JOURNAL OF GUIDANCE, CONTROL, AND DYNAMICS
Vol. 23, No. 5, September-October 2000

Adaptive Autopilot Design for Guided Munitions
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Traditional autopilot design for guided munitions requires an accurate aerodynamic model and relies on a gain
schedule to account for system nonlinearities. This paper presents an approach that simplifies the autopilot design
process by combining an inverting controller designed at a single flight condition with an on-line neural network to
account for errors that arise because of the approximate inversion. This eliminates the need for an extensive design
process and also the requirement for accurate aerodynamic data, which can be especially critical at high angles of
attack or in other regimes at which the aerodynamics become highly nonlinear. The choice of the inversion process
itself has been found to be critical in the implementation and is therefore discussed at length. Finally, results from
an application of this approach to a full nonlinear six-degree-of-freedom guided munition simulationare presented.

Introduction

ONTINUALLY decreasing defense budgets have forced the

armed forces to seek more performance at lower costs. This
has especiallybeen true for guided munitions. An added complexity
for these weapons is the need for modularity so that variants can be
created by combining various components around the same body.
Thus the ideal controllerfor these guided munitions would be ableto
handle several different configurations without compromising per-
formance.Meetingtheserequirementscan be extremely challenging
because designing either classical or optimal controllers for an en-
tire family of vehicles requires both wind-tunnel testing and gain
scheduling,both of which in turn increase cost dramatically. Finally,
these munitions often maneuver through flight regimes character-
ized by highly nonlinear aerodynamics (such as high angle of at-
tack), which make the dynamics and the control effectivenesshighly
nonlinear.

One approach to autopilot design that achieves the effect of gain
schedulingis the use of dynamic model inversion.!~* This approach
transforms the nonlinear system to a linear time invariant form. The
transformation is then inverted to obtain a nonlinear control law.
However, this approach does not eliminate the need for an accurate
aerodynamic database. In this paper we consider the addition of an
adaptive element to the linearizing controller. Research has shown
that on-line neural networks are well suited to cancel inversion er-
rors in such controllers > The network weight update law ensures
boundedness of both tracking error and network weights.

Anotherdrawback to dynamic model inversionis thatit cannotbe
applied directly to nonminimum phase plants. The transfer function
from control surface to acceleration (at the center of gravity) is
always nonminimum phase for tail-mounted surfaces. Reference 1
presents an approach to directly invert nonminimum phase systems
by simply ignoring the nonminimum phase characteristic of the
plant. However, this approach s restricted to plants that are slightly
nonminimum phase, a condition that is difficult to quantify. An
alternate approach that is applicableto strongly nonminimum phase
systems is presented in Ref. 2, when the system possesses a flat
output that can be used to control the tracking output indirectly.
Neither of these methods allows for explicit inclusion of a rate-
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damping loop, which is common in traditional missile-autopilot
design.

Reference 3 describes an indirect approach that avoids the non-
minimum phase problem by first designing an inverting controller
for a transfer function that is minimum phase and then adding a
classically designed outer loop around it. The nonminimum phase
zero will still appearin the outer loop part of the design, but will not
interfere with the inverting part of the design. For the longitudinal
and directional dynamics this could be done by using pitch and yaw
rates respectively for the inner loop and implementing an acceler-
ation commanded outer loop to map from an acceleration error to
rate command to the inner loop. A problem with this approach is
that the transfer function from control surface deflection to body
rate has a zero very close to the origin, the effect of which is to
produce a very slow mode when the inversion is inexact. This slow
mode can make it difficult to meet design criteria such as rise time
and settling time. Reference 3 also noted that this approach can be
sensitive to parameter error.

A second possibility is to control the aerodynamic angles (a
and f) in the inner loop. This approach, discussed extensively in
Ref. 3, avoids the problem of a slow mode in rate design, but re-
sults in a zero far in the left-half plane instead. As a result, there are
rapid transients in the control response. Moreover, this approach
was later found to be sensitive to time delays.* This characteris-
tic can be especially problematic in systems that have inherently
slow dynamics such as munitions. Because both of the preceding
schemes are hampered by zero locations in their respective transfer
functions,Ref. 4 uses an alternativeapproachcalled output redefini-
tion for plantinversion of a tail-controlled missile. In this approach,
originally proposed in Ref. 7, the inner-loop variable is defined as
a linear combination of the state variables. This allows the designer
to place the zero of the associated transfer function at a desirable
location. Thus, for example, a combination of both angle of attack
and pitch rate could be used to define the commanded inner-loop
variable.

In this paper we first make use of output redefinition to design an
autopilot for a guided munition based on feedback inversion. The
inverting controlleris then augmented with a neural network so that
the final design can adapt to parametric uncertainty in the inversion
process. The paper begins with a summary of the neural-network-
based adaptive control approach and follows with the details of the
output redefinition approach to inversion. These are then combined
to address the guided munition application. Finally, numerical sim-
ulation results are presented.

Neural-Network Augmented Dynamic Inversion

This sectionbriefly reviews the use of neuralnetworks to augment
feedback control design via dynamic inversion? Reference 5 treats
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the case of plant dynamics in second-orderform. In this application
it is more convenient to consider the dynamics in the first-order
form

X = f(x,6) )]

where x € R" is the state vector, § € R" is the control, and f(x,
8): R" X R"— R". This system may be recast in the form

X=u 2)
u= f(x,0) (3)

where u is termed the pseudocontrol Equation (3) represents a lin-
earizing transformation of the control. To implement the control,
the inverse f(x, 8) must be known and computed in real time. In
general, the mapping is only known approximately. Thus the system
is actually transformed into the following form:

X=u+A(x,u) 4)
where
A(x,u) = f(x,8) — f(x,0) 5)

InEgs. (4) and (5) A: R" X R* — R" representsthe inversion error,
and 6 = f~'(x, u) is the approximate inverse. Figure 1 illustrates
the approximate dynamic inversion process.

In the ideal case the inversionis exact, and a linear time-invariant
control theory can be used to design the pseudocontrol to satisfy
stability and performance objectives. If, however, the inversion is
based on an approximate model (e.g., a linear model at a single
flight condition), the inverting controller must be augmented by an
adaptive element to compensate for inversion error. In Ref. 5 this
is accomplished by augmenting the pseudocontrol with an adaptive
component in the following form:

wi(t) = up (1) + X, (1) = flaq, (1), i=12,...,n (6)
where i indicates each individual pseudocontrolinput channel, and
u,, (t) and i1,q, () are the linear (proportional) and adaptive control
contributions, respectively. The term X, represents the first time
derivative of the command input and is introduced by the proof of
stability.> This approach allows for the implementationof a separate
adaptive element in each state equation. Figure 2 gives the adaptive
inverting control architecture for a single channel. In general, all of
the states and all of the pseudocontrolsare potential inputs to each
neural network. The cross-fed pseudocontrol signals are depicted
asu_;.

Approximate Model Inversion

Nonlinear éyslem
Fig.1 Approximate model u . SE o % 1 X
inversion. f(x,u) 1 f(x,&)— 3 >
Alxu)
xi

Neural
Network

Fig.2 Adaptive control architecture.

—* s+l

NN

Fig.3 Pitch channel inner loop.

The network architecture used in Ref. 5 is linear in the weights
and can be represented in the following form:

N
g, = D 056,00 u) = W& @)

Jj=1

where W;; are scalar weights and the & are an N-dimensional set
of basis functions. For this form, the update law for the weights in
first-order form reduces to

V{A}i = —ri&e (8)
where y; > 0 is the learning rate and
€ =X — X )

To ensure boundedness of the weighting vector, a standard e-modi-
fication term was also incorporated as follows:

Vbi = —7i(&e; + nle; ;) (10)

where 1> 0 is the e-modification factor. An extension of this ap-
proach to networks with a hidden layer (networks that are nonlin-
early parameterized by their weights) may be found in Ref. 8.

Figure 2 shows that the network input #; depends on the current
network output. This induces a critical assumption on the existence
of a fixed-pointsolution for the output 4,4, in the stability proof. A
simple iterative scheme can be employed to compute the network
output when a stable fixed point exists. To ensure the existence of
a fixed point, the input u; is passed through a squashing function at
the input side of the network (see Fig. 3).

Output Redefinition

Reference 3 shows that dynamic inversion amounts to invert-
ing the open-loop transfer function from the control to the output
being controlled. Thus, nonminimum phase plants cannot be in-
verted. Difficulties are also encountered when the plant has zeros
located either near the imaginary axis or far in the left-hand plane.
In Ref. 4 a method called output redefinition is recommended for
non-minimum phase plants, which is briefly outlined next within
the setting of pitch autopilot design.

Considerthe linearizedlongitudinaldynamicsfor which the trans-
fer functions from effective elevator deflection to pitch rate g and
angle of attack a are given by

G, a(s) = % (1
and
_ Ku(s taq)
Gos(s) = —D(s) (12)

In Eqgs. (11) and (12) —a, and —a, are the zeros of their respective
transfer functions. A short-period approximation yields the follow-
ing expressions for K, a,, K,, and a, in terms of conventionally
defined stability and control derivatives in dimensional form.’

K, = Ms; K, = 751U

a, = (1/U)(M,ZsIMs — Z,) a, =UyMs/ Zs (13)
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The difficulty that arises in applying dynamic inversion to guided
munition is that a, = 0 and a,, > 1, largely because U, > 1.
Now redefine the output as

y=a+Cuq (14)

This yields the following transfer function:

Gys(s) = % (15)
The zero of this transfer function is located at —a,,, where
a, = (Kqa, + C,K,a,)/K, (16)
and
K, =K, +C,K, (17)
Solving for C, yields
c - Ko(aq —ay) (18)

o K, (ay —ay)

The objective in output redefinition is to select C, so that a, is
O(1). Because a, = 0 and a, > 1, it follows that a, — a, = a, and
a, —a, = a,. Thus C, can be reasonably approximated as

C, = Kpa,/Kya, = 1/a, (19)

A similar analysis of the yaw channel yields C, = —1/a, for z=
B + C,.r, where a, is the zero of the transfer function from rudder
deflection to the new output z. The difference in sign between the
longitudinaland directionalcontrolarises solely from a differencein
sign convention between longitudinal and directional axes. Output
redefinition was not used in the roll channel because the transfer
function from effective aileron deflection to roll rate does not have
any finite zeros.

Application to Guided Munitions

The objective in this section s to design a bank-to-turn autopilot
that tracks guidance commands consisting of z-body axis normal
acceleration (A, = —A,), zero y-body axis acceleration (A, =0)
androllrate (p.). The dynamic plantinversionis designedata single
flight condition, and the neural network is used to correct for error
as the vehicle moves away from this design point.

Longitudinal and Directional Control

The design in the longitudinal and directional axes is based on a
classical two-loop design. The outer loop is used to regulate accel-
eration and generates a command signal to the inner loop. Feedback
inversion with output redefinition is then applied in the inner loop.
The outer-loop portion is illustrated in Fig. 4.

Fig. 4 Outer-loop schematic for the longitudinal and directional
channels.
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Fig. 5 Idealized transfer function representation of the inner loop.

Only the design for the longitudinal axis is presented because the
design for the directional axis is essentially identical in form. The
linearized longitudinal equations are given by

Ug(éc—q)zzaa+ Zgé"'gz =Az (20)

G =M.a+ M,qg+ Msd 21)

where g, is the z-body axis component of the gravity vector. Dy-
namic inversion is based on the redefined output variable y. Dif-
ferentiating Eq. (14) and using Egs. (20) and (21) results in the
following approximate expression for the inverse:

_ {UO[uy —-q - Cq(Maa + qu)] - Zaa - gz}

e
(Zs + UyCyMs)

(22)

where u, is the correspondingpseudocontrol(desired rate of change
of y).

The architecture of the pitch-channel inner loop is in essence
identical to that givenin Fig. 2, exceptthat the command is filtered.
The filter time constant is used to regulate (in a model following
sense) the transient response of the inner loop. The filter also gen-
erates the command time derivative required by the neural-network
implementation. The resulting inner-loop architecture is given in
Fig. 3, with the function f~' given by Eq. (22). The gain k, is used
to regulate the error transient and is chosen sufficiently large to en-
sure that the error transient is fast compared to the time constant 7.
A reasonable choice is k, =3/ 7.

With the outer and inner loops defined, only the controller pa-
rameters (K ,, K;, C,, and 7) remain to be determined. This re-
quires examining the closed-loop dynamics under the assump-
tion that perfect model following is achieved in the inner loop or
that y(s) = yc(s)/(zs + 1). Thus, to close the outer loop (Fig. 4),
it is necessary to determine the transfer function from y(s) to
A, (s). A simple representation of this transfer function follows
if the following approximations are introduced: 1) Zs =0, and 2)
—1/Z,>C,/ Uy. Equation (20) is used to eliminate c(s) and g (s)
in Eq. (14). The block diagram in Fig. 5 summarizes this result.

From inspection of Figs. 4 and 5, the loop transfer function is
given by

G(s) = K,Z,(s + Ky) 23)
s(zs + 1)(Cys + 1)

This expression shows that the system has a zero at —K; and three
polesat 0, —1/7, and —1/ C,. There are several ways to approach
the design. For example, the choice K; = 1/ C, resultsin a pole-zero
cancellationin which both C, and K ; are known exactly. The outer-
loop proportional gain and the parameter 7 can then be selected by
specifying a natural frequency and damping ratio for the resulting
closed-loop system using the following relationships:

T =1/20w, (24)

K,=-C,0,/2¢Z, (25)

An important consequenceis that Z,, is the only aerodynamic coef-
ficient that appears explicitly in the design equations.

The most significant approximation in the preceding analysis is
the assumption that Z, =0. It is straightforward to show that the
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transfer function in Eq. (23) contains two additional zeros, corre-
sponding to the roots of

MsZy, + ZsD(s) =0 (26)
where
D(s) = s> = (Zo/ Uy + My)s — My + Z M,/ Uy (27)

For an accelerometerlocated at the c.g., Eq. (26) has two real zeros,
one of which is nonminimum phase. However, Ref. 10 shows that by
proper choice of the sensor location (or by appropriate modification
ofthe sensoroutputso thatitappearstobeataselectedlocationalong
the x-body axis) it is possible to place these neglected outer-loop
zeros arbitrarily distantfrom the origin. When the locationis chosen
so thatthe zeros of Eq. (26) bifurcateat o , the loop transfer function
may be very closely approximatedby Eq. (23), for values of Zs such
that

|ZoMsl ZsM | > 1 (28)

which is of order 10 for most aerodynamic configurations.

Roll Control
The roll-channel implementation is much simpler because the

Lo | transfer function from fin deflection to roll rate has no finite zeros.
Fig.7 Neural-network architecture. The block diagram for the roll channelis given in Fig. 6.
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Neural-Network Architecture

The final segment of this design is the neural-network architec-
ture. The network for each channel is implemented separately. The
lateral and directional channels both use the form diagrammed in
Fig. 7, whereas pitch rate, Mach number, and altitude are substi-
tuted for sideslip, roll, and yaw rates in the longitudinal channel.
The pitch-axis pseudocontrols are used as inputs to the lateral and
directional neural networks to allow for cross coupling during hard
pull-up maneuvers.

Simulation Results

A nonlinear, six-degree-of-freedom simulation of a tail-con-
trolled guided munition was used to study the performance of the
adaptiveautopilot. Boeing Phantom Works, St. Louis, MO, provided
the simulationmodel. A typical trajectory for this munition is a drop
from 30 kft with a target 40 kft downrange. Figure 8 presents the
limited commands from the guidance loop (Ltd Cmd) and system
response in all three axes. The commands are normal acceleration
(Az), roll rate (IMU_P), and lateral acceleration (Ay). The autopilot
provides acceptable command following across the flight envelope
without the benefit of gain scheduling and also compares well with
autopilots that are gain scheduled. Performance was specified in
terms of rise time, which was scheduled as a function of dynamic
pressure.

The adaptive term allows the inverting design to use a fixed set
of nondimensional aerodynamic coefficients. The case shown em-

20 T T T .

alpha {deg)

30
time (s)

Fig.9 Angle of attack (deg).

20 T T T T !

i
30 40 S50 [=1e]
time (s}

Fig. 10 Pitch rate (deg/s).

ploys coefficients that are purposefully in error even at the starting
condition. The simulation also includes phantom yaw effects (i.e.,
yaw disturbances that grow with angle of attack) and actuator dy-
namics. Phantom yaw effects produce the approximately 2.5-Hz
oscillationin the lateral accelerationat 7 s. Figures 9-12 present the
correspondingangle of attack (alpha), pitch rate IMU_Q), angle of
sideslip (beta), and yaw rate (IMU_R). Figures 13-15 present the
inner-loop tracking performance and selected network weights for
the pitch, roll, and yaw channels, respectively. Figure 16 shows the
time history of each of the three tail fins.

The linear-in-the-parameters neural network has some limita-
tions. During hard maneuvers, for instance, it is not able to com-
pletely parameterize the inversion error. Reference 8 describes an
adaptive law for a single hidden layer network, which permits a
nonlinear parameterization of the inversion error. Such networks
are better suited for highly nonlinear applications and would be a
better candidate in future applications of this approach.

Lo O L B B T
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] i i i i
25 10 20 30 a0 50 80
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Fig. 11 Angle of sideslip (deg).
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Fig.12 Yaw rate (deg/s).



842

035

CALISE, SHARMA, AND CORBAN

o
[

o

o
&

y command/ y feedback (rad)
(=]
I

Ps command / Ps feedback (rad/sec)

]
£
o
[
z £
2 o
b2 ]
[ 2
~- 3
; .4
10 20 30 40 50 60 05 o
time (s)
Fig. 13 Pitch inner-loop tracking and select network weights.

Ps command / Ps tesdback (rad/sec)

time {s)

Fig.15 Yaw inner-loop tracking and select network weights.

10—

Roll NN Weights

Fin Postition (deg)

LN E B B B B S S B S B s S S O L

N S I R R

:-——Firﬂ
= - Fin2
\|~— Fin3

-0'50 10 20 30 40 50
time ()
Fig. 14 Roll inner-loop tracking and select network weights.

30
time (s)
Fig.16 Tail-fin deflections.

40 50



CALISE, SHARMA, AND CORBAN 843

Conclusions

A neural-network-basedadaptive inverting controller design has
beendevelopedand evaluatedfora guidedmunitionapplication.The
design, which uses a single flight condition, resulted in acceptable
performance across the flight envelope without the benefit of gain
scheduling and illustrates the potential to reduce dependence on
wind-tunnel data. Although adaptive control can eliminate the need
for accurate aerodynamic data for new munition configurations, an
accurate simulation is needed to validate the design. Therefore, it
would be desirable to first demonstratethe approach for the existing
inventory of munitions, for which aerodynamic data sets already
exist. Such an effort is currently underway.
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