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This paper presents a Hamilton’s principle for distributed control of infinite-dimensional systems modeled
by a distributed form of the Euler-Lagrange method. The distributed systems are governed by a system of
linear partial differential equations in space and time. A generalized potential energy expression is developed
that can capture most physical systems including those systems that have no spatial distribution. The Hamil-
ton’s principle is applied to derive distributed feedback control methods without resorting to the standard
weak-form discretization approach to convert an infinite-dimensional systems to a finite-dimensional systems.
It can be shown by the principle of least action that the distributed control synthesized by the Hamilton’s prin-
ciple is a minimum-norm control. A model-reference adaptive control framework is developed for distributed
Lagrangian systems in the presence of uncertainty. The theory is demonstrated by an application of adaptive
flutter suppression control of a flexible aircraft wing.

I. Introduction

In control theory, infinite dimensional systems are systems that have distributions over both spatial and temporal
dimensions. Such systems are highly common in many physical applications and are usually referred to as distributed-
parameter systems or simply distributed systems. In fact, most physical systems that exist in the physical world
are distributed in nature. A common system in aerospace engineering is an aircraft which is actually a distributed-
parameter system wherein the behavior of every point on the aircraft is governed by distributions of aerodynamic
pressure forces, elastic forces, and body forces, as well as the structural and mass properties.

Control theories of distributed systems can address the spatial distribution of physical parameters of those sys-
tems, but in the majority of control applications, this is not the preferred approach due to the complicated nature of
the spatial distribution in those theories. Moreover, the state information for distributed systems cannot be measured
in its entirety due to the infinite-dimensionality of the system state variables. Therefore, model reduction and spa-
tial discretization techniques are normally employed to reduce a distributed-parameter infinite-dimensional system to
a lumped-parameter finite-dimensional system. A typical lumped-parameter 6-degree-of-freedom aircraft flight dy-
namic model is obtained through a model reduction technique by integrating the aerodynamic pressure forces over the
spatial dimension of the aircraft. Distributed-parameter systems are generally modeled by partial differential equations
(PDE), whereas lumped-parameter systems are usually modeled by ordinary differential equations (ODE).
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In structural dynamic applications, a standard spatial discretization technique such as the Galerkin’s or finite-
element method is normally used to reduce a distributed-parameter system to a finite-dimensional system using an
integral weak-form approximation of the strong-form partial differential equation.! The order of the approximate
finite-dimensional systems must be sufficiently high in order to preserve the accuracy of the model. As the order of a
finite-dimensional system increases, control of the system becomes more complex. Furthermore, the state information
of the finite-dimensional system usually is unavailable for a full-state feedback control synthesis. Using outputs from
sensors, an output feedback control or linear-quadratic Gaussian (LQG) control can be synthesized from the finite-
dimensional system.’

A typical approach in control of finite-dimensional systems with large number of states is model reduction which
condenses a high-order finite-dimensional model into a simpler lower-order model that can capture most of the im-
portant physical effects. Balanced realization is a common model reduction technique frequently used in control
applications.®” The reduced-order model is then used in a control synthesis. While the model reduction approach is
well understood, the possibility of introducing model reduction errors may exist in a control design as a consequence of
the elimination of extra state variables from the original high-order finite-dimensional system. Therefore, the control
design must ensure high degree of robustness in safeguarding the potential introduction of improper control actions
into the system as a result of possible model reduction errors.

An equivalent control design philosophy for infinite-dimensional systems could be employed. A control design
can be synthesized for an infinite-dimensional system without approximating the system using a finite-dimensional
representation. Once a control design has been developed, the control design is approximated by spatial discretization
to transform the distributed state information contained in the control design into the output information based on
Sensor measurements.

The lack of popularity of distributed-parameter system control applications is perhaps due to the lack of dis-
tributed sensing capabilities that can measure spatially distributed state information. Biological systems may have
these distributed sensing capabilities such as birds which can sense pressure distribution over their entire bodies. For
engineering systems, distributed sensing capabilities are still limited and thus practical applications of control theory
for distributed systems are not commonly found. In recent years, some distributed sensing capabilities have been de-
veloped for aircraft structures such as the fiber-optic strain and shape sensing (FOSS) technology.> With this sensing
technology, practical applications of distributed system control theory could see renewed interests.

Most physical distributed systems are governed by the energy principle of thermodynamics. Motions of dynamical
systems can be characterized by the kinetic energy and potential energy. Lagrangian mechanics is the natural setting for
analyzing dynamical systems using the energy approach.® The Hamilton’s principle in classical dynamics is connected
to the notion of energy conservation for a conservative system.® The Hamiltonian function represents the total energy
of a system. By examining the changes of the Hamiltonian function, stability of a system can be assessed. The
Hamiltonian function is a positive-definite quantity much like a Lyapunov function. In fact, the Hamiltonian function
could be thought of as a special case of a Lyapunov function. For a mechanical system, finding a Lyapunov function
can be difficult, but every mechanical system possesses a Hamiltonian function which could be constructed.

In this paper, we develop a general method for a class of distributed systems with spatial distribution using the
Lagrangian mechanics. Using the Hamilton’s principle, a number of distributed control methods can be synthesized
as a feedback of the spatially distributed state information which is assumed to be available from distributed sensor
technologies such as FOSS. The distributed controls are obtained in integral strong-form expressions without approxi-
mation by spatial discretization. It can be shown by the principle of least action that the distributed control synthesized
by the Hamilton’s principle is a minimum-norm control. A model-reference adaptive control framework is developed
based on the Hamilton’s principle for this class of distributed systems in the presence of uncertainty.

The distributed control theory is then demonstrated by an application of adaptive flutter suppression control of a
flexible aircraft wing without using the standard output feedback or LQG approach for the finite-dimensional repre-
sentation of the aeroelastic equations of motion of the flexible wing.

II. Distributed Lagrangrian Systems

Consider a distributed system (S) modeled by an initial-boundary value problem

()&_f dw  9"w\ _ ¢ ow 9" w Iw (1)
m(x) 55 X W, 5o g | = a6 tw a5 S
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expressed in a strong form whose solution w (x,7) : Q x [0,00) — R" is defined over an open bounded domain x € Q =
(a,b) C R with suitable boundary conditions on the boundary d€ for all ¢ € [0,e0). The initial values are specified
by w(x,0) = wp (x) and ‘9W(x 9 — wy, (x). The strong-form solution w (x,7) € C7° is assumed to be continuous and
infinitely differentiable. The distributed control u(x,t) is spatially distributed over a bounded subspace x € Q, =
(ac,b;) CQCR.

The function m (x) > 0 € R” x R" is a positive-valued function distributed over x. The function f (x7 w, a'"w) €

’ dx? ax™m
. . . . . . m—1 .
R" depends only on the spatial partial derivatives of the solution w (x,7). The function ¢ (x, w, ?9—;”, , %X,,,ff %—:V) e R"is

a non-homogeneous term that depends on both spatial and temporal partial derivatives.
We analyze the distributed system (S) using the principle of virtual work. Toward that end, we introduce the virtual
function 6w (x,7). We now state the following lemma:

Lemma 1: If there exists a scalar positive-valued function v (x,w, ‘3—;”, . 3xm ) > 0 € R such that
u ;0! ov ov 0 v om v
e . f— L _— = — . [ — —_— cee — m J—
Sw- f=—6w ;( Dl o Sw- | == — - o |t +(=D)" o= o 2)
i=0 0 BN d P d I
X X X
where the - symbol denotes a scalar product operation of two vectors, and
I 1sw\ o av
6¢ij (x) = ( i1 ) Tox P) (M) 3)
dxJ

has compact support in Q with vanishing boundary values on Q> for all 0 < i <m—1 and 1 < j < m, then
v (x w, %ﬁ, ‘g;—,t,”) is called a potential energy density and f (x, w, %, cee ‘g)’;—,ﬁf) is called a conservative distributed
force.

a”'l

Proof: Consider the virtual work done by f (x, w, ‘3—;”, S ) which is expressed as

5W:/5w~fdx:f/6vdx:f/ 5w~av+5<aw>'av+~~+5<aw>~av dx (4)
o Q o ow dx) g ((?TW> ax" ) 5 (amw)

ox™M

Upon successive integration by parts, we obtain

/5wfdx— /5w % 3x ag?;) +"'+(*1)m% 8(2’2,2”)

— | sw- IV _...+5(8m 1W>. JIv _5<8m_zw).& AN
8(%) dxm—1 3(%’}’%) oxm=2 | ox a(%mw)

M

om-! v
N Gl §
dxm—1 a(amw)
dxM 90
. m i v m j—1
=— [ ow: 1) =— | —/—— ) 8¢ 5
.leg{)( )8x’ 8<W> ;; ¢ij (x ag &)

Since 8¢;; (x) has compact support, &;j (x) = 0 on d€. This immediately leads to Eq. (2). The vanishing boundary
conditions are then established as

Iy 9t v

=0 (6)
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forall0<i<j—land1<j<m.
It follows that

m

_ 1) = 7
f=-L D5, (2 ™M

X
]

Consider the following general form of the potential energy density

o1 dw dw 1 1 dw dw 19™w ™w

VvV = —7_-](' _— = k 77.]{ —_ e 77.]{ . 8
;)2 dxi i) ox 2" 0(x)w+ 2 dx 1) dx ot 2 dxm " (x) ax™m ®

where k; (x) >0 € R xR, i=0,1,...,m. Note that k; (x) can be positive semi-definite but v (x7w, ‘3—;”, ... %’:,‘,T) isa
positive-definite function.

We introduce the kinetic energy density as

10w adw
=23 "W, ®)
Then,
d ot 9w
— Sw- 7 1
1) i\ (th) Ow-m (x) 2 (10)
Jt
The virtual work done on the system is expressed as
) ot u ; d! v
ow- | — —1)' =— —q| =0 11
Wl a(iw) +;)( ) 55 ()(M) q (11
dt = oxi
The Lagrangian density is formulated as
1odw ow & 1d'w d'w
it i i M b R .
This leads to the Euler-Lagrange equation for the Lagrangian system (S) as
d R d ;0 07
— | — |- — | ——— | —¢=0 13
i \o(z) ;0( )' 55 (%) q (13)
dt - oxi
Let .77 be a Hilbert space with the an inner product definition
(u,v) :/ v-m (x) udx 14)
Q

on a Lebesgue square integrable inner product space £ (Q)where u (x) € 7 (Q) and v (x) € 7 (Q). Let L: J# — H#
be a linear operator on .77 (Q) defined by

m _81’ 81'
L=m"(x 1) = [ ki (x) — 15
03 15 (k37 (15)

Theorem 1: Let L* : 57 — 5 be an linear operator on .7 (Q). Then, L is a formally self-adjoint operator such
that
(v,Lu) = (u,L*v) (16)

Moreover, L is a self-adjoint operator if the boundary conditions for L and L* are equivalent.'!
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Proof: (v(x),Lu(x)) is expressed as

m ; al al
(v,Lu) = Qv-izo(—l) > (k, (%) 8xi> dx

= [ [ 5 (00 3) + 55 (e 58) o 0" 5 (k) G ) | a1

Upon successive integration by parts, we get

<V7L'4>:/Qu'[ko(x)v T () + 2 (e o) o (1 2o (b ) o )

814 8v d 82 v 0%u  du 9%y 0 0%y
amfl 9Mu amfl amv
m—1 oY m—1 LY oy
+o (=D P <km (x) 8xm) (=)™ "u e (km (x) 8xm)]ag
L ; 0 dy ol Tl g dlu\ @iy o Ay
:/ﬂu';‘)(_l) E <ki(x)ax,.) dx—j;i:o(—l) {axj—i—l'gxi <’<j(X)3x,> e (kj(x)ax/)]m
(18)

The vanishing boundary term in Eq. (18) results in the following boundary conditions associated with the adjoint
operator L*:

dimi=ly 9t d'v
dx/—i=1 gy ( i) &xl> 20 (19)
Then,
m 81
(v,Lu) = (u,L*v) /,Z(')u (-1) < i (x )8xi)dx (20)
Therefore,
. N 9 J'
L'=L=m (x)i;)(—l) ax,-(ki(x)ax,-> 21
Thus, L is a self-adjoint operator.
|
We note that L is a positive-definite operator since
(w,Lw) =2 / vdx >0 (22)
Jo
The eigenvalue problem is given by
Lyp=A¢ (23)
It follows that
(0,L9) =2(9,9) 24)
Therefore, the eigenvalues A of L are positive-definite since
L

~ (9.0)

and its eigenfunctions {¢; (x)};-, form a set of orthogonal basis functions such that {¢; (x), ¢; (x)) = m;;6;; where m;;
is a constant and &; ; 1s the Kronecker delta.
Thus, the Lagrangrian system (S) can be expressed in an linear operator form as

2
m(x)é;—tvzv—i—m(x)Lw:q (26)
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III. Hamilton’s Principle for Control of Lagrangian Systems

Let p(x,1) : R x [0,0) — R be defined as a momentum density® where

0¥ aw
p=——=m(x)5- (27)
o (@) ot
ot
The Hamiltonian density 7 (x,?) : R x [0,00) — R of the Lagrangian system (S) is defined as®
adw
h= Z 28
25 P (28)
Substituting in Eq. (27) yields
aw aw
h= - - V= \4 29
e m(x) 5 T + T+ (29)
The Hamiltonian function is the integral of the Hamiltonian function
H:/ (t+V)dx (30)
Q
The Lagrangian system (S) can be described the Hamilton’s equations in the form
dw  dh
A e 31
o ap S
d
P m(x)Lw+q (32)
ot
The time derivative of the Hamiltonian function, or the integral of the Hamiltonian density, is evaluated as
) , ow d 0¥ d (Iw\ & I 0%
H= [ hdx= t+V)dx= | — =— | —/——— - ===]") =——F——4d 33
/Q X /Q(T—i— )dx o Ot ot 8(%—W) /gz&t(&xl) Zéaxl&(?;w) X (33)
t X!

The second integral can be evaluated by integration by parts as

9 (aw\ & o 0.
/Q(?t(&):'/).;’)&xi " /3; ;0 5‘x‘ a(aiw) d .

1

with the vanishing boundary terms due to the compact support of 8¢;; (x), that is,

Iy 9 9 av

X1 91 Ixi @
W)/ laa

=0 (35)

Thus, the time derivative of the Hamiltonian function becomes

/ [m a;V (x)Lw] dx = /Q ‘Z—V:-qu (36)

If the non-conservative distributed force is zero, then the time derivative of the Hamiltonian function is zero which
is the equivalence of the conservation of the total mechanical energy of a mechanical system. Thus, stability of the
system can be inferred by the Hamilton’s principle which is equivalent to the energy principle of a mechanical system.
If energy is added to the system to increase the time rate of change of the work done by the non-conservative distributed
force, or equivalently H (t) > 0, then the motion of the system would grow. Conversely, if the time rate of change
of the work done by the non-conservative distributed force is negative, or equivalently H (¢) < 0, the system would
exhibit a decayed or bounded motion which implies stability. The system is then said to be dissipative.
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A distributed control can be designed to ensure that the time derivative of the Hamiltonian function is negative.
Many types of control are possible. Some common types of control include distributed control, discrete control, and
boundary control. We will not consider the boundary control in the present study.

. .. m—1 T .
The non-conservative distributed force g (x,t, w, %, e ‘f;xT’f, %—Vt", u) can be expressed by the individual contri-
butions as
q=qc+bu 37
m—1_ . . . . . . .
where g, (x,t,w, ‘3—:7 e %folﬂ %V) is a non-conservative distributed force without the distributed control u (x,7) :

R X [0,00) — IR. The control sensitivity function b (x) € R” is spatially distributed. Then, the Hamilton’s equation for
the Lagrangian system (S) is expressed as

(;—1; =—m(x)Lw+q.+bu (38)

Practical applications of distributed control are very limited in general. For systems with truly distributed control,
control actuation systems must be able to possess infinitesimal local control authorities at every single spatial location
throughout a system. Such requirements are impossible to be met in practical applications. Due to the physical
limitation and sizes of control actuation systems, only finite actuation systems can be physically implemented even
if the sensing is distributed. We refer to this class of distributed control systems as discrete control systems. The
Hamilton’s equation for the Lagrangian system (S) with discrete control can be established as

al—— ()L + -‘rib" 39)
ot m{x)Lw (¢ & iU

1

where b; (x) € R"*? is a control sensitivity function with p > n and ; (¢) is a discrete control defined over an interval
ac; <x <b.,i=1,...,p. A discrete control system thus only have a finite countable number of physical control
actuation systems over the domain of a distributed system. Each of these control actuation systems acts on a subspace
of the domain of the system and is commanded by a temporal command. A example of a discrete control system acting
on a distributed system is a flap system on an aircraft wing.

Consider these two cases:

A. Distributed Control

A distributed control is a control that is spatially distributed and is denoted as u (x,). Then, H (¢) is expressed as

i dw Iw
H:/qucdw/gcgb(xw(x,t)dx (40)

where Q. = (a.,b.) C Q is a subspace on which the distributed control acts.
From the spectral theory,!! the general solution of w (x,?) can be expressed in the form

wiot) =Y 0 () 6:(6) = 6 ()6 (1) 1)
i=1

where ¢; (x) : © — R is an eigenfunction of (L — 1) ¢ = 0 in the inner product space .#% (Q) and ; (¢) : [0,0) — R.
The infinite matrices ¢ (x) : Q — R"** and 6 () : [0,00) — R™ are an abstract representation of the infinite series
solution of w(x,#). The infinite matrix representation is convergent for the obvious reason that the infinite series
converges to the solution of w (x,¢).

The distributed control is proposed to be formed by an infinite series solution

u(r) = ia,» ()5 (1) = oL () B (1) )

=

where o (x) = { o (x)};ozl €R~and B (1) = {B; (t)}j:l
example, o (x) = {sink jx};o:l represents a Fourier sine series solution.

€ R* are infinite row and column vectors, respectively. For
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H (t) is expressed in an infinite matrix form as

g U o cher/ 0 b (x)u (x t)dx} _—y (/ 0 chx+/ ¢Tbadxﬁ) @3)

Let B = {fQ(- ¢;-bo jdx};”j: | € R*** an infinite square matrix. Then, the distributed control can be designed
abstractly with the following choice of 3 (¢):

B=-B" /Q(PT {chrm(x)c?;: um(x)Lw} dx (44)

where ¢ > 0 € R"*" is a velocity feedback gain matrix and p € R is a displacement feedback gain. The existence
of an infinite matrix inverse generally is not guaranteed. The notion of the determinant of an infinite matrix does not
exist. The choice of the vector function ¢ (x) influences f (¢). If # € 5 (Q) denotes the subspace of the solution
(L— 1) ¢; (x) = 0, then b (x) & (x) must not exist in the orthogonal complement #* € JZ (Q).

Consider the following example of an infinite matrix inverse in a Hilbert space. Let f (x) € 7 (Q) be a function
in 27 (Q) that admits an inner product and a linear operator L with a complete set of orthonormal basis functions
{¢i (x)};—, that span R. Then, we write f (x) = Y7 a;¢; (x) where a; = (f (x),¢i (x)) = [q f (x) ¢ (x) dx. Then, the
norm square of f (x) is expressed as

()= = [ ax= / Y aeadsdx=a [ 097w’ @5)

i=1j=
where a = {a;};", and ¢ = {¢; (x)};_ 1 But Hf|| “a?=aa'. LetA = {fg 0 (x) 9; (x)dx}szl = o900 dx e
R=**_ Then, we write ||f]|> = aAA~'a". By comparing to Eq. (45), we see that A~' = I.,.., which is an infinite

identity matrix. We can also use the orthonormal property to show the same by noting that A = {5, ,} = loxoo

since [o ¢i (x) 9, (x) dx = §;

The abstract form of the distributed control in Eq. (44) does not have practical applications. Instead, consider a
weak formulation of the Lagrangian system (S) with v (x,1) € #™ = H™ (Q) where H™ (Q) is a Sobolev space with a
weak derivative notion?

&ﬂ’l m
8x’” / ax’”

where @ (x) € C°(Q) is a smooth infinitely dlfferentlable test function with compact support in Q . Then, v (x,f) is a
weak-form solution that approximates the strong-form solution of w (x,#). We write

i,j=1

(46)

N
vie) =Y ¢ (x) %) = (x) 0 () (47)

where ¢; (x) : Q — R” is a trial orthogonal basis function in the inner product space £ () and ¥ () : [0,0) — R,
satisfying the weak form of Eq. (26)

d%v _1
i, ﬁ + <q)iaLv> = <(pi7m Q> (48)
fori=1,...,N. Then, v(x,t) = w(x,t) as N — oo. Thus, v(x,t) = w(x,t) + &€ (N) where € (N) is an approximation

error such that € (N) — 0 as N — oo,
The weak-form expression can be expressed as

[/Q o m(x) (pdx] 9+ ,mo

Let u (x,) be approximated by a truncated finite series solution

) i;’: dx] 5= /Q o7 gdx (49)

- flaj (B, (1) = o (1) B (1) 50)
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where p > N. The infinite matrix B is now replaced by a finite matrix B = { [o_@i-bajdx} € RV*P. Then, the
weak-form distributed control can be designed concretely with the following choice of 3 (7):

B=-B' (BBT)il/Q(pT [qc—i—m(x)ci;v: — pm (x)Lw| dx (31

. : . . . -1
assuming the choice of & (x) results in the existence of the matrix inverse (BB") .

Before we close this discussion, consider an alternative strong-form distributed control design. Let B : Q. — R”
such that

aw
B= —-bad 52
| i bods (52)
Then, the distributed control can be designed with
-1 14 d
B=-B" (BBT) /Q a—;v {qc +m(x) ca—v: —pum (x)Lw| dx (53)

This strong-form distributed control is a nonlinear control, which can cause difficulty, whereas the weak-form
distributed control in Eq. (51) is a linear control, which is much easier to handle with.

We now assert the stability of the Lagrangian system (S) with the distributed control by the following theorem:

Theorem 2: The weak-form distributed control of Eq. (51) is exponentially stable and results in w (x,7) — 0 as

2w;

Proof: Substituting Eq. (51) into Eq. (40) yields

2
N —ooforu<l1-— (i) < 1 where c is a constant.

ow

i ow dv
H= Qg'%’dx*/gg' |:qc+m(x)cat[Un(X)LW] dx

e ow oe ow

adw adw . de adw
[ il e |E @ L 4
<= or ey dxt uH + at'H‘”’”(x)cat pm (x) wH (54)
H (t) is then bounded by
. 0 0 ) 0
H<— Qa—:v~m(x)ca—vtvdx+uH+cl a—v: +er||wl| +es3 (55)
where ¢} = ‘ g—f ||m(x)c||,02 = ’ % W, and c3 = ’ %‘f ||qc|| ASN—>°°,V()C7I) —>W()C,l) ande(N) — 0.

Thus, {¢;};_; — 0 as N — oo. Then, H () becomes

) dw dw .
< [ ZZ 7r
H< o or m(x)c T dx+uH (56)
1 admits both positive and negative values. If 4 € [0,1), then
i dw dw
_ < [ ZZ hid
(1-u)H < /Q 3 m(x)c 3 dx (57)
which implies
i 1 adw adw adw adw
A<-— | 2% Dar<— | 22 s
ST T m(x)c&tdx_ Ry m(x)cgtdx (58)
If u <0, then
i . adw dw
<(1-— < — | —.
H<(1-u)H< /Q 3 m(x)cat dx (59)
Therefore, H (t) is bounded by
i ow dw
m<— |2V v
< /Q = m(x)c 5 dx (60)
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Thus, H (1) < 0 for u < 1. It follows that H () € % is bounded and so is w (x,t) € Z%. It also implies that the
2 norm of w exists. Therefore, aw{gt D) € N .%.. The time derivative of H (¢ (z) is evaluated as

i< 2/—m a;Vd ©61)

Since w (x,t) € £ N %, H (t) € £ is bounded. It then follows from the Barbalat’s lemma that H (¢) is uniformly
continuous and H (t) — 0 as t — co. This implies w (x,¢) — 0 as t — 0. Thus, the distributed control is asymptotically
stable.

The general closed-loop solution of w (x,#) can be expressed in the form

1) = i ; (x) Mt (62)
i=1
where A; € C. Then, H (t) is expressed as
Z / Aie @ [m (x) cidi — um (x) Loy] € dx (63)
But B
H= / [m a —— +m(x) Lw} dx= ; | /Q At @ [m (x) A2 +m (x) Loy] ' dx (64)

Thus, expressing in terms of the inner product definition, we obtain

[<¢,,¢,>A/ +(@iscdi) A+ (1 — ) <¢i,L¢i>] AieZAtl =0 (65)

gk

1

Without loss of generality, we assume c is a constant and take advantage of the positive real eigenvalues of the
symmetric self-adjoint operator L. We then obtain

A +chi+(1—p)a?=0 (66)
which yields
2
c . . c
A,-——Ej:la), 1_“_(2(0,') (67)

2 .
This implies exponential stability if g < 1 — (%) . Thus, H (t) is bounded by

. 3w w izwi 1—pu— % 2: -
R A WU I P P (69
\2
Since eilzw[ 1_#_<T‘°")t < 1, we obtain
H<—cY (9,60 |12l e (69)
i=1
Therefore, the closed-loop Lagrangian system (S) is exponentially stable.
|

The strong-form distributed control of Eq. (53) requires a special consideration. To prevent the possibility of

a control blow-up as % — 0 for which (BBT)_1 — o0, a modification to the strong-form distributed control
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is necessary. A dead-band method is applied whereby 8 (0) whenever Ha—w the strong-form

distributed control of Eq. (53) is replaced by the weak-form distributed control of Eq. (51) whenever H H <e.
Corollary 1: The strong- form distributed control of Eq. (53) results in bounded closed-loop 51gnals if B (¢ ) 0or

B (¢) is given by Eq. (51) for »

is given by Eq. (51) for ’
Proof: Substituting Eq. (53) into Eq. (40) and using Ineq. (58), we get

. aw adw . aw aw
a<- |22 D aerub<— [ 20 2 70
<=, m(x)c&t x+UH < /Qat m(x)cat X (70)
for’ N
. 0
fi= [ S qdx < 1)
Q Jt
for H H <eif B(r) =0, where cs = €||g.||-
If B (¢) is replaced by Eq. (51) for H ‘ < g, then
/ 5 c—dx+/,LH+cls+cz [lw]| +c3 (72)
Using Ineq. (58), Ineq. 72 becomes
i 0 d 1
H< - Q&L:.m(x)c&i:dwl_u(cle+cQHw||+C3) (73)
if u €[0,1) and
) 0 d
H< - —W~m(x)c—wdx+cle+cz||w||+C3 (74)
Q Jt ot
if u <0.
Thus, collectively H (¢) is bounded by
) d d 1
Hg—/ga—v;m(x)ca—v:dx—kl_u(018+cz||w\|+C3)§L‘4 (75)
where ¢4 = —min (m (x)c) €2 + ﬁ (cre+cp w4+ c3).
Thus,H()<0f0r‘ ()<C4f0r‘%vt”
bounded.
If 3 (¢) is replaced by Eq. (51) , then from Theorem 2
i aw dw
H<S— [ —- —d 76
<= o m(x)cat by (76)
for H (t) < €. Thus, collectively
i ow adw
m<— |2V v
<= o m(x)c 3 dx (77

for all H (¢). Then, from Theorem 2, the closed-loop Lagrangian system (S) is exponentially stable.

B. Discrete Control

A discrete control is a control that is spatially independent and is denoted as u; (t),i = 1,...,p. H (¢) is expressed as
—/ ow dx+Z/ X) uidx (78)
~ Ja "4
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T .
where Q. = (ac,,be;) C Q, u(t) = { ur (t) ... up(t) } . The weak-form expression of H (7) is

H=9" l/q) chx—|—2/ o'b udx] (79)

i=N,j=p
Choose ¢ (x) € R™N with N < p. Let B= { fg 0i.b; dx} € RN*P_ Then, the discrete control is obtained
i=1,j=1
as

1 pol
=-B' (BBT> /Q o' {qc +m(x) cg—vtv — pum(x) Lw} dx (80)

The stability of the closed-loop distributed system can be proved by Corollary 1.
To complete this section, we also present the strong-form discrete control

—_BT T 71/ L—W. ow _
B (BB ) Y chrm(x)cat um (x)Lw| dx (81)
where B = {fQ at bdx} IGRP.

C. Lyapunov’s Method and Least-Action Distributed Control

The Hamilton’s principle is a special case of the Lyapunov’s method where the Hamiltonian function represents the
total energy of a system, and is a special and unique Lyapunov function. The Lyapunov’s method states that, given
a positive-definite Lyapunov candidate function V (¢), a system is stable if the Lie derivative V () evaluated on the
system’s trajectory is negative semi-definite. Any positive-definite function could be a candidate Lyapunov function,
but a Lyapunov function must satisfy V (¢) < 0.

Given an arbitrary candidate Lyapunov function

V= /ng)dx (82)

where g (x, w, %, e ‘3:,3,") > 0, we can state the principle of least action for distributed control as follows.

Theorem 3: The distributed control u (x,7) in Eq. (53) with ¢t = 0 that minimizes V (¢) is a minimum-norm control

if and only if g (x, w, %, ... %ﬁ,ﬁf ) \% (x w, ‘?9;”, %W ) which implies V () = H ().

axm

Proof: Evaluating V (¢) yields

| ow o o m 3 o o
V=155 a(;w> % (axz)'axi ( ) d
—1

ax!
dw i ;0 i d (9/7i1 d' dg
_/QW' "”;0(_ oxi ZZ a( xwl)'axi a(aﬂ)
- o Ix/ 20
L
+ / M ) u(e)dx (83)
We formulate a distributed control law by letting u (x,2) = o (x) B (¢) + o (x) AB (¢). Then, V (¢) can be expressed
as
m aw ai d(g—V) m j—1 ;0 9Ji—i—1y, Bl dg
V= H+/Z ar 8xi 8( ’w) dx—|—leZ 87 dxi—i-1 ) 9xi a(@)
Joxt 7= ox/ 20

L ow

E.b (x)ax (x)ABdx (84)
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The incremental control Af (r) is designed as

_ i m j—1 j—i— i
AB=—B" (BBT) 1 ?: Y (—1) I 2=V ZJZ(—l)f&(M).a. L

i=0 ox' 8(%) J=1i=0 dr \ dx/==1 ] o' 8(%) o
(85)

Then,
V=H<O0 (86)

results in asymptotic stability.
It is obvious that, if g = v, u(x,7) is a minimum since Af} (1) = 0. We can pose the problem formally by seeking

"w
X
W

the function g <x,w, %, ) that minimizes V (¢). To that end, we apply calculus of variations by considering a

variation 8g (x,w, %—‘;7 —) Without loss of generality, we assume u (x,7) = o (x) B (¢) remains fixed. Then, we

My

ax"
compute the variation in V (¢) due to the variation §g (x w, ax, axm ) by expressing V (¢) = H (t) 4+ 8V (t) where

8V (t) is given by

oxi

il 9 (9 9l 98¢
+ ; ;)(4) T <ax/i1 ) 9 \ o7 (M) (87)
e ox/ aQ

where

.ow 0 Pw I a() dw
0 ()P0 B0

P)
() =5~ +a;6$+a?j 53 Z;,]a% 5 (88)

The stationary condition for minimizing V (¢) requires 8V (¢) = O for any arbitrary variation g (x, w, %—V;, e %';,V,f ) .

This immediately leads to g (x,w, %—‘;“7 ... %’:,Z,”) =v (x w, %}V, %mm ) and V(1) =H (1)
[ |

The advantage of the Lyapunov’s method by not requiring the knowledge of the Hamiltonian function can some-
times be a weakness. It tends to lead to a more complicated control law design which also may result in more control
effort. On the other hand, the Hamilton’s principle requires the physical insight of a system but the control design task
tends to be simpler and result in less control effort.

IV. Adaptive Control

We consider an uncertain Lagrangian system (W) described by

*w
m(x) o7 +m(x)Lw = g+ Aq. + bu (89)
where Aq, <x7w, %—;", e aar:%‘f’, %—V;) € R” represents the system uncertainty, b (x) = [ by(x) -+ by(x) } e R™P
T
is a control sensitivity vector with p > n, u(t) = | uy (t) -+ u,(t) € R? is a vector of discrete controls.

The goal is to design an adaptive controller that can track a reference model described by
92
" (X) aitv‘;m +m ()C) Lwy,, = me +br (90)

where r (1) : [0,00) — R? € .Z, is a vector of bounded reference command signals and

_1 W,
=-B' (BBT) /Q o' {m (x) c% — um (x) Lwy, | dx 1)
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We design an adaptive controller as
U = Unom + Uad (92)

where Uy, (1) is a nominal controller and u,, (¢) is an adaptive augmentation controller to effectively cancel out the
uncertainty. The nominal controller i, (¢) can be designed as

-1
=87 (857) " [ 97 [t m(x)e 2 — m () 1] e ©3)
Ie) ot

Then, in the ideal case when Ag, = 0, the closed-loop distributed system tends to the reference model with
w(x,1) = Wy, (x,1) as t — oo,
The parametric uncertainty is expressed as

Age =D (x,1)O (x) +d (x,1) %94)

) gxm—17 ot
butions, and d (x,1) is an exogenous disturbance. We parameterize ® (x) as

0=7" (x)a (95)

m—1. A . . . . : .
where @ (x, w, %, L 8—”) € R?*" is a matrix of regressor functions, ® (x) € R? is a vector of unknown distri-

where 7 (x) € R™4 is a matrix of prescribed distributions and a € R" is a vector of unknown constant parameters.
We approximate the disturbance as

=

Il
-

d=) ¢i(x)oi(t) = ¢@(x)o(r) (96)

1

where o (f) € % is a bounded signal with a bounded time derivative such that ||& (¢)|| < 6.
Let d(¢) and 6 (r) be the estimates of a and o (¢), respectively. Then, the adaptive augmentation controller is

designed as
T ! T (Tl 4 A
Uyg = —B (BB ) /Q(p (ep ¥ a+<pc) dx 97)

We define the tracking error as e (x,t) = w (x.t) — wy, (x,). The error equation is then formulated as

m(x) 55 +m(x)Le=g.+ Y a+ 9@ o)
T ™! T de T
—bB (BB ) /Q(p getm(x)c5 —pum(¥)Le+ T yTa+ 6 dx (98)

The Hamiltonian of the error equation is expressed as

1 de de & 1J dle
/ lz =" +;)2M-k,-(x)axi] dx (99)
Let e (x,t) = @ (x) O (1) — € (N). Then,
_/ qc—i-(I)T)/ a—i—(p(x)c(t)} dx—ﬁj/ o' [qc—l—m(x)cgj—um(x)Le—i-(I)Tde—i—(pé} dx  (100)
Q

where d; (t) = d; (t) —a; and 6 (t) = 6 () — o (¢) are the estimation errors of d () and & (¢), respectively.
Using the result of Theorem 2, H (¢) is bounded by

H§/ae[m(x)caeJr(DTyTa“+(pG}dx+c] lall+es || 28| 1s1 caon

Q ot ot

de Forllell+es+ de
— I +callel| +c3+cal|=—
BP 2 sta|s

de
ot

where {c;}}_, are defined in Corollary 1, ¢4 = ||® 7" = |lo|l.
We now propose the following adaptive laws for @ (¢) and 6 (¢).
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Theorem 4: The following adaptive laws results in bounded tracking of the closed-loop uncertain Lagrangian
system (W).

s de
_T, /Q ro L (102)

d
&= r(,/ o Zax (103)
o Ot
where T, > 0 € R™" and 'y > 0 € RV*V are the adaptive gain or learning rate matrices.

Proof: We choose a Lyapunov function

1

5 T=lG
e 104
26 (104)

1
V:H—i—EdTF a+

Then, V (¢) is evaluated as

V<— / de. [m(x)c‘;f +@ Ty a+ (,06} dx+a' T 646 'T5' 6 + Anax (T5') 8|6
JQ

ot

de 8

+er |5 +crllel| +ez+cal| = Ha||+cs ||G|| (105)
which can also be expressed as
. aeT (96 ~T 1z ae ~T — 12 Tae
V<—[| = mx)ce=—dx+a' (T, a—/j/CIJ—dx +6 (T, G—/(p —dx
Q dt ot d

de

+/”Lmax( )6HO'H—|—C1 H-l—cz||e||+c‘3+C4 '|a||+cs HHGH (106)

Setting the second and third terms on the right hand side of the inequality yields the adaptive laws.
Thus, V < 0f || %
uncertain Lagrangian system (W) is bounded.

Note that the adaptive laws can be made to be ultimately bounded by adding a robust modification term such as
the o-modification* or the optimal control modification.!!-1> We state without proof the optimal control modification
adaptive laws

> c¢ where cg is some positive small number. Therefore, the tracking error of the closed-loop

4=T, (/ yfb%dx—v/‘ ycbchdexa> (107)
o' ot Jo

6=Tq </ (pT?dx—v/ (pT(pdxé') (108)
Q t Q

V. Adaptive Flutter Suppression Control Application

Consider a general bending-torsion motion of a swept wing with an elastic axis sweep angle of A. The aeroelastic
equations of motion are described by'”

2, 2 2 2 -
A(; 5 +pAecg(Z f ;2 <E132> = l_cosA+a&—’:cosAsinA+l‘;u (109)
2’6 92 d d0
plxxﬁ +pAeLga 2Z e < Jc9x> :ﬁzcoszAergu (110)

where z(x,?) is the bending displacement and 6 (x,?) is the torsional rotation. The right hand sides of the aeroe-
lastic equations are the aerodynamic force /(x,#) and moment 7 (x,¢) and control force 5 (x,f)u(t) and moment

-
mg (x,t)u(t). The control input vector u(t) = { 8 (1) - 8,(1) ] € R? comprises p discrete control surface
deflections that span the wing over the intervals Q., = (a;,bc,), i =1,...,p where 0 < a., < x < b,; < L and L is the
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length of the wing. Figure 1 illustrates several discrete control surfaces of a flexible wing. The sensors are two wing
shape sensors, illustrated as two red dashed lines, that can produce the vertical displacements z; (x,7) and z (x,#) as
well as their velocities. The bending displacement z (x,#) and torsional rotation 6 (x,¢) can be directly computed from
these measurements. To illustrate this, we consider the placements of the forward and aft wing shape sensors to be at
distances of e; and e; from the elastic axis, respectively. We can estimate z (x,7) and 0 (x,#) by a linear interpolation
as

22—
= Rl 111
=aty o (111)
21 —22
== == 112
el tes (112)
Wing Shape Sensors
Figure 1. Discrete Control Surfaces of a Flexible Wing with Continuous Wing Shape Sensors
The unsteady lift force [ (x,¢) and pitching moment 77 (x,?) in the streamwise direction are given by
L 0 d0 140
[=1+C(k)cr,geC (9 cosA — ;ZC sinA + \%E cosA — ﬁaé)
TPeVec? (00 em 020 1 9%z
_ 0sA 0SA— —— 113
L ( FTATS V. o2 © Voo 012 (113)
dz a0 14
1 =, +C (k) cr,gosce <BcosA— e sinA + ‘e/c 5 COsSA — V—wa—j>
TTPoC’em 2%6 %7\  7PVecle 00 TPt 976
_T< azcosA Pl —TECOSA 18 9 cosA (114)
The distributed control force and moment sensitivities are represented by /5 (x) and mg (x), respectively.
The kinetic energy density of the wing is expressed as
1ow' adw
= Ea_t [m(x)—i—ma (x)]E (115)
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-
where w (x,1) = [ z(x,t) 0 (x,1) } . The mass matrices m (x) and m, (x) are given by

m(x) = pA [ ! Cee ] (116)
g %
2 _
TPeC” COS A 1 en CosA
= ; 117
mg (x) 1 e, cOSA (e%n—&—%)coszA (117)

where m (x) is the structural mass matrix and m, (x) is the aerodynamic mass matrix due to the so-called apparent mass
effect in aeroelasticity.
The potential energy density of the wing is expressed as

10w’ ow 132w’ *w
y=_2" Ty Z 118
2 Jx 1) ox T2ow 2(¥) ox? (118)
where
0 0
ki (x) = 119
1(x) 0 GJ (119)
ElI O
ky (x) = 120
2(x) 0 0 ] (120)
and EI (x) and GJ (x) are the bending and torsional stiffness properties of the wing structure.
The Lagrangian density is obtained as
1ow' ow 1ow' ow  19%w %w
L=T1—-V=-— —_— == — === k =— 121
V=g MMl gy kWG Taae kW g (2
The linear operator L is given by
d d 22 9?
L=m! _Z = — (& - 122
) |- 5 (k042 )+ 2o (0 5 )| (122)
The Euler-Lagrange equation in vector form is expressed as
0 ¥ 0 0¥ 9? Y
= | —— === | — | = b 123
3 a(«LWT) +a a(LWT) 2 3(@T) ge+bu (123)
Jt dx ox2
Evaluating the Euler-Lagrange equation yields a system of a 2"?-order PDE and 4"-order PDE
w9 adw 92 ’w
[m(x)—&-ma(x)]ﬁ—a (kl (x) ax> +ﬁ (k2 ()C) ax2> ch—i—bu (124)

. . . . 2
The anti-symmetric boundary conditions of the wing are w(0,7) = 0, EI % s

=0, & (Er3%)| =0, and
x=L

x=

GJ %—g L= 0. These boundary conditions satisfy the compact support of the distributed system in Eq. (123).
x=

The non-conservative force vector g, due to the unsteady lift force / (x,¢) and pitching moment 7 (x, ) is expressed

as
ow ow

ow
ge = C (k) (q1w+qzax+qsat)+cmat+f (125)

where C (k) is the Theodorsen’s function, k = 577 is the reduced frequency, and {q,-}?zl are given by

1

126
0 ecosA (126)

q1 = CLyGoC cos> A
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2 —tanA O

= CL,(eCCOS” A 127
= CLad —esinA 0 (120

CLy PooVeorCCOS A -1 e.CosA
= ez e 128
? 2 —ecosA  ee.coszA (128)

TPuVeoc?cos’ A | 0 1

== 129
& 4 0 —e.cosA (129)

The pitching moment contribution to the lift force due to the wing sweep is represented by f which is given by

(130)

mcosAsinA
f- [ A

The Theodorsen’s function C (k) = F (k) +iG (k) operates on an harmonic input y (t) = ype'® at a constant fre-

quency @ as
G (k)cy
2kVe.

The distributed control sensitivity b (x) due to the distributed control force and moment sensitivities /5 (x) and
mg (x) is expressed as

C(k)y=F(k)y+iG(k)y=F (k)y+ (131)

n
b=C(k)gs+ Y ge.i (132)

i=1

where
G5 = GuucCos® A CLs (133)
crgecosA
_ 2.3
g6 = GeC COS" A | _ (134)
Cmg

The uncertainty is assumed to exist in the value of ¢z, (x) and in the form of a control uncertainty due the control
surface “buzzing” as the wing approaches flutter. It is represented by

q1 g2 ow q3 Ow
Ag. = A gt |
gc = C (k) Acy, (CL,X w+ oL ox + o 9t ) +b(x)Au (135)

where Acy,, (x) and Au (¢) are unknown. We can parameterize Acy,, (x) as a cubic polynomial as
3 .
Acpg=7"a=Y ax (136)
i=0

T
Then, the uncertainty is expressed as shown in Eq. (94) with the parametric uncertainty a = [ as ar» ap ao }

Age=d"y'a (137)
where
T _ ou 3 0
T =C(k)| fLw mg s (138)
x X ox 1
=13 2 x 1 (139)
S |
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The nominal discrete control is given by

_ 5 (85" [ o7 A AN ’w
__B (BB) /Qq) {qc+m(x)cat+uax k()5 ) —nss (ke () 55 ) [ (140)

Integrating by parts the last two terms yields

)

In addition, we also consider the strong-form discrete control in the form

_ g7 T’l/ Iw Iw. dw_ Pw. dw_ Pw %w]
=BT (B8T) [ |Gt Grm ey 5wk () G g, ke () el K

do " ow 9% 9w

d
¢ g+ mx)c av: e ukl(x)g 32 uz()ax2 dx (141)

The adaptive augmentation control is designed as
~1
was=—B" (BB") / 0" (®Ty a+bad)dx (143)
Q

where Al (¢) is estimated by the following adaptive law:

9 (144)

Ait =Ty, / b

A numerical simulation is performed. The wing has a length L = 80 ft and five control surfaces of equal length

of 0.2L. A flutter analysis is conducted for the first four symmetric modes in bending and torsion. Figures 2 and 3

show the frequencies @ and structural damping values g as functions of the airspeed V... A flutter corresponding to the

second torsion mode 2T at a frequency of 50.64 rad/sec occurs at an airspeed of 376 ft/sec when g crosses zero. The
system is unstable at and above 376 ft/sec.

1 60 T T T T T T T
140 .
120 - 4
100F— 1T Anti_—Symmetri_c .
- — 1B Anti-Symmetric
3 — 2T Anti-Symmetric
g 80F——2B Anti-Symmetric )
3 ® 2T Flutter Point
60 [ .
40 -
20 .

0 1 1 1 1 1 1 1
0 100 200 300 400 500 600 700 800

V_ (fts)

Figure 2. V — o Diagram of Frequencies of Anti-Symmetric Modes
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005 T T T T T T T

-0.05 |

o -01F J

-0.15 .

— 1T Anti-Symmetric
— 1B Anti-Symmetric
-0.2F  — 2T Anti-Symmetric N
—— 2B Anti-Symmetric
® 2T Flutter Point
-0.25 ! ! ! ! ! ! !
0 100 200 300 400 500 600 700 800
V_ (fts)

Figure 3. V — ¢ Diagram of Damping of Anti-Symmetric Modes

Figures 4 and 5 show the nominal open-loop response of the wing in bending and torsion at 400 ft/sec just beyond
the flutter point without flutter suppression control and uncertainty in the first 10 seconds. As can be seen, the motion
of the wing in bending and torsion is slowly divergent.

Nominal Open-Loop Response

60 \ 4

x(ft 80 g te)

Figure 4. Wing Bending Deflection z (x,) without Flutter Suppression Control and Uncertainty
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Nominal Open-Loop Response

||'.|'||Iil|!|I

10

x (ft) 80

t(s)

Figure 5. Wing Torsional Twist 6 (x,7) without Flutter Suppression Control and Uncertainty

20 200
Weak-Form ¢=0.01 =0 Weak-Form ¢=0.01 x=0.1

10 100

=) >
3 0 3 0

] S5
-10 -100
-20 -200

0 2 4 6 8 10
t(s)

4 100

Strong-Form ¢=0.01 p=0.1

4 -100
0 0

Figure 6. Comparison of Nominal Flutter Suppression Controllers u (¢)

A nominal flutter suppression control is designed using the weak-form and strong-form discrete controls from Eq.
(80) and (81), respectively. The displacement and velocity feedback gains are selected to be i = 0.1 and ¢ = 0.01wy,
respectively, where @y is the flutter frequency. Figure 6 is the plot of the control surface deflections for the four
nominal controllers. No saturation limit is applied in the control simulations for the purpose of comparison. The linear
weak-form controllers produce much larger control surface deflections than the nonlinear strong-form controllers. The
strong-form controller with pt = 0 produces the smallest control surface deflections, thus demonstrating the result of
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Theorem 3. Increasing or decreasing u has an effect of increasing the control amplitude, so the minimum control
amplitude corresponds to u = 0.

The Hamiltonians for the four nominal controllers are plotted in Fig. 7 and are quite similar. The strong-form
controller with = 0.1 produces the largest decrease of the Hamiltonian, thus is more effective, but by the same token
requires more control power which clearly can be seen from Fig. 6. The strong-form controller with y = 0 requires
the least amount of control power and therefore produces a smaller decrease in the Hamiltonian. This is in agreement
with the result of Theorem 3.

25 T T T T
— Weak-Form ¢=0.01 =0
— Weak-Form ¢=0.01 x=0.1
— Strong-Form ¢=0.01 u=0
20 — Strong-Form ¢=0.01 p=0.1 ]|

H (ft-Ib/s)

Figure 7. Hamiltonian Function H (7) for Nominal Flutter Suppression Controllers

Figures 8 and 9 show the nominal closed-loop response of the wing in bending and torsion at 800 ft/sec with the
weak-form flutter suppression controller with ¢ = 0.01 and u = 0. It can be seen that the flutter suppression control
based on the Hamilton’s principle is able to stabilize the wing motion. For comparison, Figures 10 and 11 show the
nominal closed-loop response of the wing with the strong-form flutter suppression controller with ¢ = 0.01 and u = 0.
The nominal closed-loop response with the strong-form controller is very similar to that with the weak-form controller,
but the response is produced by the much smaller control surface deflections with the strong-form controller than those
with the weak-form controller.
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Nominal Closed-Loop Response with Weak-Form Controller c=0.01 p=0

i

||'i'

4
t(s)

Figure 8. Wing Bending Deflection z (x,7) with Weak-Form Flutter Suppression Controller ¢ =0.01 4 =0

Nominal Closed-Loop Response with Weak-Form Controller c=0.01 p=0

x(f) 80

t(s)

Figure 9. Wing Torsional Twist 0 (x,7) with Weak-Form Flutter Suppression Controller ¢ =0.01 u =0
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Nominal Closed-Loop Response with Strong-Form Controller c=0.01 =0

60
x(fY) 80 g

Figure 10. Wing Bending Deflection z (x,) with Strong-Form Flutter Suppression Controller c =0.01 4 =0

Nominal Closed-Loop Response with Strong-Form Controller c=0.01 p=0

40

x(ft) 80

t(s)

Figure 11. Wing Torsional Twist 6 (x,) with Strong-Form Flutter Suppression Controller ¢ = 0.01 =0

To illustrate the adaptive control design using the Hamilton’s principle, we conduct a simulation with the uncer-
T

tainty. We choose the parametric uncertainty a = [ —1.125 09 0.125 0.3 ] . The control surface “buzzing”

uncertainty is modeled by Au(r) = Augsin @t where Aug = 1°. The reference model is chosen to be the nominal
closed-loop plant with the nominal weak-form flutter suppression controller, shown in Figs. 8 and 9. The adaptive
laws are implemented using I'; = 1007 and I's, = 10. Figure 12 shows the time history of the estimate d (). As can
be seen, the estimate @ (¢) tends to a constant set of values but does not converge to the true parametric uncertainty a.
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This is not a surprising result since model-reference adaptive control does not guarantee any parameter convergence.

20 T T T T

-60 .

<@ -80 1

-100 [ .

-120

-140

-160

-180 I I I I
0

Figure 12. Estimate of Parametric Uncertainty 4 (r)

Figures 13 and 14 show the wing motion without adaptive control. The control surface “buzzing” uncertainty
causes the wing motion, which is previously stable with the nominal flutter suppression controller, to begin to diverge.
The adaptive controller is able to regain stability as shown in Figures 15 and 16. Thus, the effectiveness of model-
reference adaptive control based on the Hamilton’s principle is demonstrated.

Closed-Loop Response to Uncertainty without Adaptive Gontrol

x(f) 80 g

Figure 13. Wing Bending Deflection z (x,7) without Adaptive Control
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Closed-Loop Response to Uncertainty without Adaptive Gontrol

x(fY) 80 g te)

Figure 14. Wing Torsional Twist 0 (x,7) without Adaptive Control

Closed-Loop Response to Uncertainty with Adaptive Control

4
t(s)

x(f) 80

Figure 15. Wing Bending Deflection z (x,7) with Adaptive Control
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Closed-Loop Response to Uncertainty with Adaptive Control

x (ft) B0

t(s)

Figure 16. Wing Torsional Twist 0 (x,7) with Adaptive Control

VI. Conclusion

This paper presents a model-reference adaptive control theory for distributed Lagrangian infinite-dimensional sys-
tems using the Hamilton’s principle. A generalized expression of the Euler-Lagrange equation is developed for a
distributed system possessing a kinetic energy and a generalized potential energy of any arbitrary order. A linear
operator is derived for this generalized potential energy. The Hamilton’s principle in classical mechanics is applied to
analyze the Hamiltonian function of the system which is a special case of the Lyapunov function. Two methods are
developed for distributed control using the spatially distributed and continuous state information of the system. The
first method is expressed in a strong form whereby no approximation is used. The distributed control synthesized by
the strong-form method results in a nonlinear control. The second method is expressed in a weak form whereby one
half of the distributed state information is approximated by a finite sum of orthogonal basis functions. This method
results in a linear control. Model-reference adaptive control for this Lagrangian distributed system is developed using
the weak-form control method.

The adaptive control theory is applied to a flutter suppression control of a flexible wing. Simulations show that the
strong-form nominal controller produces less control effort than the weak-form nominal controller. In the presence
of uncertainty, an adaptive augmentation control design is implemented for the weak-form nominal controller. The
effectiveness of the adaptive augmentation is demonstrated by the simulation results.
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