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An advanced flight control system developed for and demonstrated to compensate for unanticipated failures
in military aircraft is investigated for use in general aviation. This method uses inverse control to decouple the
flight controls and modify the handling qualities of the aircraft. The purpose of the system is to render a general
aviation aircraft easier to fly by decoupling its flight control system and making the aircraft handling more natural
to a nonpilot. Artificial neural networks are used to counteract the modeling errors in the inverse controller but,
more important, to adapt to unanticipated failures during flight, thus, allowing the pilot to continue to control the
aircraft safely. Because a decoupled flight control system is software based, it is a fly-by-wire system. For such a
system, it is difficult from a cost standpoint for general aviation to incorporate the level of redundancy required
in such flight control systems; therefore, the demonstration of this system’s capability to handle control system
failures is critical to future certification efforts. The system is verified with MATLAB® simulations for longitudinal
flight. In simulations, the control system is shown to be able to track pilot velocity and pitch angle and flight-path
angle commands. Simulations of changing configurations, payload, and partial control system failures have shown
that the controller does rapidly adapt to these changes without a need for a pilot response. A pilot-in-the-loop flight
simulator has verified the MATLAB simulations and ongoing work to flight test the control system on a Raytheon
Bonanza F33C fly-by-wire testbed is discussed.

Nomenclature Ve, 0c, Ve = commanded airspeed, pitch angle, and
Cp,, = change in drag coefficient with elevator flight-path angle
¢ deflection V, or Vie total aircraft airspeed
C.,Cn,Cp = lift, pitching moment, and drag coefficients o p = aircraft angle of attack and sideslip
Cr, = change in lift coefficient with elevator Y = aircraft flight-path angle .
‘ deflection Sus e, O = aileron, elevator, and rudder deflections
Ch, change in pitching moment coefficient with ér. dr = aﬁgle and moment arm of the thrust force
angle of attack v, 0, aircraft heading, pitch, and roll angles
Cng, change in pitching moment coefficient with
elevator deflection .
Cr,, change in thrust coefficient with throttle L. Introduction
¢, b aircraft reference chord length and wing span DVANCES in modern fight control design provide the means
Fa, Fa,, Fy4 aerodynamic forces in forward, side, and to design an operationally simplified control system that allows
' vertical directions a general aviation aircraft to be flown safely with a lower level of pi-
Liw, Ly, 12, 1, aircraft mass moment of inertias loting skills. This can increase aviation safety and make personal air
L, M, aircraft rolling, pitching, and yawing transport available to a larger group of people who are not aviation
moments enthusiasts. NASA’s Small Aircraft Transportation System (SATS)
m = mass of the aircraft Program aims to provide reliable personal air travel for a wider au-
P,0O,R roll, pitch, and yaw aircraft angular velocities dience, with the objective of a flight control system that provides a
q dynamic pressure reduced pilot workload through decoupled control modes and stabil-
S = aircraft reference wing area ity augmentation. The envisioned SATS aircraft also enables pilots
T thrust with low experience to operate the aircraft in most weather condi-
Uu,v,w = forward, side, and vertical aircraft velocities tions, has an emergency auto-land capability, and adapts to changes
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in aircraft behavior due to unanticipated actuator/sensor failures or
structural damage.

Modern flight control technology, including fly by wire, has been
used in commercial aviation for over a dozen years (Airbus A320,
A330, and A340, and Boeing 777). Reliability of these types of sys-
tems is typically established through high-integrity design including
redundancy of various independent parts of the control system and
is validated through a certification process requiring careful docu-
mentation of the design process and extensive demonstration, which
includes failure scenarios. This method of establishing reliability
can be cost prohibitive when applied to general aviation aircraft.
This is one of the reasons most general aviation aircraft have me-
chanical control systems. General aviation (GA) can also benefit
from modern flight control technology by using it to provide a huge
reduction of flight accidents commonly referred to as pilot error.
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This can be accomplished by incorporating low-cost flight control
systems designed specifically for GA aircraft that have enhanced
safety features to reduce the impact of pilot errors and low piloting
skills on accident probabilities, as well as their severity. In addition,
the nonlinear adaptive control method investigated in this project
provides an alternative to redundancy for achieving a required level
of safety by adapting the flight control system in-flight to accommo-
date for failures of different subsystems. Also, failure tolerance, or
the ability to adapt to a failure in the flight control system, goes be-
yond redundancy by providing a flexible means to deal with unfore-
seen failures, thereby improving survivability. Nonlinear adaptive
control provides the following important benefits: 1) consistency in
response without the need for expensive gain scheduled design, 2)
the ability to take advantage of inherent control redundancy without
a priori knowledge of the failure, and 3) a required guarantee of
boundedness with traditional analytical tools. This establishes finite
bounds on the response of the aircraft with the control system in
place. The disadvantages are as follows: 1) The supporting theories
are complex. 2) Hardware, software, and their integration require
investigation. 3) The adaptive nature requires careful application.
4) It may be difficult to prove determinism of the algorithms and
to prove their stability and their performance robustness under all
operating conditions.

The work presented in this paper is the beginning of an investiga-
tion and flight demonstration of the usefulness of adaptive control
techniques in general aviation software-based fly-by-wire EZ-fly
systems. Adaptive nonlinear control techniques have been investi-
gated and demonstrated by several research groups for military and
commercial aviation. Most are based on linearizing the equations of
motion and using feedback. Brinker and Wise! found that a dynamic
inverse controller could be used for aircraft and that the longitudinal
stability and flying qualities were robust to parameter uncertainties,
but the lateral directional flying qualities were sensitive to uncer-
tainty in stability derivatives. For longitudinal flight control of a
missile, McFarland and Calise? proposed a method where neural
networks and direct adaptive control are used to compensate for
unknown nonlinearities, whereas dynamic nonlinear damping pro-
vides robustness to unmodeled dynamics. In a later study,’ the same
authors used a similar methodology for a bank-in-turn control of
a missile. In both studies, a neural network was used to cancel
linearization errors adaptively through on-line training. Artificial
neural networks (ANN) are capable of approximating continuous
nonlinear functions with very little memory and computational time
required, but because of the empirical character of these methods,
it has previously been difficult to guarantee sufficient reliability
for such a high-risk application as flight control. Using neural net-
works for nonlinear inverse control of the XV-135 tilt-rotor, Rysdyk
et al.* showed theoretically, as well as by simulation, that the ANN
weights remain bounded during online training. This is an important
step toward certifying aircraft control systems that use ANN. The
guaranteed boundedness of signals and tracking error is discussed
in detail in Ref. 5. Rysdyk et al.5 also obtained consistent response
characteristics throughout the operating envelope of a tilt-rotor air-
craft. Furthermore, in a recent study,” Rysdyk and Agarwal applied
ANN to a total energy control system for longitudinal flight control.

Soloway and Haley at NASA studied reconfigurable aircraft
control.® Their model is capable of real-time control law recon-
figuration, model adaptation, and identification of failures in model
effectiveness. A full six-degree-of-freedom (6-DOF) model of a
conceptual commercial transport aircraft was used to simulate the
elevator freezing in flight, and the algorithm reconfigured itself to
use symmetric aileron deflections to control pitch rate, thereby sta-
bilizing the aircraft. Again, an ANN was used to learn the changed
dynamics of the aircraft with frozen elevators. Kim and Calise® de-
veloped a direct adaptive tracking control using neural networks to
represent the nonlinear inverse transformation needed for feedback
linearization. It was shown that the adaptation algorithm ensured
uniform boundedness of all signals in the loop and that the weights
of the online neural network converged to constant values. In a study
concerning a serial-link robot arm control, Lewis et al.!” found
that online training of the neural network, together with a signal

that adds robustness, guarantees tracking as well as bounded ANN
weights. Standard backpropagation, however, yielded unbounded
ANN weights if the network was not able to reconstruct a required
control function or there were unknown disturbances in the sys-
tem dynamics. Alternate backpropagation schemes corrected this
problem.

In flight tests, adaptive control designs have been demonstrated
for a midsize transport (NASA)'! and in the X-36 (U.S. Air Force)'?
with unanticipated control failures. The NASA demonstration in-
cluded a piloted simulation using only propulsion for backup flight
control. Applicability of an emergency flight control system greatly
increases if it can provide desirable responses over a wide range of
unanticipated failures via adaptive control.

Recently, Ferrari and Stengel' developed a global controller, us-
ing ANN and an adaptive critic, that they have applied to control a
full 6-DOF simulation of a business jet aircraft. Their controller was
shown to be as conservative as traditional linear designs and as effec-
tive as the global controller. Wyeth et al.'* used neural networks to
generate hover command on a model helicopter. In their results, the
mapping from training data was adequate but generalization for pre-
viously unseen data was not achieved. Sharma and Ward'> developed
amethod for flight-path angle control using neuroadaptive backstep-
ping. The simulation results showed that, on a 3-DOF model of a
flying-wing unmanned air vehicle (UAV), the algorithms produced
good command tracking and the neural networks were able to adapt
to parametric errors in the plant dynamics. Idan et al.!®!7 used neu-
ral networks and pseudocontrol hedging methodology to design an
adaptive flight controller that responds to faults in the system by
utilizing redundancy in the controls. This type of approach would
work well as a safety retrofit of any existing flight control system.
KrishnaKumar and Gundy-Burlet'® suggest that the recent develop-
ments in intelligent control offer the potential for improved handling
qualities and significantly increasing survivability rates under vari-
ous failure conditions. Schumann and Nelson'® have discussed the
certification, verification, and validation of such systems, which is
challenging due to the difficulty in ensuring their correct behavior.

An operationally simplified (EZ-fly) flight control system already
exists (modifications funded by NASA Advanced GA Transport Ex-
periments [AGATE]) on a Raytheon Aircraft Company Bonanza
F33C fly-by-wire testbed. This system is designed to follow pilot
input as follows: Longitudinal stick position commands pitch angle
or vertical flight-path angle, where centered stick commands level
flight. Lateral stick position commands bank angle, and centered
stick commands constant heading. A speed command lever com-
mands airspeed, where stall speed plus 5 kn and never-exceed flight
speed minus 10 kn is allowed. Plus or minus 7 deg is allowed in
vertical flight-path angle, and lateral bank-angle control is limited
to plus or minus 60 deg. Eventually, this system includes automatic
turn coordination, a yaw damper, angle-of-attack limiter, bank-angle
limiter, automatic overspeed limiter, and a load factor limiter. The
system will also automatically lock to a differential global posi-
tioning system and approach and landing with no pilot action. The
aircraft is controlled to hold straight and level if the pilot lets go of
the stick, and if the pilot maneuvers into an approach capture zone
and lets go of the stick, the airplane will execute the approach and
land with no pilot input. The pilot can reestablish direct control of
the airplane by moving the stick from the centered position.

In the current project, an adaptive nonlinear inverse controller
has been designed for the Beech Bonanza F33C single engine GA
aircraft. In the future, the new controller will be added to the ex-
isting system on the Bonanza F33C fly-by-wire testbed, which will
then be used for test flights. The longitudinal flight controller was
designed in the MATLAB®? Simulink environment with the ANN
developed using the MATLAB Neural Network Toolbox. Nonlinear
inverse control is used, and ANN are trained online to counteract
modeling error. The ANN are also used to adapt to changing fly-
ing characteristics due to unanticipated control failures, or changing
configurations of the airplane. Operationally simplified flight con-
trols will allow the pilot to provide full attention to an emergency
while the airplane maintains its current path, thus, reducing the
cognitive effort required to operate the airplane safely. Of course,
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flight control system failures might lead to different types of acci-
dents, and these failures must be reduced to acceptable levels by
proper analysis and certification of the new flight control system.
Also the reliability and safety of such systems specifically require
dependable integration of software and hardware.

II. Adaptive Inverse Longitudinal Control Design

The longitudinal aircraft model is based on the familiar nonlinear
equations in the body fixed x and z axis directions and the pitching
moment equation as detailed in the Appendix, Eqs. (A1— A3). The
aircraft is a system with thrust and elevator deflections as inputs and
the longitudinal state variables, pitch angle 6, forward velocity U,
and vertical velocity W, as outputs along with the derived variables,
angle of attack « and flight-path angle y . This aircraft block is shown
in Fig. 1 along with the inverse controller, the linear controllers,
and the neural networks. This is the complete MATLAB Simulink
model. The aircraft block uses the Simulink Aerospace 6-DOF block
with a nonlinear drag polar and linear lift and pitching moment
models. The lateral forces and moments are set to zero.

The two linear output feedback loops track pilot inputs of com-
manded velocity V, and flight-path angle y using a proportional con-
troller for the velocity feedback loop and a proportional derivative
controller for the angle feedback loop. The same controller archi-
tecture can be used to command the pitch angle 0, if desired, by re-
placing the gamma feedback signal with theta. The linear controllers
output the commanded linear acceleration V, and commanded an-
gular acceleration 7 or §. These accelerations are inputs to the in-
verse controller, which calculates the required thrust and elevator
deflections needed to produce these commanded accelerations. The
inverse flight controller is derived in the Appendix in what amounts
to an algebraic manipulation and inversion of the aircraft equations

of motion (A10) and (A11) and gives the following equations de-
scribing the inverse controller calculations.

T. =[1/cos(@ + ¢7)1[mV, + mgsiny +¢S(Cp)s,~o| (1)
8e. = [Cn(8e) [Cums, | = (I, [¢SECy, ) (e 0T B)
- (Cm)&) :0/Cmg(, + [dT /456— COS(O[ + d)T)Cm,ge]

x [mVe +mg siny +¢S(Cp)s, —o] )

where
2
(Cp)s,=0 = Cp, + Cpy - (CL0 +Cpr,o— CLI)
(Cm)s.=0=Cuy + Cu,a +Cuy,q

In the cockpit, the decoupled controls are as follows. Longitudinal
stick position commands the desired flight-path angle, which trans-
lates to vertical speed, and a speed control lever replaces the throttle
and commands the desired flight speed.

When the inverse controller is added to the aircraft, the combina-
tion becomes, if there is no modeling error, 1) for gamma (or theta)
tracking, a simple double integrator block (1/s? in the Laplace do-
main) that takes a commanded angular acceleration and outputs the
resulting aircraft angular displacement, and 2) for the velocity track-
ing, a simple integrator block (1/s in the Laplace domain) that takes
a commanded velocity rate (acceleration) and outputs the resulting
aircraft velocity. A proportional derivative (PD) controller is used in
the theta or gamma tracking linear feedback loop. Theta tracking is
straightforward because the theta acceleration is simply commanded
in the inverse controller of Eq. (2). As indicated in this equation,
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Fig. 1 Longitudinal controller block diagram.
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to track gamma, theta acceleration is simply replaced by gamma
acceleration. Implicit in this is the assumption that angle-of-attack
acceleration is small because theta, gamma, and alpha are linearly
related for longitudinal flight. For the gentle maneuvers expected of
this flight control system, this has proven to be a valid assumption,
based on plots of theta, gamma, and alpha accelerations. Also, the
experience Noel Duerksen has had with the E-Z fly system on the
Bonanza is that gamma tracks theta very closely. The parameters of
the PD controller can be chosen to provide any second-order system
response characteristics desired, that is, rise time overshoot damp-
ing ratio, etc., can be specified. However, because the elevator has
deflection limits and its actuator has its own response time, there
is a physical limit to how fast a rise time can actually be achieved
and how much the faster short period of the aircraft can be damped.
The theta or gamma response proportional, integral, derivative (PID)
controller parameters were chosen to give a damping ratio of 0.9 and
anatural frequency of 0.25 yielding a rise time of 5 s. A proportional
controller is used in the velocity feedback loop because this is has a
first-order system response. The constant of proportionality can be
chosen to give any desired time constant for the aircraft response.
Again, because the throttle has limits, there is a physical limit to
how fast the aircraft can speed up or slow down. The time constant
for the velocity response was chosen to be 5.0 s.

A note of caution should be mentioned if this work is extended
to include turbulence, wind, and wind shear: The various terms in
the inverse controller must be carefully examined as to whether they
are inertial terms or air-mass velocity terms. For example, alpha and
airspeed are air-mass referenced, whereas theta and commanded
acceleration (velocity change) are inertial referenced.

III. ANN for Flight Controller Error Compensation

In the longitudinal flight controller, two ANN are used to compen-
sate for modeling errors, partial actuator failure, and other changes
in flight characteristics. There are separate networks for pitch angle
control and for flight velocity control. A neural network is a compu-
tational device modeled loosely after biological nervous systems.?!
They are composed of artificial neurons connected to each other by
weight values. The network processes input signals through the con-
nectivity of the neurons to produce output values at the output neu-
rons. These networks learn input—output relationships from example
data through various training methods that modify the connecting
weights to produce an approximation to the input—output mapping
represented by the data. The ANN Simulink block containing the
velocity ANN is shown in Fig. 2. This neural network takes as input
the commanded acceleration V.(¢) from the linear controller and
outputs the error correction e(¢) that will be needed to be added to
V.(#) to make the actual aircraft acceleration V' (¢) match the com-
manded V(). Note, if the inverse controller is an exact inverse of
the aircraft, the neural network will learn to output an error correc-
tion signal of zero. At every time step, the ANN Simulink block
receives the following information: The current commanded accel-
eration from the PD controller, V. (¢), the error compensation signal
e(t — 1) used one time step ago, and the actual acceleration of the

error signal

D

anny

e_vdot

aircraft one time step ago, V (f — 1). The ANN Simulink block con-
tains two functions: 1) training the network and 2) computing the
error compensation signal. The ANN contained in this block has
one input and one output. For training, V (t — 1) is used as the in-
put and the target output is e(¢ — 1). There is a correlation between
these two signals because the aircraft velocity response V (# — 1) is
a result of using that error compensation signal at e(# — 1). Then,
the ANN that is continually trained to perform this mapping is used
to calculate the error compensation signal used in the controller for
the current time step. The current commanded acceleration V()
is assigned as the input to the ANN, and the network output is the
compensation signal needed for this time step. The architecture of
the neural network was developed by testing numerous different
designs and choosing one that was sufficiently robust and that pro-
vided fast adaptation to modeling errors and control failures. The
need for the derivative of airspeed used as an input to the network
may cause some difficulty in the event of turbulence or sensor noise.
If the disturbance is random with zero mean, then, in general, learn-
ing algorithms have been shown to be robust in filtering this out,
when the learning rate is set properly. Of course, this remains to be
shown for this application.

This neural network contains two hidden layers with five neurons
in each hidden layer. The first hidden layer consists of neurons with
tan—sigmoid activation functions. The second hidden layer and the
output neuron have linear activation functions. The training tech-
nique used is the Levenberg—Marquardt algorithm with a learning
rate of 0.7. The ANN used for pitch angle control is identical in
structure to the velocity controller network. The linear acceleration
(velocity rate) values are simply replaced with pitch angle acceler-
ation. Figure 3 shows the details of the neural network structure.
Each layer takes an input vector, multiplies it by a weight vector,
adds a bias vector, and then processes each element of the result-
ing vector through the activation function show. This result is then
passed on to the next layer, or if it is the final layer, this becomes
the network output. The weight and bias vectors for each layer are
the parameters that are updated by the training algorithm. The train-
ing algorithm, at each simulation time step, compares the network
output with the correct output fed to the network block. This gives
an error signal that is used to adjust the weight and bias vectors a
small amount in a direction that makes the error smaller. The key is
that the weights change only a small amount with each training step,
but over many time steps, the weights are changed in directions that
makes the output converge to give the correct answer.

IV. Longitudinal Controller Simulation Results

The adaptive inverse controller was tested in MATLAB Simulink
with a Bonanza model in trimmed flight and with speed and pitch
angle commands, both with modeling errors and partial control sys-
tem failures. The Simulink model is shown in Fig. 1. The ANN
were able to start immediately adapting to sudden changes in flight
characteristics and during partial elevator or engine failure.

Figures 4-9 show the response of the Bonanza in trimmed flight,
where the aircraft C,,, drops suddenly by 10% at 5 s and the

dufet

Virue

Derivative

Vdot_c

10

Fig. 2 ANN function for velocity control corrections.
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throttle/thrust gearing drops suddenly by 25% at 15 s, that is, the
actual engine thrust drops to 75% of the commanded thrust. Note in
Fig. 7 and subsequent thrust plots that the commanded thrust shown
is the thrust the inverse controller is commanding, not the actual
thrust delivered by the engine. After the C,,, change occurs, the
pitch angle varies by less than 1 deg during the recovery that takes
about 10 s. Figure 8 shows that the neural network starts instantly
feeding in an error correction signal when the C,,, change occurs.
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-1

5, (deg)

1.1
1.2
1.3
1.4

-1.5

Fig. 6 Commanded elevator position §, for trimmed flight with unan-
ticipated failures.

With the aid of the ANN, the aircraft response matches the com-
manded value again within 1-s time. The necessary change in the
elevator command is shown in Fig. 6. Similarly, the throttle gearing
change causes only a 0.3 ft/s change in velocity (Fig. 5) with the
ANN compensation shown in Fig. 9. Additional tests showed that
the ANN allows for a C,,, change of up to 40% with rapid recovery
and without notable oscillation.

Figures 10-13 show the response of the Bonanza in controlled
flight, with the same failures as earlier (where the aircraft C,,, drops
suddenly by 10% at 5 s and the throttle/thrust gearing drops suddenly
by 25% at 15 s). While these changes are occurring, the pilot com-
mands a 5-deg increase in pitch angle at 8 s and a 20-ft/s increase in
flight speed at 20 s. The ANN make the necessary corrections with
similar robustness and accuracy as in the test for the trimmed flight
condition.

Figures 14—17 show the response of the Bonanza, when half of the
elevator becomes ineffective (breaks off) at O s, thatis Cy,;, and C .,
are reduced by 50%. Here, any lateral directional effects of an asym-
metrical elevator are neglected. Figures 14—17 show that the ANN
make the necessary corrections and that the pitch angle varies by less
than 3 deg. The aircraft returns to the trimmed state in 60 s. Some
initial oscillation of other variables occurs, but the amplitudes are
very small. The lack of velocity perturbation with the elevator failure
is because a change in elevator effectiveness does not significantly
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affect the drag equation, which is solved for thrust so there is no
significant modeling error in the velocity control loop. The pitch
equation is greatly affected; therefore, a large pitch transient occurs
because there is a large modeling error in the inverse control calcu-
lated for the elevator. During the pitch transient, the neural network
is learning to compensate for this modeling error successfully.
Gamma tracking is achieved with as much success as theta track-
ing. Figures 18-22 show the response to a commanded level flight-
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Fig. 10 Pitch angle 0 for pilot inputs with unanticipated failures.
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Fig. 12 Commanded elevator position, é., for pilot inputs with unan-
ticipated failures.

path angle of O deg and a commanded decrease in flight velocity
of 70 ft/s at 3 s into the simulation with the following failures oc-
curring: The aircraft C,,, drops suddenly by 10% at 20 s and the
throttle/thrust gearing drops suddenly by 25% at 25 s. Notice that the
neural networks learn to compensate for the failures while tracking
the commanded flight path and velocity. When the throttle saturates
at its minimum value, the elevator controller continues to main-
tain the pitch angle. The velocity controller is calculating negative
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commanded thrust correctly, but because the aircraft cannot respond,
due to the thrust saturation, the response is essentially open loop in
velocity control. As soon as the thrust becomes unsaturated, how-
ever, the velocity control becomes effective again and tracks the
velocity command.

Windup effects due to the throttle saturation have been observed
in the early design without windup compensation. When the throt-
tle saturates, the neural network sees the aircraft not responding to
the commanded throttle. (The controller is commanding a negative

5, (deg)

Time (s)

Fig. 16 Commanded elevator position, ., for 50% loss of elevator
effectiveness.
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Fig. 18 Pitch angle 6 for gamma tracking with throttle and C,,,
failures.

throttle to slow the aircraft down.) The network sees this as a mod-
eling error and adapts to try to compensate for it, in much the same
way as traditional integral control will windup trying to compen-
sate for a steady-state error in the presence of control saturation.
The network cannot compensate because the throttle is saturated,
and the network weights train to erroneously huge values (similar
to integral windup) that cause large speed changes when the throttle
does finally unsaturate. Therefore, an antiwindup method was im-
plemented in the final design. The antiwindup method used for the
neural network was to stop training when the control associated with
that neural network was saturated. When the control became unsatu-
rated, then the neural network began to train again from where it left
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Fig. 24 Aircraft pitch angle 6 with throttle and C,,, failures without
the aid of ANN.

12000

10000

8000

Thrsut (Ibf)
N S D
(=3 o (=3
o o o
= (=3 =

(=3

-2000

-4000
0

Time (s)

Fig. 25 Commanded thrust (throttle) with throttle and C,,, failures
without the aid of ANN.

off with no reinitialization. Rysdyk and Agarwal’ have investigated
a more elegant antiwindup method called pseudocontrol hedging,
which limits the commanded accelerations to prevent control sat-
uration using a model-following controller. This has not been im-
plemented in our controller, but should be investigated extensively
in the near future. For comparison, Figs. 23-26 show the response
of the aircraft, with failures occurring, but, without the assistance
of the neural networks. Figures 23-26 show clearly that without the
ANN the inverse controller is not capable of handling such failures
or changes in aircraft characteristics.

V. Longitudinal Controller Simulation and Flight Test

The longitudinal controller has been tested initially in MATLAB
environment. The controller is currently in the process of being im-
plemented as C-code (ANSI-C format) on the actual aircraft. The
nonlinear adaptive control architecture will be incorporated into the
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existing Raytheon Bonanza Velocity Vector Command with Enve-
lope Protection control system (EZ-fly developed by Lambregts?>23
and modified and implemented on the Bonanza by Duerksen). The
Beech Bonanza F33C fly-by-wire testbed is a development platform
for advanced controls, advanced displays, flight controls integrated
with pilot fault display and multifunction display, attitude and head-
ing reference system/air data computer, and Datalink.

The MATLAB Simulink system development environment was
used to develop and test the adaptive inverse controller. The Real-
Time-Workshop toolbox will be used to dump embedded system-C
code directly from the Simulink control system model. This code
will then be compiled as a subroutine embedded in the existing Bo-
nanza F33C flight computer EZ-fly software. This system replaces
portions of two subroutines in the EZ-fly software that calculate
engine throttle position and elevator position that will be output
from the flight computer to command engine throttle and elevator
actuators.

Flight testing on the Raytheon Bonanza is currently underway.
The following goals are set for flight testing: Demonstrate veloc-
ity vector command with nonlinear adaptive control architecture,
demonstrate adaptive control effectiveness with changing configu-
ration and payloads, and investigate the system performance in the
presence of external disturbances such as atmospheric turbulence.

VI. Conclusions

The presented ANN approach was proven to be very effective
in designing an adaptive inverse controller. Changes in C,,, of up
to 40% and even the loss of half of the elevator effectiveness were
successfully compensated for and would allow the pilot to continue
safely controlling the aircraft without any adjustments. The next
phase of the project is to demonstrate the extension of this method
to lateral directional control by implementing in Simulink the in-
verse controller for the full 6-DOF model of the aircraft. Flight
testing on the Raytheon fly-by-wire testbed Bonanza F33C will fol-
low this. Although actuator failure has been demonstrated, more
work is required to demonstrate compensation for sensor failure, as
well as switching to backup redundant control when total failure of
a primary control surface occurs.

When this type of a safe and operationally simplified control sys-
tem is eventually applied to GA aircraft, the following issues will
have to be considered: A different type of pilot license is envisioned
that takes advantage of the increased accessibility afforded by an
operationally simplified control system combined with the appro-
priate display. This type of control system lends itself to automatic
approach and landing in conditions as low as zero ceiling and just
enough visibility to taxi off of the runway to parking. Speed limits
can be imposed through the flight control system to limit aircraft
performance in areas where airplanes are typically faster than pilots
think, for example, around airports. Instrument-flight rules clear-
ances with tighter tolerances in space and time can be issued and
expected to be followed, which will allow tighter spacing of air-
craft around airports while improving safety. An Equivalent Level

of Safety standard needs to be developed that can replace the cur-
rent regulations for operationally simplified flight control airplanes.
The following issues also need to be examined: 1) software devel-
opment/assurance, 2) acceptable command tracking characteristics
(rise time, overshoot, etc.), 3) acceptable ranges of control motion
and forces, 4) minimum aircraft response capabilities, 5) degraded
performance requirements after failures, 6) reliability requirements,
7) envelope protection guidelines, 8) operating rules, and 9) piloting
requirements.

Appendix: Longitudinal Inverse Controller Derivation

The derivation of the inverse controller for the longitudinal mo-
tion involves specifying the commanded aircraft accelerations and
solving for the control settings required for achieving these acceler-
ations. This is opposite of the normal forward aircraft model where
the control settings are specified and the resulting motion of the
aircraft is solved for.

In body coordinates, the equations of motion for longitudinal
maneuvers with the wings level are?*

U+ gsin@@) = —WQ + (1/m)F,,

+ (1/m)T cos(er) + (1/m)Fx;, 8. (A1)

W —gcos(@) =+UQ + (1/m)F,,
= (1/m)T sin(er) + (1/m)Fz,, 8. (A2)

0 =1/L,)My = (1/1,)Tdr + (1/1,,)M5,8, (A3)

where dr is the thrust moment arm and @7 is the thrust angle relative
to the fuselage axis. In addition, the true airspeed and flight path
angle y are defined as

V,=+/U2+ W2 (A4)
0=y +tan"'(W/U) (A5)

An output feedback controller is set up to track the flight-path an-
gle (or pitch angle) and the flight speed. The tracking error for each
is fed to a PID controller that outputs commanded accelerations V),
and y that are inputs to the inverse controller. Therefore, given Vp
and y or 6 find 0,T,6.,U,and W. This constitutes a mathematically
well-posed problem with five equations and five unknown parame-
ters. The following three statements constitute auxiliary equations
that go along with the preceding equations:

0=96 (A6)
b=y+a=y+WU-UW)/V] (A7)
V,V,=U0U+WW (A8)

Equations (A1-A3) are in the body-fixed axis system (X,Z). The
commanded forward acceleration V), and commanded normal ac-
celeration resulting in a flight-path angular acceleration ¢ are in
an axis system parallel and normal to the velocity vector (stability
coordinates); therefore, Eqs. (A1) and (A2) are transformed into the
V, and y coordinate system.

Multiply Eq. (A1) by (W/V ), Eq. (A2) by (U/V,)), and subtract
Eq. (A1) from Eq. (A2):

UW —WU)[V] = (g/V,)cos(® —a) = Q
+ (1/mV))[Fa. cos(@) — Fy, sin(e) |
— (T /mV,)sin(a + ¢r) + (1/mV),)

X [FZse cos(a) — Fx;, sin(a)]&e
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Note that

cos(f — a) = cos(y), O=y+a

Fy4, cos(a) — Fyu, sin(a) = —gSClprls, =0

Fy;, cos(a) — Fx;, sin(a) = —¢SCyp;,
Therefore, rearranging and simplifying results in
v+ (g/Vp)cos(y) — @S/mV,)CLls, o
—(T/mV,)sin(e + ¢r) — @S/mV,)Cpr, 6, =0 (A9)

In the inverse problem, Eq. (A9) involves three unknowns, «, T,
and §,. We need two other equations with the same unknowns.

Now, multiply Eq. (A1) by (U/V,,Z) and Eq. (A2) by (W/V,f) and
add

Vp/V,) = (8/Vp)sin(@ — a)

= (1/mV,)[Fa.sin(a) + Fa,cos(e)]

+(T'/mV,) cos(a + ¢r) + (1/mV),)

X [FZ& sin(a) + Fy;, COS(O[)]SE
Note that

F,_sin(a) + Fa cos(a) = —q¢SChpls, =0
Fz,,sin(a) + Fy,, cos(a) = —gSCp,,

Then, again rearranging and simplifying results in
~V = gsin(y) = (¢S/m)Cpls, =0 + (T /m) cos(e + ¢r)

—@S/m)Cp;, 8. =0 (A10)
From Eq. (A3), because 6 = J + @&,

a+y =0=qSe/l,)[Cn— Crdr/d) + Cuy, 8] (A1D)

A speed control lever (replacing the cockpit throttle) is set to
command airspeed V. When this is compared with the feedback
of actual airspeed, a linear proportional controller that outputs a
commanded acceleration processes the resulting error V,,. Similarly
a longitudinal stick can be set up to commands flight-path angle y
or pitch angle 6. The tracking error of either of these variables is fed
to a PD controller that outputs a commanded angular acceleration 8
or y. Then Egs. (A10) and (A11) can be solved simultaneously for
the control variables T and §,. Other variables can be determined
from the auxiliary equations.

An approximate solution can be obtained if one assumes Cp,, ~0.
Then Eq. (A10) can be solved for T', from which Eq. (A11) can be
solved for §,. Note that these equations are linear in terms of the
controls, as long as control saturation does not occur.

Asmentioned in Sec. IV, a note of caution must be inserted related
to when this work is extended to include turbulence, wind, and wind
shear. The various terms in the inverse controller must be carefully
examined as to whether they are inertial terms or air mass velocity
terms. For example, alpha and airspeed are air mass referenced,
whereas theta and commanded acceleration (velocity change) are
inertial referenced.
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