding mode control augmentation
H,](t) [36]5 [39]1 [40]'
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In addition, a parameter resetting mechanism is included that ensures that:

9(x) 2 qi(x) - €(x), VxE€Exn (17)
where €*(x) is a small positive function such that g;(x) — €*(x) > 0, V x € xn and go(x) >
gi(x)s v x g Xn -

Use of adaptation laws (15) and the control law:

‘u(t) = ual(t) + u,;(t) (18)
where:

uy(2) .-=.—'E(x, t)sat (%) | (19)

with k(x,t) being a state-dependent sliding gain and

1 if r2>1
sat(r)=¢ ¢ if -1<r<l1 (20)
-1 if r<~-1

results in closed-loop system stability, with the filtered tracking error e;(t) converging to a
value such that |e;(t)| < ¢. This is ensured by Lyapunov stability considerations [39], [40].

3 Dynamic network structure

Dynamic structure neural networks are based on the idea that one could start with a net-
work having no basis functions and gradually allocate basis functions in response to some
conditions being satisfied. This way, the network ‘grows’ sequentially according to some rules
which ensure that the function being approximated is learned up to the required levels of
accuracy, using only a minimal number of basis functions. Such an approach contrasts with
the fixed structure neural networks described in the previous section, whereby the number of
basis functions is determined a priori and remains fixed. The use of such dynamic structure
methods for Gaussian radial basis function networks in the context of system identification
and function estimation is analysed in [27], [12], [15], [13]. For control applications Sanner
and Slotine [33] suggest a dynamic network scheme that is still linked to the concept of a mesh
as utilised in a fixed structure neural network. In this technique each mesh point represents a
‘potential’ location in state-space, where a basis function ‘could’ be placed if the need arises.
Basis functions that are actually placed on such points represent activated basis functions,
and the network ‘grows‘ as more of the nodes are activated, contributing to the dynamic
structure neural network. This technique of radial basis function placement shall be referred
to as selective node activation,

This scheme is justified by considering adaptation rules (15), expressed in discrete form,
namely:
Awy = T]}K(X)ElA(t)@f(x) (21)
Aw, = mk(x)e1a(t)®y(x)ua

8
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where AWy, Aw, denote the change in the parameter vectors Wy, W.

Notice that if ®;(x), the i** element of ®; or &, is small then Aw; will also be small.
Thus, if the i** basis function is centered ‘far away’ from x(t), the change in the parameter
for node ¢ will be negligible so that no great change in performance should be noticed, if this
change in parameter is ignored. Moreover, as shown in [33], if one starts with all parameters
equal to zero, ie., Wy = W, = 0 at time ¢t = 0, and assuming that, as noted above, one need
not change the parameter of basis functions that are centered ‘far away’ from the current
state x(t), we shall have radial basis functions with non-zero parameters (referred to as active
nodes) only in the localized regions of state space where x(t) has ventured, referred to as
active space. In this scheme, the network output is due to the contribution of the nodes
centered on mesh points (in X, ) that are located in regions where ®;(x) has been significantly
large at some time during the interval from the start of operation up to the present instant.
The rest of the basis functions, referred to as passive nodes, need not have existed at all since
their contribution to the network output is nil. Thus, one could activate a basis function
at any time t, only if its value is significantly large, unless otherwise it has already been
activated previously. This selective node activation technique results in a dynamic structure
basis function vector ®, and its corresponding dynamic parameter vector w,, composed of
basis functions and parameters of active nodes only, rather than all the nodes in x», as in
equation (10). These vectors are dynamic in the sense that they can grow in size according
to which nodes are activated and, if the active space is small compared to xn, the number
of nodes in such dynamic networks is significantly less than that of the non-dynamic case,
considered in the previous chapter, because the passive nodes are simply ignored.

Note that if the input is such that most regions of state-space in x, will be traversed, nearly
all nodes in X, would be activated and the size of the dynamic network will be approximately
equal to that of a non-dynamic scheme utilising a ‘full-size’ network. Hence there is no
guarantee that the size of the dynamic network will be significantly less than that used in a
‘“full-size’ network scheme. However, in a typical scenario, for systems of order higher than 1,
it is the case that active space spans only a small subset of xn, resulting in a much smaller
dynamic network when compared to a ‘full-size’ network.

Consider the case in which a node i (in xn) is activated at time t, provided that it was
not previously activated and that its basis function satisfies the condition:

@i(x(t)) 2 bmin (22)

where 6min Tepresents an activation threshold (6min is constant and satisfies 0 < 6min < 1)
below which the output of the basis function is considered negligible.

Further, using the definition of Gaussian basis functions of equation (11), it follows that
for a basis function centered at my, or my, to be activated, then respectively:

|Ix(t) = my][?> £ =207 In(6min) (23)
|Ix(t) = mg,|* £ =207 In(bmin)

9
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In general, equation (23) represents a space enclosed within an n-dimensional ball of radius
v/=202In(bmin), that is centered around x(t), the present state. Hence, all nodes centered
on mesh points within the ball must be activated, unless they have already been activated.
Note that the larger the activation threshold, min, the smaller the size of the ball, and so
less nodes are activated at any one time, restricting the network growth rate further. Figure
2a shows the above ideas for a 2nd order system, where the ball is thus a circle.

Potential RBF centres Potential RBF centres
x2 / (mesh nodes) = (mesh nodes)

e o @ 6“’:'5 e 0 o o ¢ ® o ° © 5 o ¢ e @® "'""" e o ® & ® & ° 0 0 ©° o
® ® 8 2 & ® 8 ® @ ® @ @ ® ° 0 @ e ¢ ¢ o o 0 8 © © © © ° 9 © O @
® o » ® o 8 o o e s o o @ .X(l). e o o ° e @ o o @ 'x(l.).
e o 8 o ¢ o 8./o ¢ o ° o o o o o e o @ e o o 0 o 0 o
o .0t . e e o o ® o ® ® s v e e 8 o o ® @
‘r"'F‘ 5 e o o o ® o o @ i e o o 0 o 0 o
'.‘- -:. - e e o o © o ® @ b e e ® @ © @ @
o - 1 8 L] e e o o o o o o ‘._ _h - e & o ® o o @
® o [ e @ ® o @ o o @ e B ® o ® @ ® o @

sqri(-2 o?n(dmin)) _— m E————
x1 x1

(a) (b)

Figure 2: Selective node activation technique: using a hypersphere or a hypercube.

As will be clarified subsequently, although slightly more nodes would be activated, it is
more convenient to activate nodes that are located on mesh points within a hypercube that is
centred on the nearest mesh point to x() with length equal to [y, where [ is the closest integer
to \/=202In(émin)/p, Tather than a ball centred on x(t). This way, the hypercube edges
coincide with the mesh points, as shown in Figure 2b. The main reason for this modification
is the simplicity in evaluating the order of magnitude of that part of the disturbance term
arising because of selective node activation. In addition, determination of the nodes to be
activated at any one time is facilitated, an advantage whose benefits are felt more the higher
the system dimensionality.

3.1 Dynamic network adaptive controller

Using a dynamic network scheme, the output of the neural network at time ¢ consists of the
contribution of the active basis functions. Denoting the basis functions and parameters of
such active nodes as dynamic vectors @,, ®ga, Wsa, Wga; for the f(x) and g(x) networks
respectively and the output of the dynamic networks as fa(x), §a(x) then:

fn(x) = K(x){v?a(t)éfa(x) + fo(x) (24)
§a(x) = K(X)W,(t)Pga(%) + go(x)
Hence, in this scheme, the control law is:
u(t) = u,,,:(t) + ‘u,z(i) (25)

10
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where:

wa(t) = =y (26)

ug(t) = —kgsat (%)

k, being the sliding mode gain to be determined subsequently.

Now, by definition of f*(x), g*(x) and equations (10), (13) we get:

f(x) = k(xX)w;T®;-Ap+fo
g(x) = n(x)w; T@, eEAYE 9o

where for convenience, the argument (x) has been dropped for Ay, Ay, fo, go. Consider
indexing w}, wy, the optimal, ‘full-network’ parameter vectors, such that the first series of
elements are the optimal parameters of the active nodes, denoted by sub-vectors w},, wg,,
and the next series of elements are formed from the optimal parameters of passive nodes,
denoted by sub-vectors w},, W, which represent nodes not yet activated. Similarly, Wy,
W, the full network parameter vectors are indexed accordingly into subvectors W ., Wya,
Wip, Wgp. By definition, being passive, the last two subvectors and their time-derivative are
zero vectors. Hence,

- ﬁ"fa. - ﬁ;a » W*a * wy
Wf:[ﬁ.rfpjl,wg=[‘;"z?] e WJ‘:[ {],wgz[w{“] .

(27)

Wiv gp
where W ¢,, W, are zero vectors. Using the same indices re-index similarly @y, ®,, e,
Q_fu. ] [ ® a
$; = [ $, = £ (29)
@5 | ‘ ®sr
where:

o &,(x), B,.(x) contain the basis functions of active nodes.

o &,,(x), ®,,(x) contain the basis functions of passive nodes.

Thus, substitution in equation (27) gives us:
f(x) = Kk(X)(Wil®sat Wi Bsp) = Ast fo
9(x) = R(x)(w;aT@FG * w}pTQQP) - Bg+ 90
Hence, subtracting from equation (24) we get:

fa(x) = £(x) k(X)WT, 810 = K(X)W,B1p + Af
Go(x)—g(x) = ‘(x)‘i’g;';‘gu - K(x)‘.“"gp@yp + 4

(30)

(31)
= i x = _ * = — * = — *
where, Wyo = Wyia — W},, Wga = Wga — Wgo, Wep = Wpp — Wi = —Wh, Wop = =W,

Substitution of control law (25) in the system dynamics (1) and substituting for »(t) and
e(t), implies:

) 4 o, elmN) 4 4 age = f(x) = fa(x) + (9(X) = a(X))tar + g(x)ua (32)

11
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Also equation (3) implies that: e(”) + a,e(™=}) + ...+ @y = I(s)e(s) in the Laplace domain,
so that substitution of equation (31) in (32) results in the following error dynamics:

T(s)e = —kWh, @0 — kWL ®gatar + g(x)ua(t) + da(t) (33)

where,
da(t) = kw} @y + KWl @gplial — Ag = Agllal (34)

represents a disturbance term that enters the error dynamics due to:

(i) The network inherent approximation errors Ag(x), Ag(x).

(ii) The selective node activation scheme, which ignores the contribution to the output of
nodes that have not been activated, giving rise to errors in terms of the passive nodes.

Note that in [40], the disturbance was due only to (i), whilst in this case it is augmented by
the errors due to selective node activation.

By equation (15), e;(t) = Te(t) so that in terms of e;, the error dynamics becomes:
e = UL~ (—k(x)WT, (1)@ 5o — K(X)Wyo () @gatiar(t) + 9(X)uai(t) + da(?)) (35)

As in [33], [40], [39], we could use sliding control in the system with e defining a sliding
surface if YI'~?(s) has a first-order lag transfer function, say:

¥T1(s) = kq >0 (36)

1
s+ kg’
so that:

g = —kge; — ﬁ(x)‘i’?a(t)@fa - ”(x)‘i’g"a(t)q’snual(t) + g(x)us(t) + da(?) (37)
where u, = —k,sat (%)

We propose the use of adaptation laws as in [40], [39], but based only on active nodes, te.,

%.L‘. i T]ff{(x)€1b(t)(pja(x)

dWge (38)
=& = ny"(x)elA(t)‘:'yn(x)unl(t)
together with a parameter-resetting mechanism:
Woa(t) = Woa(t) + (91 — Grna)||Ba(X)]| 72 @ga(x) (39)
which is activated at any time t if:
gna(x) < gf(x) - E*(x)a Vxe Xn (40)

where:
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® gna(x)= Vﬁ"g‘n(t)‘psa(x) + Go-
e ¢*(x) is a small, positive function such that gi(x) — €*(x) > 0, VX € xn.

e ga(x) Z gl(x)$ vV x Q’ Xf_L'

o tt denotes the time just after the resetting mechanism is activated.

This resetting mechanism ensures that after a parameter reset, §o(x) > gi(x), thus maintain-
ing g.(x) bounded below by g;(x) — €*(x).

3.2 Stability analysis

System stability is analysed by use of the Lyapunov function
efr 1 1. - T <

V= + —W;Wjs+ —W, W, (41)
where Wy = Wy — Wi, Wy = Wy — Wy
(a) For |e;| < ¢: In this case e;o = 0 so that equation (41) implies:

1 .
= -—WiWy+ o—W, W, > 0. (42)
9

Hence, V is a suitable, positive-definite Lyapunov function candidate for the given range
of e;.

Differentiation with respect to time gives:

o _ 1 s TIW 1 5 Taw
VoS avrE tdw! dw
= ke [ ﬁ.T wT ] dtn 22 1w wT ] _dt‘E (43)
ng fa i 2%’& ng ga gr %
t dt

where re-indexing of terms into active and passive nodes as before has been performed.
. . dw " .

Being a dynamic structure network, —#& = 0, d—‘i’f”- = 0, by definition of passive nodes,

and equation (38) implies that for this range of e;, dj‘?{—“, ‘%’f& = 0, hence

V=0 (44)

(b) For |e1| > ¢: In this case e;a = (&3 — ¢sign(e;)) so that equation (41) implies:

(e1 — gsign(e1))? | Wiwy WIW,

2 2ny 21

V= >0 (45)
Hence, V is a suitable, positive-definite Lyapunov function candidate.
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