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Abstract

A LEARNING CONTROL SYSTEM WITH APPLICATION

TO FLIGHT SYSTEMS

by
Solomon Nachmias

Advisor: Professor Ralph Mekel

This dissertation presents the formulation of a learning control
system and investigates its utilization as a flight control system for
NASA's F-8 Digital Fly-By-Wire (DFEW) research aircraft. The study takes
the best features of two 'm-ethods, i.e. the gain scheduling and the adaptive
control method, and attempts to eliminate the undesirable features of each.
One of the characteristics of this learning control system is its ability
to adjust a gain schedule in a prescribed manner to account for changing
plant charaéte:istics. Another important feature of this learning system
is that it can improve its performance and the plant's performance in the
course of its own operation.

The adaptive learning control system consists of three subsystems:
1) The Information Acquisition Subsystem which identifies the plant's
parameters at a given operating condition. The mathematical technique is
based upon a model-reference system configuration where the adaptive algo-
rithm used to update the model's parameters are derived using both Liapu-
nov's direct method and the Newton-Raphson method. 2) The Learning Algo-

rithm Subsystem which relates the identified parameters to predetermined

114



analytical expressions describing the bahavior of the parameters over a
range of opera}:ing conditions. The mathematical technique is based upon
a sequential coefficient estimation derived using the least-square algo-
rithm. 3) The Memory and Control Process Subsystem which consists of the
collection of updated coefficients (memory) and the control laws derived
by imposing desired plant performance characterictics.

An artificial plant is presented in order to illustrate the perfor-
mance of the learning control system and to compare two different designs
based upon two different information acquisition subsystems: 1) Liapunov's
method and 2) Newtan-Raphson method. For this case the models involved
consisted of the uncoupled, linear time-invariant open-loop longitudinal
and lateral dynamics of the F-8 aircraft associated with equilibrium flight.

In applying the learning control system to the piloted six-degree-
of -freedom simlation of the F-8 aircraft, reduced order discrete models
were used for the information acquisition subsystem to conform with the
real-tine constraint. Simulation experiments indicate that the learning
control system was effective in compensating for parameter variations

caused by changes in flight conditions over the entire flight envelope.
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CHAPTER 1

INTRODUCTION

l.1 Statemént of Problem

This dissertation presents the formulation of a learning control
system. The problem that motivated the development of this learning
control system was the desire to maintain uniform handling qualities of
an aircraft over the entire flight envelope despite wide variations of
dynamic pressure and other less predictable changes.

A Learning Control System (I1CS) has been developed to accomplish
this objective by adjusting, in a prescribed manner, the feedforward
and feedback gains of the alrcraft control system. The problen of de-
sicning the ICS was divided into the design problem of three basic sube
Systems that constitute the LCS. 1. The Information Acquisition Sub-
system (IAS), 2. The Learning Alg.orithm Subsystem (LAS) and 3. The
lemory and Control Process Subsystem (liCPS). Two techniques are de-
veloped for designing the IAS. The first technique makes use of Lia-
punov's direct method and the second technique is based on Newton-
Raphson method. Each IAS may be combined with the LAS and CPS to form
2 LCS. The LAS is designed using a sequential coefficient estimator
technique which is based on iterative least-square algorithms. The MCPS
consists of the collection of -updated coefficients which are used to
compute the feedforward and feedback gains via a set of control laws.

The next section describes a brief summary of prior work in this

area. A more extensive description of prior work in adaptive and/or

learning control systems is given in Chapter 2.



1.2 Summary of Prior Work

Over the years the need for adaptive control on aircraft has
been debated. The alternmative of scheduling autopilot gains according
to sensed pressure, altitude and Mach number appears to work well for
most aircraft and is relatively simple to implement. This gain sched-
uling has the advantage of allowing rapid changes in gains and feedback
paths as a function of flight condition and vehicle configuration hut
suffers from the rather precise knowledge of the system dynamics re-
quired to establish a workable gain schedule. This is one of the
reasons for the surge of interest in systems that automatically adjust
feedback gains as a function of aircraft stability and control charac-
teristics evaluated on-line in flight. These adaptive systems have
not gained wide acceptance. The X-15 aircraft, to our knowledge, was
the only previocus aircraft that had an adaptive control ;ystem{ Although
it worked reasonably well, there vere difficulties.(93) In designing
adaptive control systems most irmportant is the problem of gquaranteeing
stability of the adaptive and control loops of the system under oper-

(42:39) | st111 anotner practical problem is the frequent need

ation
for a dithering signal to excite the system during periods of control
inactivity. The signal rust be subliminal to the pilot and crew. The
need to limit the amplitude of this signal usually requires that ghe
adaptive loops operate with a most unfavorable signal-to-noise ratio.
The problems of the existing adaptive techniques indicate that the sys-
tem should allow gain adjustments to be made only when the adaptive
System passed certain tests. This restriction, however, may preclude

rapid gain adjustments and if such adjustments are required, only a gain



scheduling system would be able to handle the problem. Seemingly, the
next advance in flight control systems should take the best of the two
worlds of g;in scheduling and adaptive control and eliminate the un-
desirable features of each.

A suitable approach to design “he information acquisition sub-
systen is the parameter adaptive model-reference system. This scheme
consists of a system, a model, and an adaptive algorithm for adjusting
the model parameters, such that the model will converge asymptotically
to an equivalent input-ocutput representation of the unknown system.

This approach was first considered bty whitaker et a1(89)

in their ap-
plication to controlling the behavicr of an aircraft. A more extensive
summary of prior work on parameter adaptive model-reference systems 1is
pres;nted in section 2.2%.

The learming algorithm subsyst:m introduces memory capabilities
to the overall system thus, resulting in a self-organizing or iea:ning
control system. The learning system has the capability of changing its
basic structure (including the adaptive logic and the performance in-
dex) as a function of its experience and/or its environment. Such a
system is usually expected to learn the solution to a control problem
on-line, a process required btecause of, and despite, incomplete a priori
knowledge of the plant and its environment. A more detailed description
of prior work in the field of learning systems is presented in section

2.3.

1.3 Summarv of Results Obtained
Chapters 4 and 5 present the results obtained by the application

of the learning control system to control the longitudinal and lateral



dynamics of the F-8 DFBW aircraft.

In Chapter 4, the learning control system simulation is not cone
cerned with. real-time while the aircraft is in flight. For the modeling
of the longitudinal and lateral dynamics of the plant, fourth order
linearized representations are used associated with equilibrium flight.
A comparison of two different learning control systems based upon two
different information acquisition subsystems: 1) Liapunov method and
2) Newton-Raphson method is also discussed in this chapter. The come-
parison reveals that the Newton-Raphson information acquisition sube
system resulis in an overall superior performing learning control system.

Our learning control system developed in Chapter 3 is applied in
Chapter 5 to the piloted six-degree-of-freedom simulation of the P-8
DFBW aircraft. Due to the real-time constraint, the information acqui=
sition subsystem is implemented using reduced order models. liore spe-
cifically, the longitudinal model describes only the short periocd longi_-
tudinal mode without considering the longitudinal phugoid mode because

ts time constant is normally large, and its definition is not a major
elerent in adjusting the feedback gains of the primary control loops.

For the same reason, only the lateral predoninant modes are
characterized by our model namely, the lateral roll mode and the lateral
Dutch roll mode. The reduced order models generate a modeling error
noise. Due to the introduced modeling error noise and to assure proper
learning of the system parameters, we develop convergence and confidence
criteria.

As shown in the results of the piloted six-degree-of-freedom
sirmilation of the F-8 DFEY aircraft, the handling qualities of the air-

craft remain the same despite wide variation of flight conditions. This



in turn, implies that the learning control system may be applied to
control plants whose parameters are functions of several variables.
To do so, the same approach as presented in this dissertation may be
followed with slight modifications depending upon the structure of the
plant.

The main difference between the learning system developed here

(80) .

and parapeter adaptive. systems of the type studied in reference
that the learning system recognizes patterns of the parameter estimates
over the state space and parameterizes these estimates over that space
for later use. For aircraft this implies that, for example, the param-
eter estimate Mg¢ , partial derivative of the pitching moment with re-
spect to angle of attack, be recognized as strongly dependent upon
altitude and mach number (L,HM) and that the explicit functional repre-
sentation be determined for future use. Thus, if an aircraft has been
flown previously at one (L,M) condition where a successful identifica-
tion of My was made, a learning system as described here, would recall
the previously learned value, whereas a parameter adaptive system would
require another identification of M« . For the latter case auxiliary
inputs must disturb the vehicle on a regular basis to facilitate con-
tinual parameter identification. Alternatively, the learning system
creates relationships among parameter estimates versus flight conditions
and assembles these relationships into maps (memory) as information
becomes ava:tlable during normal flight without requiring auxiliary dis-
turbance inputs.

The learning control system is an improvement over conventional
gain scheduling techniques because it introduces a significant saving

in storage and also makes practical the real time computation of the



paraneters and the gains by a table look-up. As compared with conven-
tional adaptive systems, the learning control system introduces an
improvement Lecause it does not require a dither signal to excite the
system during periods of control inactivity. The learning control
system may also be viewed as a parameter estimation system. In this
case, it is a global estimator over the entire flight envelope, thus
providing information about parametaers that are functions of several
other variables. To emphasize this aspect, we present in Chapter 5
three dimensional curves which describe the variation of the parameters
with respect to altitude and mach number (L,!!) as obtained from the

learning control system.

l.4 Mathematical Forrulation

The mathematical formulation and functional organization of the
learning contzol syst‘em is presented in Chapter 3. Mathematical tech-
niques used to design each subsystem are also developed in this chapter.
Both Liapunov's direct method and Newton-Raphson method are used to
design the adaptive algorithm of the information acquisition subsystem.
These parameter adaptive approaches are found in sections 3.2 and 3.3
respectively where we also develop two convergence criteria, one for
each individual m.fomation acquisition subsystem, as an aid in deter-
nining how much adaptation has taken place over the identification
inter:val.. This criterion may also be used as an aid in choosing the
parameters of the adaptive algorithm based on the Liapunov's direct
method. The development of the learning algorithm subsystem presented
in section 3.4 is based on an iterative least-square algorithm. In

section 3.5 we describe the memory and control process subsystem which



consists of the collection of updated coefficients that are used to
compute the feedforward and feedback gains via a set of control laws.
The next chapter presents a review of adaptive and/or learning

systems and flight control systems.,



CHAPTER 2

HISTORICAL BACKGROUND

2.1l. Introduction

This chapter presents a hrief summary of the staté of the art of
adaptive and/or learning control systems as applied to flight control
systems.

In general, adaptive and learning control systems represent an
effort to extend the operating range of conventional control systems
exposed to extraordinarily broad variations of environment or parameter
values. If these variations are severe, it becomes necessary to alter
certain system parameters to produce a satisfactory response over the
entire range of operation. _Furthermore, an adaptive and/or lea.rni.ng 3ySe
tem also provides a means of contimiocusly monitoring its own performance
in relation to a given figure of merit (criterion) and thereby modify
its own parareters by some action so as to approach the best performance.

The advancements of flight control systems and the theory required
to permit increased performance of future aircraft will be discussed in
sections 2.4 and 2.5 respectively.

Section 2.2 will discuss adaptive systems, in particular, Parameter
Adaptive lModel Reference Systems (PAMRS). PAIRS happen to be the very
popular adaptive systems because they are useful in various applications
which require rapid adaptation, for example, autopilots and the modeling
of various systems such as sociceccnomic or physiological systens.

Section 2.3 will examine the theoretical state of the art of Learne

ing Control Systems (ICS) and the reasons for limited application of these



systems as épposed to adaptive control systems.

The evolution of analog to digital flight control systems which
has spread through avionics so that it now reaches the central core of
the automatic flight control systems and the reasons that are attributed
to this occurrence are examined in section 2.4.

Finally, section 2.5 gives particular reference to the NASA F-8

Digital Fly-By-Wire (DFBW) program.

2.2. Parameter Adavtive Model Reference Svstems (PAMRS)

One of the conceptually simplest and most flexible methods for
(8,9,22)

system identification is the model reference system approach
A known input is simultaneously fed to the process and to a model with
adjustable parameters. The adjustable parameters are changed by an ad-
justment mechanism which receives the process output and the model cutput
as inputs. If the algorithm for adjusting the parameters is designed
properly, then the model-reference system cutput error will eventually
vanish and the model will converge asymptotically to an equivalent input-
cutput representation of the unknown system. Such schemes consisting of

a system, a model, and an adaptive algorithm are usually referred to as
parameter adaptive model-reference systems (PAMRS). PAMRS are well suited
for on-line identification. A basic feature of PAMRS is that they can
also be used in adaptive control where the roles of the system and the

model are reversed(67’9l).

The PAMRS forrmulation of the an-line identification problem was
. 8
first considered by ‘thitaker et al( ) in their application to controlling

the behavior of an aircraft. In their report, they derived the adaptive
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algorithm based on the gradient of an even function of the error between
model and reference system outputs. The error function chosen was very
critical and convergence was not guaranteed.

Oshurn et 31(66)

designed the PAMRS using a performance index
minimjization method which has since been referred as the MIT design rule.
The performance index is the integral squared of the response error.
This rule has been very popular due to its simplicity in practical im-
Plementation.

The requirement that the closed loop is stable is a necessary
design criterion. Since the system consisting of the adjustable model,
the process, and the adaptive algorithm is nonlinear the stabiiity problem
is not trivial. In order to guarantee system stability for all inputs
cne may use Liapunov's direct method to design the adaptive algorithm of
PAMRS by selecting the design equations which satisfy conditions derived
from Liapunov's second method. Other methods are also availablee.

9
Butchart and Shackcloth( ) first suggested the use of a quadratic Lia-

(67) to redesign systems

punov function, which was employed later by Parks
formerly designed by the MIT rule. However, Parks chooses the derivative
of the Liapunov function negative semidefinite so that if the error goes

to zero, the parameters stop changing and consequently the design equa-

75
tions become input dependent. In a paper by Shahein et al( ) this

shortcoming is emphasized and an attempt is made to choose the derivative
of the Liapunov function negative definite in error and parameter mis-
alignment. However, the obtained parameter adjusting equations are de-

pendent on the derivatives of the input and unknawn parameters.

* See References (42, 43)
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Practical applicability of the Liapunov designs of PAMRS is lim-

(48) have a destabi-

ited because disturbances and incomplete adaptation
lizing effect on the system stability. A serious limitation occurs when
the plant ocutput measurements are corrupted with noise, leading to
biasing in the adaptive loop, and to erroneous parameter compensation.

A related problem is created when the state variables required in the
Liapunov identification method have to be generated from noisy measure-
ments. This last problem can be partly circumvented by reducing the
order of the required state variable generator (SVG)( 60 ) by using the

Kalman lemma(as) of a positive real transfer function, or by using re-

67
duced state feedback( ). Another disadvantage is that the Liapunov

design rule for adaptive control may not be applicable to cases where

the plant parameters cannot be directly adjusted. Such a case was men-

(91 and a solution, though quite complex, was

(22)

tioned by VWinsor et al
offered by Gilbart et al
Most other designs of PAMPS are based on a gradient approach which
usually results in systéms that are only locally stable, and therefore,
their convergence is only quaranteed if the state and the parameters of
the model are always close to those of the plant's(zs) - ‘rhis character-
istic makes these approaches unreliabie during the initial stages of the
adaptive process vhen the state and parameters of the plant and the model
may not be close. For the same reasons, the rate of adaptation of these
gradient methods has to be always kept very small. Different gradient-
based nonlinear programming methods can be combined in a unified frame-
work and may be applied to the adaptation algorithxg via the maximum
likelihood principle( 25) . The use of maximum likelihood estimation in

14)
practice leads to difficult nonlinear programming problems( « In a lot



of cases the likelihood function has multiple maxima in the parameter
space and the use of the gradient techniques may lead to convergence to
the wrong stationary points. It is important to locate the absolute
maxirmum of the likelihood function since it provides the unbiased esti-
mate of the parameters. It should be clear that the difficulties in
obtaining the absalute maximum of the likelihood function does not ine
validate the likelihood pri.nciple( 14) « The anomalies in the likelihood
function are usually caused by either overparameterization (leading to
nearly singular information matrix), or underparameterization (leading

to saddle points). These problems have been considered by Edwm:ds( 14) ’

Astrom and Bohlin( H ( 8).

, and Bohlin

The starting values for the iterations used to maximize the
likelihood function are very important to ensure converdence to the
absolute maximum. The computation of the gradients of the likelihood
function with respect to the adjustable pa;a;:\eteré usually require the
knowledge of the sensitivities of the model states with respect to the
parameters which is the most time consuming part in the adaptation algo~
rithm.

For this reason, research ha$ been done on the computation of '
state sensitivities using reduced order models. Astrom and Bohlj.n( )
have proposed techniques for the model reduction in the case of single-
input single-ocutput systems in a canonical form. For the multi-input
mlti-outpxt. case little research has been done to develop techniques
to reduce the order of the model, except of finding bounds on the order
of the model(lz’go).

The previous discussion suggests that one should consider and

study the usefulness of other identification and modeling methods. One
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of the recently more advanced techniques for this purpose can be considered
to be the adaptive learning control system concept. Therefore, in the
following section, background information about learning control systenms

is discussed.

2.3. Learning Control Svstems

(18) on the theoretical state of the art of

Published literature
learning control systems has grown substantially within the past ten
years. Practical applications however, are not nearly so great in number
nor as widely distributed and read. This may be due to the cost and dif-
ficulty of implementation and that previous levels of research and de-
velopment efforts in this area have not been maintained as a result of
the national economny. -

This section attempts to give a brief background of the various
types of learning control systems and to describe the present state of
learning control applications through the use of both, mini and genera;
purpose digital computers.

The behavior or performance of certain types of advanced control
systems have been labeled adaptive and learning. Learning is most widely
used and accepted as describing the appropriate use of past experlence
and the resulting improvement in overall system performance.

A learning controller can be described as any control system that
a) collects pertinent information (past and present), about the process
it controls, and the environment it works in and then b) processes this
information to optimize a certain performance index. The order of the

hierarchy is the distinguishing factor between learning and adaptive
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systems. Control systems using information contained in their past
input, ocutput and environmental feedback signals which improve their
own performgnce are termed adaptive. A self-organizing or learning
control system is consequently one which demonstrates both, adaptive
and memory capabilities. A learning system has the capability of
changing its basic structure (including the adapting logic and the per-
formance index) as a function of its experience and/or its environment.
Such a system is usually expected to learn the solution to a control
problem on-line, a process required because of, and despite, incomplete
a priori knowledge of the plant and its environment. Theoretically,

a learning system is also capable of overcoming failures of the adap-
tive loop.

There are many variations of learning concepts which have been
proposed, not all 6? them agreeing with the other. Many have been
labeled learning when they do not conform to this definition and are
simply adaptive control systems.

In the field of learning systems for automatic control, there 1is
not any ane single theory which forms the base-line. A nixture of the-
ories and techniques must ke used.

The most prominent mathmatical techniques to formulate a learning
system are described below:

(10,19,32).

1) Decision Theory In this methed one tries to specify a de=-

cision surface so as to minimize the probability of error. The system is
called a pattern classifier and the simplest one is the linear case where
the decision surface is a hyperplane. A modification of this algorithm
has been suggested(az) that tries to arrive at a piecewise linear decision

surface from a given set of classified feature vectors. This modified
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method is called the trainable controller method. It quantizes the state
space to elementary hypercubes in which control action is assumed con-
stant. During the training process the trainable controller makes

changes in its weight based on the training pattern being "shown" to it,
together with the output of that pattern. This is done until the number
of classification errors has reached a steady state value. It is shown(79)
that this method can approximate a decision surface to an arbitrary de-
gree of accuracy (by increasing the number of quantum zones).

(65,76)

2) Markov Chain Theorv This method provides an approach to

modelling the dynamics of learning controllers. This method is also

[
called learning with reinforcement(“4)

even thouch this is a more general
concept. By learning with reinforcement is meant the process where there
is a continuous scale of rewards with strict reward and strict punishment
representing the upper and lower héunds respectively of this scale. The
engineering system is then designed to extremize reward. This method is
used when there are In distinct control actions and the system chooses
one of them by a specific probability. The effect of learning in this
system can be viewed as an iteration of probabilities; hence, from one
trial to the next a transition in the probabilities occurs. In general,
it can be proved that the probability of correct action will converge to
ics maximum in the mean(ZO).

3) Bayesian Learning In Control Svstems( l’33). This is an on-line ap-

proach to improve the performance of a linear stochastic system by reduc-
ing the uncertainties about the plant parameters belonging to a finite
set; if not, discretization of the parameter space should be done, which

is a serious shortcoming of the method. A class of estimators and con-

trollers is formed among which the stochastically optimal combination is



16

a member. Baye's rule is then applied to reduce the uncertainty of the
unknown parameters by sequentially computing their respective a posteri-
ori probabilities. The learning feature of the a posteriori probabili-
ties is utilized in order to select the feedback controller among the
possible combinations available. This algorithm is designed for linear
Gaussian systems with quadratic performance criteria and unknown system
parameters belonging to a finite set.

(84,85)

4) The Stochastic Avproximation iethod This method has been

introduced by Tsypkin. The method utilizes a procedure where the un-
known system dynamics as well as the control action are modeled by lin-
early independent functions weighted by adjustable coefficients. The
learning scheme consists of updating the weighting coefficients to match
the'approxinfate combination of stochastic and optimal control. This
method requires the evaluation of sensitivity matrices; which, in the case
of a linear plant, depend on the unknown system parameters. A difficulty
arises with the choice of appropriate matrix functions which should span
the corresponding space. This method is also called "hill climbing”,
since one perturbs the adjustable parameters in the direction of increas-

ing performance index.
Having examined adaptive and learning control systems, in the fol-

lowing sections we will discuss the advancements of flight control systems.

2.4. Analog and Digital Flight Control Svstems

From a meager start in sensors, the digital revolution has spread
through avionics until it has now reached the central core of the auto-

matic flight control system. The realignment of industry from analog
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systems to digital systems is based on expectations that a number of
problems associated with existing analog systems will be eliminated both
for the designer‘and the user;

Many characteristics attributed to digital systems are said to
solve the analog problems. Digital automatic flight control systems are
a4 reality and, while they may not yet be perfect, they offer substantial
advantages in capability, reliability and cost effectiveness over another
generation of analog systems.

In terms of capability, the functiocnal requirements for automatic
flight control systems have been a joint function of kasic electronic
technology, packaging and the evolution of commercial transports. An
automatic flight control system (AFCS) that‘can provide automatic control
virtually from lift-off is basic to the aircraft. In conjunction with
sophisticated navigation and sensor subsystems, the pilot is able to en-
gage the AFCS shortly after take-off, climb to cruise altitude, fly aloeng
a predetermined route, and automatically land in near zero visibility
conditions at the end of the flight by doing little more than pressing
the correct huttons at the appropriate time.

The continuing trend is toward each generation of AFCS being more
complex than its predecessor. The interface requirements have arisen
from the number of sensors, actuators and logic data required to support
the AFCS computer in accomplishing the various pilot-selected modes.

The large amount of interface connections is significant to the user,
since each connection represents a point where malfunctions or misfunc-
tions can occur.

A factor that influences analog system capability and maintain-

ability is the nature of the analog computer and its dedicated circuitry.
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For each hrﬁnch of the system control laws, a separate computational
path comprising dedicated circuitry must be utilized. This has led to
mach difficulty in identifying and isolating system failures so that
appropriate maintenance activity can be conducted. To alleviate these
difficulties, research has been directed towards digital control sys-
tems.

Numerous studies in the past several years have been conducted
to determine the applicability of digital computers to automatic flight
control. The benefits most commonly attriluted to digital flight con-
trols can be categorized as improvements in computational accuracy, de-
sign flexibility, improved cost and reliability integration of functions,
and improved capability for self-testing.

A digital computer is not inherently an accurate computer. There
is a finite resolution to each calculation made that is a function of '
the scaling and digital word length. (Analog resolution is theoretical
infinite). The digital computer's primary characteristic is that the
calculations are repeatéble. Two computers given the same input, will
provide precisely the same output because the computers are not subject
to internal analog errors such as gain tolerances or shifting null volt-
ages. Repeatability of calculation is a distinct advantage in achieving
virtually perfect mitual comparison or tracking between the cutputs of
computers operating in parallel-redundant systems.

A major aspect of digital computer flexibility is the commonality
of the processor with many different applications. The processor non-
recurring ccsts are then spread out over several different systems. This
supposition is felt to ke in particular contrast t; the experience with

analog systems where it is unusual for a system designed initially for
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installation on one airplane type to be used for a subsequent airplane
model. The prime motivation factor, however, for changing auto-pilots
from one model to the next is the changing electronic technology and
not the inability of simple adaptation of one system to all the models.

One of the major advantages of a digital computer is the capa-
bility to time share the computational equipment. That is, unlike the
analog system in which computational elements are mainly dedicated to
one task, a digital system can use the same equipment to perform sever-
al unrelated computations within a given time frame. Failure to apply
this capability will impair the cost-effectiveness of a digital flight
control system.

'I'hé potential for self-test within a digital flight control sys-
tem is substantially higher than for a. similar analog system. The main
problen in the analog case is that the built-in test equipment (BITE)
requires dedicated circuits and directly affects complexity, reliability
and cost. Such is not the case with a digital system. Self-test does
require additional program to implement but no other dedicated circuitry
need be required. The next section presents a hrief overview of the F-8

Digital Fly-By-iire (DFE/) study.

2.5« The F=8 Digital Flv-Bv-liire (DFEW) Program

The broad objective of the NASA F-8 Digital Fly-By-VWire program is
to provide the technology required for implementation of advanced, reli-
able, digital fly-by-wire (DFBW) flight control systems which will permit
greater operational capability and increased performance of future air-

craft. The program makes use of an F-8C naval fighter test aircraft which
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has been modified by removal of the mechanical flight control system and
its replacement with an electronic flight control system.

The program has been conducted in two phases. Phase I explored
pilot acceptability and technical feasibility of digital fly-by-wire
using a single channel digital system constructed from components de-
veloped previocusly for the Apollo Space Program. Phase II objectives
include establishing a design base for practical multiple channel DFBW
systems using a triplex digital system, to flight test the system and
certain selected space shuttle flight control system concepts and to
conduct research into and evaluate advanced control law concepts suite
able for digital implementation.

Research to investigate and promote advanced control laws for
possible flight experimentaticn has been motivated by the greater flexi-
bility and logic capability of digital systems as compared to analog
systems and by the increased complexity and sophistication expected of
future aircraft flight control systems.

There are two major types of adaptive control. Cne type, some-
times called analytical redundancy, has to do with adaptation to falle
ures in control system components intermal to the aircraft such as
sensors and actuators. The idea is to take advantage of the kinematic
or dynamic relationships which exist between the sensors and/or actu-
ators of a moving physical system such as an aircraft to complement or
reduce the hardware redundancy needs of the physical system( 11,30 .

The second type of adaptive control has to do with the adaptation

to the changing external environment of the aircraft, such as changes

in dynamic pressure, mach number and altitude, etc.
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These adaptive systems have not gained wide acceptance partly
due to the success of gain scheduling technology and also due to the
existence of both theoretical and practical problems that are still
unresolved in the field of adaptive control. Most important is the
problem of guaranteeing stability of the adaptive and control loops of
the systenm underboperation(q'z’sg) « Another practical problem is the
frequent need for a dithering signal to excite the system during peri-
ods of control inactivity. The signal must be subliminal to the pilot
and crew. The need to limit the amplitude of this signal usually re-
quires that the adaptive loops operate with un favorable signal-to-noise
ratio.

The problems mentioned above indicate that a requirement needs
to be imposed on any adaptive system regarding when to allow gain ad-
justme;xts to be made. The system should allow gain adjustments to be
made only when the adaptive system passed certain tests. This restric-
tion, however, may preclude rapid gain adjustments and if such adjust-
ments are required, only a gain schecduling system would be able to
handle the problem. Seemingly, the next advance in flight control sys-
tems should take the best of the two worlds of gain scheduling and _adap-
tive control and eliminate the undesirable features of each. This dis-
sertation describes a system intended to accomplish that objective. The
described system is called a learning control system( 33 « It is, in
fact, an adjustable blend of a gain scheduling system and an adaptive
control system.

Having considered background information on adaptive lea.ming con-

trol systems and flight control systems, our Learning Control System (ICS)



will be developed in general terms in the following chapter. We will
then consider the F-8C aircraft to be the plant and apply our LCS to

control its dynamics in chapters 4 and S.

22
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CHAPTER 3

THE LEARNING CONTROL SYSTEM

3.1. Introduction

The basic problem to be considered in this chapt:ér is that of de-
signing a Learning Control System (LCS) that is capable to meet design
requirements over many possible operating conditions of the plant by
adjusting, in a prescribed manner, the feedforward and feedback gains of
the plant. Figure 3.1 shows the functional organization of the learning
control system that consists of three ba'sic subsystems: 1l. The Information
Acquisition Subsystem (IAS), 2. The Learning Algorithm Subsystem (LAS) and
3. The Memory and Control Process Subsystem (MCPS). Two techniques are
described for developing the IAS. The first technique makes use of Liapunov's
direct method and the second technique is based on Newton-Raphson method.
Zach IAS may be combined with the LAS and MCPS to form a ICS. The LAS 1s
developed using a sequential coefficient estimator technique which is based
on iterative least-square algorithms. The MCPS consist of the collection
of updated coefficients which are used to compute the feedforward and feed-
back gains via a set of control laws. In the next sections we will describe

general mathematical techniques used to develop the above mentioned subsystems.
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3.2. The Information Acquisition Subsvstem (IAS), Liapunov's Direct Method

The basic problem to be considered in this section is that of design-
ing an adaptive algorithm that will result in a stable Information Acquisi-
tion Subsystem (IAS). Liapunov's stability theorems off'er possible soluticns
to this design problem, the particular solution depending in part upon the
form of the Liapunov function selected.

Consider the Information Acquisition Subksystem (IAS) of
Fig. 3.2 where the linear multi-input multi-ocutput plant with constant or
slowly time varying parameters 1s described Ly the system of differential
equations

Y = Ap<p)y + Bp(p) Je (3.2.1)

where y is the n - dimensional state vector and { e is the r - dimensional
input vector. Matrices Ap( p) and Bp(p) describe the dynamic characteristics
of the plant. Let .f e be a linear combination of the states and the control

input given by

,fe =Ky + G Is (3.2.2)

where .f s is the control input and G and K are the feedforward and feedback

gain matrices of the plant respectively. Sukstituting Eg. (3.2.1) yields
vala +8(mKl v+ [8(md-§ ~atpy+simd (3.2.3)
P P P s P P 3

Let the plant described by Eq. (3.2.3) be represented by a model of

the form

z = Fz + [Am(ﬁ) - F] Yy + Bm(ﬁ) J, (3.2.4)

where F is a stable matrix, z denotes the n - dimensional model state vector

and A m(B) and B m(ﬁ) describe the model closed loop dynamic characteristics
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as a function of parameter (3) « Note that (6) and matrices Am(S) and

Bm(f:) must satisfy the following conditions:

A(P = = A = ' .

m(p p) [ p(p) + Bp(p)K] Ap(p) (3.2.5)
A 1]

B ™ ™ G = ele

xn(p p) Bp(p) Bp(p) (3.2.6)

The dimensionality of the model is assumed to be the same as that of the

plant. Let the model-plant state error be defined as

e=z -y ' (3.2.7)

The model-plant error differential equation yields

n n
. - T T
e = Fe + (zbiui )y + (Zdiwi ){s (3.2.9)
iz . c=t
where
“ .
T A '
Z bu,T = AL - AR (3.2.9)
o34
A L]
Zdiwi = BB - B.(p) (3.2.10)
2

Vectors bj. and d 1 are constant for all i and ui and wi are vectors whose

elenents are the misaliqnments of parameters (S) and (p) of the i-th row.
In the Liapunov approach a Liapunov function V is chosen which is
a quadratic form of the system error e and the parameter misalignments

ui and wi. Let

n

n
T T T
V = e Pe + ZuiNiui + Zleiwi (3.2.11)

L= L=t



26

1 and Qi are symmetric positive matrices with constant elements.

The time derivative of the Liapunov function yields

where P, N

n
V= QT(E'TP + PPe + ZZ [ﬁfNi + yT(b}:Pe)] u, +

L=t

(3.2.12)
N T T,.T
+ ZZE'lQi + Js(diPe)] v,
ezt
The matrix P can be found as the unique solution of
T )
FP +PF = = Q (302013)

where Q 1s any n x n symmetric positive definite matri.x(Z”

Applying Liapunov's stability criterion V > O and V£ 0 and

integrating yields

¢t
T T,.7T -1 T
ui - -f (bipe)Ni dt + uio (3.2.14)
°
€&
T : T -1 T
W, = --].S'Js:(dipe)Qi dt + win (3.2.15)
o

Substituting Eqs. (3.2.14) and (3.2.15) into Egs. (3.2.9) and (3.2.10)

and rearranging the resulting equations one obtains

€
n
A ~ T, T -1
Am(p) = Am(po) °2fbiy (biPe)Ni dt (3.2.16)
C -y
t
> T,.T 1
P = B - s oo 7
B,(P) =B (p) zfdi.{s(dipemi dt (3.2.17)
i % .

whecs 5 ' > . (3.2.16a)
Ag(By) = AL(R) = Zbiuio .2.
: st
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B (P) =B (p) 3 awr
m po - P P -z iwio (3-2017&)
{21

A
Note that P, is an initial estimate of vector p and u are the

10’ Yio
initial misalignments at t = 0. After this initial choice, we proceed
to solve Eqs. (3.2.16) and (3.2.17) to obtain vector s.

Substituting Eqs. (3.2.13), (3.2.14) and (3.2.15) into Eq. (3.2.12)
yields

V = - e'Qe (3.2.18)

The form of V 1is negative definite with respect to e because Q is positive
definite. Therefore, the error differential Eq. (3.2.8) is asymptotically
stable in the whole for e which means that after an initial disturbance
the Euclidean norm “e" —» 0 for t oo . Since V is indefinite with
respect to uy and Wis the parameter misalignments do not necessarily go to
zero, which means that the identification is not exact. To overcome this
difficulty, another input is applied to the plant, if possible, after the
model-plant state error has reached the steady state. Under certain c;u:-
cumstances, there may be a need to apply several inputs in order to obtain
a hatter identification.

As we pointed out earlier, the adaptive algorithm may vary according
to the Liapunov function selected. To illustrate this, let us choose a
somewhat different Liapunov function

n
Ve eTPe + z [“i + (b'iPe)y]'r Ni[ui + (bzPe)y]

L=t

n
T T T
+ Z [wi + (diPe) 53] Qi[wl + (diPe)Js]

[ ]

(3.2.19)
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The time derivative of the Liapunov function following from Eg. (3.2.19) is

n
' T 0 T T T
Vaee (PTP + PP)e + 2 Z u; + d/dt[(biPe)y] 'Ni[ui + (biPe)y]

L=

n
+ 2 z \.vi + d/dt[(di?e) 'rs] ‘-Qi[wi + (di?e) 'fs]

XY

n n
T,.T T T
+ 2'2 Y (biPe)ui + 2255 (diPe)wi

] (=9

(3.2.20)

Again, applying Liapunov's stability criterion V > 0 and V<o yields

t
T T,.T -1 T,.T T
u; = -fy (biPe)Ni dt -y (biPe) + U,
o

<
T I S | T,.T T
wy = -f&s(dipe)qi dt - Js(diPe) * Vo
[+ ]

(3.2.21)

(3.2.22)

The adaptive algorithm equations resulting by substituting Egs. (3.2.21) and

(3.2.22) into Egqs. (3.2.9) and (3.2.10) are different from the previcusly

obtained Egs. (3.2.16) and (3.2.17) because of the different choice of the

Liapunov's function and are given below by

n : N
A A 7, T -1 T,.T
Am(p) - Am(po) -sziy (biPe)Ni dt -Z biy (biPe)
a7

L=l

n

<
n
a A b T SRS | T,.T
B (P) =3 () 'ZfdiJs(dipe)Qi dt - Zdijs(dipe)

L3t o L2t

(3.2.23)

(3.2.24)
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Substitution of Egs. (3.2.21) and (3.2.22) into Eq. (3.2.20) yields

. n
Va-ele-2 z v (pype)’y - 2 Z\S':(diPe)zgfs (3.2.25)
=1 Lsd

Since Eq. (3.2.25) contains more negative terms than Eq. (3.2.18) the
adaptive algorithm defined by Eqs. (3.2.23) and (3.2.24) results in an
accelerated error convergence(aa) even though V is still negative definite-
in error e only. Note that Egs. (3.2.23) and (3.2.24) are solved in a
sim.ilar manner as £qs. (3.2.18) and (3.2.17).

The performance of the IAS is monitored by a convergence criterion

defined by
MN=viyvers m . (3.2.26)

where ”l min is prescribed Ly the designer according to the desired accuracy
between vectors p and p for a prescribed length of time while the system is
subject to sufficient excitation. Since the plant parameters are unknown
we have rno knowledge of u i and Wy which means that we cannot calculate. the
Liapunov function V(t) and consequently the convergence criterion ”z « To
overcome this difficulty let us rewrite Eq. (3.2.26) as .

€

-’YL- V(L) /V(0) =1 » [V(t) - V(O)] /v(0) = 1 +f\.r(t)dt/V(0) (3.2.27)
]

The Liapunov function may be viewed as being composed of three parts, i.e.

Consider Eq. (3.2.11) and let
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n
T
v -ZuiNiu1 (3.2.29)

If matrices Ni and Qi are chosen such that

P>N, and PDq (for every 1) (3.2.30)

then V(0) may be approximated by
Tm
V(O)S Vv (T) -f\;(t)dt (3.2.31)

o

where 'rm is the time at which Vl reaches its maximum value, V:| « Substi-
tuting Eq. (3.2.31) into Eg. (3.2.27) yields
T

+
/rL -1 +{fv(t)dt/ [v] -fwt)dt] (3.2.32)
0

which is the approximation of Eq. (3.2.25) used to calculate the convergence
criterion /Yl o For the adaptive algorithm given by Eqs. (3.2.23) and
(3.2.24) the. same approximation, Eq. (3.2.32), may be used to calculate the
convergence criterion 4’1_, but in this case V(t) should be used as indicated
by Eq. (3.2.25).

vVhen the output measurements of the plant are corrupted with noise,

this noise appears both in the plant output and in the error signal. Because
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of the multiplication in the adaptive law Eq. (3.2.16), the computed 31

®
will be biased . To overcome this, one may choose a model of the form

[} A A
Z = Am(p)z + Bm(p) 'ﬁ (3.2.33)

leading to an error differential equation of the form

n n
* T T
e = Ap(p)e * (Z biui)y + (z diwi) Js (3.2.34)
=t

L)

A similar type of development as before, will produce the following

adaptive algorithm equation
n 4
A ~ T,.T 3
Am(p) - Am(po) -Zfbiz (biPe)Ni dt . (3.2.35)
i=)
o .

which is to be used instead of Eq. (3.2.16) in the case of small signal

to noisé ratio. In thié case the elements Si will not be biased since one
uses the outputs of the model, denoted by z, which are not directly af-
fected by noise, while in Eq. (3.2.16) one directly uses the noise obscured
measurements of the plant to be identified.

Parameters 3 It after they have passed the convergence criterion,
defined by Eq. (3.2.26), are packed into a 1 - dimensional parameter vector
3 which will be used as an input to the Learning Algorithm Subsystem (LAS).

The next section describes an alternate approach to develop the IAS,

namely the Newton-Raphson method.

®* Note that Si are the elements of matrix Am(s)‘
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3.3. The Information Acquisition Subsystem (IAS), Newton-Raphson Method

In this section the adaptive algorithm of the (IAS) will be designed
by using a gradient-based nonlinear programming method that can be used for
computing maximum likelihood estimates. Let the plant described by Eq.

(3.2.3) be represented by a model
. A A .
x=a (Bx +8 (0 (3.3.1)
where X is the n - dimensional model state vector and all other variables
are as defined before. The dimensiocnality of the model is assumed €o be
the same as that of the plant. Note that S is an estimate of p and matrices

A A
Am(p) and Bm(p) must satisfy the conditions given by Eqs. (3.2.5) and (3.2.6).

Let the model-plant error be defined as

e =y X (3-302)

In the parameter estimation problems, when the maxirum likelihood method
is used, it is usually more convenient to work with the negative of the
logarithm of the likelihood function. It is possible to do so because the
logarithnm is a monotonic function. It can ke shown(sn that the negative

log-likelihood function J(S) is

N
3(P) = 152 ef_aiei + log !3;1‘ (3.3.3)

L=t

where Bi is an n x n matrix whose inverse is the covariance matrix of the

plant's state, that is

<1 - - ,T ;
Bi = E [(yi - yi) (yi- Yi) ] _ (3.3.4)

and N is a fixed number wnich denotes the amount of data that need to be
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collected before the minimization process can begin. Note that ;i is
the expected value of Yyi §i = E(yi).

It is important to have good starting values of the parameters
since this considerably improves the probability of convergence and of
locating the absolute maximum of the likelihood function. It is also
useful to determine if an appropriate model is being used and all param-
eters are identifiable from the data.

The basic iteration of gradient-type methods have the form

A
where P 3 is the parameter vector at the j-th iteration, £ 3 is a vector

of gradients of the negative log-likelihood function J(B), i.e.,

A
£y =33/3p fa-ﬁj ' (3.3.6)
and Sj is an approximation to the second partial matrix i.e.,
S, = [azJ(S)/afaz] -1 |~ A (3.3.7)
b P = py

Note that f 3 is a scalar step size parameter chosen to ensure that

‘”334’ < J(Sj) =€ , where € is a positi\fe number that can be chosen
in a variety of ways(zs).

The class of the gradient-type methods differ mainly in the
3’ and in some cases fj and fj' -It is shawn“s) that the
convergence rate near the minimum for algorithm (3.3.5) with 5’ 3 chosen

selection of S
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by a cne - dimensicnal search is

A 2 A
J(pj-n-l) < ([‘Lmax - (umin)/((umax * Goan! J(Pj) (3.3.8)

where (""max and C“ min 3FC the maximum and minimum eigenvalues of

Sj( azJ/aBZ)- It is clear from (3.3.8) that the best convergence is

2, =1

achieved by making S, as nearly as possible equal to ( azJ/ 299 In

b
developing our IAS we use Newton-Raphson technique as a member of the
gradient-type methods.

For the Newton-~Raphson technique S 3 is chosen as

-1
( 2%3/2 f:z) s . ?’j and S’j = | except when this choice of 5):‘

glves an increase in cost. Vhen this method converges, the convergence
is quadratic. However, the method has the following drawbacks: a) It
fails to converge to the desired optirum whenever (’323/262) has some
negative eigenvalues. b) If (32J/a'f:2) is nearly singular, there are
numerical problems in inverting it. This may result in slow or no con-
vergence at all. ¢) Generally, the computation of (32J/a'f:2) is very
expensive. This is the main reason that we will consider various modi-
fications of this algorithm by doing some approximations in order to
save on comwtation.load.

The first modification will be to get an approximation of
(aleapz) rather than computing its exact value. Differentiating Eq.

(3.3.3) with respect to B we get (assuming B, constant),.

i

N
A AT
f -aJ A ~ = - ( / )B (30309)
s =23k ls g [gaxap“ei]j
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where 2x/07P is the sensitivity matrix of dimension n x £ ( £ is the

number of unknown parameters) whose form is

[ o A
Bxl/aﬁl axl/ax?z cee 3x1/3 P
dx/3p = |3 %,/3 B, 2x,/DB,  +ee  Dxy/2P, (3.3.10)
A A
-'3 xn/ap( '3xn/2p2 eee axn/a pl_j

Differentiating Eq. (3.3.9) with respect to 8 we get

N
-1 AT e A ~ 2 a2
5t [Z(ax/a )78, (2x/2 p)i] 2 Gty g o
L3y
Then substituting Eqs. (3.3.11) and (3.3.9) into Eq. (3.3.5) yields
N N
A A . a.T A -1 AT
pj+l - pj + [Z(axlap)iBi(ax/a p)j] I [2(3 x/2p) Biei] 3 (3.3.12)
L=y : it

where (9 x/2 '13) , the sensitivity matrix, can be obtained by differen-
tiating Eq. (3.3.1) with respect to p and inteecchanging 9/ P with d/dt.

This yields

. A A A A A A (303013)
d4/dt(I9x/2P) = Am(p)(a x/29) +3/9p [Am(P)x + Bm(p)‘fs] x constant

Since the initial conditions of the model, x(0), can be selected inde=-
pendently of 50, the initial condition for the sensitivity matrix
(9x/2P) is set to zero, (0). Hence, (92x/JD) can be obtained by solving

the set of differential equations given by Eq. (3.3.13). Since S‘1 is
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non-=negative definite, one can always find a SJ j such that

-1
J

we may obtain

J(de.) < J(Sj). The method, however, runs into the problem when S

b
so that J(;j-»l) > J(sj) for all S’j > 0. For these

is singular or nearly singular, that when inverting S

an indefinite S j?
cases it is better to obtain the parameter step by solving the follow=-

ing linear equations

-1,A

s;(py,, - Bj) --f (3.3.14)

3

(25)

Several schemes are available for selecting S’ j° Since the

calculation of J( S) is very expensive(zs) , metheds which require several

trial values of S’ 3 during each iteration are not desirable. A simple

procedure is to use 57 j = 1 in those cases where

J(SJ+1) : J(Sj) < afjf§sjfj (3.3.15)

If condition (3.3.15) is not satisfied, J(Sj), £ J(de) and £

j 9
are used to obtain a quadratic fit in s and the stationary value

f(l) that minimizes the quadratic fit is computed using f j = f (1) .

j+l

The convergence criterion for this IAS is satisfied when the
following conditions are met: a) The cost function J(s j+1) is below

some quantity &£ 1 fixed by the designer, i.e.
A
ey £ €, (3.3.16)

b) The vector 3 jal is close to its previous iterate ﬁ 3 in the Buclidean

norn sense i.e.

n ?’34.1 - Sj” < €, (3.3.17)
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where €& , is determined by the designer. c) As we shall show in the

following section (3.4) S is the covariance matrix of Bj+l' Hence,

j+l
its i-th diagonal element is checked to be smaller than the allowable

covariance of the parameter Bl il.e.

A
(sj+l)ﬁ.$ cov p, (3.3.18)

where cov Si 1s determined by the designer and is the maximum tolerable
covariance of the coefficient 61'

Parameters 6 i after they have passed the convergence criterion
are packed into a parameter vector 8 of dimension € x 1 to be used in cone

junction with the Learning Algorithm Subsystem (LAS).
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3.4. The Learninag Algorithm Subsystem (LAS)

The values of parameter vector s affecting the dynamics of the
plant are fitted to predetermined analytical expressions which describe
the behavior of 3 over a ranqge of i:he plant's operating conditions, de-
noted by vector h . Assume the relationship between the parameter vector
Q and the plant's operating condition vector h be descrited by an unknown

memoryless system
s - f(h) +K (3-4nl)

where A is the uncertainty vector of 13 with properties E{(A) = 0 and the

covariance matrix

R = EQA) = E [’B - E(S)].[S - 5(3)] T (3.4.2)
where E(P) = £(h)

A model is assumed of the form

£(h) = H(h)C ' (3.4.3)

where H(h) is the operating condition matrix whose elements in any row

are linearly independent functions of h spannihg the space £(h). The values
of ﬁ and H(h) to be used in the evaluation of the coefficient vector C are
received secuentially from the information acquisition subsystem. Hence,

an iterative form of the least-square method is appropriate for obtaining
the coefficient vector C each time new information (P, h) is received from
the IAS. The problem is to select an estimate oé C, denoted by Ck’ which

minimizes the quadratic criterien ¢k given by

t ) .,
A T =1l (A
9, -Z ["1 - H(hi)C'k] R} [pi - H(hi)Ck] (3.4.4)

L=t
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The subscriptv on Ck is used to emphasize that we are using k vector obser=-
vations to compute the estimate. At present, the subscript is superflucus,
but it will be helpful when we develop the sequential format in the sequel.
Eecause the minimization of Qk is an ordinary deterministic minimization

problem, the least-squares estimate Ck is obtained by setting
2¢k/ack =0 (3.4.5)

Differentiating Eq. (3.4.4) with respect to Ck yields

k
T -1( A

ey

Solving Eq. (3.4.6) for Ck we obtain

Kk k
c, = [ZHT(hi)R;lH(hi)] -1 [ZH’@QE?&] ' (3.4.7)
¢zl L3l

Note that the solution requires the inversion of the matrix

k
ZHT(hi) R;]'H(h i) . The existence of this inverse is essertially an

(%}
okservapility requirement(sg) . For notational convenience, let us define

Pk as

Kk
A T - -1
P 2 [ZH (hi)RilH(hi)] (3.4.8)

Cal
In view of Eq. (3.4.8), Eq. (3.4.7) becomes

1 4
T =14
. =Py [ZH ()R] pj] o (3.4.9)

L
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It is desired to establish an iterative formula to simplify the computations
involved in Egqs. (3.4.7)and (3.4.9). To do so, suppose the data ﬁk+l’

hkd. is available, then ck+1 will be

k »t
k 1 ZH (hi)Ri i (3.4.10)
where
k*l -1
T -
L [Za (hi)Rj.lH(hi)] (3.4.11)

Taking the inverse of Eq. (3.4.11) yields

K+t k

-l T - T - T

P -ZH (hi)Ri]‘H(hi) -ZH (hi)Ri]'H(hi)+ H (| l)‘tkH o1 (3.4.12)
=l izl

Inverting Eq. {3.4.8) and then substituting into Eq. (3.4.12) yilelds

-1 -1 T -1
CPrar =B+ H I PR GH(E D) (3.4.13)

-1
Since matrices Pk-o-l' Pk’ H(h 1), Rk 1 satisfy Eq. (3.4.13) and P Prel?

s Rk p are nonsingular and H(hk+1) is of maximum rank, then Pko-l is

given w(59)

-1
T T
Prop = Py = B H (y ) [H(h.’“l)PkH (h,,,) + de] H(hy )P, (3.4.14)

Equation (3.4.10) may also be written in the form
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k

-1 A
ol * Prar [2" th )Ri By + W (ny, ) k+lpk+l] (3.4.15)
o=
Substituting Eq. (3.4.14) into Eq. (3.4.15) and rearranging terms yields

the iterative equation for Ck+1

T T -l A
Seat = S BT [ BTy 8] T [y - M6

(3.4.16)

The initial values of vector Co ray be selected as the coefficients of
the interpolation polynomials over some apriori available data akout the
variation of parameters Si's oyer sore range of admissidle operating con-
dition h. This is done in order to start with a finite uncertainty about
the coefficients C which 1s a necessary condition to guarantee stability
of Egs. (3.4.14) and (3.4.16). The matrix Po may be chosen initially as
any positive definite matrix, and this choice influences considerably
the rate of convergence and stability of the algorithm(71)

To provide an estimate of the covariance matrix R of vector S let

A

= pj+l Py (3.4.17)

p -E (p)

Substituting Eq. (3.3.12) into Eq. (3.4.2) and using the approximation

given by Eq. (3.4.17) yields

M‘ .
R = [anx/a aﬁ_a(ax/aa)] [E z( ax/ap)f_ —i’i 5(3 x/ap)]
it k=

=l

[E(ax/a 783 %/ ap)] (3.4.18)

ozt



where the bar denotes expectation. Letting
O B'lcfik (3.4.19)
where
Sy =  fr L £ X (3.4.20)
the covariance matrix R of vector ?: reduces to
N -1
(3.4.2})

R = [Z(ax/a ‘i:)'i’ B (ax/afa)i]

XY

Equations (3.4.14), (3.4.16) and (3.4.21) constitute the Learning Algo=-

rithm Subsystem (LAS).
To obtain the goodness of the least-squares estimate Ck let us

define the estimation error as

< 2 cec (3.4.22)
Svbstitution of Eq. (3.4.9) into Eq. (3.4.22) yilelds
k
~ . T «lA
T ac-? Zx (hR]B, (3.4.23)
o=
since
Si' = H(h)C + X, (3.4.24)
Therefore, substituting Eq. (3.4.24) into Eq. (3.4.23) gives
(3.4.25)

K
~ T -1
g -c- sz HT(n IR} [H(hi)c *M]

Lt
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In view of Eq. (3.4.8)

3

~ T -1
Ck = = Pk::E:l{ (hi)Ri‘Ai (3.4026)

PR

Taking the expectation of Eq. (3.4.26) we obtain the expected value of
Ck as
k

s(gk) -7 Z HT(hi)Rzll\i =0 (3.4.27)

=)
Hence, Ck is an unbiased estimator. The covariance of the least-squares

estimation error is given by

3 Kk
~ T l™7T. -
(Cov)C, = B, [Z ZH (h, )R] Ai,\jaj’mhj)] P, (3.4.28)

st isl

In view of Eq. (3.4.2), Eq. (3.4.28) becomes

k
~ T -
(Cov)Ck = Pk [ZH (hi)Ri]H(hi)] Pk = Pk (3.4.29)

PRt
A necessary test for the LAS must be to continually evaluate the
validity of the information in vector Ck' This test is performed by the
confidence c":iterion which is satisfied when the following conditions
are met: a) The mean square error is below some quantity £ , fixed by

the designer i.e.

] (x + 1)£1 (3.4.30)

<
X+l =
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b) The vector Ck+l is close to its previocus iterate Ck in the Euclidean

norm sense l.e.
IS - || < €2 (3.4.31)

where again E’Z is a number determined by the designer and depends upon
the desired accuracy. c) The i-th diagonal element of matrix P is

smaller than the allowable covariance of the coefficient C,. Since

i
2
then condition (¢} reduces to
{p,) £ cov C ‘ (3.4.33)

ki - i

where the quantity cov c1 is fixed by the designer and is the maximum
tolerable covariance of the coefficient Ci.

Note that ¢k+l used in Eg. (3.4.30) is given iteratively by

n ) T -1 A
Bevr =% * [pk+1 - h(hk+l)ck+l] Resl [pk+l - H(hk+l)ck+l]

(3 .4.34)

where @, is defined by Eq. (3.4.4).
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3.5. The Memory and Control Process Subsvstenm (MCPS)

The plant's dynamic characteristics vary over different opera-
ting conditions h, therefore, the overall objective of the learning
control system is to maintain uniform dynamic quality parameters over
2ll possible operating conditions insofar as possible. That objective
might be compromised because the feedback gains required to maintain
uniform dynamic quality characteristics may be excessive. Excessive
feedback gains can excite instabilities caused by nonlinearities of the
plant.

In order to alleviate this possibility, the memory stores the
values of vector Ck after they have passed the confidence criterion
test. The control process subsystem, which consists of control laws,
then cbmp.ttes the correc_tions AG and AK needed for the feedforward
and feedback gain matrices G and K respectively using the stored val-
ues of vector Ck' In order to design the control laws'for maintaining
uniform dynamic quality parameters a design criterion is selected that
vields a relation between the feedforward and feedback gains as a
function of the parameter vector S and hence a function of the coeffi-
cient vector Ck. In summary, the control law is designed to meet a
design criterion over a range of operating conditions to yield an oper-
ationally feasible control system.

Imposing the constraint that the plant's handling qualities
remain the same over all possible flight conditions we get from £gs.
(3.2.5) and (3.2.6)

Ap(p) + Bp(p)K = constant

(3.5.1)
Bp(p)G = constant
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Applying the difference operator A on both sides of Eq. (3.5.1) gives

(3‘502)

[A B,(p) ]G + [Bp(p)]A Ga0

The solution of Eq. (3.5.2) for A\ K and A\ G yields relationships

which constitute the control laws given by

-1
Ak, =-|BUoB ()] Bp |Aalip) +As (pik (3.5.3)
i o] Jof P P p i
where i = 1,2,......,11 and
T -l
DG = - [Bp(p)sp(p)] Bp(p) [A Bp(p)]G (3.5.4)

Note that superscript i on the matrix A Ap( p) denotes the i-th.
colum vector matrixz AAp(p) . .Equations (3.5.3) and (3.5.4) readily
apply as the control laws for the longitudinal dynamics but not for
the lateral dynamics since in the latter case the two inputs to the
plant are not linear combinaticns of all the states. The lateral
control laws will be developed in sections 4.5 and 5.4 accroding to
the specific application.

The next chapter presents the application of the ICS to a high

order representatiocn of the F-8 DFEY alrcraft dynamics.



Y
F-8 infoimétion
Aircraft cquisition

(Plant) Subsystem

(LAS)
/ A
P

¥

K c\/ e
Learning

4 Algorithm
_/Z Subsystem

. ’ . (LAS)

?‘/’
G .

Ss '

Memory and
Control Process

- Subsystem

AG and AK (MCPS)

Fig. 3.1 Functional Organization of Learning Control System
For The F-8 DFEW Aircraft.

47



Je Plant > Y

4

Adaptive
v, Algorithm

A

Reference
Model

v
N

s 4

Fig. 3.2 Functional Organization of the Information Acquisition
Subsystem (IAS)



49

CHAPTER 4

CASE STUDY I; THE APPLICATION OF THE LCS

TO A HIGH ORDER REPRESENTATION OF THE F-8 DFBW AIRCRAFT DYNAMICS

4.1. Introduction

To describe the behavior of an aircraft, one must study the non-
linear equations of motion of the aizcraft. A solution for these equa-
tions may be obtained Ly the use of analog or digital computers or by
nmarual numerical integration. In most cases, however, by the use of
proper assumptions, the nonlinear ecuations can be decoupled into two
sets of equations describing the longitudinal and lateral dynamics sepa-
rately. In order to obtain the two sets of equations, one may consider
the aircraft to be in straight and level unaccelerated flight and then
to be disturbed either by deflection of the elevator or by the aileron
and rudder. The elevator deflection applies a pitching moment (longitue
dinal) but does not cause a rolling or yawing roment (lateral). On the
other hand, a rolling and a yawing moment generated by the ailercn and
rudder disturbance excites angular velocities about all three axes; thus,
for certain cases the equation cannot be decoupled. The pitching moment
that is generated from a lateral motion results from second order terms
of yaw rate and roll rate thus, if the perturbations are small, and if
one assumes that yaw rate and roll rate are so small that their products
and squares can be neglected, then the equations can be decoupled.

This chapter describes a sirulation of our learning control system
(LCS) on a digital computer as applied to the decoupled longitudinal and
lateral dynamics of the F-8 DFBEJ aircraft. The simulation is not concermed

with real-time while the aircraft is flying. In this study, as a first
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attempt of applying the LCS system, fourth order lineariced representa-
tions were used both for the modeling of the longitudinal and lateral
dynamics of the plant. The main concern was to get insight into.the
properties Aﬁd the behavior of the ICS.

Another aim of the work described in this chapter was to compare
two different learning control systems based upon two different Informae
tion Acquisition Subsystems (IAS): (1) Liapunov Method and (2) Newton-
Raphson lethod.

le will consider a more realistic application of our LCS in the
following chapter (Chapter 5) where we use non-linearized equations for
the plant and we are concerned with the real time application.

This chapter is divided into five sections. The first two sec-
tions will describe the longitudinal dynamics and the LCS as applied to
the longitudinal dynamics. The next two sections will describe the
lateral dynamics and the LCS as applied to the lateral dynamics; The
last section will discuss the simulation with the associated results and

sone concluding remarks.
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4.2. The lLongitudinal Dvnamics

For the longitudinal case the state variables of the aircraft
system are pitch rate q, forward velocity v, angle of attack = and pitch

angle 8. The linearized equations of motion at selected flight conditions

have the matrix form

P - - b F - -~ -
q Py P P, O q P,
v 0 P P -9 v P
= 3 4 + 8 % ‘S/e (4.201)
> <
= 1 p Pg O P
8 | (1 o 0 o] LeJ Lo |

where gf; is a linear combination of the states and the pilot's input

given by the following equation
e s

Note that Jrs is the pilot's (stick) input and K and G are gain natrices

as defined in Chapter 3. Parareters Py through Pig e functions of the

. 2
aircraft's stability derivatives given by the following equations( l):

o 903

p, = (gSC/2Vv.I) (C +C_ )
1 oy qq &

plo - (QSC/Von) [Cm

2
L (asc/2av )C, . cLu]

P, = (57.3aSC/1) [cm“ - (qSC/ZmV;‘)Cm:‘ cL“]

Py = - (qS/mv;')cDu p, = (57.3as/mC;
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2 2
Pg = (qS/m\lo)CLu Pg = (57.3q5/mV°)CL“
2
p7 = (57.3qSC/Iy) [Cm - (qSC/ZmVo)Cm' CE{'] (4.2.2)
Je ~ Ve
Pg = (57.3q5/m)Cb Py = (57.3q$/mV°)CL
e J;

The stability derivatives affect the dynamics of the aircraft and as an
example we will discuss the effects of Cm“.

The static longitudinal stability of the aircraft is determined
by the term Cmd which is the change in the pitching moment due to a
change In the angle of attack. For a '"statically stable aircraft" this
term rust be negative. A statically stable aircraft is one that tends to
return to its equilibrium condition after a disturbance has occurred. A °
negative Cmd means that as the angle of attack increases positively, the
pitching moment becomes more negative tending to decrease the angle of
attack. The oprosite is true for a positive Cm .

o
Although all aircraft are designed to be statically stable, Cm

o
negative, certain flight conditions can result in large changes in the
longitudinal stability. A severe shift in the longitudinal stability
results in some hiéh performance aircraft at high angles of attack, a phe-
norenon referred to as "pitch-up". As long as the slope of the Cm versus
K curve is negative the aircraft is stable but as the angle of attack

is increased, the slope changes sign and the aircraft becormes unstable.

If corrective action is not taken, the angle of attack increases until the
aircraft stalls. This usually happens so rapidly that the pilot is unable

to control or stop the pitch-up. A practical solution of the pitch-up
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problem is to limit the aircraft to angles of attack below the critical
angle of attack; however, this also limits the performance of the aircraft.
In order not to limit the aircraft's performance, the longitudinal con-
trol system is designed to make the aircraft flyable at angles of attack
greater than the critical angle of attack. To design properly the longi-
tudinal control system, we need a good estimate of the longitudinal parame
eters which is provided by cur Learning Algorithm Subsystem (LAS). Our
method of development of the longitudinal ICS is described in the following

section.
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4.3. Realization of the LCS as Applied to the Lonairudinal Dvnamics

As indicated in Chapter 3, to implement Liapunov's IAS, a model
described by Eq. (3.2.4) is used which for the longitudinal dynamics

has the form

(2] [-10 o o | [z |
zl -1 0 zl
22 Q -10 0 Q 22
] = { +
23 0 0 =10 (o} 23
z 4 0 0 0 -10 z4
e - — J | -
A A A T r 9 ~A
* |P 0 Py P2 0 q Py
P.+10 P P
0 Py+ P, -9 v Pg s -
A % + A x eJe
o s
1 Ps Pgtl0 0 Py
1l (o] 0 10 e 0 J

or in equivalent form

[~ - - PeA A A 1 - A p
2y Pp P P O [4 E
‘-:‘ A A A
2| |9 p3 Py JII|V Pg
. - A A 0 x » * |a * J/s M
z 1 0o o 0 ) 0
b 4 - e 4 k4 - J
-y r -
+ | =10 0 O 0 el
0 =10 0 O e,
X (4 «3 12)
0 0 =10 © e3
o] 0 0 10 e
L J L4

where Si is an estimate of Py and



re ] -z -q
1 1

e, Z, =V

e3 = z3 - X

e z, = -]

The matrices P, N

i
as
30 0 0
P = 0 30 0
0 0 30
0.01 0 0
Nl = 0 10 0
0 0 0.0001
L -
e 0 0
Nz - 0 10 0
0 (o] 0.001
— =
e 0 0
N3 = 0 10 0
B 0 0 0.0001 |
Ql = Q2 - Q3 = 0.00001
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(4.3.3)

and Qi appearing in the Liapunov function are chosen

(4.3.4)

(4.3.4a)

(4.3.4Db)

(4.3.4c)

(4.3.44)

Note that even though we consider a fourth order system, matrices P and Ni
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are of third order because there are no unknown parameters in the fourth
differential equation therefore, e4 = 0. The matrices Ql’ Qz, Q3 re-
duce to be scalars because there is only one columrn in matrix Bm(ﬁ). The

infinity elements in N, and N, matrices indicate that the corresponding

2 3
elenents of the Am(ﬁ) matrix is known. For example, the first diagonal

element of matrix N_, being ¢ shows that the first element of the third

3
row of the Am(s) matrix is known, namely 1. After these choices have

been made (Eqs. 4.3.4) the adaptive algorithm equations given by Eqs.
(3.2.16) and (3.2.17) reduce to
+

A A{o)
B, =5, - f(soelq/.on at

0
+

A A (o)
(]

A (o)
2" Py -

(30el°(/.0001) dt

N

(30e2v/10) dt

o>
[¥% ]
[
g
W~
o
~
[]
[ ]

(3032d /.001) dt

>
o
"
Q>
”~
LA
L -2
]
o'—\.
o

(4.3.5)
( 30e3v/ 10) 4t

o
()
]
ke
wn
'

(30e3 o« /.0001) dt

3, =5 (30e, J/.00001) dt

e
~
(]
)
]

0>
[+))
[}
A
O~
e
[]
Q%d' Qk“ﬁ& Q‘\‘
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¢
A (o)
Pg = Py - f (30e, J _/.00001) dt

o
t

A A(o0)
Py = Py - f (30e, fs/.oooon dt
0

where 3;?) is an initial estimate of paraneter Py

For the Newton-Raphson IAS a model described by Eq. (3.3.1) is

used which for the longitudinal dynamics has the form

. A A A R B T Ca 7]
X Py Pg Py O *y P,
» A A A
) O Py Py 9| |% Pg
. - A A +* A X Jr; (4-3.6f
*3 1 pg Pg O] |% Py
X 4 1 0 0 o) X, 0
= - — o L o — -

In this case the sensitivity matrix (Eq. 5.3.10) has the dimension

3 x 10 with a typical element (the i-j element) 3x,/2 i‘aj (123, 3¢ 1.
Each element of the sensitivity matrix satisfies the differential equat/‘n
(3.3.13) which is used to evaluate that element. For example, the ele-
ments d X,/ ’p‘3 and ?%,/3 81 satisSy the following differential equa/

tions respectively

4/dt( %,/ 33) - 33(3x2/353) + 5, (2%,/35)) + %,
(4.3.77
a/¢t(? x4/3B,) = (3x,/2 Bl) + Ssca %,/ d 'g‘:l) + Ssca x4/ 61)

Note that the other elements of the sensitivity matrix are not shown hef‘
but are obtained in a similar way. After all sensitivity elements are

obtained, they are substituted into Iq. (3.3.12) to yield an irproved
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estimate of vector p.

In this study we used data from reference 21y and considered the
four wing-down (Q0) configurations. The simulated flights were at three
different altitudes (L = sea level, L = 20,000 ft., L = 40,000 £t.) and
three different mach numbecs (M = 0.5, M = 0.7, M = 0.9). The first
step was to interpolate polynomials through the data in the least square
sense and deternine a functional representation of the model system pa-
rameter fa 5 with respect to mach number M and altitude L for the purpose
of establishing the model as a function of M and L. These functional
representations are used for the Learning Algorithm Subsystem (LAS) and
were determined so that the fMean square error hetween the curves and the

data was below a pre-specified bound. The functional representations of

the Si parameters are of the form

A A
P, = pl(M,L) c1 + czn + c3L + C4M L

M +C7L + CSM L + (:91-'.‘2 +C L2

faz(M,_L) =C +C o

kel
n
[}

6

A
p3(M,L) ™ cn + clzx-i + CJ.BL + Cl4t-'£ L + Clsh + ClSL

e
w
L}

A », )
p4(I'I,L) - C17 + Cla‘l + C19L + Czo“ L + C21M + szb

)
»H
[ ]

A ve : 1 .
ps(r-:,L) = c23 + Coglt + CZSL + c26u L+ c271 + C28‘4

el
wy
[}

A . . 2
ps(;.g’m - C29 + c3oh + C31L + C32IX L + C33MZ +C. L

o
)
n

(4.3.8)

37;(1‘1',12) = C,_ + C36ﬂ + C..L+C

ke
~3
[ ]

35

A -
Pg = Pg(M,L) = C _+c42M+c43L+c44ML + Cugit” +C L 4

+
u.
[
+
N
ul
:.H
+
N

A . c_.1
pg - 99(1-'.,L) = Cso + C51r‘ * ~g5o= 55
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2
(M,L) = Cgg + Co M + Cogl + CgoM L + CGOMZ +CoL 4

A A
P10 * P10

2 3 4
ML + C64H + CSSH + C66L M

3

+ C 2L Mz + C

6 63

After establishing the model as a function of M and L we applied our
ICS as described in the previous chapter and the results are discussed
in section 4.6.

As an illustration of the LAS consider one parameter curve Sl(H,L)
and assume for simplicity that

Cc

1
+ CHM+CL=]l ML]KIC = H(M,L)C (4.3.9)
pd 3 2

C3

A
pl(I-I,L) = C.'.1

Now assume the aircraft flies at mach number Ml and altitude L1 and the

IAS generates $1<m1,L1). Interpolating wind tunnel data we have an a priori

knowledge of vector C; namely

(0)
Cl |
C = C. (4.3.10)
o 2
C3

Let Po = I3 (Identity matrix and initial covariance matrix of vector C).

The LAS updates vector C according to Eq. (3.4.16)

v Joy T (0)
1 < 1 S
I N Py r
S = S M| (g el ep e L) (P 0L [1 I“1“1]‘ )
C3 C3 Ll C3

(4.3.11)



where rll

given by Eq. 3.4.2).
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is the first diagonal element of matrix R (covariance of A

For simplicity let £, - 1. Equation (4.3.1l1) yields
(1) (o) A (o) (o) (o) 2 2
Cl = Cl + [pl(t-ll,Ll) - (Cl + C2 Ml-o- C3 Ll)] /7(2+ Hl + Ll)
(1) (o) A (o) (o), (o) 2 2
C,7 = e Ml[pl(Ml,Ll)-(Cl +C, M+ Cq Ll)] /(2 + M, + Ll) (4.3.12)
(1L (o) A (o) (o), (o) 2
C3 - C3 + L1 [pl(Ml,Ll)-(Cl + C. h1+ C3 Ll)] /(2 + Mi + Ll)

The updated covariance matrix Pl is computed according to

rﬁ. (3'4.14)

1 0 O© 1
P1 = 0O 1 0 }-=- Ml
o 0 1 Ll

Equation (4.3.13) yields (for r

1l Hi + Li - Ml
2
Pl = - Ml 2 + L1
-4 - ML

%

5 i o 3
X (rll + 1+ I-il + Ll X [1 hl 1] (4.3.13)
=Y
2 2
2 + Hi

Next assume the aircraft flies at mach number M, and altitude L,

A
and the IAS generates pl (MZ,LQJ. Applying the second iteration of the

learning algorithn (Egs. 3.4.1

with elements

4 and 3.4.16) we obtain an updated vector C
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(2)_ (D _JA (1 (1, (1) } 2 2
< 1+ { Py UMy L,) =(C) ™ 4C, T 1, 4C; T L) (L4M]+L]-M M, <L, L,)/D
() (1 (A (1) (1) (1) } 2. (4.3.15)
c2 = Cz + {pl(uz,r..z)--(c:L +c2 r-12+c3 LZ) (2t-12- Ml+l-12qu~lelL2)/D
(2) (1 A (1) (1) (1) } 2
Cy™ = G377 (P (M,,L,) =(C) ™ 40, T M4y T L) F (2L )= L, +L,H) L M M) /D
where
2 2 2 L2
D=2+ ré + 1’.2 + (1-11 - Mz) + (Ll - Lz) + (LIMZ - b.le) (4.3.16)
and matrix P,
Ji I3, Iy,
2
P, =P - I3, I SIS /D (4.3.17)
J.J. J.J. J°
13 2Y3 2
L J
where
J -1+K\X:ZL+L2 MM L.L
1 1 - My =B
2
- - 3 - 4.3.18
J, = 2M, = M) +i)L7 - MLL, ( )
3y = 2L, - L, + LM} « L.MM,

and Pl is given by Eq. (4.3.14).

The confidence criterion gives according to Eqs. (3.4.30) and
 (3.4.34)

A (1) (), (1) 2
2, -{P.I(MI,LI) - (Cl + G+ Gy Ll)} < €&,
' (4.3.19)

A (1) (2) (2) 2
¢2 = ¢l +{pl(‘4 ’Lz) - (Cz + C2 + MZ + C3 LZ)} 5_ 26,

For the longitudinal LCS the elevator cormand structure is

Je - qu + kzv + k3c< + Ggrs (4.3.20)
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Imposing the constraint that the plant's handling qualities remain the
same over all possible operating conditions, Eqs. (3.5.1) and (4.3.20)
are used to obtain relationships which constitute the control laws given

by

A A A A2 A2 A2
A A A A2 A2 A 2
(4.3.21)

A A A A2 A2 A 2
JAN k3 = -[pa(}cBA p8+A p3).+99(k3A Pg+a Ps) 4'Plo(k3A Pio*a p7)]/( pa+pg+910)

a2 A 2

Py + Pyg)

A A A ~ a2
G = - (paGAp8 + pgcé.p9 + ;:oloGApm)/(p8 +
where the Si are the learned parameters obtained from LAS and A p, 1is
the difference between the learned S i at the current time and the previous
time. Note that the Si are computed using the C'(s stored in the memory.
In the next two sections we will discuss the lateral dynamics and

the development of ocur ICS as applied to the lateral dynamics.
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4.4. The Lateral Dvnamics

For the lateral case the state variables of the aircraft system
are roll rate p, yaw rate r, side slip angle and roll angle . The

linearized equations of motion at selected flight conditions have the

matrix form

p . b o W = - ol -1 - -
P P2 P2 P O Pl |P1o P11
z Py Pg pg O Tl P12 Puz | |Sa
) " = X X (404.1)
ﬁ p7 p8 p9 g/vo .B 0 plé, ;(x:
cos a sin a Q 0 0 0
L.¢ i R £ £ . L?. A JL 4

where f a is the aileron displacerment and J c the rudder displacement.
Angle as is the trimmed angle of attack at each flight condition and the
parameters Py through Py, e functions of the aircraft's stability

derivatives and angle ag and are given by the following equaticns

L' 2 v i.n2
p, = Lcosa £ f-o-Nrs a

! ]
- ‘8i - N i
£ L _sin afcos af A‘pcos a, s1n a £

.
L sin a_cos a_ + L'cosza - N.sinza
b3 b £ P £

1
« N cos a_ sin a
P r

£ £

‘o
N
[}

£

1 .
L'p cos a. = Np sin ag

e
w
(]

L ]
p, =Lcos a_sina_ - L sinza
4 o] r

1 4 2 ]
£ £ + Npcos af - Nps:ln a_cos a

£ £ £

‘t . 2 [} [} L] 2
ps - Lpsm af + chos af sin af + Npsin a_ cos a_ + N: cos a.f

£ £

' ]
Pg = ng sin a + “P cos a.
(4.4.2)

Py = Yp cos a, -Yr sin ag

Pg -Yp sin a; "'Yr cos ag



L) = [ L (Ix::/Ix)N]] / [

[ ]
Ny = [ni . (Ixz/Iz)Li] / [

and i-par,nya! \f:

N sin a
S a £

N.fr sin af

N:fa cos af

N cos a
J. H

1 - (Ixz/ Isz)]

1-(IZ/II)

xzxz]

The unprimed derivatives are defined as

2
L, = (gsp®/2v T )¢,

p

L= (sv.:zqswzx)clfs ,

L[r

= (57.3qSb/I)C,

2
Nr = (gSb IZVOIZ)Cn

T

N‘( = (57.3q5b/Iz)Cn

a

Y = (gSb/2mv3)C
p Q

Yy

r

a

2
LL_ = qSb /ZVOIx)Cl

r

L.f = (57 .3qu/Ix)Cl

a

2
Np = (gSb /ZvoIz

Ny = (57.3qSb/I,
L

e,
P

)Cn

Ne = (57.3qSb/I_)C,

r

Y_ = (qu/Zme,)C

Ye

a

T
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(4.4.3)

(4‘4n4)



65

YP - (57.3q5b/mvo) CY ’ Y‘r = (57.3qu/mV°)C
A a

r
r

As an example, we will discuss the stability derivative C, and

1
P

how it affects the dynamics at the aircraft. ¢, is the change in the

1
p

rolling moment due to a rolling velocity, arising from the change in the
angle of attack on the wings caused by a rolling velocity. The down-going
wing experiences an increase in angle of attack while the up-going wing
is subjected to a decrease in angle of attack. These changes in angle

of attack cause changes in the lift and drag of the up and down going
wings which, in turm, produces a moment opposing the rolling velocity.

Analytical results show that the rudder input (5 J,__) excites mainly
the side slip angle /3 and yaw rate r. :This is called the Dutch roll
mode. In the same manner aileron displacement (.fa ) mainly eéites the
roll angle¢ and roll rate p. This is called the Rolling mode.

There exists a coupling between the Dutch roll mode and the Rolling
mode mainly due to the existence of Cn (which is the chance in the yawing
moment due to a rolling velocity) and gl (which is the change in the rol-
ling moment due to a yawing veleccity). :

The cause for Cn is the sama as that of Cl » The change in the
angle of attack as mentzoned previocusly, will resugt in the lift vector
being tiléed' forward on the down-going wing and rearward on the up-going
wing therefore producing a negative yawing moment (an adverse yaw) for

a positive roll rate.

C. arises from the changes in the lift on the wings resulting from

1
T

a yawing velocity. I€ the aircraft is subject to a yawing velocity, the
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relative veiocity of the left and right wing panels changes with respect
to the air mass. The forward going wing experiences an increase Iin lift
while the lift on the rearward going wing decreases. This factor caused
a positive rolling moment for a positive yawing velocity.

One of the functions of the lateral control system is to provide
artificial damping of the Dutch roll. To do so, we need to have the lateral
parameters as a function of mach number M and altitude L, since the tran- |
sient response of the aircraft varies considerably with changes in airspeed
and altitude. The lateral paraneters are provided by ocur lateral LAS
whose development in conjunction with the IAS is presented in the féllowing

section.



4.5. Realization of the ILCS as Applied to the Lateral Dynamics
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The model used to implement Liapunov's IAS for the lateral dynamics

of the F-8 DFBYW aircraft has the form

_. 1 T —

zy =10 O 0 0 1

z, - 0 =10 O 0 > .

. X

23 0 0 «10 0 3

z 0 o0 0 =10
L 41 L J L4
A A A - n [Fa
p,+10  p, P3 o e 9y
A A ]_0 A O A

+ |Pg4 Pg+ Pg ur . Py

A A A

P, Pg p9+10 g/vo - 0
cos af sin af 0 10 ?_ ,,0

or in equivalent form
. ‘1 A A A 0 T 7
21 Py P2 Py p
A A A 0

2 Py Ps Pg x| *

. = A A A

23 Pq Pg Py 9V, | |P
b24 ] _cos af sin af o] 0 | -¢_
s 10T i o 0 o0 0
P10 Pu1 -1

A A

. P1o P13 . J/a . 0 =10 O 0
A

o} P14 fr 0 0 <10 0
_o 0 J L | 0 O 0 =10

where Si is an estimate of Py and

(o]

N

e
i

P11

A

P13 . Sa

pl4 «fr

°

(4.5.1)

(4.5.2)
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1 1

e, - z, - r (4.5.3)
e 23 =B

e, Z, -9

The matrices P, N, and Q, involved in the Liapunov function are chosen

i i
as follows:
P
30 0 0
P = 0 30 )
0 0 30
-
0.01 0 0
N, = ) 0.0001 )
0 ) 0.00001
ro.001 0 0
N, = 0 0.00001 0
0 0 0.000001
(4.5.4)
0.01 0 0
Ny = ‘0 0.0001 )
0 0 0.00001
0.00001 0
Q. =« Q. =
1 2 ) 0.00001

i le =] 0o
Q3 =
0 0.00001
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The same reasoning as before (see longitudinal dynamics) indicates that
the P and Ni matrices are of third order. Note that e, = o, Qi matrices
are of second order and matrix Bm(ﬁ) has two colums. The infinity
element of matrix Q3 indicates that the first element of the third row

of matrix Bm(s) is known, namely 0. The adaptive algorithm equation used
to identify the parameters of the lateral dynamics are obtained by substi-
tuting Eqs. (4.5.4) into Eqs. (3.2.16) and (3.2.17) and are given by

€

A (o)
8, =l f (30e,p/0.01)dt
o

t
A A (o)
P, = P, --f(30e1r/0.0001)dt

Py = ”(°) f(we p /0-00001)dt
B, = ?aff)- f (30e,p/0.001)dt
9
-'i:§°)- f (30e,r/0.00001)dt
[] .
o
A(OQ
A A(o)
P, = (30e 4p/0.01)at
Pg = ‘(°) fcsoe £/0.0001)dt (4.5.5)
By = "(°) f(aoe [3/0-00001)at
A (o)
Py = Ppp - (30e1.r 4/0-00001)dt

pu - p]_1 f (30e, .)' /0.00001)dt



A(o)

N
P (30e. S /0
o

¢
A A (o)
Pyy = B3 - f (30e2.)/ /0-00001)dt
]

Ao

t N
A )
B, = Dio -f (30e, J_/0.00001)dt
o

Again $§°) is an initial estimate of parameter Py

In order to implement the Newton-Raphson IAS for the lateral

dynamics, a model of the following form is used

ri 7T Ta A A o 11 B 27150~
1 P P, Py X P1o P11
. A A A o A A
x2 - 94 ps ps x2 + plZ pl3 Lfa (4.5.6)
x 8 B Pe o/ o P
3 Py Pg Pg 9V | | %3 Pig} |Sr
* cos a sina_. O 4] X 0 0

In this case, the sensitivity matrix has dimension 3 x 14 whose i - }§
element 1s D x,/d 33 (L £3, j< 14). The differential Eq. (3.3.13) is
solved to evaluate the elements of the sensitivity matrix. Once the
sensitivity elements are obtained, they are substituted into Eq. (3.3.12)
to yield an improved estimate of vector 6.

For the lateral simulation, we once again used data from refer-
ence (21) and considered the four wing-down (C0) configurations at three
different altitudes (L = sea level, L = 20,000 ft., L = 40,000 ft.) and
three different mach numbers (M = 0.5, M = 0.7, M = 0.9). The same
procedure used for the longitudinal case was followed through the lateral
case except that the interpolation polynomials used to represent the sys-

ten parameters 31 with respect to mach number M and altitude L were only
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expanded up to second order terms resulting in the following equations:

kel
[
n

1 2 3 4

'f:z(M,L)

0
n
[ ]

C., + CSM + C9L +-Cm

+C. M+ C..L +

A
pB(I-I,L) = Cl3 14 15

ke
w
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+C.. M+ C..L +

64(r-x,m =C 20 ~

0
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19

A
ps(l\!,L) - C25 + C25X~1 + C27L +
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ke
~
"

37 39
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44 L+
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43 45

’;39 (14,L)
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C49 + CSOM + CSlL +

(M,L) = CSS + CSSM * C57L
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A A
P10 * P1o

Cs1

A A
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>
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2
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c

ZZML +

C2 8!’:.1. +

C3 4}7.1: +

C4OI-IL +

C46ML +

o
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+ C5 amL

+ C 4HL

6

+ C_,oML

+ C7 SI-ZL

+ CazML

CITMZ +
<:2 3M2 +

CMZ+

+ C 1-12
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+ CSSMZ

2
+ C.nM

+ C7'r”2

+ C83MZ

(4.5.7)

Once the relatiocnship between the lateral parameters as a function of

mach number M and altitude L has been established Egs. (4.5.7) the

application of the LAS is implemented by the iterative application of

ms. {3.4.14) and (3.4.186) .

For the lateral LCS the aileron and rudder command structures are

‘ra = Kp + Glel

Semrr v Kyf+ G0,

(4.5.8)
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Imposing the constraint that the plant's handling qualities rermain the

same over all possible operating conditions, Eqs. (3.5.1)and (4.5.8) are

used to obtain relationships which constitute the control laws given by

AKI

Ax,

AK3

Ag,

Ag,

where

<[P (KAP.. +AP) + P (KAP.. +ADP)]| /3.2 +3.9
Pyo't18 Pyg Py) + PptRA Pyo Py Pio * P12

A A
- [pn(KzA Py *+ A pz) + pB(KzA P13 * fa ps) +

2

A A 2 A 2 A
+ p14(K2Apl4 + Aps)] /(pn + P13 + Pyq )

A A
- [pu(K3A Py; + A p3) + pu(K3A Py3 ¢+ A ps) + (4.5.9)

A A2 A2 A2
+ p14(K3Apl4 + A pg)]/(pu + Py * p14)

A A A2 A 2
= (P1gG1AP g *+ P16 A P,/ (P + Pyy)

A A A A2 A2 42
= (P16 Py + P3GpA P13 + P GoAP )/ (P + Pyy + Pyy)

Si are the learned parameters obtained from the LAS and A Py is the

difference between the learned ?’i at the current time and the previocus

time.

Note that Bi are computed using the C'ks stored in the memory.

This process was illustrated in section 4.3 and' is carried out for the

lateral case in the same fashion.
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4.6. Results and Discussion

Qur LCS was applied to the longitudinal and lateral dynamics of
the F-8 DFBW aircraft. The complete system was simulated on a digital
computer as shown by the flow diagrams of figures 4-la (Liapunov's IAS)
and 4-1b (Newton-Raphson IAS). The learning of twenty four aircraft
paraneters (ten for the longitudinal dynamics and fourteen for the lat-
eral dynamics) have been evaluated. Six of these parameters (longitudi-
nal pl, p3, Pg and lateral Py» p4, pll) are presented in Figs. 4.2-4.13
to emphasize the learning performance of the two different ILCS.

A comparison between Figs. 4-2 & 4-5 and 4-4 & 4-7 show that the
learned parameter curves using Newton-Raphson IAS give a Letter approxi-
mation to the plant parameter curves than the ones obtained by using
Liapunov's IAS. A comparison between Figs. 4-3 & 4-6 show that where
Liapunov's IAS failed to obtain a better approximation of the initial
paranmeters, Newt;n-Raphson IAS did not. These comparisons are based upon
equal time operation of the two learning control systems, while both the
information acquisition'subsystems passed the convergence criterion.
Since the convergence criterion has keen satisfied in both IAS's there
is no need to further extend the monitoring of the adjusted parameters.
It is assumed that once the parameters pass the convergence criterion
little or not additional information is gained by further operation of
the system.

These observations indicate that the performance of the learning
control system is strongly affected by the accuracy of the IAS. The come
parative results show that the LCS using the IAS based on Newton-Raphson
method produces better learming of the parameters.llrhis, in turn, means

that the gain schedule adjustments were more accurate than the adjustments
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obtained from the LCS based on Liapunov's direct method IAS. These ex-
perimental results and the comparative observations were described and
presented at the NASA session of the 1976 IEZE Decision and Control
Conference, Clearwater, Florida, December 1976. The presentation is
published in the Proceedings of this COnfer:mce(ss) .
It was also observed experimentally that for a low amplitude input

signal J/ s in both Liapunov's and Newton-Raphson's IAS the measurement

1formation coni;.ent, Y, is not acdeguate to obtain a useful estimate vector
'1\: because the process attempts to £it the noise. This indicates that there
exists a need to make tests on measurement information prior to modifying
the estimate of parareter vector 3. For the Liapunov IAS this test was
incorporated in the convergence criterion described in Chapter 3. For

the Newton-Raphson's IAS lower tounds were placed on the diagonal elements

of the information matrix I, given by

N
I =Z(a x/a DT 8,2 x/2 B); (4.6.1)
3
prior to allowing adjustments of the estimate of parameter vector 3 The
bounds were determined by examining the variation of the appropriate in-
formation matrix elements during steady-state conditions with no input
signal applied. In that case, the variations were caused by measurement
noise so that any variations of the elements below the selected bounds
were regarded as being caused by measu;:ement noise and therefore, the
estimate of parameter vector S was not adjusted.
Since Newton-Raphson method proved to give better results for the
IAS therefore, this information acquisition procedure is incorporated

with the LAS and the Memory and Control Process subsystem (MCPS) to form
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a ILCS which is applied to NASA's real-time sirmlation of the F-8 DFBW
aircraft. This ICS has been evaluated on NASA's real-time computer and

is presented in the next chapter.
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Fig. 4.11 LHTR . P2 \/S " MHCH (Newton-Raphson IAS)

«— plant & learned

{

o)

1 T ¥ R T i T M i T T I
.30C.35 0.40 0.45 (.0 ©.55 0.GC 0.68 0.79 0.7S 0.80 0.85 0.90
MACH



LATR. P4

-0.115 -0.110 -0.10% -0.100 -0.095 -0.090 -0.085 -0.080
1 i 1 1 1 i i 1 }

-0.i20

i

-0.i25

-0.130

rg. a2 LATR. P4 V3.

88

M H C H (Mewton-Raphson IAS)

MACH

| 1 i I ! 1 H 1 i i ] 1
0.300.35 0.40 0.45 0.0 ©0.55 C.60 0.65 6.70 C.7S 0.80 0.585 0.°C



LATR. P11

89
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CHAPTER 5

CASE STUDY II; THE REAL-TIME APPLICATION OF THE LCS

TO THE F-8 DFBW AIRCRAFT®

S5.1. Introduction

As indicated in the previous chapter, the Learning Control System
(LCS) using the Newton-Raphson IAS had better performance than the LCS
using Liapunov TIAS. Our main concern in this chapter is to apply the
LCS using Newton-Raphson IAS to the piloted six degree of freedom simila-
ticn of the F-8 DFEW aircraft. This was performed at NASA, LRC, on the
real-time simulator.

Liapunov's IAS appears to have a convergence problem when applied
in real-time. This is in contrast to the fact that Liapunov's IAS is by
construction stable, i.e. the convergence of the IAS and hence of the
ICS is always guaranteed. The reason for this discrepancy is thﬁt the
integration routine involved in the adaptive loop requires integration
stepsize as small as a hundredth of the smallest time constant of the -
aircraft dynamics. Since with such a small stepsize, the approximation
of Liapunov's function derivative is no longer semi-definite therefore,
one becomes confronted with a covergence problem.

The Leaming Control System (LCS) designed using Newton-Raphson
IAS has been modified for application for real-time control of the F-8
DFBi aircx;aft. A problem of the Newton-Raphson IAS is the requirement
to to determine the sensitivities of the system state to unknown param-
eters, which is the most time consuming part in the IAS. For this reason,

research has been done on the computation of state sensitivities using

® This study has been conducted at NASA, Langley Research Center.
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reduced order models .( 12,90)

In our application, described in this chap=-
ter, we use first or second order models which generate a modeling error
noise. This indicates the need to make tests on information prior to
rodifying parameter estimates. These tests and convergence tests are in
corporated in the convergence criterion.

In the next two sections we will describe the real-time application
of our ICS to the longitudinal and lateral dynamics of the F-8 DFBVY air-

craft, respectively and in the final section, we will discuss our results.

Se.2. The Real-Time lLongitudinal ILCS

For the longitudinal LCS the dynamics of the plant were sirulated

according to the equations

Ve-3 S/(Cy = Cp cos=x)/m = g sinY

Y= q S(CL + C,r sine)/mv - g cos y/v

e
L}
0

Ssc z:M/Iy (5.2.1)

®-
[ ]
o]

e
L}
<

siny

where v is the air speed, Y is the flight path angle, q is the pitch
rate, 8 is the pitch angle, L is the altitude and o< = @ -7 1is the
angle of attack.

The model used for the longitudinal IAS has the form

R A
mA P (5.2.2)

. A A A 5
Q'plc“"pzq"93e
The model given by Eq. (5.2.2) describes the short pericd longitudinal

mode. The longitudinal phugoid mode was not modeled Lecause its time
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constant is normally large and its identification is not possible with
a short term span data base. Also, its definition is not a major element
in adjusting the feedback gains of the primary control lcops. Therefore,
our model given by Eq. (5.2.2) 1s only of second order in view of the
plant being of fifth order.

For the real-time computation of Eq. (5.2.2) we utilized a discrete-
tire approximation. The discrete-time approximation is based on the divi-
sion of the time axis into time intervals of T = 0.125 seconds each. Since
the time increment T is sufficiently small compared with the time constants
of the system, the response evaluated by discrete-time methods will be
reasconakly accurate

As it is shown in Appendix B, the difference equations that approx-

imate a linear system of 'the form

X =Ax + B (5.2.3)

are given by

For our model described by Eq. (5.2.2) we have

- 1
N
| Py P,
and (5.2.5)
K
B = A
L P3

Therefore the real-time computation of Eq. (5.2.2) is evaluated using the

discrete-time system

A
& 1 +7Tp T x 0]
- 4 . + s (5.2.6)
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The fit error for the Newton-Raphson IAS is defined as

15
5 = vl 2“ q - 2 LY %]
J(p) 3 [;(o( _a()k bl]_'- + (q q)k bZZ] (5.2.7)

where & and q are the sensor measurements of the angle of attack and
pitch rate respectively, and b 4y are the elements of matrix B. Note that
the number 25 (upper limit of summation) is the size of the data base over
which the Newton-Raphson IAS iterates.
To develop the Newton-Raphson IAS, let us compute the gradient of
the £fit error with respect to f: This yields
15 —elbll( IX/d sl)k + e2b22(3 q/9 Bl)k i

A A A
(23/2Pp) = = E elbn(ao* /3Py),. + ezbzz(aq/apz)k (5.2.8)

Kzt fad A
elbll( X /D :33)k + e2b22( 2a/9 1:'3)k

A A
Lelbll(am/ D p4)k + ezbzz(aQ/a P4)k

where e. % X =X
(5.2.9)

To obtain an approximation of the second partial derivative of the fit
error with respect to the parameters, let us differentiate Eq. (5.2.8)
with respect to B and neglect the second order partials of the states
with respect to p. This yields the matrix BZJ/ 332 whose elements are

given by the following equation

L5
2 Al A2 A2
(2%3/2%%,, = an( Qo/3 B2 + byy(2a/2 By
[ &1
25
(2237230 ., = (2723 ,, = § b, (% /35,1, (3%X/2 D), +
P12 Pl 11 Py'x 2’k
f ¥1}

+ by, 24/ pl)k(b q/d Pyl
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15
2 Az 2 AZ A A
(2%/72%% 5 = (2237285, = z b (2% /35, (3% /3 By, +
k=t

+

bzz(‘a q/ 2 pl)k(b a/d 1:3)k

a5
2 a2 A A
(%7285 4y = D By (2 /3B (3738, +
k=g

(sz/3§2)14

+

A A
bzz(a q/ apl)k( bq/ax:"’.)k

a5
o A 2 A 2
D b (25728, + v (2as2 8,5

1\

2 Al
(9°3/0p )22

15
2 A2 2 a2 A A
(223887 53 = (2%/28D) 5, = D (2% /28 (2728, +
k=1

A A
+ byn(a/2P,),(2a/2p,) o (5.2.10)
P

2 "2 A A
(%3723, = Z b ,(d%/28,) (/2D +

[ £]]

2 A2
(2°3/9p )24

A A
bzz(aq/apz)k('bq/ bP4)k

+

a5
2 A2 A2 A2
(2%3/25% 4, -Zb11(3“/3p3)k + by, (Fa/3B,)5
k=i
' )
2 4\2 2 “2 A A
(32372803, = (%7287 45 = > By (FX /3B (IX/IBY, +
K3t

A A
+ bzz(bq/a 93)k(3 q/2 1:4))c
15

2 A2 A L2 A 2
(%7259, = Z b (/B2 + b,,(2a/ 3B )2
k=2
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To compute the sensitivities involved in Eqs. (5.2.8) and (5.2.10) let

us differentiate Eq. (5.2.6) with respect to p. This yields

A A A A
(dx/d Pyli,y = (1 + Tp4)(3°‘ /3p), + T(RA/VP)),

(2/23,) (1 +TB,)(3X /3 By), + T(a/2B,),

k+l

(dex /2 53)k+l

(1 +r§4><ao</a$3)k * (29/2B,), (5.2.11)

<a°</a’§4) (1+Tﬁ4)(30‘/a§4)k+T(3q/a§4)k+1‘o&

k+l
(3a/3py),; = T8 (3% /3B, + (1 + T5,)(2a/2 b)), + ™
(3Q/38y)y,; = TBy (2% /3 By), + (1 + T5)(Da/3p,), + ™
(3a/3By),,; = TB(R/2B,), + (1 + T5,)(2a/dpy), + T,

~ A A A A
2 q/ap4)k+1 = 'I';-»].(B“/ap‘l)}c + (1 + sz)(aqlapd.)k

The difference Eq. set (5.2.11) is solved starting with zero initial
conditions, since the initial state is independent of the initial choice
of the parameters.

After the first and second partials of the fit error are com-
puted with respect to the parameters Si’ the parameters are adjusted

according to the following equation

jltaJ/a’;‘a) (5.2.12)

N A 2 2
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During the iteration process defined by Eq. (5.2.12) the information
content of the data base is checked by examining the determinant of

the matrix SBZJ/ 3?:2) prior to making iterations on the vector S,
especially, if the determinant is lower than 107, This number was
deternined by examining the variation of the determinant of the matrix
(223/ 0 ?32) on the real-time computer during steady-state operation
of the system with no input signal applied. In this case, the varia=-
tion of the deterninant is caused by measurement noise so that if the
determinant is lower than 10~/ we considered that there was no adequate
information in the processed data-base therefore, the parameter vector
3 was not adjusted. Another test incorporated in the convergence cri-
terion did not allow more than 8 iterations over the data-base: We
also checked that the fit error should be lower than 0.l and the Euclid-

ean norm of the gradient vector (3J/3§) be lower than 5 x 10'4.

Finally, the four diagonal elements of the matrix (22372 32)-1 were
checked to be lower than 1,000, 300, 300 and 300 respectively. The
numbers 1,000, 300, 300 and 300 denote the maximum allowable covariance
of the parameters 31, 132, 33 and i‘) 4 respectively and were chosen ex-
perimentally using the real-time computer at iVASA. Uhen these tests
were satisfied, the parameter vector S was passed to the Learning

Algorithm Subsystem (LAS).

For the longitudinal application of the LAS, the relationship
between the parameters 31'3 as a function of mach number M and alti-
tude L was represented by second order polynomials. This relationship

is given by

* The reason for selecting only 8 iterations is that we wished to check
the convergence during one second due to time limitation by the real-
tine simulator.
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ML + CSMZ + C Lz

A
pl(H,L) - Cl + C2M + C3L + C4 5

2

A
pZ(M,L) =C, + CBM + C9L + CloHL + C11M2 +C..L (5.2.13)

12

2 . . 2
p3(M,L) C13 + C14M + clSL + Clsr:L + C17Hz + clBL

LZ

ML 4-C231‘t2 +C24

A
p4(M,L) - Cl9 + CZOM + C21L + sz
The LAS then produces the coefficient vector C by the iterative applica-

tion of Eqs. (3.4.14) and (3.4.16). The obtained C, 's are then passed

i
to the lMemory and Control Process Subsystem (MCPS).
The design criterion for the longitudinal MCPS was to maintain
a short period damping coefficient of 0.7 of critical damping indepen-
dent of frequency. To meet this criterion, the elevator control was

chosen in the following form

u('f‘

e o + K, q+ Kzrfs (5.2.14)

The first term on the right side of Eq. (5.2.14) is a trim integrator
which allows the pilot to bias the total elevator position using a three-
position switch (pitch up, off, pitch down). Figure (5.9) indicates

the variation of the short-period root as a function of the feedback
gain Kl' It also indicates the upper limit imposed on the gain. The
limit is necessary to avoid instabilities resulting from rate limiting
of surface actuators. Substituting Eq. (5.2.14) into Eq. (5.2.2) and

rearranging terms yields
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. ' A ‘
X =9+ P,

. (5.2.15)
q .'Slo( + (32 + B3K1)q +$3(J/e + X%Js)
tr

The characteristic equation of the system described by Eq. (5.2.15) is

obtained as
A
s -p4 -1
A (A A -o (5-2016)
- pl 8 - pz + p3Kl)

or

2 (A A A ) A A A A

s° - (p, +p4+p3&ls - P, + P, (p2 +p3Kl) =0 (5.2.17)
therefore

2 . 4D s bk IN =D + D (P + PiKLD (5.2.18)

)"“92”’4*"’31 =Py + P, (Py + Py ée

Solving Eq. (5.2.18Y for K, and substituting the requirement

1

. A A A2, A
&1 = ( - pz-\/ - 2p1 - 1>4)/p3 (5.2.19)

Equation (5.2.19) comprises the control law and the parameters fni's are

)— = 0.7 yields

sukstituted using Eq. (5.2.13). The Ci's, M and L used in Eq. (5.2.13)
are the current contents of the memory for which the gain scheduling is
computed. The results obtained for the longitudinal case are discussed

in section S.4.

S.3. The Real-Time Lateral ICS

For the lateral LC3 the dynamics of the plant were used utilizing
the existing NASA's real-time simulation of the six-degree-of-freedom
dynamics of the F-8 DFBW aircraft. The simulator is described in refer-

ence (92) . The six-degree-of-freedom nonlinear equations can also be
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found in several textbooks ( 7,17 ). The simulation was mechanized using
a CDC 6600 computer operating in real-time. The simulation code was ar-
ranged to be consistent with the F-8 DFBW capability in that data samples
were taken at 0.125 second intervals.

The performance of the plant during simulated flight over a wide
range of conditions is given in reference (6l1). It represents a simie
lated flight to examine the lateral system characteristics. In the run,
zero-mean Gaussian noise was added to the sensor measurements. The noise
levels were 0.67°/second for rate measurements and 0.67° for angular
measurements. The control law was not engaged at time intervals during
the run to determine the characteristics of the unaugmented vehicle. Noise
was propagated to the aircraft surface commands only during times when the
control laws were engaged.

To develop a LCS for the lateral dynamics, we first need to consider
a model that characterizes the predominant lateral modes. b;ote that for
implementing the ICS on a flight computer, the primary control lcop pro=-
cessing is assigned high priority while the IAS and LAS are processed in
a time available basis. This indicates that the IAS and LAS apply to data
taken in the past during the same flight.

The model u;ed for the lateral IAS has the form
. A A A A
B =B+ Byps g, + 25,
. A A A
) Se3.1
t-p4r+p3p+p7fr ( )

J}--r+$sﬁ+a37cf

r

where p is the roll rate, r is the yaw rate, ﬁ is the angle of sideslip

and S i are the parameter to be identified and processed by the learning
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algorithm. The terms a and b are constants which depend on the moment
arm of the vertical stabilizer. These constants were included in order
to reduce the number of parameters that must be identified. Note that
Lf; is the rudder actuator and d’a is the aileron actuator.

The model assumed by Eq. (5.3.1) describes the lateral roll mode
and the lateral Dutch roll mode. The lateral spiral mode was not modeled
because its time constant is normally large and its identification is not
possible with a short time span data base. Additionally, its consider-
ation is not a2 major element in adjusting the feedback gains of the pri-
mary control loops.

For the real-time computation of Eq. (5.3.1) we again utilized
a discrete~time approximation. The discrete-time approximation is based
on the division of the time axis into time intervals of T = 0.125 sec.
each. The response evaluaéed by discrete-time methods will ke reasonably
accurate since the time increment, T, is sufficiently small compared with
the tire constants of the system.

As shown in Appehdix B, the difference equation representation of
the rmodel is obtained, as before, by Euler's method. (See Eq. 5.2.4).

For our model described by Eq. (5.3.1) we have

A A
Pp 0 P
A o ~ A
= Py P
A
0 -1l Pg
(5.3.2)
g A o
Pg bp,
B = 0 67
A
o ap7
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Therefore, the real time computation of Eq. (5.3.2) is evaluated using

the discrete-time system

e [~ A A 1 1
P 1+7Tp o Tp, P
r - 0 1 +'ri54 ‘1‘53 al £ +
~
Ll Y | -T L+ | |8 |k
PA A - - - (5.3-3)
+ Tps pr7
A
° Tp? » sra
0] Taﬁ
= 7 Bfr-

For the lateral dynamics to implement the Newton-~Raphson IAS, we used
two separate performance indices. This was done to reduce the onboard
computations. The cost function for the roll mode was

AS
D = v P - 2 ede
Jl(p) ké‘(p p)k (5.3.4)
k=t

and is minimized over the Sl’ 52 and 36 variables. MNote that p denotes
the sensor measurements of the roll rate. For the Dutch roll mode the

cost function was

25 ) 15 )
A - -
Jz(p) =3 [z (./3"'/3 )kbll + z (r - r)kbzz] (5.3.5)
i [ & 1] K3l

and was minimized over the 33, s 4’ 85 and 67 variables. Note that /3
and r are the sensor measurements of the sideslip angle and the yaw rate

respectively.

The partitioning results in the requirement of inverting one
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3 x 3 matrix and cne 4 x 4 matrix as opposed to one 7 x 7 matrix in the
Newton-Raphson algorithm. To apply the lateral IAS we need to compute
23,/ B ale/a 2, 03,/2 Py azJZ/D p2. This is done by differen-
tiating Eqs. (5.3.4) and (5.3.5) with respect to P which yields

P‘ a -
o8 (p - p)k (2 p/?::tl)k

A - ~
3J1/3p - - E (® - P, (QP/2B,), (5.3.6)

ks D - 3
! L(p P), (op/0p.),

and

B A A
e)b11{ OB /9 Py)y + ;by5( /DBy

(5.3.7)

25 A A
X elbn('bﬂ/a 1'34)k + e2b22(3 r/aP&)k
3J2/a p=-

- 10130 B/3B3), + e;5y5(22/3 Bg)y

LY ~
e,5y,( ‘3/3 /3P.), + e;5,,(dr/2 Pydy

e

where

°1’ﬁ‘f3

(5.3.8)

To obtain 3231/ 3% and ‘aZJZ/ 39 we differentiate Eqs.
(5.3.6) and (5.3.7) with respect to 3 and neglect the second order par-
tials of the states with respect to B This yields the following equa-

tions'for _the elements of the above matrices

25
2 A2 A 2
(2%1,/2%% -Z(ap/apl)k
[%T]
15
2 a2 2 a2 A A
(%3280, = (2237280, = D (2038, ( 3B/ B),
=t
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5
(2%,/28% 5 = (R%y/2%h ) - > (2B 202 B,
kst
15
A A
(%1287, = > @w28y; (5.3.9)
Kk st
5

2 a2 2 a2 ~ A
(2 Jl/ap )23 = (9 Jl/ap )3s -z (2p/2 pz)k(aplaps)k

ket

25
2 A2 A2
(2%3,/2%%) 5, = z (/25
k3t

and
s

2. A2 A 12 A 2
(2°%3,/20% -Z By (3B/3By) 5 + by (/35,2
K=
A5

2 “2 o A A
(2%3,/30%,; = > 5),(3Pr38 (313D, +
k:{

2 Al
(2 Jz/ap )is

N A
bzzta r/a'p3)k(3 r/d 94)!<

+

23
2 A2 A A
(2%1,/38%5) = 5),(3B/3 8, (3p/3 B, +

K=t

2 a2
(2 JZ/Bp )13

+

A A
b22(3 r/d p3)k( dr/ 2 ps)k

15
2 A2 2 a2 A < A
(223,130, = (3217280 4y = > (3R B, (3Pr3B +
k=1
+ bzz(ar/3§3)k(a r/0d 37)}: (5.3.10)
a5
2, ;442 a2 532
(3%3,/25%,, .Z by (3B /3B p + byy(B /3By
K31

5
2 a2 2 A2 A A
(299,738 ,5 = (%9,/3 %5, = anm/s/a B, (379 Byl +
ksl .

A A
+ b22(3 £/ Py, /2 Pg)ye
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5
2 A2 2 A2 A A
(2%3,/28%,, = (3%1,/27%) , = an(aﬂ/a B (3B/IBY, +
k=
A A
+ b22<a r/3p4)k( 2c/ 2 p.,)k
5 5 15
A A2 A2
(2%5,/2%% 5, -zbn(‘afs 13502 + by,(2 273592
K3
2 2 2 =
A A2 A A
(3%3,/28% 5, = (221,287 43 = ) 51,325, 3B/, +
K=y

+ bzz(a r/aps)k(? £/dPq)s

L5

2 Al A 2 A2

(o leap ) aa -z bucap /3PP + bzz(ar/ap.,)k
Kxy

To compute the sensitivities involved in Egqs. (5.3.6) and (5.3.9) let us

differentiate the first equation of the Eq. set (5.3.3) with respect to

A

Py, Dy and Py This yields
(3D/3B )y, = (1 + T (/3B +Tp
(3p/3By)p,y = (1 +TH)(3p/ 3B, + TP (5.3.11)
(p/3Bgl,,y = (1 +TB)(p/3 DY), + TS,

In the same fashion we differentiate the last two equations of the Eq.

: A
set (5.3.3) with respect to 33, 54, 85 and p, to cormpute the sensitiv-

ities involved in Eqs. (5.3.7) and (5.3.10). This yields

A

A - A A
(9x/3py),,, = (1 +Tp,)(3r/3p,), + T5,(24/3py), + T8

(2/3Byypy = (1 + TR (/35 + T5,Q9B/3 By + Tx
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(dz/? 65),“1 - (1 + rs4)<a £/d ;‘:5>k + «:33<a/3/365)k

A A A LY -
(Qx/dB), = (L+ B/, + T5,03/3/28), + rfr

A A A A
ca/s/a p_,‘))“1 ™I /D ;:3)k + (1 + Tp) (3/3/3 p3)k (5.3.12)
A
(QPI3APY

(3[3/3 sS)}u»l

(/3B + (1 + rss) (379 34)k

T £/3 Bg)y + (1 + TBg) (33/3B.), + Tp3

A Fal A a A
(3B/3P) 1 T™(d £/3p,), + (1 + Tp) (27372 Py + Tafr

After the first and second partials of the fit errors Jl and .J’2
given by Egqs. (5.3.6 = 5.3.10) are computed with respect to the parame-

A A
ters Py» the parameters 61’ 82 and Pg are adjusted by the following

A A 2 A2, =1 A
By = Py -{2 3,720 I (BJl/a p)j (5.3.13)

A A
and the parameters 33, Py 35 and p, are adjusted by

By, = By - (2%0,3807 (a0 B, (5.3.14)
The information content of the data base is considered to be adequate
for adjusting the paramerers if the determinants of (32J1/ p: ‘}\)2) and
( 3%2/3 $%). are higher than 10™%. This number was determined, as in the
longitudinal case, by examining the variation of the t'.c determinants on
the real time computer during steady-state operation of the system with
no input signal applied. Another test performed by the convergence cri-

terion was to linmit the number of iterations over any data-base up to 8.
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The fit errors J1 and Jz were checked to be lower than 1 and the gradient
vectors (aJl/ 2P and (3J2/ d P) were checked to have Euclidean norm
lower than 3 x 10™%. Finally, the maximim allowable covariance of all
the lateral parameters Sl through 37 was set to be 200. This number was
chosen experimentally using thg real time computer at NASA. VWhen these
tests were satisfied, the parameter vector 3 was passed to the Learning
Algorithm Subsystem (LAS).

For the lateral application of the LAS, the relationship between
the parameters Si's as a function of mach number M and altitude L was
represented by second order polynomials. This relationship is given by

gl(M,L) = C1 + CZM + C3L + C4M L + CSMZ + Cst

L2

C,+CM+CL+C,.ML + CllMZ + C

A
py(H,L) = Cy + Cg ) 10

12

+C M+ C,.L+ CIGM L + C17ﬁz + C L2

A .
93(14,1.) = Cl3 14 15 18

34(M,L) =C,.+C,M+C .L+C ML+ C23M2 +C Lz (5.3.15)

19 20 21 22 24

A 2
ps(M,L) - CZS + Czsﬂ + C27L + CZBM L+ ngﬂg + C3OL

+C..M+C.LL +C 2

12 13 ML + C3SH2 + C,.L

A
ps(h,L) = C 14 16

a1

ML+C4M2+C 1.2

C,, +C, M+ C.,.L+C 1 42

37 38 39

P (11,L) ©
The LAS then produces the coefficient vector C by the iterative application

of Eqs. (3.4.14) and (3.4.16). The obtained C,'s are then passed to the

i
Memory and Control Process Subsystem (MCPS).
The design criterion selected for the lateral characteristics of

the Dutch roll mode was to maintain the damping coefficient of 0.7 of
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critical damping independent of frequency. To meet this criterion the

rudder control was chosen in the following form:

S kyz vk, S, (5.3.16)

Substituting Eq. (5.3.16) into the last two equations of Eq. set (5.3.1)
yields
. A A A A
r= (p4 + p.rK3)r: + p3j6 + p7K4J:
(5.3.17)

/é-(-1+a';‘>7x3):+§5/5+a37x4fs

The characteristic equation of the system described by Eq. (5.3.17) is

obtaiped as
A A . A
s = (py + PKy) =Py
. ' = ° (503018)
A A )
1 - apK, S - Py
or
s - (34 + Ss + 37x3)s + 33(1 - a$7x3) -0 (5.3.19)
therefore
2}. - - (34 + 33 + $7x3)/J$3(1 - aS_,x?) (5.3.20)

Taking the square of both sides of Eq. (5.3.20), substituting for

T - E/Z T 0.7 and rearranging terms yields
. ’ .
258+ 25, [34 + Byll + a)] Ky + (B, + Bg® = 2Py = 0 (5.3.21)

The solution of Eq. (S5.3.21) for K3 that provides positive damping is

taken, and this comprises the control law for the Dutch roll mode. For
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the lateral 'characteristics' of the roll mode, the design criterion was to
keep the roll mode time constant at 0.2 sec. and to maintain uniform ma=-
neuver effectiveness of the lateral stick in producing roll rate‘sh .

To meet this criterion, the aileron control was chosen in the following

form

Sy =%k, (5.3.22)
Substituting Eq. (5.3.22) into the first equation of Eq. set (5.3.1) yields
> = (B, + D.X) p + B B8x I+ b8, (5.3.23)
P=(P) +Pgs) P+ Py 3 +PKgg + bR, o3
Por this first order system the time constant is given by
A A
T= - l/(pl + pSKS) = 0.2 (5.3.24)

Solving Eq. (5.3.24) for KS yields

A A
Kg = = (5 + p]_)/p6 (5.3.25)

The lateral stick control effectiverness is required to be 5, therefore

A
KG = S/p6 (5.3.26)

By this choice, the maxirum lateral stick deflection will procduce

(61 | kgs. (5.3.25) and (5.3.26) comprise the

217 rad/sec. roll rate
control law for the roll mode. The way to evaluate the control law

which consists of the solution of Eq. (5.3.21) and Eqs. (5.3.25) and
(5.3.26) is to substitute for the parameters Si's using Eq. (5.3.15).

The C,'s used in Eq. (5.3.15) are the current contents of the memory and

i
M and L are the values of mach number and altitude for which the gain

scheduling is computed, respectively. In the next section we present and
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discuss the results obtained for the longitudinal and the lateral cases.

S.4. Results and Discussion

The learning control system was applied to the six-degree-of-
freedom real-time simulation of the F-8 DFBW aircraft on NASA, Langley's
CDC 6600 computer. -

The results shown in Figs. 5.1 = 5.3 1llustrate the learning of
Py» Py and Py of the longitudinal dynamics at sea level altitude over
a range of MMach numbers M = .3 to M = .9 based on continuous flight
as indicated by the Mach number and altitude time histories, shown in Fig.
5.4 (a,b). The associated angle of attack, pitch rate, elevator command,
and pilot's command are shown in Fig. 5.4 (¢,d,e,f). Figure 5.4 (g,h,i,
3,k) shows the time histories of the variables associated with the con-
vergence criterion during the same flight course. The convergence crite-
rioq consists of the monitoring of the values of the performance index
(Fig. 5.4 (g)), the determinant of the information matrix (Fig. 5.4 (h),
and the three diagonal elements of the information matrix after it has
been inverted (Fig. 5.4 (1,3,k) . Vhen the determinant of the information
matrix is low there is no information in the processed data base. In the
portions of time when the determinant has high values, only then can we
iterate through the Newton-Raphson algorithm and this corresponds to some
control activity as indicated by the pilot command and the elevator come-
mand. Noge that the diagonal elements of the inverse of the information
matrix have.low values when the determinant is high and high values when
the determinant is low, as would be expected. The pexformance index has
low values except at the final portion of time where the states of the
aircraft are highly excited as shown by the angle of attack time history.

This indicates that the model does not match the plant dynamics for big
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perturbations since the model describes only some linearized modes of

the dynamics. Note that the descending steps of the performance index
result from the updating of the parameters done in the Newton-Raphson

algorithm.

The learned curves shown in Figs. 5.5 - 5.7 illustrate the learn-
ing of pl, p2 and P of the lateral dynamics at sea. level altitude over
a range of Mach numbers M = .3 to M = .28880 based on contimuous flight
as indicated by the lMach nurber and altitude time histories shown in
Fig. 5.8 (a,b). The associated states of the Dutch roll mode, sideslip
angle and yaw rate, are shown in Fig. 5.8 (¢,d), and the rudder command
is shown in Fig. 5.8 (e). The roll rate and the aileron command are
shown in Pig. 5.8 (f,g). Finally, Fig. 5.8 (h) shows the determinant of
the information matrix. WNote that the determinant has high values only
during period; of control activity. Although the flight was continucus,
learning of the parameters has occurred only for particular flight con-
ditions selected by the convergence c:ite&ion when it was satisfied.

The learned curves shown in Figs. 5.10 « 5.13 describe the
learning of the longitudinal parameters Py» Pyr Py and Py as a function
of both, altitude and mach number (L,!) over the entire £flight envelope.
These curves are also based on continuous flight as shown in Fig. 5.4
(a,b) . Note that the grid interval of those three dimensional curves is
5,000 ft. for altitude and .05 for mach number. Another interesting ob-
servation is that the intersection of the three dimensional curves with
the plane L = 0 corresponds to the two dimensional curves shown in Figs.
5.1 - 5.3,

The learned curves shown in Figs. S.14 < 5.20 describe the learn-

ing of the lateral parameters Py through p, over the entire flight
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envelope based on contimious flight As shown in Fig. 5.8 (a,b).

In order to evaluate the performance of the learning control
system, we computed from the real.time similator the values of the
partial derivatives of the moment with respect to angle of attack <&,

pitch rate q and elevator deflection .fe (M, Mq, Mf ). The time
e

histories of these partial derivatives during a flight as indicated by
the mach number and altitude in Fig. 5.21 (a,b) are shown in Figs.
$.21 (h,1,j). The variation of the partial derivative of the lift with
respect to angle of attack o (L, ) during the same flight is shown in
Fig. 5.21 (k). The associated learned parameters (pl, Py Py and p4)
are shown in Pigs. 5.21 (d,e,f,g). It is interesting to note that the
learned parameter 12 does not have the spikes depicted by the real-time
My since these spikes are due to elevator variations and in our learn-
ing control system we restricted Py to be a function only of mach mumber
and altitude. Another observation is that the cost function (J) shown
in Pig. 5.21 (c) has high values initially, meaning that the model is
misaligned substantially from the plant. This is true if we note that
P, initially has positive values where the real-time Mq is negative.
AsS soon as an identification occurs P, has negative values and the cost
function (J) is reduced.
The same comparisons are possible also for the lateral case,
but were not carried out due to enormous additicnal amount of simulations.
In the next chapter we summarize the development of the learning

control system as presented in this dissertation and present the final

conclusions.
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(b) altitude (c) angle of attack.

(a) mach number
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(f) pilot's command.

(e) elevator command

(d) pitch rate

Fig. 5.4 continued:
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(d) yaw rate (e) rudder command (f)} roll rate.

Fig. 5.8 continued:
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CHAPTER 6

SUMMARY AND CONCIUSIONS

6.1. Summary

This dissertation describes one of the many possible ways to develop
an adaptive learning control system and its application as a flight con=-
trol system for the F-8 DFBW aircraft. This learning control system blends
tnhe gain scheduling and adaptive control into a single system that has ‘the
advantages of both.

One important feature of this adaptive learning control system lies
in its ability to adjust the gain schedule in a prescribed and learmed
manner to account for changing plant operating characteristics. Another
important feature of the presented adaptive learning scheme is that one
needs to identify the plant's parameters only at selected operating condi-
tions in order to obtain reasonable adjustments for the gain scﬁedule ovér
a lérge range of operating condifions. This is done by the use of the
coefficients, Cls, (weights) produced by the learning algorithm subsystem
and stored in the memory. The gain schedule for every possible cperating
condition is then determined by the weights. In this fashion, the learm-
ing control system makes praciical the real-tire computation of the gain
schedule. Another feature of such an approach is that it may be imple-
mented with sufficiently inexpensive technology to make use in control
systems to be economical for a wide variety of industrial applications.

The functional organization of the learning control system with
a general description of the task of each subsystem was presented in

Chapter 3. More specifically, sections 3.2 and 3.3 describe two differ-

ent mathematical techniques to implement the information acquisition
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subsysten, one based on Liapunov's direct method and the second based on
Newton-Raphson method. The next two sections (3.4 and 3.5) describe
mathematical techniques to implement the learning algorithm subsystem and
the memory e;nd control process subsystem resnectively.

Perusal of the existing literature about adaptive learning control
systems and flight control systems was discussed in Chapter 2. Section
2.2 introduces a popular class of adaptive systems, namely the parameter
adaptive model reference systems and discusses mathematical techniques to
implement the adaptive algorithm based on Liapunov's function and on the
gracient approach. Section 2.3 examines the present state of learning
contrcl systems and their applications and also presents the rost promi-
nent mathematical techniques.to formulate a learning system. The advance-
ments of flight control systems, as a result of the evolution of digital
£light control systems, are examined in section 2.4. Section 2.5 gives
particular reference to the MNASA F-8 Digital Fly-By-Wire (DFEX) program.

Chapters 4 and 5 give the application of the learning control
system to control two different simulations of the F-8 dynamics, and
present the associated results. ore specifically, in Chapter 4 we use
fourth order sirulations of the longitudinal and lateral dynamics of the
F-3 DFBYJ aircraft and the medel used for the learning control system is
of the sare order. The application considered in Chapter 5 is more re-
alistic since it was done in real-time.for the piloted six-degree-of-
freedom simulation of the F-8 DFBW aircraft. Because of the real-time
constraint® only the predominant motion modes were modeled, using first
or second order analytical models.

In the next section, final conclusions are drawn about the

* as discussed in Chapter S.
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performance of the learning control system as evidenced from the research
carried out in this dissertation and the LCS's applicability to model and

control various other systems is also discussed.

6.2. Conclusions

The aircraft flight envelope used for the learning control system
design is shown in Fig. 6.1. Symbols (o) indicate flight condition
points in the flight envelope for which our models were develored.

The symbols on the horizontal line L = 0 = sea level indicate mach
nunmters .5, .7 and .9. At these flight conditions the aircraft was
sirulated to obtain the parameter curves shown in Chapter 4, Pigs. 4.2-4.13.
An important feature of the LCS, as evidenced in these curves, is that we
obtain information about the parameters for different flight conditions
which the aircraft has not experienced. This indicates that once the
aircraft is in a new flight condition, we may adjust the gain séheduling
with no need to identify the parameters for this new flight condition.
This, in turn, shows that a dither signal to excite the system is not
neecded during periods of control inactivity, where in conventional adap-
tive schemes we would have to perturb the system at each different flight
condition.

In Appendix A, the figures illustrate the learned parameter curves
as a function of altitude obtained from the flight conditions indicated
in Fig. 6.1 on the vertical line M = .7 (L = 0 = sea level, 20,000 ft.,
40,000 ft.). Even though the curves shown in Appendix A were obtained
from different £light patterns than those shown in Chapter 4, Figs. 4.2-4.13,
the corresponding parameters have close values for the same flight condi-

tions. By this, we may conclude that the performance of the LCS does not
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depend on the particular choice of flight conditions experienced by the
alrcraft; l.e. corresponding parameters are the same independent of the
selected flight conditions. Though not discussed in this dissertation,
we may 1nfe£ that the LCS may be generalized to incorporate variations
of the parameters as a function of several other variables, e.g. the
angle of attack.

The gain scheduling technique adjusts the gains at each different
flight condition by having prestored the values of the parameters. This
is practical for parameters that are functions of ocne to three variables
however, for functions of four or more variables, the gain scheculing
becormes inpractical because of the extraordinary memory requirements.

On the other hand, the LCS introduces a significant saving in storage
thus requiring a memory of reasonable size and alsc makes practical the
real-time computation of. the parameters and the gains by a table look-up.
By this, we may conclude that the ICS may be used to control plﬁnts that
are affected by parameters that are multi-variant functions.

In view of the longitudinal models used in Chapters 4 and S5,
narely Egs. (4.3.2) and (5.2.2), one may observe a correspondence between
the longitudinal parameters 33, Bl and 38 of Eq. (4.2.1) and the longitu-
dinal parameters 51, 32 and 53 of Eg. (5.2.2) respectively. (See Table 6.l)

The comparison of Figs. 4.3 & S.1, 4.2 & 5.2 and 4.4 & 5.3 show
that the curves have the same approximate shape but the corresponding
values are different. This may be attriluted to two different reasons:
(1) In Chapter 5 the simulation of the plant describes the entire six-
degree-of -freedom dynamics of the F-8 DFBW aircraft while the plant simu-
lation used in Chapter 4 describes only the linearized longitudinal & lateral

dynamics. (2) In Chapter 5 we only modeled the short period longitudinal
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mode, the D.t.tch roll mode and the roll mode, where in Chapter 4 the model
was more elaborate. This simplification was done because of the real-time
constrainte,

The correspondence of the lateral parameters used in Chapters 4
and 5 may be observed by comparing Eq.(4.5.2) with Eq. (5.3.1) and is
given in table 6.2. The figures 6.2 and 6.3 indicate the learning of Py
and Py3 of Chapter 4, respectively and are included here for the sake of
comparison. The comparison of Figs. 5.5 & 6.2 and 5.7 & 6.3 show again
different values of the parameters for corresponding flight conditions,
which is attributed to the two reasons described akove.

For this reason, we do not have a way to evaluate the curves ob-
tained from the real-time simulation so we will evaluate the performance
of the ICS according to how the design criteria are met, namely 0.7
darpting ratlo for the Dutch roll and short period longitudinal modes,
and 0.2 seconds time constant for the roll r;nde. During the time inter-
vals when the LCS is engaged, its performance can ke observed. Figure
6.4 shows the response of the sideslip angle P to a rudder input. This
figure indicates that vhen the LCS is engaged at times 30 sec., 60 sec.,
80 sec. and 110 sec. the Dutch roll mode damping ratio is maintained at
0.7. Figure 6.5 shows the response of roll rate p due to an aileron in-
put. By comparing the steady-state roll rate at times 20 sec., 60 sec.,
80 sec. and 100 sec. the uniformity of the roll-rate response during en-
gagement of the LCS may be noticed. By this, we may conclude that the
LCS is capable to meet design requirements over the entire flight enve-

lope, without the need to prestore or identify the parameters at each

* See Chapter 5
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flight condition as would be required by the gain scheduling, or the
conventional adaptive techniques, respectively. In the next section we
will discuss possiblities for future research on learning control systems

both from the theory and the applications points of view.

€.3 Recormmendations for Future Research

Ruture research on learning control systems could be approached
from two points of view: a) the mathematical approach and b) the ap-
plication approach. From the mathematical point of view, the following
areas of research are suggested:

1. To develop further criteria for the adequacy of the learning
control system by improving on the convergence and confidence criteria.

2. Investigate the performance of the learning control system when
different functional representations are used to implement the LAS o

3. Examine the learning control system design for distrituted pa-
rareter systems.

From the applicatio. - point of view, the following areas of
research are recommended:

1. lodify the LAS to incorporate varlations of the parameters as
functions of more than two variables as shown in this dissertation.
This will depend on the particular problem at hand.

2. Apply the learning control system to control systems such as

chemical processes and physiological systems.
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Table 6.1 Correspondence of the longitudinal parameters from
Chapters 4 and 5§
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Table 6.2 Correspondence of the lateral parameters from Chapters
4 and S
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Fig. 6.2 LHTR o P ]. VS ° MHCH (Newton-Raphson IAS)
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Fig. 6.2; LHTR n P 1 3 \/S " MHCH (Newton-Raphson Method)
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APPENDIX A

LEARNED PARAMETER CURVES AS A FUNCTION OF ALTITUDE

OBTAINED FROM CASE STUDY I (CHAPTER 4)

This appendix contains the graphs of the learned parameter
curves as a function of altitude for mach number M = 0.7 for a high
order representation of the F-8 DFBW ajircraft dvnamics. The first
twenty fiqures show the longitudinal parameters 1 to P1g obtained via
two different ICS's one using tiapunov's JAS and the other, by the use
of Newton-Raphson IAS. The latter twenty eight figures show the lateral
varareters P, to Pig obtained via the above two mentioned LCS's.

‘hese curves were obtained by simulating the operation of the
aircraft at the following operating conditions: Mach number M = 0.7
and Altitude L = sea level, 20,000 ft., 40,000 £ft. The following re-

presentations depict the plant's learned and model parameters.

plant's parareter curve

learned parareter curve

- o e e e e e e e ® e e e e e~ mdelpumtercurve
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Fig. A.l LONG P]. VS HLTIT (Liapunov IAS)
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Fig. A.2 LONG. P2 VS. HLTIT,UMWMVHQ
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Fig. A.10 LONG. P].O VS. HLTIT.(Llapunov IAS)
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Fig. A.15 LONG. PS \/S HLTIT.(Newton-Raphson IAS)
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Fig. A.16 LONG:. PB \/S- HLTIT- (Newton-Raphson IAS)
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D_I.,H, H ‘H‘ . (Newton-Raphson IAS)
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Pig. A.19 LONG o Pg VS . HLT I T . (Newton-Raphson IAS)
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Fig. A.20 LONG 0 P ]. O VS 0 HLT [T » (Newton-Raphson IAS)
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Fig. A.30 LHTR PIO VS HLTIT (Liapunov IAS)
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Fig. A.33 LHTR_ PIS VS_ HLTIT. (Liapunov IAS)
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Fig. A.35 LHTR s P I_ VS ° PILT I T » (Newton-Raphson IAS)
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Fig. A.40 LHTR o P6 VS . HLT I T » (Newton-Raphson IAS)




P7

LATR.

192

Fig. A.41 LHTR . P7 \/S . HLT I T » (lewton-Raphson IAS)
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Fig. A.42 LHTR . P8 VS o HLT I T . (Newton-Raphson IAS)
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Fig. A.43 _I.DHTN . %Uw <m a D_I.H, H .._..._ » (Newton-Raphson IAS)
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Fig. A.46 LHTR Pl2 \/S HLTIT.(Newton-Raphson IAS)

i i
0.00 0.05 0.0 0.1 0.20 0.25 0.30 0.35  0.40
ALTIT.



LLHTR. P13

-6.0

-2.0

-3.0

-4.0

-5.0

-7.0

-8.0

-9.0

198

Fig. A.47 LHTR . P ]. 3 \/S - H'_,T IT . (Newton-Raphson IAS)
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APPENDIX B

A DISCRETE-TII'E EVALUATION OF THE TI“E RESPONSE

'OF A CONTINUOUS-TIME SYSTEM (EULER'S METHOD)

Consider the continuous-time linear system represented by the

by the vector differential equation of the form

We wish to obtain the time response of the system described by Eg.
(B.l) by utilizing a discrete-time approximation. To do so, we divide
the time axis into sufficiently small time increments, each of duration

T seconds. Then the values of the state variables are evaluated at
successive time intervals; that is £t =0, T, 2T, 3T, .., kT. The

definition of a derivative is

x = lim [x(t +At) -x (t)] /At (B.2)
At->0

Since we are interasted in the values of the state vector at times
that are integer rultiples of T, we may substitute in Eq. (8.2) A t = T

and t = kT. This yields an approximation of the derivative given by
;:-x[(k+1)T]-x(kT) /T (B.3)

Substituting Eq. (B.3) into Eq. (B.l) and letting t = kT we obtain
x [(k + 1) '1'] -x (kT)) T = Ax(kT) + B(S (kT) (B.4)

Solution of Eq. (B.4) for x [(k + 1) '1‘] yields
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X [(k + 1) 'r] a (TA +I) x(kT) +7 st (xT) (B.S)

Equation (B.5) may be rewritten as a difference equation
x (k+1) =(TA+Dx ) +78J_ (0 (B.6)

Equation (B.6) is the iterative operation that relates the state vector

at the (kx + l)st tire instant in terms of the value of x and J,s at

the k-th time instant, and it is used to implement the IAS in real-time.
Due to the real time constraint, our study (Chapter S) was lim-

ted to the first order approximation of the time derivative.
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