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Comparison of Intelligent, Adaptive,
and Nonlinear Flight Control Laws

Marc L. Steinberg”
Naval Air Systems Command, Patuxent River, Maryland 20670

Seven different nonlinear control laws for multiaxis control of a high-performance aircraft are compared in
simulation. The control law approaches are fuzzy logic control, backstepping adaptive control, neural network
augmented control, variable structure control, and indirect adaptive versions of model predictive control and
dynamic inversion. In addition,a more conventional scheduled dynamic inversion control law is used as a baseline.
In some of the cases, a stochastic genetic algorithm was used to optimize fixed parameters during design. The
control laws are demonstrated on a six-degree-of-freedom simulation with nonlinear aerodynamic and engine
models, actuator models with position and rate saturations, and turbulence. Simulation results include a variety
of single- and multiple-axis maneuvers in normal operation and with failures or damage. The specific failure and
damage cases that are examined include single and multiple lost surfaces, actuator hardovers, and an oscillating
stabilator case. There are also substantial differences between the control law design and simulation models, which
are used to demonstrate some robustness aspects of the different control laws.

Introduction

HE last decade has seen substantialadvancesin nonlinear con-

trol due to both theoretical achievements and the availability
of powerful computer hardware and user-friendly nonlinear simu-
lation software. Whereas nonlinear control approaches other than
gain scheduling have not been commonly used on aircraft, there
have been many research efforts that have produced simulation re-
sults. In a few noteworthy cases, nonlinear control algorithms have
been flown on test aircraft!? or used in limited ways on produc-
tion aircraft.} Despite all of this work, it can be difficult to judge
the relative value of different nonlinear control approaches for any
specific flight control problem. Even for a single vehicle, nonlinear
flight control laws may have widely varying performance depend-
ing on the class of inputs and the desired flight envelope. Nonlinear
controllers have been known to demonstrate spectacular results on
simplified aircraft models, but then display pathological responses
when applied to higher fidelity simulation models. Actuator non-
linearities have been a significant problem because many nonlinear
control approaches tend to generate large effector commands or
rates and have poor performance when effectors become saturated.
Even without actuator saturations, the issue of control power re-
quirements is of importance for the acceptance of nonlinear flight
control. Given the penalties involved with increasing control power
or rate requirements on new aircraft designs, there is some reluc-
tance to use any control law where it is not reasonably clear that
every bit of effector command serves a useful and well-understood
purpose. Other key areas of concern with nonlinear control laws in-
clude the ease with which designs can be tuned to incorporate pilot
feedback, configurationchanges, and so on, and the ease with which
designs can be analyzed and validated for safety of flight.

The purpose of the work described in this paper is to compare
seven different nonlinear control approacheson an aircraft problem
with some of the complexities of a real flight control law design. A
scheduled dynamic inversion (DI) controller was used as a baseline
becauseitis arelatively mature techniquethat has been successfully
used on the X-36 and demonstrated on a wide variety of complex
nonlinear aircraft simulations, such as the F-18 High-Alpha Re-
search Vehicle,* an advanced tailless fighter configuration and the
F-117 (Ref. 6). DI also is very closely related to most of the other
controllersin this paper. The basic conceptbehind DI is to cancel out
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the aircraft’s natural dynamics so that it will follow desired dynam-
ics inserted by a designer. A DI control law is shown in Fig. 1. The
command generator outputs desired values of the controlled vari-
ables. The outputs of the command generator are combined with the
sensed values of the controlled variables to create desired dynamics
for the aircraft to follow. The desired dynamics take into account
tracking error and integrated error to give the control law some ro-
bustness to uncertainty. The next step is the DI block, which inverts
a state-spacemodel of the aircraftto choose actuatorcommands that
will make the aircraft follow the desired dynamics. The state-space
model has parameters that vary across the envelope and need to be
updated based on flight condition. Ideally, this control law should
make the aircraft behave like an integrator so that it tracks the de-
sired dynamics precisely. In reality, control power limitations and
modelingerror preventthis from happening perfectly,and so control
allocation and an integrator antiwindup approach have to be used
to determine acceptable actuator commands and to keep integrated
error from unrestrained growth when the aircraftcannot achieve the
desired performance.

One simple adaptive modification to a DI controlleris to replace
the parameter scheduling block of Fig. 1 with online parameter es-
timation. The indirect adaptive controller (IAC) uses the modified
sequential least squares (MSLS) approach to identify the major sta-
bility and control parameters. MSLS has been successfully flight
tested on an F-16 as part of the U.S. Air Force’s self-designing
control program' and demonstrated in nonlinear simulation on an
advanced tailless configuration’ and a vertical takeoff and landing
uninhabited air vehicle® Although this indirect adaptive approach
has many practical benefits, proving stability and convergence of
the total system is very challenging. An approach more focused on
theoretical proofs of total system stability and convergence is the
backstepping adaptive controller (BAC). The BAC also performs
online estimation of parameters in a DI framework, but does so
using parameter update laws chosen with a Lyapunov approach to
ensure the nominal system’s stability and convergenceto zero track-
ing error. Another potential benefit of the backsteppingapproach is
that actuator saturations can be dealt with to some extent without
violating the stability proof. However, like many stability-oriented
approaches, achieving acceptable transient properties can be diffi-
cult. Currently, there have been only a fairly limited number of flight
control simulation applications of this approach?-!°

Another modification of a DI controller that can be proven to be
stable with a Lyapunov approach s to include a nonlinear adaptive
termin the desired dynamicsblock of Fig. 1. This approachattempts
to compensateforuncertainty withoutexplicitlyidentifyingchanges
in the aircraft model. The neural network controller (NNC) and the
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Fig.1 DI controller.

variable structure controller (VSC) both adopt this approach. The
NNC uses a type of adaptive nonlinearity very loosely related to the
parallel distributed way the brain processes and stores information.
This approach has been flight tested under a joint U.S. Navy, U.S.
Air Force, and NASA program on the X-36 (Ref. 2) and applied
to several different aircraft simulation models, such as advanced
tailless configuration!! and the XV-15 (Ref. 12). Alternatively, the
VSC uses an approximationof a discontinuousnonlinearity that has
been proven to have considerable robustness properties in theory.
This approach has been demonstrated for flight controlon numerous
simulation models, such as an F-14 (Ref. 13), an AV-8B (Ref. 14),
and a tailless aircraft configuration.!> However, most of this work
has used either linear or fairly simple nonlinear models.

A sixth controller, the model predictive controller (MPC) is re-
lated to DI, but provides lead action by calculating a sequence of
commands that optimizes a quadratic cost function over a shorttime
interval. When the optimization problem is solved using sequential
quadraticprogramming (SQP), it is also possibleto directly incorpo-
rate a variety of useful state and control constraints at a cost of much
greater controller computational complexity. The MPC controller
used in this paper is also another indirect adaptive controller that
uses MSLS parameter estimation for adaptation. Predictive control
is an approach that has been very successful in the process control
industry and has been demonstrated for flight control in numerous
simulation studies, such as a nonlinear F-16 simulation,'® a simple
nonlinear aircraft model,!” and an agile interceptor missile.'®

The final controller is the only one that does not explicitly use
a model of the plant and is quite different from DI. Fuzzy logic
is a machine intelligence approach in which desired behavior can
be specified in rules, such as “if roll error is large and roll rate is
medium then aileron positionis large.” This allows incorporationof
complex nonlinear strategies based on pilot or engineerintelligence
within the control law. Although the fuzzy logic controlleris a non-
adaptivecontroller,the use of pilot strategies can allow considerable
ability to respond to failures. However, because of the use of highly
nonlinearheuristic strategies, it can be very difficult to analyze fuzzy
logic controllaws. Fuzzy logicis currently used on the E-6 A aircraft
in a limited way® and has been demonstrated in simulation for an
F-18 automatic carrier landing system,'®?° and inner-loop control
of aircraft.2!-?2

Because of the difficulty of choosing values for the fixed parame-
ters in some of the preceding controllaws, a geneticalgorithm (GA)
was used during the control law design process for all of the con-
trollers except for the baseline DI and the neural network control
laws. GAs are global search algorithmsbased on Darwin’s theory of
natural selection and a simple model of genetics. The main advan-
tages of using GA are that they do not get trapped in local minima,
and they can use any cost function that can be computed in a reason-
able amount of time. The primary disadvantages are that they take
considerable computational time, there is no guarantee that they
will find an optimal solution, and that there are not currently good
stopping rules. GAs have been applied in research to a number of
flight control optimization problems, such as design of nonlinear
guidance and control laws,?* H-infinity control laws,** and fuzzy
logic control laws.?! The particular GA that is used in this paper
is a stochastic GA® that divides the search into a local and global
phase.

Note that this paper is not meant to pick winners and losers, but
only to provide empirical data to show some potential strengths and

weaknesses of each approach on a problem with some aspects of
the complexity of a real aircraft design. All of the control laws ex-
amined display features that might make them a good choice for
certain types of design problems. There are also numerous varia-
tions of each approach that could not be tried within the scope of
this effort that might yield better results. Furthermore, changes in
the design problem or rating criteria could certainly yield different
answers in the relative performance of each controller. For example,
theuse of alineardesired performance model may penalizethe fuzzy
logic or MPC, which have been demonstrated elsewhere to be par-
ticularly good with certain types of nonlinear performance criteria.
Alternatively, the fixed controllers may have a disadvantage com-
pared to the adaptive controllers due to the lack of any supervisory
control like a pilot (though it is also possible a pilot might interact
more unpredictably given the potential for pilot-vehicle coupling
with some of these approaches).

Design Problem

The design problemexaminedin this paperincludesthe following
elements:

1) Track a linear desired performance model for different types of
single- and multiple-axis maneuvers. The controlled variables are
roll angle, angle of attack, and sideslip angle.

2) Achieve this performance despite fairly restrictive actuator
position and rate saturations. The control allocation technique was
a simple ganging of ailerons, rudders, and stabilators into three
pseudoeffectors. As a result, the controllers have to deal with much
less control power than would be available with a more sophisticated
control allocation approach. An additional complexity is that the
saturationrates are substantiallydifferent for the differentactuators.
Ailerons, for example, are more than twice as fast as stabilators.

3) Minimize control effector usage. It is typical in many research
papers to use the maximum capability of an existing aircraft. How-
ever, for a new aircraft design, reduced control power requirements
translate into lower penalties in areas such as weight and drag.

4) Demonstrate robustness to uncertainty in stability and control
parameters and in the structure of the aircraft model. Those ap-
proaches that were model based used a simplified nonlinear model
described in the third section. Approaches that use a priori values
of stability and control parameters also had to deal with substantial
parametric error.

5) Maintain stability and restore maximum tracking capability
following single actuator hardover and oscillating failure cases and
single or multiple control surface damage cases. The oscillating fail-
ure is similar to one caused by a detached linear variable differential
transducer package. The damage cases were simulated by negating
the effect of the control surface on the force and moment buildups
in the model.

The aircraft simulation that was used to generate all results in
this paperis a high-performanceaircraft based on the F-18 with two
engines, two stabilators,two ailerons,two rudders,two leading-edge
flaps, and two trailing-edge flaps. The simulation uses the standard
equations of motion and kinematic relations found in a variety of
standard references:

= (FXA +FXT)/m—gsin®+rv—qw
V= (FyA +FyT)/m+gcos®sin<I>+pw—ru
w = (FZA +FZT)/m+gcos®cos<I>+qu—pv

p(Ixxlzz = 13,) = Lzzlla +1r — qr(lzz — Iyy) + qplxz]
+ Ixz[n, +nr +qpUxx — Iyy) — qrixz]

G(Iyy) =my +mp + r* — Pz)(lxz) + pr(lzz — Ixx)

';(IXXIZZ - 1;2<z) = Ixyx[na +nr +qpUxx — Iyy) —qrixy]
+Ixzlle +1r —qr(lzz — Iyy) + qplxz]

P=®— Usin®, 0 =0Ocos® + WcosOsind

R =Wcos®cosd — Osind
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The components of the aerodynamic forces (Fx 4, Fya, and Fz4)
and moments (I4, m,, and n,) are calculated from table lookups.
Gross thrust T is calculated from the following equation:

T =[1+aa+aad®|Fr(h, M, Pip)[kPix + c]

where a,, a,, ¢, and k are constants; F; is calculated from a table
lookup; and Py is lagged throttle position. The throttle model is a
first-order linear system with a variable time constant and variable
rate limit based on the value of P . The actuatormodels are second-
order linear systems (except for stabilators, which are fourth order)
with rate and position limits.

Controller Descriptions

For purposes of design, the full simulation model would yield a
control law that was far too complex to be practically implemented
for some of the model-based approaches. As a result, the following
design model was used:

R ™ R R

Some of the key simplifications made in this model are constant
velocity (a separate autothrottle will attempt to maintain this in
the full simulation model), no lift and drag effects of the control
surfaces, and none of the higher-frequency dynamics, for example,
actuators. Also, the stabilators, ailerons, and rudders will only be
used collectively, and the effects of flaps, which are scheduled with
Mach and angle of attack, are ignored. Note again that this model
is only used for controller design, and the full nonlinear simulation
will be used to generate all results in this paper for GA optimization
and for final tuning of all of the control laws.
The design model can be put in the form

y=®x) + P )w, + Bx))w
w = 1Py(x) + Y1 (xX)wy + D(w,)u
N =qox) +q(x)w +g:(w,)u

wherey is a vector of the outputs that will be controlled;w, w,, and
w, are vectors of parameters that vary over the flight envelope; x is
the state vector; x; is a subset of the state vector; u is the vector of
control effector commands; and

y=(¢.a B,

x=(p,q,ra,pB,¢,0),

w=(p.q.n", n=20
x; = (a, B,¢,0), W = (Zoc»yﬁ)T
Wy = (lﬁ»lp»lq»lr»lﬁoﬁlromr;lomr;lq»md»nﬁ»nr»np»npa»nq)j-

— > T
Wy, = (léa» lée» lér» Mo, Mgy Nses nér)

Note again that this form is used only for initial design purposes.
The full equations of motion of the preceding section will be used
for simulation and final tuning of the control laws. An error will be
defined as

€=y —J

where y. is the output of a command generator that is a linear, sta-
ble third-order system. Finally, all of the controllers were designed
assuming an update rate of 100 Hz.

DI

The DI controllerhad separate inner- and outer-loop controllaws.
The outer loop used desired values of w as virtual effectors to track
the commanded values of the outputs. The virtual effector com-
mands were calculated by inverting the design model

wg = By — [Po(x)) + P x)wi]}
Because it is possible that a commanded w, will far exceed the
capabilitiesof the aircraft, limits were set on w, that vary with flight

condition. When the commanded values of w, did not exceed the
limits, the desired dynamics were

Ya =Y.+ Kpi,e + Kpy, /8

where Kp, and Kp;, are positive diagonal gain matrices. When the
w, limits were exceeded, a control allocation approach was used

lﬁﬂ + qu + lrr + (lﬁaﬂ + lrocr)Aa + lpp - ilqr
myAa + mgq + i, pr —mg pB +mg(go/V)(cos cosp — cosby) 0 0

qcos¢ —rsinf

ngB+n,r +n,p+ny,pAa —izpq+n,q ns, ng 0 84

= q— pB+ 2o A+ (80/V)(cosB cosp — cosby) +

YgB + p(sinag + Aa) — 7 cosa + (go/ V) cos 6 sin¢g
p +¢gtan6 sing + r tanb cos ¢

to calculate the output of the control law, and integrator windup
protection modified the preceding desired dynamics equation fol-
lowing the approachof Ref. 4. The inner-loop DI control law works
similarly to the outer loop to track w, with control limits based on
actuator position and rate limits. The control parameter vector w,,
was scheduled during maneuvering using a coarse linear interpola-
tion based on Mach number, angle of attack, and dynamic pressure.
Scheduling of the stability parameter vectors w; and w, was done
only for the trim condition at the beginning of a maneuver and was
then kept fixed. As a result, the DI control law was required to
have considerablerobustness to parametric errors because the flight
condition could change substantially during some maneuvers. Fol-
lowing detection of actuator hardover failures, the relevant control
effectiveness parameters were updated, and the w, limits were set
at a lower degraded setting. For other failure cases, the DI control
law was not modified because it was assumed that the system has
no knowledge of the failure.

Overall, the DI controller was relatively easy to design. The pri-
mary fixed parametersall had arelativelyclearrelationshipto the air-
craft’s performance. The integrator antiwindup protection required
some trial-and-error tuning, but this was not prohibitive. Further-
more, the performance of the system could be easily understood
using fairly conventional analysis tools.

IAC

An indirect adaptive version of the preceding DI controller was
created by replacing the parameter scheduling block of Fig. 1 with
online parameter estimation. Parameter estimation was only used as
part of the inner-loop DI controller to identify the 21 parameters in
the vectors w, and w,,, as well as additional terms in the control vec-
tor to deal with damage and failure conditions.Parameter estimation
was not used with the outer loop because the most important varying
parameters have a limited effect and are very hard to estimate. The
parameter identification approachused was MSLS. MSLS attempts
to optimize a cost function that includes both the more conventional
predicted squared error of the estimate over a weighted window of
data and a term that penalizes the estimate for deviations from a
constraint of the form

k=M6
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where 6 is a vector of parameter estimates, M is a positive weight-
ing matrix, and k is a matrix of constraints. The constraints penalize
the estimate for large deviations from a weighted blending of earlier
and a priori estimates of the parameters. Finding good values for
the weighting of these constraints along with the forgetting factor
required considerable trial-and-errorexperimentation. For that rea-
son, the stochastic GA was used for initial determination of these
fixed parameters.

BAC

The BAC is essentially another adaptive variant of the DI control
law that attempts to estimate parameters online. However, unlike
the IAC, the parameter update laws were not chosen to minimize
the predicted error of the estimate. Instead, the parameter update
laws were chosen using a Lyapunov approach to ensure system
stability and convergence to zero tracking error. The BAC uses the
approach of Ref. 9 exactly, except for the addition of a projection
algorithmto keep the parameterestimates withinreasonablebounds.
The parameter update laws are as follows:

W= f.L7(®7s + vl @), Wy = f.Ly' Yl &

Wy = fL;'WIG

where L, L,, and L; are all positive-definite diagonal matrices; @
is the difference between the desired and actual values of w; and the
V¥, and ¥, matricesare functionsof the states and effectorpositions.
Also, f. is a positive scalar function with bounded derivatives that
normally equals 1, but can be decreased to reduce the growth of
integrated error and rate of change of parameters when the actuators
are approaching saturation. As describedin Ref. 9, f. was made up
of two components. The first was a fuzzy logic component and the
second was a third-order linear stable system, chosen such that the
derivative of f. meets requirements for system stability.

The connectionbetween fixed parametersand aircraftresponsein
this control law is very complex, although partially understandable
with effort. As a result, the fixed parameters in the control law
were initially chosen using a stochastic GA. Following this, much
simulation and tuning of the parameters was still necessary to get
acceptable performance throughout the flight envelope.

NNC

The NNC is another modification of a DI controller based on the
approach of Refs. 11 and 12. The neural network is placed in the
desired dynamics block of Fig. 1 so that

Ya =Y + Kpi, e + wnns

where wyy is a matrix of neural network weights and ¢ is a vector
of the neural network basis functions. The neural network had 172
basis functions,and its inputs were aircraft states and the past output
of the desired dynamics block. Adaptation of weights in the neural
network was done using a slightly modified form of

Wy = —y(es + nlelwnw)

where y and n are positive constants. The first term is derived from
a Lyapunov stability approach, and the second term ensures the
boundedness of the neural network weights. Choosing acceptable
values for the fixed parameters in the neural network required con-
siderable trial-and-errorexperimentation across the flight envelope
because the parameters can effect the aircraft’s behaviorin compli-
cated ways.

vSC

Basic VSCs use a discontinuous control law to compensate for
uncertainty.In theory, thisapproachhas impressiverobustness prop-
erties. In reality, the discontinuity can create oscillations due to im-
perfect sensors and actuators. As a result, practical VSC designs
often use a continuous approximationof the discontinuity around a
boundary region, such as

] efs if
sat(e) = <sign(e) if

& > abs(e)
& < abs(e)

where ¢ is a positive scalar value. This term was added to the desired
dynamics block in Fig. 1 so that the desired dynamics were

yd = yc + K[)]Pe + KVSC sat(s)

where Kysc is an adaptive gain. An adaptive gain is used because

choosing values of Kygc and ¢ to ensure stability despite the worst-
case uncertainty can lead to a very high gain controller. Adaptation
of Kysc was done using a supervisory set of fuzzy logic rules that
includesactuatorusage similar to the approachof Ref. 9. The choice
of fixed parametersin this controllaw was fairly challengingbecause
the parameters can affect the system response in unpredictableways
for different inputs and flight conditions. In particular, trying to
choose parameters to get good performance robustness was very
difficult.

MPC

The basic concept behind MPC:s is to choose a sequence of con-
trol commands that optimize a quadratic cost function over a finite
period of time. At each time step, only the first control value of the
sequence is used. At the next time step, a new optimal sequence
is computed. By solving this optimization problem using SQP, it
is possible to incorporate directly a variety of constraints, such as
actuator position and rate limits. To keep the optimization problem
readily solvable, the nonlinear aircraft model was linearized around
the current operating point during each control calculation. There
are a variety of adaptive approaches that can be used with MPC.
Because of time constraints, it was decided to create an indirect
adaptive version using the MSLS parameter estimation approach
described earlier. Also, MPC was only used to replace the outer
loop of the DI controllerdue to convergence problems with the con-
strained MPC approachin situations when the aircraft was unstable.
The fixed parameters in this control law all have a somewhat un-
derstandable effect on system performance individually. However,
the effect of modifying multiple parameters was not always clear,
particularly for cases of constrained optimization. As a result, the
stochastic GA was used to determine initial parameter values.

Fuzzy Logic Controller (FLC)

Fuzzy logic control is a machine intelligence approach that can
be used to incorporate aspects of pilot intelligence with more con-
ventionalcontrolapproaches.This can, to a limited extent,duplicate
some of the ways a pilot might respond to an aircraft that was not
behavingasexpecteddue todamageor failures. The fuzzy logiccon-
troller (FLC) used in this paper was based on the control rule bases
of the automatic carrier landing system of Refs. 19 and 20. There
were three rule bases that control roll, angle of attack, and sideslip.
Separate rule bases were necessary because FLCs can become very
unmanageable if there are more than a few important inputs. The
main inputs were error, derivative of error, and integrated error of
the controlled variable. The rules that use these inputs make up the
majority of the rules and are used essentially to create a nonlinear
response with low damping for large errors and high damping for
small errors. In addition, a small number of rules used some aircraft
states and past commands. These rules were designed to deal with
extreme damage or failure cases and are of the form “if the aircraftis
doing something substantiallydifferentfrom what was commanded,
then perform this compensation.” The membership functions were
Gaussian to allow smooth transition between rules. Initial values
of the membership functions were determined using the stochastic
GA, although much further tuning was required. Each rule base had
between 40-55 rules and outputted commands of decoupled pseu-
docontrols. The outputs were multiplied by the inverse of the control
matrix to distribute commands among the three control pseudoef-
fectors. Further scheduling was done by scaling the inputs to the
rule bases using the control effectiveness at each point of the en-
velope. For hardover failures, a pseudoinverseis used to reallocate
the commands following loss of the actuator. For other failures, no
changes are made.

Results

Given the large number of controllers, and the literally thousands
of maneuvers that were done with each controller, it was extremely
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Fig.4 Averageabsoluteactuator position for no-failure cases (degrees).

difficult to reduce the data into a meaningful form that could fit into
a short paper. The following graphs show average absolute error
over a 15-s time window for a set of maneuvers at four flight con-
ditions. The flight conditions are 0.9M, 10,000-ft altitude; 0.8M,
20,000 ft; 0.7M, 30,000 ft; and 0.6 M , 40,000 ft. The maneuvers are
4-s single- and multiple-axis pulses and triangular doublets from
a trim condition. The graphs are divided between small, medium,
and large maneuvers. The three sizes of roll maneuvers were 5,
60, and 180 deg across the envelope. The three sizes of angle-
of-attack maneuvers varied throughout the envelope and included
small and medium negative maneuvers as well. At low dynamic
pressure they were —15, —5, 5, 15, and 30 deg from trim. At high
dynamic pressure, the alpha maneuvers were —2, —1, 1, 2, and
5 deg from trim. This adds up to a total of 26 maneuvers per flight
condition.

Figures 2 and 3 show the average absolute error for medium
and large single- and multiaxis maneuvers with no failures. The
controllersall have somewhat comparable performance for medium
maneuvers,exceptfor the FLC and VSC, whichdonoticeably worse.
The larger error by the FLC is due to a large extent to its slower
convergenceto zero steady-stateerror. This was necessary to provide
the robustness to deal with failure cases. To a lesser extent, the
BAC also has more error. For large maneuvers, FLC does relatively
better, and only the VSC has substantially higher error than the
rest. The best result for large maneuvers is the MPC. The MPC did
particularlywell onlarge multiaxismaneuvers.Figures4 and 5 show
average absolute actuator position and rate for the preceding set of
maneuvers. There were sometimes substantial increases in actuator
usage over the DI controller by some of the nonlinear controllers,
particularly the FLC, MPC, BAC, and VSC.
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Fig. 5 Average absolute actuator rate for no-failure cases (degrees).
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Fig.6 Average absolute error for damaged surfaces and medium com-
mands (degrees).
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Fig. 7 Average absolute error for hardover surfaces and small com-
mands (degrees).
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Fig.8 Average absolute error for hardover surfaces and medium com-
mands (degrees).

Figure 6 shows average absolute error for damaged control sur-
faces on the same set of medium maneuvers. The specific failure
cases are 100% lost stabilator, rudder, aileron, and a combination
of rudder and stabilator (which might reasonably be lost together
because they are located in close physical proximity). All failures
were implemented at 1.5 s into the maneuver. The main direct and
indirect adaptive approaches of MPC, IAC, NNC, and BAC do the
best, with the other approaches having substantially larger error.
The NNC has the lowest error followed closely by the MPC. The
DI control law does the worst. This is due primarily to a few cases
with much worse error, rather than the DI having consistently poorer
performance on all maneuvers and failure cases.

Figures7 and 8 show averageabsoluteerror for small and medium
maneuvers with aileron, rudder, and stabilator hardover failures.
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Fig. 9 Number of large-error cases for medium-sized maneuvers and
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Fig.11 Average absolute error for oscillating stab failure and medium
commands (degrees).

For small maneuvers, the MPC leads, followed fairly closely by the
BAC and the IAC. The NNC does poorly in roll error with stabilator
and rudder failures, but does as well in the other axes and cases.
The DI controller has the largest error, with the other approaches
falling somewhere in between. For medium maneuvers, the MPC
again does the best, followed by the FLC and the VSC, which both
demonstrate admirable ability not to depart. The approaches other
than DI fall closely behind. Again poor performance by DI is due
to some specific cases more than generally poor results. Figure 9
shows the number of maneuvers where average absolute roll error
was greaterthan20 degor average absolutealphaor beta was greater
than 10 deg for just medium pulse maneuvers at high, medium, and
low dynamic pressure. DI has the largest number of maneuvers
with large errors. Most of the other control laws have problems with
stabilator and rudder failures at low dynamic pressure. The VSC
does best at this condition, but has more problems at other flight
conditions.

Figures 10 and 11 show the average absolute error for small and
mediummaneuvers with an oscillatingstabilatorfailure.In this case,
the least adaptive controllers FLC and VSC do the best, followed
closely by the direct adaptive NNC and BAC. The indirect adaptive
approaches do not do as well because they have convergence diffi-
culties in this case. Figure 12 shows the number of large error cases
for medium-sized pulse maneuvers with this failure.

In addition to the general robustnessdemonstratedin the full sim-
ulation, some results were generated for robustness to specific types
of uncertainty. For these tests, a perfect model of the aircraft was
used as a starting point. One test was for robustness to parameter
variations using Monte Carlo analyses. For this test, 200 runs were
done at each of the 4 flight conditions. Parameter variations were
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Fig.12 Number of large-error cases for medium-sized maneuvers and
oscillating failures.
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Fig.13 Mean values of time-domain statistics for Monte Carlo analy-
sis.

determined using a zero mean normally distributed random num-
ber generator with a standard deviation of 50% of the value of the
stability and control parameters. Figure 13 shows the mean values
for 10-90% rise time, settling time to 5%, and percent overshootof
180-deg roll steps. The desired model has valuesof 2 s, 3 s, and 0%,
respectively. Note that it may not seem to make much sense to test
adaptive control laws this way but that all of the control laws used
some knowledge of parametersin the design process and most used
a priori values of parameters explicitly in the control law. As can
be seen, all of the controllers did fairly well. The largest variations
were for the DI controller followed by the VSC controller.

Conclusions

Seven different nonlinear controllers were applied to a complex
aircraftdesign problem. Each of the controllers demonstrated some
ability to achieve the design criteria. The baseline DI controller
was fairly robust, and it was quite challenging to develop other
approachesthat could consistentlyimprove on its performance. Be-
cause the other controllers were all more complex computationally,
more labor intensive to design, and would probably require new ap-
proaches for validation, this raises questions about the value of the
nonlinearapproachesfor fairly stable,conventionalaircraft. Further-
more the adaptive and intelligent approaches also required ad hoc
modifications to work best, such as gain scheduling of fixed param-
eters, which increased the complexity of the designs. Nonetheless,
there were some cases where the nonlinear approaches greatly out-
performed the baseline DI controller. In damage/failure cases where
excess control power was highly limited, the approaches that used
explicit identification of parameters tended to do the best, particu-
larly MPC due to its ability to optimize with nonlinear constraints.
MPC also demonstrated excellent performance for large multiaxis
maneuvers without any failures or damage. However, MPC also re-
quired over an order of magnitude more processing power than the
other six controllers did and tended to command relatively large
actuator position and rates. It also was a more difficult approach to
design than the DI-based approaches. For cases where faster adap-
tation was needed or control power limits were less important, the
direct adaptive neural network and backstepping approaches did
very well. These were the only approaches that often converged
in less than 1 s. The neural network approach also did extremely
well in the nominal case because it had the least negative impact on
the system when no large errors requiring adaptation were present.
In contrast, the backstepping approach often had somewhat prob-
lematic performance, even without failures. The fuzzy logic control
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system had remarkably stable performance in damage and failure
scenarios for a fixed controller, though it was rarely the best per-
former due to its slow convergence to zero steady-state error. The
variable structure control law demonstrated some ability to remain
stablein cases where other controllershad much more difficulty, but
was the most likely to have problematic performance for a variety
of different cases across the envelope.
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