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Abstract

In this paper, aflight control scheme in which a Radial Basis Function Network (RBFN)
aids a conventional controller has been developed. The RBFN controller, consisting of vari-
able Gaussian functions, uses only on-line learning to represent the local inverse dynamics
of the aircraft system. Using Lyapunov synthesis approach, a tuning rule for updating all
the parameters of the RBFN (including centers, widths as well as the weights of the output
layer) is derived, which extends Kawato’'s strategy in which only the weights were adapt-
able. The proposed tuning rule guarantees the stability of the overall system with improved
tracking performance. Simulation studies using a F8 aircraft longitudinal modd illustrate
the superior performance of the proposed scheme over the earlier scheme of Sadhukan and
Feteih. The simulation studies further indicate that the results can be extended to a dynamic
RBFN in which the hidden neurons can be added/pruned, thus producing a more compact
network structure.
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1 Introduction

Due to their powerful ability of approximating nonlinear functions, control laws and design
methods incorporating artificial neural networks have been extensively studied. In the area
of flight control, Calise et al. has summarized some current research efforts of using Neural
Networks (NN) for flight control system design [1]. It has been shown that neural networks

with on-line learning can adapt to aircraft dynamics which is poorly known or rapidly changing.

NN with on-line learning capability for flight control applications was reported in [2], where
Sadhukan and Feteih presented an exact inverse neuro controller with full state feedback for a
F8 aircraft. The objective of the controller in an autopilot mode was to closely track the pilot's
throttle and pitch rate commands. Napolitano et al. [3] studied the performance of various NN
based designs of autopilot systems for implementing a variety of flight control functions. In
most of these applications, feedforward network with Back Propagation (BP) learning algorithm
or its extentions has been the main paradigm. It is known that using feedforward network
and the BP agorithm, problems arise with local minima and saddle points, and the algorithm
itself has a very slow convergence rate. Recently, results on robust nonlinear adaptive flight
controllers have been developed by Calise and his coworkersin [4][5], where stability proofs for
the proposed neural (MLP neural networks) flight controllers have been presented. Further in
[6], limitations of using neural networks in real world adaptive control applications are analyzed

and further needed research work have been pointed out.

Since the early nineties, RBFNs with Gaussian function have been widely used as the basic
structure of neural networks in nonlinear control [7][8], due to its good global generalization
ability and simple network structure that avoids unnecessary and lengthy calculations [9]. For

on-line implementation, Sanner and Slotine [10] developed a direct adaptive tracking control
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architecture using Gaussian RBFN to adaptively compensate for plant nonlinearities. Gomi and
Kawato [7] proposed a “feedback-error-learning” control strategy, where a Gaussian RBFN is
used for on-line learning the inverse dynamics of the system. Recently, Polycarpou et.al. has
also presented a control design approach for a class of nonlinear plants, where an adaptive
bounding technique is employed to handle the unknown network reconstruction error [11][12].
In these schemes, the adaptive tuning rules are derived based on Lyapunov synthesis approach
and guarantee the closed-loop stability. However, in aircraft flight control, there are only limited
papers which explore the application of RBFN. In [13], Singh et al. used a RBFN to suppress
wing rock for a slender delta wing configuration. Calise presented the use of RBFN to cap-
ture variations in Mach number in [14], as these variations are difficult to be represented by
polynomial functions in the transonic region. In al the above mentioned applications, when
implementing the network structure, the number of hidden units, centers and widths are always
fixed, and then the weights of the network are estimated. In practice, it is difficult to choose
the centers and widths appropriately, especialy for on-line implementation when the dynamics
may be changing. The use of inaccurate centers usualy results in the deterioration of the per-
formance. In order to overcome this problem, a large number of hidden neurons need to be

selectedd and this in turn results in slow on-line learning [15][16].

In contrast to the conventional approaches, recently, fully tuned RBFNs have begun to exhibit
their potential for accurate approximation. In a fully tuned RBFN, not only the weights of
the output layer are updated, but also the other parameters of the network (like the centers
and widths) so that the nonlinearities of the dynamic system can be captured as quickly as
possible [15][17]. It isin this context that this paper attempts to explore the use of the fully
tuned RBFN for aircraft control applications. A simple control architecture originating from

Kawato's feedback-error-learning scheme [7], incorporating a fully tuned RBFN controller is



presented. Using the Lyapunov synthesis approach, a stable tuning rule for updating all the
parameters of the RBFN are derived and this rule guarantees the local stability of the overall
system aong the desired trgjectory. In addition, the robustness of the proposed tuning law in
the presence of the neural network approximation error as well as the system model error is also

analyzed.

In order to evaluate the proposed scheme with an already existing neuro contrtol scheme, the
linearized F8 longitudinal aircraft modd of [2] is utilized for simulation studies and the results
demonstrate the better performance of the proposed method. Also, a dynamic RBFN with
Growing And Pruning (GAP) strategy is investigated and the results indicate that with the GAP

strategy, the network structure is more compact.

The paper is organized as follows: Section 2 gives a brief description of the problem and section
3 derives the stable adaptive tuning rule for afully tuned RBFN, where the stability of the overall
system is guaranteed. A robustness analysis of the proposed scheme to the approximation error
and model error is also presented. Section 4 presents a comparison study of using a fully
tuned RBFN and the RBFN with only tuning of the weights based on a F8 longitudinal aircraft
model. Section 5 discusses the dynamic structured RBFN and presents simulation results with
a comparison to earlier obtained performance. Section 6 summarizes the conclusions from this

study.



2 Problem Formulation

The aircraft dynamics is represented by a bounded input, bounded output (BIBO) continuous

system,
PO x = f(x,u) Q)

In EqQ.1, smoothness of f() is assumed. x isan x 1 state vector, u isp x 1 control vector. It
is assumed that £(0,0) = 0, so that the origin is an equilibrium state. In general, the number of
the control inputs is less than that of the states (p < n). It is known that under this condition
only the p states can be tracked perfectly. Partitioning x into x; and x,., the aircraft dynamics

can be written as,

X‘t ft (X7 U.)
DI = )

X, fo(x,u)
The problem studied in this paper is to design a neuro controller such that the given p states
x; € x of the aircraft can track the desired commands x,; accurately, while the other states
x, € x asymptoticaly approach the equilibrium point x4.. Determination of the conditions
under which a solution u,(t) exists forms part of the theoretical control problem. Based on

the earlier studies in [18], to accomplish the above control target, the system should satisfy

Assumption 1.

Assumption 1: f;(x,u) has continuous bounded partial derivative in a certain neighborhood of

all the points along the desired trajectory and the matrix %"T’“) is nonsingular.

It follows from the Implicit Function Theorem the desired u,(t) can be expressed as,

uq(t) = fi(xa, xas) (©)



where f;, ap x 1 smooth function, is the inverse function of f;, and x,; = [x%, x% ]7.

In the next section a RBFN is chosen to approximate EQ.3, and the main contribution of this
paper is using Lyapunov stability theory to derive the tuning rule for updating all the parameters

of the RBFN.

3 Fully Tuned RBFN Controller

The tuning law for adapting the weights of the RBFN has been derived in earlier papers [7][10].
In this paper, the updating rule for a fully tuned RBFN controller is derived based on the

feedback-error-learning strategy. The robustness of the proposed algorithm is also analyzed.

3.1 Control Strategy

A simple control strategy, which is similar to the well-known “feedback-error-learning” scheme,
is proposed in Fig.1. This scheme is adopted in this study because it has the advantage of
generating the desired input signal without requiring that the network be trained initially off-
line. Moreover, the outputs of the neuro controller u,,,, which has fault tolerant ability through

on-line learning, only depend on the desired input trajectory profile.

Assuming all the states of the system are accessible, the tracking error e isdefined ase = x—x4.

The error dynamics for the overall system is,

é=x—xq=f(x,u) - f(xq,uq) (4)

Since only the local stability of the system is considered in this paper, EQ. (4) can be expanded



along the desired trgjectory using Taylor series. Neglecting al the higher order terms,

. Of(x,u)

é= | (x —x4) + O(x — xq) + Of(x, ) ] (u—uq) +O(u—uq) (5

oxT X=Xq,u=uqy oul X=Xg,Uu=Uq
where O() represents higher order terms. Substituting 9f (x, u) /x| x—x, u-u, by A(¢), and

Of (x,u)/0u’ | x—x, u=uy DY B(t), neglecting al the higher order terms,
é~ A(t)(x — x4) + B(t)(u — ugq) (6)

With the widely used technology of the Control Configured Vehicle (CCV), the basic airframe
may be designed to have a low or even negative static stability in certain flight regimes, the
augmented stability is then implemented by considering the controller’s dynamics. In this study,
a conventional controller is used in the strategy to improve the stability and response of the
closed-loop system. This conventional controller can be realized by any approach like pole-
placement, Linear Quadratic Regulator (LQR), or H,, controller, etc. To illustrate the concept,

a proportional controller is designed satisfying Assumption 2.

Assumption 2: The closed loop dynamic system, whose feedback controller is designed based

on the nominal aircraft model, is stable aong the desired flight trajectory.
With only the linear proportional controller u = Ke, the error dynamics is,
é = (A(t) + B(t)Kp)e — B(t)ua @)

Although the system is stable based on Assumption 2, the tracking performance deteriorates
greatly because of the existence of B(t)ug. Therefore, a RBFN controller is used for on-line
learning of u,. Thus the total control signal to the aircraft is the sum of the proportional

controller and the RBFN controller signals,
u=K,xe+u,, (8
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3.2 RBFN Parameterization

Setting the RBFN's inputs as ¢ where ¢ = [x},x%]T, u,y can be approximated by a RBFN

through on-line learning,

*
Ug = Upn t 6

h
k 1 k * k k
= ZwkeXp(—FHC—MHZ)ﬂLEh=WT¢(M ,0%,C) + e 9)
k=1 k

where W* is h x p optimal weight matrix (h indicates the number of hidden neurons) and ¢
is h x 1 Gaussian function, which is determined by the optimal centers p* and widths o*, for
smplicity ¢* is used instead of ¢(u*, o*, () hereafter. Using approximation theory, the inherent
approximation error ¢, can be reduced arbitrarily by increasing the number of /4 [19], then it is

reasonable to assume ¢, is bounded by a constant ¢, and

€g = SUPtecR+ feh(t)‘ (10)

If the variables (x; and x4) are in the compact sets, ey is finite. If they are not in compact

sets, a scaling mechanism can be utilized to convert them into a compact set [20].

With the RBFN controaller, using Eq.8, the control input vector u is,

h

1

u= Zv?/k exp(——
k=1

o zHg_likW)"’er:WTﬂg‘i‘er (11)
k

where wy, is the estimated weights, ¢, and /i, are the estimated center and width for the kth
hidden neuron. W7 and ¢ are the corresponding matrix expressions. Substituting Eq.9, Eq.11

into Eq.6, the error dynamics becomes,
&= (A(t) + B(t)Ky)e + Bt)(W') — W¢" —ep) (12)

Using J(t) = A(t) + B(t)K,, defining W the difference between TW* and W, ¢ the difference
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between ¢* and ¢, neglecting higher order item 1 ¢, the error dynamics may be written as,
e=Je— B(t)(WF o+ W) — B(t)e, (13)

where B(t)(W7¢ + W) represents the learning error E;.

3.3 Stable Adaptive Law for a Fully Tuned RBFN

To derive the stable tuning law, the following Lyapunov function is chosen,

1 1, oer oo 1oy -
V= 5eTPe + 5tr(WT@W) + §¢TA¢ (14)

where P isan n x n symmetric positive definite matrix, and ©, A are h x h non-negative definite
matrices. The derivative of the Lyapunov function is given by,

V= %[éTPe + T Pe) + tr(WIOW) + ¢TAd (15)
Substituting Eq.13 into Eq.15,

V = —eTQe — L B(t)T Pe — TWB(1)T Pe — "W B(t)T Pe + tr(WTOW) + 6TA¢ (16)

where () = —%(JTP + PJ). Since J is Hurwitz, the Lyapunov function can aways be found

and has a unique solution. Noting in Eq.16,

. p
tr(W'ew) = Y wi'ow; (17)
=1
N ~ p N
$"WB(t)'Pe = ) ¢"WiB(t) Pe (18)
=1
Eqg.16 becomes,
. p
V = —e'Qe— ¢ B(t)' Pe+ ¢" (~WB(t)" Pe + Ad) + > (W[ ¢B(t) Pe
=1
+ wlow;) (19)



where w; is the ith column of matrix W , B(t); is the ith column of matrix B(t).

If w; and gB are selected as,

w; = 07'%6Bt)TPe, i=1,...p (20)
6 = A 'WB()!Pe (22)

Then EQ.19 becomes,
V = —e'Qe — €L B(t)! Pe (22)

V can be demonstrated negative according to Eq.10,
V < —lellAmin(Q)lell + lell[| 2] |1 B(®)llex (23)

Let || B(t)||ezr = b, , it can be shown directly that V' is negative when

€Ep Y

IPL 5~k 24
lell > 35500 = B @)

Using the universal approximation property [19], by increasing the number h, e can be reduced

arbitrarily small, which means that E,, tends to zero when h — oo and the negativeness of the

Lyapunov function can be guaranteed, resulting in the overall system to be stable.

Since w; = W — w;, ¢ = ¢* — ¢ and W = 0, ¢* = 0, the tuning rules are,

W, = -0 '9B(t) Pe, i=1,..p (25)

é = —AWB(t) Pe (26)

3.4 Robustness Analysis

From the above derivation it can be seen that using the proposed method, provided Assumption

2 stands, the matrices A(t) and B(t) need not be known exactly. However, since the tuning
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rules derived involve the prior knowledge of matrix B(t), the robustness of the tuning laws is

analyzed in case B(t) is partialy known or unknown (actuator failure or model error).

Case 1. Matrix B(t) is varying, but satisfies B(t) = k(t) By, where By is a known nominal
value, k(t) is a positive scalar varying with time.

Provided the weight tuning rule and the tuning rule of ¢ are given separately as,

w; = —k©'¢BLPe, i=1,..p (27)

~

¢ = —kAT'WBIPe (28)

V can be demonstrated negative using the same condition as in Eq.24. In implementation, & can
be replaced by a positive scalar ), because n and & has the same sign, the system’ s convergence

characteristic will not change.

Case 2. B(t) is unknown and is represented by a nominal value plus its variation, B(t) =
By(I + AB(t)).
Assume ||AB(t)|| < M, M is the upper bound for the uncertainty. The derivative of Lyapunov

function of Eqg.15 is re-analyzed and is given by,

V = —e'Qe —e'P(By+ ByAB(t))e — (¢" WByAB(t)Pe + ¢' W ByAB(t)Pe) + ¢~ (—W
(Bo + BoAB(1))' Pe + A) + 3 (—W!d(By + BuAB:)" Pe + w! Ow,) (29)
i=1

Rewriting the weight tuning rule and the tuning rule of ¢ using By,

w; = —O7'¢BTPe, i=1,..,p (30)
é = —A'WBIPe (31)

then,
V = —e'Qe—e"'P(By+ ByAB(t))ey — (6" W + ¢"W)ByAB(t)Pe (32)
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Re-analyzing V, we have,

V < ~llelAmn(@llel + el Pl [ Boll I + AB()llex + [ STW + STW || Boll AB)[| Pl le]l(33)

Since |1 + AB(t)|lex < &, and defining [|(¢"W + " W) || P|| = ¢(¢, W) to be brief, it can

be derived directly that V' is negative when

P[] Boll

P11 Boll -

lell > (@) G WINABO = Eo+ B (34)

5gh +

In the above equation, £, is caused by the approximation inaccuracy ¢;,, E, is caused by the

product of the learning error E;([|(¢"W + ¢"W)]||) and modeling error E,,,(||AB(t)]).

Remarks:

(1)If there is neither approximation error (i.e. ¢, = 0) nor modd error (i.e. AB(t) = 0), from
Eq.33, V is negative semidefinite and hence the stability of the overall scheme is guaranteed.
(2) The approximation error F, is related to the number of hidden neurons used in the RBFN.
Given enough hidden units, this number converges to a very small number.

(3) The second error item FEj, is a combination of the learning error and modeling error. The
product of ¢ and AB(t) indicates that even under large model error AB(t), if the RBFN learns
the desired value W* and ¢* correctly, E;,, is ill very small.

(4) Matrix B(t) in fact plays a very important role in the strategy. It is better to use some strate-

gies to identify this matrix or incorporate a robust control strategy to obtain good performance.

3.5 Implementation of the Tuning Rule

In Eq.26, the Gaussian function ¢ is embedded with the centers locations 7 and widths

~

g, i.e. ¢ = ¢(1,0,¢). Combining all the adaptable parameters into a big vector, y =
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Wi ot 6y, ,wi ik 6,)%, asimple updating rule for y can be derived. Because the real
implementation is carried out in a discrete-time framework, the updating laws is aso derived

under discrete form.

First, EQ.25 can be converted into,
w; = —07'9B'Pe, i=1,...p
T ~ . A
=W =-B(t)"Pe¢” = w; = —B(t)" Peg;, j=1,..h ©=1 (35

Where w;, a column vector, is the jth row of matrix W. Define § = WZ¢ the output of the

RBFN, ¢ is the derivative of g() to the weights w, this equation can be converted into a discrete

form,
wi(n + 1) = W;(n) — m%B(t)TPe(n) i=1,...,h (36)
Next, from Eq.26,
Ap(n) = p(n + 1) = $(n) = —1A™' WB(t)" Pe(n) (37)

As mentioned above, Gaussian function ¢ = ¢(ji,0,¢) and the RBFN's output g = WZ'¢,

therefore the updating laws for centers and widths of the basis functions become,

fi(n+1) = fi(n) + ns%(?w(n) = fui(n) — nzns%(?WB(wTPe(n)

= fi;(n) — 772773%3@)%(3(71) i=1,...,h (38)
Gi(n+1) = &i(n)+ 774%(;”&3(71) = Gi(n) — ngn4%(:;)WB(t)TPe(n)

= &i(n) — mm%B(t)TPe(n) i=1,..,h (39)

In the above equations, 7,,m2,n3 and 7, are positive scalars to be selected properly. Integrating

Eq.36 , Eq.38 and EQ.39 by using the vector y, the updating rule is,

X(n +1) = x(n) — na(n) B(t)" Pe(n) (40)

13



Where 7 is learning rate. a(n) = V,&((,) is the gradient of the function g() with respect to

the parameter vector x evaluated at x(n — 1), and

~ ~ 2W1 ~ n 2W1 ~
a(n) = [¢17¢1A_2(€7L_/~L1)T7 ¢1A_3HC7L_/L1H27 T
01 01
A~ A~ ZW’L ~ ~ QW}L N
Qshv QShA_Q((n - /uh)T7 ¢iLA_3H(n - /uhH2 ]T (41)
Oh Oh

Since the number of hidden neurons of the RBFN is fixed in this scheme, the approximation
error E, is quite large at the initial learning period. If ||e|| < E,, then it is possible that V > 0,
which implies that the parameters of the network may drift to infinity. A common way to avoid
this problem and ensure the convergence of approximation error is to incorporate a dead zone

in the tuning ruleg[7]. The tuning rule is given now as,

x(n) —na(n)e(n) if e| > e and ||w| <hiM
x(n+1) = ° (42)
0 otherwise

In Eq.42, M is apositive scalar and hz M is an upper bound on ||W || (Euclidean norm of weight
vector), ey is selected as the required accuracy on the state error e. According to Eq.24, the size
of the dead zone should be set to E,, so that if the error ||e|| < E,, the tuning is stopped and
the parameters will not drift away. Unfortunately, since ey is time-varying and unknown, the
exact value for E, can not be estimated, therefore e, is used in the place of E,(¢). If eg > E,,
then V is dways negative. If ¢, < E,, when the error |le|| converges to ey < |le|| < E,, V
may be positive and in this case the upper bound hiM is used to prevent the parameter from

drifting away.
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4 Simulation Results

In [2], Sadhukhan and Fetieh presented an exact inverse neuro-controller for the linearized
longitudinal dynamics of an F8 aircraft modd © = Ax + Bu. The linearized longitudinal
model of F8 aircraft was obtained under the following trim condition: v(0) = 650ft/s (Mach
number=0.6), a(0) = 0.078rad, and altitude 20,000 f¢. The state vector x comprises of the
velocity (v), angle of attack («), pitch rate (¢) and pitch angle (/). The control inputs u include
the elevator’s output 6., and the throttle's output 6,,. Physical constraints on the elevator are
defined as —26.5° < 4., < 6.75°. Simulation studies showed that the controller provided stable
and near desired response in the presence of modeling uncertainty up to 30% (all the elements of
matrix A and B are changed by 30%). However, under 40% model error, the velocity oscillates

in the first few seconds though eventully settles down.

In this study, to assess the performance of the neuro-flight-controller, the model errors are
simulated by changing al the elements of the state matrix A and control matrix B by 70%.
Although simulation studies showed that the neuro controller can aso be applied to control the
system even when model error is greater than 70%, the results indicate that elevator actuator

saturation will be the limiting factor resulting in deterioration of the tracking performance. The

. _ —0.01 0.002 292 0.02 )
proportional controller gain was selected as K, = to satisfy

—202 0 —-0.12 —-0.30
the Assumption 2, and good performance is observed in nominal condition from Fig.2. However,

from Fig.2, it can be seen that by using the traditional controller alone, for the case of the 70%
model error, the tracking results deteriorate greatly. Hence the RBFN controller is added as in
Fig. 1 to improve the tracking performance by learning the inverse dynamics of the system.

The aim of the study is to compare the tracking accuracy of velocity and pitch rate using a fully
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tuned RBFN and a traditional RBFN with fixed centers and widths.

At the start of the on-line learning, based on the a priori knowledge, the number of hidden units
were chosen as 6 and 15, the centers of the hidden units were fixed with a grid method described
in [20] and their widths were set to 0.5. Fig.3 shows the tracking performance under nominal
case, while Fig.4 shows the performance with 70% model error. Fig.3 indicates that under the
nominal condition, all the strategies can achieve good performance because of the existence of
the pre-designed feedback controller. However, when there is 70% model error, better tracking
results are observed using fully tuned RBFN. From Fig.4 it can be easily seen that using a
fully tuned RBFN, the tracking performance is quite good with only 6 hidden units, while if
only the weights of the RBFN are updated, it is obvious that the controller can not track the
desired commands correctly. Although increasing the number of hidden units to 15 improves
the performance, it is still not as good as the RBFN with tuning all the parameters. Fig.5
depicts the evolution of tracking errors of both velocity and pitch rate. A detailed quantitative
comparison in terms of the average E(ave) and peak tracking errors E(max) for different size
of the RBFNs are given in Table.1 (All the results are compared under 70% model error). This
phenomena, in fact indicate that in using a traditional RBFN, a priori knowledge should be
embedded into the centers and widths of the hidden units accurately. On the other hand, with
a fully tuned RBFN, since its centers, widths can be modified during the on-line learning, this

requirement is not so stringent.

Fig.6 shows the control signals and indicates how the learning is carried out. The continuous
line in the figure represents the outputs of the RBFN controller, while the dotted line represents
the conventional controller’s outputs. Using a RBFN controller with only tuning the weights, the

outputs of the two controllers under nominal condition and model error are givenin (Fig.6(a)) and
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(Fig.6(b)) respectively. It can be seen from the figures that in the initial period, the conventional
controller contributes a lot to maintain the performance, while the RBFN’s outputs are varying,
which indicates a process of learning. In nominal condition, after 10 seconds, the steady outputs
are al due to the RBFN controller, and the outputs of the feedback controller shrinks to zero,
which means RBFN has |learned the system inverse. However, under model error, the traditional
RBFN fails to catch up with the inverse dynamics of the system. This is actually caused by
the incorrect centers and widths used. Compared to Fig.6(b), (Fig.6(c)) shows that with a fully
tuned RBFN, the changes in the model dynamics can be grasped quickly. As aresult, the control
inputs generated are mainly formed by the RBFN controller. It may be noted that they are well

within the saturation limits.

5 Dynamic Structured RBFN and Comparison Results

To implement afully tuned RBFN as discussed in the previous sections, the number of the hidden
neurons should be selected a priori by aad hoc or through a trial-and-error procedure. However,
in case of approximating the inverse dynamics of a very complicated system, this procedure will
waste a lot of time, and superfluous hidden neurons will be added to the network. To avoid this
problem, the performance of the dynamic structured RBFNs are investigated next. The RBFN
with only a growing strategy is called “GRBFN” and a RBFN incorporating both Growing And

Pruning strategies is referred to as a'GAP RBFN” in this paper.

For sequential learning of RBF networks, Platt [21] had proposed a Resource Allocating Network
(RAN), where hidden neurons were added based on the novelty of the new data. Lu Yingwei

et al. [22] extended Platt’s algorithm by incorporating a pruning strategy so that those neurons
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that consistently made little contribution to the network output were removed. The resulting
network, known as Minimal RAN (MRAN), was shown to be even more parsimonious for
several applications in the areas of function approximation and nonlinear system identification
than RAN with better accuracy. The same growing only and growing and pruning strategies as
described in [21][22] respectively are utilized in this section to design the GRBFN controller and
GAP RBFN controller. The simulations compare the tracking accuracy as well as the resulting
network complexity using fixed size RBFN and the dynamically structured RBFN (including

GRBFN and GAP RBFN).

Fig.7(a) shows the tracking result under the 70% model error case using GRBFN and GAP
RBFN separately, while Fig.7(b) describes the evolution history of the hidden neurons. From
the figures it can be seen the network gradually learns the system inverse by recruiting new
hidden neurons according to the novelty of the input data. The results also illustrates two facts,
namely that using a fully tuned strategy, the output error is much smaller than the RBFN with
only tuning the weights, and the second being that the network is more compact (less hidden
neurons). The other phenomenon that can be observed in the figuresis that with a GAP RBFN, a
more compact network structure can be implemented even compared to the fully tuned GRBFN

and tracking error using the two dynamic structured RBFNs is very close.

A guantitative comparison between the above two approachesis given in Table 2. It can be seen
from the table that using GRBFN, with only tuning the weights, 24 hidden neurons are used,
and the average tracking error for velocity and pitch rate are 0.79,0.21 respectively, while with
a fully tuned GRBFN, these numbers decrease to 0.06 and 0.074, and the number of hidden
units used is only 10. Compared with a fully tuned GRBFN, the GAP RBFN with a pruning

strategy can even achieve better performance; i.e, less hidden neurons (only 4 units are needed)
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with a smaller tracking error (E,(ave) = 0.026, E,(ave) = 0.037).

6 Conclusions

In this paper, a stable on-line learning control strategy for a fully tuned RBFN is presented
based on the feedback-error-learning scheme, with the aim of improving the tracking accuracy
of the control system. The Lyapunov stability theory is utilized to derive a stable tuning rule for
updating al the parameters of the RBFN, guaranteeing the local stability of the overall system.
Simulation studies based on a F8 aircraft system demonstrate the benefits of using the “fully
tuned” strategy and also confirms that the proposed scheme can tolerate more errors ( 70 %)
compared to the earlier methods. Further studies on the network implementation reveal that
dynamic structured RBFN can generate a more compact network structure with smaller tracking

error, which is especially useful in a practical realization.
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Table 1: Tracking Results Comparison Using RBFN

Network | Adapted | Hidden Units Tracking Error

Structure | Parameters E,(maz) | E,(ave) | E,(maz) | E,(ave)
RBFN W; 6 6.78 3.37 2.79 0.68
RBFN | w;, i, 0; 6 1.02 0.11 2.78 0.09
RBFN W; 15 4.96 0.83 2.67 0.22
RBFN Wi, i, 0; 15 0.92 0.042 2.63 0.062

22




Table 2: Tracking Results Comparison Using Different RBFN Structures

Network Initiali- | Adapted | Hidden Units Tracking Error
Structure zation | Parameters E,(max) | E,(ave) | E,(max) | E,(ave)
RBFN Grid W; 15 4.96 0.83 2.67 0.22
RBFN Grid Wi, i, 0; 15 0.92 0.042 2.63 0.062
GRBFN no need w; 24 3.67 0.79 2.75 0.21
GRBFN | noneed | w;, i, 6; 10 1.69 0.06 2.55 0.074
GAP RBFN | no need | w;, i, 6; 4 0.69 0.026 1.75 0.037
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Figure 7: System performance using different network structures.
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