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Hierarchical Approach to Adaptive Control
for Improved Flight Safety

Moshe Idan,* Matthew Johnson, and Anthony J. Calise
Georgia Institute of Technology, Atlanta, Georgia 30332-0150

Following failures of primary aerodynamic actuators, safe flight can be maintained by introducing alternative
actuation systems, such as analytically redundant secondary aerodynamic surfaces and propulsion, for higher-
priority stability and control augmentation tasks. An intelligent hierarchical flight control system architecture is
presented that is designed using nonlinear adaptive synthesis techniques and online learning neural networks to
enhance flight safety. Pseudocontrol hedging is used for proper adaptation in the presence of actuator saturation,
rate limits, and failure. The hierarchical structure incorporates nonactive secondary actuation channels that are
engaged after a failure of a primary control surface is encountered. The methodology requires only the knowledge
that a failure in a specific actuator has occurred. A model of the failed aircraft, the failure type, and the failure size
need not to be known: The neural network element of the secondary channel will adapt to the failed actuator effect.
The secondary control channels are designed to account for the typicallylower authority and degraded performance
that can be expected with secondary actuation systems. The proposed hierarchical flight control architecture is
attractive, in particular, as a retrofit to existing certified flight control systems for enhanced flight safety. The
proposed flight control architecture is evaluated in a nonlinear flight simulation environment, demonstrating its

retrofit features.

Introduction

VER since powered controls were introduced to civil aviation,

they have been implemented in a fault-tolerant manner by the
use of redundantsources of hydraulic power. Nevertheless, it is still
possible that a loss of primary control in one or more axes can
occur as a result of a structural failure that either renders critical
control linkagesinoperable, or that resultsin a loss of the redundant
hydraulic supplies. Landing an aircraft in the presence of actuator
failures presents a challenge to even the most experienced pilot.
Recent accidents have been caused by a failure of a single actuator
or a complete loss of the whole hydraulic actuation system.!

Conventionalflight controlrequires extensive gain schedulingfor
a large number of operating points. When such a controller must be
extended to account for total loss of a primary actuation system, re-
designis requiredfor each potential failure case. Many types of fail-
ures can be envisioned, including, but not limited to, hardovers, loss
of actuator effectiveness,and free-floating actuators. This leads to a
very large scheduling table, making it tedious from design and real-
time implementation standpoints. In addition, a truly fault-tolerant
control system must also be able to accommodate nonanticipated
failures.

Flight control reconfiguration to accommodate actuator failures
has been extensively addressed in the last three decades, utilizing a
multitude of control design methods and reallocationschemes. Here
one finds the pseudoinverse method,>* model parameter identifica-
tion coupled with feedback linearization;* online system identifica-
tion with onlinereceding horizon/model predictiveoptimal control }
robust servomechanism and control allocation based on quadratic
programming formulation,® and quantitativefeedback theory (QFT)
coupled with reduced-order linear inversion control and adaptive
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filtering,” to name but a few. These are model-based methods that
either assume knowledge of the aircraft model or that implement an
online parameter identification scheme. Most of these methods are
limited to linear aircraft models,>>>~7 and some even require the
knowledge of these models in normal and failed conditions >3- In
several cases, the actuator failures are modeled as variations in the
linear system parameters,>>> hence, limiting the type of faults the
method can accommodate. Alternatively, some methods assume
the knowledge of the failure type and size, thus requiring a fault
detection and identification algorithm*°

Neural-network- (NN-) based adaptive flight control, within the
setting of feedback inversion control, has been shown to require
no gain scheduling and to be only minimally model dependent$~1°
These flight control systems can accommodate a multitude of un-
known actuator failures that act as disturbances on the aircraft.
Hence, they provide an attractive candidate flight control architec-
ture to ensure flight safety in the presence of unknown actuator fail-
ures. Their application to civil transports requires special attention
becauseredundantactuationisonly possiblethroughlow-bandwidth
and low-authority mechanisms that are usually not intended to be
active as a part of the primary flight control system. However, due to
their complexity, such adaptive control systems could be used only
on aircraft with digital fly-by-wire systems.

The objective of this work is to design an intelligent nonlinear
adaptive control architecturethat can respondto faults in the system,
by utilizing redundancy in the controls. Calise et al.’ and Johnson
et al.!” demonstrate that such a system could effectively control an
aircraft with major actuator failures. Bull et al.'' and Burken et al.'?
use a nonadaptive, gain-scheduled control design for pure propul-
sion control to provide stability augmentation for a large transport
aircraft without any aerodynamic actuation. Rysdek® demonstrates
that similar performance is attainable by employing an adaptive
controller without gain scheduling, using a linear model at a single
flight condition for feedback inversion. However, those results were
limited to examining small command inputs so that position and
rate saturation are avoided, to guarantee stability and proper NN
adaptation.

In this paper, the problem of continuous controlin the presence of
both partial and complete loss of a single or multiple actuatorsis ad-
dressed, utilizing all of the remaining control effectors. A hierarchy
among these effectorswith respectto forcesand moments abouteach
axis is developed, leading to a hierarchical adaptive control archi-
tecture suitable for enhanced flight safety. This control architecture
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can accommodate actuator failures without pilot intervention. The
only visibleeffecton the aircraftis system performance degradation
resulting from the alternative secondary actuators having generally
lower effectiveness, bandwidth, and authority in the primary flight
control tasks. One of the main advantages of the adaptive control
design is that it does not require a dynamic model of the failed
aircraft or the type and size of the failure: The adaptive, NN-based
element will adapt and compensate for the overall effect of the failed
actuator.

Available controls considered in this study include the aerody-
namic surfaces (ailerons, elevator, and rudder) and the propulsion
system. Response to loss of one or several of the aerodynamic con-
trol surfaces is investigated. A control system that switches effec-
tors is in greater danger of saturation, which may lead to difficulties
in the adaptation process of the proposed nonlinear NN-based con-
trol algorithms. A recently developed pseudocontrolhedging (PCH)
methodology'®!>!* is employed to protect the system from incor-
rectadaptationin the presence of slow actuation,actuatorsaturation,
and failure. The PCH technique is also used to train the NNs of the
secondary control systems online before they are engaged (learning
while not in control). This way, the secondary control systems are
ready to take over as failures occur in the primary systems.

A central feature of the proposed hierarchical flight control ar-
chitecture is its capability to enhance the safety of conventional,
previously certified flight control systems. The secondary control
channels of this methodology can simply be added to an existing
system, without intervening with its normal operation. The hier-
archical switching between the various secondary channels will
be introduced only after a failure occurs and has been identified.
These and other features of the proposed hierarchical flight con-
trol architecture are illustrated in a numerical flight simulation
environment.

Hierarchical Adaptive Control Architecture

The hierarchicaladaptivecontrolscheme proposedhere addresses
sequential utilization of analytically redundant actuation systems,
engaged as secondary actuators in response to failures in the pri-
mary actuators. The secondary systems can be actuators that nor-
mally are not used for flight control, for example, flaps or spoilers,
or actuators that normally perform control tasks that are not safety
critical. A typical example for the latter is, after encountering an
aileron failure, to use the rudder for roll control, while compro-
mising turn coordination. The suggested hierarchical architecture
allows for multiple levels of sequentially lower-priority actuation
if a higher-level actuation system has been exhausted (saturated)
or failed.

Aftera failure,the use of a secondary actuatorfor a primary stabil-
ity and controlaugmentationtask entailsan unavoidabledegradation
in the system performance resulting from the following:

Vel,

1) A control task that may have been performed by the secondary
actuator may need to be abandoned.

2) The performance (e.g., bandwidth, maximum magnitude
and/or rate, or disturbance rejection effectiveness) that can be
achieved using this secondary actuator may be considerably lower
than the nominal.

3) The failed actuator, if frozen at a nonneutral position or if
moving unfavorably, may introduce forces and moments that have
to be counteracted by the secondary actuator.

4) Upsets and transientsthat occur before engaging the secondary
actuation system must be returned to commanded values.

Beyond the physical limitations of the secondary actuators, many
of the preceding shortcomings are addressed by the hierarchical
control strategy suggested herein. The key elements of this method-
ology are secondary control loops that are engaged only on demand
following failures, but otherwise are continuously trained to reduce
transients when engaged.

The secondary control loops are designed using adaptive con-
trol techniques that incorporate online training NNs, whereas the
primary control loops can be either conventionalor adaptive. Adap-
tive control is introduced in the secondary control loops mainly to
address model uncertainty (including the adversary effects of the
failed primary actuator) and to reduce gain scheduling. In particu-
lar, training of the NNs in the secondary channels during actuator
saturation and/or during periods of normal operation (when the sec-
ondary actuators they are intended to command are not engaged) is
addressed. The switching logic between the various control chan-
nels within the hierarchicalsetup assumes only the knowledge that a
particularfailure has occurred, without the need to know the specific
features (type, magnitude, etc.) of that failure.

The secondary adaptive control channels of the architecture are
designedusing feedbacklinearization,linear controldesign,and NN
compensationto address system linearizationerrors. Training of the
NNs during actuator saturation and failure and while not in control
is performed using the PCH methodology. Consequently, the sec-
ondary actuation channels can be engaged with minimal transients.

The proposed hierarchical controller architecture may vary be-
tween applications. This variation depends on the available sec-
ondary actuation sources and the choices made for the order in
which they are to be employed. As an example, a discussion of lon-
gitudinal pitch rate and flight speed control is presented here. The
primary actuation devices are elevator and throttle, which control
pitch rate and flight speed, respectively. The primary control chan-
nels are assumed to be conventional (nonadaptive) control systems.
In case of an elevator failure, flight speed control is compromised
in favor of the higher-priority propulsion-based pitch rate stability
augmentation and control. A block diagram for this longitudinal
control problem is presented in Fig. 1. The blocks above the dotted
line represent the normal operation mode, whereas the bottom part
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Fig.1 Hierarchical adaptive control architecture.
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Fig.2 Model reference adaptive control setup, including approximate dynamic inversion and PCH compensation.

of Fig. 1 depicts the elevator-failedcase. The transition between the
two modes is controlled by a switchinglogic. A detailed description
of an adaptive control channel design including PCH is delayed to
the next section.

In nominal fail-free operation, two control channelsare activated:
flight speed control using the throttle and pitch rate control using
the elevator. Velf?iIOI and qf."'m are the pilot stick commands, and Vel,,
and g,, are, respectively, the measured flight speed and pitch rate
used in the primary control logic. The outputs of the controllers are
the throttle and elevator servo commands &y, and §,,, respectively.
Here we assume that these two control loops were designed using
conventional control techniques. In parallel, an alternative channel
for pitch rate control using the throttleis executed. Ithas no effecton
the aircraft control until an elevator failure is detected or measured.
After an elevator failure is encountered, the switching logic dis-
engages the flight speed control circuit and engages the secondary
channel of pitch rate control using the throttle (the two switches in
Fig. 1 are moved down). The flight speed control loop continues to
function with no effect on the actual throttle commands.

The secondary pitch rate control channel using the throttle
(propulsion control) is designed to incorporate the following im-
portant features:

1) An approximate inverse model is utilized that assumes pitch
rate is controlled using the throttle only.

2) The reference model and the linear compensator are designed
for the anticipatedlower performance of this degradedmode, caused
by the lower effectiveness and lower bandwidth of the propulsion
actuation for pitch rate control. This is also addressed by the com-
mand limiting logic acting on the pilot command, represented by
the “Limiting Logic” block in Fig. 1.

3) The relative degree of the throttle to pitch rate transmission,
which is different from the case of elevator control, is accounted for
in the design of the compensator and the reference model.

4) The PCH signal is based on a measured or estimated throttle
position. In the normal operation mode, &, is dictated by the speed
control channel (top of Fig. 1), thus ensuring correct training of the
NN, even though its output does not affect the controlled aircraft.
This way, the NN is properly trained and ready to be engaged with
minimal transients in the event of an elevator failure. Once this
control loop takes over, PCH is carried out in a standard manner
based on the estimated throttle positioncommanded by this channel.

The case of partial elevator failure, such as partial mechanical
damage or mechanical blocking, can also be addressed using this
architectureand switching logic. If the damage is significant, requir-
ing additional pitch rate authority for flight safety, the propulsion
channel can be engaged in parallel with the damaged elevator chan-
nel. The two control loops will “cooperate” through the measured
pitch rate feedback.

The hierarchical controller architecture just presented can be ap-
plied to any longitudinal or lateral control channel of an aircraft.
Moreover, this hierarchical structure can be further extended to use
additional control effectors in a particular control channel. For ex-
ample, roll rate control, normally performed with the ailerons, can
be diverted to the rudder after the ailerons have failed and then fur-
ther redirected to propulsion control for additional authority or due
to rudder failure.

Nonlinear Adaptive Flight Control Channel

Eachsecondarycontrolchannel of the proposedhierarchicalflight
control system is constructed in a model reference adaptive control
(MRAC) scheme while operating with possibly saturated or failed
actuators, or while not in control of the aircraft. Figure 2 presents
the conceptual layout, which incorporates an approximate dynamic
inversion block, a linear compensator, and an online adaptive NN
element. The system is driven by the outputs of a reference model
block, which has an input from the PCH element.

The main advantage of the proposed control setup is in its min-
imal dependence on a specific aircraft model. The adaptive NN is
used to compensate for a wide range of modeling (inversion)errors,
which may include the effect of failed actuators. The compensator
design is straightforward and relies mainly on linear control theory.
In this work, a recently developed output feedback adaptive control
design is incorporated, utilizing only actually available measured
signals while avoiding state estimation.”> The NN adaptation rule
results from nonlinear stability analysis, which ensures that the er-
ror signals and network weights are bounded. In this section, the
various elements of this controller setup are discussed.

Approximate System Linearization

One of the common methods for controlling nonlinear dynamic
systems is based on approximate feedback linearization.'® We illus-
trate this approach for a single-inputkingle-outputdynamic system
described by the state-space and measurement equations,

x=f(x,3é), y = h(x) (1)

wherex € N” is the system state vector, § is the scalar control input,
y is the scalar measurement and regulated output, and f() and ()
are sufficiently smooth functions. Additional outputs, which are not
regulated, may be incorporatedinto the design approach. The only
modeling assumptionis that the relative degree (r < n) of the output
is known. Thus, the rth derivative of the outputis the first derivative
of the output that is “strongly” affected by the control, that s,

¥y =h,(x,8) 2)
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where h,(x,d) is the rth Lee derivative of h(x) along f(x, ).
Approximate feedback linearization is performed by introducing
the transformation

v="h.(y,8) 3)

where iz,.(y, 8) is the best available approximation of %, (x, §) that
is invertible with respect to § and that uses only the available mea-
surements. The variable v is commonly referredto as pseudocontrol.
The actuatorcommandedinputis defined based on this approximate
model and is given by

Sema = h7' (v, v) )

In the case of perfect actuation (§ = §¢ma ), this approximation leads
to an inversion error

A=he(x,8) = h(y,8) = h(x,8) —v (5)
presentin the y dynamics, which is now expressed as
Yy =v+A (6)

When the system output y is required to track a known bounded
input y., the pseudocontrolis chosen to have the form

V = Vi + Ve — Vud (7)

where vy is the outputof a stable linear dynamic compensator, hav-
ing only the trackingerroras an input; v, is the pseudocontrolsignal
generated by a stable reference model that accounts for imperfect
actuation (PCH); and v,q4 is the adaptive control signal (NN output)
designed to cancel the inversion error. In the case of perfect actu-
ation (8 = d.mq), there will be no PCH and v, = yf,"), which is the
rth derivative of the commanded trajectory. Hence, the commanded
trajectory has to be generated using an at least rth-order reference
model, for example,

YO = e (Yo oo oo yED, 0 ®)

where y?' is an external command signal. The details on PCH will

be presented at the end of this section.
Let the tracking error y be defined as

y=y.—y )

WhenEgs. (6-8) are applied, the rth derivative of y can be expressed
as

Vr = Vg = (A = vag) (10

When it is assumed that the adaptive control signal v,4 exactly can-
cels the model inversion error A, the linear tracking error Eq. (10)
represents a linear system with r poles at the origin.

FromEgs. (4),(5),and (7),itis evidentthat the modelingerror A is
an implicit function of the adaptive control signal v,4. To guarantee
the existence and uniqueness of v,g that can at least theoretically
cancel the model inversion error A in Eq. (10), it is assumed that
the map from v,q to A is a contraction.It can be shown that because
A =h, — h,, this assumption is equivalent to the assumption that
the following control effectiveness sign and magnitude conditions

are satisfied"”:
_ ( oh, _ (oh, (an
20 —gion &2
S8 Bs ) TN s

/2>0 (12)

ah,

o - |9
~ s

Linear Compensator Design

As presented in Eq. (10), the ideally linearized plant consists of
r poles at the origin. A stable linear dynamic compensator that acts
on the tracking error signal ¥ is designed so that these r poles are
stabilized. Classically, thisis achieved using standard lead-lag com-
pensators, although additional integral action can be incorporated
to address steady-state performance. The latter could potentially
slow down the closed-loop system response in return for improved
steady-state characteristics. In general, the linear compensator can
be designed using any linear control design technique as long as the
linearized closed-loop system is stable.

The linear compensator within the adaptive output feedback set-
ting (see Fig. 2) has an additional nonstandard output y,q that is
a linear combination of the compensator states and its input. This
output is designed so that the transfer function between a low-pass
filtered model inversion error A and ¥, is strictly positive real
(SPR)." This second compensator output is required to construct
NN training laws that depend only on measurable quantities.

NN for Inversion Error Compensation

The dynamic model inversion and, thus, the nonlinear system
linearization, are, in general, not exact, mainly because the exact
nonlinearmodel is not known, full-stateinformationis not available,
or inversion is too complex to be implemented in its exact form.
Clearly, simplified inversionfunctions are advantageousfromareal-
time implementation perspective and, thus, are often adopted when
adequate feedback linearizationerror compensationis incorporated
in the controller design.

The theory of Ref. 15 for output feedback NN-based adaptive
control supports only linear-in-parameters NNs, where

v = W g(n) (13)

Here, W are the NN weights that are adjustableonline, and ¢(n) are
the basis functions, typically of the radial basis function (RBF) type,
which are known to possess the universalapproximationproperty of
linear-in-parametersNNs.!”-!® The NN input vectorn is constructed
from present and past measurements of the tracking error and the
pseudocontrol signal, generated by the delayed signal generation
block of Fig. 2. When observability of the controlled aircraft is
assumed, theuniversalapproximationproperty of the NN guarantees
that the unknown model inversion error can be approximated using
Eq. (13).

To ensure that NN online training is performed based on only the
available tracking error signal, a low-pass filter is incorporated in
the NN training loop. This filter is introduced to generate an SPR
transfer function (discussed earlier) and is used to derive an output-
only based NN training law withina Lyapunov stability analysis(see
Ref. 15). The analysis guarantees uniform ultimate boundedness of
the closed-loop system tracking errors and NN weight errors. The
NN training law resembles a classical backpropagation algorithm
with a o-modification term:

W = —Fliud, +oW] (14)

where F is a gain matrix, defining the “learning rate”; y,q is the
second output of the dynamic compensator described earlier; ¢,
are the RBF outputs filtered through the low-pass SPR filter; and
o W is the o-modification term.

Examining the model and trackingerror, Egs. (5) and (10), reveals
thatany failure modeled as a (not necessarilyknown) functionof the
system states can be addressed using the adaptive control scheme
presented in the preceding section. This failure characterizationis
not overly restrictive because such functional dependence can rep-
resent most of the commonly encountered actuator failures, such
as position frozen actuators, hardovers, free-floating aerodynamic
surfaces, and many more. Hence, the NN-based adaptive secondary
actuation systems are designed while disregarding the possible fail-
ures of the primary actuators. The online tuned NN of these channels
will adaptto the failuredriveninputs, interpretedas modelingerrors,
and compensate for their effect.
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Pseudocontrol Hedging

PCH introduces a modification to previous work on NN-based
MRAC. It is used to address NN adaptation difficulties arising from
various actuation anomalies, including actuator position and/or rate
saturation, discrete (magnitude quantized) control, actuator dynam-
ics (including pure time delay), and partial or complete actuator
failures 01314

NN training difficulties occur when unmodeled nonlinear actua-
tor characteristicsare encountered. For example, unless an adaptive
process is protected in some way, saturation that results from failed
operation (or from attempting to adapt while not in control) quickly
leads to NN windup. The main idea behind the PCH methodology
is to limit or hedge the reference model of a MRAC architecture
to prevent the adaptive element from attempting to adapt to these
characteristics, when they are present, while at the same time adapt-
ing to other sources of inversion error for which compensation is
possible.

The conceptualidea of the PCH method is to move the reference
model backward by an estimate of the amount the controlled sys-
tem did not move due to selected actuator characteristics (such as
position and rate limits, time delays, etc.). In effect, the reference
model, which producesthe commanded pseudocontrol,is limited or
hedged accordingto the difference between the commanded and ac-
tually achieved pseudocontrol. PCH prevents the NN from adapting
erroneously to actuator saturation or failure. With PCH, the NN is
trained correctly using only achievable pseudocontrol signals. The
same concept holds when the pseudocontrol action is due to a dif-
ferent control logic and not the MRAC that incorporates the NN
(learning while not in control).

To briefly review the PCH concept, consider the plant dynamics
of Eq. (1). The pseudocontrolsignal defined in Eq. (3) representsthe
rth derivative of the commanded signal when no PCH is included,
whereas the actuator commands are given by Eq. (4). The dynamic
inversion element is designed without consideration of the actuator
model. Hence, this actuator command §.,¢ Will not equal the actu-
ator position § due to its dynamics, saturation, and/or failure. The
pseudocontrol hedge signal v, is defined as the difference between
the commanded pseudocontrolinput and an estimate of the actually
achieved pseudocontrol. This difference is nonzero only when the
commanded actuator position is different from its actual value. To
compute this difference,a measurementor an estimate of the actua-
tor position § is required. This estimate is then used to compute the
pseudocontrolhedge as

vh = (V) 8ema) — 1, (9,8) = v — 1, (,8) (15)

The PCH signal is next introduced as an additional input into the
reference model, forcing it to move back. If the reference model
update without PCH is given by Eq. (8), then the reference model
update with PCH is set to

r) — r=1

YO = Moy (oo Fey oo U0 PR — (16)

The instantaneouspseudocontroloutput of the reference model that
is used as an input to the linearized plant model is not changed by
the use of PCH and remains

Hence, the effect of the PCH signal on the pseudocontrol is intro-
duced only through the reference model dynamics.

By the use of the reference model of Eq. (16), A in Eq. (10)
becomes

A=h(x,8) —h(y,8) (18)

rather than A given by Eq. (5) for the case with no PCH. Any
modeling inaccuracies introducedin the PCH path for constructing
§ are incorporated into the overall modeling error A and, thus, are
compensated for by the adaptive control signal v,q.

Simulation Results and Discussion

A nonlinearsimulation of a Boeing 747 aircraft'® is used to inves-
tigate the proposed control methodology. The aircraft model con-
sists of six-degree-of-freedom kinematics, linearized aerodynam-
ics, linearized propulsion, and first-order rate and position limited
actuators. Although the model is approximate, it captures the rel-
evant behavior of the aircraft reasonably well. In addition, parts
of the methodology, excluding the hierarchical structure and the
preengagement learning, were successfully evaluated in nonlinear
and pilot-in-the-loop simulations as reported in Ref. 8. The pri-
mary (nominal) control system utilizes simple linear proportional—
integral (PI) controllers, whereas the secondary control systems use
adaptive NN-based control systems. If the primary channels repre-
sent an existing, certified flight control system, the secondary adap-
tive control channels introduce a flight safety enhancement retrofit.
The controller parameters of the various channels are presented in
Table 1. The relative degree of each channel is used to determine
the order of reference model and the type of linear compensator to
be designed. The approximate control authority of an actuator in a
given primary or secondary channel determines the bandwidth of
the closed-loop design and of the respective reference model.

Primary Control Channels

The primary control channels are nonadaptive and are represen-
tative of typical certified flight control systems currently in use
in conventional transport aircraft. Four primary channels are de-
signed: pitch rate control using elevator, forward speed controlled
by engines, lateral specific force (sensed lateral acceleration) reg-
ulation using the rudder for turn coordination, and roll rate control
by ailerons. The pitch, speed, and roll channels are designed with
PI linear compensators. The relatively high bandwidth in the pitch
and roll channels is specified because of the relatively high band-
width and control surface effectiveness of the respective actuators.
The speed channel is considerably slower, accounting for the lower
bandwidth in engine actuation in addition to high bandwidth re-
sponse in the speed channel not being required. The lateral specific
force regulation channel is designed to provide turn coordination
and, thus, does not require a reference model.

Pitch and roll rate channels are considered higher-priority tasks,
hence, secondary control channels are designed to maintain these
functionsduring failures while utilizing alternative actuators. Thus,
the primary channels of speed control and lateral specific force regu-
lation may be abandoned in the event that the engines (and possibly
the rudder) are required to maintain these higher-priority control

Vrm =hrm(y(-s .).}(-s ---sy((-ril)s y(I-)“m) (17) tasks.
Table1 Controller parameters
Primary channels Secondary channels
Parameter q/8. u/dw ay/s  p/ q/8a, 4/, P/dun
Relative degree 1 1 0 1 1 2 2
Closed-loop 3.0 0.3 1.0 3.0 3.0 1.0 1.0
bandwidth, rad/s
Reference model 2.0 0.125 —— 2.0 2.0 0.5 0.5
bandwidth, rad/s
Hedging _ - — Based on Model-based Model-based actuator
measured 8q;,c, saturations dynamics and saturations
NN gain F _  — —— — 750 5000 1250
NN gain o _  — —— — 0.04 0.025 0.05
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Secondary Control Channels

The secondary control channels chosen to illustrate the suggested
control methodology include pitch rate control using symmetric
ailerons, pitch rate control using propulsion, and roll rate control
using asymmetric engine actuation. Additional secondary channels
are envisioned in an actual implementation, which use such pos-
sible actuators as split elevator, spoilers, flaps, and more. Each of
these channelsis designed using the adaptive NN-based techniques
described earlier. Approximate model inversion was performed as-
suming a linear function between the pseudocontrol signal and the
respectiveactuatorcommands, hence, neglectingotheraerodynamic
and kinematic state-dependent effects in the aircraft equations of
motions. This simplifies Eq. (4) to §.,¢ = Kv, where the fixed val-
ues for K were chosen independent of the flight condition, using
the reciprocal of an average value of each actuator’s effectiveness.

Simple first-order lead compensators were designed for each
channel. These channelsare designed to account for the lower band-
width and authority of the respective secondary actuation systems,
resulting in bandwidths that are about one- to two-thirds of the
bandwidths of the primary channels, as shown in Table 1. Output
feedback-basedNNs are used as the adaptive elements to cancel the
model inversion errors in each channel. In each control channel, an
RBF NN with five neurons was used. The adaptation gains in the
NN training law of Eq. (14) are given in Table 1. Signals used as
inputs to the NNs in the two longitudinal channels are the measured
angle of attack, pitch attitude, and rate, whereas the lateral channel
NN uses roll and yaw measurements only.

PCH was implemented to account for the actuator characteris-
tics. As shownin Table 1, three types of PCH computation methods
were used in the three secondary channels. The symmetric aileron
to pitch rate channel uses the measured aileron positions 4,,,,, for
hedging, that is, in Eq. (15), 3:5amw. In the secondary channels
that use engine control, the hedging signal is computed based on
a model of the propulsion system, accounting for the case where
actuator position cannot be measured directly. The linear compen-
sator design in the pitch rate channel using thrust actuation ac-
counts for a first-order engine model lag, resulting in a relative
degree-two system (as opposed to a relative degree-one system with
symmetric aileron actuation). Thus, in the propulsion to pitch rate
channel,only anenginepositionandrate saturationmodelis used for
PCH, as is depictedin Fig. 3. The value Ady, in Fig. 3 is an estimate
of the required engine throttle change based on a discrete rate
approximation.

A similar design approachin the propulsion-basedroll rate chan-
nel would result in a relative degree-three case: relative degree two
in the asymmetric thrust to roll rate transmission plus engine lag. To
avoid designing a dynamic compensator for a linearized plant with
three poles at the origin, the engine dynamics were neglected in the

linear design step but accounted for by computing the PCH signal
based on a model that incorporated both the engine first-order lag
and its positionandrate saturations,as shownin Fig. 4. Approximate
saturation values and engine dynamic characteristics were used in
the PCH computations, whereas the resulting hedging errors are
accounted for by the NN, as described in the PCH methodology
section.

Simulation Scenario

A simulation scenario is designed to examine the response of
the system while under failed conditions, as well as the system re-
sponse during transients. The primary actuators are failed, and the
secondary channels engage with a delay that approximates the lag
due to latency in failure identification or a pilot manually engaging
the system. The duration of the scenariois 70 s. The pitch and roll
rate commands are ramp up and hold, then ramp back down and
hold signals. The magnitude of the pitch and roll rate commands is
% deg/s. For the first 10 s, all primary control channels are engaged
and functioning correctly. At =10 s, the elevator is frozen at its
current value for the remainder of the simulation. At =12 s, the
secondary pitch rate control channel using symmetric aileron actu-
ation is engaged. The aircraft’s pitch and roll rate motion from this
point on is controlled by the ailerons.

At t =30 s, the ailerons are failed by returning their position
to zero. For the next 2 s, there is no control of either the pitch or
roll modes of flight. At# =32, speed control is abandoned, and the
enginesassume both pitch and roll rate control tasks for the duration
of the flight.

This simulation was performed at two flight conditions, sea level
at280ft/s (0.25M) and 30,000 ftat 600 ft/s (0.6M ), correspondingto
ahotlanding configurationand cruise at altitude for the Boeing 747.
This tested the sensitivity of the adaptive design to varying flight
conditions. The simulations revealed similar performance at both
flight conditions, demonstrating its robustness. Only the sea-level
results are presented here.

Sea-Level Simulation Results

The simulation results are presentedin Figs. 5-10. A comparison
between the commanded pitch rate profile O, and the actual air-
craftresponse Q is depictedin Fig. 5, which also shows the outputof
the current hedged reference model Q. determined by the active
control channel. Relatively low-amplitude inputs are commanded
to accommodate the low pitch authority of the symmetric ailerons
and engines. There is a small transient in the response following
the elevator failure, due to the delay before engaging the symmet-
ric ailerons for pitch rate control. However, after a short transient,
this secondary channel providessatisfactorypitchrate performance.
Note that in the time period between ¢t = 12 and 30 s, the ailerons

Position Rate
Saturation - Saturation a
v % 5 + Ady,
Unit
Time
Delay
Fig.3 PCH calculation for the thrust to pitch rate channel.
Rate Position
Saturation Saturation A
v 5!/1

+

it

Fig. 4 PCH calculation for the thrust to roll rate channel.
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Fig.7 Actuator time histories.

simultaneously perform pitch and roll rate control. The quality of
the latter can be observed in Fig. 6, showing the aircraft roll rate
response. Here too, low-amplitude roll rate commands are issued to
account for the low roll rate authority of asymmetric actuation of
engines.

The aileronfailure at # = 30 s introduces a significant transientin
both pitch and roll rate channels, caused by the ailerons’ return to
their neutral position. Speed controlis compromised while engaging
the engines for symmetric tertiary pitch rate control together with
asymmetric secondaryroll rate control. Despite the transient caused
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Fig.8 Time history of flight speed variation.
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Fig. 10 Inversion error adaptationin the roll rate channel.

by the aileron failure, the engine’s controllersquickly recover. Also,
satisfactory tracking is regained, in spite of a slower response with
slightlyreducedpitch rate tracking accuracy. In particular, note that,
during this whole time period, these backup channels have to coun-
teract the effect of the frozen elevator.

Time histories of the actuator positions are shown in Fig. 7. The
first 10 s of simulation demonstrate the nominal actuator activities,
whereas only the primary control channels are engaged. The differ-
encesin the fourenginesafter = 32 s create the asymmetric control
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Fig. 12 Lateral thrust control comparison: adaptive vs nonadaptive.

actuation needed for roll, whereas the average generates the pitch
moment necessary for pitchrate tracking. In the few secondsfollow-
ing engagement, the engines exhibit rate saturation, which results
in a significant pitch rate channel PCH, as can be seen in Fig. 5.
The engines briefly position saturate at the end of the maneuver.
Figure 8, which depicts the flight speed variation, demonstrates
that the engines can regulate speed until it is compromised for atti-
tude rate control. Thus, starting t = 32 s, the aircraft speed changes
according to the pitch rate control channel command and is subject
to natural damping only.

Figures 9 and 10 compare the model inversion errors A and
the adaptive signals v,g designed to cancel them in the secondary
propulsion-based control channels. Proper adaptation is demon-
strated both when the propulsion channels are active and when en-
gines are used for speed control only.

To demonstrate the importance of adaptation, the simulation sce-
nario was changed to examine propulsion-only control in both the
lateral and longitudinal axes. The primary actuators (elevator and
ailerons) are failed at £ =10 s. One simulation is performed with
pitchrate commandsonly, whereas a secondsimulationis performed
with only roll rate commands. Figure 11 shows the aircraftresponse
with and without NN adaptation in the longitudinal channel, us-
ing the same linear lead compensator. Following the failure of the
elevator, this secondary channel demonstrates that little control is
possible without adaptation. The steady-state error observed with
the adaptive controllercan be easily alleviated using additionalinte-
gral action. Figure 12 demonstratesthe aircraftlateral response after
failure of the ailerons, with and without NN adaptation. Here, the
response with the nonadaptive controller produces instability. This
clearly demonstrates the advantage of NN-based adaptive control.

Trim Variations

As noted earlier, the approach detailed in this paper is fundamen-
tally nonlinear. A significant aspect not addressed by our numer-
ical results is the variation in trim that can accompany a failure.
Although we have not demonstrated this point here, the ability of
the adaptive approach to handle trim variationshas been extensively
evaluated both in piloted simulations and in flight tests in Refs. 8,
9, and 20, which also included a powered approach scenario. Effec-
tiveness in the presence of neglected trim variations has also been
addressed within the context of autopilot design for guided muni-
tions in Refs. 21 and 22, wherein the trim tables where completely
removed in the design.

Conclusions

This paper presents an NN-based adaptive flight control design
methodology and architecture for actuator failure accommodation.
Safe flight is maintained by incorporating standby control channels
that utilize analytically redundant secondary actuators to continu-
ously maintain satisfactory, or at least stable, operation. The overall
dynamic effect of known actuator failures of unknown type and
magnitude is compensated by the adaptive NN-based element of
the secondary control channels. Each of these secondary control
channels is designed for the primary control task, accounting for
the dynamic characteristics of the channel, the possible degraded
authority of the secondary actuator, and the limited achievable per-
formance. Because the design of the secondary channels does not
depend on the architecture of the normal operation controller, the
proposed methodology is ideal for safety retrofit of any digital fly-
by-wire flight control system.
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