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Abstract: - A wing rock system is manifested by alimit cycle oscillation predominantly as an aircraft operating
at subsonic speeds and high angles of attack. The dynamic characteristic of the wing rock is nonlinear and the
precise dynamic model of the wing rock is difficult to obtain, so that a model-free design method referred to as
hybrid control systemis developed in this paper. The design of the hybrid control system containsthree parts: an
adaptive indirect controller (AIC), an adaptive direct controller (ADC) and a robust controller. A weighting
factor, which can be adjusted by the tradeoff between plant knowledge and control knowledge, isadopted to sum
together from the AIC and the ADC. Moreover, the robust controller is designed to compensate the
approximation error caused by the AIC and the ADC. Finaly, simulation results demonstrate that the proposed
hybrid control system can achieve afavorabl e tracking performance for unknown the dynamics of the wing rock

systems.
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1 Introduction

Most current techniques for designing control
systems are based on a good understanding of the
plant dynamics and even its working environment.
However, in a number of instances, the controlled
plant istoo complex and the basic physical processes
init are not fully understood. To tackle this problem,
adaptive control techniques are developed to control
these kinds of dynamic systems|[1]. It isamodel-free
approach based on the idea of on-line estimating the
plant parameters or the controller parameters using
on the measured system signals. If the adaptive
algorithmis used to estimate the model of the plant, it
isreferred to asthe adaptive indirect control (AIC). If
the adaptive agorithm is used to estimate the
controller of the plant, it is referred to as the adaptive
direct control (ADC).

Besides the adaptive control techniques, the
neural network control approaches are other
model-free design methods for control of unknown
dynamic systems [2]-[4]. The success key element is
the neural network can capable of approximating
mapping through choosing adequately learning
method. Because of this property, many neura
network controllers have been developed for the
compensation for the effects of nonlinearities and
system uncertainties in control system so that the
system performance such as the dability,
convergence, and robustness can be improved.
Recently, the cerebellar model articulation control
(CMAC) have been adopted widely for the control of
complex dynamical systemsowingtoitsfast learning
property, good generalization capability, and ssimple

computation compared with the neural network [5],
[6]

Some combat aircraft often require operating at
subsonic speeds and high angles of attack. At
sufficiently high angles of attack, these aircraft
become unstable due to oscillation, mainly arolling
motion known as wing rock [7]. Thiswing rock is a
concern because it may have adverse effects on
maneuverability, tracking accuracy, and operational
safety. Because the modern combat aircraft is
difficult to isolate the various flow phenomena
created by the forebody, strake, wing and their
relationship to the wing rock, the behavior of the
wing rock systemisnot clearly understood. Recently,
several theoretical and experimental studies have
been performed to understand the dynamics of the
wing rock and to predict the amplitude and frequency
of limit cycle oscillation.

A series of papers have considered the control of
the wing rock system based on output feedback
linearization theory and adaptive control technique
[8]-[10]. In the feedback linearization design
approaches, the feedback control gain should be
pre-selected to achieve the design performance by
trial-and-error  procedure; however, this tuning
procedure is time-consuming [8]. In the adaptive
control techniques, controller requires the knowledge
of the structure of the aerodynamic functions,
however, this structure is difficult to obtain [9], [10].
In addition, neural network control approaches also
have been proposed to control the wing rock system
[9]. However, the structure of the neural network
must be selected with a sufficiently large number of



neurons in the hidden layer, which consumes alarge
amount of learning processing time.

In this paper, ahybrid control systemis developed
for the wing rock system. The hybrid control system
is comprised of an AIC, an ADC, and a robust
controller. In the AIC design, a CMAC neurd
network is used to approximate the plane dynamics,
and inthe ADC design, the CMAC neural network is
used to approximate the controller behavior. A
weighting factor is adjusted by the tradeoff between
the plant knowledge and the control knowledge from
the AIC and the ADC. In therobust controller design,
the robust controller is designed to compensate the
approximation error caused by the AIC and the ADC.
Moreover, an error estimation mechanism is
investigated to estimate the bound of approximation
error so that the chattering phenomenon of the
control effort can be reduced. Additionaly, the
parameters of the hybrid control can be on-line tuned
in the sense of the Lyapunov stability theorem; thus
the stability of the control system can be guaranteed.
Finally, the simulation results demonstrate that the
proposed hybrid control system can achieve
favorable tracking performances for unknown the
wing rock dynamics.

2 Problem Statement

The deltawing for awing rock system is represented
schematically in Fig. 1. This wing has one degree of
freedom, and the dynamical system includesthewing
(aflat uniform plate) and the parts of the sting that
rotate with it. The differential equation describing the
wing rock isgiven by [7]

é=(pU20/2l )C +u (1)

where ¢ is the roll angle, an over-dot denotes a
derivative with respect to time, u isthe control effort,
p isthedensity of air, U_ isthefreestream velocity,
S is the wing reference area, b is the chord, | is
the mass moment of inertia, and C, is the roll
moment coefficient written as

C, =y + G+ G+ G, |gld + .|l + c,0°.
2
The aerodynamic parameters ¢ , i=0,1,...,5 are

nonlinear functions of the angle of attack. The
numerical values of the parameters have been
provided for different values of angle of attack. By
defining the state vector @ =[¢,¢]" and substituting
(2) into (1), the dynamic equation can be rewritten in
astate variable form as
¢="f(p)+u ©)

where
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f(9) =b, +bg+b,6+bi|gl +Db,/d¢ + b’
(4)
and the parameters b, i =0,1,...,5 are given by
b =(puZsb/2l,)c,. (5)

For observing the qualitative natural behavior of the
wing rock system, the open-loop system time
response with u=0 was simulated for two initia
conditions: a small initial condition (¢(0) =6deg,

#(0)=3deg/sec ) and a large initiadl condition
(#(0) =30deg, ¢(0)=10deg/sec shown is Fig. 2.
For the small initial condition, a limit cycle is
obtained; and for the large initial condition, the roll
angle is divergent. Thus, it is shown that the

uncontrolled wing rock system will be unstable for
someinitial conditions.
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Fig. 1. Scheme of the deltawing:
(a) plan view; (b) end view; (c) side view.
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Fig. 2. Phase-plane portraits of the uncontrolled wing

rock system.

3 Description of CMAC

A cerebellar model articulation controller (CMAC) is
depicted in Fig. 3 which can be considered as
“1"-layer feedforward neural network with input



preprocessing element [5]. If () is a continuous
discriminant function, the CMAC output performs
the mapping according to

y = woi(p) ©

wherew, are the output layer weight values, p, are
the network input to the ith neuron, o():R— R is
the activation function, and N is the number of units
(also cdled nodes and neurons) in the hidden layer.
Note that the activation functions o(-) for each
neuron are not necessarily the same. For ease of
notation, the CMAC eguation (6) can be expressed in
a compact vector form as
y=w'e (7)

where w =[w,,w,,.
It has been proven that there exists a approximator in
(7) such that it can uniformly approximate any
nonlinear even time-varying function Q [5]. By the
universal approximation theorem, there exists an

ideal approximator y" such that

Q=y +e=wW"o+¢ (8)
where w" isthe optimal vector of w and £ denotes
the approximation error. In fact, the optimal vector
that is needed to best approximate a given nonlinear

function Q is difficult to determine and might not
even be unique. Thus, a estimator is defined as

Yy=W'e 9)
where W =[W,,W,,...,W,]" is the estimated vector
of w". Define the estimated error y as

y=Q-y=y —y+e=We+e (10
where W =w" —W . In the followings, an update law

will be derived to on-line tune the estimated vector to
achieve favorabl e estimation.

X —>0—>

X, —>0C—>

Buissaoo.d-a.d 1ndui usppiy

Xn—>O—>

Fig. 3. Network structure of aCMAC neura
network.

4 Hybrid Control Design
The control objective of the wing rock system isto
find acontrol law so that the roll angle ¢ cantrack a

desired command ¢, . Define the tracking error as

.wW,]" and 6 =[0,,0,,...,0,]".
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e=9¢,-¢. (11)
If the system parameters in (3) are well known, an
ideal controller can be obtained [11]

u = f(¢)+4, +ke+k.e. (12)
Substituting (12) into (3) gives
é+keée+k,e=0. (23)

If k, and k, are chosen to correspond to the
coefficients of a Hurwitz polynomial, it isimply that
Itime(t):O. However, the system dynamics f (@) in

(3) isanonlinear time-varying function and it cannot
be exactly obtained, so theideal controller u” cannot
be implemented.

To overcome this drawback, the block diagram of
the design concept of the hybrid controller for the
wing rock system is shownin Fig. 4. The control law
isdesigned as

U, =ou, +(1—a)u,, +Uq: (14)
where u, is the adaptive indirect controller (AIC),
U, isthe adaptive direct controller (ADC), u,. isa
robust controller, and o € [0,]] is aweighting factor

chosen by a control designer based on the
understanding level of the plant knowledge and
control knowledge. From the adaptive control
approach, the CMAC neura network is used as
modeling of the plant in the AIC, and the CMAC
neura network is used as a controller in the ADC.
Thus, the AIC can be defined as

Uy = f (W,)+4, +ke+ke (15)
where the system dynamic estimator is chosen as
f=W'o, (16)

with W, is the estimated vector and @, is the
regressve vector of the modeling, respectively.
Similarly, the ADC isdefined as

Unp (Wu) = \;\VI@U (17)
where W, is the estimator vector and @, is the

regressive vector of the controller, respectively. Then,
applying (12), (14), (15), (16) and (17) into (3) and
after some simple manipulations, the error dynamic
equation can be obtained as

6=-ke—ke—of +(1-a)i-u,. (18)
where
=f-f=W0,+¢ (19)

=U —-U, =W0, +¢, (20)

-+

IS

with w, =w’, -W,, W, =w, -W,_,and ¢, and ¢,
are the approximator errors. By defining the tracking
error vector e=[eé]" , equation (18) can be
rewritten in the vector form as



e=A_e+b [-oWlO, + 1-a)W O, +£—U..]
(21)

0 1
}, b, =[01] , and the

_kz _k1

lumped approximation error ¢ =-ae, + (11— a)e,

where A :{

with the assumption |¢| < E , in which E is a given
positive constant. However, the bound of lumped
approximation error, E, is difficult to measure in
practical applications. To relax the bound of lumped
approximation error, an error estimation mechanism

isinvestigated to estimate the bound, where E isthe
estimation bound value of the lumped approximation
error. Then the estimation error is defined as

E=E-E. (22)
Since A, is a Hurwitz matrix, given a positive
definite symmetric matrix Q (denoted as Q >0),
there exists a matrix P >0 such that a Lyapunov
eguation

A'P+PA_ =-Q (23)
is satisfied. Thus, the stability theorem of the hybrid
control system can be obtained as follow.
Theorem: Consider the wing rock system presented
in (3). The hybrid control is designed as in (14), in
which the adaptive indirect controller u, isgivenin
(15), the adaptive direct controller u,, is given in
(17) and the robust controller u,. is given in (25)
with the adaptive laws given in (23), (24) and (26)

W, =-W, =-7,e'Pb, ®, (23)
W, =-W, =7,e'Pb_0, (24)
U.. = Esgn(e’Pb, ) (25)
E=-E=7,¢'Pb,| (26)

where n,, 1, and n, are the learning rates with

positive constants.
Proof: Define a Lyapunov function as

. =2

v=teper Litw, + L Dgrg L E-

2 1 2 2’73
(27)

Differentiating (27) with respect to time and using
(21), (23) ~ (26), it is obtained that
oW, (1-a)W'W, EE

+ +—

m m, YR

v=lerper lepe +
2 2

_ W
=%eT (ATP+PA_)e+ oW (-e"Pb O, +—)
1

EE

+(1-a)W] (e"Pb,0©, +&)+eTPbm(£—uRc) +—

2

3
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=_?1eTQe +ee'Pb,, —E[e'Pb,,|

< _71eTQe —(E-|e|)e"Pb,,|

<0 (28)
Since V is negative semi-definite, that is
V(t) <V(0), it implies that e, W, , W, and E are
bounded. Let function Z(t)=(E-|e))e’Pb,,|
<-V,, and integrate Z(t) with respect to time, then
itis obtained that

[E@dr<v(©O-v@). (29)

Because V(0) is bounded, and V() is

nonincreasing and bounded, the following result can
be obtained:

lim J.;E(T)df<<x> (30)

Also, Z(t) isbounded, so by Barbalat’sLemma[11],
it can be shown that ItimE(t) =0.Thatis, e—0 as

t - . As a result, the hybrid control system is
asymptotically stable. Thus the proof of Theorem is
complete.
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Fig. 4. Hybrid control wing rock system.

5 Simulation Results

The aerodynamic parameters of the delta wing for a
25 deg angle of attack are used for simulation. It is
assumed that U_ =15m/sec and b=0.429m. The



b parameters for the model in (4) are given by
b, =-0.01859521 , b, =0.015162375 ,

b,=0 ,
b, =-0.06245153 , b,=000954708 , and

b, = 0.02145291. It should be emphasized that the

derivation of the hybrid control system does not need
to use the aerodynamic parameters and the structure
of the aerodynamic functions. The aerodynamic
parameters are utilized only for simulations. The
CMAC neura network with 7 hidden layer neurons
in the AIC and the ADC is utilized, respectively. For
simulations, two initial conditions (a small initia
condition and a large initial condition) are examined
to illustrate the effectiveness of the proposed hybrid
control. The learning rates are selected as
n,=n,=30and n7,=0.1. Let =10 if pure AIC

is required and o = 0.0 when pure ADC is chosen.
For comparing the flexibility of the developed hybrid
control system, three cases are chosen to simulate as
=10, =10 and =05 . The simulation
results of the hybrid control system with o =0.0 for
small and largeinitial conditions are shownin Fig. 5.
The state responses are shown in Figs. 5(a) and 5(c);
the associated control efforts are shown in Figs. 5(b)
and 5(d), respectively. The simulation results of the
hybrid control system with ¢ =1.0 for smal and
largeinitial conditions are shown in Fig. 6. The state
responses are shown in Figs. 6(a) and 6(c); the
associated control efforts are shown in Figs. 6(b) and
6(d), respectively. The simulation results of the
hybrid control system with ¢ =0.5 for small and
largeinitial conditions are shown in Fig. 7. The state
responses are shown in Figs. 7(a) and 7(c); the
associated control efforts are shownin Figs. 7(b) and
7(d), respectively. Simulation results show that the
robust tracking performance of the hybrid control
system has been achieved for the different initial
conditions. The weighting factor ¢ can be tuned by
a controller designer based on the understanding
level of the plant knowledge and control knowledge.

6 Conclusions

In this paper, a hybrid control system is developed to
control a wing rock system. The hybrid control
systemiscomprised of an adaptiveindirect controller
(AIC), an adaptive direct control (ADC), and arobust
controller. A weighting factor is a tradeoff between
plant knowledge and control knowledge to sum
together the control efforts from the AIC and the
ADC. The robust controller is designed to
compensate the approximation error caused by the
AIC and the ADC. The adaptive laws based on the
Lyapunov stability theorem can automatically adjust
the parameters of the hybrid control, thus the system
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stability can be guaranteed. Simulation results have
demonstrated that the developed hybrid control can
achieve the desired control performance for the wing
rock system. The major contributions of this paper
are (1) the successful development of the bridge
between the adaptive indirect control and adaptive
direct control using a weighting factor; and (2) the
successful application of the proposed hybrid control
system to control the wing rock system.
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