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Nonlinear Flight Control Using Neural Networks

Byoung S. Kim* and Anthony J. Calise’
Georgia Institute of Technology, Atlanta, Georgia 30332-0150

The theoretical development of a direct adaptive tracking control architecture using neural networksis presented.
Emphasisis placed on utilization of neural networks in a flight control architecture based on feedback linearization
of the aircraft dynamics. Neural networks are used to represent the nonlinear inverse transformation needed for
feedback linearization. Neural networks may be first trained off line using a nominal mathematical model, which
provides an approximate inversion that can accommodate the total flight envelope. Neural networks capable
of on-line learning are required to compensate for inversion error, which may arise from imperfect modeling,
approximate inversion, or sudden changes in aircraft dynamics. A stable weights adjustment rule for the on-line
neural network is derived. Under mild assumptions on the nonlinearities representing the inversion error, the
adaptation algorithm ensures that all of the signals in the loop are uniformly bounded and that the weights of
the on-line neural network tend to constant values. Simulation results for an F-18 aircraft model are presented to
illustrate the performance of the on-line neural network based adaptation algorithm.

I. Introduction

ONTROL of nonlinear systems by feedback linearization is

well known and has been applied to controlof a wide variety of
nonlineardynamic systems. In particular, this approachhas gained a
great deal attention in aircraft flight control through theoretical and
applied investigations, culminating with a number of actual flight
tests."2 These applications have employed separate inner and outer
loop inversions based on a two time scale approximation normally
inherent in aircraft dynamics. This allows the inverse design to be
performed without state transformation because the dynamics for
each loop (when considered separately) are square (number of con-
trols equals the number of degrees of freedom). More recent studies
have incorporated robust synthesis methods for the outer loop.>*
From a design viewpoint, the main advantagesare that the nonlinear
dynamics of the aircraft are transformed to an equivalentlinear sys-
tem, which has a standard form. The linear model is used to design
a controllerto achieve a desired response to pilot commands, based
on handling qualities criteria and maneuvering objectives. Hence,
the cost associated with the design of a flight control system can be
significantly reduced in comparisonto a gain scheduleddesign. Per-
formance can also be enhanced because many of the uncertainties
associated with small perturbation linearized models are removed.

The primary difficulty associated with the use of feedback lin-
earization for aircraft flight control is that a detailed knowledge
of the nonlinear plant dynamics is required. A secondary issue is
that accurate full-envelope nonlinear inversion is computationally
intensive. A high-fidelity nonlinear force and moment model must
be constructed and inverted in real time. Neural networks offer the
potential to overcome these difficulties through a combination of
both off-line and on-line (i.e., in-flight) learning.

Recently, neural networks have been proposed as feedforward
inverse dynamics controllers. Sanner and Slotine’ developed a di-
rect adaptive tracking control architecture using Gaussian radial
basis function networks to adaptively compensate for plant non-
linearities. Gomi and Kawato® have also proposed similar learn-
ing control schemes using neural networks. These neural network
controllers look very much like adaptive elements. The connection
between neural network controllers and adaptive controllers was
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also exploited by Narendra and Parthasarathy” They view neural
networks as highly nonlinear control elements that offer distinct ad-
vantages over conventional linear parameter adaptive controllersin
achieving desired system performance.

There are a number of flight control applicationsreported that il-
lustrate the on-line learning capability of neural networks. Troudet
et al.? designed a model-following neurocontrollerfor an integrated
airframe/propulsion linearized model of a modern fighter aircraft.
Only the piloted longitudinallanding task was considered. Sing and
Wells® used a radial basis network with on-line weight adaptationto
suppress wing rock for a slender delta wing configuration, using a
simplified analytical model for wing rock. Sadhukhan and Feteih'’
combined neural control with dynamic inversion. Their study was
limited to examining the linearized longitudinal dynamics of an A8
aircraft. Napolitanoand Kincheloe'! employ an extendedback prop-
agation algorithm to evaluate various neural network-based designs
of autopilot systems for implementing a variety of flight control
functions. They used a six-degree-of-freedom aircraft simulation
code in their study.

This paper presents the design and evaluation of a flight con-
troller using neural networks and demonstrates the feasibility of
applying this approachto an aircraft flight control design. Emphasis
is placed on 1) use of a command and stability augmentation sys-
tem architecture based on feedback linearization using an off-line
trained network to invert the nonlinearities and 2) development of
an on-line adaptive architecture that employs a second neural net-
work to compensate for inversion error. A stable weight adjustment
rule for the second neural network is derived using a Lyapunov-like
function. We prove stability in the presence of bounded realization
error of the off-line trained network. Under mild assumptionson the
nonlinearities representing the inversion error, the adaptation algo-
rithm ensures thatall of the signalsin the adaptive loop are uniformly
bounded when a dead zone is applied, and that the weights of the sec-
ond neural network tend to constant values. The on-line adaptation
approachused employs concepts from Ref. 5, wherein the dynamics
are linear in the control variable. The main extension here is to the
case where the dynamics are nonlinear in both the states and the
controls. Nonlinearity in the control is an important issue with the
adventof low-visibility aircraftand the increasingneed for agility in
fighter aircraft. The second major contributionof this paperlies in a
detailedapplicationto designof an adaptivecommand augmentation
system that treats the six-degree-of-freedan nonlinear dynamics of
aircraft motion. Although separate autopilot functions are design
for each degree of freedom, the on-line network accounts for non-
linear coupling effects. The dead zone approach to the adaptation
employed here was first developedin Ref. 12. References 13 and 14
provide some background and definitions for readers who are unfa-
miliar with neural networks and the related terminology employed.
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The paper is organized as follows. Section II presents an ap-
proach for combining feedback linearization and neural networks
and especially focuses on the theoretical background of a direct
adaptive tracking control architecture. A stability proofis presented
along with an analysisthat shows that all signals within the resulting
closed-loop system are uniformly bounded. Section III outlines an
aircraftapplicationof the approachdevelopedin Sec. II, and Sec. IV
summarizes an evaluation of the design from Sec. III for a high-g
turn maneuver. Conclusions are given in Sec. V.

II. Nonlinear Control Using Feedback
Linearization and Neural Networks
A. Derivation of the Linearizing Transformation
Consider an n-degree-of-freedom nonlinear dynamic system of
the form

X =f(x, x,0) )

where x(¢), x(t) € R" are the state variables,3(t) € R™ is the con-
trol variable,and f is a mapping from a domain R” x R" x R™ into
R". The simple case arises when n = m, which is called a square
system. If f(x, x, ) is invertible and x, X are measurable, the pre-
ceding system can be transformed to the form

i=u )
u=flx,x,9) 3)

where u(t) € R" is the pseudocontrol variable. Equation (3) is the
linearizing transformation using state feedback. Note that in this
transformation only the control variable is transformed.

The inverse transformation of Eq. (3) is expressed in the form

d=f"uxu) @

To implement the control technique a means to compute the inverse
transformationin Eq. (4) is required. A neural network may be used
to realize this inverse transformationand produce an approximation
(f~1) of the inverse transformationwhen implemented in hardware.
Initial training of the neural network may be conductedprior to flight
with input-output pairs generated from a mathematicalmodel. Such
model-based training is referred to as off-line training. The block
diagram shown in Fig. 1 depicts an off-line trained neural network
(NN1) being used to implement the inversion process of Eq. (4).

If f is perfectly known and the realization of f~! with the neural
network is perfect, then one has a linear transformed system exactly
as in Eq. (2). Unfortunately, more often than not, the information
about f and the realization of the neural network are not perfect.

Now, consider a representation of the inversion error in Eq. (2)
as follows:

X=u+A(xx,u (5)

- ]
NN 1 Nonlinear System

—p| 1 (x,x,u)

X 1 X

f(x,%,8) s

Model Inversion

Fig.1 Implementation of the off-line trained neural network.

g
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where
A(x,x,u) =f(x,x,8) —f(x, %, 6) ©6)

and A": R" x R" x R* — R" is a mapping representing the in-
version error. In Eq. (6) 6 = f~'(x, %, u) is the NNI realization
of f~!. Equation (5) is shown in the dotted box in Fig. 2 for the
ith control channel, which also depicts a conventional proportional-
plus-derivative (PD) linear controllerarchitecture. Note that the un-
known nonlinearterm A is a function of the pseudocontrolvariable
u in addition to the state variables. Thus, the choice of the control
structure affects the inversion error.

B. Direct Adaptive Control Using Neural Networks
The adaptive control structure for each channel is chosen as
ui(t):updi(t)—'_jé(,'i(t)_Izad,‘(t)s izlszs---sn (7)
where u,q, is a PD controland the il,q, is an adaptive control. The PD
control is used to shape system response, and the adaptive control

is used to compensate for the inversion error during operation. Let
Uy, be defined by

tpa, (1) = ki, [, (1) = x:(0)] + ke, [, (0) — :0)]
i=1,2,....n (8)

where x., and X, are the position and velocity commands. The
parameters k,, and k,, are the proportional and derivative control
gains, which are designed so that the system in Eq. (5) is stable and
performance specifications (settling time, overshoot, etc.) are met
for A} = 0. The adaptive term i,q, is used to compensate for the
inversion error A} during operation. It will be realized by a second
neural network (NN2;), also depicted in Fig. 2, where u_;) denotes
u with the u; element deleted.
Using Eq. (7) in Eq. (5) the error dynamics become

X kg Xk X o=l — Al(x, %), i=1,2,...,n (9)

where X; = x., — x;. In state-space form, we have
¢ = Aje; +b[ilg, — Aj(x, %, )],

i=12,....,n (10)
where e/ = [ ¥,], and

0 1 0
Ai:[_kﬂi _klli:| b:|:1:| (an

Note that in general Eq. (10) is nonautonomous due to the depen-
dence of A} in Eq. (9) on x, X, and @, which in turn depend on
x.(t), x.(t), and ¥.(f). The ideal purpose of it,q, is to cancel the
inversionerror A; so that the error states go to zero asymptotically.

Let Al be anrealization of A} when neural networks with a finite
number N of basis functions g;; are used:

N
A,’.(x, x,u) = Z Wi (1B (e, x, u) = wl (B (x, x, u)

j=1

i=1,2,....,n (12)

A% (x,%,u)

u;

[
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Fig. 2 Implementation of the on-line neural network in the adaptive control scheme.
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Define

N
A (x, %, u) = Z w; B, %, w) = wiT B(x, X, u)

j=1
i=1,2,....,n (13)

where w} is the value obtained when w; is optimized over some
compact domain D of {x,x,u} = d of interest. For example, we
may define

w = arg[ min max |A}(d) — A;(d)l} (14)
wi  deD

If &; > 0 is the upper value of the min-max problem just defined,

then

|A/@d) — Ar@)| <& vd € D (15)

Note that for fixed N, ¢; dependson the choice of the basis functions
and the accuracy of NN1, which determines |A]|, Vd € D.
Assumption 1: There exists a fixed point it,g, of A foralld € D

such that
_Izad,‘):O, i=1,2,...,n

(16)

~ ~ . .
Uag; — A (x,x, Uiy, Upd, T X

This ensures the existence of il,q, (see Fig. 2). Because Eq. (16) is a
scalar condition, it is easily guaranteed by any set of basis functions
(Bi;) that are continuous and bounded functions of u;. Based on
Eq. (12), the adaptive control signal of NN2; is chosen as

N
flag, (1) = Y by (OB % w) = W] (OB (. x.w) (1)
j=1
where the @, (1) € RY comprise the weights w;; (1) of NN2; to be
updated on line. Note that the adaptive control i, in Eq. (17) is
linearly parameterized. This feature makes it possible to derive a
suitable on-line adaptationrule. In the following development, only
neural networks whose weights (parameters to be updated) appear
linearly in their output descriptionare considered for NN2 in Fig. 2.
The estimation error is represented as

fog, — A =W (B (x, %, u) = w! (1)B;(t, e, W)
i=1,2,...,n (18)

where
Wi(t) =wi(t) —w (19)

and w;(t) € R" is the parameter estimation error vector for NN2;.
Recall that A} and 3] are functions of x, %, and u, which in turn
depend on ¢, e, and w through Egs. (7), (17), and (19). In Eq. (18),
the first functional dependence is used in actual neural network
implementationas illustrated in Fig. 2 and the second is used in the
stability analysis.

From Eq. (18) the forcing term in Eq. (10) satisfies

U, — Al(x, %, u) = (ﬁadi - Al’*) + [Al’.*(x,ic, u) — Aj(x, x, u)]

=wIBi(t.e, W)+ [Al(t, e, W) — A (1, e, )]
(20)

Under Assumption 1 expressedin Eq. (16), an equivalentexpression
for Eq. (10) is

¢ = Aje; +bw! B, + b(AF — A,), i=1,2,....n (21)
The adaptationrule is chosen as follows:
5 { —y,e' PbB3;(t, e, W), when lellp, > E;

leillr, < E;

P =

0, when

i=1,2,....,n (22)

where |le; || p, denotes J(ef Pie;), y; > 0 is the adaptation gain (or
learning rate), (3; is an equivalent expression for the basis function

vector as shownin Eq. (18), and Py, is a (2 x 2) symmetric, positive-
definite matrix satisfying

PA, +A'P =1, i=1,2,...,n (23)
the solution of which is given by
ky, kp, 1 1
2kll * ﬁ(l * k_> 2%
P, = pi di pi pi (24)
1 1 1+ 1
ka' 2klli kl’i

In the adaptation rule of Eq. (22) the parameters are adjusted
only when the norm of the state errorvector lies outside a dead
zone, whose size is defined by E;. A larger E; implies that a larger
error state is tolerated and that adaptation takes place over shorter
total time.

Whereas the analysis of the adaptive system is carried out using
Eq. (22),implementationof the adaptivelaw uses the first functional
dependence of Eq. (18), which means that the adaptation rule is

implemented as
: {—J/I-e,-rPibﬂ,f(x,ic,u), when eIl > E;
W,

lellr, < E;

P =

0, when

i=12....,n (25

Note that the adaptive law in Eq. (25) only requires on-line quadra-
ture and that it can be implemented in parallel.

Theorem 1: All signalsin the (2 + N)n-dimensional system, de-
scribed by Eqgs. (21) and (22), are uniformly boundedif the following
conditions are satisfied:

1) Assumption 1 is satisfied.

2) The compactdomain D for which Eq. (15) holds is sufficiently
large.

3) The size of dead zone for each channel is determined by E; >
2&;[A(P;)]*?, where A(X) denotes the maximum eigenvalue of X.
Moreover, for & = 0 (no NN2; approximation error), the error
dynamics Eq. (21) are asymptotically stable.

Proof: See Appendix.

Remark: The proper choice for the size of the dead zone is crucial
forestablishinguniformstability. From condition2 and Eq. (24), this
is dependent on the PD control gains k,, and k,;, and on the bound
g; in Eq. (15). Hence, the prior knowledge needed to estimate the
size of the dead zone is the bound ¢;.

Theorem 2: If conditions 1-3 of Theorem 1 are satisfied, then the
total time during which adaptation takes place is finite, and ||w; ||,
decreases a finite amount every time the trajectory leaves and re-
enters the dead zone. Moreover, in the limit as t — 00, ¢;(¢) lies
inside the dead zone and w; (t) — a constant.

Proof: See Appendix.

Remark: The nature of the trajectories is illustrated in a two-
dimensional spaceas showninFig. 3 (Ref. 12). This figureillustrates
the properties guaranteed by Theorem 2, including several intervals
during which adaptation takes place, ultimately culminating in a

%1,

m——

Fig.3 Illustration of the properties shown in Theorem 2.



KIM AND CALISE 29

steady-state condition in which |le;||,, < E; and no adaptation oc-
curs (w; = 0). InFig. 3 the dottedarcsrepresentcontoursof constant
Vi = [lle; I3, + W13 /¥:1/2, and the break line parallel to the verti-
cal axis dep‘icts the boundary of the dead zone. From Theorem 1, if
g; = 0, then E; may be reducedto zero and e; () — 0 ast — oo.

III. Application to Aircraft Flight Control
A. Command Argumentation System Design

Figure 4 depicts the architecture of a command augmentation
system (CAS) design based on feedback linearization for an air-
craft. The pilot inputs to the CAS are chosen as roll rate command
and normal acceleration command. The CAS is required to stabi-
lize the airframe while following normal acceleration and roll rate
commands from the pilot. In addition to these functions, the CAS
has responsibility for maintaining zero angle of sideslip during ma-
neuvers. The aircraft of interestis an F-18, for which the following
controls were selected: 84, (§h) = left (right) stabilatorand ér =
rudder. Reference 15 details the design of the command augmen-
tation logic and the command transformation from body rates to
Euler angle rates. Reference 15 also provides baseline performance
results for a set of maneuvers using a nearly exact (but nonadaptive)
inverse of the aircraft moment equations.

The role of neural networks in this architectureis divided to two
functions: 1) an off-line learning intended to provide nominal input-
output mapping using the mathematical model of an aircraft and
2) an adaptive network that compensates for imperfect inversion
and in-flight changes in the actual aircraft dynamics. The theory
developedin Sec. Il is applied only to the attitude loop depicted in
Fig.4, with the slower dynamicsof the outerloopregardedas frozen.
The command augmentationlogic has been designed to ensure that
this two time scale property is preserved at all flight conditions.!®

B. Off-Line Neural Network Design

The key purposeofthe off-lineneuralnetwork (NN'1) is to approx-
imately invert the vehicle attitude dynamics using an implementible
architecture. By inversion we mean given the desired angular ac-
celerations(U; in Fig. 4), determine the required control deflection.
It is important to optimize the topology of NN1 for this purpose.
Training of the neural networks to represent the inverse mapping
of plant dynamics from moment coefficients to control deflections,
instead of from angular accelerations to control deflections, facili-
tates a representationof the mapping that s less sensitive to altitude
and Mach number variation. This considerably reduces network
complexity and the effort required in training. The detailed com-
putational flow for the inversion using neural networks is given in
Fig.5, where de = (8h; +38hg)/2isthe effectiveelevatordeflection
and 8t = (8h, — 8hg)/2 is the effective differential tail deflection.

A blind application of the network architecture may require a
prohibitive number of neurons. Careful examination of the depen-
dence of the aerodynamic moment data on flight condition and
control deflections allowed development of an efficient network
architecture made up of a combination of radial basis functions
units and sigma-pi units in this application. Reference 16 pro-
vides a more detailed justification for the design of the off-line
network architecture, which is defined in equation form as fol-
lows.

Longitudinal network:

N+1
e = Z ()C]j +x2]-h +X3jQ +)C4jCM +x5thM

j=1

+ X6, 0% 4+ x7,0Cy + x;C3, ) ¢; (@, M) (26)

Lateral network:
N+l
ot = Z(ylj + Vb + 3, P+ y4 iR+ ys5;Cp + y5;Cy

=1
+ Y7;hP + Y3 ;h R + yo,hCp + y10;hCy); (o, M) (27)

N+1
or = Z(le +Z2jl’l+Z3jP +Z4jR+Z5jCL + Z(,jCN

j=1
+Z7jl’lP + Zgjl’lR + Zgjl’lCL + Z]thCN)(bj(as M) (28)

In Egs. (26-28) x;;, yij, and z;; are the weights, ¢; are radial ba-
sis functions (two-dimensional Gaussian functions), and N is the
number of radial basis function units.

Training data (U; and §; pairs) were artificially generated at differ-
ent flightconditions from simulationsoftware (4275 for longitudinal
and 30,240 for lateral network training). An example envelope of
flight conditions is presented in Fig. 6 for an F-18 aircraft model
that was used for concept demonstration. Training data were gen-
erated uniformly over the domain of flight conditions and control
surface deflection indicated in the figure. Because the weights ap-
pearlinearly as shown in Egs. (26-28), a standardlinear least square
approximation method was used as the training method. The cen-
ters and sigma values of the Gaussian functions, ¢;, were adjusted
experimentally to improve the approximation.

C. On-Line Neural Network Design and Direct Adaptive Control
Under the assumption that the inversion error A is decoupled,

thatis, A; = A;(M, o, h,x;, x;,u;),i = ¢,0, ¥, all channels of

roll, pitch, and yaw motions are decoupled. This assumption is not

Attitude Orientation System
Command Command
B Augmentation | P, || Transformation Inverse 5h
a1 geic Q. — Model L
8% c ¢, 0.9 U using ||Ohg
aye =0 Turn R¢ ¢ © Uy| Neural 2 Airera
- 1 t
Coordination Attitude E. Ne;?xl/prkk rrera
\ Control (off-line )
$,6.9.0.6,%

P,Q.R,0,0. a,, a,,U,V, W

Fig.4 Command augmentation system for an aircraft.

Rigid body
¥ =U, | Kinematic | p | Rotational | L [ Se | Geometric | §h
e 1 Relation Dynamics Def. . NN Reclation L
= U 3 r N CN 8 r 8 r

Fig.5 Computational flow for neural network based inversion.
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Training
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-2 12 40
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Fig.6 Off-line trainingenvelope:0< H < 40,000,—1.5<p< 1.5,—1.5
<q<15,-1.0 <r<1.0,—24< de< 10.5deg, — 21 < dt< 21 deg, and
—30< dr< 30 deg.

ByM,a,hu;5)

SP unit

Fig.7 Structure of the on-line adaptive neural network for each chan-
nel.

necessary for application of the theory, but is employed to reduce
the size and complexity of NN2 for implementation.

The NN2; for each channel of attitude motion was chosen to
satisfy the form expressed in Eq. (17) in which the weights ap-
pear linearly. The basis functions have a functional dependence on
M, «a, h, u;, and corresponding attitude angle and attitude angular
rate. The functional dependency of A; on corresponding attitude
angle and attitude angular rate was neglected to reduce the num-
ber of inputs to NN2;. Because the dimension of the basis function
neural network increases exponentially with the number of network
inputs, reduction of the number of inputs from 6 to 4 resultsin a sub-
stantial reduction in the required size of the neural network. Thus,
the adaptive control signals in Eq. (17) were represented as fol-
lows:

N
Uagy = Z UA).p,jﬂj(M,Ol,h, Ug)
j=1

N
Uady = Z W ;B (M, a, h,uy) (29)
j=1
N
Uggy, = Z ﬁ)(//,jﬂj(Mv a, h, Uy)
j=1
The structure of NN2; for each channelis shownin Fig. 7. For this

network 21 radial basis function units and 40 sigma-pi units were
employed to build the basis functions. Thus, the total number of

weights for each neural network is 840. One-dimensional Gaussian
functions were used as radial basis functions for M. The center and
sigma values of the Gaussian functions were adjusted to improve
the approximation,i.e., more dense centers were placed in the tran-
sonic region (i.e., near Mach 1). For «, sigma-pi units (polynomial
representations) were used up to fourth order. For &, sigma-pi units
were used up to first order, and for u,,, units up to third order were
employed. The resultingdescriptionfor each basis functionof NN2;
is as follows:

Bi(M. o h,u)) = g (M)a' h™ul, i=¢.0.9 (30
wherek =1,...,21;1 =0,...,4,m =0,1;andn =0,...,3.
The prescribed architecture of NN2 does not necessarily represent
the optimum network size for practical hardware implementation.

From Eq. (25), the adaptationrule for each neural network (NN2; )
is as follows:

Wy = —YeSeBy(M, 0, b, uy)
Wy = —yo56By (M. . h, p) G1)
Wy = —yysy By (M. h,uy)
where
si = e Pob = (1/2k,, )% + (1/2kg )[ 1+ (1/k,,) |5
i=¢.0,¢ (32)

The elements of w; and 3;, i = ¢, 0, ¥, represent the weight vec-
tor and basis function vector in each on-line neural network. The
quantity y; is an adaptation gain for each channel. No dead zone
was applied, which amounts to the assumption that near perfect re-
alization of the inversion error is attainable [¢; = 0 in Eq. (15)].
The parameters k,, and k; were chosen to provide a 1% settling
time of 0.8 s and a damping ratio of 0.707 for the attitude loops.
The 1% settling time for the outer command augmentationloop was
designedto be 2.4 s. The outer loop designed was slightly modified
from that of Ref. 15. The details may be found in Ref. 16.

IV. Simulation Results

The maneuverchosento illustratethe CAS performanceis a high-
g, fixed throttle turn, taken from Ref. 15. The simulation model was
obtained from NASA Dryden Research Center and contains a de-
tailed aerodynamic representation. Simple first-order models were
used to model actuator dynamics, and no sensor noise was modeled.
Starting at My = 0.6 and i, = 10,000 ft, a roll rate command of 10
deg/s is given until ¢ = 80 deg. The normal acceleration is main-
tained at 1.0 g during the roll maneuver. This is followed by a 5.0-g
normal acceleration command that is maintained till the end of the
maneuver. The throttle is maintained at 100% throughout the ma-
neuver. This is a challenging maneuver because the aircraft starts at
a subsonic Mach number and reaches a supersonic value at the end.
All simulations were conducted using a predictor-correctormethod
with At = 0.0058 s.

Figure 8 illustrates a sample of the statistical measures used to
evaluate the performance of the NN1-based inversion, by showing
the effect that initial altitude and Mach number have on the rms
error of the network output for left stabilator. The errors were com-
puted by simultaneously computing the near exact inversion using
the method of Ref. 15 ateachintegrationstep and taking the rms over
each trajectory. Only the NN1 output was actually applied to con-
trol the aircraftin the simulation. It can be seen that for 2, = 10,000
ft, the worst-case rms error increases for both low and high initial
Mach numbers. That is because some portion of the flight is out-
side the training range of Fig. 8. For M, = 0.5 the starting Mach
number lies below the training range, and for M, = 0.9 the Mach
number exceeds 1.2 during a middle portion of the maneuver. A
moving average of the rms error is illustrated in the lower portion
of Fig. 8 that exhibits this effect as a function of time. Also note
the maneuver initiated at My =0.7 and hq =20,000 ft exhibits a
large rms error that is sustained over the last 15 s of flight. Over this
portion of the trajectory the Mach number is nearly constantat near
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Fig. 8 Root mean square error of the NN1-based CAS for a series of
fixed-throttle, high-g turn.
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Fig.9 Rootmeansquare error of the NN1+NN2-based CAS for a series

of fixed-throttle, high-g turn.

1.0. Although this lies within the training range, it corresponds to
a region where the errors were larger than average due to the more
complex variation that the aerodynamic data exhibits near Mach 1.
That is, an off-line trained network with weights trained to provide
good average performance over a given envelope of data can exhibit
large errors within a portion of the envelope that has a high degree
of complexity in its mapping.

Figure 9 examines statistical measures for the performance of the
NNI1-+NN2-based inversion. Note that the rms errors in Fig. 9 are
an order of magnitude lower than those of Fig. 8. The lower portion
of Fig. 9 (moving average results) reveals that the errors (where
they are larger) take on a totally different character in that they are
of extremely short duration in comparison to the lower portion of
Fig. 8. For example, the M, = 0.5, hy = 10,000 ft result initially
starts outside the NN1 training envelope, which explains the higher
initial error. However, this error is rapidly reduced by the on-line
weight adjustment algorithm used in NN2. Rapid adaptation also
occurs near t = 8 s into the maneuver when the high-g turn is
initiated and roll rate is rapidly commanded to zero. The M, = 0.7,
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Fig.10 Performance results of the NN2-based controller for the flight
inside the off-line training region, M, = 0.6, iy = 10,000 ft.
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Fig.11 Performance results of the NN2-based controller for the flight
outside the off-line training region, M, = 0.8, 1y = 10,000 ft.
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Fig.12 Performance results of the NN2-based controller with 30 % loss
of left stabilator effectiveness, M, = 0.6, i, = 10,000 ft.

ho = 20,000 ft results demonstrate the on-line learning that occurs
within the training envelope of NN1. Here, the sustained rms error
of Fig. 8 (due to flight in the transonic region) is nearly completely
eliminated. These results are typical of all of the statistical studies
performed to date.

A sample simulation result for the high-g turn maneuver is given
in Fig. 10. With full throttle, the flight speed reaches a Mach num-
ber of 1.1 at the end of the maneuver. Thus, this maneuver stays
inside the NN1 training envelope. The resulting normal accelera-
tion responses with NN1 and with NN1+NN2 are compared. Note
that a significant improvementin tracking performance is achieved
with the action of NN2. The NN1 tracking errors occur mainly as
the aircraft passes through the transonic region. Figure 11 presents
an example of what occurs when the aircraft is flown outside the
training envelop for NN1, starting at My, = 0.8 and o, = 10,000 ft.
Note that the control with NN1 alone becomes unstable. Figure 12
shows the roll rate response for the same case as in Fig. 10, but with
an unexpected 30% loss in left stabilator effectiveness.

Anotherinterestingfeatureis thatall of the NN1+NN2 responses
to the 5.0-g command (starting at 8.0 s in Figs. 10 and 11) are first
order (no overshoot and a settling time of approximately 2.4 s),
which is exactly what the outer-loop command augmentation logic
of Fig. 4 was designed to accomplish. That is, if the inner-loop
attitude orientation system response corresponds to that of exact
inversion (and with knowledge of partial failure), we would expect
a first-order tracking error response in normal acceleration. These
responses show that NN2 is able to closely approximate perfect
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inversion without knowledge of the uncertainties due to imperfect
inversionand sudden changesin aircraft configuration. Thus, robust
performance is achieved in the sense that the aircraft not only re-
mains stable, but also continuesto satisfy handling qualitiescriteria.
A predictable response (with minimal overshoot) is maintained in
the presence of large-scale modeling uncertainties and partial fail-
ures. A possible explanation for such outstanding performance is
that NN2 serves as a short-term memory device, which computes a
best fit of its basis functions to cancel the NN1 inversion error for
the local (current M, h, and ) conditions. Additional statistical and
trajectoryresults evaluatingNN1 and NN14-NN2 performancemay
be found in Ref. 16, including time histories of all the trajectory and
control variables. Applications of this methodology to helicopter
flight control and missile autopilotdesign can be found in Refs. 17
and 18. In these applications, the approximate inversions are based
ona linearized aerodynamicrepresentationof the force and moment
maps at a single flight condition.

V. Conclusions

There are three main conclusions to be drawn from this research.
First, feedback linearization is an alternative to gain scheduling,
which holds the potential for simplifying the problem of flight con-
trol system design for high-performance fighter aircraft. Second, it
is possible to design neural networks that are capable of internally
representing the inversion needed to make feedback linearization a
viable approach to real-time implementation of full envelope flight
control systems. This requires that careful attention be given to the
selection of the network architecturein concert with the demands of
network training. Third, an on-line adaptive neural network is able
to closely approximate perfect inversion without full knowledge of
uncertainties. Experience with this approach has shown outstanding
potential for rapid and accurate adaptation, even in the presence of
partial actuation failure.

Appendix: Proofs of Theorems 1 and 2
Proof of Theorem 1: Define

Ve, #) =) Vile;, ) (A1)
i=1
~ %eiTP,-e,- + (1/2y)wrw;, when |lellp > E;
Vi(e;, w;) = T ~
Ei + (1/2y)w; wi, when |le;llp < E;
(A2)

where e¢; and w; are the error state vector and the parameter esti-
mation error vector for each channel, respectively. P; is a (2 x 2)
symmetric positive-definite matrix satisfying

PiAi+A,'TPi:_in Qi:Q,-T>O (A3)

The existenceof P, = P > 0 is guaranteed by the fact that 4; is
Hurwitz.

Outside the dead zone, the time derivative of V; along any trajec-
tory of Egs. (21) and (22) is given by

Vi =1elQie; + el P{W! B, + (A; — A,)} + (1/y)wT W, (A4)
Using Eq. (15), it follows that
Vi < —telQie; + e lelPb| +w! [eTPbB, + (1 /y)wi] (AS)

Adopting the form in Eq. (22) for the adaptation law reduces the
last term in Eq. (A5) to zero. Thus, outside the dead zone we have

V< Zn: ( _%eiTQiei +8i’eiTPib’>

i=1

(Qz) N 1
<Z”ez”P{_ |el||PrPi)+8i[)»(Pi)]2} (A6)

i=1

where ||b||, = 1 for b defined in Eq. (11). Each V; is negative when
the dead zone size is chosen to satisfy

= 3

26, [L(P)]>

s el PR (A7)

A(Q)

The ratio A(P)A(Q;) is minimized with the particular choice
Q; =1 (Ref. 19). With this choice, Eq. (A7) reduces to

E; > 2e:[A(P)]? (A8)

Inside the dead zone, each V; = 0 because w; = 0. In summary,
each V; has the following properties:

1) Vi > E; > 0 and V; is continuous at the boundary of dead
zone. ]

2) Vi < 0 outside the dead zone; V; = 0 inside the dead zone.
This implies that |le; (¢)]l, and ||w;(¢) ||, are uniformly bounded.

For ¢&; = 0 (no NN2 approximation error), the corresponding
dead zone defined by Eq. (A8) shrinks to zero. The system equa-
tions (21) and (22) become

é; = Aje; +bw! B;(t, e, W) (A9)

w; = —yiel Pybg;(t, e, ), i=1,2,...,n (A10)
The origin (¢ = 0,w = 0) is an equilibrium point of the system

describedby Egs. (A9) and (A10). The Lyapunov functioncandidate

V= ZV—Z[

i=1 i=1

1
e + —w, w:| (A11)
2y,

has a time derivative V, which when evaluated along the solution
of Egs. (A9) and (A10) leads to

V:Zn:\Z:Zn:(—%eireJSO (A12)

i=1 i=1

Thus, from Egs. (A11) and (A12) the equilibriumstate of the system
described by Egs. (A9) and (A10) is uniformly stable (i.e., e, w €
L,). The basis functions 3; are bounded when the input commands
(x¢, X, ¥.) and w; are bounded, and it follows from Eq. (A9) that
é; € L,.Because

1 o0 OO.
—/ el.Te,-dtz—/ Vidr = Vi(ty) — Vi(o0) < 00

2 fo fo

i=1,2,...,n (Al3)
we have e; € L,, that is, e; is square integrable. Because ¢; € L,
and e; € L, N L, it can be shown from Barbalat’s lemma? that
e;(t) > 0ast — oo. Thus, for e = 0, the error system Eq. (21) is
asymptotically stable. d

Proof of Theorem 2: The proof follows a similar line to that used
in Ref. 11. For the ith channel, let the trajectory of Eq. (21) be on
the boundary of the dead zone at t = ¢; and t = ¢,, as shown in
Fig. 3. Then we have

V(1) = Ei+ (/20w 113 (Al4)
Vi(17) = B+ (/201113 (A15)

Let the error states be outside the dead zone for the open interval
(t1, t). If ||w; (t)ll2 is finite, the length of the interval (¢, t,) must
be finite because V; < —n; < 0 and

1
L=t < =——][wi(t)ll5 < oo (A16)

N iMi
Because V; < 0 outside the dead zone, the total time during which
adaptation takes place must be finite. Thus, the number of intervals
like (1, 1;) is finite or the sequence of the time interval durations
converges to zero so that the total adaptation time is finite. Further,
this implies that as t — 00, e;(t) lies inside the dead zone and
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w;(t) — a constant because from Eq. (22) ﬁf,- = 0 inside the dead
zone.
From V; < 0 outside the dead zone, it follows that

Vi(ty) = vi(r7) = 720 (19 ) 12 = 19:)12) <0 (A17)

Hence, the norm of the estimation error decreases a finite amount
every time the trajectory leaves and re-enters the dead zone. O
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