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describes a method for designing an adaptive learning control system
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AN ADAPTIVE LEARNING CONTROL SYSTEM FOR AIRCRAFT

by

Ralph Mekel and Solomon Nachmias

ABSTRACT

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 (DFBW) research aircraft. The study takes
the best features of two methods, 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 characteristics. 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 Aczquisition Subsystem which identifies the plant's
parameters at a given operating condition. The mathematical technique is
based upon a model-reference system cohfiguration 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
analytical expressions deééribing the behavior of the parameters over a
range of operating conditions. The mathematical technique is based upon
a sequential'coefficient estimation derived using the least-square algo=-
rithm. 3) The Memory and Control Process Subsystgh whichéconsisté of the

collection of updated coefficients‘(memory) and the control laws derived

iv




by imposing desired plant performance characteristics.

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) Newton-Raphson method. For this case the models involved
consisted of the uncoupled, linear time-invariant open-loop lengitudinal
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 simulation of the F-8 aircraft, reduced order discrete models
were used for the information acquisition subsystem to conform with the
real-time constraint. Simulation experiments indicate that the lesining

control system was effective in compensating for parameter variations

caused by changes in fiight 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 mgtivateé the development of this learning
control system was the desire to maintain uniform handling qualities of
an éircraft over the entire flight envelope despite wide variations of
dynamic pressure and other less predictable changes. T

A Learning Control SyStem (LCS) has been developed to accomplish
this objedéive by adjusting, in a prescribed manner, the feedforward
and feedback gaips‘of the aircraft control system. The problen of de-
sicning the LCS was divided into the design problem gf three basic sube-
systems that con;titute,the ICS. 1. The Information Acquisition Sub~
system (IAS), 2. The Learning Algorithm Subsystem (LAS} and 3. The
Femory and Control Process Subsystem (liCPS). Two techniques aré de-
veloped for designing tﬁe IAS. The first technique makes use of Lia-
punov's direct meth§d and the second technique is based on Newton-
Raphsén method. Each IAS may be combined with the LAS and MCPS to form
a 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 fo

compute the feedforward and feedback gains via a set of control iaws.
The next section describes a brief summary of prior work in this

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

learning control systems is given in Chapter 2.
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1.2 Summary of Prior VWork

Over the years the need for adaptive control on aircraft has
been debated. The alternative of scbeduling 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-
tgristics evaluated oneline in flight. These adaptive systems have
not gained wide acceptanée. The X-15 aircraft, to our knowledge, was
the only previous aircraft that had an adaptive control systemi Although

(93) In designing

it worked réasonably Well, there vere difficuities.
adaptive control systems most important is £he problem of guaranteeing
stability of the adaptive and control loops of the:system under oper=
Still another practical problem is the frequent need

for a dithering signal to excite the system cduring 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 the

adaptive loops operate with a most unfavorable sighal-to-noise ratio.
Thelproblems of tbe exisﬁing adaptive techniques indicate that the sys-
temésh§uld allow gain adjustments to be made only when the adapﬁive
system passed certain tests. This restriction, however, may preclude

rapid gain adjustments and if such adjustments are required, only a gain
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schgduling system would be able to handle the problem. Secemingly, the
nexg advance In flight control systems should take the best of the two
worlds of géin scheduling and adaptive control and eliminate the une
desirable features of each.

A suitable approach to design the information acquisition sube
systenr is the parameter adaptive model-reference system. This scheme
consists of a system, a medel, and an adaptive algorithm for adjusting
the model parameters, such that the model will converge asymptotically
to an equivalent input-output representation of the unknown system.
This approach was first considered by Whitaker et al(sg) in their ape-
plication to controlling the behavior of an aircraft. A more extensive
summary of prior work on parameter adaptive modelsreference systems is
presented in section 2.2, |

The learning algorithm subsystem introduces memory capabilities
to the overall system thus, resulting in a self-ofganizing or learning
conirol system. The learning system has the capability of changing its
basic structure (including the adaptive logic and the performance ine
dexslés a function of its experience and/or its environment. Such a
system is usually expecte& to learn the solution to a control problem
cn-line, a process required kecause of, and despite, incomplete a priori
knqwledge of the plant and its environment. A more detaiied“&escription
of prioﬁ w;rk:;n the field of learning systems is presented in section

2.3,

1.3 :Summary 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

PO ORI
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dynamics of the F-8 DFBW aircraft.
In Chapter 4, the learning control system simulation is not con-
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 informatien acquisition subsystems: 1) Liapunov method and
2) Newton-Raphson method is also discussed in this chapter. The com-
parison reveals that the Newton-Raphson information acquisition sub-
system results in an overall superior performing learning control system.
Our learning control system developed in Chapter 3 is applied in
Chapter S5 to the piloted six-degree-of-freedom simulation of the F-8
DFBW aircraft. Due to the real-time constraint, the information acqui=-
sition subsystem is implemented using reduced crder models. lore spe=-
cifically, the longitudinal model describes only the shoré period longi-
tudinal mode without considering the longitudinal phugoid mode because
its time constant is normally large, and its definition is not a major
elerent in adjusting the feedkack gains of the primary control loops.

For the same reason, only the lateral predominant modes are

‘characterized by our model namely, the lateral roll mode and the lateral

tch roll mode. The reduced order models generate a modeling error
noiée. Due to the introduced modeling error poise and to assure proper
leérning of the'system parameters, we‘develoéycqnvergénce éﬁd confidénce
criteria.

As shown in the results of the piloted six-degree-of-freedom

simmulation of the F-8 DFBY aircraft, the handling qualities of the air-

craft remain the same despite wide variation of flight conditlons. This.
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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
follow.d with slight modifications depending upon the structure of the
plant.

The main difference between the learning system developed here
and parameter adaptive-systems of the type studied in reference (80) is
that the learning system recognizes patterns of the parameter estimates
cver‘thé state space and parameterizes these estimates over that space
for later use. PFor aircrarft this implies that, for example, the param-
eter estimate Me¢ , partial derivative of the pitching moment with re-
spect to angle of attack, be recognized as strongly dependent upen
altitude and mach number (L,M) and that the explicit functional repre-
sentation be determined for future use. Thus, if an aircraft has been
flown previocusly at one (L,l) condition where a suécessful idéntifica-
tion of Mg was made, a learning system as described here, would recall
the previously learned value, whereas a parameter adaptive system would
require another identification of Mcco For the latter case auxiliary
inputs must disturb the vehicle on a regular basis to faéilitate con=
tinual parameter identification. Alternatively, the learning system
creates relationships among parameter estimates versus £light conditions
and assembles these relationships into mapsk(memory) as infoimation
becomes available duriﬁg normal flight without”requiring ;uxiliary dis-
turbance inputs. '

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

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




parameters and the gains by a table look-up. As compared with conven-
tional adaptive systems, the learning control system introduces an
improvement kecause it does not requiré a dither signal to excite the
. system durihg periods of control inactivity. The learning control

system may also be viewed as a parameter estimation system. In this

case, it is a global astimator over the entire flight envelope, thus
‘g‘ providing information about parameters that are functions of several

othér variables. To emphasize this aspect, we present in Chapter 5

ek

thrée dimensional curves which describe the variation of the parameters
with respect to altitude and mach number (L,M) as obtained from the

learning control system.

l.4 lMathématical Formilation

The mathematical formulation and functional organization of the

[

»

learning control system is presented in Chapter 3. Mathematical tech-

niques used to design each subsystem are also developed in this chapter.

A3z T

Both Liapunov's direct method and Newton-Raphson method are used to
design the adaptive algorithm of the informatioﬁiacquisition 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 information acquisition subsystem, as an aid in deter- .

mining how much adaptation has taken place over the identification

A aaaes

interval; 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 collecticn of updated coefficients that are used to
g; compute the feedforward and feedback gains ‘vi.a a set of control laws.
71;; The next chapter presents a reviev} of adaptive and/or learning
" systems and flight control systems.
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CHAPTER 2

HISTORICAL BACKGROUND

2.1l. Introduction

This chapter presents a brief summary of the staté of the art of
adaptive and/or learning contrql 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
cegtain system parameters to.produce a satisfactory response over the
enéirg range of operation; Furthermore, an adaptive and]o; learning sys-
teﬁ also provides a means of continuously monitoring its own performance
in relation to a given figure of merit (criterion) and thereby modify
its own parameters by some action so as to approach the best performance.

The advancements of flight control systems and the theory requiied
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
A&aptive lModel Reference Systems (PAMRS). PAIMRS happen to be the very
pomular adaptive systems because they are useful in various applications
wﬁich require rapid adaptation, for example, autopilots and the modeling
of various systems such as sociceccnomic or physiologicél systens.

| Section 2.3 Qill examine the theoretical state of the art of Learn-

ing Control $istems (LCS) and the reasons for limited application of these
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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 Adaptive Model Reference Systems (PAMRS) :

Cne 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 medel output
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 inpute
output representation of the unknown system. Sﬁchyﬁchemes consisting of
a system, a model, and an adaptive algorithm are usually referred to as
pa#ameter adaptive model-reference systems (PAMRS). PAMRS are well suited
foﬁ on-line identification. A basic feature of PAMRS is that they can |
also be used in adaptive control where the roles of tﬁe,system‘and the
model‘are reversed(67’91). |

The PAMRS fortmlation of the on-line identification problem was
‘ (69)

i

first considered by Whitaker et al in their appiication to contro?ling

the behavior of an aircraft. In their report, they derived the adaptive
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algorithm bésed 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. |

Osburn et al(ss) designed the PAMRS using a performance index
minimization method which has since been referred as the MIT design rule.
The performance index is the intégral squared of the response error.
This rule has been very popular due to its simplicity in practical ime
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 gquarantee system stability for all inputs
one may use Liapunov's direct method to design the adaptive algorithm of
PAIRS by selecting the design equations which satisfy conditicns derived
from Liapunov's seéona-method. Other methods are also availablee.

(2)

Butchart and Shz:kcloth first suggested the use of a quadratic Liae

(87)

punov function, which was employed later by Parks to redesign systems

formerly designed by the MIT rule. However, Parks.chooseé 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-
tions become‘input dependent. In a paper by Shahein et al(?s)‘this
shortcoming is emphasized and an attempt is made to choose ﬁhe derivative
qf the Liapunov function negative definite in error and parameter mis-
élignment. However, the obtained parameter adjusting equaéions are de=

pendent on the derivatives of the input and unknown parameters.

® See References (42, 43)
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Practical applicability of the Liapunov designs of PAMRS is lime
ited because disturbances and incomplete adaptaticn(46) have a destabi-
lizing effect on the system stability. A serious limitation occurs when
the plant output measurements are corrupted with noise, leading to
biasing in the adaptive lcop, and to erronecus parameter compensation.
A related problem is created when the state variables required in the
Liapunov identification method have to be generated from noisy ﬁeasure;
ments. This last problem can be partly circunwvented by reducing the

order of the required state variable generator (SVG)( 80 )

(36)

by using the

Kalman lemma 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 apnlicable to cases where

a

Ehe plant parameters camnot ke directly adjusted. Such afcése was men-

tioned by Winsor et al(gl) and a solution, though quite complex, was

offered by Gilbart et al(zz).

Most other designs of PAIMRS are bésed on a gradient approach which
usﬁally results in systéms that are only locally stable, and therefore,
their convergence is only quaranteed if the state ard the parameters of
thé model are alwajs>close to those of the'plant's(zs). This character=
is%ic makes these approaches unrelisble during the initial stages of the
adaptive process when the state and parameters of the plant and the model
may not be close. For the same reasons, the rate of adaptation of these
g;adient methods has té be always kept very small. Different gradient-
bésed nonlinear programming methods can be combined in a unified frame-
wdrk and may be applied to the adaptation algorithq via the maximum

(29 o The uSe of maximum likelihood estimation in

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

likelihood principle
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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 stationarv points. It is important to locate the absolute
maxirmum of the likelihood function since it provides the unbiased esti-
mate of th@‘parameters; It should be clear that the difficulties in
obtaining the aksolute maximum of the likelihood function does not ine
validate the likelihood principle(l4). The anomalies in the likelihocod
function are usually caused by either overparameterization (leading to
nearly singular information mateix), or underparameterization (leading

to saddle points). These prablems have been considered by Edwards(l4),

( 3), and Bohlin(B).

Astrom and Bohlin

. Tne starting values for the iterations used to maximize the
likelihood function are very imgortant to ensure convergence to the
absolute me:imum. The computation of the gradients of the likelihood
funétion with respect to the adjustable parameters usually require the
knowledge of the sensitivities of the model states with respect to the
pafameters which is the most time consuming part in the adaptation algoe
ritnm.

For this reason, research has been done on the computation of
state sénsitivitie§ using reduced order models. Astrom and thlin(3 )
have proposed techniques for the model reduction in the case of single=
input single-output systems in a canonical form. For the multi-input
multi-outpué case little research has been done to develop techniques
to reduce the order of the model, except oé finding bounds on the order
of the model(lz’goz

- 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 systems

is discussed.

2.3, learning Control Systems

Published literature(la)

on. the theoretical state of the art of.
learning control systems has grown substantizlly within the past ten.
years. Practical applications however, are not nearly so great in number
nor as widely distributed and read. This may ke due to the cost and dife
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 natiohal 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 experience
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 performancé 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

e B A

input, output and gnvironmental feedback signals which improve their

ovm performgnce are termed adaptive. A self-organizing or learning

<

control system is consequently one which demonstrates both, adaptive
and hemory capabllities. A learning system has the capability of
changing its basic structure (ipcluding 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

proble@ on~line, a process required because of, and despite, incomplete
- a prioﬁi knowledge of,the plant and its environment. Theoretically,
a learning system is also capable of overcoming failures of the adap-
tive lcop. |
There are many variations of learning concepts which have been
proposed, not all of them agreeing with the other. Many have bgen
labeled learning when they do not conform to thi; definition and are
simply aaaptive control systems..
In the field of learnihg‘systems for automatic control, there is
not any cne single theory which forms thg 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 method 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
thejdecision surface is a hyperplane. A modification of this algorithm
(32) .

{

has:been suggested that tries to arrive at a piecewisg linear decision

surface from a given set of classified feature vectors. This modified

s Ty
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@ethod is called the trainébie controller method. It quantizes the staté
space to elementary hypercubes in which control action is assumed con-b
stant. During the training process the trainable controller makes
changes in its weight béséd on the trainipg pattern being "shown' to it,
together with the outpué of that pattern." This is done until the number

. 79
of classification errors has reached a steady state value., It is shown( )

that this method can approximate a decision surface to an arbitrary de-

gree of accuracy (by increasing the number of quantum zones).

(65,786)

2) Markov Chain Theorv This methed-provides an approach to

modelling the dynamics of learning ccntrolleré@ This methed is also
|
(€4)

PN -

called learning with reinforcement even though this is a mqrg.ggneral
- concept. By learning with reinforcerent is meant the process where there
is a continuous scale of rewards with strict reward and strict'punishment-
E :eprgsentiné the upper and lower bounds respectively of this 5céle. The
K aﬂgiﬁeéring system is then designed to extremize reward. This métﬁbd 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 ke viewed as an iteration of probabilities; hence, from one
?ﬁ 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
(20) ”

RN,

its maxirum in the mean

( 1’33). This is an on=-line ap-

i ' 3) Bayesian Learning In Control Systems
proach to improve the performance of a linear stochastic system by reduc-

ing the uncertainties about the plant parameters belonging to a finite

I
3
J
1

set: if not, discretization of the parameter space should be done, which
is a serilous shortcoming of the methed. A class of estimators and cone

trollers is formed among which the stochastically optimal combination is
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i a member. Eaye's rule is then applied to reduce the uncertainty of the

unknown parameters by sequentially computing their respective a posteri-

S

ori probabilities. The learning feature of the a posteriori probabili-

}; tles is utilized in order to select the feedback controller among the

possible combinations available. This algofithm is designed for linear
Géussian systems with quadratic performance criteria and unknown system

- parameters belonging to a finite set.

(84,85)

4) The Stochastic Approximation HMethod This method has been

int;oduced By Tsypkin. The method utilizes a procedure where the un-
known system dynamics as well as the control acticn are modeled by lin-
early independent funcfioné weighted by adjustable coefficients. The
learning scheme ceonsists of updating the weighting coefficients to match‘f
the_approximate 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 difficultyf
arises with the choice of appropriate matrix functions which should span

oy the correspondiné space. This method is also called "hill ¢limbing",

since one perturbs the adjustable parameters in the direction of increas-
Rati = -

ing perf@rmance index.

R e
. e

Having examined adaptive and learning control systems, in the fol-

§“ lowing sections we will discuss the advancements of,fliéht control sYstems.

2.4. Analog and Digital Flight Control Svstems

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

matic flight control system. The realignment of 1hdustry from analog
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problems associated with existing analog systems will be eliminated both
for the designerfand the user.

M! ”'4 .H _

sxstems to digital systems is based on expectations that a number of

'LLueﬂ_ur.q

Many characteristics attributed to digital systems are said to
solve the analog problems. Digital automatic flight control systems are

a 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 functional requirements for automatic
flight control systems have been a joint function of basic electronic
thhnology, packaging and the evolution of commercial transports. An
a&tomatic flight control system (AFCS) that'can provide automatic control
virtually from lift-off is basi¢ 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 along

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 buttons at the appropriate time.

The continuing trend is toward each generation of AFCS being more
complex than its predecessor.

The interface requirements have arisen
fﬁom the number of sensors, actuators and logic data required to support

the AFCS computer in accomplishing the various pilot-selected modes.

tions can occur.

Tﬁe large amount of interface connections is significant to the user,
since each connection represents a pbiht where malfunctions or misfunce

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 brﬁnch of the system contrgl laws, a separate computational
path comprising dedicated circuitry must be utilized. This has led to
mich 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 f£light
control. The benefits most commonly attributed 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.

| f.A digital computer is not inherently an accurate computer. There

is a finite resolution to each calculationlmade that is a function of
the scaling and digital word length. (Analog resclution is theoretical
infinite), The digital computer's primary characteristic is that the
caléuiatioﬂs are repeatéble. Two computers given the same input, will
pro#ide 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 mutual comparison or tracking between the ouéﬁuts of
computers operating in parallel-redundant systems.

A major aspect of digital computef 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 be in particular contrast to 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
moéel. 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 modelse.

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 tiﬁe frame. Failure te apply
this capability will impair the cost-effectiveness of a digital flight
control system.

The potential for self-test within a digital flight control syse
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 othér dedicated circuitry
nead be required. The next section presents a brief overview of the F-8

Digital Fly-By-Wire‘(DFBw) study.

2.5 The F=8 Digital FlvBy-iire (DFEW) Program

The broad objective of the NASA F-8 Digital Fly-By-Wire program is
to provide the technology required for imp;gmentation of advanced, reli-
a%le, 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

SRR T3 SO AP
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ﬁas been modified by removal of the mechanical flight control syste@ 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~hy-wire
using a single channel digital system constructed from components dee
veloped previously for the Apallo Space Program. Phase II‘ohdectives
include establishing a design base for practicai}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 adéanced control law concepts suite
able for digital implementation.

Research to investigate and promote advanced control laws for
possible flight experimentation has been motivated by the greater flexie
bility and logic capability of digital systems as compared to analog
systems and by the increased complexity andrsophistication expected of
future airc;aft flight control systems.

There are two major types of adaptive control. One type, some~’
times called analytical redundancy, has to do with adaptation to faile
ures in control system components internal 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

' i 11,30
reduce the hardware redundancy needs of the physical system( ! ).

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 fleld of adaptive control. Most important is the
préblem of guaranteeing stability of the adaptive and control loops of
thé systen under operation(42’59). Another practical problem is the
frequent need for a dithering signal to excite the system during peri-
ods of ééntrol inactivity. The signal must be subliminal to the pilot
and crew. The need to limit the amplitude of this signal usually re-
qﬁires that the adaptive loops operate with un favorable signal=-to-noise
ratio.

The problems mentioned abové indicate that a requirement needs
to be imposed on any adaptive system regarding when to allow gain ad-
justments to be made. The system should allow gain adjustments to be
made only when the adaptive system passed certain tests. This restric-
tion, hcwever, may preclude rapid gain adjustments and if such adjuste
ments are required, only a gain scheduling 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 ;dap-
tive control and eliminate the undesirable features of each. This dis-
sertation describes a system intended to accomplish that objective. The

(55). It is, in

described system is called a learning control system
fact, an adjustable blend.of a gain scheduling system and an adaptive
control System.

Having considered background information on adaptive learping con-

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

. ]
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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

S ———

- | The basic problem to be considered in this chapter is that of dew

| signing a Learning Control System (LCS) that is capable to meet design
reguirements over many possible operating conditions of the plant by
ad}usting, in a prescribed manner, the feedforward and feedback gains of
the plant. Pigure 3.1 shows the functional organization of the learning

control system that consists of three basic subsystems: l. The Information ¢

Acquisition Subsystem (IAS), 2. The Learning Algorithm Subsystem (LAS) and

3. The Memory and Control Process Subsystem (MCPS). Two techniques are

Wb bt o

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.
Y}"Each IAS may be combined with the LAS and MCPS to form a LCS. The’LAS is
developeq using a sequential coefficient estimator technique which 15 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 Subsystem (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 offer possible solutions
to this design problem, the particular solution depending in part upon the
form of the Liapunov function selected.

Consider the Information Acquisition Subsystem (IAS) of

Pig. 3.2 where the linear multi-input ntu_lti-out;_nt plant with constant or
slovily time varying parameters 1s described by the system of differential
equations

¥ = APy + B (DS, (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) descrike the dynamic characteristics
of the plant. Let .f e be a linear combination of the states and the control

input given by

S, =y +6d | , (3.2.2)

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

gain matrices of the plant respectively. Substituting Eg. (3.2.1) yields
vy = (A (.p) + B (p)K| v + |B (pP)G ~{ = A'(p)y‘-n- B”'..(p).{ (3.2.3)
Y P P 4 s P ; P s

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

kthe form

zZ =Fz + [Am({:‘) - F] Yy + Bm<§) J’s o (3.2.4)

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

and A (p) and B (p) describe the model closed loop dynamic characteristics
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as a functicn of parameter (ﬁ). Note that (ﬁ) and matrices Am(f;) and
E Bm(fa) must sa%isfy the following conditions:
| A(B =p) = |a B (DK| = A 2.
] ol = P [ S(B) + B (P) ] e (3.2.5)
i B(f=p) =B (DG =BI(p) 3.2.6)
- (P = P) = B(P)G = B (p) | | (3.2.

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

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

e sz -y | ' (3.2.7)

PSS S

The model-plant error differential equation yields

; n n v
. .-T, 5 T
e = Fe + (Zbiui ly + (Zdiwi )fs (3.2.8)
(4] Lsi
where

n

bu,T = A (D) = A (p) (3.2.9)
M1 T 'R = AP s
'

i:
1
|

gt =B (B < B P (3.2.10)
il o . ;'.yp ‘ et

11

= 4
~
"

«.rw&:

Vectors bi and d 4 are constant for all 1 and ug and w, are vectors whose
elements are the misalignments of parameters (f)) 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 " .
V = e'Pe + Zu"r‘\l‘u + Zw'rq W, (3.2.11)
L=
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where P, Ni and Qi are sywnetric positive matrices with constant elements.

The time derivative of the Liapunov function yields

e
'

.

A domadek

= e (F'P + PFle + 22 [u +y (b Pe)]

L=
(3.2.12)
: o T T, .T
+ ZZ[wiQi + Js(d’iPe)] w
»51 , izt
The matrix P can be found as the unique solution of
d T ,
PP + PF a = Q (3.2.13)
: S . (2n
i where Q is any n x n symmetric positive definite matrix A

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

integrating yields

. t
i T T
i u; = fy (b Pe)N dt +ug (3.2.14)
0
P ¢
T, T -1 T
i J‘S (diPe)Qi dt + Wi (3.2.15)
-]

i
i

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

‘ -' (o)
B () =B (5) - fd STtdiperaltat (3.2.17
i | ~
where
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n
B(P) =BAp) = > dur (3.2.172)
m Po’ = Pp'P 1"1i0 eotia
L2y :
A
Note that P, is an initial estimate of vector p and u 10’ Wio 3F€ the

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

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

\.’ n - eTQQ ‘ - (3.2018)

The form of \.I is negative definite with respect to e because Q is §ositive

deﬁfinite. Thzrefore, the error differential Eq. (3.2.8) is asymptotically
f

séabl»g in the whole for e which means that after an initial distuxbance

the Euclidean norm ue" —> 0 for t—>o@ . Since V is indefinite with

respect to u, and w

i 3 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 cir-

cumstances, there may be a need to apply several inputs in order to obtain
a bettg_x;:id'entification.

As we pointed ocut earlier, the adapﬁive algorithm may vary according
to the Liapunov function selected. To ’ilIustrate this, let Qs choose a

somewhat different Liapunov function

' n S . .
T T T T
V = e Pe + 2 [ui + (biPe)y] Ni[u,i,-b (_,b_iPe)y}

L=l

n .
4 T T ) T
. Z {wi +.»(diPe)Ss] Qi[wi + (diPe)Js]
L=4 ) .

(3.2.19)

-
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The time derivative of the Liapunov function following from Eg. (3.2.19) 1s
n

. T,.7T ’ T T T,
V ae (FP +PFe + 2 z u, + d/dt [(biPe)y] 'Ni[ui + (biPe)ﬂ
Lz 4

n
. T T T
+ 2 z W, o+ d/dt[(diPe) ‘fs] in[wi + (d;Pe) .fs]

=l
+2 Z T(b'ipe)u + 22 ST (d Pe)w (3.2.20)
=1

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

t
T T, T -1 T,,T T
u; = -fy, (biEe)in dt -y (biPe) + U (3.2.21)
2 -
fSTm pe)q;lat - § T(djPe) + Wy, (3.2.22)

The adaptive algorithm equations resulting by substituting Egs. (3.2.21) and
(3.2.22) into Eqs. (3.2.9) and (3.2.10) are different from the 'préviously,
obtained Eqé. (3.2.16) and (3.2.17) because of the different choice of the

Liapunov's function and are given below by

n

A (D) =B (po) - fb ¥ T(p! “e)N Yot - z biy'r(b'ipe) (3.2.23)

[ o Lzt R

<+
n n

: A A T,.T -1 T,.T
Bm(p) = Bm(pe) -ZfdiJs(diPe)Qi, dt - Z difs(diPe) (3.2.249)

Lzt ™o L=t
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Consider Eq. (3.2.11) and let
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Substitution of Eqs. (3.2.2;) and (3.2.22) into Eq. (3.2.20) yields

V--eQe-ZZy(bPe)y 2265<dp) (302025)

Since Eq. (3.2.25) contains more negative terms than Eq. (3.2.18) the
adaptive algerithm defined by Eqgs. (3‘2.23) and (3.2.24) results in an
accelerated error convergencecea) ever: though V is still negative definit;
in error e only. Note that Egs. (3.2.23) and (3.2.24) are solved in a
similar~ﬁanner as Eqsa §3.2.16) and (3.2.17).

The performancé of the IAS is monitored by a convergence criterion
defined by . .
M= £ m : (3.2,
’Q VR /IS M —_ ‘ (3 2.25) |

where ’7lnd:z is prescribed by the designer according to the desired accuracy
between vectors p and p for a prescribéd length of time while the system is
suéiect to sufficient excitation. Since the plant parameters are unknown
we have no knowledge of us and Wy which means that we cannot calculate the
Liapunov function V(t) and consequently the convergence crltéqion /7'. To
overcome this difficulty let us rewrité Eq. (3.2.26) as |

€

!VL- V(E)/V(0) =1 + [b(t) - V(Oﬂ /V(0) = 1 +-jﬁﬁ(t)dt/V(0) (3.2.27
- - ! . o . -

The Liapunov function hay be viewealas being compoged of three parts, f.e.

I3
T

VeV, 4V, V. (3.2.28)

1* 2%y

T




If matrices Ni and Q, are chosen such that

i

P>N, and P> Q (for every 1)

then V(0) may be appj:oximated by
; Ty
V(o) = Vl('rm) -fv(f;)dt

[=)

where Tn is the time at which V. reaches its maximum value,

1l
tuting Eq. (3.2.31) into Egq. (3.2.27) yvields
+ | T i

/l’l’ =1 + fV(t)dt/ [Vlmax -f V(t)dt{}

o o

1max*
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(3.2.29)

(3.2.30)

(3.2.31)

Substi-

(3.2.32)

which is the approximation of Eq. (3.2.26) used to calculate the convergence

criterion_nl 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’[_, ‘but in this case V(t) should be used as indicated

by Eq. (3.2.25).

then the output measurements of the plant are cox:rupted'w:i.th noise,

this noise appears both in the plant output and in the error signal. Because

ORIGINAL PAGE IS
OF POOR QUALITY
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of the multiplication in the aﬁaptive law Eqe-(3.2.16), the computed Si

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

. A A
z = Am(p)z + Bm(p?‘j; (3.2.33)

leading to an error differential equatidn<bf the form
n o n
° T
& =A(ples (Z bul)y + (z a) (3.2.34)
Ay izt

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

adaptive algorithm equation
n 4
A (D) =A (p )-Z b,z (b Pe)N] lat (3.2.35)
™ m ‘o i i i
- .‘—' 0 : .

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

to noisé ratio. In thié case the elements ﬁi 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 ﬁi after they have passed the convergence criterion,

defined by Eq. (3.2.26), are packed into a 1 - dimensional parameter vector

P which will be used as an input to the Learning Algorithm Subsystem (LAS).
. ‘The next section descr;bgs an altermate approach to develop the IAS,

namely. the Newtcn-Raphsonfﬁethod.‘

* Note that Sl are the elements of matrix An(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 ’ .
%= A (B)x + Bm(g).fs (3.3.1)
where x is the n - dimensional model state vector and all other variables
are as defined before. The dimensionality of the model is assumed to be
the same as that of the plant. Note that S is an estimate of p and matrices

A A
Am(p) and Bh(p) must satisfy the conditions given by Egs. (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 maximum 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

(51)

logarithm.is a monotonic function. It can ke shown that the negative

log-likelihood function J(p) is
N
B =5 (el 23|
J(p) =% eiBiei + log Bi _ (3.3.3)
L=t
where Bi is an n Xx n matrix whose inverse is the covariancé matrix of the

plant's state, that is

‘1 . - - T{ )"

and N is a fixed number which denotes the amount of data that need to be
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collected before the minimization process can begin. Note that §1 is
the expécted value of y,; §i = Ely,).

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

The basic iteration of gradient-type methods have the form

A A
Pj+l = Pj - fjsjfj (303.5)

A
where Pj is the parameter vector at the j~th iteration, fj is a vector .

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

3 P=py o ' (3.3.6)

and S, is an approximation to the second partial matrix i.e.,

3

2,47 A2 -i 1
Sj = [a J(p)/aP] lg,_ ’f"f’j

Note that 575 is a scalar step size parameter chosen to ensure that

J(3j+1)'< J(S.) - & , where £ is a pbsitive number that can be chosen
(25) o

in a variety of ways .
The class of the gradient.type methods differ mainly in the
: 48
selection of Sj, and in some casesfj and fj' It is shown( ) that the

convergence rate near the minimum’for algorithm (3.3.5) with S)j chosen

(3.3.7)
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by a one - dimensional search is

T
——

» : A ’ | \ 2.4
i Iy S (P m Foanrax + Gran? IBY (3.3.8)

| where (u‘max and L{,& min are the maximum and minimum eigenvalues of

Sj(:azJ/aaz) « It is clear from (3.3.8) that the best convergence is

achieved by making S, as nearly as possible equal to (azJ/a§2)-1. n

3
vdeveloping our IAS we use Newton-Raphson technique as a member of the

gradient-type methods.

f . . e

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

('afJ/ap ) Q . ‘?’j and S’j = | except when this choice of 573.

gives an increase in cost. When this method converges, the convergence

ﬂ ’ is quadratic. Howevér,.the method has the following drawbacks: a) It

 fails to converge to the'desired optimum whenever (EﬁJ/aﬁz) has some

- negative eigenvalues. b) If (BZJ/aﬁz) is nearly singular, there are
nunerical problems in inverting it. This may result in slow or no cone-
vergence at all. ¢) Generally, the computation of (DZJAaﬁz) is very

;véfpensivec This is the main reason that we will consider variocus modie

f}ications of this algorithm by doing some approximations in order to

save on computation load.
The first modification will be to get an approximation of

(3 J/ap ) rather' than computing its exact value. Differentiating Eqe

{3.3.3) with respect to p we get (assuning By

'eﬁar;:—stant') -

[e——

LT
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 where 9x/97 is the sensitivity matrix of dimension n x £ ( £ is the

number of unknown parameters) whose form is

,,%A A A B
axla!(ypl axl/zp-z LA R J axl/ape

2 x/2p, d%,/38, e V% /3B,

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

N . 3 - .

-1 ‘ AT A ~

. = p 3.' . . o ~0 .
s [E (2x/2 98, (2x/2 p’:.] ;= 2%/ 'p .g, . 2av

L

Then substituting Egs. (3.3.11) and (3.3.9) into Eq. (3.3.5) yields

A -1 R ;
ﬁjﬂ. a [Z(a&/ap)lsl(ax/a p)] [Z(B x/d p) B ] j - (3.3.12)
izt . L=l

where (2 x/3 D), the sensitivity matrix, can be obtained by differen-

tiating Eq. (3.3.1) with respect to P and interchanging 2/ P with d/dt.
This yields

A A A A A - A . (303.13)
d/#t(? x/JP) = Am(p)(a x/2D) +2/9Dp [Am(p)x + Bm(p)«fs] % constant

Since the initial conditions of the model, x(0), can be selected indee

. pendently of 30, the initial condition for the sensitivity matrix

(?x/as) is set to zero, (0). Hence, (Elxlaﬁ) can be obtained by solving

‘:.he set of differential equations given by Eq. (3.3.13). Since s;l is
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non-negative definite, one can always find a S) 3 such that

-1
]

{ - is fsingular or nearly singular, that when inverting .s;l wa may obtain

|
I

J (‘A’j +1) < J(Sj) « The methed, however, runs into the problem when S

g

o A . A :
an indefinite Sj, so that J.:(pj-rl) 7 J(pj) for all gj > 0. For these
cases it is better to obtain the parameter step by solving the follow=

ing linear equations »

o =l A A '
S.°¢ e p.) - f o (2.3.14)
I TRt 5 s M
Several schemesczs) are available for selecting S’ 3° Since the
calculation of J( ﬁ) is very expensive(zs) , methods which require several

trial values of _S’:, during each iteration are not desirable. A simple

procedure is to use S)j = 1 in those cases where
A A T ‘
J( . ) - J( .) 2 .f.s f. (303015)
Py Py) < % §5354F; ~

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

j ?
are used to obtain a quadratic fit in LY and the stationary value

. | (1)
i ¢

j+l

that minimizes the quadratic fit is computed using fj = f (1 .

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.

. o Ipy ) £ €, (3.3.16)

b) The vector 6j+1 is close to its previous iterate. 6 3 in the Euclidean

i ; norm sense i.e.

”?’j-’-l - Bj” =3 éé , - (3’.3.17)’




where € 2 is determined by the designer. c) As we shall show in the

following section (3.4) Sj ol is the covariance matrix of 3j+1. Hence,

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

{
1

L

covariance of the parameter 31 i.e.

' A
(sj+l)ii-4' cov py (3.3.18)

where cov 31 is determined by the designer and isvthe maximum tolerable
covariance of the coefficient S 1°

Parameters 6 i after they have passed the convergence criterion
are packed into a parameter vector S of d:‘.me.nsion ¢x 1 to be used in con-

junction with the Learning Algorithm Subsystem (LAS).

hoakisimictiod Sivad A
. 3 f

iastidatiid
B 13
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3.4. The Learning Algorithm Subsystem (LAS)

The values of parameter vector 3 affecting the dynamics of the
p%ant are fitted to predetermined analytical expressions which describe
t&e behavior of 3 over a range of Ehe plant's operating conditions, de-
néted by vectér h « Assume the relationship between the parameter vector
S'and the plant's operating condition vector h be described by an unknown

memoryless system
P o= £ +A ) (3.4.1)

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

covariance matrix

R = EQAX) = E [’;‘, - 3(6)],[3 - s(ﬁ)] * (3.4.2)
where E(P) = £(h)

A model is assumed of the‘form

where H(h) 1s the cperating condition matrix whose elements in any row

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

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

minimizes the quadratic criterion ¢k given by

A i . T =1(a ) o . 7 ;
o, =Z [pi - H(hi)ck] R} [pi . H(hi)Ck] Co (3.4.4)
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The subscript.on Ck is used to emphasize that we are using k vector obser=
vations to compute the estimate. At present, the subsc;ipt is superflucus,
but it willi be helpful when we develop the sequential format in the sequel.
Because the minimization of ¢k is an ordinary deterministic minimization

problem, the leaste-squares estimate ‘:tk is obtained by setting

Differentiating Eq. (3.4.4) with respect to Ck yields.

k
\ T -l A
20,/2¢, = - zZu (h )R] [pi - H(hi)C‘k] =0 (3.4.6)
=)

Solving Eq. (3.4.6) for Ck we obtain

K Kk
c = [Zu (h,)R; ]'H(n )] [ZH (h )azl" (3.4.7)
¢zl e ‘ (st

Note that the solutior requires the inversion of the matrix
k .

4 ZHT(hi) R;lH(hi) . The existence of this inverse is essentially an

o2y .
observability requirement(sg) « For notational convenience, let us define
Pk as . N
A N - -1
p 2 [ZH (hi)RilH(hi)] (3.4.8)
(Y]

In Viw Of Eq- (304.8)7 Eq- (3-407) becomes

k

‘16 . .
ck = gk [ZH (hi)ai j] ' i (3.4.9)

L3t
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It 1s desired to establish an iterative formila to simplify the computations
involved in Egs. (3.4.7)and (3.4.9). To do so, suppose the data skd’

hkq-l is available, then Ck-n-]. will be

ket
-1A
Py ZH ()R] (3.4.10)
where
K+
P, - [ZH (h, )R] ]'H(h )] | | (3.4.11)

Lzt

Taking the inverse of Eq. (3.4.11) yields

i K+l

K
-1 T . - St 7 - T
B =ZH (nyJRTH(h) = ) H (h IR H(h )+ BT (h IREY MRy ) (3.4.12)
o=l L=t

Inverting Eq. (3.4.8) and then substituting into Eq. (3.4.12) yields

-1 -1 T ,
Prel =B FHR)) Read (hk+1 - 3413
Since matrices Pk+l’ Pk’ H(hk+1)’ Rk+l satisfy Eq. (3.4.13) and Pk-:-l’

i -1 —l y
B Pk , %: ) are nonsingular and H(hk+1) is of maximum rank, then Pk +1 is

| given by(s9)

R -1 '
Pk+l = Pk -P H (hk+l [H(hk l)P H (h ) + Rk ] H(hk+1)9k (3.4.14)

Equation (3.4.10) may also be written in the form
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K
T «la T -1 A
c:,“.l = Pk+1 [ZH (hi)Ri pi + H (hk+l)Rk+lpk+1] (3.4.15)
o3 i

Substituting Eq. (3.4.14) into Eq. (3.4.15) and rearranging terms yields .

the iterative equation for Ck+1

« B T -l A |
Geer = Gt BiH (hk+l)[ﬂ(hk+l)9kﬂ (hy )+ Rk+l] [?k+1 - H(hk+1)CkJ
’ ' (3.4.16)

The initial values of vector c° may be selected as the coefficients of
the interpolation polynomials over some apriori available data about the
variation of parameters Qi's oyer some range of admissible operating con-
dition he This is done in ordeﬁ to start with a finite uncertainty about
the coefficients C which is a necessary condition to guarantee stability
of Eqs. (3.4.14) and (3.4.16)., The matrix Po may be chosen initially as‘
anf positive definite matrix, and this choice influences considerably
(71)

the rate of convergence and stability of the algorithm

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

P -E(MT p. P

541 = Py (3.4.17)

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

given by Eqe (3.4.17) yields

Voo NN
R = [Z(ax/a a)f_stax/a'ﬁyi] '1{2 > (ax/5P feeEn(d x/aS)k]
is) L k=1 ‘
-

: ; R . -1
[z( 2x/2 p)zB( o x/ ap).i] (3.4.18)

21}
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where the bar denotes expectation. Letting

— -1l
eiek = B Jik (304019)

where
= 0 for 1% ﬁ k
J:Lk 1 for i = k (3.4.20)
the covariance matrix R of vector ?: reduces to
N a1 i
AT A
R = [Z(axla p)iB (?x/bp)j] : (3.4.21)

isi

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

dafine the estimation error as

o~

cké c 'Ck ‘ (3.4.22)

Substitution of Eq. (3.4.9) into Eq. (3.4.22) ylelds

k
o~ . T -lA
g =c-®, ZH (h)R]B, (3.4.23)
L=t '
since
n -

Therefore, substituting Eq. (3.4.24) into Eq. (3.4.23) gives
T =c- pkz HT(h, )R] [H(hi)c +Ai] (3.4.25)
P

 ORIGINAL PAGE Ig
OF POOR QUALITY,
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In view of Eq. (3.4.8)
K

~ -1
& =" sz H (hi)R:L A:l. (3.4.26)

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

S e

K ‘
~F
E(C) = - B, Z HT(hi)Rzlf'\i‘ a0 (3.4.27)

L':l

Hence, Ck is an unbiased estimator. The covariance of the leastesquares

estimation error is given by
W
(Cov)('k = P HT (h )R AiA R, (h NP (3.4.28)

In view of Eqa (3.402), qu (304-28) becomes

K

(Cov)~ = P ZHT(h )R-]‘H(h )P, =P (3.4.29)
% = B iRy Hihg) | By = By
) o=l : i
A necessary test for the LAS must be to continually evaluate the
validity of the information in vector Ck. This test 1s performed by the
confidence criterion which is satisfied when the following conditions
are met: . a) The mean square error is below- some quantity‘ € 1 fixed by

the designer i.e.

@ (k + 1) £ : ; (3.4.30)

K+l s
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b) The vector ck+1 is close to its previous iterate Ck in the Euclidean

norm sense l.e.
- “‘3«1 - Ck“ <€ | | - (3.4.3D)

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 Pk'is

smaller than the allowable covariance of the:coefficient Ci. Since

: 2
(), S E [‘Ck’i - c] (3.4.32)
then condition (c) reduces to

where the quantity cov ci is fixed by‘the designer and is the maximum
tolerable covariance of the coefficient Ci'

Note that ¢k+1 used in Eq. (3.4.30) is given iteratively by

. A . T =1 A
Pewr =% * [Pk+1 - h”ﬁwl)cku:] Riesl [p}c+l - H(hk+1)ck+1]
(3.4.34)

where ¢k -!-S defined by qu (3-414)-
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3.5 The Memory and Control Process Subsvstem (MCPS)

The plant's dynamic characteristics vary over different operae
ting conditions h, therefore, the overall objective of the learning
control system is to maintain uniform dynamic quality parameters over
all possible operating conditions insofar as possible. That objective
might be compromised because the feedback gains required to maintain
unifoﬁm 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 computes the corrections AG and Axneeded for the feedforward
and feedback gain matrices G and K respectively using the stored vale
ues of vector Ck' In order to design the control laws for maintaining
uniform dynamic quality parameters a design criterion is selected that
yields a relation between the feedforward and feedback gains as a
function of the parameter vecter 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-
ationglly feasible control system. |

Imposing the constraint that the plant's handling qualities
remain the same over all éossible flight conditions we get from Eqs.

(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 /\ on both sides of Eq. (3.5.1) gives

PAN Ap(p) + [A Bp(p) ] K + [Bp(p)] AKX =0

(3.5.2)

[A B (p) ] G + [Bp(p)]A G=0

The solution of Eq. (3.5.2) for A\ K and /\ G yields relationships
which constitute the control laws given by

-1

[t tr i
AKi = - [Bp(p)Bp(p)] Bp(p) [AAp(p) +ABp(p)Ki] (3.5.3)

where i = 1,2,¢0000.,n and
NG = - [BX(p)B (D) -laTc ) Aé( ) |6 (3.5.4)
p > %p p° p P ] y

.Note that superscript i on the matrix 2\ Ap( p) denotes the i-th.
colum vector matrix AAp(p)'. BEquations (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 combinations 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 vpx:esents the ai:plication of the ICS to a high

ocrder representation of the F-8 DFBYW aircraft dynamics.




O
v g 2

v /

F=8
Aircraft
(Plant)

Information

Acquisition

Subsystem
(Las)

o>

\4

Learning
Algorithm
Subsystem
- (LAS)

KN

JSs

%

y

AG and AK

Memory and
Control Process
Subsystem
(MCPS)

Fig. 3.1 Functional Organization of Learning Control System

For The F-8 DPFEW Aircraft.

47



'fe SN I Plant 5 Y
4 X l‘
p
Adaptive
e Algorithm
&
AN
AP
Reference
X Model 7 —— 2

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




P

r

49

CHAPTER 4

CASE STUDY I; THE APPLICATION OF THE LCS

TO A HIGH ORDER REPRESENTATION OF THE F-8 DFEW AIRCRAF! DYNAMICS

4,1. Introduction

| Td describe the behavior of an aircraft, one must study the non-
linear equations of motion of the aireraft. A solution for these equa=-
tions may be obtained by the use of analog or digital computers or by
manual numerical integration. In most cases, however, by thé use of
proper assumptions, the nonlinear equations can be decoupled into two
sets of equations describing the longitudinal and lateral dynamics sepa=
ratély. 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 (longitu-
dinal) but does not cause a rolling or yawing moment (lateral). On the
other hand, a rolling and a yawing moment generated by the aileron 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 t&gir_products
and squares can be neglected, then the equations can be decoupled.

| This chapter describes a si ilation of qur legyning control system

(Lés) on a digital computer as applied to the decoupled longitud;nal and
lateral dynamics of the F-8 DFEW aircraft. The simulation is not concerned

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 linearized representa-
tions were used both for the modeling of the longitudinal and lateral
dynamics of the plant. The main concern was to get iﬁsight into‘the
properties snd the behavior of the ICS.

Another aim of the work described in this chapter was to compare

S

tﬁo different learning control systems based upon two different Informa-
tion Acquisition Subsystems‘(IAS): (1) Liapunov Method and (2) Newton-
Raphson lMethod.

| We will consider a more realistic application of our ICS 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 descrike the
lateral dynamics and the ICS as apélied to the lateral dynamics; ‘The

last section will discuss the simulation with the associated results and

some concluding remarks.
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4.2. The longitudinal Dynamics

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

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

have the matrix form

-7 T i T e I
q P, Py P, q P,
v 0 p, P, -9 v o
- 3. T4 1+ ] ® . 5o (4.2.1)
* N “
= 1l Py Pg 0 Pq
6 ] 1 o o o) [e] Lo

where cf o 1s @ linear combination of the states and the pilot's input

given by the following eguation

.

,je a Ky +G‘f5 - o  (4.2.12)

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

as defined in Chapter 3. Parameters P, through Py 23re functions of the

. 2
aircraft's stability derivatives given by the following equatz.ons( 1)z

P, = (qsclzvozy) (cmq + cn“ )

Pig = (qscAron) [cm

2 e
- (asc/2mv )G, cLu]

P, = (S’7.3qSC/Iy) [Cm“ - (qSC/ZmV;')Cm& Cr_b‘]

Py = - (qS/m":’cnu P, = (57.3q5/m)%«
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: P = (as/mv2)c, B = (S7.3qS/mV§)C‘io(
.- u
2
P, = (57.3qSC/I. ) [C - (gsc/2mvo)C (4.2.2)
%» 7 Y “5; o' m. Cq;;]
%“ Pg = (57.3q5/m)CD Py = (57.3q5/m.V'°)CL
4 e J;

Dae ‘ The stability derivatives affect the dynamics of the aircraft and as.an

%’ example wé 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

4 term nust be negative. A statically stablg aircraft is one tha£ tends to

return to its equilibrium condition after a disturbance has occurred. A

LR

negative Cm means that as the angle of attack increases positively, the
Mg

i pitching moment becomes more negative tending to decrease the angle of

attack. The opposite is true for a positive cm .
o

Although all aircraft are designed to be statically stable, Cm

Filmpid T2

. ok
negative, certain flight conditions can result in large changes in the

PESETEE |

longitudinal stability. A severe shift in the longitudinal stability
i results in some high performance aircraft at high angles of attack, a phe-
nomenon referred to as "pitch-up". As long as the slope of the Cm versus

c( curve is negative the aircraft is stable but as the angle of attack

|

LT PR

is increased; the slope changes sign and the aircraft becomes unstable.

Bl

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

[Tl §
p B

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 limit:s the performance of the aircraft.
In order not to limit the aircraft's performance, the lohgitudinal 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 our Learning Algorithm Subsystem (LAS). Our
method of development of the longitudinal ICS is descrired in the following

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

o 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] f-0 o o o | [z, ]
. %1 - %
z2 0 -10 O 0 zz
z ) 0 10 0 ‘ *
24 0 - Z5
z4 0 0 0 =10 z,
- - - 1 4 i
I A A . 9 AT
§ + pl+10 plo p2 0 q p7
A A A .
0 p3+10 P, =g v Pg -
A . ] + X (403 ol)
1 Ps pgti0 0 [* | By Ss
1l 0 0 10 8 0
- 4 L d . -

- o - A A A o T r - p=A -
1 P; - Pip Pp q Py
z A A A
21 {0 P3 Py -0 v Pg ' JT' .
. - A A 0 * = * 1A £ ds
=Y 1 pP5 Pg Pg
z 1 0 © ol fe 0
I I B P A
+ r-lo 0 0 0 rel
0O -10 0 O e, o |
% ~ : . (40302)
0 o0 -10 0 ey
. 0 0 0 =10 e, J

o

Kbl t

i
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The matrices P, N

as
30
P = 0
0
0.01
Nl = 0
0]
-
P w
Nz = 0
| °
oo
N3 - 0
0
Q1 = Q2 = Q3

30

0
0
30
§
0 0
10 0
0 0.0001
-ad
- =
0 0
10 0
0 0.001
~
0 0
10 0
0 0.0001
0.00001
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(4.3.3)

i and Qi appearing in the Liapunov function are chosen

(4.3.4)

(4.3043) '

(4.3.4b)

(4.3.4¢)

(4.3.4d)
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are of third order because there are no unknown parameters in the fourth

differential equation therefore, e 4 = 0. The matrices Ql' QZ’ Q3 ree

duce to be scalars because there is only one colurn in matrix Bm(ﬁ) « The

infinity elements in N2 and Nv3 matrices indi&:ate that the corresponding
elements of the Am(f)) matrix is known. For example, the first diagonal‘
element of matrix “3 being @@ shows that the first element of the thiirc‘i
row of the Am(s) matrix is known, namely l. After these choices have
been made (Egs. 4.3.4) the adéptive algerithm equations given by Egs.

(302.16) and (3-2017) reduce to

<
A Alo)

0 +
A A (o) _
Pig = plo_ - f(30elv/10) at

(2]

(30e O(/.OOO].) dt

>
N
¥
o>
N~
(&)
st
’ [}
. o;—ﬁft

+
Py $§°) - f (30e,v/10) dt

B, ?’ff) - f(aoe « /.001) dt
[}

& L ‘ (4.3.5)'
( 3Oe3v/ 10) 4t

(30e, J o/ +00001) d

- . 7 é .
Pg ’§é°’ f (30e, */.0001) dt
0.
. |
'[
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t

A A(o)
p8 = Pe - f(30e2 {S/oOOOOI) dt

o
t

A A(o)
Pg = Py - f (30e, S 4/ +00001) dt
; A .

(o)

where $i is an initial estimate of parameter Py

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

used which for the longitudinal dynamics has the form

=, 7] -A A A 01 «—. - "N

1] |P1 P P2 1 Pq

. 6 A A ] A

*2 P3 Py, =9 *2 Pg |

» = A A + A X {s (403.6)
*, 1 ps Pg O %3] [Py

Lx4 ] -} 0 YO u ‘0 x4 0

In tﬂis case thé sensitivity matrix (Eg. 3.3.10) has the dimension

3 x 10 with a typical element (the i-j element) axi/a Bj (1£ 3, j¢ 104).:
Each element of the sensitivity matrix satisfies the differential équation
(3.3.13) which is used to evaluate that element. For example, the ele=
ments 9 X,/ Qo 33 and 'a x3/a§l satisfy the following differential equa=-

tions respectively

2

a/dt( %,/ 33) a Saca xz/a;’SB) +P N a‘ﬁ/a 33> %
a/at(d /2 B,) = (2x,/2B)) + ss(axzxasl) + 86('333/361)> )

Note that the other elements of the sensitivity matrix are not shown here

but are obtained in a similar way. After all sensitivity elements are

v dbtained, they are substituted into Eq. (3.3.12) to yield an improved
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estimate of vector p.

In this study we used data from reference (21) and considered the

four wing-down (CO) configurations. The simulated flights were 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 first
step was to interpolate polynomials through the data in the least square
sense and determine a functional representation of the model system pa-
rameter Si 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 ara used for the Learning Algorithm Subsystem (LAS) and

- were determined so that the mean square error between the curves and.the

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

the 3 parameteris are of the form
i

A A ( . )
pl = pl M,L Cl + CZH + C3

L+ C4M L

A 2
P, = pZ(M,L) = C5 + cem + C7L + CSM L + C9H2 + clOL

- 2 2
Cl1 +‘C12M + C13L + C14M L + C15M + chL

A

2 , . 2 2
P, = 94(h,L) = Cl7 + clan + c19L + CZOM L + C21M + C22L

A ' 2
Bg(M,L) = Cpg * Cogif + Cpgl + Cpgli L + Cp ™+ Cpglt

o
w
u

A . . 2 2
ps(h,L) = ng + CypMt + CyyL + Cy M L + CyaM™ + C34

e
()
u

“(4.3.8)

2 2
+ C..M + C37L + CBSM L+C, .M +«C,L

AL
Po(M,L) = Cyg + Cyg 39

e}
~
[ ]

M+C.L+C ML+CH +C, L2+

A
Pg(M,L) = C,) + C 43 », -

41

O
[s4]
]

42

3 2
* C47H + C48L Mz + C49M L

2 2
54U + C55

(*]
O
]

A | ,
P(HyL) = Cgqy + CgyH + Cgol + Cgatt L + C
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(ML) = CSG +C_. M+C. L+C. ML +C Mz + C L2 +

A A
P10 * Pyo 57 58 59 60 61

2 2 3
+C..LM + C63M L + c64“

4 3

+ C65. + ; LM

€6

After establishing the model as a function of M and L we applied our
ICS as desc:ibed in the previous Chapter and the results are discussed
in section 4.6.

| As an illustration of the LAS consider one parameter curve QI(M,L).

and assurme for simplicity that

(o

A 1
Pl(M,L) = Cl + CZM + CBL’? [}uﬂ I]‘ gz = ﬂ(M,L)C ‘. _ (4.3.9)

3

Now assume the aircraft flies at mach number M ‘and altitude L., and the

1 1
IAS generates Ql(ml,Li). "Interpolating wind tunnel data we have an a priori

knowledge of vector C; namely

T €0)
c, | |
c = |c, (4.3.10)
° 2
Cy

Let P = I, (Identity matriz and initial covariance matrix of vector C).

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

[ (SR S () o (0)
Cl C1 'l - . Cl
| 2 2. 7M. ) |
Cz = Cz ’+‘ Ml (rll + 1 + I'll +* Ll) Ipl(!'sl,Ll) - [l r"lLl]\ CZ
| - | | T ‘
(4.3.11)

e



PAs—s,

A

€0

where £31 is the first diagonal element of matrix R (covariance of A
given by Eq. 344.2)

For simplicity let ry; = 1. Equation (4.3.11) yields

(1) (o) (o) (o) (o) 2 2

C1 = Cl [n (Ml,L ) - (C 2 Ml+ 3 )] /(2+ M + Ll)
(1) (o) (o) (o) (o) 2 2

fPa l[pl(Ml,L y=(cf s S s c3 Ll)] /(2 41 41D (4.3.12)
(1) (o) (o) (o) (o) 2

C3 = C3 [pl(Ml,L )- (C + C2 Ml+ C )] /(2 + Mi + Ll)

The updated covariance matrix Pl is computed according to

Eq. (3.4.14)

1 0 o 1
P 0 0 et e S i o (4.3.13)

l = l - Ml X (rll + l L J r11+ 1 ‘[1 ’1 1] 4. .

o 0 1 L, _
Equation (4.3.13) yields (for ry, = 1) |

2 2 T
Len +L7 =M -1,

.= | -m 2412 -us /(2 + 12 + 12 (4.3.14)

1 M 1 "M S Bt

i -1, -ML 2 +Mi

Next assume the aircraft flies at mach number Hz and altitude L2

o A : _
and the IAS generates Py (MZ,LZ). Applying the second iteration of the

learning algorithm'(Eqs. 3.4.14 and 3.4.16) we obtain an updated vector C

with elements

A
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2 1) |A
cg_ ). cg_ Y. B, (ML, )-(c‘l)afcél)uzwgn )}(mﬁ i-m M,-L,L,)/D

(2) (1) {7 . (1) (1), (1) 2
c,% =, +{pl(nz,r,2)-(cl +C, T M+, LZ)}(ZHZ Ml-o-MZLl MlLlLZ)/D (4.3.15)

(2) (1) (1) (D (1) } 2
C3 = C3 + pl(MZ,L )~ (C +C’2 ”2+C3 L.) (ZL - L1+L2111-L11\11M2)/D
where | _
2 2 2 2
Da?2 + Mg + L2 + (Ml - Mz) + (Ll - Lz) + (le2 - bIle) (4.3.16)
and matrix PZ
J2 J.J J.J )
1 172 173
. 2 ' ‘
P,=P, = |39, 35 I35 1 /D (4.3.17)
3.3, 3.3, 32
173 273 2
. .
where '
2 2
J 1 =1 + Hl + Ll - 1-11112 - LlLZ
‘ 2
2
J3 = 2L2 - Ll + LZMJ. - LlMlMZ

and P, is given by Eq. (4.3.14).

i‘he confidence criterion gives aécdrding,to, Egs. (3.4.30) and

(3.4.34)

(1) (1) (1) 2
@, = {pl(ﬂl,L) - (c +Cy7 M)+ Cy Ll)} < g,

(4.3.19)

(1), (2 : (2) 2
¢ .¢ +{p1(Mz,L) -(C G+ My + Cy LZ)} [4 2&,

For the longitudinal LCS the elevator command structure is

Sy =¥+ kyv + Ky b c;(s‘ (4.3.20)

15
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Imposing the constraint that the plant's handling qualitie$ remain the
i same over all possible operating conditions, Eqs. (3.5.1) and (4.3.20)
ar@ used to obtain relationships which constitute the control laws given
by
A ) A2 A2
Dxy = '[pa(klA Pg + AP + B APy + "10"1‘“’10] /(85 + Py * pm’
Ak = =[B (4D +AD,) +D, (K, AP +AD,) 4P . (k, AD, +AP )] /2 0248.2)
g 28Pg APy Pt Ry A Pg AP ¥R 2B Pyt P’ /1 TPg*Pe P10
(4.3.21)

A A2 2 2
JAN k3 = -[pa(k3 A p8+A p3) +p9 ( k3 A PytA ps) +p10(k3Ap10+A p7)] /< p8+pg+plo)

A A A A2 A2 A2
DG a- (p8<3A1:v8 + pgc;z.\.p9 + 1:aloG./.&plo)/(p8 *+ Py +'pm)
where the ﬁi are the learned parameters obtained from LAS and A Py is
the difference between the learned ﬁi at the current time and the previous
time. DNote 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 our ICS as applied to the lateral dynamics.
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4.4. The Lateral Dynamics

g 4 v For the lateral case the state variables of the aircraft system
5 are roll rate p, yaw rate r, side slip angle and roll angle e« The
‘4

linearized equations of motion at selected flight conditions have the

matrix form

- - - 1ar 1 r - r -

P Py Py Py O Pl 1P10 Pu

i

x Py Ps Ppg O -l (P2 Paa Sa

. = «: : X X (4.4.1)
! | B P; - Pg S A I V- I L P A
1 : b cos a. sina. O 0o 0o o0
1“ L¢ | n £ £ _l .¢_ - 4 - .

where J/ a is the aileron displacement and f r the rudder displacement.
Angle a_ is the trimmed angle of attack at each flight condition and the
parameters 123 through Pyy are functions of the aircraft's stability

derivatives and angle ag and are given by the following equations

; ' 2 s ' . ve_. 2
e Py = chos a = Lrsm accos a. - Npcos a: sin a. + Nr sin a.

: LU ! 2 ! 2 .'
b P, =~Lpsm a; cos a. + chos az = Npsin az - Ilrcos a_ sin a

£ £

L L
: Lacos a. = Ny sin a
P 7P

e
w
]

£

o
o)
"

] . [} . 2 ] 2 L} .
chos af sin af - Lrsm a:E + Npcos af - Npsm af cos af

, ! 2
£ cos af + Nr cos af

t . 2 L)
pg = Lpsm as + chos a

: 1
stina.\f+Npsina

] . [ i Ty
Lasin a. + Na cos a
psin 3 + 08 £

g
)
[}

(4.4.2)

e ]
3
8

Yp cos af -‘Yr: s:f.n af

K]
w
]

£

‘Yp sin’ a. + Yr cos §f
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i,

!

Py = ¥p

' ,
plO aLJa cos af -Nja sin af

where

1]
cos af 'N‘)’ sin a
b o
’
sin af +NJva cos a

[ ]
si.naf«i-NJrcosa

b3

£

[ ] . . f
L; = [Li + (Ixz,lzme / [1 - (IKZ/IXIZ)],

Ny = [ni + (:xz/xzu.i] / [

and iep,r, B, S,

l-(Iz/II)]

XZ2 X 2

The unprimed derivatives are defined as

2 .
L, = (asb /ZVon)Clp y

S , b |
r ’ ‘{r ,

2
Nr = (qSk™/ 2\( o.‘?‘. -z) Cnr "

a

» 2
Yp = (qu/Zch)Cyp ]

| 2
N, = (aSb7/2V,T)C,

2
Lr a qSb /2VOIX)C1r

Ly = (57.3qSb/I)C;

a a

P

; Np = <57.3qsp(:z) %P

N\r = (S‘7.3qu/Iz)Cn
r : r

"~
Yr: = (qSb/2mV O)CY,_.

£ : SN

€4

(4.4.3)

(4.4.4)
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Yo = (57.3qSb/mvV_)C . N Y = (57.3qSb/mV_)C
P o {P J; o (xf;

%f = (57.3qu/mV6)C¥f‘

r
r

As an example, we will discuss the stability derivative C1 and

p

how it affects the dynamics at the aircraft. C, 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‘subjecteg,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 (uf;) excites mainly
the side slip angleje and yaw rate re. This is called the Dutcﬁ roll
mode. In the same manner aileron displacement (J;) mainly excites the
roll angleqS and roll rate p. This is called the Rolling mcde.

There exists a coupling between the Dutch roll mode and the Rolling
mode mainly due to the existence of Ch (which is the change in the yawing

p

moment due to a rolling velocity) and C1 (which is the change in the rol-
r

ling moment due to a yawing velocity).

The cause for qn is the same as that of C1 . The change in the

P P
angle of attack as mentioned previously, will result in the lift vector

being tilted forward on the down-goihg wing and rearward on the up=-going

wing therefore producing a negative yawing moment (an adverse yaw) for

a positive roll rate.

Cl arises from the changes in the lift on the wings resulting from
T

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

Cne 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 trane '
sient response of the aircraft varies considerably with changes in airspeed
and altitude. The lateral pérameters are provided by our lateral LAS
whose development in conjunction with the IAS is presented in the following

section.
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4.5. Realization of the LCS as Applied to the Lateral Dynamics

The model used to implement Liapunov's IAS for the lateral dynamics

of the F-8 DFBW aircraft has the form

'.. - "1 o T o P
zl\ -10 0 o} zl
z, | . 0 -10 O 0 z, +
» X
23 0 0 «10 0 z3
z 0 o0 0 =10])l|z

|41 L 404

K CoA A | ~ 17T T
PO Py, Py O P! P10 Pu

A A A A A

+ |Ps Ps+l0  Pg o |IF Pra P3| |Sa (4.5.13

A A + A x eJe
Ps Pg Pg*l0 gV 2| 10 Pug| |5k

_cos ag sin ag | 0 10 ] _¢_ po 0 11 ]

or in equivalent form

" . 1 ‘ [-A A A 1 —i —1
zl pl Pz p3 0 )
» A CA A 0 :

22 Py p5 . Pg «| F
. = A A A / | +

231 |P7 Pg Py 9V,

Lz4 | _cos af sin af 0 o} ) LQ—

s sl T [0 o o o7[e]

A A : o

+ |Pr2 Puafffaf, | O 710 O 0 7le (4.5.2)
A i .

Y Pig §e 0 0 =10 O e,

0 0 ) 0 0 0 =10 e

e -~ - e 4 L 4_

where ﬁi is an estimate of Py and

a
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e, | rz1 -p ]
. e, = Z, = ¢ (4.5.3)
e3 z -

e, Z, -9

The matrices P, N 5 and Qi involved in the Liapunov function are chosen

as follows:

_
30 0 0
P=| 0 30 )
K 0 30
!
0.01 0 0 ]
2 N, = 0 0.0001 0
2 L° 0  0.00001
r'0.001 0 0
N, = 0 0.00001 0
L 0 0 0.000001
(4.5.4)
0.01 0 0
N, = 0 0.0001 0
0 0 0.00001
© 0.00001 0
' Q, =Q, = : .
12 o 0.00001
=) 0
Q3 =
0  0.00001
ORIGINAL PAGE IS
" OF POOR QUALITY
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The same reagoning as before (see longitudinal dynamics) indicates that
the P and Ni matrices are of third order. Note that e, = 0, Q:L matrices
are of second order and matrix Bm(ﬁ) has two columns. The infinity
element of matrix Q3 indicates that the first element of the third row

of matrix B (P) is known, namely O. The adaptive algorithm equation used
to ldentify the parameters of the lateral dynamics are obtained by substie
tuting Egqs. (4.5.4) into Egs. {3.2.16) and (3.2.17) and are given by

P, = §§°)- f(30elp/o .0L)dt

3, = "(°) f (30e,z/0.0001)dt
A A(O)

by = B f (30e, 3 /0.00001)dt
0

A(o)
p4 = p4 - f(30e2p/0.001)dt

B =B f (30e,£/0.00001)dt

ao) y
Ps = PG -}‘(3Oe2f3 /0.000001)dt

’f>7 = “(°) f (30e,p/0.01)dt
¢t

O J’ (30e,r/0.0001dt (4.5.5)
o

Pg = Pg

t
A{o) :
By = By - ‘[ (302, (3/0.00001) dt

A A (o) - - '
P1o = P10 ~ f (30e, § ,/0.00001)dt
' ()
A(o) * |
A Alo » 3
Py " Py _[ (30e, S 70.00001)dt
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pl2 = pl2 f(30e {/0.0000I)dt
By = 39 f (30e,J_/0.00001)at
o)
pl4 - p14 f (30e, S _/0.00001)dt
... Ao) . . .
Again p; is an initial estimate of parameter Py
In order to implement the Newhon-Raphson IAS for the lateral

dynamics, a model of -'tﬁe followihg form is used
-] [a A A ] R AT T
1 [P P, p3 0 Fxl Pro P11
» - A A A 0 A A
2 |=1Pg Ps Ps %2 |+ |P12 Pu3| [Sa| - (4.5.6)
- 3 3 3 /v 0 ? |
*3 Pq Pg Pg 9V | [*3 Pra| |5
\...4- Lcc:s a: sin ag 0 0 ] -x4q> 0 0 |

In this case, the sensitivity matrix has dimension 3 x 14 whose i - j
element is x‘i/a §j (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 3. |

For the lateral simulation, we once again used data from refer=
ence (21) and considered the four wing-down (CO) configurations at three
different altitudes (L = sea level, L = 20,000 £t., L = 40,00® ft.) and
three different mach numbers (M = 0.5, M= 0.7, M = 0.9)y The same
procedure used for the lohgitudinal case was followed through the lateral
case except that the interpolation pelymomials used to represent the sys-

tem parameters ?3 i with respact to mach number M and altitude L were only

ORIGINAL PAGE IS

' OF POOR QUALITY!
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expanded up to second order terms resulting in the followiﬁg equations:

A N x B (ML) = C, +C.M + C.L + CML + CM 4 CL2
Py = Pt S S S

A A A 2 2 o
! Py = pZ(M,L) - C.., + CSM + CgL +.C1°ML + Cllm + CIZL 1

- A 2
F By = Py{M,L) = Cry +C, M+ C L +C I-L+Cl7}12+CL

14 15 16 18

By = B,(L) =Cpy + Cyglt + C

. 2
19 20 L+C ML-&-C23M2+CL

21 22

A 2
ps(M,L) n Czs + C..l[1 + CZ'IL + CzaML +* Czsmz + C..L

Lo P4
w
]

L+C ML-I-CBSMza-C

j A A -
. Bg=PgmL) =C 24

21 M '+ C33

M+ CL+C ML +C Mzd-CL (4.5.7)

39 40 Al 42

o>
u

A
p7(M,L) = ,C37

L +C,.M, +C 1'12+C LZ

+ C I-1+C45 46

A

o
"

A A ' R
Py = PylM,L) = Cpg + Ceolt + CoiL + C ML + CSSMZ + C L

A .
Pio{MiL) = Cop # Co M + CoL + Gl + C

55 ° 756 58

7 A j__A . 2 2
; pll = pll(h L) = Cop + Gt + € ) ‘

(ML) =C__ +C. .M+ C. L+ C_ M + C .M +C

A
=Py 67 * “eg 69 70 71 72

Braligidenst &
>
[
R
[

(ML) =C,, +C_ M+ C,.L+C I-L+C77MZ+CL

A
= P13 73 * “74 75 76

o)
[
o
L

R (
Bo, =Py, ML) =C +Co M+ C L+cr.m.+c831~12+c

Pig = P1a 79 ¥ “go

Once the relationship between the lateral parameters as a funétion of

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

[

application of the LAS is inplewented by the lterative appllcation of

Eqse. (3.4.14),and (3.4.16) .

.
]
%
i

For thé lateral ICS the aileron and rudder command structures are

‘f aKlpd-GJ
J K2r+K3f3+G~f

(405 08)
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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 (4.5.8) are

used to obtain relationships which constitute the control laws given by

Ax =- [glo(KlA Pio + 8 By) + By(KiApy, + 4 "4)] /(Bg + B3

Dy = - [Sll(KZA P * APy + Pyy(KyApy +Apg) +
+ By 450 Pig t 4 ps)] /By] + B3 + ?’142)

AN [311(334; Pyy +APy) + D y(KAp 5 + Ay + (4.5.9)
+ BralKyapy, + 0 99)] /B3 + 85+ BY

Doy = - (51061 ARy, + By,618p,)/ (31c2> + ?’12)

D6, = = (Byi6a0y +Bip6yh ;513 + B148,AR, /(B * B3+ By

where Si are the learned parameters obtained from the LAS and A.pi is the
difference between the learned Si at the current time and the prévious
1S stored in the memory.

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

time. DNote that Qi are computed using the C'

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

Our LCS was appliea to the longitudinal and lateral dynamics of
the F-8 DFBW aircraft. The complete system was simulated on a digital
coﬁputer 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

rameters (ten for the longitudinal dynamics and fourteen for the lat-
eral dynamics) have been evaluated. Six of these parameters (longitudi-
nal Pys P3s Pg and lateral Pyy Pys pll) are presented in Figs. 4.2-4.13
to emphasize the learning perfo:mance of the two different ICS.

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 better 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 approximétion of the initial
parameters, Newton-Raphson IAS dﬁd note These éomparisons are based upon
equal time operation of the two learning control systems, while both the
inférmation acquisition'subsystems passed the convergence criterion.
Since the convergence criterion has been satisfied in both IAS's there
is no need to further extend the ronitoring 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 learning of the parameterss"This, in turn, means

that the gain schedule adjustments were more accurate than the adjustments

(RIGIVAT PAGE 1Y
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obtained from the LCS based on Liapunov's direct method IAS. These ex-
per;mgntél results and the comparative observations were described and
presented a? the NASA session of the 1976 IEEE Decision and Control
Conference, Clearwater, Florida, December 1976. The presentation is
published in the Proceedings of this Conference(ss).

It was also observed experimentally that for a low amplitude input
signal;f; in both Liapunov's and Newton-Raphson's IAS the measurement
information content, y, is not adequate tb obtain a useful estimate vector
% b;cause the process attempts to fit the noise. This indicates that there
exists a need to make tests on measurement information prior to medifying
the estimate of parameter vector ﬁ. For the Liapunov IAS this test was
incorporated in the convergence criterion described in Chapter 37 For
the Newton-Raphson's IAS lower bqundé were placed on thé diagonal elements

of the information matrix I, given by

i 1

N
I= z(avx/b »7 B,(2 x/2 B); (4.6.1)
o . .
pribr to allowing adjustments of the estimate of parameter vector 3. The
hnu%ds were determined by examining the variation of the appropriate in-
formation matrix elements during steady-state conditions with no input.bb
signal applied. In that case, the wariations were caused by measurement
noise so that any variations of the elements below the seiected 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 (MNCPS) to form
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a LCS which is applied to NASA's real-time simulation of the F-8 DFEBW
aircraft. This ICS has been evaluated on NASA's real-time computer and

is presented in the next chapter.
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Fig. 4.2 L.[JFJEBH P 1 \/ES » PqF%[jrﬁ (Liapunov IAS)
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- Fig. 4.6' LONG . PB VS . MHCH (Neviton=-Raphson IAS)
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CGIAPTER 5

CASE STUDY II; THE REAL-TDME APPLICATION OF THE LCS
70 THE F-8 DFBW AIRCRAFT®

S.l1. Introduction

As indicated in the previous chapter, the Learning Control System
(1CS) using the lNewtone-Raphson IAS had better performance than the LCS
dfsi:xg Liapunov IAS. Cur main concern in this chapter is to apply the
LCS using Newton-Raphson IAS to the piloted six degree of freedom siula=-
tion of the F-8 DFEJ aircraft. This was performed at NASA, LRC, on the
real-time sirulator.

Liapunov's IAS appears to have a2 converience proclem when applied
S.n real-tire. 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 t;\e
LCS is alvays guaranteed. The reason for this discrepancy is that the
integration routine involved in the acdaptive locp regquires integration
tepsize as small as a hundredth of the smallest time constant of the
aircraft dynamics. Since with such a small stepsize, the approximati
of Liapunov's function derivative is no longer semi-definite therefore.,
one becomes confronted with a covergence proktlen.

The Learni.né Control System (1CS) designed using Newton-Raphson
1§AS has been modified for application for real-tire control of the F-8
DFBY aircraft. A pro:zlem of the Newtcn-Raphson IAS is the requirement
to io determine the sensitivities of the system state tc unknown parame
eters, which is the most time consuming part in the IAS. ror this rga;on

research has been done on the computation of state sensitivities using

® This study has been conducted at NASA,; Langley Research Center.

e s e s o £ o . 3 2 - s s e A e s st e nvalonts
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reduced order models.12+%0)

In our application, described in this chape
ter, we us¢ first or second order models which generate a modeling error
noise. This indicates the need to make tests on information prior to
modifying 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 DFfEll alre

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

5.2. The Real-Time Iconagitudinal ILCS

For the longitudinal LCS the dynamics of the plant were sirmulated

according to the equations

e

= - g S/(C; = C, cos=()/m = g sinY

= q S(q +C, sinx)/mv - g cos y/v

ol

e
. .

]

L= VSinY

where v is the air speed, ¥ is the flight path angle, q is the pitch
:a;:e; 8 is the piich angle, L is the altitude and o< = © =Y is the
angles of attack.

The model used for the longitudinal IAS has the forn

X =q+p,et '
(5.2.2)

. A " A {
q =Pyt +Pyq + P9,
The model given by Eq. (5.2.2) describes the short period longitudinal

mode. The longitudinal phugoid sode was not modeled beciuse 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
m adjusting the feedback gains of the primary c;mtrol loops. Therefore,
Eur model given by Eq. (5.2.2) is only of second’ order in view of the
plant being of f£ifth order.

_ For the real-time computation of Eg. (S.2.2) we utilized a discretee
ti:.e appro:ination. The discrete-time approximation is based on the divi-
s;.on 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 systen, the response evaluated by discrete-time methods will be
reasonakly accurate

As it is shown in Appendix 8, the difference equations that approxe

imate a linear system of ‘the form
X =hAx + BS (542.3)
are given by

x(ke+l) = (TA + I)x(k) + TBjs(k) (5.2.4)

for our model described by Eg. (5.2.2) we have

P 1
T4
A= N a
Lpl Py
.M X : (50205)
0
Bs=
A
hp3

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

discrete-tinme system

fac} rl*'l‘i’;‘ T o o ’ , ;
q
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The £it error for the Newton-Raphson IAS is defined as

5% ) :
D) = [E(& -«)i by, + (3 - q)i bzz] (5.2.7)
%1

where & and q arc the sensor measurements of the angle of attack and
ps.tch rate respectively, and bii are the elements of matrix B. Note that
the number 25 (upper limit of surmation) is the size ofrthe data kase over
vhich the Newton-Raphson IAS iterates.

To. develop the Newtone-Raphson IAS, let us compute the gradient of

the fit error with respect to 3. This yields

15 [eP (3% /3B, + €8, 9/2 )y ]

A . ' A A -
(23/9p) = - E eloutaa« /39,0, + ezbzz(aq/a D)), (5.2.8)

k=t | a 2

A "
Lelbll(ao‘/ d Py + ezbzz(a /I Py)y ]

where e = XK =X
(5.2,.9)

To obtain an approxiration of the second partial cderivative of the fit
error with respect to the parareters, let us differentiate £q. (5.2.8)
:” ) A .

With respect to p and neglect the second order partials of the states
with respect to 3. This yields the rmatrix azJ/ aﬁz whose elements are
given by the following equatiocn '

L5
(2%5/28%), = ) 5, (372 B} + 1,50 20728
L) :

25 _
(2%/08% 1, = 328’y = Y by (2 /231, (/2 By)y ¢
X 1

A . ~
+5,,(00/2p),(2a/3py)y




o

| R

w...‘m‘

—

2 a2 2 a2 A A
(323723034 = (3272511 5 = D B (9K 725, (/2B

2., A2 o an 2 A
(P28, - z by (27352 + byy(2a/ 2By

924
15

2. a2 2. a2 a R
(223230, = Q%2%h,,; - z SRELYEIRRELY T AN
k=t
+ bzz(a' q/d pl)k(aqla 93)1:
2 2 2 &
A 2. ,72 . _ A A
(2%3/23Y = (227280 = z by, (2 /3B, (3 /3B, +
k=

- A

' as
2 a2 A2 ) A2
(227287, = ) By (3%/3B + (293D
k3
5
2 A2 2,472 Y A A
(3237082, = (2372803, = D B (2728 (2%/28y), +
k= .
- N - A '
+ bzz(B_q/apz)k(aq/bpa) {5¢2.10)
2 2 2 2 =
A : A ' ~ A
(2237280, = (3727, = z b (2%/25)), (/2B +
Ksi
: . A ‘A P
2., a2 - 2 2
B ! A . a v A
(2%/28% 33 = ) 512X/ 2B + by 29/DB;

k=1

) 23

' +
K=

- A . A
+ b22(3 q/2 93)k(3 q/d "4)1:

a5
2
k
k3t
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To compute the sensitivities involved in Zgs. (5.2.8) and (5.2.10) let

us differentiate £5. (5.2.6) with respect to 'f). This yields

A A <A -~ A '
(2%/2 Pyliyy =1+ '1‘p4)(3°‘ /2p)), + T(AA/IBY,

x

A ) LY A ar :
(2X/2 Pl = (1 + Tp4)(3°‘ 73 P); + T(a/2P,0,

A e -~ .~ < A ‘ A o
(Dx/2 R (1 + Tp4)(2.< /3 Py)y * T(29/2P,), (5.2.11)
x/3p - { 5 ; D ; 3. .
(2%/3p), 1 = (1 + TP )(3%/2p), +T(Aa/)P,); + X

(2a/2B)), ) =THUIX /3P, + (1 4+ T5,)(2a/2p)), + ™

(2a/38,),,, = T5,(2%/25,), + (1 + TH(2a/2D), + ™
(3a/2By),,, = T5,(2%/25y), + (1 + TH)(29/3py), + 24

~ - \ ok ~ .,A : B
(3a/2Dy),; = T5,(3%/2p,), + (1 4+ 7,)(2q/2D),

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

: ter the first and second partials of the fit error are con-
pt;ted with respect to the parameters 61' the éa:anett-,:s are adjusted -
according to the following equation

< . , 2ol L |
Py, = Py = (373/3p7); (03/3P), | (5.2.12)

s B s e S s R i bt
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During the iteration process defined by Eq. (5.2.12) the information
cq}xtent of the data base is checked by examining the determinant of

the matrix (323/ 332) prior to making iterations on the vector :6,
especially, if the determinant is lower than 10~’. This number was
deternined by exanininn the variation of the determinant of the matrix
(BZJ/ 0 32) on the real-time computer during steady-state operation
of the system with no input signal applied. In this case, the varia-
:icn of the determinant is caused by measurement rioise so that if the
ciletermnant is lower than 10”7 we considered that there was no adequate
infom:ation in the processed data-base therefore, the parameter vector
3 was not adjusted. Another test incorporated in the convergence cri-
t%erion did not allow more than 8 iterations over the data-base: We
aflso checked that the fit error should be lower than 0.l and the Euclid-
ean norm of the gradient v.ector (23/2p) be lower than S x 10"4.
Finally, the four diaconal elements of the matrix ( 22372 52)-1 were
checked to be lower than 1,000, 300, 300 and 300 respectively. The
nunbers 1,000, 300, 300 and 300 denote the maximunm allowable covariance
of the parareters 31, 62, 33 and ;: 4 respectively and were chosen ex-
pé:‘metally using the real-time computer at NASA. Wthen these tests
vere satisfied, the parameter _vgétor 3 was passed to the Learning

Algorithm Subsystem (LAS).

for the longitudinal applicatio;x of the LAS, the relationship
between the parameters 31" 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 Ly the real-
time simulator. :

’ ORIGINAL PAGE IS

OF POOR QUALITY
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P.AML) = C 0""4¢C{;¢C‘!I.¢C‘XZ+C 2

AR 1 ¢+ SM e G 4 5 5

B.AML) ®«C +CM 4+ C.L 4 C. ML &C,. 12 ¢ CoL2 (5.2.13)
LA L A 9 10 ) S G Td sce
A . ' 2

PylMyL) = Cpy + Gy M + Cl + Gyt + cl,nz + Cpgl
3(:-:1.)- + Coglt + Cpyl + Cpol 4 C 2 o c. 1l

A S0 22 23" * G4

The LAS then produces the coesficient vector C by the iterative applica-
tion of Egs. (3.4.14) and (3.4.18). The obtained Ci's are then passed
to the Memory and Conitrol Process Subsystem (IXPS).

The design critericn for the longitudinal ICP5S was to maintain
a short period damping coefficient of 0.7 of critical damping indepen-
dent of frequency. To meet this critericn, the elevator control was
chosen in the following form

S, - ,)'e EEXE Kd, (5.2.14)
tr

The first term on the right side of £g. (5.2.14) is a trim integrator
which allows the pilot to bias the total elevater position using a threee
position switcn (pitch up, off, pitch down). PFigure (5.9) indicates
the variation of the short-period root as a function of the feedback
gain Kl' It also indicates the upper limit .‘.mposed. on the gain. The
limit is necessary to aveid instatilities resuiting from rate liniting
of surface actuators. Substituting £q. (5.2.14) into Eq. (5.2.2) and

rearranging terms yields
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o = q + 340( .
| (5.2.15)
e A
q =Py + .(62 * Ble)q * 33(.):. * Kz Js)
tr

The c.ﬁargcteristic equation of the system described by Eq. (5.2.15) is
obtained as
A
s -p, -1
R A A =0 (5.2.16)
- P S - (p2 + psxl)
or

2 s A a2 A A A A
s° - (p, +p, + Py 1)3 “-P;+Pp, (pz + p3.<1) =0 (5.2.17)

therefore

A A A A A A ~ v _
2)- - - (pz + D, ¢+ ps&l)/\/o P, + P, (p2 + p3K1) (5.2.18)

-

Solving Zq. (5.2.18) for K, and substituting the requirement
) - 0.1 yi‘lds

o A ¥ 24\ ‘\2’ A
1\1 s ( - ?Z‘V - Pl - 94» /p; (5.2.19)

Squation (£.2.19) comprises the control law and the parameters Si's are
sutstituted using Zq. (5.2.13). The Ci'sv, 14 and L used in Zq. (5.2.13)
are the current contents of the memory for which the ga. n scheduling is
corputed. The results obtained for the longitudinal case are discussed

in section S.4.

S5.3. 'mg Real-Time Lateral ICS

for the lateral LCS the dynamics of the plant were used utilizing
the existing NASA's real-time simulation of the six-degree-of-freedom
dynanics of the F-8 DFIW 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 similation was mechanized using
a CDC 6600 computer operating in real-time. The simulation code was ar-
ranged to be consistent with the F-8 DFEW 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 (61). It represents a simu-
lated flight to examine the lateral system characteristics. In the run,
zi:o-mean Gaussian noise was added to the sensor measurements. The noise
levels were 0.67°/second for rate measurements and 0.67° for ancular
measurerents. The control law was rot engaged at time intervals during
the run to deterrine 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
2 model that characterizes the predominant lateral modes. MNote that for
implementing tne 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 aviilable basis. This indicates that the IAS and LAS apply to data
taken in the past during the same flight.

The model used for the lateral IAS has the form
5%%9+%P*&fa+$r&
T oapr 8,840, (5.3.1)
Ji.-:+$sp+a375r
where p is the roll rate, r is the yaw rate, P is the angle of sideslip

and_si are the parameter to be identified and processed by the learning
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gigorithn. The term; a and b are constants which depend on the moment
%rm of the vertical stabilizer. These constants were included in order
t; reduce the number of parameters that must be identified. Note that
‘f; is the rudder actuator and d’a is the alleron actuator.

The model assumed by Zq. (5.3.1) describes the lateral roll mode
énd the lateral Dutch roll mode. The lateral spiral mode was not modeled
ﬁecause its time constant is normally large and its identification is not
possible with a short time span data base. Additiocnally, 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. (S5.3.1l) 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 a C.1l25 sec.
each. The response evaluated by discrete-time methods will ke reasonably
accurate since th; time increment, T, is su..iciently small compared with
the time constants of the system.

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

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

~ . -
pl 0 pz

i (5.3.2)
* ~A : A} 1
Pg Pg
Bs 0 f)‘., '
A
_9 ap7 )
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Therefore, the rcal time computation of Eq. (5.3.2) is evaluated using

the discrete«time system

=

A y -
P 1 & ™, 0 T, E
r = 0 1+ Tf)4 '233 alr +
A LY
S Jxel R 0 -3 1+'1‘de :ﬁ.k
A ‘a - - (5.3.3)
+ |Tp, Tb;., [
I 0 A%
Tp7 x tf&\
-O Tap.,J -.rr

é’or the lateral dynamics to inplement the Newton~-Raphson IAS, we used
two separate performance indices. This was done to reduce the onboard
computations. The cost Sunction for the roll mode was

A5
A - v = 2 .
Jl(p) 3ié‘(p Py (5.3.4)
| $1]

énd is mininized over the 51, Sz and 36 variables. MNote that D denotes
the sensor measurements of the roll rate. For the Dutch roll mode the

cost function was

25 15

_ A - 2 - 2 .
Jz(p) =) [Z (P'/"’ )kbll + Z(r - r)kbzz] (5.3.5)
i ‘ k=t K31

and was ninimized over the 33, 3 a’ 35 and »67 variables. Note that /3
and r are the sensor measurements of the sideslip angle.and the yaw rate
respectively. ‘

The partitioning résults in the requirement of inverting one

o s
ORIGINAL PAGE
OF POOR QUALITY
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3 X 3 matrix and one 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

23,728, 2%3,/2%%, 33,/25, 3°3,/23°. This is done by differen-

tiating Eqs. (5.3.4) and (5.3.5) with respect to P which ylelds

a";/as - - E (p - P);, (2 p/2 ﬁa)k | (5.3.6)

ket 1(p - P, ('bp/bﬁs)k

-4

and

[~ A A
elbn( aﬁ /9 p3)k + e2b22( 2/ 93)k

. ©10),(9B/28,), + @,5,,(2:/2P,),
?Jz/ap - - | - ' A A (50307)
'k:c elbn( ap/a ps)k + ezbzz(a r/9 ps),c
a ~
€151 (3P /3B, + e;by,(?2/28,),
where
e, = 3 -P
17 F (5.3.8)
e, = T er

‘To obtain ale/a'f:Z and aZJZ/ 2P° we differentiate Egs.
(5.3.6) and (5.3.7) with respect to p and neglect the second order par=
tigis of the states with respect to 3 This yields the following equa-
tions .fqr ‘the elements of the above matrices

- 15
(%7230, = > (2pdp;
: k3t
L5
(%5280, = (%7280, = D (238,202,
Pey
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25
(223,723 .. = (23,7234, = ) (29/25,). (2 p/2 Bp)
1Y9P 713 /9P )y = )92/ &P ) LIP/I Pgly
ksl

2

2 a2 A
(2%,/2%%,, -Z (2p/2 8,02 (5.3.9)

pX o

2 A2 2 A2 N A
(225,/23%,, = (%7254, -Z(%p/a 8,025/ 2B,

. kot
2 2 = A2

A
(223,729, -Z(‘a P/2 By
k=1

2 a2 = 2 2

‘ A . A A
(2°3,/289, -Z by, (337D + byp(R 2/ B

[ €]

25
2 a2 k A A
(223,387, = ) b (RPra B (PrABY +
Ksf

2 A2
(2 leap LI

N A A
+ bzz(B /9 p3)k(3r/394)k

25
2 a2 A A
(221,380 5y = ) B,,(9B/3 By, (3p12B), +

K=

2 a2
(2 leap )13

A A
+ b22(3 r/ 9 p,),.( dr/d Pg)y

15
2 a2 A ‘A
(323,237 4, = D 211312 B, (313, +
; K=y ]

2 A2
-] JZ/Bp )14

by ( 3£/ 3B3) (2 £/3 By o (5.3.10)

+ .

a8
(32q2,>a$2)22 - Z by, (3 /2 34)1‘3 + byy(d r/a?-4)§
R K3t
2 2 2 2 &
. . AJ. A A A
(223,738 ,5 = (32012835 = by AP35 (3P/IBg)y +
k=t . '

s A
+ by (179D, (2273 Bg)y
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2 2 2 2 3
- A A ; A
(220123715, = (2%,70 %% 4 = D 5 (3p2BY,(3Br B,
k=

A A
+ b,_zw :/394)k( dr/ 2 p.,)k

15
2. A2 ‘ : A 2 A2
(°3,/2P )45 = an(aﬁ /dPg)y + Dyp(d /3 Pg)y
K3t

L% 3 E
2. A2 2 a2 . A A
(3%5,/28%),, = (2%7,/2%%) , = Zoncaﬁ/a B, (273D, +
k=)
+ 5,32/, (227D,
5

2 a2 A2 A2
(223,28 44 = D 5,3 /B2 + by (3/DB]
| £7)

To compute the sensitivities involved in Eqs. (5.3.6) and (5.3.9) let us
differentiate the first equation of the Eq. set (5.3.3) with respect to

A A A
P;» Py and Pg* This yields

= (1 + rp?l)(a p/‘ai%l)k + Tp

(9p/2 Sl)'m-l

A A A B
(3p/dDy)y,; = (1 +TP)(IP/3Py), + TP (5.3.11)
A A A
(Ap/ 3B,y = (1 +T3)(3p/3pg), + TS,
In the same fashion we differentiate the last two equations of the Eq.

: A
set (5.3.3) with respect to 33, 5 4’ 35 and Pq to compute the sensitiv-

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

. A LY A A A
(3:/3153),“1 = (1 + '!.‘1?4)(3":/31)3)k + Tp3(3/3/3p3)k + 78

(3r/3By)ay = (1 + TBN2/38), + T5;Q0B/3 By + ™=



PO R - ]

Ao & prammretey'] ar—y ‘w»f
H H 4

.

O——

crerat

& o

Y

e

105
(Ac/dB)y,y = (1 + Tp) (2 £/ D)y * rsa(apzass)k

(/I BPy,y = L+ (2 £/2 By raa(a/s/aﬁ.,)k EIs
ca/s/a$3>k+1 - - T /BB, + (1 + By (3379 B3y (5.3.12)

‘ A A A A
(bﬁ/a Byysl ™ ™IE/IPYy + (1 + Tp;) (df3/3 Py

(13 By = = TR /2 Bo), + (1 + T8 (3p/385) + TP

A [—— A A‘ A

(313D, = - MR E/APP * (1 + THg) (3373 + TaJ
After the first and second partials of the £it errors Jl and J2

given by Eqs. (5.3.6 = 5.3.10) are computed with respect to the parame-

A :
ters py.» the paranreters 61’ 32 and 36 are adjusted by the following

A A 2 N A,
Pyyp =Py " (393,799 (03,/9P)y (5.3.13)

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

1
3

Sju = Sj - (3232/2%2)" (23,/2 ';‘:)j (5.3.14)
The information content of the data base is considered to be adequate

for adjusting the paramerers if the determinants of (3231/332) and
('32.12/ y.) ':32). are higher than 1078, This number was determined, as in the
],ahgitudinal case, by examining the variation of the two 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 limit the number of iterations over any data-base up to 8.
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The f£it errors Jl and JZ were checked to be lower than 1 and the gradient
vectors (331/ 3P and (? J,/2 P) were checked to have Euclidean norm
lower: than 3 x 1079, Finally, the maximum allowable covariance of all
the latecral parameters 31 through 67 was set to be 200. This number was
chosen experimentally using the real time computer at NASA. Vhen 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 Letween
the paraneters Bi's as a function of mach number M and altitude L was

represented by second order polynomials. This relationship is given by

A 2
pl(l'!,L) = Cl + sz + c3L + C4Pl L+ Csl'I2 + C6L

C, +CM+CL+C, ML +C 1-12+C Lz

7+*%"*+ %5 10"t 12

Sz(r-i,m

A, v:2 2
pa(A’I,L) = C13 + Cl M+ C].SL Clsn L+ C17n + ClaL

-

2 (5.3.15)

Cl9 + czox-z + C21L + szﬂ L+ C23M2 + C24L

B, (H,L)

- i O 7 v 2
ps(l'l, ) = CZS + Czsh + C27L + CZBH L+ C29212 + C3°L

A . N y 2
?5(1."1‘) = C31 + C32.-i + C33L + c34n L+ C35M2 + C36L

A e ) 2 2
P, (H,L) = Cyq # CagM + C3gL + C, M L + C,)M” 4 C, L

i‘h_e LAS then produces the coefficient vector C by the iterative application
of Eqs. (3.4.14) and (3.4.16). The obtained Ci's are ‘then passed to the
lemory 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

PAGE I8
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critical damping independent of frequency. To meet this criterion the

rudder control was chosen in the following form:
J-: - Kar + K4‘r' (5.3.16)

Substituting Eq. (5.1.16) into the last two equations of Eq. set (5.3.1)
yields
. A A A A -
c --.k(p4 + p.l.K3)r + 93)6 + p7K4J:
. (5.3.17)
L] ‘ A "
ﬂ-(-1+ap7K3)r+psls+ap7K4fs

i‘he. characteristie’equation of the system desc.ibed by Eq. (5.3.17) is

obtained as
A WAy A
s = (pg + P/ - P3 |
! | : . =0 (5.3.18)
A A . )
1 - ap.K, s-pg |
or
2 A A A N A -
s - (p4 + Py + p7l(3)s + 93(1 - ap7K3) = 0 (5.3.19)
the:efoqe
2} = - (B, + By + DX/ By(1 = ab.K,) (5.3.20)

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

3»- - \{'z'/z T 0.7 and rearranging terms yields
’f;gxg + 2B, [34 + Pyl + a)] Ky + (34 + 'g‘:saz - 233 =0 (5.3.21)

The solution of Eq. (5.3.21) for Ky that provides positive damping is

taken, and this comprises the control law for the Dutch roll mode. For
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the lateral.characte:istics of the roll mode, the design criterion was to
keep the roll mcde time constant at 0.2 sec. and to maintain uniform ma-
neuver effectiveness of the lateral stick in producing roll rate( 1) .
To meet this criterion, the aileron control was chosen ;ra;f, the following
form |

a’, =Kgp+ ks‘fs (5.3.22)

Substituting Eq. (S5.3.22) into the first equation of Eq. set (5.3.]) yields

. A i
p= (31 + QSKS) p+ $éj3 + p,KG\r; * b37~f; " (543.23)

For this first order system the time constant is given by
A A
T= - 1/(91 + psi(s) = 0.‘2/: (5.3.24)

Solving Eq. (5.3.24) for Ks yields

A A
i\s s - (5 + pl)/ps (503025)

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

A ‘ a
K6 = 5/p6 (5.2.26)

By this choice, the mastirum lateral stick deflection will produce
21 rad/sec. roll rate(sn. £gs. (5.3.25) and (5.3.26) comprise the
control law for the roll mode. The way to evaluate the control law
whji.ch consists of the solution of Eg. (5.3.21) and Egs. (5.3.25) and
(5i3.26) is to substitute for the parameters ?:i's using Eq. (5.3.15).
i’s used in Eq. (5.3.15) are the current contents of the memory and
M #nd L are the values of mach number and altitude for which the gain

The C

scheduling is computed, respectively. In the néxt section we present and

i R R e
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discuss the results obtained for the lorgitudinal and the lateral cases.

S.4. Results and Discussion

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

The results shown in Figs. S.l1 « 5.3 illustrate the learning of
pﬁ, p2 and 93 of the longitudinal dynanmics at sea level altitude over
a?range of Mazh nurkers M = .3 to M = .9 tased on continuous flight
a# indicated by the Mach numter and alititude time histories, shown in Fige.
5.4 (a,b). The associated angle of attack, pitch rate, elevator cormmand,
and pilot's command are shown in Fig. 5.4 (c,d,e,f). Figure 5.4 (g,h,i,
jék) showsa the time histories of the variables associated with the con-
vérgence criterion during the same flight course. The convergence crite-
rion Fonsists of the monitoring of the values of the performance index
(Fig. 5.4 (g), the determinant of the information matrix (fig. 5.4 (h),
a&d the three diagonal elements of the information matrix after it has
been inverted (Fig. S.4 (i,j,x) . then 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 throuch the Newton-Raphson algorithm and this correspords to some

control activity as indicated by the pilot command and the elevator com-

mand. Note that the diagonal elements of the inverse of the information
m%trix have iow values when the determinant is high and high values when
tﬂe determinant is low, as would be expected. The pecformance 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-
S.ng of Py» Pa and P, of the lateral dynamics at sea. level altitude over
a range of Mach numbers !1 = .3 to M = .E880 based on contirmous flight

as| indicated by the lach number and altitude time histories shown in

Pj.fg. 5.8 (a,b) . The associated states of the Dutch roll moce, sideslip
a.-égle and yaw rate, are shown in fig. 5.8 (c,d), and the rudder command
13 shown in Pig. 5.8 (e). The roll rate and the aileron command are
sl%:own in Pig. 5.8 (£,9). Finally, Fig. 5.8 (h) shows the determinant of
tfx_g information matrix. Note that the determinant has high values only
d?xrin*g periods of control activity. Although the flight was continuocus,
léammg of the parameters has occurred only for particular flig.ht con-
itions selected by the convergence criterion when it was satisfied.

The learned curves shovn in Figs. S.10 - 5.13 describe the
learning of the longitudinal parameters Pys Py Py and p 4382 funztion
of both, altitude and mach number (L,}M) over the entire flight envelope.
These curves are also bkased 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-
se.;i:vation is that the intersection of the three dimensional curves with
the plane L = 0 corresponds to the two dimensional curves shown in Figs.
S.1 -« 5.3.

The learned curves shown in Pigs. 5.14 - 5.20 describe the learn~

ing of the lateral parameters P throuch p, over the entire flight
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envelope based on continuous flight as shown in Fig. 5.8 (a,b).

In order to evaluate the performance of the learming control
systen, we computed from the real-tinme sirulator the values of the
partial derivatives of the moment with respect to angle of attack oC,

pitch rate q and elevator deflection .f e (M Mq. M e ). The time
e

histories of these partial derivatives during a flight as indicated by
the mach number and altitude in Tig. 5.21 (a,b) are shown in Figs.
5.21 (h,i,j). The variation of the partial derivative of the 1lift with
respect to angle of attack o (L, ) during the same flight is shown in
Fig. 5.2l (X). The associated learmed rarameters (pl, Pys Py and p4)
are showi in Figse. 5.21 (d,e,f,g9). It is interesting to note that the
learned parameter P does not have the spikes depicted Ly the real-tinme
Hy 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 nunber
and altitude. Another observation is that the cost function (J) shown
in Pig. 5.21 (c) has high values initially, reaning that the model is
misalignad substantially from the plant. This is true if we note that
P, initially has positive values where the real.time :-Eq is negative.
AS soorg as an identification cccurs Py 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 additional amount of simulations.
In the next chapter we surzarize the &gvelammt of the learning
control system as presented in this disurtatéf?n and present the final

i

conclusions.
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(a) mach number (b) altitude (c) angle of attack.

Fig. 5.4 Real-time simulation time histories of the longitudinal dynamics of F-8 DFBW aircraft
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(f) pilot's command.

(d) pitch rate (e) elevator command
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(1,j,k) the three diagonal elements of the inverted information matrix.
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Fig. 5.5 LHTS, Pl VS. MACH
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Fig. 5.8 Real-tine simulation time histories of the lateral dynamics of F-8 DFBW aircraft

(a) mach number (b) altitude (c) sideslip angle.
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CHAPTER 6

SUMMARY AND CONCIUSIONS

6.1, sumsz

This dissertation describes one of the many possible ways to develop
aﬁ adaptive learning control system and its application as a flight con-
trol system for the F-8 DFBW aircraft. This learning control system blends
the 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 learned
ménner to account for changing plant operating characteristics. Another
i%portant 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 over
a large range of operating condifions. This is done by the use of the
coefficients, C;s, (weights) produced by the learning algorithm subsystem
aﬁd stored in the memory. The gain schedule for every possible operating
céﬁdition is then determined by the weights. In this fashion, the learn-
igg control system makes practical the real-time computation of the gain
schedule. Another feature of such an approach is that it may be imple-
meénted 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
aggeneral description of the task of each subsystem was presented in

Cﬁapter 3. More specifically, sections 3.2 and 3.3 describe two differs

ent mathematical techniques to implement the information acquisition
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subsystem, 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 ;nd control process subsystem respectively.

Perusal of the existing literature about adaptive learning control
gystems 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
gradient approach. Section 2.3 examines the present state of learning
éontrol systems and their applications and also presents the most promie-
nent mathematical techniques.to formulate a learning system. The advance=-
ﬁents of flight control systems, as a result of the evolution of digital
flight control systems, are examined in section 2.4. Section 2.5 gives
particular reference to the NASA F-8 Digital Fly-By-Wire (DFBW)'progr;m.;

Chapters 4 and S give the application of the learning control
éystem to control two different simuilations of the F-8 dynamics, and
present the associated results. More specifically, in Chapter 4 we use
fourth order sirulations of the longitudinal and lateral dynamics of the
F=-8 DFBY aircraft and the model used for the learning control system is
of the same order. The application considered in Chapter 5 is nore re-
alistic since it was done in real-time.for the piloted six-degree-of-
fréedom 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 discﬁssed in Chapter S.
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pérformance 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 developed.

The symbols on the horizontal line L = 0 = sea level indicate mach
nﬁgbers 5, .7 and .9. At these flight conditions the aircraft was
si%ulated to obtain the parameter curves shown in Chapter 4, Pigs. 4.2-4.13.
An%important feature of the ILCS, as evidenced in these curves, is that we
ob%ain information about ‘the parameters for different flight conditions
wh;ch the aircraft has not experienced. This indicates that once the
ai#craft is in a new flight condition, we may AAjust the gain séheduling
wiéh 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
neéded during perioeds of control inactivity, where in conventional adap-
tive schemes we would have to' perturb the system at each different flight
ccndiﬁion.

In Appendix A, the fiqures 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 £t.). Even though the curves shown in Appendix A were obtained

from different flight 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 ILCS does not
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dgpend on the particular choice of flight conditions experienced by the

aircraft; i.e. corresponding parameters are the same independent of the

selected flight conditions. Though not discussed in this dissertation,
we may infer that the LCS may be generalized to incorporate variations

of the parameters as a function of several other variables, e.g. the

bl

angle of attack.

The gain scheduling technique adjusts the gains at each different

i

flight condition by having prestored the values of the parameters. This

is practical for parameters that are functions of one to three variables

i

however, for functions of four or more variables, the gain scheduling

- }

g becomes impractical because of the extraordinary memory reguirements.
- On the other hand, the ICS introduces a significant saving in storage
3

>

thus requiring a memory of reasonable size and also makes practical the

real-time computation of. the parameters and the gains by a table look=upe.

et

: "By this, we may conclude that the LC3 may be used to control plants that

3 are affected by parameters that are multievariant functions.

In view of the longitudinal models used in Chapters 4 and S,

-
‘i namely Eqs. (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 33 of Eq. (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

e

tﬁat the curves have the same approximate shape but the corresponding

P

values are different. This may be attributed to two different reasons:

(1) In Chapter 5 the simulation of the plant describes the entire six=

iy

dégree-of-freedom dynamics of the F-8 DFBW aircraft while the plant simi-

lation used in Chapter 4 describes only the linearized longitudinal & lateral

dynamics. (2) In Chapter 5 we only modeled the short pgriod longitudinal

; ORIGINAL PAGE IS
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mode, the Dﬁtch 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
;nd 5 may be observed by comparing Eq:{4.5.2) with Eq. (5.3.1) and is
éiven in table 6.2. The figures 6.2 and 6.3 indicate the learning of Py
ind p13 of.Chapter 4, respectively and are included here for the sake of
éomparison. 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 1§ attributed to the two reasons described above.

For this reason, we do not have a way to evaluate the curves ob-
téined from the real-time similation so we will evaluate ;he'performance
of the ICS according to how the design criteria are met, namely 0.7
démpting ratio for the Dutch roll and short period longitudinal modes,
aéé 0.2 seconds time constant for the roll mode. During the time inter-
véls when the LCS is engaged, its performance can be observed. Figure
6{4 shows the response éf the sideslip angle p to a rudder input. This
f;gure indicates that when the LCS is engaged at times 30 sec., 60 sec.,
Bq sec. and 110 sec. the Dutch roll mode damping ratio is maintained at
017. Fiqure 6.5 shows the response of roll rate p due to an aileron in-
pu%. By comparing the steady-state roll rate at times 20 sec., 60 sec.,
Boisec. and 100 sec. the uniformity of the roll-rate response during en-
ga%ement of the LCS may be noticed. By this, we may conclude that the
ICS is capable to meet design requirements over the entire flight enve-:

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

* Sce Chapter 5
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£flight condition as would be required by the gain scheduling, or the

conventicnal 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.

6.3 Recommendations for Future Research

| Future research on learning control systems could be approached
f:fom two points of view: a) the mathematical approach and b) the ap=-
piication approach. From the mathematical point of view, the following
a.:eaé of research are suggested:

le 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
différent functional representations are used to implement the l}.AS.

3. Examine the learning édntrcl system design for distributed pae-
rameter systems.
From the applications point of view, the following areas of

research are recommended:
: 1. lodify the LAS to incorporate variations of the par;mters a.s
f&nctions of more than two variables as shown in this disse,x_rl;étion.

This will depend on the particular problem at hand.

2. Apply the learning control system to control systems such as
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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
cuEves as a function of altitude for mach number 1M = 0.7 for a high
oz;der representation of the F-8 DFBW aircraft dynamics. The first
t\:i:enty figures show the longitudinal parameters P, to Pig obtained via
t';.ro different LCS's one using L:Laimnov's JAS and the other, by the use
of Newton-Raphson IAS. The latter twenty eight figures show the lateral
paraneters Py to 122 obtained via the above two mentioned LCS's.
' These curves were obtained by sirmlating the operation of the
afircraft at the following operating conditions: Mach number M = 0.7
e;nd Altitude L = sea level, 20,000 ft., 40,000 ft. The following re-

presentations depict the plant's learned and model parameters.

plant's parameter curve

. . learned parameter curve
o I T = mdelpa.rametercurve
" B |
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Fig. A.35 LHTR n P ]. \/S . HLT I T » (Newton-Raphson IAS)
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Fig. A.38 LHTR 2 P‘*} VS o HLT [T » (Newton-Raphson ¥AS)
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APPENDIX B

A DISCRETE-TII'E EVALUATION OF THE TIME RESPONSE

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

¢ wsider the continuous-time linear system represented by the

by the vector differential equation of the form

;t-Axo»BJ: (8.1)

We wish to obtain the time response of the system described by Eq.
(8.1) 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, ««e, kT. The

definition of a derivative is

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

Since we are interested in the values of the state vector at times
that are integer multiples of T, we may substitute in Eq. (B.2) At =T

and t = kT. This yields an approximation of the derivative given by

% -Yz [(k + 1) 'r] ~x(kD}/ T (B.3)

Substituting Eq. (B.3) into Eq. (B.l) and letting t = kT we obtain
x [(k + 1) 'r] «-x (XT)? T = Ax(kT) + sJ’, (xT) (B.4)

Solution of Eq. (B.4) for x [(k + 1) '!‘] yields




Pl

201
x[(k¢1) T]-(TA+I)X(H)+TBJS(H) (B.S)
Equation (B.5) may be rewritten as a difference equation
x(k+D =(TA+D x ) +78S (0 (8.6)

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

at the (k + 1)st time instant in terms of the value of x and J _ 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 5) was lime

ted to the first order approximation of the time derivative.
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