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Abstract

A general adaptive controller which displays human operation limita-
tions is developed for a fighter type aircraft flying a dynamic trajectory
by using the total airframe-control system perturbation equations. The
adaptive controller is implemented using a forced separation controller
with limitations. The major limitations are that it cannot actively
control or observe more than one channel at a time and that there is a
time delay in information processing. A decision process is necessary
to choose the current channel in real-time because of the limited attention
and control assumed for the controller. This attention has two effects:
specification of an observation matrix, and specification of a control
matrix. This specification is made using a Bayesian decision process,
from a choice of possible observations and controls, each choice
emphasizing different aircraft states. The mathematical outcome is an
adaptive forced separation controller which is flexible enough that it
can be implemented on any aircraft control problem as long as the tra-
jectory can be specificed. The stability of the closed loop system
employing such a controller is demonstrated on an example using the
longitudinal axis of a fighter type aircraft., Using the entire aircraft
model, a detailed cause/effect analysis of the model parameters is given
allowing the reader insight into the general application of the model.
Analysis and synthesis techniques for the time varying aircraft model
dynamics are demonstrated. The outcome is the evolution of a method

for analyzing total aircraft/controller response to perturbations on a

general trajectory, wNoo | ‘—ai
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Preface

The present pilot modeling effort is heavily weighted toward an
axis decoupling approach. This decoupling considerably simplifies
computation by allowing significant reduction in the number of states
to be considered.. Unfortunately during many maneuvers in state-of-the-
art aircraft, the state decoupling assumption is not valid, so another
method must be considered. Also the advent of the fly-by-wire system
has added considerable flexibilty to aircraft which cannot be mathe-
matically predicted from present systems.

This research developed a method to address the pilots response
during these varied maneuvers. The intent of the research was to show
that the method developed was both useful and practicable. The results
demonstrated the usability and practicability of the approach. The
recommendations indicate methods to improve each of these characteristics.
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and guidance through the research. I would also like to thank Major
Thomas Moriarty, Capt John MacBain, and Mr. F. Barfield for their
interest and suggestions, Mr. R. O. Anderson for his helpful suggestions
and background additions, and Ms. J. Wood for her intérpretation and
typing of the dissertation.

Finally I would like to thank my wife, Claire, and sons Kenny and
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computer facility.

ii

P




o Copies of the program can be requested from the address

below. Release of the digital model of the fighter aircraft used

in this research will be handled on an individual basis.

AFFDL/FXM
Major Eric K. Lindberg
Wright-Patterson AFB, OH 45433

e s

111




Contents

Page
DEREEOE & 0. o d 0 i e L T AT A e L 2 e e T
LADE OF THEOBE < = 5 s o 5 % 5% 0 8 % & w5 % 0w o oW 5wl
LI8€ Of Tabhes o '« s o s+ o 5 & sf @ e s aa e e aa e s XA
Ligt of SYmbols o o o & s« 5 ¢ & s 8.8 5 & o 6wne e s o xidE
ABSETECE | ¢ o @ a w v . s s eie elaa el e o Sl R e vl

E. IR ECAUCERON: < ok - T 2 s o ot T ol el iy e e 1o -

P.1 Background .. o & ¢ e v o e a s s e eim s e s o2

1.1.1 Linear and Quasi-Linear Time-Invariant. . . 3

1.1.1.1 Crossover Model. . . « « « « « « + 3
1.1.1.2 Optimal Control Model. . . . . . . &

1.1.2 Linear Time-Varying Systems . « « « « « « . &

2.1.2.1 Crossover Model. . « « « « « o« s « &
1.3:.2.2 Optimal Control. « « « « « « « = » ©
4 Eile3 TEMINSEE o4 v v b b e e B
1.1.3.) CXontover < « « s« « s« e v v 5 3 &
1.1.3.2 Optimal Control. . « « « « « « « + B

1.1.4 Multiple-Input/Multiple-Output. . . . . . . 8

1.1.4.1 Crossover . . « « « « o o o o o & 8
1.1.4.2 Optimal Conteol. « « + « ¢ s o s » §®

i : 1.1.5 Systems Involving Non-Stationary
Stochastic Processes . . « « « « « « o« ¢« » 9

1.1.6 Optimal Estimation/Optimal
Stochastic Control. « « « « « « « « « o « o 10




Page

\ 1.1.6.1 Optimal Control . . . . . . « . . 10
1.1.6.2 Optimal Estimation . . . . . . . . 11

322" Praoblems . o o as e s e e e e 12

B3 T ADDEGACHE | s ellini e R raciiel oh el Va: e dNat e ol Fal e hatiei i 14

2:3.1 Decision Theory . « « « = v o o & o & a = = 1%

1.3.2 Nonlinear System Control. . . . . . « .« . . 16

1.3.3 Decision Process . « s o s s o o s o o s s 18

1.3.4 Decision Implementation. . . . « « . « . .. 20

E.3.4.1 Control.: o « i @ o u 6 a0 % 5 e 20

1.3.4.2 Restricted Attention and
Its Impact on Estimation . . . . . 23

1.3.5 Decision ProcessS. « « « « o o o o o o o o « 24
1:3:6 Confroll Tag & . i < o oo s e e o e 2D
Be4 SUmMAEY. o L W e s e e e e e eiie W e e el ek 26

1I. Aircraft Equations of Motion
and Aircraft Control System . « ¢« « ¢ ¢« ¢ o« ¢ ¢ o « & & 27

2.1 Aircraft Equations of Motion . . . « ¢« ¢« ¢« ¢« o« . . 31

2.1.1 Reference SysteM. « « « ¢ o o « o« o o« o =« o 32

2.X.2 DETIVALIONS v s v o % % o o & v % % & &% & 33 |

2.1.3 Rotational Acceleration Equations . . . . . 36
2:1:8 The FOLCEB: + o« » o s v % w « K « v s s v » W
\ Zwlicy MOMEHES « o's o5 o 6 % & % 6 v w s @ % 42
2.2 Control SystaM . + o .« v o & » v v /o & & % & & % & 46
III. The Optimal Controller and Optimal Estimator. . . . . . 56
3.1 Optimal Controller . . « + « o « v « ¢ o o o o o o 56

Felsl CONLrol Caln® s o v o v 5 6.5 4 & 6 v o 5 4 58

3.2 Estimation - - - - . . . . . . . . e . . . . . . . 70




Iv. The Decision Process . . . . ¢« ¢« ¢« ¢« ¢ ¢ ¢ ¢ « « « « 81

4.1 Decindon THeOXY ¢ « s « s o 5 & 3 o o o s s u « 83
4.2 Higher Order Decisions . . . . . . ¢« . « . . . 84
4.3 Bayesian Decision Function Approach . . . . . . 87
4.3.1 Decision Space . . « = « » o o » o o a o 87
4.3.2 Possible Decisions . . . . . . . . . . . 88
4.3.3 Payoff Function. . . « « « « ¢« ¢ + .« . . 88
4.3.4 Probability Function . . . . « « « « . . 90
4.3.5 Payoff Functions . . . . « . « ¢« ¢« « . . 91

4.4 Decision Realizations . . « « « « ¢« ¢ ¢ ¢« « « . 92
V. Simulation « o & o @ s a e e e e w5 e ss e o e 105
5.1 General ¢« o « s o« ¢ o o 0 s 6 6 s s e o w0 o o 105
5.2 Longitudinal Axis Simulation . . . . . . . . . 105
5.3 Full Aircraft Simulation . .. . .. .. . . . 109
53,1 TrajJectory . o o o o o o o v o o o s o « 110
5.3.2 Analysis of Parameter Variations . . . . 113
5.3.2.1 Estimation Parameters . . . . . 114

5.3.2.2 Controller Parameters . . . . . 116

5.3.2.2.1 General Results. . . 116

5.3.2,2.2 Ry Matrix
Determination . . . 119

5.3.2.2.3 Ry Matrix
Determination . . . 122

5.3.2.2.4 Pj; Matrix
Determination . . . 123

5.3.2.3 Decision Process. . « « . « . . 124

S.6 SUEBAEY ¢ v o ¢« v s o ¢ 5 v 0 b v o 0w e v s A2

vi

T




B Tl et ns | it o iy Sl

VI. Demonstration « . « « « o« s o o o o
6.1 Implementation . . . « « ¢ « &
6.2 Longitudinal Axis Simulation .
6.3 Validation . « ¢« ¢« o « o o o &
6.3.1 Decision Process Validation . . . .
6.3.2 Error State Validation . . . . . . .
6.3.3 Control Validation . . « . « « « « &
6.4 Angle of Attack Information Degradation . .
6.5 Model Flexibility . . . ¢ ¢« ¢ ¢ o o « o o &

VII. Recommendations and Conclusions. . .

7.1

7.2

Conclusions . « ¢« « ¢ ¢ o ¢ o «

Recommendations and Extensions.

Bibiiography @ e o le oo e el atled e e e

Appendix 1:

Appendix 2:

Appendix 3:

.Appendix 4:

Computation Methodology Outline. .

Al.l1 State Transition Matrix
Generator . . . ¢ o o o

Al.2 Propagation of the Riccati

Al.3 The System Computation .
Error State Plots. . . « « o «
Linearization Proéess. ¢ o e
A3;1 Generél. “ 6 Lo w e e .
A3.2 Aerodynamics Equations .
A3.3 Euler Angle Equatioms. .

A3.4 Total System Equations .

Example: P. Matrix Not Diagonal

1

vid

Equation. . .

Page
127
127
130
137
140
143
149
150
152
162
162
166
171

177

179
181
182

185

229 .-

229
231
238
239
248




Appendix 5: Longitudinal Axis S7:ulation Results

Appendix 6: Parameter Specification . . . . . .

Vita

A6.1 Total Aircraft Simulation . .

A6.2 Longitudinal Axis Simulation .

252
265
265
274

280




Figure

10
11
12
13
14
15
16
17
18
19
20
21

22

General Pilot/Aircraft Model , , .
Pilot/Aircraft System With Decision Process, ,
Flight Control Functional Block Diagram

Coordinate Systems .

List of Figures

Flight Control System Block Diagram

Rate Gyro Error Model . .
Accelerometer Error Model

Comparison of o Sensor with
Inertially Sensed a

General Pilot/Aircraft System with Noises

Decision Process Functional Block Diagram

Decision Tree

Probability Determination

35 Alpha
36 Alpha
37 Alpha
38 Alpha
39 Alpha
40 Alpha
41 Alpha
42 Alpha
43 Alpha
46 Alpha

S.D.

S.D.

s.D.

S.D.

gID.

S.D.

S.D.

S.D.

S.D.

S.D.

.09
.09
.09
.09
.09
.09
.09
.09
.09

.09

P

@ B W O

ix

€ < 9 €

(Rad/sec) . .

(Rad/sec)

(Rad/sec) .

(Rad) . .
(Rad) ., .
(Rad) . .
(Ft/sec)
(Ft/sec)
(Ft/sec)

e .« -

o e

Page

28
29
33
48
50

51

52
54
82
88
95
187

188

. 189

. 190

191
192
193
194
195

196



T

Ul Alpha
U2 Alpha
U3 Alpha
U4 Alpha
35 Alpha
36 Alpha
37 Alpha
38 Alpha
39 Alpha
40 Alpha
41 Alpha
42 Alpha
43 Alpha
46 Alpha
Ul Alpha
U2 Alpha
U3 Alpha
U4 Alpha
35 Alpha
36 Alpha
37 Alpha
38 Alpha

39 Alpha

S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.
S.D.

S.D.

1.
1.

1.

Roll Control LBF M e

Yaw Control LBF ol o o oo

Pitch Control LB

Airspeed Control
P (Rad/sec)

Q (Rad/sec)

R (Rad/sec)

) (Rad)

0 (Rad)

] (Rad)

U (Ft/sec)

\ (Et/sec)

W (Ft/sec)

s, (Ft)

Roll Control LBF

Yaw Control LBF

F .
LB

Pitch Control LBF o

Airspeed Control
P (Rad/sec)
Q (Rad/sec)
R (Rad/sec)
¢ (Rad)

0 (Rad)

LB

Thrust.

197
198
199
200
201
202
203
204
205
206

- 207

208
209
210
211
212
213
214
215
216
217
218
219

|
»
! |




Figure

46 40 Alpha 5.D. 3. v (Rad) RS O RS

47 41 Alpha S.D. 3. U (Wisee) . s s 4 052+ 28
é 48 42 Alpha S.D. 3. v (R/aee) . .+ o0 9.5« 222
| 49 43 Alpha S.D. 3. W EPETBNC) & o » » 0 » 5w A3

50 46 Alpha S.D. 3. Sz (Fr) T R R
E 51 Ul Alpha S.D. 3. Roll Control LBL. « « + + . . . 225
: 52 U2 Alpha S.D. 3. Yaw Control LBF WS R

53 U3 Alpha S.D. 3. Pitch Control LBF e e e BT i

54 U4 Alpha S.D. 3. Airspeed Control LB Thrust. . . 228

55 Longitudinal Axis System Block Diagram . . . « . . « . . . 251

56 Pitch Angle (Radians) il e L R0
57 Pitch Angle Rate (Radians/sec) . .« « « « o « . 253
58 X Axis Velocity (Ft/sec) o R RS RE

! 59 Y Axis Velocity (Ft/sec) Soe e RS o S

] 60 Longitudinal - Stick LBF ol e e e e el DG
61 Thrust LBF R R
62 Applied Decision Chammel . « « o « ¢ « o o o o o « o « « 258 ;?
63 Pitch Angle (Radians) o e e e e DY %
64  Pitch Angle Rate (Radians/sec) . . .+ . . . . 260 fé
65 X Axis Velocity (Ft/sec) ol e meowow e w G |
66 Y Axis Velocity (Ft/sec) e W R
67 Longitudinal Stick LBF v a3 8w s v v o« SOI

: 68 Thrust LBF R R IR TR ;

xi




T S Y e R e =

Table

List of Tables

Page

Initial Payoff Function for Lying
Within Threshold . : ¢ ¢ ¢ o ¢ o ¢ o ¢« o s s 5 «» 99

Payoff Function for Lying Within
Threshold After .5 Seconds. . . « « « « « « « . . 101

Payoff Function for Lying Outside Threshold . . . . 102




List of Symbols

Symbol Page First De-
fined or Used
A 89
a, 89
‘A 77
AL 79
An 79
AN 48
AOCA 48
A(t) 58
AY 48
ls 35
B(t) 58 :
(o 40
cD 42
cz 43
cL 42
C 43
m
C 43
n
(o 42
y
F 36
y
F 36
y
g 40
g 40

Symbol

Cc(t)

AF

FI3

I

Page First De-
fined or Used

71

58
72
72
40

40
59
229
34
34
48
34
36
36
36
36
74
34
37
37




Symbol

Page First De-
fined or Used

35
48
48
71
40
40
40
48
48
48
48
48
37
34
34
34
43
42
48
48
48
43
50
50
51

xiv

Symbol

w X

p(t)
p(*)
PITCA

QCI
Q(t)

Page First De-
fined or Used

34
36
58
37
36
72
48
36
42
91
43
34
42
35
77
59
90
48
74
48
58
35
48
72
35




¥
:
i

Wil
w12

w13

Page First De-
fined or Used

51
51
54
54
34
58
58
72
41
45
45
45
45
43
42
42
42
58
58
59
35
61
48
48
48

Symbol

<1

Page First De-
fined or Used

90
77
48
48
59
89
58
28
28
35
34
71
41
60
33
77
61
35
71
48
48
48
50
51
51




T

bort o i e s o

Symbol

X3P
X3Q
X4E

X8E

z(t)

§_(t-1)

T B PP

o @

Page First De-
fined or Used

61
33
48
33
33
33
48
48
48
48
48
48
48
50
58
29
33
50
48

61
51
48
40
87

xvi

Page First De-
fined or Used

28
58
28
28
28
28
28
48
33
33
33
33
33
33
229
35
230
58

35
34
73

mer———




Page First De- Page First De~
fined or Used fined or Used

72
41
34
40
73
40




CHAPTER I

INTRODUCTION

Knowledge of the effect of the human operator in a man/
machine system has long been recognized as a key aspect in evalu-
ating the performance of that system., When considering the pilot/
aircraft system, Wilbur Wright said, "Inability to balance and
steer still confronts students of the flying problem. . . When
this one feature has been worked out, the age of flying machines
will have arrived, for all other difficulties are of minor impor-
tance.” This statement was given in a speech before the Western
Society of Engineers about two years before the first powered
flight. (Ref 53)

Until the 1940's, when the theory of feedback control had
sufficiently evolved, the only means for evaluating the pilot/
aircraft compatibility was actual flight. During the 1940's Tustin
applied feedback control theory with some extensions to the pilot
portion of the pilot/aircraft system. (Ref 53) Since then,
numerous investigations have added sophistication to his original
pilot description. This sophistication generally has broadened
the flight regime capable of being considered by this theory.

By combining the previous research in pilot/aircraft system

- analysis with recent advances in decision theory and optimal esti-
mation and control theory, the research presented in this disserta-

tion opens portions of the flight regime that were inaccessible to

the existing theory. This research specifically reaches those




portions of the flight regime in which:

1) The nonlinearities in the motion equations and control
equations are significant.
2) The stochastic processes in the model that mathematically

describe the aircraft are nonstatiomary.

1.1 BACKGROUND

Since Tustin formulated the theory for addressing the human
operating on a quasi-linear time-invariant system, considerable
effort has been dedicated to extending and refining this theory.
An excellent bibliography of this research is included in Agardograph
188 (Ref 53), written by McRuer and Krendel. Until the 1960's the
bulk of the effort in human operator modeling addressed single-input/
single-output, linear or quasi-linear, time-invariant systems. This
research is characterized by the crossover model identified by McRuer.
In the 1960's optimal estimation and optimal control theory were
applied to the human operator problem by numerous individuals including
Kleinman, Levison and Baron. (Ref 38, 39, 47) This application
closely followed the crossover model and was shown in many cases
to produce a human operator description comparable to that of the
crossover model. Subsequent to the introduction of the optimal
control model, research has continued along parallel paths. The
path chosen by each researcher has often been determined by the

adaptability of the particular model, optimal control or crossover,

to the problem addressed.




To amplify the goals of this research, previous research

can be conveniently partitioned by system type. The system types
are categorized into (1) linear and quasi-linear time-invariant,

(2) linear and quasi-linear time-varying, and (3) nonlinear. These
are single-input/single-output systems admitting only wide-sense
stationary stochastic processes, unless otherwise stated. Two addi-
tional subdivisions can be considered, multi-input/multi-output
systems and systems driven by nonstationary stochastic processes,
and in fact these are specifically the subdivisions addressed in
this research.

1.1.1 Linear and Quasi-Linear Time-Invariant

The majority of the work completed has involved single-
input/single-output linear or quasi-linear time-invariant aircraft
descriptions. (Ref 38, 39, 47, 53) This is true to such an extent
that McRuer has commented, '"For most practical concerns related to
pilot/vehicle system analysis, there are no further critical
research issues for this model." (Ref 53, p. 865) For clarifica-
tion, quasi-linear systems refer to systems that use linear models
to approximate the effects of nonlinearities.

1.1.1.1 Crossover Model

The above statement by McRuer referred to efforts using
the crossover model in the single loop context. Another way to
summarize McRuer's comments is that the crossover model is an effective
predictive tool in this application. The crossover model refers to

an empirically derived procedure for determining the pilot model,




given a compensatory task and a transfer function representation

assumed for the plant dynamics. It takes advantage of the empirical
fact that the pilot will provide dynamics that will force the open
loop pilot/aircraft transfer function to have a 20 decibel per
decade slope at Bode plot crossover, and a stable phase margin.
Again)an excellent reference of this work is Agardograph 188.
(Ref 53)
1.1.1.2 Optimal Control Model

The majority of the work in the optimal control model has
also been directed at the single-input/single-output linear time-
1nvafiant system, yielding some pertinent results. These have been
obtained both in fixed wing and in rotary wing applications. (Ref 39)
In optimal control human operator literature, care has been taken to
display the equivalence of the results of the optimal control and
the crossover approaches whenever possible.

The optimal control pilot model uses a combination of
optimal estimation theory and optimal control theory to replace the
pilot mathematically in the man/aircraft system. The basic structure
is given by Figure 1; it is well amplified by Kleinman (Ref 39).

1.1.2 Linear Time-Varying Systems

1.1;2.1 Crossover Model
The available research is severely limited when the system
controlled by the human operator is linear time-varying. From the
crossover model methodology, two different types of time-varying

system descriptions have been researched. The first type addressed

4
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was the class of systems that instantaneously changed descriptions.
Elkind and Miller considered this type of system by switching the
controlled system from one description to another and recording the
pilot's response. (Ref 24) They then used the crossover model as
the description of the pilot for each of the above systems and
described the change between crossover models with a transient model.

The second type of time-varying system previously addressed
by the crossover model is the slowly time-varying system. Moriarty
addressed this type of system in his dissertation by using a quasi-~-
staticnary approach. (Ref 55) Intervals were selected so that the
variation of the system parameters was small for the interval con-
sidered. As this allowed assumptions of time invariance over that
interval to be good, the pilot description for each interval could
be attained from the crossover model.

1.1.2.2 Optimal Control

Extensions of the optimal control pilot model to time-varying
system dynamics have been limited. The most pertinent work to date
involved the problem of tracking an aircraft from a ground-based gun.
(Ref 40) The gun was allowed two manual controls, azimuth control and
elevation control, and the gun/aircraft system was allowed to display
time-varying dynamics. To address the problem, Kleinman took a
quasi-stationary approach, in that he considered the plant dynamic
form time-invariant at each computation time and solved the estimation
and control problems with those dynamics. Assumptions inherent in

Kleinman's work are:




5 » 1) Controls for both elevation and azimuth are appliéd
simultaneously.
2) The system description over any interval is the mathematical
& description the operator assumes for that system for future time.
That is, no knowledge of future trajectory alterations is assumed.
3) Attention to the two tasks, azimuth pointing and elevation
pointing, is equal.
1.1.3 Nonlinear

1.1.3.1 Crossover

The crossover model approach makes use of describing function

analysis, as detailed by McRuer (Ref 53), to address system nonlineari-

ties such as thresholds and time delays. This allows a quasi-linear
system or a system that is linear bqt takes into account nonlineari-
ties in predicting statistics applicable to pilot responses. This |
type of analysis has been uéed since the initial work of Tustin and }
is described by McRuer and Krendel. (Ref 52) Unfortunately .the |
types of nonlinearities addressed by describing functions are limited, |
and the describing function theory outputs are only approximations |
to the actual outputs generated by the true nonlinearities. é
The crossover model type of analysis has also been applied :
by Pollard (Ref 58) and Onstatt (Ref 56) separately to the general !
aircraft equations of motion before the usual linearization detailed
by Blakelock and others has been accomplished. (Ref 12) Their

approach does not actually account for the portions of the aircraft

flight regime in which the nonlinearities are significant, but rather

2
I
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b |
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assumes that these regions are short in time and that a linearized
uncoupled-type analysis will not diverge unacceptably during those
periods.
1.1.3.2 Optimal Control

A describing function type of analysis has also been applied
to the optimal control approach to address nonlinearities that occur
in the aircraft-pilot system description. The analysis has so far
been limited to nonlinear elements in inputs to the aircraft equations
of motion, or in nonlinear properties attributed to the pilots' percep-
tion of current aircraft displays. (Ref 39) Specifically, nonlineari-
ties in the aircraft equations of motion have not been considered.
The nonlinearities referenced above will be identified in Chapter II
and are given in Blakelock. (Ref 12)

1.1.4 Multiple-Input/Multiple-Output

1.1.4.1 Crosgover
McRuer and Krendel have extended the crossover model to the
multiple-input/multiple~output system by the use of block diagrams.
(Ref 52) These diagrams described the modes of analysis possible
using the crossover model approach. Little practical experience has
been gained with the crossover model in the multi-loop case because
of the difficulty in finding unique pilot describing functions. (Ref 52)
1.1.4.2 Optimal Control
Some of the most recent work in the optimal control model
approach has been concerned with multiple-input/multiple-output
systems, because of current interests in multiloop problems and the

direct applicability of this model to the multi-loop problem.

R P—e———




Though Kleinman's work on gun tracking involves both multiple-

inputs and multiple-outputs (Ref 40), his multiple input work is
qualified by addressing only the two input case where the inputs

are decoupled. Other than this the recent work involving the optimal
model has been accomplished in single-input/multiple-output systems.
In this case, an attention allocation algorithm that specifies some
of the measurement noise parameters in the Kalman filter is used.
This attention allocation algorithm was developed by observing

that the effect of parameter variance in the filter is similar to
variance in human attention. (Ref. 40)

1.1.5 Systems Involving Non-Stationary Stochastic Processes

A stationary stochastic process is one in which the probability
laws governing the mechanism producing the process remain time-
invariant as the process evolves in time. (Ref 54) On the other hand
if these probability laws are time-varying during the process evolu-
tion, the process is termed non-stationary.

The majority of the work in both the crossover and the optimal
control pilot modeling task has been oriented toward stationary
stochastic processes. In the gun tracker research, Kleinman's
quasi-static approach allowed non-stationary stochastic processes in
the input to the human operator poftion of theioperafor/éun ﬁodei;
(Ref 40) This work has not beén extended to the pilot/aircraft
problem, nor has it been extended to non-stationary stochastic

processes arising outside the input to the pilot.




1.1.6 Optimal Estimation/Optimal Stochastic Control

1.1.6.1 Optimal Control

The basis for the optimal control model referred to above is

{
i optimal estimation and optimal stochastfic control theory. The por-

tions of that theory pertinent to the pilot modeling task of this
research are stated and proven in many references, such as Kwakernaak
and Sivan (Ref 39); they will be addressed in Chapter III. When

the plant in question is linear, the optimization criterion is

quadratic, and the stochastic processes associated with the system

are Gaussian, the Linear Quadratic Gaussian theory, hereafter called
LQG, applies. (see, for instance, Ref 8) This theory strongly relies
on the separation theorem, which basically states that with the LQG
constraints, the deterministic optimal control gain matrix for any
time ti can be applied to the optimal state estimate for time ti to
arrive at the optimal controi for that time.

When any of these constraints are violated, the separation
principal no longer applies, and the optimal stochastic control can
be nonlinear, as proven by Witsenhausen. (Ref 75) Numerous sub-
optimal control schemes have evolved when the problems considered

; did not satisfy the LQG constraints.

One such case is in team theory control considered by Chong and

Athans. (Ref 17) This type of control assumes two independent con-

1 trollers, each with a separate information set and each applying a
eontinuous control. A linear optimal control is assumed in this case,
but Chong and Athans observed that a nonlinear control could conceivably

perform better.

10




N S

Another method that has compromised the "optimality" of the
solution but has proven useful, is the forced separation scheme
addressed by Farison, Graham, and Sheldon. (Ref 26) This method,
at time ti, applies the optimal state gains to the estimates of
the states, to compute the control. In their experiment, a 20-run
Monte Carlo analysis was used to arrive at the salient conclusion
that the forced separation was able to stabilize the system and

performed well with respect to the "optimal" control.

1.1.6.2 Optimal Estimation

Optimality in the maximum likelihood sense of an estimation
procedure with variable measurement sets has been addressed by
Jaffer and Gupta, and by Ackerson and Fu separately. (Ref 35, 1)
Variable measurement sets are sets of physical measurements avail-
able to the system, each set containing a different group of
measurements. This approach can be used to display the varying
measurements available through the human visual system to the
human operator. Jaffer and Gupta have shown that by propagating
the appropriate non-Gaussian density functions, the estimation
scheme remains optimal in the maximum likelihood sense. Ackerson
and Fu used an alternate scheme involving growing memory require-
ments to address the same problem. (Ref 1) Because the pro-
pagation of density functions is not an easy procedure and requires
integration for at best an approximation of the function, and
because growing memory is not desirable for a lengthy pro-

blem, an alternate method was proposed by Ackerson and Fu.
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In this method the computer memory necessary remains fixed in length

but the estimation process is suboptimal. This method involves
approximating the non-Gaussian density function with a Gaussian
density f;nction for the propagation. Ackerson and Fu examined the
effects of this method and found that it approximated well the optimal

estimates in the maximum likelihood sense for the systems considered.

1.2 PROBLEM

Up to this point care has been taken to poiﬁt out methods
used when specific LQG assumptions were not met. Identifying these
assumptions and detailing the previous successful methods used when
these assumptions were invoked, provide the basis for the mechaniza-
tion used in this research. To specify this mechanization -further,
consider the general problem of providing a mathematical structure
that can be used to replace a human operator. In this context,
two important goals emerge.

The first goal is to provide a structure with enough parameter
freedom to specify the desired operator performance adequately over
the region of consideration. The second goal is to provide a structure
that allows physical interpretation of the parameters. With the
correspondence between parameters and physical properties detailed,
altering an aspect of the physical system can be translated to a
corresponding alteration of a specified par;meter set.

With these goals in mind, the concept of optimality is of
secondary importance. That is, optimization is only one of the

vehicles which result in a solution to a mathematical problem. When
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optimization is not practical, as in this research, extracting
portions from the optimization procedure used in similar problems,
presents a logical alternate method. It is stressed, however, that
the extractions used in this research are a set of previously tested
techniques that were found to have application in the human operator
context.

With this background and these goals in mind, the specifics
of the problem addressed in this research can now be presented,

That problem is to design a controller displaying human limitations
that will extend the present nonlinear pilot/aircraft model in
three ways:

1. The model will be able to handle the entire six degree
of freedom set of nonlinear, multiple-input/multiple-output aircraft
equations of motion, along with the aircraft control system.

2. Non-stationary stochastic processes driving the aircraft
equations of motion can be considered.

3. A decision process will be formulated that will allow
the model to account for changing pilot dynamicss

This decision process will be set in the natural time domain,
which presents the best opportunity for its correlation with, and
interpretation of, the physical system. The human operator limita-
tions considered are:

1. Time delay in perception of information.

2. Lag between control computation and application to

account for the neuromuscular lag.

13




—

3. 1Inability to attend visually to more than one channel

of information at any time (channels are pitch, roll, heading,
airspeed, and altitude).

4. Inability to control actively more than one channel
at any one time margin. The requirement for the first three limita-
tions has been discussed extensively by Kleinman and Baron (Ref 3),
and the requirement for the last limitation has been discussed
by Levison. (Ref 12)

From these limitations a need for another analytical tool,
decision theory, is apparent and facets of that theory pertinent‘

to the problem will now be considered.

1.3 APPROACH

1.3.1 Decision Theory

To implement the assumption of limited direct visual atten-
tion available to the human operator, a variable measurement set is
to be used. This approach allows the human operator to make one of
five observations at each time instant. Because five alternatives
are available and only one can be sampled, a decision process is
necessary. Two decision routes considered previously were examined.
The first, the work of Ackerson and Fu, considered a measurement
at time tl with the origin of that measurement known only to be one of
a set of possible measurements, A number was associated with each
member of the set representing the apriori probability of that
member actually being the measurement, and the output then being a
weighted average of possible measurements. The second route con-

sidered is the decision theory route. (Ref 70) That is, at each

14




T TR P T

time tl’ a decision based upon some preset criteria is made. To
attempt to address this type decision process, the discipline of
decision theory was examined.

Four different types of decision theory are considered
potentially fruitful for incorporation into the pilot model. The
first type is the dynamic programming approach, as developed by
Sandell. (Ref 65) In this method a decision is made according to
an analysis of the cost of that decision. The cost of the decision
is evaluated by propagating the effects of that decision to the
final time and analyzing the cost of those effects.

The second type of decision process explored was the utility
function or Bayesian decision function approach. This approach is
given in depth in Chapter 4 and in Tummala. (Ref 70) Basically,
it requires specification of probabilities associated with the various
states of nature and a cost for the occurrence of each of those
states of nature. This is different from the dynamic programming
approach, in that it makes the decision based upon a judgment of
past and present behavior, while the dynamic programming approach
.uses an apriori judgment of future behavior.

The other two approaches, the cue theoretic approach of Pollard,
(Ref 58) and the fuzzy set approach of Jéin (Ref 365, will bé expanded
in Chapter 4. Portions of the cue theoretic approach were used in
the decision model of this research, and the fuzzy set concept is

suggested as an approach to certain extensions of this research.
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At this point, alternative approaches have been examiﬁed
for the decision task, the estimation task, and the control task:
tasks necessary due to the problem statement and the problem limita-
tions.

1.3.2 Nonlinear System Control

When considering the problem statement, it is apparent that
two troublesome properties must be addressed before any definition
of the problem approach can be made. These properties are the non-
linearity of the system equations and the large number of equations
necessary to satisfy that problem statement. To date, the only
general method available for feedback control of large-scale nonlinear
systems is the method of small perturbations. (Ref 8) This method
is based upon a given state trajectory. The state trajectory
necessary involves a nominal time history of each of the states that
enter the system equations in a nonlinear fashion. As the system
states are stochastic in nature, the actual trajectory of each of
the states will vary from this given nominal. The small perturba-
tion method provides the control designer with some assurance that
if deviations from the nominal remain small, that is if the higher-
order terms associated with both the control and the state in the
Taylor series expansion used in the method are small, the equations
derived by the small perturbation approach will remain valid.
Satisfaction of the first objective of Section 1.2 is qualified by

the method of small perturbations. However, since the only inputs and
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states that can be considered are inputs and states that are perturba-
tions about a prespecified input and state trajectory, this limits

the generality of the problems addressed to a class of problems with

prespecified trajectories. This limit should not be overly constrain-
ing, since many maneuvers such as barrel rolls and cloverleafs fall .
into this category.

The only restriction imposed by the small perturbation approach
that affects the second objective is the requirement for the higher
order terms to remain small. The stochastic nature of the problem,
in this case non-stationary, does not preclude the usage of the small
perturbation method. Therefore, as long as the control system devised
can accommodate the general linear time-varying perturbation equations,
the problem can be apprcached in this manner.

As the small perturbation system model will in general be
linear time-varying when nonlinearities are a consideration in the

full-order non-linear equations, the model chosen for the pilot must

be able to adﬁit linear time-varying systems. Using optimal control
theory, computation of the time-varying controller gains is accomplished
using the time-varying Riccati equation. (Ref 44) This implementation
implies two assumptions in the human operator context:

1) The human operator has knowledge of the trajectory
the aircraft will follow.

2) The human operator has knowledge of the final time of that
trajectory.
Also inherent in the LQG type controller considered is the quadratic

assumption on the optimization criteria, and the Gaussian assumption
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on tﬁe problem noise. These assumptions are argued in the opiimal
control pilot modelling literature (Ref 38, 39, 40), and these
assumptions will be made in this work. Therefore because of the
applicability of the LQG assumptions to the human operator problem,

and because of the LQG controller's direct application, it is

selected as the controller form for this problem. When the time

delay in information perception is considered, as in limitation 1,

an adaptation of the LQG problem to include a predicter in addition to the
Kalman filter must be made. This adaptation is frequently used

in optimal control pilot modelling literature. (Ref 39)

At this point an adapted LQG controller, adapted because of
the nonlinear time delay in the problem, was specified as the basic
structure for modeling the human operator, primarily because the
framework provided by the controller appears to correspond well to
the physical system and because the mathematics of the LQG controller
admit the time-varying nature of the problem. The basic LQG con-
troller requires only a linear system as the name implies; however,
practical simplifications are available if the system is also time-
invariant.

1.3.3 Decision Process

With the above framework set for the controller, the question
of how to deal with the aspect that only one active control and only
one observation are available to the human operator, is analyzed.

Consider employing a decision process versus employing no decision
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process to account for these limitations, limitations 3 and 4 of
Section 1.2. With no active decision process, as applied by
Ackerson and Fu (Ref 1), these limitations on the mathematics
translate to the human operat&r as an apriori knowledge of the
attention pattern or of the control pattern, or as an apriori
knowledge of the probability of such patterns. This requires pre-
specification of the time history of measurement matrices and ob-
servation noise matrices in the estimator Qnd prespecification of
the control-weighting matrix histories in the controller.

If no apriori knowledge of the future attention pattern or
the future control pattern is assumed for the human operator, a
decision process using only past and present information must be
employed. That decision process can output either an attention
position and/or a control position, or it can output a probability of
an attention position or a control position. This mechanization
entails two parallel decision processes, one on attention and one
on control. Since this dual nature could lengthen the simulation,
and since no empirical data were found to substantiate this dual
nature or to amplify on a distinction between these processes, one
decision process was assumed, and its output provided both the control
and attention decision.

Attention position or control position refers to one of a
set of channels. Each channel is defined by a specific observation
or control available to the pilot. The channels used in this research

are pitch, roll, heading, airspeed, and altitude.
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As none of the approaches allows the solution to remain optimal
in any sense, the decision to implement the discrete decision approach
was made based upon its similarities to the physical problem. These
similarities include the features that no future information need
be assumed by this mathematical representation of the human operator,
and that the concept of discrete decisions translates to visual move-
ments between instruments and physical attention to controls avail-
able to the pilot.

1.3.4 The Decision Implementation

Employing a controller adapted with a decision process
opens numerous avenues for implementation of the decision in both
the control task and the attention specification.

1.3.4.1 Control

The avenues of implementation for the control decision
in the optimal control context have received little attention in the
past. As mentioned earlier, one possible implementation was explored
by Chong and Athans by allowing continuous control from each of two
different controllers. (Ref 13) Each controller, however, had a
different information set, with no crossfeed of information from one
controller to the next. As the human controller is assumed to have
one visual processor, the assumption of no crossfeed of information
used by this approach does not pertain. The basic concept of multiple
controllers used by Chong and Athans, however, does have relevance.
This relevance lies in the assumed limitation that a human can only

control one channel at a time; therefore, multiple controllers must

20




e R S - I —

be available to the human operator.

Two concepts were explored for implementing different
controllers via varying gain matrix values. The first concept
requires a decision process that outputs the probability of a
particular deéision occurring. This probability could then be

applied mathematically to a reference set of weights in the

quadratic criterion equation. (Ref 44) This would produce a

set of weights for each time, based upon the situation at that

time. If these weights were considered constant until time tf

and used in propagating the Riccati equation backward in time,

a control gain matrix could be computed for each time. This |
method appears to satisfy the desired physical appeal, but necessi-

tates on-line computation of a control gain matrix at each discrete

time, as the parameters, in this case weightings, would change at

each time because of the changing probability associated with them.

For a problem containing only a few states, this mechanization would
be attractive because the new Riccati equation solution necessary
at each time interval would not be computationally infeasible. For
this problem, however, the 63-state state space used precludes
online computation of the Riccati equation.

The second concept requires a definite deciéion fo bé made
at each decision time. This concept uses only five different control
weighting matrices, while the first concept implies a different con-
trol weighting matrix at each time. Using this method, control gain

matrices can be precomputed by assuming five separate weighting
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conditions. Each of the five weighting conditions would emphasize

control on one of the channels: pitch, roll, heading, airspeed, or
altitude. The decision process can then choose the channel that

is to be controlled, so that the control gain matrix coinciding

with that discrete time and that discrete channel can be accessed

and used. This use, then, assumes that this control will be exerted
throughout the rest of the problem. This assumption appears physically
appealing in that what the pilot is presently controlling is what he

is planning to control, as he has no knowledge of future aircraft
excursions.

The matrix of control weightings for each individual channel
emphasis is chosen to reflect a variation in the pilot neuromuscular
time constant described by Kleinman. (Ref 3) When the attention
is assumed to be on the particular mode in question, the time constant
is .1 seconds, a value considered to be indicative of peak human
performance. When the operator is not attending to the channel, a
time constant of .2 seconds is assumed, to reflect a degraded mode
of performance. These values fall in the 0.1 to 0.4 second range
assumed for the neuromuscular lag time constant in most previous
work. (Ref 46)

Because of its ability to calculate the control gain matrices
"“off-line", the second method was used. Computation time is at a
premium, and when the problem can be modularized by separate computa-
tion of a facet of the problem, the approach that allows that modulari-

zation is very appealing. This method is then used to implement
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limitation four of Section 1.2, the limited ability of the human to
control a multi-input system.

1.3.4.2 Restricted Attention and its Impact on
Estimation

To implement limitation three, that of restricted visual
attention of the human operator, three different possibilities were
evaluated. The first method was an extension of Kleinman's attention
allocation scheme. (Ref 39) By adding a decision <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>