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Direct Adaptive Neural Flight Controller
for F-8 Fighter Aircraft
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A novel neural network approach based on model-following direct adaptive control system design is proposed
to improve damping and also to follow pilot commands accurately. The control law is derived using system theory
and an implicit function theorem. A neural network with a linear filter is used to approximate the control law.
The neural controller is trained using offline (finite interval of time) and online learning strategies. The neural
controller was trained offline using the error signal between the aircraft response and pilot command (reference
model). The offline-trained neural controller provides the necessary damping and tracking performances. The
neural controller is adapted online for variations in aerodynamic coefficients or control surface deficiencies caused
by control surface damage. A discrete time linear dynamic longitudinal model of a high-performance aircraft (F-8)
is considered to demonstrate the effectiveness of the proposed control scheme. The performance results of the
proposed control scheme are compared with the recently developed dynamic inversion technique and fully tuned
radial basis function network. The neural controller performance is also evaluated for steady climb-and-hold
maneuver in a nonlinear six-degree-of-freedom aircraft model.

1. Introduction

DAPTIVE identification and control of nonlinear dynamic sys-

tems with parameter uncertainties has been an active area of
research for the last three decades. The fundamental issues of adap-
tive control for linear systems such as selection of controller archi-
tecture, assumptions on a priori system knowledge, parameteriza-
tion of adaptive systems, establishment of error models, adaptive
law, and analysis of stability have been extensively addressed.!—3
However, most practical systems are nonlinear in nature. Adaptive
control of such nonlinear systems is, therefore, an intense area of
research. Novel techniques in adaptive control of nonlinear sys-
tems are facilitated through advances in geometric nonlinear con-
trol theory and, in particular, feedback linearization methods? and
backstepping methods.® A key assumption in these methods is that
the system nonlinearities are known a priori. Most of the work in
the area of nonlinear adaptive control deals with systems where the
uncertainty is due to unknown parameters that appear linearly with
respect to known nonlinearities.

During the last decade, a large amount of research work has
been carried out in neural control theory, almost independently
from adaptive nonlinear control research.*> A complete survey on
adaptive control system design using neural network is presented
in Ref. 6. The neural network paradigm emerged as a powerful tool
for learning complex mappings from a set of examples. This has
generated a great deal of interest in using neural network models
for identification and control of dynamic systems with unknown
nonlinearities.®” In these studies, neural networks are mostly used
as approximate models for unknown nonlinearities, thus removing
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the need for a priori knowledge of system nonlinearities. The ap-
proximating capabilities and inherent adaptive features of neural
networks are appealing for modeling and control of nonlinear dy-
namic systems. Furthermore, from a practical perspective, the mas-
sive parallelism and fast adaptability of neural network implemen-
tations provide more incentive for further investigation in problems
involving dynamic systems with unknown nonlinearities.

The neural networks in identification and control of nonlinear
dynamic systems are studied extensively in Refs. 6-10. The neu-
ral adaptive control problem was formulated first in Ref. 8, which
instigated further research in this area. For most part, these stud-
ies are based on first replacing unknown functions in a differ-
ence equation by static neural networks and then, according to
a quadratic cost function, deriving update laws using optimiza-
tion methods. A particular optimization procedure that has at-
tracted considerable attention is the steepest descent, or gradient
method, which leads to the static backpropagation or dynamic
backpropagation algorithms.!'~'*> Among the various other neural
network paradigms, radial basis function networks'4~1¢ and recur-
rent networks'? are used for identification and control of dynamic
systems.

Adaptive controllers based on different neural network architec-
tures are widely used in flight control systems,'>~2 robotics,?*?3
missile control systems,?® and helicopter control.?” A detailed sur-
vey of the use of neural networks for nonlinear flight control is
presented in Ref. 28. In Refs. 16-18, the online learning ability
of a neural network is demonstrated for modeling uncertainties in
aircraft dynamics. However, most of the applications using neu-
ral network as control architecture use a conventional controller in
the inner loop to stabilize the system dynamics, whereas the neural
controller acts as an aid to the conventional controller by compensat-
ing for the nonlinearity. The necessary bounded signal requirement
for neural network training is satisfied using an inner conventional
controller. Under the assumption that the inner conventional con-
troller provides necessary bounded signals in fault and nonnominal
conditions, the neural network is further adapted to provide the re-
quired tracking performance. The adaptation of a neural controller
alone under fault and nonnominal conditions leads to excessive con-
trol effort. To overcome excessive control effort, researchers have
attempted to use reconfigurable flight controllers to stabilize the
system and improve tracking performance.? !
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Recently, in Ref. 29, areconfigurable flight controller for unstable
aircraft based on an offline (finite interval of time) and online training
procedure was proposed. The offline (finite interval of time) training
scheme ensures the stability requirement (bounded signal require-
ment) using a mild assumption on the system. (In finite time, the
aircraft does not escape to infinity.) The flight controller is adapted
using the input—output data generated between [0, 7']. In Ref. 29, an
indirect adaptive neural controller scheme with an offline and online
training procedure is used to stabilize a linear dynamic model of a
research aircraft and also to improve the tracking performance. In
an indirect adaptive control scheme, the convergence of neural con-
troller depends on the accuracy of the identification model. Under
nonnominal and fault conditions, the identifier and controller net-
work are adapted online. If the identification model is not accurate,
then the error estimation at the controller network will not be ac-
curate. This will affect the controller performance. Similarly, under
plant uncertainties, the rate at which the identifier and controller
network are adapted will affect the convergence. A direct adap-
tive control scheme can be used to overcome the aforementioned
drawbacks.

In this paper, a model-reference direct adaptive neural control
design procedure using an offline (finite time interval) and online
training scheme is presented. The proposed learning scheme is based
on the assumption that the states and outputs of the system do not
escape to infinity in the finite time interval. By the use of the preced-
ing assumption, a neural network with a linear filter is trained offline
using backpropagation through a time learning algorithm to approx-
imate the unknown control law. The offline-trained neural network is
used as starting point for online adaptation under variations in aero-
dynamic coefficients or control effectiveness deficiencies caused by
control surface damage.

The performance of the proposed control scheme, along with the
direct adaptive control law, is evaluated for a flight controller design
based on an F-8 longitudinal aircraft model as described in Ref. 18.
To investigate the online learning ability of the proposed neural con-
troller, different fault scenarios representing large model error and
control surface loss are considered. The performance of the proposed
scheme is compared with the dynamic inversion technique'® and a
fully tuned radial basis function network (RBFN).!> The results
demonstrate that the proposed scheme has better tracking ability
than the dynamic inversion method'® and RBFN'® for a linear sys-
tem. To study the effectiveness of the proposed control scheme for
nonlinear systems, a steady climb-and-hold maneuver in a nonlinear
six-degree-of-freedom model is also evaluated.

The paper is organized as follows: Sec. II gives a brief description
of the statement of the problem, and in Sec. III we derive the direct
adaptive neural controller. The aircraft controller design is presented
in Sec. IV. The simulation results and comparative study are pre-
sented in Sec. V. Section VI provides a summary of the conclusions
from this study.

II. Problem Formulation

The aircraft dynamics is represented in discrete time framework
as,

D ixle+ ) = fox,uh), yk) = gx,u k) (1)
where the functions f() and g() are smooth and continuous func-
tions, x is the state vector in i", u is the control input to the sys-
tem in N7”, and y is the output vector in NR™. The control input u
is bounded, that is, u; := {||u; (¢)|| < §;, Y u; € U;}, where §; e R+,
i=1,2,..., p. Without loss of generality, let us assume that the
values of the functions and the inputs at equilibrium states are
f(0,0)=0and g(0,0)=0 at x(0) =0 and u(0) =0.

The problem here is to design a neural flight controller (NFC) such
that the aircraft response y follows the arbitrary bounded reference
signal (pilot command) y, accurately; that is, determine the control
input u(k) V, k > 0 such that

Jim 1y (k) - y(b)] < € @)

for some small specified constant € >0. Let us assume that the
functions f() and g() have bounded partial derivatives in a certain
neighborhood of all of the points along the reference trajectories y,
and that their derivatives with respect to u are nonsingular. It follows
from the implicit function theorem that the control input u*(k) can
be expressed in terms of past inputs and outputs of the system®?:

u*(k) = glutk — 1), ...,uk —n), y(k — 1),

c Yk —n), ya(k + D) 3

where g() is a smooth continuous function and # is the delay. The
reference input (pilot stick deflection) r to desired responses y,
belongs to a class of dynamic systems » _ and is expressed as

xq(k +1) = Agxq(k) + Bar(k), ya(k) = Caxqa(k)  (4)
where A, By, and C, are the system matrices. This system matrices
are calculated based on the flying quality requirements.**

The reference model given in Eq. (4) is controllable and observ-
able. Then the reference output can be expressed using nonlinear
autoregressive moving average model® as

yatk+ 1D =h[r),...,rtk—ny), yatk =1, ..., yak —np] (5)

where /() is a smooth and continuous function and n; is the order
of the system.

By substituting Eq. (5) into Eq. (3), we will get the desired func-
tion to estimate the control input u* to follow the reference command
signal,

wk)y=glutk —1),...,utk—n),ytk—1),...,y(k —n), h(., )]
(6

If the aircraft follows the reference command exactly, then the signal
from u(k — 1) to u(k —n) can be expressed in terms of pilot stick
deflections and aircraft responses,

w (k) = gilrk),....rtk —ny), yk = 1), ..., y(k =n2)]l (1)

where g;() is a smooth unknown function and n, is the delay. The
preceding controller equation (7) is unique in the neighborhood of
the equilibrium state defined earlier. Note that the algebraic rela-
tionship given in Eq. (7) is valid for any bounded reference output
sequence y, and arbitrary values of inputs and outputs in the domain
in which the system is controllable and observable.*” If the function
g1(., .) is known, then the neural controller weights can be updated
directly using deviation between the network output and the alge-
braic solution of Eq. (7). Because the function g; (., .) is not known
exactly, it is difficult to estimate the control input u* for given refer-
ence pilot command. Hence, the function g; (., .), given in Eq. (7),
is approximated using a direct adaptive neural control scheme with
an update law based on the deviation between aircraft response and
desired pilot command. The details of controller architecture and
the update law are described in the next section.

III. Neural Flight Controller

In this section, we briefly describe the neural network architecture
required to approximate the control law given in Eq. (7) and the
corresponding learning algorithm.

A. Neural Network Architecture

Because the function g, () is not known exactly, it is difficult to
estimate the control input #* for a given reference command. Hence,
adirect adaptive control scheme is used to approximate the function
with a learning law based on the tracking error e, (k). The objective
of the direct adaptive control system is to find the control input u*
such that the aircraft response follows the reference output in some
sense. Let us assume that the number of signals to be tracked is
equal to the number of control variables. The block diagram for the
structure of a direct adaptive neural controller is shown in the Fig. 1.
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Fig. 2 Neural network architecture.

The tracking error e.(k) is used to adjust the network parameters
along the negative gradient of the performance index J,

J(k) = te (k) 3
where
ec(k) = ya(k) — y(k)

Let neural network N, with a three-layer network structure N""”
(m number of input neurons, 2 number of hidden neurons, and
p number of output neurons) and a linear filter be used to approxi-
mate the control law given in Eq. (7). The architecture of the network
is given in Fig. 2, with input Z € ™ and output u € R”,

m

h
u[:E w;;jo E VjkZk s

i=1 k=

with o () being the activation function, v the first-to-second layer
interconnection weights, and w;; the second-to-third layer intercon-
nection weights. From Eq. (7), we can observe that the input to the
neural network N, is past n, reference inputs and aircraft responses
and the present reference input
Z=[rk),rtk—1),....r(k —ny), yy(k = 1), ..., y,(k —n2)]
The neural network dynamics can be conveniently expressed in
matrix form by defining Z =[z1, 22, ..., Zul, u =[uy, ua, ..., upl,
and weight matrices W’ = [w;;] and V" [v;;]. Let W* and V* be the

optimal weights, then

wh, = (WHTo[(V) 2] (10)
If the input Z and output u* of the network belongs to a compact
set, then there exists a sufficient number of hidden neurons /4 and
optimal weight ®* (©* =[W* V*]T) such that e, (k) =0, V, k > 0.
The optimal weight vector ®* belongs to convex compact set B(©).
Let us assume that the norm of the optimal neural network weights is
bounded by aknown positive constant A. By the use of the preceding
assumption for all inputs Z € %", the optimal neural network weight
is defined as

®* := arg min {su 71 () —ut }
g(—)eB((-)) ZEﬂI:m ”g ""

The preceding equation is valid only when the input to the neural
network belongs to compact set (Z € )"). Hence, we make a small
assumption on the aircraft model.

Assumption: Given aclass U of admissible (piecewise continuous
and bounded) inputs, for any bounded u and any finite initial con-
dition x,, the state and output trajectories do not escape to infinity
in finite time,

sup [ly@)ll = A an

te[0,T;]

where A is a known real positive number. The time 7. is referred to
as the critical time.

Based on the preceding assumption on the aircraft to be con-
trolled, let us define a compact set S as

S={@.rneR" " ly®) -yl <e,ueU}, vt € [0, T]
where € is some positive constant and y, is initial output at time
t =0. Hence, the input Z to the network N, belongs to a compact
set inside the finite time interval [0, T']. By the universal approx-
imation property of neural networks, it is possible to approximate
any function to desired accuracy if the inputs and outputs belong to
compact sets. Hence, the neural network weight vector will converge
close to optimal value.**~37 Now, we state the following definition.

Definition: A neural network is said to satisfy the universal ap-
proximation property if, on any compact subset C C R" of the input
space, it is always possible to find an appropriate number of hidden
neurons and optimal weight vectors (not necessarily unique), such
that any continuous function can be approximated to any arbitrary
level of accuracy.

Note that the preceding assumption and the definition proves the
existence of the optimal network parameters. Let W and V be the es-
timated network weights. Then the neural flight controller response
is given as

fn = Wia(VTZ) + €(2) (12)

and the error function €(Z) < § (6 being a small positive number).
The details on convergence of the static backpropagation learning
algorithm is given in Ref. 36.

B. Learning Algorithm

Based on the preceding discussions, we propose an offline (finite
time interval) and online training strategy for approximating the
unknown control law using neural network architecture. First the
neural network weights are updated using a backpropagation learn-
ing algorithm® using the data generated in a finite time interval. The
offline-trained neural network weight matrices are further adapted
online for modeling uncertainties and fault conditions.

In the proposed learning scheme, the network weights are adapted
in the local direction of greatest error reduction such that aircraft
follows the pilot command. Let w;; be the weight connection be-
tween jth neuron in output layer and ith neuron in the hidden layer.
Similarly, let v;; be the weight connection between the jth neuron
in hidden layer and the ith neuron in the input layer. The network
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weight update laws are given as follows:

Aw;;(k) = nEi(k)a[Z vk — I)Zz(k):|

=1

i=1,2,...,p, j=12,....,h (13)
Av;j(k) = nédizj(k), i=1,2,...,h, ji=12,....m
(14)

where 7 is the learning rate and

m P
5 = o/[ > vk - l)zl(k)} wy; (k — 1)el (k)

I=1 =1
where o’ is the first derivative of the activation function o ().

IV. Design of Neural Flight Control System

The proposed neural controller design is used for longitudinal
control of F-8 aircraft model as described in Ref. 18. The NFC is
designed to follow the velocity and pitch rate command signals. The
block diagram of the NFC is shown in Fig. 3. The performance of
the NFC is studied under parameter uncertainty and control surface
loss. To asses the simulation performances, the parameters of system
matrix A and control matrix B are varied by 70%. The simulation
results are compared with dynamic inversion in Ref. 18. RBFN and
traditional RBFN are presented in Ref. 15. The following section
describes the designing the neural longitudinal flight control system
for an F-8 aircraft.

A. Aircraft Model
The aircraft is linearized about the equilibrium condition, and the
aircraft response can be expressed in terms of linear equations as

X = Ax + Bu, y=Cx+ Du (15)
where the signal x represents x (¢), and so on. For the purpose of illus-
tration, the aircraft response is decoupled, and only the longitudinal
response of the aircraft is considered for simulation study. Let A, B,

Grer ()

Ss(k) Pilot Q-Command |
Filter
¢ (K
Vser (K) Pilot V-Command Veer 0
Filter
(Q—-Command) T 9790
vo(k=1)
q(k-1) “ Neuralv B 80
Flight Controller —
(NFC)
3K | Yoo
Delay bank
¥ qk),
Aiircraft
u(t) with
% (V-Command) Actuator Dynamics k)
Mux) x(k+1) = Ax(K) + Bu(k) >
ux
(k) = Cx(K) + Du(k)
vo(k=1) S 4 oK)
— 7 -,
Neural .
&, Flight Controller | |
(NFC) - 8¢ (k)
Vser®)
Delay bank
Vre(K)—Yo(k)

Fig. 3 Block diagram of NFC.

C,and D be (4 x4),(2x 1), (4 x4),and (2 x 1) matrices, respec-
tively. The state vector comprises velocity vy, angle of attack ¢, pitch
rate g, and pitch attitude 6. The control inputs u include the elevator
deflection §, and throttle position §,. Physical constraints on the ele-
vator are defined as —26.5 < §, < 6.75 deg. The elevator and throttle
actuator are approximated using a first-order transfer function with
time constants 0.1 and 0.2 s, respectively. The aircraft is trimmed at
vo = 198 m/s, oy = 4.467 deg, and altitude 1 = 6096 m. The system
and output matrices are same as in Ref. 18. The roots of the char-
acteristic equation are —0.6656 £ j2.82 and —0.0069 £ j0.0765.
Though stable, the phugoid mode needs stability augmentation to
improve its damping and settling time. The NFC is designed to
improve the stability and tracking response of the system.

B. Command Generation

The pilot stick deflection (reference input) to the command signal
transfer function is selected based on the flying quality requirement
(level 1 handling quality). The NFC is designed to track the pilot
desired velocity v, and pitch rate g, command signals. The desired
response functions are given as follows'®:

va _ 0.0400(s +3.13) ga _ 0.6130(s +0.5)

T $243.987s +5.018

Vgt 52+ 0.6408s +0.1296° 8

and v, /8, =0 and g, /v = 0. Pseudorandom pilot command sig-
nals with different amplitude are generated between 0 and 10 s for
various initial conditions. The responses are sampled at 0.05, and
these finite time data are used to train the NFC offline. The trained
NFC is tested with a velocity step command of 15 ft/s, and a pitch
rate command is generated using pulse pilot stick input (width 4 s
and amplitude of 0.5 in.) as described in Ref. 18.

C. NFC Training

In this simulation, a study of two different neural controllers,
one for velocity command v, and other for pitch rate command ¢,
are designed to follow the pilot commands. The optimal number of
hidden nodes required to approximate the control law is selected
using the technique presented in Ref. 38.

1. Velocity Command

The inputs to the NFC are past four outputs (vy and ¢g), past
two present reference inputs, and past one bias. The output of the
flight controller is throttle position §,. The network architecture is
represented as N!%2>! (12 input neurons, 25 hidden neurons, and 1
output neuron).

2. Pitch Rate Command

The inputs to the NFC are past four outputs (v and g), past two
present reference inputs and past one bias. The output of the NFC
is elevator deflection §,. The NFC architecture is N*2>! (12 input
neurons, 25 hidden neurons, and 1 output neuron).

The NFC is trained using a pseudorandom signal for 100 epochs,
or a training error less than 0.002 with a learning rate equal to 0.03.
The offline-trained NFC are adapted online during parameter uncer-
tainty and control surface loss. Bipolar sigmoidal function is used as
an activation function in the hidden layer. During the online learning
process, the weights of the NFC are adapted for three windows of
samples (approximately 30 s) with a learning rate of 0.3.

V. Results and Discussion

In this section, we present the simulation study of a command
control system for a linear F-8 aircraft model. The performance of
the proposed NFC is compared with flight controllers developed
based on the dynamic inversion scheme'® and the RBFN scheme. '’
First, we present the results for the proposed NFC control scheme
and then compare the simulation results with the other two methods.
The pitch rate response of the F-8 aircraft under nominal conditions
is shown in Fig. 4c. From Fig. 4c, we can clearly observe that the
proposed controller alone is sufficient to improve the damping of
the system and the tracking ability of the aircraft. The quantita-
tive measures such as maximum absolute error £, (max) and mean
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Fig. 5 Response of aircraft under velocity command.

square error E,(MSE) are measured to study the performance of
the controller,

E,(max) = max |q4(k) — q(k)|, k=1,2,...,.M

1 M
E,MSE) = > "[qu(k) = q ()
k=1

where M is the total number of samples. The maximum and mean
square errors are 0.0023 and 0.0016 deg/s. The complete response
of all states are presented in Figs. 4a—4d.

Similarly, the complete state response of the aircraft under the
velocity command is shown in Figs. 5a-5d. Figure 5a shows the
pilot command signal and aircraft response. The maximum E, (max

and mean square error E,(MSE) for a velocity command are given
as

E,(max) = max |vg (k) — vo(k)|, k=1,2,...,.M

M

1
E,(MSE) = » Z[Ud(k) — vy (k)]

k=1

The E, (max) =0.0443 and E,(MSE) = 0.0022 ft/s. From Figs. 5a—
5d, we observe that the proposed NFC has the ability to improve the
damping and also provide the necessary tracking performance.
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Fig. 7 Response of aircraft under pitch rate command at 70 % model error.

A. Model Error

To asses the performance of the proposed NFC, the model errors
are simulated by changing all of the elements of the system matrix
A by 70%, and control surface losses are simulated by changing
control matrix B by 70% as described in Refs. 15 and 18. First, we
present the results for the model error condition (A’ = 0.3A). Under
these conditions, the aircraft response is different from the pilot
command. Hence, the controller weights are adapted online when
the average tracking error is greater than 0.02 deg/s. Figure 6b shows
the pitch rate response of the aircraft and the reference command
during online adaptation. During this period, a random pulse stick
signal (Fig. 6a) is applied to generate the tracking command. From
Fig. 6b, we can see that the tracking error is high only for the first4 s,
and afterward the neural controller adapts to the new environment
and starts following the pilot commands accurately. After a 30-s
duration, the NFC system is tested with the same tracking command

signal used to test the nominal aircraft model. The response of the
aircraft is shown in Figs. 7a—7d. From Fig. 7c, we observe that the
aircraft response follows the pilot command accurately. Figure 7¢
shows a small oscillation in pitch rate after 8 s. The amplitude of
oscillation is less than 0.02 deg/s, which is quite small and can be
neglected. A similar study is carried out under control surface loss,
and the response of the aircraft after online learning is shown in the
Figs. 8a—8d. The control surface requirement under nominal, model
error, and control surface loss is shown in Fig. 9. From Fig. 9, note
that the control surface deflection under nominal and fault conditions
are less than the maximum available limit.

Now, we present the performance results for a velocity com-
mand control system under model error and control surface loss.
Figures 10a—10d show the response of the aircraft after online learn-
ing under 70% model error. The response of aircraft and pilot com-
mand is shown in Fig. 10a. Similarly, the response of the aircraft
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under the control surface (70%) is shown in Figs. 11a-11d (after
online learning). The throttle requirement under nominal, model er-
ror, and control surface loss are shown in Fig. 12. From Fig. 12, the
maximum throttle requirement under fault condition is less than the
available limit.

Similar studies are carried out for F-8 aircraft using a dynamic
inversion technique in Ref. 18 and RBFN in Ref. 15. The simulation
studies of a dynamic inversion technique'® show that the controller
provided stable and near desired response in the presence of model-
ing uncertainty up to 30%. However, under 40% model error, the ve-
locity oscillates in the first few seconds, though eventually settling.'®
Hence, we do not compare the performance of the dynamic inversion
technique with the proposed NFC scheme under severe fault con-
ditions. The control effort and performance measures for proposed

scheme and RBFN under nominal and fault consitions are given in
Table 1. Although the simulation studies based on RBFN in Ref. 15
show that the neural controller can also be applied to track the pilot
command even when the model error is 70%, the control effort re-
quired is approximately seven times higher than the proposed NFC
under same conditions. From Table 1, note that the control effort
required to follow the pitch rate ¢, command signal under nominal
flight conditions for the RBFN is nearly two times greater than that
of the proposed NFC scheme.

To compare the preceding methods, we determine the quantita-
tive performance measure such as average error E(MSE) and max-
imum error E(max) under nominal and fault conditions. Table 1
shows the performance measure for velocity command, pitch rate
command, and maximum control surface deflection under nominal
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Table 1 Comparison of different neural flight controller performances

Proposed NFC RBFN
Absolute max. Absolute max.
Plant E(MSE) E(max) control effort E(MSE) E(max) control effort
qd
Nominal 0.0016 0.0023 2.02 deg 0.0010 0.0010 4 deg
70%A 0.0014 0.0202 2.13 deg 0.0370 1.7500 15 deg
70%B 0.0021 0.0252 5.69 deg —_— —_— —_—
\Z
Nominal 0.0022 0.0443 0.2460 0.0091 0.0100 0.810
T0%A 0.0019 0.3803 0.2361 0.0260 0.6900 78.00
70%B 0.0022 0.4391 0.8209 —_— —_— —_—
0
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Fig. 10 Response of aircraft under velocity command at 70 % model error.
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Fig. 11 Response of aircraft under velocity command at 70% control surface loss.
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and nonnominal conditions. For the proposed control scheme, under
a 70% model error (A =0.3A) condition, the maximum and aver-
age errors in pitch rate command control are E,(max)=0.0202
and E,(MSE) =0.0014. Similarly, the maximum and average er-
ror for RBFN scheme are E,(max) =1.75 and E,(MSE) =0.037.
The performance measures clearly show that the proposed control
scheme performs better than the RBFN scheme. From Table 1, note
that the proposed scheme has better tracking performance under
nonnominal conditions than does the RBFN scheme.'”

B. Nonlinear F-8 Model

In this section, the performance results of the neural controller de-
veloped earlier is presented based on a nonlinear high-performance
fighter aircraft model. For this purpose, an aircraft executing a steady

climb-and-hold maneuver is considered. The importance of design-
ing an adaptive nonlinear controller to control this maneuver lies
in the fact that this maneuver does exercise the aircraft in a very
wide dynamic range in a short time and brings out all of the non-
linearities of the aircraft. The simulation study is carried out on a
full-fledged six-degree-of-freedom nonlinear aircraft model that is
developed using the MATLAB® package. Rigid-body dynamics of
the aircraft are described globally (over the full flight envelope) by a
set of 12 nonlinear differential equations, two each for six degrees of
freedom.* The nonlinear functions describing the aircraft behavior
known to us reasonably accurately as a mix of analytic expressions
and tabular data.®

The elements of the body-axes state vector will comprise, respec-
tively, the components of the velocity vector Vg, the vector of Euler
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angles ®, the angular rate vector wp, and the position vector P, .
Therefore, we have the state vector

X'=U V W ¢ 6 v P Q R py pr hl

A number of aerodynamic forces and moment components contain
dependence on the control surface deflections, and these deflections
form inputs to the model. The control input vector comprises throttle
setting, elevator deflection, aileron deflection, and rudder deflection,

UT = [St ae aa 5r]

The complete aecrodynamic data acquired from wind-tunnel tests
cover a wide range of angles of attack, —20 <« <90 deg, and
slideslip angles —30 < 8 <30 deg. The aircraft is powered by an
afterburning turbofan jet engine. The dynamics of the actuator are
modeled as a first-order transfer function.

1. Steady Climb-and-Hold

The steady climb-and-hold maneuver starts with steady straight
and level flight at trim condition (trim 1) of &, =0.14771,
8, =—1.9582 deg, vo =500 ft/s, h =500 ft, and « =2.368 deg. A
pitch-up command to the elevator is applied at 5 s to increase the
pitch attitude 0 from its trim value to 26.366 deg in a 4-s dura-
tion. The pitch attitude is kept constant for a 30-s duration, and it
is decreased to initial trim value at 45 s. Now, the aircraft main-
tains straight and level flight conditions at trim condition (trim 2)
of §, =0.2471, §, = —1.9322 deg, vy =625 ft/s, h =9570 ft, and
o =2.368 deg.

2. Simulation Results

The neural controller is trained offline using the linear plant ob-
tained at two level flight conditions (trim 1 and trim 2). Pseudoran-
dom pulse stick signals are used to generate the training data. The
offline-trained controller is tested using the nonlinear aircraft model.
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The controller weights are adjusted for online training for some time
to compensate for the nonlinearities. The performance capabilities
of the designed controller for executing the steady climb-and-hold
maneuver is presented based on the results from this simulation
package. Figure 13 presents the response of the nonlinear aircraft
model. From Fig. 13, we can clearly observe that the aircraft fol-
lows the command accurately. Figure 14 presents the elevator and
throttle deflections, and Fig. 15 presents the the trajectory of the ma-
neuver in three dimensions using the proposed NFC. It is clear from
Figs. 13-15 that the proposed control scheme provided satisfactory
performance for a nonlinear aircraft maneuver.

VI. Conclusions

A stable, direct adaptive neural controller is presented based on
offline (finite time interval) and online training schemes to improve
damping of the system and to provide the necessary tracking per-
formance. The neural network with linear filter model is used to
approximate the unique control law. This paper also demonstrates
the ability of proposed neural controller to follow the pitch rate and
velocity commands in F-8 longitudinal aircraft model. The simu-
lation studies are carried out under 70% model error and control
surface loss. The simulation results show that the proposed NFC
has the ability to track the command signal under model error and
control surface loss. The performance of the proposed NFC is com-
pared with a recently developed dynamic inversion technique and
RBFN. The control effort required and average tracking error by
the proposed NFC is less than that of the RBFN and dynamic inver-
sion techniques. The performance of the proposed control scheme
is also evaluated under a nonlinear aircraft maneuver using a six-
degree-of-freedom aircraft model. Complete simulation histories of
all variables are available and are well behaved.
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