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High-Order Design of Adaptive Inverses for Signal-Dependent
Actuator Nonlinearities

Dipankar Deb, Gang Tao, Jason O. Burkholder

Abstract—In this paper, an adaptive compensation scheme
is presented for controlling signal-dependent synthetic jet
actuator nonlinearities, using higher order approximation of
twin approximators for effective adaptive inversion of actuator
nonlinearities. Approximation of a nonlinearly parametrized ac-
tuator model by a linearly parametrized function is performed.
Adaptive inversion of actuator nonlinearities is implemented by
another approximator in the feedforward path. The network
reconstruction error is reduced in principle with usage of a
second-order approximation, compared to a first-order approx-
imation. A nonlinear state feedback control law is designed for
controlling a nonlinear dynamic system. Parameter projection
based adaptive laws ensure desired closed-loop stability.

Keywords: Actuator nonlinearity, adaptive inverse, non-

linear aircraft dynamics, stability, synthetic jet actuators.

I. Introduction

The characteristics of synthetic jet actuators used for
aircraft flight control are highly nonlinear and can change
significantly with the aircraft’s angle of attack [1], [2], [3].
An adaptive inversion approach [9] has been used for com-
pensation of actuator nonlinearities, in controlling a dynamic
system. The design of an adaptive inverse needs to be further
developed for synthetic jet actuator nonlinearities, to handle
their complex characteristics and signal-dependence and to
improve the nonlinearity inversion accuracy.

Selmic et al. [8] have addressed the problem of compensat-
ing a nonparametrizable deadzone-like actuator nonlinearity,
by using two coupled neural networks which are tuned
such that an effective inversion is adaptively achievable. To
handle signal-dependent actuator nonlinearities, an adaptive
nonlinearity inverse needs to be designed with networks with
increased dimensions [3]. Higher dimensional network based
adaptive inverse schemes need enhancement for improved
inversion accuracy, which will be studied in this paper. This
work is motivated from the need of such an inverse to handle
the intrinsically complicated nonlinear characteristics of ac-
tuators, for applications including aircraft flight control using
synthetic jet actuators. Our objective is to develop a new
adaptive inverse design with enhanced inversion accuracy.

As demonstrated in [1], [2], the input-output relationship
of a synthetic jet significantly depends on the angle of
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attack « of the aircraft wing, with the input to the actuator
being v(t), that is, we observe a state dependent actuator
control problem with an actuator nonlinearity function u =
f(v(t), ) proceeded at the input of a dynamic system
Z = fo(x) + g(x)u. Such a nonlinear function f(v(t), )
is difficult to model. Approximately, for an actuator function
fi(v) at a low angle (o =~ 3°) of attack and an actuator
function fz(v) at a high angle (o ~ 24°) of attack, the
actuator nonlinearity function f(v,«) may be expressed as

fv, @) = a(@) f1(v) + b(a) f2(v), (1)

where a(«) and b(«) are certain functions that determine the
dependency of the actuator nonlinearity on the signal «, and
fi1(v) and f3(v) are static nonlinearity functions dependent
on the actuator input v. Such a signal-dependent actuator
nonlinearity can be compensated for by using enhanced
designs of the inverse scheme of [8].

We will develop an approximation based inverse for a
signal-dependent actuator nonlinearity. There are several ap-
proaches for approximation available in literature, including
neural network based models, fuzzy logic approximators,
wavelets and splines. A neural network based design is used
for demonstration and is based on the work by Selmic et
al. [8]. The synthetic jet actuator application is studied for
illustration of research motivation and demonstration of our
new adaptive inverse control design.

The two main contributions of this work are:

e A new and improved higher-order inverse parametriza-
tion scheme in presence of signal dependent actuator
nonlinearities, thereby improving accuracy of approxi-
mation, is presented.

« An application of this scheme to synthetic jet actuation
in aircraft fight control systems, is presented.

The paper is organized as follows. In Section II, an
adaptive compensation scheme for signal-dependent actuator
nonlinearities is developed, using a high-order approximation
based inverse. In Section III, we present a benchmark study
of an adaptive inverse based feedback control scheme, by
combining it with a feedback control law applied to a non-
linear aircraft dynamic model with synthetic jet actuators. In
Section IV, we develop an adaptation scheme for parameter
updates of the coupled nonlinearity approximation functions
used to build the adaptive nonlinearity inverse, and show the
closed-loop system stability and tracking properties.
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II. Higher Order Parametrization of Inverse Schemes

In this section, we present a modified parametrization
scheme for adaptive inversion of signal dependent actuator
nonlinearities, using second-order terms of the Taylor series
functional expansion of the approximating functions.

As a motivating example, we consider a synthetic jet
actuator nonlinearity characteristic v = N(v,a) which
depends on the angle of attack «, and the actuator input
v, where u is the lift coefficient (force) on airfoil surface.

It is well-known that approximators such as RBF net-
works or feedforward-type neural networks (NNs) and
fuzzy logic approximators have a powerful universal ap-
proximation property, that is, for any continuous function
fv,a),V (v,a) € S C R?, one has

u=N(@,a)=f(v,a)= WT¢('U70‘) + €1 (v, @),

where ¢(v,«) is a basis vector, W is a constant weighting
vector (for v € R) and € (v, «) is the approximation error.

As a demonstrative tool of this new parametrization
scheme, we use a neural network approximator with the basis
#(v,a) = o(VTxy + vg), and the actuator output is

u=WTa(VTz) +vo) + €1 (v, a), (2)

where z; = [v,a]T, and o(-) € RL is a hidden layer
activation vector, and V' and vy are the first-layer weighting
matrix and vector of the neural network [7], [8].

The functional approximation properties of neural net-
works is used to convert an unknown nonlinear function
into a set of unknown constant parameters W and V, and
a bounded disturbance €1 (v, «). A neural network of this
type is capable of approximating any smooth function to
any desired accuracy. Note that W and V indicate constant
parameter values that minimize ¢; (v, «v).

Using this desirable property, we propose to employ a
neural network to estimate the characteristic © = N (v, a):

a=WTo(VTzy + 1), (3)

where TV is an estimate of the ideal NN weight W.

This neural network is used as an actuator nonlinearity
estimator or observer. The output of this neural network will
be used for tuning a second neural network which will be
used as the nonlinearity compensator.

For the inverse characteristic v = N1 (u4, «) such that
U= N(Nj(udva)aa) = Udq, 4)

where ug is the desired input signal, we use another neural
network W, o;(V.T x5 4 vo;) which acts as the compensator,
to estimate the function ugy N given by

AN
ugny = NI(ug,a) —uq
= WiTO'Z'(‘/Z-T.'L'Q + UOi) + Gg(ud, Oé)7 %)

where 0;(-) € RLi is a hidden layer activation vector, V;
and vg; are the basic NN elements (a matrix and a vector),

29 = [ug,a]T and ey(ug, @) is the network approximation
error. Then, the estimate of ugyn 1S

tany = Wla;(VE s 4 voi), (6)

where W; is an estimate of the NN weighting vector W;.
The weights V' and V; are chosen based on the activation
functions ¢ and o;, and they are kept fixed.

An estimation scheme for nonsmooth actuator nonlineari-
ties with first order parametrization is presented in [8]. This
paper extends that work to higher order parametrization and
approximation in presence of signal dependent nonlinearities.

From (2) and (4) we get
_ T T T
ug =W 0<V [uan N + ug, Q] +U0) +e (v,a). (7)

Using (5) and (6), we get

- T
ug = Whe (VT [WiTUi(‘/;T.’EQ + vgi) + e2(ug, a),O}

VT {xQ + [ﬁdNN,O]T] + vo) tea(va), (@8
where WZ =W, — WZ is the weight parameter error.

A. New Inverse Parametrization

Next, we describe the effectiveness of this coupled neural
network nonlinearity approximation by developing a control
error expression. This expression is critical in developing
adaptive update laws for the parameter estimates. For devel-
oping control error, we assume that

(A1) the ideal weights W and W, are bounded
such that ||W||p < Wy and ||W;||p < Wips with
Was and W;ps known bounds.

The key to extending theory developed for linear-in pa-
rameter functions [9] to neural networks with one hidden
layer involves a Taylor series expansion of the hidden-layer
output. Using Taylor series expansion of ug4 in (8) for W; at
W; up to the second order (for e, at 0 nominally), we get

W (VT (x2 ¥ [Gan s O]T) + vo) +e(v,@)
+WTo' (vT (xz T - O]T) ¥ vg> VT

Uqg =

Wi (Vs + v0i) + e2(ua, ), o}T
T (47 o) )

: [WZ-T% (V"5 + vo;) + €2(uq, 04),0} vvT

: [WZ.T@ (V"2 + v0i) + €2(ua, ), O}T

+WT R, (Wi, ua,a), ©)

where W = W — W is a weight estimation error, and
WTR, (Wi, Ugq, a) is the remainder of the second Taylor

polynomial and ¢'(z) and ¢”(z) is the first and second
derivatives of o(2) = [01(21),...,00(2)]T with respect
to z = [21,...,21]7 respectively.
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Remark 2.1: The higher order approximation naturally
provides a more accurate approximation compared to the
first order approximation presented in [8]. In fact, it can
be shown that for higher order approximation even beyond
second order, the control error can be expressed as a linear
parametrization of weighting errors W and W;, with the
model mismatch term accounting for the higher order com-
ponents. The norm of this model mismatch term, in principle,
is lower for higher order approximations.

The estimate on the remainder of the second Taylor
polynomial describes how far the approximation is from the
true function. Since we use the second Taylor polynomial,
the reminder term is only degree 3 and satisfy the inequality.

Since x1 = 22 + [Uann, O}T, using (2), we get
u=WTles (VT (.IQ + ['&dNN, 0]T> + Uo) +€1 (U,O&). (10)

Substituting (10) into (9), we get

~WTo" (VTzy + o) VT [ea(ug, ), 0]"
-w7Ts’ (VTxl + vo) VT [WZ.T@ (ViTJ:Q

U—uqg =

1 "
+v0i) 0] — §WTU (V1 +vo)
. [WiTO'i (‘/iTaZ‘Q + U()i) + 62(ud7 OZ), O:| VVT
B T
. [WiTO'i (‘/z-T:L‘Q -+ UOi) + EZ(Uda a)a O}

“WTR, (Wi,ud,oz) . (11)

Next, utilizing the weighting errors W=Ww-W, W, =
W; — Wi, we express (11) such that it is composed of terms
which are linear in W and WZ, and the model mismatch term
€. The model mismatch term is composed of the nonlinear
terms in W and TW;, and terms with €(ug, o) components.
Finally, the control error u — ug is given by

u—uy = Who' (V21 +v0) VT [@anw, 0" —wt
7 (V7ar ) VI [ (Vs +00) 0]
—%WTO'”(VT.Il +vo) [ann, 0] VV T [an v, 0]
+%WTJN(VT901 +0) VT [dann, 0]
Wi (Va4 v0) 0] V + €
= —WTw [Wlo; (VT2 + voy) ,O]T

+WTW [ignn, 0] +e, (12)

where U is given by

U= (a' (VTz1 +v) — %U”(VTxl + vo)[@ann, 0] V)VT,

and e defined as the modeling mismatch error with a desir-
able bounded norm is given by

W' (VTzy + o) VT [ea(ug, @), 0]"
WP (Va1 + o) VI Wl o (VI 2 + v0i) 7O]T
—%WTUH

€E =

(V721 +00) VT [E(ug,@),0]" 1,0V
WP (VT + ) VT [1,0]"

: [WiTai (V" 2y + vo;) €2(ua, ), 0} V-wT

" (V1 + o) (W ai (Vs + v0i) 0] VVT
[Wlo; (Vs +v0:) ,0] T+%WTO'” (VT + vp)
VT ftann, 01" (W oi (Vw2 + vo:) , 0] V
—WTR, <V~Vi,ud,o<> . (13)

Remark 2.2: The important features of (12) are: (i) it

contains the second-order approximation terms related to

o”, and (ii) it has a parametrization linear in terms of the

neural network weight errors W', W7, which are desirable
for the adaptive inversion design. Unlike that with a first-
order approximation seen in the literature, the inclusion of
the second-order terms related to ¢” has the potential to
increase the approximation accuracy. Moreover, higher-order
approximations can be similarly developed.

B. Approximation Error Analysis

It is important to note that the choice of W, V, v
and wvp; is based on the space © = [v,ug4,a]?. The term

Rs (Wi, Ug, a) is bounded as

]_ 11 ~
1R20)llr < gllo OIIVIE (IIWZ-IIi”wafi(-)H3
+ llez(ua, )IP + 3[IWill Elloi ()] lle(ua, @)
+3||Wi||F||Ui(-)H||€2(Ud7a)||2) : (14)

where ¢’ (x) is the third derivative of o(z).

Using (13) and (14), the model mismatch error e(t)
satisfies the following condition

A < W lello’ NVl )
Wl OVl el ()]
+§||W\\F||o”<->||||V||%Hez<ud,a>||2
HIW el OVl et )
HIW Ll OVl Ol
Il IVIE Il 12

W el IV (I o (1P
lea(ua, @I + 3IWilF o ()l 2 (uay o)
3| Wil o ()l (uay o)1)

= S| Will% + Sal| Wil % + 83| Wil

04| Wil P W ||+ 05| W || £ 4 d6, (15)
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where 01,...,0¢ are unknown bounded constants. Using
assumption (Al) and [|[W{|p < Wy + [[W{|p, [Willr <
Wine + Wil F, we get

le| < &1||Willh + Sa||Wil|% + 03| Wil
+4|Will W | & + 85| W + 66 = 872, (16)

where 3 = [01,...,06]7 is a vector of bounded constants
(not assumed to be known and are adaptively updated), and
T

Q= (Wil IWal%, Wil WGl IV L, IV 1] s
a known vector.

The vector (3 is bounded because ||ea(ug, @)|| is bounded
for bounded a. We define an estimator for the bound of the
model mismatch error 57, as

e= 0579, (17)

where 3 = [61,...,06]7 is updated from parameter projec-
tion based adaptive law.

C. Adaptive Compensation based Feedback Control

As the estimates W and W; approach the actual NN
parameters W and W;, the neural network precompensator
effectively provides an inverse for the synthetic jet actuator
nonlinearity. Section IV will demonstrate tuning methodol-
ogy so that W and W; are close to W and W;. The adaptive
control system error given by (12) is directly related to the
approximation error and is crucial in guaranteeing closed-
loop stability. Through the second-order Taylor expansion,
the control error ©—ugq is expressed in a linearly parametriz-
able form with respect to the parameter errors W and W;.

Figure 1 describes a state feedback inverse control system
where two approximators are used. The first approximator is
used as an estimator of actuator nonlinearity, while the sec-
ond is used as a compensator. The state feedback scheme and
the aircraft pitch plane dynamics given by © = fo(z)+g(z)u
is presented in the next section. The actuator nonlinearity
model N (-) and the approximators N(-) and NI(-) are given
in (2), (3), and (6) respectively. The signal u, is an additional
input signal.

UgN N

Y Y
<

Fig. 1. Adaptive inverse compensation scheme.

I1I. A Benchmark Control System

In this section, synthetic jet application to state feedback
adaptive control is studied for illustration of research moti-
vation and demonstration of improved system performance.
From a comparison of the low-angle-of-attack model[1] and

the high-angle-of-attack model[2], we can conclude that the
synthetic jet characteristic for a wide range of angles of
attack inevitably depends on the angle of attack of the
aircraft, and it is inherently nonlinear in nature. That is, in
addition to the applied input voltage, the actuator nonlinearity
characteristics change significantly with the angle of attack.
Our goal is to develop an adaptive inverse compensation
scheme which is applicable at a wide range of angles of
attack. We present a new state feedback adaptive inverse
control scheme with two higher order approximators to
cancel N (6*; v, ). The most likely platforms for application
of this technology are the new generation of stealth aircraft
designed which lack vertical surfaces.
The states of the nonlinear system are
]T

;E:[Va Yoo g ’ (18)

where V, is the magnitude of the aircraft velocity relative to
the aircraft, v is the flight-path angle which is assumed to be
positive when the aircraft is climbing, ¢ is the pitch angle,
and « is the angle of attack.

Nonlinear Pitch-plane Dynamics
The nonlinear pitch-plane dynamics can be expressed as

. T
Vo, = —cosa — gsin~y, (19a)
m
1
v = i (u+ Tsina — mgcosvy), (19b)
a=q-— i (u+ Tsina — mgcosvy), (19¢)
Izz _Iwz
= ——Tu, (19d)
Ly

where u is the net lift force, m is the aircraft mass, 7w is
the pitch moment, T' = wu,, is the thrust, and inertias in the
body axes are represented as I;;, ¢ = x,y,2, j = T,, 2.

Control Inputs. The control inputs are the thrust signal
T and the lift force wu(t). The objective is to develop an
integrated control law wg4(t) for all angles of attack until
stall. We use the thrust T' to control the velocity V,, q to
control «, and the desired lift u4 imparts a pitch moment to
control g. The desired trajectory is specified by the reference
states (V., a.), which are differentiable and bounded.

For the feedback control design, we assume that

(A2) the velocity V, does not approach 0, the angle
~ does not approach £90°, and —24° < o < 24°,
so that the nonlinear aircraft dynamics avoid singularities.

A. Velocity Control
From the velocity dynamics in (19a), for velocity control,
the desired thrust 7" as a control command is

T = (gsin7+‘7c—Kv‘7), (20)

Cos o
where V is the reference signal, V= V., — V¢, is the velocity
error, Ky > 0, is a constant gain.

Using (19a), (20), the velocity error dynamics is given by

V=—KyV. 1)
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B. Flight path angle control
With thrust T" given by (20), (19b) can be expressed as

1
i o= fv-|-m—va(u—&—Tsinoz)7 (22)
where f, is a known function. From (22), we generate
Vo, —uq — 370
o, = arcsin <m X ;d b ) ) (23)

where F, = 9. — fy — K7, and . is the available flight
path angle, K., > 0 is a constant gain, ¥ = v — ., is flight
path error. Note that BTQ term has been added for ensuring
stability in the Lyapunov sense by cancelling the effect of
BT The solution of o is valid in the region

]mvaF7 —ug - BTQ| < 8|1, (24)

where ¢ is a constant determined by the allowable values of
Qe ae € (—25°,25°), 6 = 0.1736.
Using (22)—(24), the dynamics of 7 is

y=-K5+ mLV; (u —ug— BT+ T (sina — sinozc)) .

Lyapunov stability analysis requires linearization of 7. For

small errors & = a — «, the flight path angle error is

y = ~F+ lV (u—ud —BTQ+T(acosae + O(a )))
(25

C. Angle of attack control

With thrust 7" given by (20), (19¢) can be expressed as

&= fo—
fa v
where f, is a known function. For angle of attack control,
we generate the signals q., from the following equation

(26)

= Oécffa*Kozd+

L (ud +87Q + T cos ac) @7
mV,
where a, is a reference signal, and K, > K, > 0 are
constant gains, & = « — a, is angle of attack error, and B
is an adaptive estimate of 3. Note that BTQ and T cos a,
ensure stability in the Lyapunov sense.

Using (26), (27), and (12), the dynamics of & is

. 1 A
a = —K,a+q— (u—ud—ﬁTQ), (28)
mV,
where ¢ is the body axis rate error.
D. Pitch Rate Control
The state feedback control law can be expressed as
L Ly S s AT
- —K,§— c) — 0878, 29
Uq T(Izz—fm>( g0 —a+qc) — B (29)

where K, > K, > 0, so that ¢, given by (27), is achievable.

The first component in (29) represents a negative feedback
of ¢. Using (19d), and (29), the dynamics of ¢ is
- Izz - Ia:a: A
G=—ked—a+ m(u—ua-BTQ),  (0)
vy

where ¢ = ¢ — q. and u — ug4 is available from (12).

The control objective now is to choose the adaptive laws
for W and W, for local stable system.

IV. Parameter Adaptation and Stability Analysis
It is possible to guarantee that W (t), W;(t), and j3(t)
remain within a convex region defined in a parameter space
that contains the ideal target weights. In this section, we for-
mulate update laws for the parameter estimates W (t), W;(t),
and ((t) so that the control objective is achievable.

Adaptive update laws. We choose the adaptive laws as

W(t) = Ya (t) + ha (t),
W? (t) = gc(t) + hc(t)v
Bt) = TsQle(t)| + hs(t) (31)

where g¢,(t) and g.(t) are adaptation functions given by

gc(t) = —Fge(t)[ai (V;T.IQ + UOi) ,O]T\I’TW,
ga(t) = Tie(t)¥laann, 0", Ty =T7 >0,  (32)
where I';,72 = 1,2, 3, are adaptation gain matrices and
5’ —a Izz - Iwz ~
t) = 33
e(t) AR . (33)

and h(t), h.(t) and hg(t) are projection functions which
ensure that the parameter estimates stay in a convex region
for certain desired physical properties.

For parameter projection we denote W), Wj (t), Wi,
Wid (t), ha,(t) and he(t) as the jth components of W,
W (t), Wi, Wi(t), ha(t) and he(t), respectively, for j =
1,2,...,n7 and 7 = 1,2,... ny as the case may be. The
convex region with ideal target weights is

W, e [We, W], Wi, € [WZ,WZ} N

With W;(0) € [W]“,ij] Wi ;(0) € W, le], the projec-
tion functions hy, (), he, (1) and hgi(t) ar
0 it W;(t) € (we, wh),
haj (t) — if V?j (t) = W]@7 ga]. (t) 2 07 (35)
if Wj(t) =W}, ga,(t) <0,
—ga,(t) otherwise,
0 if W, (t) € (W;;, Wl;),
he, (£) = it W, (6) =W, g,(0) 20, 36
J it Wi, (1) = gcj< )<0
ge; (t)  otherwise,
0 if o5(t) € (68,07,
hg, (t) = if ék( ) = 8%, T3Qe(t) < 07 (37)
if Ox(t) = 0, T3Qe(t) >
I'sQe(t) otherwise,
where k =1,...,4, hg = [hp1,...,hg]".

_Note the coupled nature of the adaptive laws W(t) and
Wi (t) reinforcing the mutual dependence of the two neural
networks. Next, we analyze the aircraft stability performance.
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Theorem 1: Under assumptions (A1) and (A2), the error
dynamics (21), (25), (28), and (30) from state feedback
control law governed by (20), (23), (27) and (29), with
parameters updated from the adaptive laws (31) guarantee
that the overall closed-loop system is locally stable and ¥
converge to the compact set S(52) given by

t+T
S(6?) = x/ |Z(r)|2dr < 62T + ¢ b,
t

that is, & is 62-small in the mean squared sense, and ¢y is a
positive constant, for z = [V 5 a ¢]7.

Proof: Consider the positive definite function
1 1.~ =1 ~ 1~ -
Vi = 5@% + 5WTF;1W + iwf“rglwi + 5/6’T1“§157
(38)

where B(t) =3 - B(t) Using (21), (25), (28), (30), and
(33), and differentiating V7, we have

Vi = —KyV?— K32 — Kod? — Kg? — WITT'W
—WIT; YW, + e(t) (u —ug — BTQ) - 373t
+A, 39

where A = %O(&) < 1% such that O(&) represent higher
order error terms for computable bound 7.

Substituting (12) and (31) in (39), we have
Vi = —KvV? - K,7% — Ko@? — K% — WTTT h(t)
~WETS he(t) — We(t)Ulaann, 0] — e(t) 370
+Wlet)[o; (ViF 22 + voi) , 0] UTW — BT Qle(t)]

~BTT5 ha(t) + A+ e(t) (W0 [dann, 0"
~ ~ T
—WTW [Wa; (VEws +v0i) 0] + e) . 40)

Since |e| < BT, on cancellation of terms, we have
Vi = —KyV? - K,7% — Ko6® — Ko° — B7T5 ha(t)
—WTIT T ha(t) — WITS  he(t) + 17 1)

With bounds on the initial estimates and the projection
functions (35)-(37), it follows that

Wi e [We Wi, i=1,...,n,

W, € [Wi‘;7Wiﬂ,j:1,...,n2, (42)
WTha(t) >0, WEhe(t) >0, BThs(t)>0. (43)
With this property, (41) reduces to
Vi = —KyV? - K7% - Koa? — K,8° + 105, (44)
Using the inequality zy < ¢%z?+ éy{ Y¢ # 0, for
¢ = % 71| < o, we find that
V< —K# 4 1 o?, 45)

2K,

where K = [Ky, &2

5= Ko K,]. Therefore, we have

t+T
[ larlBar <87+ co o
t
where V¢ >0 and any T < 0, ¢ and 62 are given as
Cp = sup ! (VL(t) = VLt +T)), & o 47
0= T (Velt) — Vi y 00 = e
o 1Kl 2[| K| K

Hence, we have that Z(7) € S(6%), where § can be adjusted
by appropriately choosing the design parameters, and that W
and W; are bounded by parameter projection. \Y

Thus far, we have developed a higher-order approxima-
tion based adaptive inverse design for compensating signal-
dependent actuator nonlinearities and applied it to a bench-
mark aircraft flight dynamic system with synthetic jet ac-
tuators. A detailed numerical evaluation of such an adaptive
control system is crucial, in order to verify the desired system
stability and tracking properties, but it is not available yet.

V. Concluding Remarks

Signal-dependent actuator nonlinearities are present in
some important applications such as flight control of aircraft
systems with synthetic jet actuators whose characteristics
depend on the aircraft’s angle of attack. Adaptive inversion of
such actuator nonlinearities needs to be specifically designed
to handle the actuator nonlinearity’s uncertain structure and
signal dependence, to increase the inversion accuracy. In this
paper we have developed a framework for such a desired
adaptive inverse, by using a higher-order approximation
scheme for implementing the adaptive inverse. An important
future task is to evaluate the performance of such an adaptive
inverse compensation control system.
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