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for Helicopter Flight Control
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The design of online adaptive neural networks for use in a nonlinear helicopter flight control architecture
is treated. Emphasis is given to network architecture and the effect that varying the adaptation gain has on
performance. Conclusions are based on a six-degree-of-freedom nonlinear evaluation model of an attack helicopter
and a metric that measures the network’s ability to cancel the effect of modeling errors for a complicated maneuver.
The network is shown to provide nearly perfect tracking in the face of significant modeling errors and, additionally,
to cancel the model inversion error after a short initial period of learning. Furthermore, it is shown that the
performance varies gracefully and monotonically improves as the adaptation gain parameter is increased. The
effect on control effort is modest and is mainly perceptible only during a short training episode that can be
associated with transition from hover to forward flight.

I. Introduction

ONLINEAR control of helicopters by the method of feedback

inversion has been extensively explored in the literature. Ex-
amples of studies based on simulated responses and actual flight
tests may be found in Refs. 1 and 2, whereas the baseline controller
structure presented here evolves from Ref. 3. Nonlinearcontrol tech-
niques require accurate modeling and employ complicated methods
for inverting tabulated aerodynamic data. We follow the approaches
detailedin Ref. 4 in which a nominal inverting controlleris designed
based on a single flightcondition, with augmentationprovidedby an
online adaptive neural network. The network functions to cancel the
effects of inversion error caused by modeling errors and variations
that occur throughoutthe flight envelope.

The focus is on developing a systematic approachto selecting the
network architecture. The main contributions are as follows: 1) an
analysis of the inversion error, which is used to decide the neural
network architecture; 2) an evaluation of several classes of basis
functions, which are derived from the inversion error analysis; and
3) a demonstration that performance varies gracefully and mono-
tonically improves as the adaptation gain parameter is increased
from zero to very high values. This last feature is important in that
it provides a safe and reliable approach to flight test evaluation of
online adaptive neural networks.

II. Model Inversion Control
and Online Neural Networks
A. Linearizing Transformation
Consider a nonlinear system of n degrees of freedom in general
form:

y=7r(.y.9 D

where y(t) and y(t) € R" are the state variablesand § () € R" is the
control variable. It is convenient to define a pseudocontrol variable
U, € R", such that

Presented as Paper 95-3268 at the AIAA Guidance, Navigation, and Con-
trol Conference, Baltimore, MD, Aug. 7-10, 1995; received Sept. 19, 1996;
revision received May 1, 1997; accepted for publication May 12, 1997. This
paper is declared a work of the U.S. Government and is not subject to copy-
right protection in the United States.

*Project Leader, Guidance, Navigation, and Control Branch. Member
ATAA.

Professor, School of Aerospace Engineering. Fellow ATAA.

¥ Associate Professor, School of Aerospace Engineering. Senior Member
ATAA.

972

y=U;

U, = f(y.y,0)

)
(3)

Then, if f is an invertible mapping with respect to the control §, the
inverse of Eq. (1) can be expressed as

o=y U “)
In practice the function f (or f~')is only known approximately. It
may be an analytical or empirical model for the dynamics,and it may
be a set of equations, a tabular representation, or a neural network
model developed based on off-line training. Thus, the inverse is
only approximate, in general, and results in an approximate model
inversion control law

d=f"(5U) 5)
so that the closed-loop dynamics can be represented as
y=U+x0.y.U) ©
where
X(3.3.U) = f(5,5.9) = f(3,5.9) (7)
and x represents the inversion error.
B. Neural Network-Based Adaptive Control
The adaptive control architectureis chosen as
Us(t) = Upa (1) +5c(1) — Una (1) ®)
where
Upi=K,(yc —y) + Ka(y. =) ©)

is a proportional-plus-deivative control law used to shape the re-
sponse, y. is the commanded acceleration vector, and U,, is an
adaptive signal whose sole purpose is to cancel the inversion er-
ror x. Figure 1 shows a block diagram of the feedback structure.
Based on Fig. 1, the tracking error is defined asy = y. —y, and the
closed-loop dynamics can be expressed as

y+ Ky +K,5=Ua —x (10)
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Fig.2 Command filter simulation diagram.

III. Nominal Controller Synthesis

We consider a controller for the rotational dynamics of the he-
licopter. The controls for the rotational variables are lateral and
longitudinalcyclic stick inputs and pedal input. The collective input
is treated as a slow variable in the control law, decoupled from the
moment equations. The vectory in Eq. (6) is the set of Euler angles
y=1{¢.0. v}

In terms of the individual channels, the signal U; is composed of
the following scalar signals:

Up =K, (¢ = &) + Kay(pe — ) + b — Uy, (11)
Us = Kpy (0 — 0) + Kgg (0 — 0) + 0. — Uiy,  (12)
Uy =K,, (e =)+ Koy (fe =) + Y = Ug,  (13)

where the dynamics for the Euler angles in the transformed system
are specified by the gains K, and K, in each channelin accordance
with Eq. (10).

A. Rotational Dynamics Inversion
Consider the body axis rotational dynamics based on linearized
aerodynamics:

w=AAz+ Ayw+ BAn+f(w) (14)

where w is the body angular velocity vector {p, g, r}, f(w) repre-
sents the inertial nonlinear moment terms, z is the vector of transla-
tional states and the collective variable {u, v, w, 8.0}, 17 is the vector
of moment controls {Sia, Sion, Spea}, and A representsa perturbation
from trim value. The model inversion control law gives the required
perturbation controls,

An=B""w, — A Az— Aw — f(w)} (15)

where the body axis pseudocontrols o, are determined by trans-
forming the vector U, from the Euler frame into the body frame. In
terms of the individual components,

pe=Usy —U,sinf — V6 cos b
g. = Ugcosp — é([} sing + Uy sing cos 0
+ ¢ coscosd — 10 sinp sinf (16)
r. = —Ugsing — é([} cos¢ + Uy cos¢cosd
. wqﬁ sin¢ cos6 — gbé cos ¢ sinf
The commanded rates and accelerations needed in Egs. (11-13)
can be generated by filtering the commanded positions y. using a
second-order filter as shown in Fig. 2. Note that, because only the
rotational dynamics are inverted and regulated in this application, it
is possible for the combined system of dynamics (translation plus
rotation) to be unstable. Therefore, it is essential that the so-called

zero dynamics are stable’ or that an outer controller be added to
stabilize the translational dynamics.

B. Analysis of the Inversion Error

In Sec. III.A, the dynamic inversion control laws were developed
based on the assumption of linear aerodynamics. For this formu-
lation to be realistic, the aerodynamic stability and control deriva-
tives defined in the matrices A, A,, and B, as well as the trim
values from which the perturbation quantities are measured, must
be continuously varying with the flight condition, thus producing a
dynamic trim map? representing the changes in aerodynamics. We
will assume that all of these quantities depend approximately on a
polynomial function of forward and sideward velocities U and V
defined as follows:

U=Xcosy +Ysiny (17)

V =—Xsiny + Y cosy (18)
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where X and Y are the inertial northbound and eastbound speeds,
respectively, and v is the body axis heading of the vehicle. In fact,
in the simulation code used for this application, all aerodynamic
quantities vary biquartically with the variables U and V. However,
this may not be the case for the actual vehicle.® For simplicity, we
will ignore the contribution of the quadratic inertia terms in the
following analysis and assume that any associated inversionerror is
minimal. An objectivein the presentstudy is to demonstrate that the
on-lineneural network can be used to replace the need for scheduling
Ay, A,, B, and the state and control trim values as functions of U
and V, as well as to account for other unmodeled variations in the
dynamics. Therefore, we represent Eq. (14) in the following form:

w=1[A, +8A,(U, V)JAz+[A, + A, (U, V)w
+[B+8BU,V)IAn (19)

AZ = AZ - 6Ztrim (U, V) An = A’? - 6ntrim (Uv V)
where A, A, and B are matrices with constant coefficients repre-
senting estimated stability and control derivatives at some nominal
flight condition. The nominal control laws are based on the model
in Eq. (14), and the perturbation quantities in state and control are
based on a nominal trim condition. Thus, Az and A ) are approxi-
mated as

IZ =2 _ztrim (20)
An=B"{w. - AAz— Aw) 1)

where Zyin and 7, are constant vectors that represent state and
control trim values at the nominal flight condition. The § terms
in Eq. (19) represent the stability and control derivative and trim
variations as the flight condition changes. Given the complexity
in obtaining and storing such terms, we will neglect them in the
nominal controller and let the on-line neural network account for
them.

Applying the control law in Eq. (21) to the perturbed equationsof
motion in Eq. (19) results in the following equation for the closed-
loop dynamics:

W=+ [8A, —8BB A | Az + [8A, —8BB Ay | w
+8BB ', — A 02uim — BOMyim — 8A102uim — 8BON i (22)
or, in shorthand notation,
w=w +w (23)

The term w will be referred to as the body axis inversion error
because, when this term is zero, the model inversion is perfect.
Because the desired trajectories are Euler angles and rates, it is
desirable to express Eq. (23) in an Euler angle frame. Defining the
vector of Euler anglesy = {¢, 6, ¥}, we can transform body axis
rotational accelerations to Euler angle second derivatives using the
equation

y=L(¢,0)w+gy.y) (24)

and, likewise, the commanded accelerations can be transformed
using

U, =L(¢, Ow.+g(y.y) (25)
where
1 singtanf cos¢tand
L@,0)=1]0 cos ¢ —sin¢ (26)
0 singsec6d cos¢psechd
and

g&é secO + éqﬁtan@
—r¢p cos b 27
éqﬁ secO + g&é tan6

g(y,y) =

Assuming the pitch attitude 0 is not 90 deg, we can use Eqgs. (24)
and (25) in Eq. (23) to obtain

L@, 0 — gy )] =L (4.0, —gy. ]+ (28)
which reduces to the convenient form
j=U,+L(.0w (29)
Thus, the Euler angle definition for the inversion error is
X =L.0w (30)

The inversion error is then characterized by 1) terms that include a
bilinear contributionfrom §A,, §A,, and § B; 2) terms thatinclude a
bilinear contributionfrom Az, w, and w,; 3) terms that are linear in
0Zyim and 67, 3 4) productsof § quantities;and 5) terms thatinclude
a bilinear contribution from each element of L(¢, 6).

In the next section, we describe how the network is designed to
reconstructthe inversion error in terms of the elements just defined.

IV. Adaptive Control Using On-Line Neural Networks
A. Development of the Network Equations
From Eq. (10),

§i + Kdij;i + Kpij;i = Vag; — Xi 3D

where the tracking errory = y. — y. The subscripti varies from
1 to 3 and represents the ¢, 6, and ¥ channels, respectively. Note
that the inversion is perfect when the network exactly reconstructs
the inversion error. Thus, the quantity U,q, — x; is a good measure
of how the network is performing and will be termed the adjusted
inversion error.

It is helpful to rewrite Eq. (31) in state-space form. For each
channel, the error dynamics are a second-order system of the form
(dropping the i subscripts for convenience)

é=Ae+bUy—x) (32)

wheree = [y ;]T,b =10 117, and

A= 0 ! (33)
|-k, -k,

The task now is to perform the reconstruction based on available
measurements in the system. We define the adaptive control law in
each channel as

Uy, =w'g (34)
w = —ksg (35)

where the vector g is a set of basis functions used to approximate the
uncertainty and the vector w is the set of coefficients of each basis
function. The update law is designed based on Lyapunov stability
of the error signals, the proof of which is shown in the next section.
The s term is an error metric dependenton the tracking errors in the
system, defined as follows:

s = (1/2K,)§ + (1/21K )y (36)

where A is defined in terms of the Lyapunov equation used to prove
stability. An outline of the proof of stability in the next section
defines the relationship of the network parameters to the stability
analysis.

Now define the optimal vector of weights* for each channel as w*
and let w = w — w*. This enables Eq. (32) to be rewritten as

é=Ae+bﬁ)Tg+b(w*Tg—x) (37)

Let

€ = sup w*Tg(p) - x(p)| (38)
P
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which represents a bound on the residual inversion error that is
unmodeled by the neural network. The vector p consists of all in-
dependent variables of the inversionerror. Equation (38) essentially
defines € as the worst-case difference between the inversion error
and the best approximation for the inversion error for the given set
of network inputs. Before moving forward to the stability analy-
sis, there is an important assumption to make. Consider Eq. (34),
which represents the computation of the adaptive component of the
pseudocontrol. As shown in Fig. 1, the pseudocontrol is an input
to the network and is, thus, an element of the vector g because of
its explicit appearance in the inversion error in Eq. (22). This gives
rise to a fixed point problem, which must have a solution in order
to solve Eq. (34). Thus, the assumption is made here that the fixed
point solution exists (thus, U, exists).*

B. Stability Analysis

The analysis is based on Lyapunov’s direct method for deter-
mining stability.” Because the functional form of each channel is
the same, consider the Lyapunov function candidate for any of the
channels,

wiw
V,(e) + > when VeTPe > ¢
V= - (39)
wiw
V,(e.) + > when VvelPe < e
Y

where ¢ is a scalar constant to be defined later,

V,(e) = te'Pe P>0 (40)
and e, is a vector in R? that satisfies /(e Pe.) = ¢,. This ensures
continuity of V across the radial boundary defined by e,. The time

derivative of the candidate Lyapunov function for \/(e” Pe) > e, is
given by
o1 1 T W
Ve==éPet—ePit+ 2 41)
2 2 1%

Substituting Eq. (37) results in
. - W7 T
V=1e"A"Pe+ 1" PAe+ {Wg+ (w g—x)} b"Pe

+ eTPb{ﬁ)Tg + (w*Tg - x)} (42)

Now, because A is Hurwitz,” there exists a symmetric, positive def-
inite solution P to the Lyapunov equation

PA+ AP =-Q (43)

where Q is a symmetric, positive definite matrix. Equation (42) then
becomes

V= —1e"Qe+ e Pbw g + eTPb(w*Tg - x) + (1 /)" w
(44)

Because e Pb is a scalar quantity, it can be easily moved around to
obtain

V=—1e"Qe+ eTPb(w*Tg - X) +w'{e"Pbg + (1/y)w}

(45)

Choosing the update law
w=1w = —ye’ Pbg (46)

results in

V= —1eQe + eTPb(w*Tg - x) (47)
< —1e'Qe+|e (48)
< —%eTQe—f—eleTPbl 49)
< —1llel3Ania(Q) +€le” Pb] (50)

and because

e"Pe < A (P)llel; (51
that leaves

. 1 e’Pe
V< oeo—— Tpp 52
=T3P (Q) +¢€le’ Pb| (52)

1 TPe " JPIVE

Amin b 53
2Amax(P) (Q) +e€le" VP | (53)

1 e’Pe
= 3. (0) + e/ 16TV PV Pe||[NPb| (54)

2 Amax (P)

1 e Pe
SN P Amin (@) + eVeT Pey/ Ay (P) (55)

and, thus, the derivativeof the Lyapunov functionis strictly negative
when

2600 (P)?
)\min(Q)

Therefore, ultimate boundednessis guaranteed for the region where
J(€TPe) > eq because V is a strictly positive, strictly increasing
function of e and w (Ref. 7). Now it is important to relate the up-
date law in Eq. (46) to that of Eq. (35). This involves solving the
Lyapunov equation in Eq. (43) for an arbitrary symmetric, positive
definite matrix Q. It can be shown that the off-diagonal terms in Q
have no effect on the update laws in this application. Additionally,
because the final solution can simply be scaled by a scalar constant,
only the relative magnitude of the diagonal elements of Q is rele-
vant. Therefore, without loss of generality, the range of update laws
of this form is covered by assuming

qg O
o (0 1) (57)
The solution of Eq. (43) can be found to be
K, 1 K
C ot — g+ =L 1

2K, 2K, 2K, 2K,
q q+K,
2K 2K, K,

vVeTPe > = ¢, (56)

P= (58)

p

with some simple algebra. This reduces Eq. (46) to the form

- q q+K,-
w_y(zKp 2KKy)g (59)

Thus, based on the preceding stability analysis,

r=Kauq/(q+K),) (60)
which, by the constrainton ¢, implies that 0 < A < K, and
k=yq (61)

Now to choose a value of A that gives a minimum dead zone, it is
necessary to minimize the expression for ¢, in Eq. (56). For simplic-
ity, we choose the value that minimizes the ratio Amax (P)/Amin (Q),
thus giving Q = I, orequivalently,q = 1 (Ref. 8). Thus, A is chosen
as K, /(1 + K,).

The last step is to consider the situation where the tracking error
moves within the boundary defined by ey. The derivative of the
Lyapunov function is then

<~ T~
v=22 (62)
Y
for which the only choice is to set
Ww=w=0 (63)
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which implies that V = 0 when e Pe < e,. Thus, for global
stability, a dead zone is required with a radius of e, inside of which
the adaptation is turned off. However, if ¢ = 0, and thus there
are sufficient basis functions to exactly cancel the inversion error,
ep = 0 andnodead zoneis required. For the applicationin this paper,
the set of basis functions is assumed to entirely span the space of
the inversion error, an assumption that may not be valid for a more
comprehensive rotorcraft model.® Note that the tracking errors are
ultimately bounded regardless of the network structure or inputs.
However, an improper choice of structure and inputs may result in
arequired dead zone size that is unreasonably large.

C. Network Structure

The first step in determining the appropriate structure for the
network involves identifying and classifying the network inputs.
Based on the functions described in the list at the end of Sec. IIL.B,
there are three basic categories of inputs: the unknown § func-
tions representing trim variations; terms that enter linearly, such
as perturbation states and body-axis pseudocontrols;and finally the
terms in the L(¢, 0) transformation, which represent the transfor-
mation of the pseudocontrolsfrom the body rotational accelerations
to Euler second time derivatives. The first category is the one in-
volving the most judgment. The terms in this category represent
the basis functions that best describe the unknown § functions. In
the present case, we assume all § functions to depend on the pro-
jected speeds U and V in the same fashion, specifically a general
biquadratic function of U and V with unknown coefficients. This
assumption is valid for this application because all aerodynamic
quantities depend explicitly on U and V in the simulation used
to generate the results presented. However, this category of inputs
may require more consideration when applied to a comprehensive
model for the helicopter® The second category of inputs is fairly
straightforward, as inspection of the inversion error clearly shows
solely a bilinear dependence on these terms in the inversion error.
Finally, the last set of terms comes about in the transformation of
the closed-loop dynamics. These are simply several trigonomet-
ric functions from the transformation matrix, which enter the error
term bilinearly as well. We will ignore terms that are products of
two 4 terms because it is believed terms of such high order will be
negligible.

To form the vector of basis functions g, we first preprocess the
input data, normalizing all variables between —1 and 1. Next, the
category I inputs are formed by expanding the normalized U and
V inputs (U, V) to a biquadratic form along with a bias term. This
results in a category I vector, C,, defined as

C,={1,0,V,0% V2,0V, 0, ,V2U,0°V?  (64)

The categoryIl vector simply consists of the normalizedcomponents
of the vectors Az, w, and the previous time step value of w, along
with a bias term:

C, = {1, Au, Av, Aw, Abeot, Py Go 7y P des e} (65)

The category III vector is composed of the nonzero terms of the
L(¢, 6) matrix. No normalization is required as long as the pitch
attitude is reasonably small:

C; = {1, sin¢ tan6, cos ¢ tan 6, cos ¢,
sing, sin¢ sech, cos psech} (66)

The vector of basis functions g is composed of all possible products
of theelementsof C;, C,, and C5 (Ref. 6). Using Kronecker products
to represent the neuron interactions, g can be composed as

g = kron[kron( Cy, C,), C;] (67)

where kron(e, e) represents the Kronecker product and is defined
as follows:
kron(x, y) = [xiy1 X1 Xyl (68)

wherex € R" andy € R".

The network structure is not minimal. A careful analysis will
show that many of the terms of g can be eliminated depending on
whether the pitch, roll, or yaw network is considered. However,
in this study we chose to keep the same network structure in all
channels although the design is slightly conservative.

V. Numerical Results

In this section we apply the theory and concepts presented to a
nonlinear simulation model of the AH-64 helicopter. The simula-
tion code used is a modified version of NASA’s TMAN simulation
code.’” The aerodynamic coefficients in the simulation code were
obtained at a grid of trimmed flight conditions specified by (U, V)
pairs to cover the flight envelope based on linear models generated
from McDonnell Douglas’s FLYRT simulation.!® The dynamic trim
map is a biquartic function of U and V. The six-degree-of-freedom
model includes all nonlinear kinematic and gravitational terms and
is based on a quasistatic rotor representation. First-order actuator
dynamics with 20-rad/s bandwidth are modeled in each channel.
The gains in the nominal controller were chosen as K, = 7.0 and
K, = 4.6 in all three channels. These gains correspond to natural
frequency of 2.65 rad/s and damping ratio of 0.869 and, thus, a 1%
settling time of 2.0 s and 8% overshootin response to a step input.
The network parameter A was chosenas 0.57 based on Eq. (60) with
q = 1(Q = I). The command filters shown in Fig. 2 had a damping
ratio of 1 and a natural frequency of 1 rad/s. The command used is an
inner-loop-only version of the elliptical turn in which the helicopter
starts from hover, banks to a 0-deg roll attitude, pitches forward to a
—25-deg pitch attitude, pitches back to a 0-deg pitch attitude, then
finally performs three revolutions in yaw attitude while maintain-
ing 0-deg pitch and roll attitudes. The translational dynamics are
uncontrolled. The purpose of the pitch command is to accelerate
the vehicle from hover to forward flight. In Sec. V.A, results are
presented based on the network structure described in Sec. IV.C
and compared to a simpler network,'' both at the same adaptation
gain. Afterward, in Sec. V.B, the structure is fixed as described in
Sec. IV.C and the adaptation gain is varied from low (10) to high
(1000) to demonstrate the effect of varying the speed of adaptation
as well as the relative insensitivity of the performance to changesin
adaptation gain. For all runs presented, the nominal controller uses
all parameters from the initial hover condition, including stability
and control derivatives, as well as trim values for the states and
controls.

Figure 3 shows the response of the system with the nominal con-
troller only (no network), whereas Fig. 4 compares the pitch re-
sponse without and with a network (gain of 200). Figure 5, like
Fig. 3, shows the response of the system with the nominal controller
only (no network). The dash-dotted line is with the neural network,
whereas the dashed line is without the network. Because the roll re-
sponse exhibits the largesterrors, it is emphasizedin the subsequent
analysis.
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A. Comparison of Network Structures

In this section we compare results from a simple network pre-
sented in Ref. 11 with the results from the network designedin Sec.
IV.C. The simple network includes the category I inputs as well
as bilinear inputs of the axis pseudocontrol corresponding to each
channel (Uy, Uy, and Uy, respectively). Figure 6 shows a compari-
son of the roll responses for each network at a fixed adaptation gain,
k = 1000. Note the difference in scale of Fig. 6 relative to Fig. 3.
Clearly, even the simple network provides good performancein the
presence of the uncertainties. This is because the category I inputs
(those representing the variations in the model) are the dominant
sources of the inversion error. However, notice that the more com-
plex network not only reduces the magnitude of the tracking errors
but additionally reduces the activity of the response. This is be-
cause, in the absence of some of the required inputs, the bias term
as well as other inputs work to account for the missing terms. The
result is a design that is highly sensitive to the network parame-
ters, in particular, adaptation gain. Figures 7 and 8 show two second
width sliding window rms values of the adjusted roll inversion er-
rors (U — x = Upq + Y. — y) for each channel for the simple and
complex networks, respectively.

Figures 7 and 8 give a good measure of the network’s ability to
reconstructand cancel the errors caused by changes in the aerody-
namics and the trim values.

B. Effects of Adaptation Gain Variations

Herein we fix the structureof the network to the complex structure
defined in Sec. IV.C, and we consider variations in the adaptation
gain k. In Figs. 9, 10, and 11 (k = 10,200, and 1000, respec-
tively), we see similarities in the shape of the tracking errors, yet,
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Fig.8 Complex network rms adjusted roll inversion error, k = 1000.

as the adaptation gain is increased, the magnitude of the tracking
errors is subsequently decreased proportionally. In Figs. 12-14, it
is shown (not surprisingly) that control activity increases during the
learning phases, particularly in the transition from hover to forward
flight, where the most significant trim changes occur. In particular,
at around 8 s, we see significant activity in the roll attitude plots,
which occurs just after the maximum (negative) pitch attitude and
just before the initiation of the yaw maneuver. This is indicative
of a rapid change in the roll dynamics (which appears as nearly
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a discontinuity in the adjusted inversion error histories for higher
adaptation rates). The interpretation of this is that the adaptation
gain must be set high enough so that the network can learn the local
adjusted inversion error, but adaptation rates too high may resultin
undesirable oscillations or unimplementable controls based on ac-
tuator bandwidths. This can be seen in Figs. 8, 15, and 16 where, for
the high adaptation gain, we see a peak in adjusted inversion error
at the beginning of each learning phase (corresponding to the dif-
ferent sections of the maneuver) followed by virtually zero adjusted
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inversion error, whereas for the low adaptation gain, complete learn-
ing never seems to occur. Note the larger scale in Fig. 15.

VI. Discussion
The results presented show much promise in dealing with the sig-
nificant uncertainties present in the helicopter dynamics. However,
the categorylinputsto the network were chosenbased on knowledge
of the explicitfunctionaldependenceof the acrodynamic parameters
within the simulation. In reality, the terms U and V in polynomial
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form may not be sufficient to characterize these model variations.
Thus, it is important to realize that considerable thought must be
placed into the selection of category I inputs, whereas the cate-
gory II and Il inputs are completely general for the given controller
structure. This problem is addressed in Ref. 6, where the adaptive
neural network presented is applied to a comprehensive rotorcraft
model and the problem becomes a bit more complex. Furthermore,
although actuator delays are included in the simulation model, the
dynamic effect of the rotor is not addressed here. A more compre-
hensive evaluation that includes rotor dynamics may be found in
Ref. 6.

VII. Conclusions

Neural networks can be used to enhance flight control designs
based on feedback inversion. A crucial issue is the architecture of
the network that permits on-line adaptation, together with accurate
cancellation of the inversion error. This is enhanced by a careful
analysis of the sources of inversion error. The application we have
addressed confirms that rapid adaptation is achievable for a com-
plex helicopter maneuver, with learning control activity confined to
a short training interval. In addition, with a suitably chosen archi-
tecture for the network, performance varies gracefully and mono-
tonically improves as the adaptation gain is varied from zero to a
very high value. This is a desirable feature from both theoretical
and practical viewpoints. The ultimate selection of an adaptation
gain involves a tradeoff between the level of control activity during
training episodes vs the magnitude of the resulting tracking errors
during a maneuver.
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