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ABSTRACT

In addition to designing engineering systems for optimal performance, developing
systems that are robust to possible failures and/or non-ideal operating conditions is of
great importance. In modern engineering practice, this is normally accomplished by
incorporating conservative performance margins such that projected “worst-case”
outcomes can be accommodated. In aerospace, safety or robustness considerations often
dominate the design process, but this can lead to over-designed systems, lengthy
development programs, and expensive final products.

Provided that decision makers accept the unavoidable possibility of failure, a
superior approach based on system uncertainty and user utility modeling exists. System
performance uncertainty, including unknown parameters and possible unit failures, is
modeled using the best available information. The user’s utility function, of arbitrary
mathematical form, expresses the relative “goodness” of all possible outcomes. Once the
axioms of decision theory are met, a maximum-utility search among the design space
determines the optimal solution. Because these problems do not comform to standard
mathematical assumptions, there is no guarantee of finding the best possible answer, but
modern computer search techniques now provide the capability to converge toward the
global optimum in reasonable time. As with traditional systems engineering, the optimal-
decision process is iferative, since the computer search results are reviewed by designers
who can further develop their risk and utility models.

This approach has been successfully applied to several system design tasks in this
thesis. A tutorial aircraft landing control problem is used to illustrate the basic procedure
and to demonstrate the safety improvements that are possible when controllers are
designed with system failure modes in mind. Applications to spacecraft design are then
developed. New models for spacecraft reliability prediction have been combined with
mission utility functions to predict the overall mission reliability of the Gravity Probe-B
(GP-B) spacecraft and to find improved redundancy architectures for space vehicles.

Uncertainty-based optimization has also been demonstrated to significantly
improve the process of Receiver Autonomous Integrity Monitoring (RAIM) for Global
Positioning System (GPS) navigation users. Similar uncertainty models applied to
augmented Differential GPS (DGPS) systems can predict overall performance and
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integrity for large regions of users. Combining these with top-level objective models
allows augmented GPS architectures to be optimized iteratively, as the latest experimental
data updates the risk model and motivates additional system improvements.
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Editorial Notes

This thesis attempts to use gender-neutral phrasing where possible. However, in
some cases, the masculine pronoun may be used in the traditional grammatical sense to
refer to both sexes. Please note that there is no intent to limit the discussion to males in
any aspect of this research.

The quotes that are used to begin each chapter are taken from a variety of sources.
They are intended to provide a flavor for each successive topic from the wider world in
which the concepts presented here are meant to be applied. The opinions voiced within
these quotes do not always agree with the points raised in the text. In some cases, they
are included to illustrate the source of the disagreements about which the thesis is
concerned and to provide a global perspective on what is at stake.

Unlike most engineering theses, much of the text in this document is argumentative
because it draws support for its theories from technical results that could be interpreted in
several ways. There are no “proofs” to be found here; the uncertainty models constructed
and simulated for each application illustrate that no deterministic bounds or conclusions
about system performance can be drawn when the underlying mathematical models and
parameters contain questionable assumptions. Simulation results are evaluated to
determine if uncertainty-based methods offer significant improvements over deterministic
“worst case” design approaches.

However, the problems addressed in this thesis are subsets of the overall
development process, and the probability models and objective functions used in each case
are also open to question. The conclusions presented here thus require significant
qualitative discussion to bolster their case while fairly considering altemative viewpoints.
Therefore, the results of this thesis are intended to be taken as a demonstration of both the
feasibility of the new decision-based design paradigm introduced here and its potential to
be applied to an entire development program in a unified way. More work will be
required before the limits of this potential are well understood. In the meantime, this will

remain a controversial topic.
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Chapter 1: Introduction

The sciences do not try to explain, they hardly even try to interpret, they mainly make
models. By a model is meant a mathematical construct which with the addition of
certain verbal interpretations, describes observed phenomena. The justification of such
a mathematical construct is solely and precisely that it is expected to work.

- John von Neumann (1903-1957)

You cannot apply mathematics as long as words still becloud reality.
- Hermann Weyl (1885-1955)

There are three roads to ruin; women, gambling and technicians. The most pleasant is
with women, the quickest is with gambling, but the surest is with technicians.
- Georges Pompidou (1911-1974)

1.1  The Development of Systems Engineering Practice

The modern art of systems engineering developed in the latter half of the 19th
Century, as a “critical mass” of technical expertise developed in several fields to support
the cooperative work of engineers across various specialties. Prior to this, most technical
innovations were the product of inventors, working alone or in small teams, who
independently developed and publicized their specific inventions. The Industrial
Revolution changed this by bringing people trained in various complementary technical
specialties to work together to build and operate machines. Soon it became possible to
make incremental progress that fed on itself; taking advantage of new breakthroughs and
constantly refining accepted techniques. At the same time, the design and manufacture of
ever-more-complex systems required specialists to learn to work together to coordinate
and set standards for the work of each branch of the project.

This system-development developed into its modern form in the 20" Century and
has become a worldwide standard since World War II. Specifications are its skeleton:
they define the system-level parameters that must be achieved by each subsystem. Related
to this are budgets, which allocate total system cost, weight, power, etc. to each
subsystem in a more flexible way (for example, cost overruns in one area may be
combated by adopting a cheaper design in another subsystem). Within these limits, the

specialists working on each subsystem then have considerable freedom to design their



piece of the puzzle. Their ingenuity within their areas of expertise is thus indispensable to
the success of the project. As a result, systems engineers may appear to be merely “bean
counters” who limit innovation by citing budgetary or compatibility constraints.

As is true for any methodology that has worked well and has universal acceptance,
modern systems engineering has become enshrined in the aerospace design community.
Hierarchies of specifications developed over the years just after World War II while
aerospace technology development boomed. These provided (and still provide) a clear
framework for laying out a design effort in its initial stages and flowing down
requirements to each of the subsystem engineering departments. As aerospace technology
innovation leveled off by the early 1970’s (corresponding to a time when both NASA and
defense funding dropped precipitously), this structure solidified itself and became the
dominant development paradigm throughout the aerospace industry. Much of what is
taught in systems engineering classes at the university level implicitly assumes that this
structure naturally underlies all development efforts and teaches students how best to
operate within it.

In the world of rapid technological change in which we live today, this system
design framework increasingly appears out of date. In its current incarnation, it is built
upon large sections of engineers responsible for developing and enforcing arbitrary
requirements at every level of design detail. Entire organizations exist primarily to ensure
that ongoing development programs are held to the letter of these specifications and
budgets. In addition, specifications are inherently inflexible, making it difficult to adapt a
development project to new developments in the underlying technologies. All of this can
smother the spirit of innovation and the healthy tolerance for risk that leads to dramatic
technology invention and productivity improvement on almost a yearly basis in
electronics-related industries.

The research in this thesis takes the first step away from reliance on the traditional
framework still used in practically all aerospace companies. The basis of a new approach
is outlined in this section, and then each chapter of this thesis demonstrates its applicability
to a specific subset of aerospace design practice. The theory of decision making under

uncertainty lies at the core of each chapter; it provides a global means of analyzing the



uncertainty inherent in possible courses of action and develops theorems by which the
optimal choice can be made. It is introduced in Section 1.2. Section 1.3 shows how these
concepts can be applied to the aerospace systems design process by transforming it into a
series of decisions made at discrete points in the development cycle. A “master decision
tree” is presented which illustrates how the decision perspective is applied to a spacecraft
design, development, and test program. This top-level tree is easily broken down into
separate subsystem projects that normally are done independently, but its integrated
structure allows design optimization to be carried out as a cohesive whole. An integrated
approach thus has the potential to avoid the administrative overhead that comes with
detailed specifications to which lower-level design efforts are slavishly held.

This thesis covers a great deal of territory; thus a complete summary of the work
on which it is based is impossible to construct. Section 1.4 instead introduces the research
fields that are most relevant and cites the most important sources for each, giving brief
descriptions of what they contain. Section 1.5 summarizes the research contributions of
this thesis and draws the separate threads from each chapter together to demonstrate how
the tools developed here make fully integrated optimal aerospace design under uncertainty

possible.
1.2 Decision Making under Uncertainty

Decision making under uncertainty is based on a fundamental idea: all non-trivial
decisions made in the real world are best evaluated by building a model of the uncertain
consequences of each alternative and then choosing the one with the highest implicit
probability of the most desirable result. This requires much explanation to be applicable to
practical cases, but it helps to remember that it all boils down to this single concept.

A simple illustration helps to illustrate this applicability. Many people who are said
to be indecisive have trouble with simple decisions such as what to order in a restaurant.
If they knew that the dish that they would enjoy most can be prepared quickly and is
inexpensive, the choice becomes trivial. If the first two were known to be true but the

dish is very expensive relative to what the patron is willing to pay, a deterministic value



judgment must be made to trade off the taste value versus price for the alternatives on the
menu. However, if the patron is unsure of the value of each dish because he or she does
not know the quality of ingredients, preparation, etc., he or she must make a decision
based on a qualitative best guess as to which outcome is most likely for each choice.
Thus, uncertainty has been introduced, and even of it is not modeled quantitatively, it
tends to be the primary source of hesitation as our indecisive gourmand tries to form a
fuzzy uncertainty picture from which he or she can make up his or her mind.

The key element that decision analysis adds to this picture is a mathematical
demonstration that, given the assumption of a “rational” objective function in a number-
line sense, an optimal decision exists within this domain of user preference and
uncertainty. Along with this comes a conceptual method for deriving quantitative
uncertainty models in cases where quantitative input data is insufficient to allow the use of
statistical inference. Decisions can be formalized into a generic pattern where a decision
maker, at a given point separating the past (and what is known about it) from the future
(and the uncertainties it holds), faces a set of alternatives, each of which presents the
decision maker with a deal. A *“deal” can be thought of as a “bet” or “lottery” in which
the decision makers “payoff” depends on various future prospects whose realization (and
likelihood of realization) are uncertain [1-2]). The decision maker must evaluate the deal
presented by each alternative based on these uncertainties and a function which measures
the value of each prospect, or outcome.

The following two subsections further detail the decision analysis approach to the
two apparently unrelated issues of uncertainty modeling and user preference modeling.
Once the probability model (Section 1.2.1) is in place, a method for integrating preference
functions into a probability format for seamless evaluation is introduced in Section 1.2.2

and Appendix A.

1.2.1 Uncertainty Modeling
Occasionally, there is a well-respected and accepted method of formulating
probability estimates for uncertain future events in a given field. Or it may be possible to

come up with representative probabilities from controlled experiments. However, when



probabilities of rare events are required, these approaches tend to break down. One
conventional response to this problem in engineering is to design a system according to
the “worst” conceivable prospect and be satisfied if it can be accommodated while
maintaining satisfactory operation. This has proved successful in the past, but it can lead
to a deterministic design focus that allows unforeseen possible circumstances to fall by the
wayside. Once a “worst case” is defined, it is easy to focus on the peculiarities of that
situation in one’s attempts to mitigate it, and the design one then comes up with can easily
be non-robust to other threatening circumstances.

Decision analysis provides a means for formulating uncertainty models that at least
have the potential to avoid this problem. First, it is important to clearly define the possible
alternatives into unambiguous categories so that they pass the so-called “Clarity Test”.
Otherwise, confusion as to what outcome falls where could corrupt the relative likelihoods
that are assigned. Once this is done, probabilities can be assigned (without necessarily
using any data) for each of these possibilities based on whatever information is available.
A common notation for this is Pr(Bl&), where B is a specific distinction that represents a
given possibility and the “&” refers to all information generically available at the time the
decision must be made. A probability tree can be constructed to represent this as shown
in Figure 1.1, where B represents all outcomes other than B [1-3].

Setting the probability for B given “&” is simply based on the best estimate that
the decision maker armed with knowledge
“&” can form. There is no rule on how to
do this, but a guideline for intuitive
probability assessment exists which is best
demonstrated by example [1-3). Let us say

that a person with a reasonable knowledge

of American history (from high school and
1 - Pr(BI&)

college classes) is asked to determine his
uncertainty about how many separate

strikes (events of labor unrest) occurred in
the US. during World War 2. This Figurel.l: Simple Probability Tree for Possibility ‘B”



number requires a clear definition: we are referring to the period when the U.S. was at
war (December 1941 - August 1945) and statistics tabulated by the U.S. Department of
Labor. Lacking detailed knowledge of this subject, one is tempted to just guess a most-
probable number and call that the mean (50th percentile) of one’s uncertainty distribution.
Then one is faced with wondering just how much uncertainty exists about that number.

A better approach in cases where one is substantially uncertain is to instead
estimate the 25-75 percentile limits [1-3). In other words, one tries to place upper and
lower bounds on the number in question that make it equally likely that the number falls
inside our outside the chosen interval. Once one is thinking in that frame of mind, it is
easier to next choose uncertainty bounds of 5-95%, 1-99%, and so on before deciding on
one’s mean estimate of the number. Interpolating between these intervals can be done
using Gaussian curves or whatever one feels is most suitable to reflect the right amount of
low-probability “tail expansion.”" By the way, the correct answer to the World War 2
labor unrest question is on the order of 41,000, which tends to be much higher than most
people guess. By starting with an uncertain interval rather than a point guess, one’s frame
of mind is shifted to think about what key information is not included in “&” and, as a
result, just how wide one’s range of uncertainty is.

Although one may be hesitant to place any weight on a probability distribution
arrived at in this fashion, decisions based on whatever information is available are optimal
under this theory, provided that the resulting probability assessment truly represents the
decision maker’s “best guess.” In this sense, assessments based on the information
contained in “&" are in the same domain as any set of statistically significant data -- there
is only a difference in level of “relevance” to the uncertain outcome. A key point is that
there is nothing to be gained by wishful thinking about these likelihoods. Any amount of
willful or unintentional self-deception, such as goes on (it can be argued) with traditional
spacecraft reliability models, can lead to a sub-optimal decision. In effect, this is because
the resulting decision problem was evaluated based on something less than the set (&) of

available information.



While making decisions based a limited amount of knowledge in “&” is valid if a
decision must be made now, often alternatives exist which allow the decision maker to
obtain more information before making an irreversible choice. In a probability tree, this
can be demonstrated from a case of two distinctions B and A which are “relevant” to each

other. “Relevant” in this context refers to statistical dependence: knowledge of A or

A influences one’s probability distribution on B. We can present this situation in the

probability tree shown in Figure 1.2.

Pr(BIA)

Pr(Al&)

1 - Pr(BIA)

Pr(BIA)

1 -Pr(Al&)

1-Pr(BIA)

Figure 1.2: Probability Tree for Relevant Distinctions A/B

Often it is easier to assign probabilities in a certain direction. In the case shown in

Figure 1.2, it was probably easier to choose probabilities for A and then choose those for

B in the two separate cases of A or A. In some cases, however, the decision maker’s

outcome is most dependent on A, and he or she has the option of obtaining, for a cost,

information about whether B or B is the case. If this information regards knowledge of a



distinction C that is relevant to B, C could be added to Figure 1.2 in whatever order is
easiest to assess probabilities. For this illustration, we will simply assume that the decision
maker can find out whether B or B holds for some cost that has value in his or her
preference function. In this case, the decision maker can reverse the order of A and B in

Figure 1.2. The marginal probability distribution for B is given by basic probability theory:
Pr(B) = Pr(BIA)Pr(A)+Pr(BIA)Pr(A) (L.1)

Then, Bayes’ Rule is used to compute the dependent probabilities of A given knowledge

of B:
Pr(BIA)Pr(B)

1.2
Pr(A) (1-2)

Pr(AIB) =

Now we can represent these two options in an augmented probability tree that we will call
a decision tree. This is shown in Figure 1.3. The black square on the left indicates that a
choice is to be made between paying to obtain knowledge of B or B versus not getting
this information but going ahead with a project whose outcome is dependent on A. In this
case, a third option is not doing the project at all. The utilities U on the right hand side
give the value to the user of each possible outcome.

In this example, one has the option to obtain information on B which is relevant to

the key outcome A. The value of information in this case has a natural upper bound,

which is the value of perfect information on A or A . If the outcome A were known, the
decision maker’s choice and his resulting value outcome would be obvious (if not, more
uncertain distinctions should be added to Figure 1.3). Let us assume that the project
would only be worth doing if A is the result. Then the value of perfect information on A

is equivalent to the weighted value from the probability tree (where the value of doing

nothing holds if A isthe result) minus the value that would result if no information on A
were obtained (this is based on the best alternative in Figure 1.3, which will depend on the
specific values and probabilities involved):



Pr(AIB)

Uz
do project, no info. on B Ua
1 - Pr(BI&)
. . U-
get info. on B, then decide A
UA - Cinfo
B - do project Pr(AIB)
1 - Pr(AIB)
A UK - Cinfo
do nothing .
do nothing
U() - Cinfo
U()
Figure 1.3: Decision Tree for Problem of Distinctions A/B
Value(PLA) = U, Pr(A) - Uy Pr(K) - Value(best choice, Fig. 1.3) (1.3)

Given the value of perfect information on A, we know that the value of imperfect
information on A, which is given by perfect information on the relevant distinction B in
Figure 1.3 (and is assigned the cost Ciyn), must be no greater than the value of perfect
information on the key distinction A given in (1.3). Otherwise, it would never be optimal
to pay for that information. This is not as rare as one might think; as the value of knowing
more about what is likely to happen may not be significantly higher than accepting the
lottery one is faced with based only on the prior information “&”.

Note that this simple demonstration captures the whole realm of value-of-
information issues. In engineering design, it often comes up in the context of whether

expensive experiments on prototype hardware are worth the cost in time and money.



Traditional development processes have a standard set of experiments of increasing levels
of complexity that must be completed before development is considered successful. In
many cases where time or cost pressures are greater, the optimal decision may be to
proceed with fewer tests, which means less information and perhaps greater project
uncertainty, rather than to pass on the opportunity altogether.

At lower levels of detail, the value of information issue arises frequently in
controller and filter design. For example, Kalman filters begin with a prior covariance
model and propagate it forward in time, arriving at updated covariance results from a best
sequential least-squares fit. After-the-fact smoothing may use both a forward and a
backward sweep through the data to produce the posterior covariance [9-3,4]. This
approach, which is widely used in modern engineering design, is simply a Bayesian update
to a prior information (&) matrix such that the posterior covariance represents the best
uncertainty model given the dynamic information available up to the present time. A
control law or failure monitor will use that information to make an “optimal” decision on
the best action to take (size of the control input, or whether or not to warn of a failure).

Finally, the decision analysis perspective easily allows controller models to be
generalized to non-Gaussian, non-linear models where the model equations, order, and/or
parameters are uncertain. If a decision maker is uncertain about the validity of the Kalman
filter assumptions for a given application, its use would be inferior to the use of a model
that applies whatever is necessary to evaluate a more flexible uncertainty model in real
time. This is true even if the results are non-intuitive from the standpoint of the traditional
assumptions. The significance of this conclusion will become clearer as the decision-

analysis philosophy is applied to each of the applications in this thesis.

1.2.2 User Preference Function Modeling

To fit within a valid decision-theoretic framework, the decision maker’s
preferences for each of the possible outcomes must fit the “Rules of Actional Thought”
which are detailed in Appendix A. In general, these rules simply ensure that the user’s
preferences among the possible outcomes follow a logical order from best to worst with

no circularity. Almost all decision makers intend that their preferences and evaluation

10



methods be logical and follow the intent of these rules. Thus, once decision makers agree
to take a quantitative approach, it becomes feasible to build a valid decision model for
their problem.

In addition to requiring the use of probabilities to assess uncertainty, the
equivalence rule has the decision maker choose a “preference probability” p for each
intermediate outcome. This number is chosen so that he or she would be equally willing
to accept either that intermediate outcome or a lottery in which he or she receives the best
possible outcome with probability p and the worst outcome with probability 1-p. Doing
this for each intermediate outcome accomplishes two things. First, all of the intermediate
outcomes are given a value between O and 1 that decreases as the user preference
decreases. Thus, a suitable objective function has been created. Where the “delta
property” holds (see [1-3]), the relationship will be linear, but any function that satisfies
the rules in Appendix A is fine. Second, because the preference probabilities behave as
real probabilities in a mathematical sense, a probability tree along the lines of Figure 1.1
can be substituted for each intermediate outcome to express all possibilities as functions of
the best and worst outcomes. The problem can then be “solved” by working out the
probability of receiving the best outcome for each alternative and choosing the one with
the highest probability of that most desirable result.

The preference probability approach allows the decision maker to choose any
weighting of the intermediate outcomes that he desires. This choice of weighting may
implicitly include a measure of risk aversion, which places higher values for certain
equivalents (C.E. = a certainty of getting a particular intermediate outcome -- see
Appendix A) than would be suggested from the expected value of the equivalent lottery.
For example, a person who is indifferent between a certain receipt of $80 and a 50-50
lottery between zero and $200 is risk averse because the expected value of the 50-50
chance is $100. Someone whose C.E. for this lottery is $100 would be said to be risk
neutral, and someone whose C.E. is greater than $100 would be risk seeking. For
significant decisions, the latter category is rare, of course.

In practice, it is normally convenient to represent a decision maker's implied

preferences in a mathematical function that can be evaluated either analytically,
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numerically, or by simulation (in decreasing order of convenience). Traditionally,
objective functions are chosen first and foremost by their ability to fit a standard
optimization format that has a well-known globally optimal solution. Good examples of
this are linear functions that can be optimized using Linear Programming and linear-
quadratic functions for which an analytical solution is given by Linear Quadratic Regulator
(LQR) theory [9-4]. However, it is often hard to translate these measures into the
decision maker’s system-level preferences. Furthermore, analytical functions are often
artificially constrained in non-realistic ways. For example, the LQR method requires that
the plant be “controllable” by the actuator in terms of linear system theory [9-8). In this
case, LQR can always stabilize the system and ensure that the objective function has a
smooth global optimum. Robust control theory [9-6,11] extends the LQR formulation to
include bounded parameter variation such that guaranteed stability is always possible. In
reality, this just does not hold water -- where significant uncertainty is present, a non-zero
probability of instability will remain for any feasible design. In marked contrast, the
decision analysis approach has the flexibility to handle a direct modeling of the user’s true
preferences expressed over the full range of envisioned uncertainty. Controller design
based on probability models that encompass all known sources of uncertainty provides
“robustness” automatically, since the solution will be an optimal tradeoff between nominal
performance and the entire space of off-nominal conditions.

Normally, preference probabilities or values assigned for possible outcomes can be
more conveniently represented as mathematical functions, but for complicated cause-and-
effect probability trees, no analytical representation of the outcome probabilities is
feasible. Monte Carlo simulation on modern personal computers and workstations now
makes it possible to evaluate any uncertain system behavior model and its associated
preference function. Therefore, a fair decision-theoretic representation of engineering
design problems is possible. Simplifying assumptions and analytical calculations remain
useful, of course, but the presence of a means of complete uncertainty modeling and
consequence evaluation opens up a new window of opportunity for system developers

whose domain of activity does not easily fit into the traditional format.
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1.3 Applications to Engineering System Design

In principle, the decision-analysis structure introduced in the last section can be
applied to any problem in which the decision maker(s) are willing to both formulate the
problem in the probabilistic framework of Section 1.2.1 and follow the “Rules of Actional
Thought™ described in Appendix A. Translating this to an aerospace problem is not
necessarily trivial, but all of the necessary elements are present in Section 1.2. In
particular, a means of building a reasonable “best guess” uncertainty model is required.
Traditional models that do not fit the precepts of decision theory (normally because they
are known to be inaccurate simplifications) can often be revised to include these “non-
ideal” sources of uncertainty. This is what is done for spacecraft performance uncertainty
modeling in Chapter 2. In the chapters on GPS, prior uncertainty models are built from
published data that is itself highly uncertain. In both cases, Monte Carlo simulation
provides the means to translate these models into uncertainty projections from which
decisions can be made according to user preference functions that measure top-level
performance (degree of mission success) from the simulation outputs. No formal decision
trees are shown, but each chapter explains how the solution it constructs is based on the
fundamental decision principles and analysis steps introduced in this chapter.

Figure 1.4 presents a conceptual decision tree that attempts to capture the
complete scope of a spacecraft design and development program. It demonstrates that the
entire process can be viewed as a single integrated decision analysis problem in which
many different levels of decisions are made over time. It shows an interlocking relation of
decision authority and uncertainty at each level of detail. While it is common for higher-
level decisions to be made earlier, resolution of the higher-level uncertainty (such as one's
ability to maintain a reliable constellation instead of just a single satellite) is not necessarily
resolved before uncertainty at lower levels. In fact, each of the nodes in this tree may
imply a smaller encapsulated decision problem that is resolved over time as more
information becomes available at all levels.

On the left-hand side, basic architecture decisions on how to accomplish a specific

satellite-based mission, such as how many vehicles to build and launch, are shown as
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Figure 1.4: Master Decision Tree for Spacecraft Design Process

“system-level alternatives.” Other decision points at this level may include the overall
schedule for development and deployment. One level further down in detail are the
“design-level alternatives” for a given satellite. Nominal orbit decisions may take place
here, but they are likely heavily influenced by the architecture decisions. A key decision at
this level is the layout of the spacecraft subsystems and the amount of redundancy applied
in each area. That decision problem is addressed in detail in Chapter 3.

Each subsystem has its own design decisions as shown further to the right in
Figure 1.4. Once the basic elements are decided (source of power and how much should
be available at beginning of life, for example), each subsystem must be designed to meet
the implied requirements of the higher-level decisions. Traditionally, subsystems are
designed to meet detailed lists of specifications decided at higher levels. In this case,
however, no such presumption needs to be made. Of course, higher-level decisions will
bound the space of acceptable choices, but the subsystem design format suggested herc
only needs to exchange information about user preferences within the overall decision tree

as optimal searches take place at several levels simultaneously. Using the evolutionary

14




global optimization techniques introduced in Chapter 3, which easily make use of
simulation based evaluations, it is now feasible to do just that, although computer speed is
still a limiting factor.

While the complete problem as outlined here is not solved in this thesis, Chapters 2
and 3 on spacecraft reliability prediction and optimal design present a solution (for the
Gravity Probe-B spacecraft) to the part of the decision tree contained in the “system
design” box in Figure 1.4. This is a considerable advance in integrated optimization
capability over the traditional subsystem optimization problems shown in the smaller gray-
filled box. Note that almost all subsystem optimization methods in use today are either
deterministic or based on bounded-uncertainty, as in the case of robust control design.
The decision-theoretic approach developed here has been shown to handle a much larger
problem in reasonable time and to produce results. Admittedly, the optimization carried
out in Chapter 3 makes decisions only at the system (and not subsystem) level, but no
further leap is needed to integrate more-detailed subsystem simulations into the system-
level simulation model presented in Chapter 3 and to simultaneously optimize system
redundancy and subsystem design variables.

The chapters on GPS network and algorithm design demonstrate this by linking the
setting of thresholds for user integrity verification algorithms to the top-level design of
augmented GPS network architectures. In Chapters 4 and 5, prior probability models
(PPM) with substantial parameter uncertainty are constructed for both stand-alone GPS
and for part of the Wide Area Augmentation System (WAAS). A user value model is then
constructed based on a fundamental risk allocation for passenger aircraft contained in the
Required Navigation Performance (RNP) set of proposed requirements [6-10]. By
simulating GPS geometries and sampling from the uncertainty space of the relevant PPM,
a simple post-processed search algorithm can choose thresholds for Receiver Autonomous
Integrity Monitoring (RAIM) which minimize this top-level value model (and hence
optimize a fundamental cost vs. safety tradeoff). Both PPM simulation and user risk
optimization are different from the dominant requirements-based methods for setting
thresholds as described in the literature on the subject [7-10,11]. As a result, the optimal

thresholds and resulting user performance predictions vary widely (and are generally more
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pessimistic, as would be expected from an increased-uncertainty model) from previously
published results, suggesting that the traditional method is sub-optimal from a decision-
theoretic standpoint.

Using the covariance propagation model (which assumes Gaussian error
distributions) for normal WAAS conditions as developed in Chapter 6, a combined
accuracy and safety evaluation for WAAS networks is possible and is described in Chapter
7. Optimal RAIM threshold selected for a given network is included in this process. A
top-level value model for a governmental agency is then built to translate these WAAS
results into the domain of monetary costs and benefits. It then becomes possible to select
the optimal elements of a WAAS network designed for a particular airborne precision
approach application using a simple genetic algorithm, which is limited only by effective
computer processing speed.

In the context of Figure 1.4, the WAAS network optimization of Chapter 7 would
be a design-level decision that incorporates optimized integrity thresholds for each
network alternative (a subsystem-level decision problem) from Chapter 5. There is no
reason why this integrated decision framework could not be expanded further to include
system-level decisions, such as what sort of augmented GPS network (WAAS, LAAS, or
a combination of both) should be used to provide Category I precision approaches to the

commercial and private aviation communities.
1.4  The Gravity Probe-B Experiment

Chapters 2 and 3 use the Gravity Probe-B (GP-B) spacecraft as the example for
demonstrating the new reliability calculation models and redundancy optimization
procedures introduced in this thesis. This spacecraft is the result of a long-running
cooperative arrangement between Stanford University and NASA to develop a spacecraft
that will orbit experiments to verify Einstein's Theory of General Relativity. By orbiting a
spacecraft in polar low-carth orbit and using drag-free control to remove disturbances
caused by particle impacts, gravity gradients, and the like, it is possible to monitor two

relativistic effects on bodies in orbit around a massive object such as the Earth [5-3]). One
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is the geodetic effect, which is caused by the curved spacecraft bus dewar  telescope
space-time that results from Earth’s mass. The |
second is the frame-dragging effect, which is due
to the “dragging” of local space-time by the Earth’s
rotation on its axis. These effects (6.6 and 0.042
arc-seconds per year respectively for a 650 km
polar orbit) are tiny compared to Newtonian

disturbances. Therefore, extremely precise gyros

and readout sensors, a science telescope for precise
inertial reference, and an extremely accurate drag-
free attitude controller are all required [5-3,4,6,7]. Figure 1.5: GP-B Spacecraft
Figure 1.5 shows a drawing of the GP-B spacecraft.

The GP-B satellite is divided into two sections. The experimental payload is built
around the probe, which contains the gyros, sensors, proof mass, telescope, gas lines, and
electronics, and the dewar, which surrounds the probe with superfluid helium to keep its
temperature in the cryogenic range needed by the sensors. The payload is responsible for
measuring the measure the gyroscopic spin axis direction to better than 0.1 milliarc second
over one year [5-3,7]. Much of this equipment has never flown before; so its reliability is
uncertain. Methods for modeling payload uncertainty will be discussed in Section 2.5.

The spacecraft bus, which supports payload operations in space, is being
developed separately by Lockheed Missiles and Space Company (LMSC) [5-5]. It is
based on more conventional assemblies, many of which have been developed for use by
previous LMSC spacecraft. In conjunction with the payload, the spacecraft bus has four
key tasks which must be successfully achieved for the duration of the primary mission: (1)
maintain the gyros in a purely gravitational orbit, (2) minimize Newtonian disturbance
torques on the gyros by means of drag-free control, and (3) keep the satellite and probe
pointed at the guide star (which serves as an inertial reference) [5-4,6]. All of these tasks
have associated allowable error tolerances that are very demanding. These specifications

and the many more-detailed ones that flow from them represent the primary definition of
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success of the mission in terms of orbital operations. Simple value models that capture

these goals are discussed in Section 3.2.3.

1.5  The Global Positioning System (GPS)

The Global Positioning System (known as GPS) is a product of several decades of
development of spacecraft-based navigation systems by the U.S. Department of Defense
(DoD). Originated in the early 1970’s, it provides accurate position and velocity-
determination capability known as the Precise Positioning Service (PPS) to military users
all over the world. In 1983, President Reagan guaranteed the availability of a degraded
single-frequency GPS navigation capability known as the Standard Positioning Service
(SPS) to all civilian users. This degradation of the basic GPS Signal-in-Space (SIS),
known as Selective Availability (SA), is applied by the DoD to prevent civilian users from
obtaining the full 21-meter (95%) horizontal positioning accuracy specified for the PPS.
The SPS instead specifies 100-meter (95%) accuracy, but research into Differential GPS
(DGPS) has made it possible to correct for both the DoD-induced and ambient system
errors to provide horizontal accuracies well within 10 meters (95%). This level of
precision promises to revolutionize many aspects of airborne, ground, and marine
navigation [6-13].

The current GPS system, which reached Final Operational Capability (FOC) in
1995, contains 25 NAVSTAR satellites (all but one are now of the Block-II and IIA
varieties) in 12-hour (sidereal) orbits at 55° inclinations, arranged into six orbital planes.
Three of the 24 satellites are “active” spares. Figure 1.6 shows the orbits of these six
planes around the Earth. Note that this constellation of orbits repeats itself every
(sidereal) day from the perspective of a user fixed on Earth, a fact which simplifies the
simulation of GPS satellite orbits. The NAVSTAR constellation is controlled by the U.S.
Air Force 2nd Space Operations Squadron at Falcon AFB. The associated Operational
Control Segment (OCS) includes the Falcon AFB Master Control Station (MCS), a set of
worldwide DoD monitor stations to observe the health of each satellite, and ground

antenna sites which send uplinks to the satellites.
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Each GPS satellite broadcasts its :
position (along with other almanac information) = ;
and a precise time stamp to users on Earth or in oo

space. A user receiver can determine his or her

range to each visible satellite, and if four or
more satellites are in view, it is then possible to
compute location in three dimensions along
with an estimate of the time bias in the user
receiver [6-17]. Although Selective Availability
degrades user accuracy to the 100-meter range, Figure 1.6: The GPS Constellation
that is still sufficient for many applications

which now make do with much less accuracy available only in certain regions. It is also
possible to reduce GPS errors down to and below the meter-level if ground-based

augmentations are present to help correct for SA and other errors that are correlated over

a wide region.
1.6 A Survey of the Relevant Literature

Because this thesis draws on so many different areas, it is very difficult to
completely account for all of the key references in each one. Instead, I have listed a few
references in each specialty that I have used as starting points in my research. These and
the references that they contain may also serve as the starting point for a more in-depth
study of a specific topic. The bibliography included at the end of this thesis breaks up all

references into these categories as well.

1.6.1 Decision-Making Under Uncertainty

The key starting points in this relatively new field are the work of Professors
Howard and Matheson in [1-2]. The course notes for the Stanford class on decision
theory, EES 231, are also useful [1-3]). Prof. M.E. Pate-Comell, an expert in the

application of decision theory to probabilistic risk analysis, has applied it to the aerospace
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field by studying the risk to the Space Shuttle from debonding of the thermal protection
tiles [1-7]. She has also contributed greatly to the top-level study of safety-critical
warning systems and the tradeoff issues that they pose [1-5,6]. Finally, the most
authoritative exposition of modeling user preferences into mathematical objective
functions is [1-4]. An important discussion of the acceptability of assigning numerical

values to human life for the purposes of risk cost/benefit evaluation is in [1-1].

1.6.2 Spacecraft Reliability Modeling

MIL-HDBK-217F [4-12] details the traditional methodology used by almost all
spacecraft developers in making their reliability predictions, as well as serving as a source
of exponential failure rates. NPRD-95 [4-8] provides failure-rate data for non-electrical
assemblies. MIL-STD-1629A [4-7] is the corresponding government document laying out
the format of Failure Modes and Effects Analysis studies. Textbooks by Dhillon [3-5],
Billinton and Allan [3-2], and Leemis [3-10] are three of the many books that give a good
survey of system reliability, including traditional redundancy optimization.

The work of Herbert and Myron Hecht on fitting new probability distributions to
spacecraft reliability data [4-3] is a critical foundation of the sampling-based models
developed in this thesis. Also, studies published by TRW in the 1970’s and early 1980’s
have influenced the approach taken here, especially the “weak sister” concept [4-1,13,14].
RAND has studied the effect of post-failure improvised "work-arounds” on mission
reliability of military spacecraft [4-6].

The use of Monte Carlo simulation to evaluate reliability models is now
commonplace. A detailed mathematical development is contained in [3-13]. Henley and
Kumamoto in [3-7] give a good application-oriented overview and reference some of their
more-detailed papers there. Law and Kelton, in [3-9], provide comprehensive coverage of
simulation, including sampling from a variety of probability distributions, statistical
inference on simulation results, and techniques for variance reduction. William Press,
et.al., in [3-12], give a series of helpful C functions for this purpose. In fact, all of the C

simulations performed in this thesis use the numerical routines given here.
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1.6.3 Global Optimization

Theoretical aspects of Simulated Annealing (SA) are well-covered in [2-15],
including the foundations of the proof that the algorithm will converge to the global
optimum given infinite time. Practical aspects of the implementation used here, including
the variation operators from one solution to the next and the resulting evaluation
covariance, are contained in [2-10,16]). Chapter 10 of Press, et.al. [3-12] also has useful
information on this topic, along with sample codes for the Traveling Salesman Problem.

The literature on Genetic Algorithms (GA) has expanded greatly in the past few
years. Two key texts written by Goldberg [2-5] and Davis [2-2] explain the basic
philosophy and search operators well and show how they can be applied to a variety of
real-world problems. In particular, Davis discusses the use of integer and real-number
solution encodings. Techniques for choosing optimal parameters for GA operators are
discussed in [2-7]. Several papers have applied genetic algorithms to the design of control
systems, see [2-10,12]. The latter shows how a genetic algorithm can use a flexible
encoding to handle solutions of widely varying complexity. Finally, the handling of
statistical noise as a result of simulation-based evaluation is discussed in [2-1,8]. In [2-1],
Aizawa and Wah show how the expected amount of uncertainty in fitness evaluations
affects the optimal GA control parameter choices and how these can be adapted during the
GA evolution.

In the aerospace field, Prof. Ilan Kroo and his students at Stanford are one of
several groups working on integrating top-level global optimization with subsystem-
specific optimization codes that incorporate gradient search and domain-specific
knowledge. The gradient-based approach to this task, which passes partial-derivative
information back and forth between the overall optimization and the subsystem searches,
is described in [2-18]. Peter Gage, in his Ph.D. thesis at Stanford [2-3], developed a
system-level GA for aircraft design optimization that has a variable-complexity encoding --
it incorporates solutions with varying vector lengths to allow certain members of the

population to include design items that others completely lack.
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1.6.4 Spacecraft Optimization under Uncertainty

This thesis represents, to the author’s knowledge, the first extensive study of
spacecraft optimization based on reliability models. Reliability-based optimization has
typically focused on maximizing a deterministic reliability measure under maximum
cost/size constraints or minimizing cost/size under a minimum acceptable reliability
constraint. Algorithms to solve this problem using NLP and/or dynamic programming are
discussed in [2-8,3-2]. The use of design heuristics to aid optimal redundancy allocation is

discussed in [2-11]. Recently, SA and GA'’s have been applied to optimal redundancy or
reliability design; see [2-13).

1.6.5 Control System Optimization under Uncertainty

Although not specifically covered in this thesis, the application of design-under-
uncertainty techniques can be extended to control system optimization. Control system
design for robustness is a very active research field. In the time domain, students of Prof.
Bryson at Stanford have developed SANDY for multiple-model (with probability
weighting) controller gain optimization [9-11] and, more recently, methods to optimize
these parameters to handle the worst-case deviation of the parameter uncertainty vector
[9-13]. These approaches rely on linear system theory and assumptions to evaluate the
possible system models, and they also have to bound the extent of possible parameter
variation so that a guaranteed-stable design is possible (this is also necessary for H..-based
robustness-design methods).

As is the case for spacecraft optimization, the use of simulation to evaluate control
systems removes the need to adhere to these limiting models. Simulation-based
evaluations can handle nonlinearities and cases where stability is not guaranteed with ease,
and a higher-level evaluation function could model the performance/risk/cost tradeoffs
involved. Prof. Stengel and his students at Princeton University have recently published
their approach to simulation-based control system evaluation, known as “stochastic
robustness,” in which simulation outputs such as probability of instability and probability
of meeting time-domain performance specifications are used as bottom-line robustness

metrics [9-14,16). Stengel and Marrison [9-12] have also applied GA’s to do top-level
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optimization for well-known “benchmark” problems. This is an extremely significant area
for further research, as it has the potential to revolutionize robust controller design by

linking it directly to real-world applications and objectives (as discussed in Section 1.3).

1.6.6 Global Positioning System: Introduction and RAIM Concepts

The body of literature regarding the intricacies and applications of satellite-based
navigation is growing rapidly. A comprehensive resource on the Global Positioning
System has recently been published [6-14]. The signal processing, delay-lock loop, and
correlator equations used to compute standard GPS positioning are given in [6-17]). An
analysis and explanation of the baseline GPS satellite constellation is given in {6-6].

The traditional assumptions and equations for traditional Receiver Autonomous
Integrity Monitoring (RAIM) are given by [7-8,10]. Sturza and Brown in [7-11] used
these models to derive practical means of setting residual statistic thresholds for snapshot
integrity checks as well as geometry criteria thresholds for availability determination.
Pervan [7-9] has demonstrated that for a very accurate system known as IBLS, RAIM
provides excellent capability to screen out a wide range of system failures if the traditional
RAIM assumptions are made. Walter [7-13] has introduced measurement weighting
matrices into the residuals decision statistic for the Wide Area Augmentation System
(WAAS) application.

In addition to single-epoch RAIM, general research into time-based filters to
perform Fault Detection and Isolation (FDI) is an extensive research field in and of itself.
Willsky [7-14] and Frank [7-5] give detailed surveys of this field and of the various
Kalman-type filters developed for this purpose. An attempt to derive a similar approach
for GPS integrity monitoring is described in [7-2]. Bancroft and Chen {7-1] have worked
out Bayesian-update equations from the traditional RAIM equations that provide the
framework optimal fault detection using a “loss function.” Finally, Specht [3-14]
discusses the use of probabilistic neural networks as classifiers which in effect update a
Bayesian network with current data, resulting in time-updated posterior fault probabilities

from which to make isolation decisions.
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1.6.7  Global Positioning System: Probability Models and User Value Functions

Although “official” GPS Space Segment failure modes and probabilities are not
available from the Department of Defense (DoD), several papers have published estimates
based on previous satellites with navigation-related missions and the limited amount of
available GPS orbital experience. Durand and Caseau [6-4] developed ten sets of “long-
term” and *‘short-term” mean failure and repair times which are intended to encompass the
range of failure parameter uncertainty. The resulting Markov models were used to
evaluate satellite availability throughout the GPS constellation. Phlong and Elrod [6-15]
further develop this Markov process approach using the Durand/ Caseau “most probable”
set data, and they show the results of updated simulations which include geostationary
satellite augmentations.

Statistical studies of observed GPS performance to date are contained in [7-4] and
[6-3]. The latter is based on results of the FAA Performance Analysis Network (PAN)
which has begun monitoring Standard Positioning Service (SPS) performance from three
sites in CONUS. Another important study on these lines is the IBM/DoD GPS Integrity
Study [7-3] which was summarized by Gower [7-6]. This study focuses on integrity of
the Precise Positioning Service (PPS) for military users and studies the effects of proposed
improvements to the DoD Operational Control System (OCS) architecture on PPS user
integrity. Because it includes a fairly comprehensive Failure Modes and Effects Analysis
(FMEA), albeit in a non-standard format, it is a useful resource for civilian GPS user
system failure models as well.

One of the motivations for the RAIM user value model developed in this thesis is
the Required Navigation Performance (RNP) tunnel requirements development
methodology, described in [6-10). In this effort, the probabilities of allowed penetration
of specified navigation boundaries are motivated by a top-level risk analysis that allocates
a small part of the overall aircraft fatal-accident risk to the navigation system. This
analysis provides a basis for trading off continuity and integrity risk in the optimal-RAIM
approach developed in Section 4.0 of this thesis. The RNP framework is controversial
because of its focus on Total System Error (TSE) instead of simply specifying allowed
Navigation System Error (NSE), but its key contribution is the setting of navigation
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system requirements within an overall risk/performance context. It provides an alternative
to the requirements for precision approach and landing developed for the Instrument
Landing System (ILS) in ICAO Annex 10 [6-9]. Recently, the FAA Satellite Program
Office has developed an Operational Requirements Document (ORD) [6-11] for GPS-
based approach and landing systems that borrows from both the RNP and ICAO Annex

10. These requirements are still in a state of flux, however, especially for Category III.

1.6.8 Global Positioning System: Wide Area Augmentation System (WAAS)

Many of the ideas behind Wide Area DGPS (WADGPS) were developed in Dr.
Changdon Kee’s Ph.D. thesis [8-9]. More recently, Enge and Van Dierendonck [8-7]
describe the layout of a practical WAAS network in detail, focusing on the design of the
250-bps digital signal to be transmitted via geosynchronous satellite to users. FAA plans
for the establishment of an operational WAAS to allow Category I precision approaches
are detailed in [8-11]. Performance requirements for the use of WAAS for Category I are
given in both the RTCA Minimum Operational Performance Standards (MOPS) for user
equipment [8-13] and the FAA WAAS Specification [8-16].

Much of the development of real-time algorithms for the computation of WAAS
corrections at the Wide-Area Master Station (WMS) has taken place at Stanford. Tsai [8-
12] explains the use of prior information in the batch least-squares solution for
clock/ephemeris corrections, and Chao [8-3] details the method for computing ionospheric
corrections in the MITRE grid format, which is itself described in [8-6]). Chao [8-2] also
has developed algorithms for calibrating the slowly changing spacecraft and receiver
interfrequency biases as part of the computation of WMS ionospheric corrections.

Dr. Jack Klobuchar at Phillips Research Laboratories is the acknowledged expert
on the effects of ionospheric delay on GPS ranging performance. Information of
ionospheric spatial decorrelation based on comparisons between fixed dual-frequency
receivers stationed hundreds of kilometers apart is given in [8-10). This data, along with
similar results published by MITRE {8-6], forms the basis for the ionospheric error models
constructed in Sections 5.0 ar:d 6.0 of this thesis. Other attempts to build models of this

type for WAAS user coverage prediction (as described in Section 6.0) have been reported
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by Dr. Walter Poor of MITRE [8-15] and Dr. Tysen Mueller of Teal Consulting [8-14].
Recent ionospheric observations processed using the grid algorithm in real time are given

in [8-4], which estimates the obtainable grid ionosphere accuracy from the results.
1.7  Contributions of this Research

The primary top-level contribution of this thesis research is the application of the
general decision-analysis framework to aerospace system design problems. At a
fundamental level, this research illustrates how traditional approaches to the design of
spacecraft are sub-optimal and how decision analysis has the potential to reshape them.
For application to spacecraft and other acrospace systems, this thesis develops more
flexible probability models that better capture uncertainty due to both inherent randomness
and limited designer knowledge for a system under development. Monte Carlo simulation
is applied to evaluate resulting the resulting performance uncertainty, and flexible
optimization techniques that can tolerate evaluation uncertainty are applied to search for
optimal design parameters.

None of these methodologies are fundamentally new; references to key sources for
all of these categories are included in the preceding section. What is new is their
combined adaptation to specific aerospace design problems along with comparisons of the
results to those obtainable by more traditional deterministic methods. Because of the
presumption of uncertain behavior, it is impossible to prove that probabilistic solutions are
superior, but the results of this thesis strongly suggest that they are better tailored to real
problems and user value models. The five most significant contributions of a specific

nature are listed below:

1. Uncertainty-Based Engineering Reliability Models: Exponential failure rates are

converted to Weibull distributions whose scale (life) parameters are assigned
probability distributions based on the weight of evidence used to generate the
original failure rates. A new FMECA-based reliability uncertainty prediction
model is also presented and applied to Gravity Probe-B Unlike traditional
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reliability approaches, these algorithms are suitable for use in a decision-theoretic

framework to make optimal design choices.

. Simulation-Based Optimization using Global Search Methods: For most real-

world design problems in which the best possible probability model is derived, no
algorithm exists that is guaranteed to find a globally optimal solution in finite time.
This research develops and demonstrates the use of new approaches such as
Simulated Annealing and Genetic Algorithms for this purpose. These algorithms
require many iterations and can be time-consuming, but they can handle very
unstructured problems in which Monte Carlo simulation is required to give a
evaluation of the mission value function.

. GP-B Spacecraft System Design under Uncertainty: Revised reliability models are

combined with simulation-based optimization to demonstrate the application of
decision theory to spacecraft design optimization for the first time. The result
contains surprises (single-point failure modes) which conflict with traditional
design philosophy. A revised solution in which component redundancy is required
is derived, but some of the value-function benefit of the first solution is sacrificed.

. GPS RAIM Optimization using Prior Uncertainty Models: This thesis

demonstrates in several contexts that a fully general model for user navigation
uncertainty can lead to better accuracy and integrity algorithms than those given by
traditional “Gaussian i.i.d.” error models. The decision-theoretic method used is
flexible enough to be applied to any GPS navigation application, regardless of the
prior state of knowledge about specific GPS system failures.

WAAS Performance Prediction and WRS Optimization Approaches: The use of

linear covariance propagation under normal performance conditions is derived in
this thesis to predict accuracy and availability for a widespread set of WAAS users.
This *“coverage prediction” code is very useful in examining the effects on user
performance of changing the proposed WRS layout or geostationary satellite
augmentation. The predictions generated for a grid of WAAS users can be used
as the basis for rare-event simulations that determine optimal integrity

performance. Combined with a cost/benefit model, these results can be used by a
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genetic algorithm to search for the optimal set of network augmentations, making

end-to-end WAAS network design possible for the first time.

The applications of decision theory to aerospace design problems undertaken here
for the first time illustrate that the philosophy of decision making under uncertainty has
much to offer the field of engineering design. Methods that provide deterministic answers
under limiting assumptions will always have a key role in the initial stages of design (as
well as in education). However, the tools now exist to go beyond this paradigm where
necessary and produce solutions that are robust to an unrestricted picture of system
uncertainty and user preferences. Technology is rapidly coming along to support this
vision (see Chapter 8), but the fundamental question is the applicability of unrestricted
uncertainty models to problems that once had cut-and-dried solutions. Although this
thesis clearly demonstrates the feasibility of uncertainty approaches and illustrates its
important advantages, it is only a first step in motivating the gradual acceptance of

decision theory for the solution of real-world engineering problems.
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Chapter 2: Decision Analysis Tutorial -- A Canonical
Aircraft Control Problem

As far as the laws of mathematics refer to reality, they are not certain, and as far as

they are certain, they do not refer to reality.
- Albert Einstein (1879-1955)

The decision-theoretic approaches discussed in Chapter 1 can complement more
traditional design methods for problems with arbitrary performance uncertainty, but their
underlying philosophy is in conflict with the assumptions of deterministic procedures. It is
thus very difficult to directly compare the results of a deterministic procedure (under its
normal assumptions) with those of a decision-analysis approach with arbitrary (and
flexible) uncertainty and value models. For example, in Chapter 4, a new method for
computing thresholds for GPS integrity warning algorithms (based on new failure
probability models and airborne user cost functions) is developed and contrasted to the
traditional method, which relies on a chi-square distribution to compute the results. This
new approach will always do better once one applies the best available uncertainty and
value models, but it cannot be proven to be superior in terms of the performance measures
of the traditional method. Integration of deterministic and decision-theoretic approaches

for a single application is therefore non-trivial.

This chapter uses a fairly simple problem in aircraft control theory to illustrate the
differences between the two approaches and how they can be used cooperatively. It also
serves as a translation of the theory described in Chapter 1 to the engineering design
domain. The chosen problem starts as a textbook example of linear-quadratic controller
design for a passenger aircraft conducting a Category I precision approach using the
Global Positioning System (GPS - see Section 1.5) augmented by the Wide Area
Augmentation System (WAAS), which is the subject of Chapters 5-7. It is then expanded
to encompass a simplified mode! of both WAAS and wind disturbance uncertainty along
with a model of the accident risk inherent in wandering too far off the reference approach
path. Simulation-based optimization is used to refine the initial LQG controller/estimator

design in the presence of this uncertainty. The ability of the simulation approach to
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converge on the correct LQG answer (under traditional assumptions - no failures or
accident risk) is then demonstrated. Finally, the sensitivity of the optimal design to
changes in the parameters of the uncertainty model is examined to demonstrate the
connection between deterministic sensitivity analysis and the all-encompassing approach to

uncertainty modeling required by a decision-theoretic approach.

2.1  Linear-Quadratic Control Theory and Limitations

2.1.1 State-Space Dynamic Models

Given a deterministic linear model of plant dynamics for a system to be controlled
by state feedback, linear-quadratic regulator (LQR) theory allows the designer to choose
feedback gains that minimize state deviations from zero (or a desired trajectory). A brief
summary will be given here; complete details can be found in [9-4,8]. The control
problem examined here is first defined by the continuous time-domain linear plant

equations expressed in state-space form:

(1) = Ax(t)+Bu(r) + B, w(t) @
y(t) = Cx(1) + Du(t) + v(r) '

where x(1) is an n X 1 vector of plant states, y(t) is the system output vector, which is

some linear combination of these states, w(?) is a vector of disturbances, and (1) is a

vector of measurement errors. The corresponding discrete set of equations is:

x(k+1) = Ay x(k) + By u(k)+ wy(k) 22)
y(k) = Cx(k)+Du(k) + v(k) '

where a zero-order hold has been applied. In this Gauss-Markov process model, the

states at discrete step k+1 are only dependent on the states at step k. The equations

(involving a matrix exponential) for transforming from continuous to discrete models
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depend on the sampling time T, and (along with MATLAB code) are detailed in [9-2,3,7].
The discrete format is preferred here because actual controllers in aircraft, as well as
computer simulations of control response, are based on the discrete models.

State feedback control allows the designer to choose control inputs based on the

states at the last time step in order to improve controller response [9-7]:

u(k) = —Kx(k)

2.3)

x(k+1) = (Ay-By K) x(k) + wy (k)

where K is the feedback gain matrix. If all unstable modes in (2.1) are controllable by
state feedback (see [9-8]), K can be chosen to give stable steady-state response for the
deterministic case (w(k) = 0). In the absence of random disturbances w(k) (and with all
other matrix entries in (2.3) known with certainty), the closed-loop response of (2.3) is
guaranteed to be stable if the closed-loop eigenvalues A; satisfy A,(A - BK) <0, i.e., if all

roots s of the characteristic closed-loop equation [9-7]:

det(sI-A+BK) = 0 (2.4)

have their real parts in the left half of the s-plane (i.e., Re(s) < O for all s satisfying (2.4)).

In the discrete domain, the analogous equation is [9-8]:
det(zI-A;+B,K) = 0 (2.5)

and stability is guaranteed if all roots z of (2.5) are within a unit circle in the complex z-
plane, i.e., Re(z)’ + Im(z)* < 1.

State feedback requires measurements of each of the state variables to be fed back
in the form of control inputs. If ali states are not directly measured, an estimator loop can
be designed to feed back approximations of these variables in real-time. The estimator

equations have the form (in discrete space) [9-8):
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Z(k+1) = A x(k)+Byu(k)+Lz(k) - C,2(k)] (2.6)

where X is the estimate of the true state vector x at a given step, z is the vector of raw
measurements from the available sensors, and L is the estimator feedback gain matrix.
Note that the distribution of states to measurements is defined by the matrix C;, which
differentiates the measurements z from the system outputs y (governed by C). Defining

the estimation error as:
X(k) = x(k)-x(k)

and differencing (2.3) from (2.6) gives a relation which propagates the estimation error

forward in time as a function of the plant model and estimator gains {9-8]:
Z(k+1) = [Ay-LC]7(k) 2.7

This estimate has the same format as the controller model; thus similar conditions for
stability apply. Note that the estimator uses the knowledge of plant behavior presumed in
the controller model (2.3) to filter the raw measurements z(k). It may thus be used even
when all states can be measured as a means of "smoothing" noisy raw inputs. However, it
is dependent on the quality of the underlying physical model and is sensitive to uncertainty
in the plant parameters contained in the system matrices A4 and B,.

The controller in (2.3) is implemented by feeding back the estimated state (k)
rather than the true state x(k). According to the separation principle derived in [9-8], the
characteristic equation of the combined controller-estimator is simply the product of the
controller and estimator model determinants. As a result, the closed-loop poles of the
combined system are the same as if the controller and estimator were designed separately
and merged as the final step. This greatly eases the task of designing controllers with
estimator loops so long as the plant parameters are known precisely or are estimated in
real time by an adaptive controller (the former is usually assumed to the case, but

substantial uncertainty often exists and should be accounted for).
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2.1.2  Linear Quadratic Gaussian (LQG) Controller Formulation

Given that a system is stabilizable by (A4,Bs) and detectable by (A4,C,), the
controller and estimator gains K and L can be chosen to give desirable closed-loop
performance in several ways [9-10]. Pole placement allows the designer to select
desirable closed-loop poles (which dictate system response) and find the gain matrices that
produce the desired pole locations [9-7]. A more general approach is optimal control,
which produces system responses that are optimal according to a pre-defined objective
function. Discrete time-invariant linear-quadratic design, which can be applied to both
controller (regulator - LQR) and estimator (LQE) problems, chooses K to minimize a cost

function of the form [9-8]:
l oo
Jigr = EkZO[xT(k)Qx(k)+uT(k)Ru(k)] (2.8)

where the process is evaluated at steady-state (k => ). Q and R are constant weighting
matrices that express the relative costs of both off-nominal state responses (Q) and use of
controller authority (R). For example, if the baseline Q for a four-state system is the 4 x 4
identity matrix (Ls), more weight could be placed on limiting the excursions of state #1 by
increasing the first diagonal entry of Q. The solution for K is based on the steady-state
solution to the algebraic Riccati equation [9-4] and can be easily evaluated by computer
applications such as MATLAB.

Optimal estimator (LQE) design is performed separately to select L to minimize

the mean-square error state X(k) [9-3]:
I &1~ 1~ ATy -
Jioe = EZ[XT(")W YE(k)+(z-CH)'V I(Z-CX)] (2.9)
k=0
where W and V are the covariances of the random disturbances w (wind) and v (sensor
error) from (2.2), which are assumed to be white Gaussian noise processes. Note that the

solution that minimizes mean-square state estimator error weights the input data based on

the best available probabilistic measure (white Gaussian covariance matrices).
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2.1.3 Robust Control Techniques

In general, robust design techniques attempt to choose controller designs - in this
case the feedback gain matrices K and L - such that the outputs are not highly sensitive to
variations in the model form, plant parameter, and/or disturbance parameter values.
Several methods have been developed to do this. For the linear time-domain models of
Section 2.1.1, the SANDY multiple-model algorithm extends the LQR solution method to
a set of plant models (A;,B:), where each model is assigned a probability weight w; of
being the “true” model [9-11]. A more recent variant of this approach chooses the
controller that gives the best performance for the worst-case (normalized) variation from
the nominal model [9-13]. H.. control methods have been developed which essentially
parameterize plant uncertainty in the frequency domain and select controllers that suppress
the response to these variations [9-6]. These methods provide considerable theoretical
insight into the effects of system uncertainty because they model it using traditional
control design tools (linear models, Gaussian noise, transfer-function or state-space
descriptions, etc.). They thus share the assumptions and limitations of the theories on
which they are based.

In addition to these limitations, practical use of robust design tools is often limited
by the assumption that system uncertainty is arbitrarily bounded such that, under
controllability and other restrictions, systems can be designed which guarantee stable,
satisfactory performance for all possible outcomes. For robustness to relatively small
variations about a well-known nominal model, this should suffice, but in a more general
sense, robust controller design should acknowledge that in some cases, a guaranteed
bound on variations is unrealistic. Assuming bounded uncertainty works fine for many
problems as long as sensitivities to parameter errors are carefully studied. However, in
practice, there will often be a non-zero (and non-trivial) probability of unacceptable results
because it is impossible to protect against everything that can go wrong.

Many bounded uncertainty models focus on parameter variations due to
imperfectly identified, simplified, and/or linearized system models, neglecting to some
degree the prospect of rare but disabling system failures that can radically alter

performance. Decision theory demonstrates in very general terms that solving a problem
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(and making a decision) based on an uncertainty model that ignores these possibilities will
produce a sub-optimal design. Once it is acceptable to use models with non-zero failure
probabilities, the issue becomes finding the design that provides the optimal trade-off
between nominal (or near-nominal) performance and risk of failure (defined as not meeting
the original system requirements). This task is the focus of the design optimization
projects carried out in this thesis.

The potential gap between theoretical robust control and actual uncertain behavior
has motivated research on using more flexible tools to evaluate this performance-risk
tradeoff. Monte Carlo simulation of controller behavior under uncertainty was used in [9-
16] to evaluate a probabilistic LQG objective function. Genetic algorithms (discussed in
Section 3.3.2) were used in [9-12] to search for optimal gains, demonstrating that
simulation-based optimization under unbounded uncertainty is feasible. This research
coined the term "stochastic robustness” and applied it to aircraft control systems, the
subject of this chapter, in {9-14]. Because simulation can evaluate any performance
measure and any set of model equations, controllers can be optimized with respect to top-
level system requirements rather than the more limiting linear-quadratic formulations of
Section 2.1.2.

Using probabilistic simulation and evolutionary search techniques, it is thus
possible to apply the principles of decision theory to controller optimization under
uncertainty. Preference models can be designed based on the principles of Section 1.2.2.
and Appendix A, which weigh all possible outcomes (including various levels of system
failure) against the value of successful performance. Monte Carlo simulation of controller
performance under an unbounded navigation and wind failure model allows this value
model to be evaluated for each trial solution produced by an evolutionary search
algorithm. In addition to showing the result achieved for a linear autopilot problem, this
chapter aims to demonstrate the application of decision theory to a fairly simple problem
and to identify the value of applying such an approach in addition to (or instead of)
traditional robustness techniques for problems where bounded uncertainty is an unrealistic

assumption.
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2.2  Aircraft Dynamic Model and LQG Controller

2.2.1 Longitudinal 747 Aircraft Dynamic Model

A dynamic model for the longitudinal motion of a Boeing 747 near sea level in a
low-airspeed (V = 221 ft/s) configuration on final approach is given in [9-4] based on a
linearization about steady level flight. The six states in this model are expressed as
perturbations about the nominal condition: x = [airspeed (u,), vertical velocity (w,), pitch
rate (q), pitch angle (0), glidepath deviation (d), throttle (8,)]. Two longitudinal control
inputs are available: u = [elevator (0.), throttle command (8,c)]. Note that the throttle
includes a first-order model of 4-second time delay between command 6,. and response 6.
This details of this model (including values for the continuous and discrete plant parameter
matrices and nominal covariance matrices) are contained in Appendix B (pp. 276-278).

In the LQG problem, u(¢) is a random input vector expressing wind disturbances in
both horizontal and vertical axes, and v(f) is a vector of random errors in the three sensor
inputs: airspeed, pitch angle, and vertical glideslope deviation. An inertial measurement
unit (IMU) provides the first two measurements, while WAAS provides a measure of
absolute vertical position that is compared to the ideal 3° glideslope. Disturbance and
measurement covariance models are also given in Appendix B, along with the diagonal

matrix X, of initial state covariances.

2.2.2 LQG Optimal Controller for Aircraft Precision Approach
As outlined in Section 2.1.2, discrete LQR design minimizes the following index

chosen for the precision approach problem:

[ +104% +1087 + 10(52 + 033352 ) (2.10)

JLQR

=] M_Z

L
Nl
where in this case, the multiplier (1/2) from (2.8) has been replaced by (1/N,) - the result
does not change. Note that Jiqr is dependent on both aerodynamic control inputs, the

lagged throttle state &, as well as the airspeed and glideslope deviation states (these three
are output states; thus the output matrix C = diag(1, 0, 0, 0, 1, 1]). The implied state and
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control weighting matrices are Q = diag[1, 0, 0, 0, 10, 10] and R = diag [10, 10/3]. The
glideslope deviation (d) has the highest weight because it is the most critical parameter in
the RNP tunnel evaluation of system performance, but the weights also limit controller
authority and place some importance on "smooth" aircraft motion down the ideal
glideslope. Note that the weight on glideslope deviation was increased from 1 (as used in
[9-2]) to 10 in order to minimize terminal glideslope deviations, which translate into
accident risk according to the value model developed in Section 2.4. Optimal LQR
controllers for higher weights on d were also examined by simulation with the ideal noise
model, but these did not provide substantially better glideslope deviation suppression.

This example illustrates a key difficulty of LQR design for real-world problems:
the weights Q and R are not directly translatable into top-level performance preferences;
thus "trial and error” is often applied to search for the weights that give the "best-looking"
performance. Guidelines for setting weights (or solving for them in an "inverse" fashion)
exist [9-2], but this disconnect raises a key question: an LQR solution can be proved to be
optimal, but what is it optimal for? This issue is particularly important for "risk-sensitive"
LQG methods that attempt to find robust optimal controllers by minimizing a risk-averse
variation of the LQR/LQE performance indices. This risk-sensitive index is an exponential
of the basic LQ functions (2.8-9) that follows the "delta neutral” property discussed in
Section 4.2.6 [9-17]. Risk-sensitive LQG controllers should be more robust than standard
ones, but the key problem is that the basic LQ objective function is not a direct measure of
top-level user preferences. This makes it difficult to model risk aversion according to the
decision-analysis axioms of Appendix A.

Time-invariant LQR design carries a further restriction: it assumes that the system
is optimized based on steady-state performance as time (or the number of steps) goes to
infinity. The LQR cost (2.8) can then be computed directly based on known properties of
the steady-state response [9-9]. However, in this case, we are only interested in glideslope
tracking from 1500 to 200 ft altitude, which is lightly damped and highly oscillatory.
Thus, the steady-state LQR cost is not exactly the quantity of interest. Section B.2 of
Appendix B details a method for numerically computing the LQR cost at each step by

propagating state and state-error covariance matrices forward in time (for pre-defined
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controller and estimator gains). As explained in Section 2.4, Monte Carlo simulation is
required once non-ideal failures are introduced, and it can be used in the ideal case as well
at the cost of incurring statistical uncertainty. This is demonstrated and discussed further
in Section 2.5.

Based on the separation principle of Section 2.1.1, the associated Kalman
estimator is based on the weights defined by the uncertainty covariances W, and V.
Unlike the LQR case, the linear-quadratic estimation solution has a fundamental basis: if
W. and V truly represent the best possible model of uncertainty, the Kalman estimator
solution to (2.9) gives the minimum error variance (or maximum likelihood) estimator in
a staiistical sense [9-3,4, 3-3). However, in many cases, the white Gaussian model of
uncertainty is known to be flawed, implying (in decision-theoretic terms) that the resulting
estimator is sub-optimal. One approach in this case is simply to increase the Gaussian
variances to obtain a “"conservative" design. Time correlation in a given error channel can
be added to the plant model for cases where the randomness is not truly white, and
correlation between different errors can be modeled by non-zero off-diagonal terms in the
covariance matrices. But if the basic Gaussian error model is incorrect (or incomplete) or
if there is substantial uncertainty in the covariance entries and correlation coefficients, the
LQG estimator is not optimal in the most general sense.

For the 747 longitudinal approach problem and performance indices given here,

the LQG-optimal controller and estimator gains are as follows:

_ | -3448 9842 19095 -3.8728 -4649 -1.0952
T L6558 -7426 15684 28563 3634 2.4937

0312 -.0211 .0010 -.0063 —-0106 0" (2.11)
L = |-0106 -0462 0010 0148 3601 0
-0002 0014 0 0008 .0009 O

This optimal solution has an expected cost for the ideal case of J, or = 3400 (the overbar
that denotes "expected value" is deleted for clarity from this point on) and RMS glideslope
deviation = 18.1 ft at the terminal altitude (200 ft). This result will be compared to what is

obtained once a non-ideal uncertainty model is applied in Section 2.5.1.
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2.3  Performance Uncertainty Model

2.3.1 LQG Controller Sensitivity Analysis

The disturbance and noise models assumed for the LQG controller derived in the
last section hold reasonably well for normal conditions (which are assumed to exist at least
95% of the time for well-designed systems). For many systems whose rare-event
performance is well documented and understood, Gaussian error models adequately
represent all foreseeable performance uncertainty. However, for this problem, insufficient
knowledge exists to fully characterize WAAS as a navigation sensor in this simple way.
Because WAAS has not yet been fully implemented over CONUS and has not yet
experienced ionospheric errors at the peak of the 11-year solar cycle, there is reason to
believe that WAAS performance in rare cases is worse than that predicted by a simple
Gaussian distribution. Data in [8-10] supports this suspicion (see the detailed discussion
in Section 5.2.3). Furthermore, wind gusts in rare cases are likely to be worse than
indicated by the white-noise Gaussian model in W, even though this model may fit well
within 2 or 36 of the mean.

Faced with this uncertainty, one can examine the sensitivity of the LQG controller
to changes in the variances in the matrices W. and V. Table 2.1 shows to what degree the
performance index (2.8) and root-mean-square (RMS) terminal glideslope deviation
degrade when each of the diagonal entries in these noise covariances is (separately)
multiplied by four (i.e., the standard deviation is doubled), assuming that the optimal LQG

solution (2.11) is unchanged. The results show that increased noise variance has little

Noise Parameter Increased o Increase in Jugr | Inc. in d(200 ft)
airspeed 4 (fusec) 2.1% 6.1 %
pitch angle 4 (crad) 42 % 7.8 %
WAAS glideslope dev. 16 (ft) 1.9% 6.2 %
wind gusts (hor./vert.) 1.9 (ft/sec) 2829 % 120.2 %

Table 2.1: LQG Sensitivity Analysis Results
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effect on the final result, but increased wind disturbance variance has a major effect on
both steady-state (Jiqr) and terminal (d(200 ft)) performance. Wind model uncertainty
thus dominates the problem and is a key issue for autopilot design, as indicated by Boeing
in informal discussions (also see [9-15]).

If we could ensure that the underlying model is white and Gaussian and can be
bounded by the increased variances evaluated here, we could conclude that the optimal
solution is robust to any conceivable variation in a single sensor noise parameter, since the
results for increased sensor noise in Table 2.1 are acceptable. The robust control
approaches mentioned in Section 2.1 can expand on this by changing the ideal LQG
solution and finding a revised solution that is robust to the entire (bounded) range of noise
(or plant) parameter variances [9-2,6]. In this case, however, when the LQG estimator is

redesigned with the altered wind model of row 4 of Table 2.1 to give:

0860 —.0750 .0008 -0025 -0096 0]
Luos-cue = |—-0096 —1388 .0016 .0091 4912 0 (2.12)
-0016 0053 0  .0028 .0006 O

Jugr is still increased by about 140%, while the RMS terminal glideslope deviation
increases by 62% (to 29.4 ft). These results are better than those for the unmodified
estimator in Table 2.1, but they are still difficult to tolerate. Design effort would then turn
on finding a tighter upper bound on wind variance so that acceptable performance could
be guaranteed within a tighter envelope (this is what is done in autopilot certification
simulations [9-15]).

In the decision analysis framework, sensitivity studies of this type help identify the
value of (additional) information (introduced in Section 1.2.1) on the uncertainty of the
parameters in the disturbance/noise model. It is clear from Table 2.1 that information that
would allow the wind uncertainty to be reduced has high value in terms of the objective
function Jigr. New information that increases the wind uncertainty would also be very
valuable, but in a negative fashion, as it would illustrate the limitations of even the optimal

feedback control law in such an environment. However, the value of information cannot



be evaluated properly unless the decision-maker begins with a valid uncertainty model.
Since the ideal model (W,V) for the LQG controller artificially constrains the uncertainty
space, one cannot extrapolate the "true" value of information directly from it. Sensitivity
analysis can thus help isolate the key effects of uncertainty on nominal performance, but it
is difficult to examine the full space of uncertainty from an idealized noise model or deal

with cases where uncertainties cannot be satisfactorily bounded.

2.3.2  Prior Probability Model for WAAS/Wind Uncertainty

Given the current state of information on WAAS and wind performance, there is
no reason to have high confidence that we can bound all of the uncertain variables to
support a guarantee of acceptable performance. In this situation, it is difficult to evaluate
LQG system response under uncertainty if we are limited to white Gaussian noise models
with fixed variances. Decision making under uncertainty suggests that we instead attempt
to model both the likelihood of abnormal noise and our uncertainty about the degree to
which the noise variance will increase. Table 2.2 shows a simplified uncertainty model
that affects WAAS noise and wind gusts under rare conditions. It is approximated from

the studies of Chapters 5-7 and includes:

1. Sudden GPS/Inmarsat satellite outages: The loss of a single satellite ranging
source should not force the aircraft to abort its approach, but it will increase the
resulting WAAS vertical position error by an amount that depends on the
difference between the original and reduced (or “subset”) Vertical Dilution of

Precision as defined in Section 4.1.2.

2. Ionosphere/Troposphere disturbances: As detailed in Sections 5.2 and 5.3,
atmospheric disturbances that are not well-modeled by the WAAS correction for a
given satellite may result in substantially increased ranging error. If the
disturbance is sufficiently localized, the WAAS network may not realize that its

broadcast corrections are erroneous.
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3. Missed WAAS correction messages: The most likely rare event to affect WAAS
users is missing one or two message updates which will be sent out every 6-10
seconds. Each message contains a “fast” update to allow the user to correct for
Selective Availability (SA - see Sections 1.5 and 5.2.2) if it is present. If messages
are missed, the SA error contribution will increase according to the following

equation (derived from (5.1)):

Cuusa = 05a(10+10n) (m) (2.13)

where n is the number of consecutive missed messages and a = SA acceleration =

0.004 m/s® = 0.013 ft/s>. If n > 2, the user must perform a missed approach.

4. User receiver/processing errors: Since user aircraft have multiple receivers, they
should be protected against local errors due to malfunctions in a single hardware
or software element. However, in rare cases, it may be possible for the same error

to manifest itself in all user channels, leading to significantly higher errors.

The effects of these WAAS performance uncertainties can be included in the
broader system uncertainty context by also modeling the wind gust variance as an
uncertain parameter. In operational autoland simulations, a wind gust model is assumed
beforehand and taken as gospel. Autopilot performance is tested in two cases: the normal
case (given by W) and a limit case where the wind variances are increased and degraded
performance is expected. As noted in Section 2.3.1, the results turn out to be very

sensitive to the wind model used [9-15]. For a decision-analysis approach, it is better not

Rare Event Probability Effect
GPS satellite outage 0.0001 N(1.5,.5) x error &
iono/troposphere disturbance 0.005 N(2.5,1) x error ¢
missed WAAS correction 0.009 + error function(n) (2.13)
user receiver/processing failure 0.001 N(@3.1) x error 6
high wind gusts 0.005 N(1.5,.5) x wind

Table 2.2: WAAS Failure Model Summary
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to artificially bound the possibilities in this way; thus Table 2.2 includes a random

multiplier for wind along with a probability of worse-than-normal wind behavior.

2.3.3 Simulation of Prior Probability Model

The total probability of the events in Table 2.2 (which are assumed to be mutually
exclusive for the purposes of this application) is 0.02. Normal conditions thus hold about
98% of the time and do not require sampling from the failure distributions. Normal-case
and failure-case performance are therefore simulated separately. When simulating failure
cases, one (and only one) rare event is assumed to occur just after the initial condition at
1500 ft altitude, avoiding the need to sample repeatedly over the course of the approach
(but also limiting the scope of possible failure effects). A uniform random variable u@,1)
is sampled at the beginning of each failure approach simulation and is divided by the total
failure probability (0.02) to determine which of the five failure classes in Table 2.2 is
present. A Gaussian sample is then taken to determine the error multiplier that is applied
to the standard deviation of the WAAS entry (row 3, col. 3) in V or to W. for increased
wind gusts.

Once revised error matrices are determined (and discretized as done in Appendix
B), the time-step simulation of a given approach is conducted in one-second steps. The
nominal descent from 1500 to 200 ft altitude takes 110 seconds; thus N, = 110 samples of
Gaussian distributions are generated for w(k) and for each of the three elements of v(k).
The discrete state-space equations (2.2) are then propagated forward from a Gaussian
initial condition sampled from the covariance X,. The state and control histories x(k) and
u(k) are then determined and used to evaluate the revised performance indexes described

in the next section.
2.4  Value Model and Optimal Controller Search
2.4.1 Accident Risk Cost Assessment

For this Category I study, it is assumed that precision guidance is relied upon until

the minimum ceiling of 200 ft is reached, although in many cases the pilot will reach a
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zone of adequate visibility above this altitude. The RNP tunnel concept (discussed in
more detail in Section 4.3) defines a 107 outer tunnel for Category I approaches of total
system error (TSE), which combines navigation sensor error (NSE - error in the
navigation signal relative to the ideal “true” glideslope) and flight technical error (FTE -
the error in the autopilot flying the glideslope deviation signal). This tunnel gradually
narrows to a vertical limit of 110 ft error at 200 ft (the horizontal dimension is much
wider and is much less of a concern for WAAS - see Section 5.2). Penetrating this surface
is assumed to result in a 1% chance of an accident [6-10).

Based on this limited information, a cost model which measures the risk of an
accident can be built under the premises of decision theory. This risk is measured based
on the deviation at the terminal point d(200 ft) only. Total system errors of less than +30
ft are assumed to carry a base risk of 5 x 10 per approach (other failure modes form the
lower limit of risk for small errors). Accident risk then increases faster than linearly until a
saturation point is reached. Negative errors (plane below glideslope) leave less room for
recovery and are assumed to be 3 times worse than positive ones of the same magnitude.
Accident risk for negative errors is evaluated for d(200 ft) based on the following cubic

function which is valid for 30 < -d < 120 ft (simply divide the result by 3 for d > 0):

d2

Logyo {Pr(acc)} = —937x10|a*|+2.23x1073

2.14
~7.40x107* |d| - 8.59 19

As explained above, for Id(200 ft)l < 30 ft, the base risk of S x 107'° is assessed, and errors
outside the range [-120,150] ft have a saturation risk of Pr(acc) = 0.25. This function is
plotted on semilog scale for both positive and negative glidepath deviations in Figure 2.1.
This function is plotted on semilog scale for both positive and negative glidepath
deviations in Figure 2.1. Note that the slightly non-smooth corners of this plot are due to

fitting the cubic function (2.14) onto the actual risk model for ease of computation -- they

do not cause problems during optimization.
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based on this model is optimal under the precepts of decision theory.

2.4.2 Combined Risk and LOR Cost Function

The final cost of a given controller balances accident risk with near-nominal LQG
performance. A linear scale is used for Pr(acc) < 10* in which a risk of 10® (which is
25% of the ORD requirement of 4 x 10® for Category I precision approach [6-11]) is
assigned to be equivalent to an LQR cost of 3000, which roughly represents optimal
nominal performance. Once again, an arbitrary cost parameter is applied based on the
user’s projected preference for risk reduction versus off-nominal performance. In this
case, a doubling of the risk to 2 x 10® is equivalent to an LQR cost of 6000, thus users
will not stomach increases in risk beyond the ORD requirement (since they would

overwhelm any possible nominal performance gain). The total cost is then:
Jow = Jior+ Jrx = Jigr +3000Pr(acc)/ 107 (2.15)

While it may appear that this cost model was derived arbitrarily, it was in fact done

according to the precepts of decision theory, which poses very few restrictions on the
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preference functions that are "valid" for quantitative analysis. As explained in Appendix

A, it requires that:

1.

Probability Rule: Uncertainty must be completely and honestly expressed in
terms of probabilities. Within the limits of this example problem, this is
provided by the PPM in Section 2.3.2. Note that uncertainty in that model is
unbounded such that there is always non-zero probability of an accident.

Order Rule: All possible outcomes are clearly ordered from best (nominal
performance with minimal Jior and zero terminal glideslope deviation) to
worst (aircraft accident).

Equivalence Rule: This rule is satisfied by equating a given level of nominal
performance with a given level of accident risk. In this case, the "certain
equivalent” of a lottery in which the plane crashes with probability 1 in 10® and
is fine otherwise is simply Jiqr = 3000.

Substitution Rule: This requires that we be willing to substitute a certain
equivalent (nominal performance in this case) for the equivalent lottery in the
process of decision evaluation. This is done by Jioim in (2.15), which combines
nominal and risk-based cost into a single performance index, and all other
possibilities are ranked (in consistent order) according to this function.

Choice Rule: This is satisfied by the evolutionary optimization process which

selects the best design according to the lowest cost (2.15) found.

It should be clear that decision theory allows any preference function that is

mathematically consistent and is based on the best-possible probabilistic rendering of the

underlying system uncertainty. Note that the goal of optimization is now not just optimal

LQR controller performance but a broader measure of user acceptance. The intervening

step of setting specifications which must be met by lower-level design is avoided, along

with the inefficiency that results (as demonstrated in the rest of this thesis).
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2.4.3 Optimal Search using Simulated Annealing

Simulated Annealing (SA) is an evolutionary optimization technique, so called
because the optimal solution "evolves" in a series of gradual permutations of a current
"best" solution. It is described more fully in Section 3.3.1. Here, SA is used to search for
the controller design that minimizes the sum of LQG and accident risk costs as shown in
(2.15). SA operates in several iterative loops within which new solutions are generated
and evaluated, then a probabilistic decision is made on whether or not to accept each new
solution.

Beginning with the ideal LQG solution in (2.11), a new solution is generated in
each trial by perturbing the gains from the last solution KL, by a Normal(KL,,0.1KL,)
random sample. Only the elements of K and the 3™ column of L (which uses WAAS
measurements) are varied, giving 18 design variables. The other two columns are not
varied for this problem because they affect the airspeed and pitch angle measurements,
which are not part of the failure model. Note that this does not mean that the optimal
solution to this problem has the LQG gains for airspeed and pitch angle, but this
assumption is made here to simplify the search.

For each new solution, 100 approach simulations are run in which at least one
failure occurs. The failure state is sampled at the initial approach point (1500 ft) out of
the 2% total failure probability from Table 2.2. No-failure results can be computed from
the deviation covariance given by the discrete Gauss-Markov process [9-3]). The no-
failure and failure costs (both cases are evaluated using (2.15)) are given 98% and 2%
weights, respectively, to get the final cost, J.va.

Simulated Annealing always adopts a new solution with lower cost than the old

one. If the new solution cost is higher, it will still be randomly accepted with probability:
Pr(accept) = —( e JoM )/ T (2.16)

where T is a "temperature” that starts at 1000 (accepting most early changes whose cost
increase from the prior solution is 500 or less) and decreases by 10% after each set of 30

new solutions. While the high early temperature helps the search avoid becoming trapped
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in local minima, it becomes less tolerant of changes that do not give a lower cost as the

number of trials increases.
2.5  Baseline and Optimal Controller Results

2.5.1 Optimal Controller for PPM and Risk Model
The LQG solution from (2.11) has Jea = 4520; Pr(acc) = 3.3 x 10° when

evaluated by simulation. The best solution found by Simulated Annealing is:

K _ = -3026 13216 -1.0311 -3.7337 -8176 14158
O T 7803 1187 36723 10848 1848 48164

2.17)
L, (col. 3)=[-0002 0025 0 0011 0029 0]"

This result has Jev, = 4030; Pr(accident) = 1.2 x 10°, which is a substantial
improvement over the steady-state LQR solution. The SA solution results in a decreased
cost due to accident risk of 630: 990 (for LQR) - 360 (for SA), while it only gives up 140
in nominal performance: 3670 (for SA) - 3530 (for LQR).

Figure 2.2 shows a set of 500 failure-case glideslope time histories for both
solutions and shows that the best controller does a better job of avoiding large deviations.
This figure indicates both the RMS terminal glideslope deviations and the highest-risk
deviations found in the 500 simulations. For failure cases, the optimal controller improves
RMS terminal deviation by about 20% when compared to the LQG solution. Worst-case
terminal deviation improves about 10%, but this understates the risk reduction achieved,
as modeled by (2.14). The accident risk in the LQG worst case is 1.4 x 10, which is
seven times the worst-case accident risk of the best design found by simulated annealing
(2.0 x 10®). Note that in both cases, the "worst-case” for accident risk is a negative

glideslope deviation.
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Figure 2.2: Failure Approach Simulation Results

2.5.2 Use of LQR Terminal Controllers

Note that better terminal performance could also be obtained by using time-varying
gains, as described in [9-2,3,4]. This makes the controller and estimator gains variable at
each time step. In terminal LQG design, a separate quadratic cost is applied to the
deviation at the terminal point. Once one decides to apply time-varying gains, the terminal
LQR controller will do a much better job of suppressing terminal deviations. However,
the terminal LQG design is still dependent on noise and cost model assumptions that are
inaccurate; thus a better design (in decision-theoretic terms) would again result from
application of the PPM and the LQR/risk value model along with SA optimal search.

In this case, however, the resulting controller gain matrices are functions of time,
giving many hundreds of gain entries over the 110 one-second time updates in the

Category | approach modeled here. While evolutionary search has demonstrated the
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ability to handle problems with hundreds of design variables (see [2-2,5]), a shortcut is
available here: use the terminal-LQG solution calculation but make the entries in the
weighting matrices Q and R the design variables for optimal search (a total of 40 variables
for the precision approach problem). The PPM and cost model (2.15) can then be used
(with modification for the changed definition of Jiqr) with SA to search for the optimal

time-varying solution given by the "optimal" weighting matrices.

2.5.3 Simulated Annealing Solution for the Ideal Case

Evolutionary optimization approaches such as simulated annealing can search for
the best solution to a problem of arbitrary mathematical form, but they cannot guarantee
that the global optimum will be found in finite time. As a result, they are relatively
“expensive" tools for optimal design which should be used only when traditional
approaches (and their mathematical assumptions) do not fit the problem at hand. This is
usually true for real-world design, but it is also useful to examine how well the general
search approach handles an ideal problem for which a known solution exists.

As noted in Section 2.2.2, the LQR controller and LQE estimator are known to
globally minimize the unmodified linear-quadratic objective functions (2-8,2-9) under the
ideal error assumptions (i.e., no failures, white Gaussian errors as modeled by W and V).
Starting from an arbitrary set of gain matrices, simulated annealing search can be applied
to this problem, and the resulting controller can be compared to the known optimum
derived using LQG in (2.11). Although a deterministic evaluation of Ji o is possible from
the equations in Appendix B and could be used by SA, simulation will be used instead
(without sampling from the PPM of Section 2.3.2) in order to preserve the uncertainty
characteristic of the general decision-theoretic approach. The problem is simplified by
only optimizing the controller gains; the correct LQE estimator is used throughout the
search. This assumes that stochastic separation is maintained as in Section 2.1.1, but there
is no reason why the SA design space could not be expanded to refine controller and
estimator gains at the same time.

For this problem, the SA search was initialized with the "wrong" LQR solution.

The ideal LQR controller for a different state weighting matrix Q, = diag(1, 0, 0, 0, 2, 2]
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was chosen (recall that the "correct" Q = diag[1, 0, 0, 0, 10, 10]). The baseline controller

gains are then:

Ko =[ams 3s 1o 1000 o o) @18
These gains are all of lower magnitude than the optimal result of (2.11); they range
between 50-92% of the correct values on an element-by-element basis (all signs remain the
same). Simulated annealing begins with this solution, which has an LQR cost (using the
correct weights) of Jior = 4385, and searches for the known optimal result using the
parameters given in Section 2.4.3 (but without failure sampling). After 26 outer-loop
iterations (the search temperature being reduced after each), the search converged to the

following solution:

_|—2725 11689 -2.2955 -5.1491 -8073 -.3350 (2.19)
Ot | 4703 -8484 14550 19885 2431 27172 )

Figure 2.3 plots the z-plane closed-loop controller poles (the eigenvalues of A, -

B:K) of both the LQR controller 1 (

(2.11) as 'x' and the new SA controller 08 }

as '+. At first glance, these two

solutions are a little different. The

two real-axis roots are very similar,

but the SA controller has asked for

faster response from the glideslope
deviation pole-pair (the furthest left

pair of poles) at the expense of

another pair which has become a little
05 1

-1 05 0
more oscillatory (moved further right), Real Axis

signifying that slightly more control Figure2.3: Closed-Loop Pole Location Comparison
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authority is used in by the SA controller to make the glideslope deviation decay faster.
The average difference between the gain entries in K for the two solutions is 30%,
although the largest difference is 73% for the [1,5] entry.

An interesting result emerges: the ideal (no-failure) cost of this controller is
Jiqr(SA) = 2840, which is somewhat lower than the ideal cost for the steady-state LQR
controller (2.16) of about 3400. This is caused by the fact that simulation over a finite set
of points in time produces a cost evaluation that is different from the steady-state result,
for which steady-state LQR is the optimal solution. The analytical LQR solution considers
that time-invariant LQR cost (2.8) is based only on steady-state conditions (since early
costs are negligible over an infinite time scale), while the simulation which evaluates LQR
cost for SA search terminates at 110 seconds and only considers the cost to that point.
Thus, initial response and control usage is important to the simulation. In this case, the
LQR cost breakdown between state deviation cost xTQ¢x and control usage cost u'Ryu
shows that the controller designed by LQG (2.11) suffers an average state cost of 3320
and an average control cost of 80 over the 110-second simulation, compared to 2705 and
135 respectively for the SA controller (2.19) (the effect of the cross-term 2x"Nju that
results from the discretization of Section 2.2.1 is negligible). RMS glideslope deviation at
the terminal point (200 ft altitude) reflects this as well: it is 17.7 ft for the steady-state
LQR controller and 15.6 ft for the SA controller (both of these are better than the failure-
state results presented in Section 2.5.1). This confirms that the SA controller uses a little
more controller authority to improve state performance in the short run, whereas the LQR
controller is optimal at steady-state only and has less incentive to respond quickly.

It turns out that the LQR cost and RMS glideslope deviation performance are very
sensitive to the initial state covariance X,. The diagonal matrix for X, given in Appendix
B (and taken from [9-2,3]) has a very optimistic initial variance for glideslope deviation
(the fifth diagonal entry), representing total system error, of (1.32 ft)>. This is probably
too good even for a Category III ILS and autopilot, and it is certainly better than the
achievable steady-state performance with WAAS. The SA controller exploits this very
good initial performance with increased state feedback, resulting in better RMS state

response. The ideal controller has no knowledge of it and cannot do the same. However,
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if higher initial deviation variances are used, the ideal controller becomes superior. In fact,
if it is assumed that the aircraft uses unaugmented GPS (affected by Selective Availability)
before acquiring the WAAS glideslope and thus has an initial variance of (125 ft) (the
other elements of X, remain the same as before), the LQR costs over the approach
increase to 10,250 for the steady-state LQG solution and 11,400 for the SA solution [6-
14]. The ideal result is now better, as expected, since there is no reason to base feedback
on the poor initial state information. These cases with alternate initial covariances were
run with the original LQE estimator; SA should find further improvement (for a given X,)
if it were allowed to alter the estimator gains as well.

Note that time-varying LQR design does take the initial state covariance into
account and can choose time-varying controller gains accordingly [9-3]. It thus provides
the best possible controller response over a given finite-time window and update rate as
long as the (Gaussian) error model assumptions are correct. But as noted in the previous
section, simulation-based optimization has the potential to improve on even this solution

when non-ideal models (such as failure modes) are included.

2.6 Conclusions and Future Work

These examples demonstrate that simulation-based optimization can augment LQG
design by adapting a baseline solution to optimize an arbitrary value function with no
bounds on model uncertainty. More fundamentally, however, this approach illustrates that
decision theory can be applied at a practical level to optimize controllers and estimators
for arbitrary models of uncertainty and user value. The problem studied here, a simplified
linear controller/estimator for aircraft using WAAS for Category I precision approaches,
illustrates that this more general approach can add substantial value to control design.

This chapter serves as a brief tutorial on the application of decision theory to a
problem that is traditionally solved by linear-quadratic optimal design. Although this
problem is simplified for illustrative purposes and does not represent the best possible
model, several key differences have been discussed in detail. First of all, no assumptions

of the mathematical form of the noise or uncertainty models are required. Because
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uncertainty is not bounded in an arbitrary fashion, decision theory states that the resulting
design will be the best possible given the available information. Note that another
designer with a different view of reality may use a different uncertainty model, and the
design that results will still be optimal for that person. Decision theory also clarifies the
value of gaining additional information with which to update the uncertainty models.

In order to reflect user preferences in a flexible way, the decision-theoretic
approach allows for any objective function that meets the “rules of actional thought”
outlined in Appendix A. In this case, the standard LQR performance index J is augmented
by a penalty on accident risk at the terminal point of the approach. Designers can thus
trade nominal performance for risk of the worst possible resuit based on the uncertainty
model. The equivalence of the two defines the risk tolerance of the decision maker along
the lines of Section 1.3.2. No guarantee of acceptable performance can be obtained, but
the result is a more realistic guide for decision making under uncertainty than deterministic
robust control approaches that must arbitrarily bound worst-case performance.

The results of the decision theoretic approach for this sample problem are
encouraging because they demonstrate that simulation-based risk-sensitive controller
optimization is both practical and beneficial. The optimal controller found by Simulated
Annealing in Section 2.5.1 is a significant improvement over the nominal steady-state LQR
controller in that accident risk is reduced by two-thirds while nominal (fault-free)
performance is only slightly affected. In Section 2.5.3, SA with simulation-based
evaluation is shown to improve on time-invariant LQR design over a finite time window
even in the fault-free case, although of course time-varying LQR design (Section 2.5.2)
would provide the best possible performance for a given sampling interval.

A key feature of simulation-based optimization is raised by this chapter. While it is
clear that simulation-based optimization will converge to a known optimal result when the
model is fixed to the assumptions of the underlying theory, it will adapt itself to the actual
problem presented to it by the simulation model if it differs from those assumptions, as it
does here. The disadvantage of this is that the optimal result is sensitive to errors in the
mathematical model. But in the context of decision-making under uncertainty, this is a

major enabling advantage with significant implications for the execution of engineering
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design. In this context, decision theory states that it is better to find the design that is
optimal for the best possible model rather than one that is based on theoretical
assumptions that are known to be somewhat non-applicable. This is true even when the
"best possible model” is not itself correct due to limited information, because simulations
can be built that sample from the "information" or "assumption” uncertainty present at the
time a decision must be made. A result that is truly optimal according to the precepts of
decision theory can be derived, and it can be shown to be superior to the theoretical result
when the prevailing uncertainty is taken into account. This is in fact what is done in
Chapters 4 and 5 of this thesis.

The above findings do not imply that LQG design techniques cannot be adapted to
provide controllers that are robust to uncertainty. LQG design certainly provides a good
starting point as well as an important analytic foundation, and both structured-uncertainty
and ad-hoc models can be created to derive "sufficiently robust" controllers from the ideal
design. Sensitivity analysis was carried out in Section 2.3.1, but more could be done to
modify the ideal (2.11) or worst-case (2.12) LQG controllers to handle the failure model
of Section 2.3.2. The key difference is that simulation-based design has the ability to meet
all the requirements of decision-making under uncertainty for any reasonable problem
definition. This is important where failure mode effects that cannot be bounded exist and
where the risk-reward preferences of the user go far beyond what LQG performance
indices can handle.

Operationally, the result of Section 2.5 demonstrates that WAAS, even with
considerable performance uncertainty, provides a reasonable margin of safety for Category
I precision approach. WAAS performance will be subject to substantial rare-event
uncertainty for the foreseeable future, and the design approach introduced here allows
integration of the control law, estimator, and fault detection and isolation (FDI) routines
into a combined optimal design for any risk model (tailored to a given state of knowledge)
and user preference function. Chapters 6-8 of this thesis will demonstrate the capabilities
of WAAS, decision-theoretic optimal integrity monitoring algorithms for the Category |
application, and a means to integrate aircraft user performance models within a larger

optimization of an entire WAAS network architecture.
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Chapter 3: Spacecraft Reliability Modeling

It was said that the Saturn V (rocket) had a reliability of 0.9999. In the story, a group
from headquarters goes down to Marshall and asks Wernher von Braun how reliable the
Saturn is going to be. Von Braun turns to four of his lieutenants and asks, “Is there any
reason why it won’t work?” to which they answer (in German): “Nein.” “Nein.”
“Nein.” “Nein.” Von Braun then says to the men from headquarters, “Gentlemen, I

have a reliability of four nines.
- Charles Murray, Apollo: The Race to the Moon. Footnote, p. 102.

3.1 A Working Definition of “Reliability”

Before beginning a detailed discussion of spacecraft reliability prediction, it is
helpful to clarify precisely what we mean by the term “reliability.” Reliability is generally
thought of as the “probability of success” up to a given time of operation. More
specifically, a recent book gives the following definition [3-10):

Definition: The reliability of an item is the probability that it will adequately
perform its specified purpose for a specified period of time under specified
environmental conditions.

Each of the italicized words in this definition must be specified as necessary. For example,
“adequate performance” for a spacecraft must be defined by the system-level mission
requirements, and the “environmental conditions™ are given by the orbital or interplanetary
setting under which the spacecraft is expected to perform. Note that there is a related
concept called “availability” which is used for repairable systems on Earth. Systems that
can normally be repaired after a failure occurs may be modeled as being “operational” with
availability a over a long period of time and “down” or “unworkable” with probability 1-a.
Availability is a more general concept which we will encounter again in Chapters 6 and 7
when discussing GPS-based aircraft landing systems.

Returning to “reliability,” there is an important distinction to be made when using
the standard definition above. In practically all applications, it is understood that reliability
predictions presume that the system in question “should” work. In other words, reliability
prediction is considered to be separate from the more basic question of Jeasibility --

whether the system is designed in such a way that it should be expected to perform
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adequately. After all, the determination of basic feasibility is critical to the continuation of
any project past its initial stages. However, as will be discussed in detail later,
observations from spacecraft orbital history show that many failures result from an unseen
design or manufacturing flaw that resulted in failure being likely. This fact has not gone
unnoticed by system engineers; a common view is that traditional reliability predictions
(which often seem optimistic) only apply to “random” failures of otherwise-healthy
components. More likely causes of failures are thus separated from reliability calculations,
making the latter almost useless.

This result of the traditional reliability engineering perspective (detailed in Section
3.2) preserves the distinction between well-designed subsystems (which rarely fail) and
design or manufacturing errors that can be blamed on someone. However, to be useful as
a top-level predictor of system success (and for probabilistic optimization), a reliability
model should incorporate all sources of failure. Therefore, the probability models
developed in this thesis will presume a weakened assumption of original system feasibility.
In some cases, reliability will be contingent on *‘a reasonable belief of system feasibility™
despite the possible (unknown) presence of design flaws. In other (more risky) cases, no
preliminary assumption of feasibility will be made at all -- in essence, the question of
feasibility will be included in the model as a random variable. This might apply, for
example, to the design of a bare-bones nonredundant “lightsat” which itself serves as a
feasibility test for a new technology development effort.

The following sections develop these basic ideas. We start with the traditional
model and the assumptions which underlie it. After discussing its weaknesses and its
unsuitability for probabilistic optimization, we turn to new models which modify the
standard model by substituting mixed Weibull/Exponential time-to-failure distributions and
which include the sources of parameter uncertainty that the traditional model ignores. The
utility of these improved models will become clear as we turn to the following chapter

(Chapter 4) on reliability-based system optimization.
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3.2  Current Reliability Engineering Practice

Reliability modeling for spacecraft is currently conducted using a single standard
approach mandated by the U.S. Department of Defense (DoD), NASA, and practically all
commercial customers. The analysis method and relevant failure rates for electrical parts
are specified in MIL-HDBK-217F [4-11] and related requirements documents, and
supporting data for non-electrical parts is contained in NPRD-95 [4-7]. These methods

are based on the exponential failure distribution in which reliability over time ¢ is given by:
R(t) = e™ (3.1)

where A is a constant failure rate calculated using data and environmental factors
published in [4-11]. These handbooks of failure-rate data attempt to fit observed failure
data from many sources into simple equations that are used to compute A for a given
application based on temperature, environment, electrical package technology, etc. For
spacecraft orbital operations, the space flight environmental factor S; in [4-11] (which
multiplies tabulated data to produce a failure rate for a given application) was reduced
from 0.9 to 0.45 in the 1980’s to account for the Hecht report [4-3] observation that the
predictions using the older factor were too pessimistic. This is a crude representation of
the Hecht findings which are modelled more accurately in the models in Section 3.4.

The exponential distribution is memoryless; the probability of failure over a given
interval of time is independent of the length of time that has already passed. This
assumption is often questionable, as spacecraft have been observed to fail more often early
in their design life, when design and manufacturing flaws are most likely to become
apparent. After a certain amount of successful operation in orbit, the failure probability
decreases toward a baseline level, which pertains until system wearout takes effect. This
behavior is well-known to spacecraft engineers, but the exponential distribution continues
to be used because of its simplicity.

Most spacecraft contracts use (3.1) and the data in [4-7,11] to compute reliability

predictions for the components of their design. Redundancy is usually built in to avoid
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single-point failure modes, which are events that by themselves cause mission failure.
Using (3.1) to compute component reliability, series, parallel, and binomial (k out of n
units need to work) network reliability can be computed using the standard equations in

[3-5] which assume that all failure modes are independent:

series: R(t) = R)(t) Ry(t)
parallel: R,(t) = 1-(1 - R() (1 - Ro(t)) (3.2)
binomial: Ru(1) = i(:)[k(z)]" [1- RO

k

These equations also extend to the multiple-component case. For components which have
a “standby” backup unit rather than one that is always operating, a correction factor g =
0.10 is multiplied into the failure rate of the standby unit (this will not apply where passive
radiation or temperature exposure limits device lifetime). This is supposed to reflect the
much lower stress over time on a component that is not powered up. The resuit of these
calculations is a system reliability prediction over the mission time line that must meet user
specifications.

Since spacecraft are to a large degree unrepairable after launch, reliability is a key
concern, but most systems engineers distrust handbook data and the assumptions present
in the traditional model despite being obligated to do the computations. As a result,
spacecraft tend to be overdesigned to "ensure” adequate reliability. This guarantees that
the reliability specifications are met, but it does not help engineers make informed risk-

based tradeoff decisions.
3.3  Weaknesses in Traditional Reliability Analysis

As mentioned in the previous section, the body of spacecraft failure data collected
over the past 30 years tends to disprove the assumptions of the exponential reliability

model. This fact has been known for some time [4-1], but the ease of analytical reliability

calculations using (3.1) has dissuaded systems engineers from adopting various more-
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detailed models that have been proposed since the late 1960’s. In engineering, there has
always been a preference for equations that give analytical, direct results; thus the
continuation of the flawed traditional reliability model is not surprising. However, the fact
that the exponential distribution is a convenient mathematical operator is partially just an
excuse for the failure to update our analysis methods.

Clearly, one motivation for doing a spacecraft reliability analysis is to illustrate the
risks inherent in a planned mission. Early in the history of spaceflight, the dominance of
manned missions gave engineers strong motivation to classify and predict the extent of the
risk using the best tools possible. This period (the early 1960’s) coincided with the
development of Probabilistic Risk Analysis (PRA) as a tool to project the risks of nuclear
power station operations [1-5]. Attempts were made to apply reliability models to the
Apollo program, and these analyses gave what many NASA engineers thought were very
pessimistic estimates of overall mission success probability. A key difficulty was the lack
of observed life test data for many of the Apollo components. Since mass testing over
several years was impossible, it became easier to ignore the prediction of risk and instead
focus on intensive searches for design flaws, a procedure which motivated FMECA
analysis (to be discussed later). Although Apollo 13 (one out of seven missions to attempt
to land on the moon) suffered a mission failure (a plan was improvised which brought the
crew back home), the great success of the Apollo program as a whole suggested to many
engineers that reliability predictions in general were misleading and a waste of design
resources [4-4]. These observations fed a common preconception among engineers that
the goal of systems development was to achieve “determinism”. If a system were
designed, developed, and manufactured properly, it would succeed with probability one,
and if not, someone was to blame.

Although data with which to create better reliability models was available by the
early 1970°s [4-1,12], the fact that spacecraft reliability analysis was already suspect
removed any strong motivations to update the methodology. This state of affairs
continues to this day, and along the way, spacecraft engineers grew to distrust the results
of standard reliability analyses. They were necessary from a contract-compliance point of

view, but the results were not seen as aiding the design-for-robustness development



process. Current-day reliability analyses for spacecraft routinely predict mission-lifetime
reliabilities well above 95%, and customers now expect such a result as part of the system
requirements. Beyond this, few people pay much heed to reliability numbers. This can be
viewed as “Engineers pretend to compute reliability predictions, and customers pretend to
believe them.” As a result, current reliability prediction methods cannot be used for design
optimization under uncertainty, and in fact they serve little practical purpose.

This is not to say that current design methods do not attempt to provide high
reliability. While numerical reliability predictions tend to be ignored, certain basic design
philosophies have become universally applied to spacecraft. Foremost among these is the
dictum: “no credible single-point failures.” As mentioned earlier, a single-point failure is
defined as a specific failure event (breakdown of the flight computer, for example) that
directly leads to overall mission failure. Given sufficient design budgets, this is
conceptually easy to avoid: simply have at least wo of each mission-critical component
type. Most modern spacecraft thus have redundancy at the subsystem and/or component
levels to accomplish this. Spacecraft designs that include redundancy in this fashioned are
assumed to be “relatively” reliable in a deterministic sense.

In addition to the application of component-level redundancy, spacecraft systems
at all levels are normally designed with substantial performance margin. Since it is clearly
recognized that performance in orbit has a random element, engineers often look for what
they consider to be a “worst-case performance” event and design the system to operate
successfully even under such conditions. If a design can be found that can handle this
worst case, then the underlying risk factor is considered to have been removed, even
though it is usually impossible to bound a random event with certainty. If such a design is
not possible, the system in question gets special treatment as a source of risk that cannot
be eliminated. Mission designers will pay careful attention as more is learned through the
prototype-and-test process, hoping that new information will allow an acceptable worst-
case bound to be derived.

From a decision-theoretic perspective (see Section 1.2), this process is sub-optimal
in several respects. First, although NASA and commercial customers have good reason to

be risk-averse, the application of margin everywhere in an attempt to meet worst-case
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requirements leads to systems that are overdesigned for their objective; making them non-
cost-effective solutions from the user’s perspective. In trying to achieve a guarantee of
mission success, system resources are arbitrarily allocated to each risk factor as needed to
meet worst-case requirements that do not accurately correspond to mission risk. For
example, a subsystem that cannot satisfy an arbitrarily conservative requirement receives
an inordinate amount of attention compared to a system that does possess adequate
margin, even though the latter system may yet fail due to design, manufacture, hardware,
or the presence of environments outside the supposed “worst case.” The effort to achieve
arisk-free design is futile; thus resources are consumed for little performance gain.

A separate evaluation of likely failure causes, known as a Failure Modes, Effects,
and Criticality Analysis (FMECA), provides a means of highlighting the physical failure
sources that appear to pose the greatest risk to the mission and focusing risk-reduction
effort in these areas [4-6]. Details of FMECA analysis and a related reliability prediction
approach will be covered in Section 3.5. Note that FMECA is also a deterministic type of
analysis. Failure modes of sufficiently high “criticality” are intolerable; thus modes
identified to be unacceptable receive further development and/or testing until the apparent
risk has been reduced below the criticality criterion.

As mentioned above, deterministic design heuristics and failure-mode studies
certainly are important, but they often have the unfortunate side effect of leading engineers
to assume that systems which pass these criteria should be practically guaranteed to
perform successfully in orbit. If a failure should occur during the mission, a partial
solution can often be improvised (known as a work-around), but if mission failure results,
someone must be blamed for an error in design or judgement. Much of the apparent risk
aversion present in the spacecraft development process seems to be a result of
exaggerated expectations of flawless orbital performance promoted by NASA over the
years (to justify the cost of space exploration) and passed on to the public by the media.
Traditional reliability calculations continue to be made because of their analytical

convenience and their ability to be massaged to support these claims and expectations.
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34  New Concepts: Time-Dependent Failure Rates and Parameter Uncertainty

3.4.1 Time-Dependent Failure Model
The first step toward improving the traditional reliability model is to use a Weibull
failure distribution that allows failure rates to vary with time. It is a generalization of the

exponential distribution, and its success probability is given by:

R(1) = exp[ { ﬂ] (3.3)

o

Here, o is a scale factor that expresses mean time-to-failure, and P is a shape factor that
varies the effective failure rate over time (B = 1 gives the exponential distribution). TRW
studies using their own spacecraft anomaly databases in 1974-75 [4-1,12] recommended
the use of Weibull distributions in place of reliance on (3.1). In [4-3], Herbert and Myron
Hecht utilized their spacecraft failure database (consisting of 300 satellite missions over
the period 1961-1984) as the basis for a model which divides overall reliability into two
statistically independent parts represented by (3.1) and (3.3). Basically, this approach
separates so-called “random” component failures (RF) from those due to design,
environment, and/or manufacture (DEM) that occur early in the mission. This
corresponds to the discovery from the Hecht data that almost 50% of all spacecraft on-
orbit failures are due to early-mission DEM causes, and these were usually not foreseen by
the risk analyses that were conducted during spacecraft development. The Hecht method
places a rough dividing line at # = 2 years, which represents the crossover point in time
between the 50% of failures assumed to be DEM (Weibull) and the other 50% due to RF
(Exponential) events.

For the RF term, the exponential distribution (3.1) is used with a revised base
failure Ay, which is computed by dividing the tabulated (or sampled) failure rate by 1.41
(or 2.82 for rates computed using the old S; of 0.9). This new rate is then used to
compute a and  for the related Weibull distribution in (3.3) used to model DEM, based

on the type of spacecraft mission being conducted, as shown in Table 3.1. Where
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applicable, a separate Weibull distribution with B = 2 is used to model wearout failures

(WR) at the end of the spacecraft design life.

Mission Type B o Arf
General (default) 0.12 0.54
Communication 04 0.66
Navigation 0.9 0.93
Observation 0.13 0.55
Scientific 0.09 0.53

Table 3.1: Prediction Factors by Mission Type [4-3]

Given o A and B, the computation of R(r) for a component proceeds as follows:

(1) Obtain “official” exponential failure rate A for given component

(2) Obtain random failure rate Acf by dividing by 1.41 (2.82 for pre-1985 data
from previous versions of [4-11])

(3) Select parameters B and o Arf from Table 3.1 (B = 2 for wearout)

(4) Compute Weibull parameter ccusing: o = 0 Arf/ Arf

(5) Compute reliabilities R,.(7) from (3.1) and Rpeu(?) from (3.3)

(6) Compute R(r) by assuming independence between RF and DEM failures:

R(1) =Ry (8) Ry (0 3.4)

3.4.2 Failure Rate Parameter Uncertainty

The failure rates tabulated in [4-7,11] are the result of statistically inferring failure
model parameters from databases, which may be extensive but still contain considerable
statistical uncertainty. In particular, the authors of [4-11] merge observed failure rates
into a system of multiplicative factors based on unit complexity, operating environment,
design format, and other details. This system of multiplying inferred factors adds more

uncertainty to the final result. For its part, {4-7]) must rely on much smaller sample sizes



for the vast array of non-electrical components it surveys and groups into somewhat
arbitrary categories.

However, an effort was made during the compilation of [4-7] to estimate the likely
variance in its failure rate predictions, given that its data is a generic compilation from a
variety of sources. It was concluded (conservatively) that the natural logarithm of the

tabulated failure rate is Normally distributed with a mean () of A, (the unknown "true"

failure rate) and a standard deviation () of 1.5. This translates into a 68% probability

that A, lies within the one-sigma confidence interval [0.22A, 4.51] and a 95% probability

that it lies within the 2o interval [0.08A, 11.9A], where A is the tabulated failure rate as
before. This level of variance is very high, but it at least gives us a guide as to the
variability of tabulated failure rates. A o of 1.5 represents the maximum variability in our
model, since the data in [4-7] is very uncertain given its small sample spaces and imprecise
component classifications. Data from [4-11], as well as vendor-supplied component data
from life tests and operational experience, is given a smaller variance in this model. The
variances for different components are thus assigned using the “fuzzy” categories and
guidelines in Table 3.2, although specific circumstances may cause the reliability evaluator
to choose a different variability for the base In(A). For example, he may be aware that the
latest model of a rate gyroscope has had limited testing or operational pedigree and that its
predecessor models have recently experienced problems in orbit. A o of 1.25 or even 1.5
may be appropriate here. Other components which historically have given no problems
over many years may deserve a ¢ lower than 0.5 (note that even this small number
represents significant uncertainty about the mean failure rate). Finally, a combination of

data from [4-7,11] and operational experience could combine to lower the ¢ assessed.
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Source of Data Standard Dev. of Ln(A)

MIL-HDBK-217E 0.75
Specific component history 0.75
if based on 25 yr. orbit ops. 0.5
info. from vendor w/out orbit exp. 1.0
NPRD-95 1.0-1.5
Default
no significant information 1.5
substantial, varied information 0.75

Table 3.2: Failure Rate Variation Cases

The uncertainty inherent in the handbook failure rates is an important concern. To
resolve this underlying uncertainty without requiring limiting mathematical assumptions,
an algorithm for Monte Carlo simulation-based reliability predictions has been developed.
For each trial, an exponential failure rate for each component in the reliability model is
sampled from a Normal distribution with the mean published failure rate and the variance
assigned to that component from Table 3.2. The result becomes the “official” failure rate
for Step 1 of the conversion procedure in the previous section (for that trial only). The
conversion process of the previous section is then carried out to get R(f) for that
component type. Finally, once the samples and conversions for all components are
completed, the output reliabilities for a given time-to-failure can be combined based on the
overall system redundancy layout using (3.2). Because of the combined system
uncertainty posed by many interacting components, a significant number of trials are

needed to obtain the resulting reliability uncertainty distributions.

3.4.3 Application to Gravity Probe-B Spacecraft Bus

This approach has been applied to several designs for the Gravity Probe-B
spacecraft bus. The spacecraft bus is designed to support the experimental payload by
handling the normal orbital maintenance tasks, including power generation and regulation,
attitude control, thermal control, and overall coordination through the flight computer.

Unlike the experimental payload, the components that make up the spacecraft bus
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generally have some orbital history, allowing us to compute or extrapolate reasonable
failure rate estimates for them. Lockheed Missiles and Space Company (LMSC; now
Lockheed-Martin) won the contract for the spacecraft bus in 1993; thus the LMSC
component-redundancy design is considered the “baseline” for our study.

Figure 3.1 is a functional block diagram of the LMSC spacecraft bus design, taken
from Figures 2-16 and 2-17 of the LMSC management proposal [5-5]. It is broken into
two parts: Figure 3.1a (2-16) for the spacecraft bus and Figure 3.1b (2-17) for the
guidance and control subsystem and experimental payload interface. The block diagram is
broken down into six subsystems plus the components that are “shared” with the science
payload. Numbers of each component needed to work for mission success (e.g., “10of 27)
are given along with the failure rates used in the LMSC traditional-style reliability
calculation (expressed in failures per hour). Based on these figures, LMSC has predicted
a spacecraft bus reliability for the 1-year primary science mission of 99.0%.

Our analysis of the spacecraft bus reliability begins with the failure rates given by
LMSC (many of which were taken from subcontractor data). In most cases, the numbers
are reasonable enough to use as the tabulated mean failure rates A in the failure-rate-
sampling procedure. However, several subsystems, such as the SPRU, battery, and
magnetic torquer, seem to have been given overly optimistic failure rates. These were
changed to better agree with more realistic numbers published in competing proposals.

Figure 3.2 is a plot of reliability uncertainty (for r = 1 year) for the LMSC design.
Both curves were separately generated using 50,000 Monte Carlo trials in MATLAB.
This graph has “true” reliability, meaning the unknown actual reliability of the spacecraft
bus, on the x-axis. The y-axis represents the “probability of occurrence,” or the relative
likelihood of realizing a given actual spacecraft reliability, in logarithmic scale. Both
curves are cumulative distribution function (cdjf) plots that give the probability, for a given
level of reliability R, that the unknown “true” reliability is lower than R.

This plot can be quite confusing at first because most engineers are not used to
discussing the probability of a probability as shown here. Normally, a single probability
value is given when discussing reliability. However, the parameter uncertainty introduced

in Section 3.4.2 makes the true spacecraft reliability an uncertain value which must be
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Figure 3.2: GP-B Spacecraft Bus Reliability Uncertainty

characterized by its own probability distribution. This representation of spacecraft
performance uncertainty is necessary for the decision-theoretic optimization to be carried
out in Chapter 3 because it is a more honest depiction of the true uncertainty faced by the
spacecraft designer.

The two separate curves shown on the plot represent the same analysis done at
two separate points during the GP-B spacecraft development program. The upper curve
(plotted as a line) represents the reliability uncertainty at the time of the LMSC proposal
evaluation in mid-1993. Based on updated data and component-specific information, the
simulation was redone in mid-1995. New information is incorporated by revising the
mean failure rates and especially the variances from Table 3.2 for components which have
relevant new information. These later results are shown by the “+” curve. As expected,
the increased amount of information available for the 1995 study tends to lower the
variances for many components, producing the improved “+" results in Figure 3.2. The

1995 result is seen to be a clear improvement over the earlier 1993 study because the
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reliability curves visible in Figure 3.2 are primarily the 50% of cases worse than the
median (because the medians are close to 1.0). The 1995 curve lies below the 1993 curve
and falls off faster, indicating that the updated reliability prediction has better worst-case
tail performance in addition to having a slightly higher median reliability. Note that in the
1993 prediction, the likelihood of a true spacecraft reliability below 0.5 was 1%, while in
the 1995 prediction, this likelihood falls to 0.15%.

Figure 3.2 demonstrates the importance of reliability uncertainty and its
relationship to deterministic reliability predictions. Reliability uncertainty is obviously
bounded by one on the upside, but the downside reliability can be quite bad in rare cases.
Thus, the median (or the midpoint of an ordered list of samples) of the reliability
histogram is taken to be the closest equivalent of a single reliability prediction. The
medians for the 1993 and 1995 evaluations are 97.4% and 98.0% respectively. Primarily
because of the modeling of infant mortality as described in the last section, these results
are lower than the LMSC reliability prediction of 99% cited above. Note that infant
mortality gives a more pessimistic reliability result than the traditional approach for r < 2
years; thus our revised predictions will be more pessimistic throughout the duration of the
GP-B primary mission.

Also note that the reliability uncertainty was significantly reduced between the
1993 and 1995 evaluations, as the cumulative distribution curve for the 1995 case lies well
under that for the original evaluation. Looking at Figure 3.2, we can determine the 95%
lower confidence intervals (CI's) for 1-year spacecraft reliability from the point at which
the cdf’s cross the y = 0.025 axis (the upper CI's would be at the y = 0.975 axis crossing -
- they are clearly 1.0). They are 67% for the 1993 case and 81% for the 1995 case -- a
substantial improvement. Still, the presence of a 2.5% chance that the true reliability is
below 81% is still worrisome. As the developement-and-test process proceeds, new
information should continue to give reduced uncertainty each time the reliability
evaluation is updated. This “best estimate” of the remaining performance uncertainty
satisfies the requirements of decision theory, making it possible to use this reliability model

in the probabilistic optimization methodology to be presented in Chapter 4.
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3.5  New Concepts: FMECA-based Reliability Predictions

3.5.1 Introduction to FMECA Methodology

Unlike the spacecraft bus, the Gravity Probe-B spacecraft experimental payload is
a fundamentally new instrument, although it is built using space-qualified parts. The
functionality of many payload systems has not been fully tested in a space environment;
thus its subsystems face a performance risk that is greater than the sum of their piece-
parts. Without any significant statistics from which to derive representative failure rates, it
is difficult to apply the reliability prediction methods outlined in Section 3.4. Lacking a
better method, failure rate guesses would have to be used, and the large uncertainty that
results would require failure rate sigmas much greater than the maximum of 1.5 for
substantiated failure rates. Although this representation of performance risk would still be
valid (as it would be the best we can do with the available information), its uncertainty
would dominate the overall mission risk evaluation.

A better representation of the underlying uncertainty has been derived based on the
FMECA analysis tool discussed in Section 3.2. FMECA classifies risks by type of failure
event as opposed to failure source component, making it easier to perform a risk
breakdown without a complete component performance model. Failure events are
classified into three categories [4-6]:

(1) Occurrence probability: a rough estimate of the relative probability that the
failure mode will occur, ranked from A (most likely) to E (least likely)

(2) Severity: a measure of the seriousness of the resulting threat to the mission
given that the failure mode has occurred, ranked from 1 (highest threat) to 4 (lowest
threat)

(3) Conditional Probability: a measure of the likelihood of suffering the most
severe threat to the mission given that the failure mode has occurred, also ranked from 1
(highest probability) to 4 (lowest probability)

The goal of FMECA analysis is to compute a final value, or criticality, for each
failure mode that ranks its overall risk at the system level. The process for making this

computation is discussed in [4-6]. Basically, criticality is computed from approximate
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probability measures for each of the FMECA classifications. These three numbers are
multiplied together, and the result is then mapped into a ranking from 1 (highest risk) to
24 (lowest risk). Although it may differ for a particular application, a general guideline
lists criticalities of 7 or lower as “unacceptable,” 8-12 as “undesirable,” 13-18 as
“acceptable with review,” and 19-24 as “acceptable without review.” Once a FMECA
analysis of a particular subsystem is avaliable, an evaluation of the worst-criticality failure
modes can be made. They will either be “re-evaluated” to qualify, or specific
(deterministic) risk-reduction steps will be taken, such as additional prototype testing, to

support later reevaluation and qualification.

3.5.2 FMECA Reliability Sampling Approach

The “fuzzy” probability set that is used to compute criticality serves as the
foundation of a method to convert FMECA assessments into distributions of reliability
uncertainty. Clearly, there will be a great deal of variation among true (unknown) failure
probabilities; thus the variances about the approximate mean probabilities will be large.
However, we do obtain a reasonably comprehensive model of the failure space expressed
in terms of probability (as needed for PRA). The mapping of FMECA categories to
reliability uncertainty is given in Table 3.3. Note that the P(M), B, severity, and assigned
“meaning” in the first two columns of Table 3.3 are generally accepted FMECA concepts
(although numerals 1-5 may replace A-E in some studies), whereas the probability
distributions shown in the third column are introduced by this thesis based on the fuzzy
connection of “meaning” to implied probability orders of magnitude in [4-6].

Given this mapping to probability space, we can conduct Monte Carlo sampling of
overall subsystem reliability just as was done in the failure-rate mode! described in Section
3.32.  An overall mission loss probability can be approximated from samples of

probability uncertainty from the resulting dependent distributions:

P(MF) = P(M => occur) P(Sev | occur) P (B | Sev) 3.5)
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OCCURRENCE PROBABILITY

P(M) Meaning Failure Prob. Dist.(1,0)
A frequent Gamma(0.2, 0.125)
B probable Gamma(0.1, 0.07)
C occasional Lognormal(2, 0.5)
D remote Lognormal(3, 0.75)
E improbable Lognormal(5, 1.5)
SEVERITY
Sev. Meaning Failure Prob. Dist.(1,0)
1 catastrophic Uniform[0.5, 1.0]
2 critical Gamma(0.1, 0.05)
3 minor Lognormal(2, 0.5)
4 other Lognormal(3, 0.75)

CONDITIONAL PROBABILITY

B Meaning Failure Prob. Dist.(j1,0)
1 actual loss Uniform[0.7, 1.0]

2 probable loss Normal(0.5, 0.15)

3 possible loss Gamma(0.05, 0.03)

4 no effect Lognormal(5, 1.5)

Table 3.3: FMECA Risk Uncertainty Classifications

Ideally, assuming that each mission failure cause is statistically independent, we can
multiply all the sampled P(MF)’s for a given Monte-Carlo sampling trial together to get
the overall failure probability for the subsystem in question. In practice, many other
difficulties exist.

First, FMECA assessments of failure modes do not represent mission time-to-
failure. Failure modes are broken down by which phase of the mission they are applicable
to, such as ground testing, launch and ascent, and orbital operations. In converting to

spacecraft reliability, we normally ignore pre-flight events, segregate launch events into a
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separate category, and focus on orbital events, but our sampled reliabilities do not have a
time dependence built into them, as do those of Section 3.4. Generally, it can be assumed
that the FMECA-based risk of a given failure mode is evaluated to the end of the mission,
which is about 1 year in the case of GP-B. This can then be “back-converted” to a
reliability prediction over time by using (3.1), (3.3), and (3.4) in reverse, but significant
additional uncertainty is added by this time-mapping procedure.

Also, since FMECA assessments only exist for specific, already-known failure
modes, the question of measuring the risk of failure due to unforseen causes is still open.
The Hecht method discussed in Section 3.4.2 bases its 50-50 division of failure sources on
the historical record of spacecraft failure events. Strictly, 18.9% of the Hecht database
failures were due to “unknown™ causes. Furthermore, most of the “design” failures
(24.8%) were due to an unforseen occurrence that invalidated the pre-launch design model
[4-3]. One could thus assume that the FMECA-listed failure modes represent only 100 -
18.9 - 24.8 = 56.3% of the total failure likelihood. However, whether this is really a fair
judgement is not clear. Conservatively, though, multiplying the output FMECA
reliabilities R by 1.0/ 0.563 = 1.776 might be a prudent course.

Since the implied failure event probabilities given in Table 3.3 are uncertain, Monte
Carlo simulation must again be used to resolve them in a method similar to that given in
Section 3.4.2. For a given sample trial, "true" failure probabilities are sampled from the
above distributions, and then P(MF) is computed for each listed failure cause using (3.5).
Failure causes that are similar in physical origin, such as failure of a sensor type that exists
in several places on the apparatus, use the same sampled failure probabilities for each
cause of that type. In this way, failure rate dependencies are modeled for events where the
underlying failure likelihoods are correlated.

To compute the overall subsystem mission failure probability for a given trial, the
mission failure probabilities for each event are multiplied together as in a series network.
Note that at this level, probabilistic independence is indeed assumed. While much of the
correlation between different failure modes is captured by the common failure probability
sampling just described, the assumption of independence at the top level (failure

occurrences are independent even though failure likelihoods are correlated) may be
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questionable in some cases. Modeling of top-level dependencies can be accomplished by
building a tree of dependent events known as an event tree [1-5]. In the future, it may be
possible to link FMECA-based reliability sampling with an event-tree that directly
represents events as they occur in the mission timeline. This linkage would also directly
handle the question of representing mission time in the FMECA reliability predictions.

As in the spacecraft bus sampling procedure, top-level reliabilities for each trial are
stored in histograms which are plotted and analyzed after all trials are completed. For the
GP-B payload development program, draft FMECA's are presented at the PDR for each
subsystem, and revised ones are completed by CDR. Thus, we will conduct reliability
conversion analyses for each subsystem separately as its FMECA is completed. A
subsequent Monte Carlo sampling procedure will be used as needed to combine subsystem

reliability histograms into an overall payload reliability prediction.

3.5.3 Results for GP-B Payload Dewar

An example result of this FMECA reliability prediction method for the Gravity
Probe-B spacecraft dewar subsystem is shown in Figure 3.3. It is the result of 4 million
Monte Carlo samples (in C) of the 82 separate failure modes (69 on-orbit, 13
launch/ascent) of relevance to the mission itself (rather than testing and preparing for
launch) listed in the dewar FMECA released by Lockheed. Note that a much greater
number of trials are desirable for FMECA reliability evaluation (compared to the failure
rate method) because of the much greater number of separate failure sources, each of
which requires three samples as per Table 3.3.

Two curves are shown on the plot. The lower one (a line) simply plots the output
histogram of dewar reliability observed over the 4 million trials. Below a reliability of
0.925, the curve becomes jagged and incomplete because of the scarcity of trials that
result in such low success probabilities. The upper one (‘x’) shows the resulting
cumulative distribution (cdf) of dewar system reliability. From this curve, we see that
given the current FMECA information, the likelihood that the true dewar reliability (to the
end of the on-orbit mission) is below 95% is about 0.018, or less than 2%. In fact, the
median reliability of the histogram is 99.7%, which is very good. However, the cdf levels
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Figure 3.3: GP-B Dewar FMECA Reliability Uncertainty

off below 90% reliability, suggesting that our uncertainty makes it difficult to rule out
reliabilities lower than 85% beyond a baseline likelihood of 0.003.

Compared to methods using failure rate data, the FMECA reliability approach
gives very uncertain results. Lacking more definitive information, it does, however,
provide a representation of performance uncertainty suitable for probabilistic decision-
making. Furthermore, it provides a starting point for uncertainty models that evolve with
time, as they can be updated using Bayesian techniques [3-3] periodically as new

information becomes available.

3.6  Conclusions and Further Work
The key question to be asked about the new reliability models discussed here is:
what significant improvements in mission-level risk modeling do they provide? It is clear

that the traditional reliability method of Section 3.2 is of limited use. However, both the
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failure-rate and FMECA models developed here require extensive computer simulation,
and they only give reliabilility uncertainty results which many find hard to digest.

The most fundamental benefit of these new methods is the proper representation of
failure-rate uncertainty. The practical impact of “fuzzy” reliability predictions may be
unclear to traditional systems engineers, but its importance becomes evident when one
analyzes a system from the perspective of decision making under uncertainty (see Section
1.2). Even without this perspective, one can examine the 90% or 95% lower confidence
intervals of the resulting reliability uncertainty distributions in addition to the median
reliabilities to get a better picture of which subsystems pose the largest mission
performance risk. This information should help to refine the process of deterministic risk
reduction efforts.

In addition, several interesting phenomena become apparent from the use of
simulations to evaluate reliability uncertainty. The best example is so-called weak sister
subsystems, which are discussed in the 1974-5 TRW studies [4-1,12]. This refers to
subsystems or components that, unknown to the developers, contain critical weaknesses
that make them the key drivers in the overall (unknown) spacecraft reliability. These flaws
are more likely to become apparent early in the mission; thus missions that survive this
early phase are more likely to contain no such weak sisters. The TRW studies suggest a
complex model that requires indentifying the “weak sister” risk for each component by
fitting specific curves to failure databases that have been broken down into “weak sisters,”
“normal populations,” etc.

A detailed study of weak-sister likelihoods would be useful, but it turns out that
Monte Carlo failure rate sampling reveals the same phenomenon naturally, without
needing a separate mathematical construct. In each failure-rate sampling trial, there is a
chance that one of the component classes will “get unlucky” and receive a very high failure
rate that translates into, for example, only a 70% likelihood of surviving one year in space.
This causes the overall system reliability for that trial to be bounded by 70% on the upside,
even if every other component is sampled to be very reliable. Different component classes

will contain weak sisters in separate sampling trials; thus the result of a large set of
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samples automatically incorporates the effects of weak sisters into the overall system
reliability uncertainty evaluation.

In addition, simulations naturally represent some of the dependence between the
failure likelihoods of identical or related components. In a given trial, the same random
sample is applied to all systems judged to be similar, then the reliability for the affected
component classes is determined from (3.2) by assuming independence of actual failure
events. In many cases, even the latter assumption is questionable, but the inclusion of
dependence of failure probabilities goes a long way toward defeating the optimistic
assumpticn of complete probabilistic independence. For example, a particular component
class with one primary and one (standby) backup unit will have the following reliability if it
receives its median failure rate, which we will assume to be 1 x 10 failures/hour. After
one year, the overall reliability for that class, using a standby “g” factor of 0.1, is 0.99995;
a good result. However, if a sample of one order of magnitude worse, 1 x 107, is
obtained for a given trial, the reliability becomes only 0.995, or two orders of magnitude
worse. The modeling of dependence, even in a limited fashion, helps to more realistically
evaluate the true benefit gained from redundancy, which is a primary tool of the system
designer.

Finally, the need for computers to conduct Monte Carlo simulations is not as
onerous as it might seem. First of all, the sampling and reliability computation is simple
and requires only floating-point arithmetic operators. Coded in C, millions of samples can
be conducted in only a few hours on the newest personal computers. Furthermore, the
traditional method of Section 3.2 is now usually carried out using computer software
which can numerically transform a functional block diagram of the type (including the
applicable failure rate information) shown in Figure 3.1 into system reliability numbers.
Since the “Rubicon” of reliance on computers has already been crossed, the analytical ease
of (3.1) is no longer as significant as it used to be. Instead, the rapidly-increasing
processing power of PC’s and workstations aliows us to build very flexible models and

evaluate them in whichever way best represents the information we possess.
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Chapter 4: Spacecraft Probabilistic Design Optimization

The concept of design was born the first time an individual created an object to serve
human needs. Today, design is still the ultimate expression of the art and science of
engineering. From the early days of engineering, the goal has been to improve the

design so as to achieve the best way of satisfving the original need, within the available

means.
- Panos Papalambros, Douglass Wilde, Principles of Optimal Design, p. 12.

4.1  Deterministic Reliability Optimization

While it is not generally true for spacecraft, many fields can take advantage of
deterministic reliability predictions built upon comprehensive failure databases to devise
methods for optimizing a given design from a reliability standpoint. More specifically,
there exist algorithms which can maximize system reliability under total system cost and
weight constraints. Conversely, they can minimize cost or weight given a lower-limit
reliability constraint. The design variables may include continuous variables and integers
that represent the amount of redundancy applied to each component class. Due to the
presence of nonlinear state equations (that compute reliability given a specific design
alternative) and discrete integer encodings, nonlinear programming (NLP) methods are
required to find the optimal design with certainty [2-8]. Typical problem statements of

this type are [3-5]:

Maximize Reliability Minimize Cost
M M
Max R, =]]R, Min  Cy =3
L or - 4.1)
such that Y p,;(R;)<a, such that R . =] R;(¥) 2R,
i=l i

where R represents reliability, C and ¢ represent (monetary) cost, py is the consumption of
resource k to obtain reliability R; for component i, a is the constraint on that resource,
and Y, is the unit redundancy chosen for that component. While NLP or dynamic

programming approaches can be applied to a general problem, the use of design heuristics
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in combination with a more-specific optimization approach tends to be more successful for
individual cases [2-11].

Note that despite the goal of design optimization for reliability, what is being
optimized here is a deterministic measure of risk performance. In other words, the
optimization method assumes that reliability can be directly computed from the model for
a given design, and it assumes that reliability, in and of itself, is the goal. This may be the
case for simple systems, but the design of a spacecraft is coupled with other issues that do
not necessarily fall within the designer’s control, such as the launch vehicle and orbital
insertion. The use of reliability as a system objective is a proxy for a more complete
model of mission-level user utility which, in part, expresses the effects of failures at certain
times on the overall objective, be it commercial, scientific, or otherwise. Therefore, a
better optimization can be done with a higher-level objective function that expresses a
tradeoff between probabilistic performance and design cost and effort.

In the spacecraft case, however, it is the significant uncertainty about mean
reliability predictions that limits the usefulness of deterministic reliability optimization. If
these mean values include the uncertainty demonstrated in the analyses of Chapter 3, the
deterministic approach would ignore the greater part of the true performance uncertainty.
This is an important reason why spacecraft design optimization using traditional reliability

methods is not seen as worthwhile.
4.2  Gravity Probe-B Spacecraft Bus Optimization

4.2.1 Optimization Problem Overview

As described in Chapter 1, the Gravity Probe-B spacecraft is designed to support a
physics experiment in orbit. As such, it can be subdivided into the experimental payload,
which includes the probe with its extremely precise gyroscopes to measure relativistic
drifts, and the spacecraft bus, which includes the support equipment needed to operate the
experiment in space. Because the payload is composed of new systems which have not
been extensively tested in space, reliability predictions for it are done using the FMECA
method described in Section 3.5. The design of the payload is controlled by scientific
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imperatives as well as the need for system-level redundancy. In contrast, the spacecraft
bus design uses well-understood subsystems to supply and regulate power, maintain the
required spacecraft position and attitude, etc. Thus, (uncertain) failure rates are available
for the spacecraft bus components, and the methods of Section 3.4 have been applied (as
shown in Figure 3.2 for the current LMSC spacecraft design).

Using these performance uncertainty models, we can optimize the layout of the
spacecraft bus design not with respect to its own reliability but instead to the overall
mission objective. Our basic decision vector will be the amount of component redundancy
to provide. In other words, we will choose the optimal number of each type of component
to provide to the spacecraft bus, relative to the minimum number of each component class
required to accomplish the mission. For a given design choice, the simulation-based
reliability method of Section 3.4 will be applied, and simulations of other relevant
performance models will be conducted as needed. The simulation outputs give the
objective function evaluation for that design choice.

Recall from Section 3.2 that the traditional approach insists on avoiding single-
point failures. Thus, every component class will have at least one more than the minimum
assumed necessary for mission success. This dictum is visible in the LMSC baseline
design shown in Figure 3.1 of the last chapter. In particular, it is thought that the GP-B
spacecraft bus should be made very simply and reliably so as not to add unnecessary
failure modes to the risks presented by the relatively untested payload system. This design

logic will be tested by the probabilistic optimization to be carried out here.

4.2.2 Probabilities of Non-Controllable Events

In the spacecraft bus optimization, the spacecraft bus reliability will be computed
using the failure-rate simulation method of Section 3.4. However, the unknown
reliabilities of the launch vehicle (including orbit insertion) and the experimental payload
are clearly critical to the mission value function. Although the spacecraft bus designer
cannot control these external risks, the marginal benefit of added spacecraft reliability will
be affected by the reliability of these other systems. For example, if the payload reliability

is below 0.90, the value (in terms of the overall mission) of increasing spacecraft reliability
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to end-of-mission from 0.98 to 0.99 will be lower than if the payload reliability is also in
the 0.98-0.99 range. This is true simply because the overall system probability of success
is dominated by its "weakest link" (recall the related "weak sister" effect on spacecraft
reliability described in Section 3.6); thus improvements to higher-reliability subsets of the
mission will have limited effect on the likelihood of overall success.

While payload subsystem reliabilities can be predicted from the FMECA method of
Section 3.5, it will not be possible to compute the end-to-end payload reliability until all
subsystem FMECA's have been completed. For now, simple uncertainty distributions will
be assessed for both the launch/orbit insertion and for the payload. For the Delta launch
vehicle and orbit insertion, the assumed mean success reliability is a point probability of
93%. The standard deviation of this mean reliability is 4%, and the true reliability is
sampled from a Normal distribution with these parameters but bounded by 100% on the
upside. The experimental payload is modeled with a single mixed Weibull-Exponential
failure model as per Section 3.4, with a mean base failure rate (computed by summing
failure rate estimates for each of the payload subsystems) of A = 8 x 10® and a (high)
lognormal uncertainty factor 6 = 1.0. Using Section 3.4, this mean failure rate translates
into an expected one-year success probability for the payload of 92.8%, although the level
of uncertainty for the payload is much higher than for the launch vehicle.

The success probabilities for launch/orbit and payload systems are sampled for
each uncertainty trial and then applied to the more-detailed spacecraft bus reliability
computations. The latter will change as different spacecraft bus designs are evaluated, but
the launch/orbit and payload reliabilities are considered to be independent of the optimal
spacecraft design and thus are not affected by spacecraft design variations. Admittedly,
this is a slight simplification, as the spacecraft/payload interfaces for GP-B do not allow
such an easy separation (see Figure 3.1b), but it makes sense given the very simple
payload model used.

Finally, there are roles on the spacecraft bus which are “one-shot” operations, such
as deploying the solar arrays after the final orbit has been attained. These are represented
by a point failure probability rather than the time-based model of Section 3.4. For the

(internally redundant) solar array release and deployment units required for GP-B, a mean
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point success probability of 0.9995 is assessed, and the (Normal) uncertainty standard

deviation is 0.001 (the success probability is bounded by a maximum of 1.0).

4.2.3 Decision-Maker Utility Functions

The optimal design is driven by the form of the objective function used to model
the wrility, or relative values of outcomes, of the decision maker. Because evolutionary
methods (detailed in Section 4.3) can perform an optimal search on any objective function,
the designers are free to choose any mathematical model that best describes their
preferences. This is a major improvement over conventional formulations such as 4.1),
but it is a double-edged sword: the optimal search will tend to exploit any “holes” in the
objective function, resulting in solutions that may not seem optimal to the human
designers. In general, it is difficult to properly weigh the preferences of both system
designers and users into a single objective function on the first try (but it is much more
difficult if the form of this function is mathemetically constrained) [1-5]. The results of the
first few optimization runs therefore fit into an iterative systems engineering framework as
they help designers refine their value models to better capture what they want to achieve.
It is possible to abuse this process in order to justify a pre-determined conclusion, but that
violates the basic precepts of decision theory and results in a decision-maker simply

cheating himself or herself.

4.2.3.1 LMSC Value Model: The objective function for LMSC is assumed to be the fee,

or profit as a percentage of the spacecraft bus cost, it is to receive depending on the
outcome of the mission. The following objective functions are based on the LMSC/NASA
reward contract for GP-B and thus are a reasonable starting point for expressing LMSC
preferences in terms of maximum gain from the mission, although they do not explicitly
give the true LMSC fee agreement. For LMSC, profit is divided into three categories
with the following random models:

® award fee: From 0 to 6% of spacecraft bus cost Cs, based on progress in meeting

development program milestones -- modeled as (unchangeable) Normal(4%, 1%).
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® cost fee: From -6% to 6% of spacecraft bus cost Cs, based on a linear function of
the resulting actual cost of spacecraft bus. The actual cost Ca includes the amount
by which the number of components of a given design solution increases or
decreases the spacecraft cost, and a random cost amount of Gamma($25 million,

$10 million) - $10 million is added. The cost fee percentage is then determined by:

[
6% if C, <Cg — $5 million
CP. = { -6% if C4 2Cg + $55 million 4.2)
6 - 0.2 Ca=Ce +$5 million (%) otherwise
$1 million

® performance fee: From -6% to 6% of spacecraft bus cost Cs, based on results of
mission and spacecraft bus on-orbit. A successful mission which obtains valid
science data for the one-year length of the primary mission is worth 6% to LMSC.
A mission failure during launch or orbit insertion (resulting in no science data) that
is attributed to LMSC results in a fee of -6%. If the blame lies elsewhere, the fee
is 0%, which also applies to a non-LMSC mission failure during the first six
months of science data-taking. The fee for a failure blamed on LMSC during the
first six months, or any failure after six months have passed, is bounded by the

following Maximum Performance Fee (MPF):

(tm—6)’
MPF = m—g+6 PFF - 6
[pm—¢] 4.3)

where fm is the number of months of successful science data-taking, and PFF is an
independent, subjective performance evaluation made by Stanford which is assumed

to be distributed as (unchangeable) Normal(0.8,0.1) < 1.0.

NASA regulations bound the overall fee percentage, which is the sum of the fees from the

three listed sources, to a minimum of 0% (i.e., no financial loss is possible) and a
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maximum of 15%. The estimated base spacecraft bus cost is Cs = $100 million, which
translates into a possible value range of $0 - 15 million.

This expected-profit model contains few strong incentives for LMSC to maximize
on-orbit reliability. Much of Lockheed’s profit is determined before the spacecraft is even
launched, and there are many factors which the spacecraft redundancy designer cannot
directly control. As noted in Section 4.2.2, the relative importance of these factors lessens
the marginal value of reliability improvements. Also, the launch vehicle, upper stage, and
experimental payload are all intrinsically less reliable than the spacecraft bus. The

spacecraft bus designer must nevertheless make the optimal design decisions within this

extended context.

4.2.3.2 Stanford Value Model: The objective function for Stanford University, which is

focused primarily on the amount of high-quality experimental data obtained from the
mission, is based solely on an on-orbit performance evaluation similar in intent to that of
the LMSC performance fee. It is also normalized to be between $0 - 15 million, although
the resulting LMSC and Stanford values are not directly comparable, since scientific value
is not expressed in terms of dollars. Successful science data taking for the length of the
one-year primary mission is "worth" $15 million, mission failure before any data is

received is worth nothing, and intermediate results are valued by the following equation:

0.1 tm ($15million) tm <6 months

44
[0.6 + 0.0667(¢m - 6)] ($15million) 7 < tm <I12months @4

Stanford Value = {

This function increases linearly over the first six top-priority months, then it levels off as
further months of mission success are added. It should be noted that additional value
would be derived from “co-experiments” which will continue after the first year in orbit,
but they are of a lesser order than the relativity mission. Thus, payload and spacecraft bus
reliability is only computed out to one year for the purposes of optimization.

Unlike the LMSC value function, the Stanford model does not include extraneous

(and uncontrollable) variables. The resulting value is solely a function of how much high-
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quality data (i.e., data that meets the science requirements) is obtained. Note that this is
admittedly a simplification of reality, since Stanford's value (and LMSC's) is directly
connected to cost and schedule objectives during program development which are tied to
the complexity of the spacecraft design. A complete decision-theoretic solution would
include these concerns along with a model of program development risk and simulation of
the development process. This is not done here but is a key area of future work [1-5].

In the Stanford case, the reliability model is assumed to represent failures that
make it impossible to obtain good experimental data for one reason or another. Failures
which only degrade the amount or quality of data within acceptable limits are not counted
as mission failures, although considerable uncertainty exists over the threat posed by
specific component failures (see Section 3.5 for a discussion of FMECA's). Since we can
compute the overall distribution of failure times based on launch, orbit insertion, payload,
and spacecraft bus reliabilities (after uncertain failure parameters are sampled), it is not
necessary to run actual orbital simulations of the Stanford value function; the value (4.4)

can be computed as a weighted sum of each possible number of months of valid data.

4.2.4 Constraint Modeling

To represent constraints, penalty functions are applied which subtract costs for
exceeding spacecraft weight, volume, and power budgets from the LMSC and Stanford
value functions. The spacecraft bus has been allocated totals of 801.5 kg, 0.983 m’, and
223.75 Watts for each of these, respectively, in the LMSC spacecraft proposal [5-5].
Each trial solution has its totals in these categories (as well as unit cost) figured, and ratios
of these numbers over the base numbers given above are computed as Rw, Ry, and Rp
respectively. If these ratios are below 1.0 (indicating that the proposed solution is within
budget in that category), no penalty cost is applied. If not, penalties are computed based
on the following cubic functions whose coefficients are chosen to model the approximate

loss of mission value that would result from a given level of budgetary excess:
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weight penalty = Cs[0.001+0.5 (R}, ~1)] (4.52)
volume penalty = Cq [0.0001 +001(R}, —1)] (4.5b)
power penalty = Cg [0.001 +0.09 (R,3, - l)] (4.5¢)

where Cs is the base spacecraft cost of $100 million. Note that these equations rank
relative importance in meeting the budget as weight first, then power, then volume. Also,
in the weight case (4.5a), additional weight is assumed to be added in the spacecraft
structure at the same proportion (to baseline structural weight) that Ry exceeds 1.0.

The use of penalty functions to represent constraints is a controversial issue in
evolutionary systems optimization because such functions cannot easily enforce “hard
constraints” which must not under any circumstances be violated. If the spacecraft system
budgets truly were absolute black-or-white barriers, this approach would be insufficient.
There are two means of enforcing hard constraints in an evolutionary-search format. One
is to come up with a problem encoding that simply does not allow a constraint violation.
This is possible only if the constraints do nothing more than bound the range of each
separate entry of the solution vector. Another approach is to simply check the constraints
for each new solution generated and discard those that violate any constraint.
Unfortunately, this approach denies the algorithm the ability to search near the constraint
borders (as is done in Linear Programming) since many solutions close to the border will
be rejected before they can propagate their desirable elements.

Penalty functions are the right choice for most real-world problems because few
constraints are truly absolute, and those that are can normally be incorporated into the
problem encoding. In the spacecraft design case, the budgets proposed initially normally
have a “safety” margin to allow for possible overruns in key subsystems. The margin is
considerable in the GP-B case because of the separate set of budgets for the experimental
payload, where more budget margin is necessary. The functions in (4.5) account for this
by providing a small but noticeable ($100,000 in the weight and power cases) penalty for
any exceedence of the applicable budget and then increase the penalty exponentially as the

constraint violation worsens. Once the violation begins to use up most of the slack in the
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budget, the penalty cost from (4.5) becomes severe (greater than $1 million), ensuring that

that alternative is not close to optimal.

4.2.5 Final Objective Function Evaluation
After taking these possible penalty costs into account, the final evaluations for the

Lockheed and Stanford value functions can be computed:

LMSC value = award fee + cost fee + on-orbit fee - penalty costs (4.6a)

Stanford value = on-orbit value + cost savings - penalty costs (4.6b)

Because these evaluations are based on simulation results, many trials must be conducted
to produce a result distribution that can be converted into an objective value. In the
LMSC case, for each new solution evaluation, 10 mission failure-time simulations are
conducted for each of 500 samples of the reliability parameter uncertainties as in Section
3.4.  As mentioned before, the Stanford case does not require mission simulations.
Instead, the value function (4.6b) is evaluated based on the histogram of mission reliability
per month generated by 1000 samples of reliability uncertainty. The result is a
considerable speed-up compared to the LMSC evaluation, and the lesser need for
simulation reduces the random noise in the values that remain after the simulations are
completed.

In order to reduce the sampling noise or uncertainty over time, initial evaluations
of design solutions are not “thrown away.” Instead, results for solutions which have been
evaluated are stored along with a count (Ngis) of how many separate evaluations have been
conducted. When a previously-evaluated solution is re-evaluated, the specified number of
simulations per evaluation are conducted, then a weighted value update is conducted as

follows:

N 4 (0ld evaluation) + (new evaluation)
N, +1

Updated evaluation = 4.7
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The updated value then becomes the old value, and Nyyq is increased by one. Since
simulated annealing (Section 4.3.1) propagates only one trial solution at a time, this is
straightforward. For a genetic algorithm (Section 4.3.2) in which many solutions are

maintained at once, a list of previous evaluations needs to be kept.

4.2.6 Value Models for the Risk-Averse Case

If LMSC or Stanford were deemed to be significantly risk-averse to the effect of a
publicized mission failure, a risk aversion factor [1-3,5] can be added to the risk-neutral
value models presented in this section. In the LMSC case, risk aversion could flow from a
fear of loss of future spacecraft contracts if GP-B had a publicized failure that was blamed
on the spacecraft bus. This would apply to the performance fee only, and it would be
offset to some degree by the other fees which are (for the most part) determined before
launch. Stanford is concerned with orbital performance only and thus has a clear-cut
motivation to be risk-averse, since a failure of GP-B would make it difficult to receive
funding for another spacecraft to try the experiment again. However, this preference
shows up in the MPF equation (4.3), which places more importance on the first few
months of data-taking so that at least some science information is gained.

Risk aversion can be modeled arbitrarily using the preference probability value
model of Appendix A, which requires no mathematical assumptions outside of the basic
definitions of probability. For large risk-averse companies users whose certain equivalent
business (see Section 1.2.2 and Appendix A) for relatively small activities is assumed to be
independent of their overall "wealth", the delta property can be applied [1-3]). A
convenient model for this case is the following utility function, which would be applied to

the performance fee [1-5]:

uwp) = ‘PP 4.8)

I-exp(-7)
where p is the performance fee percentage and ¥y is a risk aversion coefficient. For a
strictly risk-neutral decision-maker, y = 0, which gives u = 0 for any p. This function is

thus inappropriate (and unnecessary) for a risk-neutral decision maker, but in the limit case
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as Y —> 0, u(x) —> x, which makes it logically consistent. Risk-averse users have Y>>0,
and risk-seeking users (an unusual case in practice) have ¥ < 0. Under the delta property,
'y must be constant over the range of possible outcomes.

A modified risk coefficient r = exp(y) has another useful property for ¥ # 0. For
risk-averse users, r > 1, and r gives the favorable risk odds that such a user would have to
be given in a lottery between outcomes +X (good) and -X (bad) before being indifferent to
a certain equivalent of 0. In other words, while a risk-neutral person would be indifferent
between a sure outcome of 0 and a 50-50 chance of winning X versus losing X (within the
delta property bounds), a risk-averse person would insist on a better than 50-50 chance of
winning before accepting the risk. His required chance of winning would then become
r/(r+1), which always exceeds 0.5 in the risk-averse case.

It is thus possible to derive risk-averse value models from risk-neutral ones directly
if the delta property holds. In general, this modification may significantly increase the
value of adding reliability to the spacecraft bus, although this effect is not significant for
GP-B because of the dominance of payload reliability (the weakest link) on overall mission
success. Even very risk-averse spacecraft bus designers can do no better than the payload
reliability (which cannot be altered here), thus overall mission reliability improvement is
hard to come by no matter what its potential value would be. This should be kept in mind

when considering the significance of the optimal results in Section 4.4.

43  New Design Optimization Approaches

Given an arbitrary user objective function and an uncertain reliability model which
cannot be represented analytically, the problem representation in (4.1) no longer fits. This
research uses the flexibility of evolutionary optimization methods, mentioned in Chapter 1,
to overcome these obstacles. Evolutionary approaches do not require a well-behaved,
analytic problem definition or value model. Instead, they rely on simulations to generate
arbitrary function evaluations. Since objective function gradients are not required, we can

more easily adopt the more realistic reliability models of Chapter 3.
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Variants of two well-known evolutionary methods are developed here for a
general reliability design problem. The simulated annealing approach uses one trial
solution which "evolves” in the search process, while the genetic algorithm maintains a
population of solutions that evolve according to the concept of natural selection. The
means by which a new set of solutions “evolves” from the current one differ considerably

between the two methods.

4.3.1 Simulated Annealing (SA) Algorithm

4.3.1.1 Methodology: Simulated Annealing, first applied in this thesis in Section 24, is
designed to carry out a global search of the design space using an analogy to the
thermodynamic process of annealing, in which a solid is heated and then slowly cooled to
improve its material properties. This cooling process is represented by the temperature
parameter (T), which is initialized to a value comparable to or above the value of the initial
design solution, or initial “energy” (U,). The temperature is slowly decreased as more
iterations are conducted, representing the “cooling” of the search procedure and the
desired convergence to a single globally-optimal solution. SA is discussed in more detail
in [2-10,16,17,3-12].

Figure 4.1 shows a conceptual

perturb evaluate
Xy —> X, objective U,

flow chart of the Simulated Annealing
solution procedure. Beginning with a
baseline solution vector x, the

algorithm sets up outer and inner

loops. In the outer loop, temperature

REJECT:

ACCEPT:
X=x, —_—

X=X,

is lowered by a constant multiplier

(Cr = 0.90-0.95), and a convergence

check is conducted. The algorithm

will terminate and report its current

solution and (if different) the best

solution ever found if the variation in

the objective value, relative to the Figure4.1: Simulated Annealing Flow Chart
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current value, is below a pre-set threshold €. The inner loop generates 15 N, (where N, is
the number of elements in the solution vector) successive new solutions. In each, a new
design x. is created by a random perturbation of the current solution vector X,. This
process is problem-specific, but it basically involves sampling of a new solution element
from a distribution whose mean is the number in the current solution.

Once a new solution is generated, the objective function is evaluated for the new
solution to give U.. If U, is an improvement over the current value, the new solution is
automatically accepted (i.e., it becomes the new x,). Otherwise, a sample p is taken of a
Uniform(0,1) distribution, and the new solution is accepted (despite being an apparent
move in the wrong direction) if p < Py, where Py is a function of the current temperature

(T):
(maximize value U) P.. = exp (—u) 4.9)

Since P decreases as the temperature is lowered, the algorithm will become less likely to
accept solutions with “worse” objective evaluations as the number of outer-loop iterations
increases. This allows the algorithm to search more of the design space in the early
iterations, hopefully avoiding getting “trapped” in local optima. As the temperature
decreases over time, the algorithm will be less likely to take exploratory steps, focusing
more on changes that give immediate improvement. Convergence will generally occur by
the time that no better solutions can be found and when the temperature has decayed to a
number that is small compared to U*, the value of the best solution found to that point.
Table 4.1 contains a summary of the key parameter settings for the spacecraft bus

optimization problem. The initial

SA Parameter | Value Notes
temperature T, = $2 million is

Initialtemp. | 2x10° | V., =1 6
chosen to give an initial P x10 ma = 15X 10

probability of accepting a move Num. temp. 300 | #iter. forgiven T

that causes a decrease of $I Temp. mult. 0.90 |dec. after 300 iter.

million in mission value of 0.606 Table 4.1: SA Algorithm Parameters
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(= exp(-0.5)). This high initial probability of a "backward" step decreases markedly as the
search proceeds, as the temperature is reduced 10% after each set of 300 new solution
trials. These last two parameters of Table 4.1 are chosen based on the studies of SA
performance in [2-10,16].

The basic concept behind SA is very simple, and it can quickly be implemented by
engineers who have their own system-specific performance analysis codes. Since SA has
proven to be a robust means of finding global optima for benchmark problems (such as the
Traveling Salesman Problem (TSP) [3-12]) that have eluded more traditional approaches,
it has great potential to be rapidly applied to a wide range of design optimization
problems.

Various enhancements to the basic SA algorithm have been developed in recent
years. SA variants that maintain an “ensemble” of several independent solutions at the
same time allow wider searches and can provide a “population” convergence stopping
criterion (as the separate SA evolutions converge toward the same solution). It is also
possible to adjust the covariance S of the new solution perturbations by computing the
covariance S, of the last 15N, accepted new solutions and multiplying by a “growth
factor” C, > 1 to enlarge the search space commensurate with the direction and magnitude
of the previous solution vector moves [2-16]. Many other modifications exist [2-10,3-12]

and can be applied when the basic algorithm has trouble converging efficiently.

4.3.1.2 Problem Encoding and SA Perturbations: The SA algorithm used in this study has

a new and unique method of generating a new solution. Trial solutions are specified by a
collection of integer "genes" that give the number of units (how many) of each spacecraft
component type included in that design. In the spacecraft case, the solution (a vector of
integers) is broken down into functional subsystems (as shown in Table 4.3). Each time a
new solution is generated, at least one of the changeable subsystems (all but the first two
in Table 4.3) is randomly selected for modification. Those not selected retain the same
values as in the last solution.

A new method for generating random perturbations of existing SA solutions has

been developed in this thesis. It maintains the SA perturbation philosophy of making small
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changes in the current design more likely than large ones, and it makes design changes
within subsystem partitions rather than randomly altering numbers of unrelated
components. For each component in a subsystem to be changed, a pair of staircase
functions is computed based on the current number of units (nc) and the minimum and
maximum number allowed for that component (m and M respectively). The minimum
number is the number needed for mission success, and the maximum for a given case is the
lesser of two quantities: 2 nc or the absolute maximum number allowed. The probability

function for the number of units in the new solution is chosen to be:

P[new =nx\old =nc] 2.5/{2 (M—m)} for nx=nc

_1-25/{2(M-m)}
Y

i=l

nx forM2nx>nc

_1-25/{2(M-m)}
ncim i
= (4.10)

nx fornc>nx>m

Equation (4.10) creates a "stairstep” distribution that peaks when nx = nc. Retaining the
current number of units is thus quite probable. The more different a new number is, the
less likely it is to be selected. Note that there is an equal probability of the new number
being either higher or lower than nc. Because large changes are unlikely in a single trial;
new solutions "evolve” from the best ones found thus far.

Figure 4.2 shows the stairstep distribution created by (4.10) for the case nc = 2, m
= 1, and M = 4, which is common in the subsystem redundancy allocation carried out in
Section 4.4. Note that retaining the current solution component number is the most likely

result, and the probability of choosing a different number is evenly divided among nx < nc
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and nx > nc; thus the most likely change 045
is to reduce down to nx = 1, the 04r
minimum possible number. As nx gets 0:35:
farther away from nc, its probability %‘ o02st
decreases accordingly. ;,—? 02}
When the SA algorithm generates 0.15F
a new solution, it randomly applies the 00("15:
perturbation operator (4.10) to all ‘0
components in a given subsystem. For : Numbirof Com;onems 4

the GP-B spacecraft bus, seven separate  Figure 4.2: Solution Perturbation Distribution

subsystems have been defined:

1. structure (1 component - unchangeable)

2. thermal (1 component - unchangeable)

3. power (4 components - 1 unchangeable)
4, communications (5 components)

5. computer/processing (5 components)

6. guidance and control (6 components)

7. solar array deployables (5 components)

Unchangeable components refer to things that the SA optimization algorithm is not
allowed to change. This includes the design of the structural and thermal subsystems as
well as the size (number of cell strings) of the solar panels in the power subsystem. Solar
array reliability is a function of the number of strings provided, but adding strings
increases the solar array panel area, which affects the solar pressure disturbances on the
spacecraft in addition to increasing weight and volume. Thus, a change would require
much more complex, integrated performance analysis software which is not practical here,
although it is an important long-term goal. Similar issues exist for the helium thrusters (in
guidance and control), but the total number of thrusters is allowed to be changed by the

optimal search procedure.
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For the five subsystems that have changeable components, each time SA generates
a new solution from the current one, it samples a Uniform(0,1) random variable for each
subsystem. Subsystems whose uniform sample is below a threshold level P, = 0.30 (a
30% chance) will have their component numbers altered by sampling from the stairstep
distribution (4.10). The rest will not be altered at all for this particular perturbation. At
least one subsystem must be altered -- if none of the subsystem samples is less than P,, one
of the five changeable subsystems is selected randomly for alteration (each has probability
0.2 of being selected). This procedure helps prevent solutions from changing too abruptly
from one trial solution to the next, but it also insures a very high probability of at least
some change in one of the variable subsystems.

Note that the perturbation approach described here has a couple of key parameters
that can be adapted as part of the SA algorithm. First, of course, the subsystem probability
threshold P, can be varied to increase or decrease the average amount of variation from
one solution to the next. Second, the key constant in the stairstep distribution (4.10) is the
parameter N = 2.5 which is in the numerator of the probability calculation for nx = nc
(and is by consequence in the other cases as well) and controls the likelihood of retaining
the same number of components for a given solution entry. If this number is increased,
the amount of variation produced by the stairstep distribution decreases, and vice versa.
As mentioned in the last section, it might be desirable to adjust one or both of these
parameters to increase the search space (i.e., increase solution variability from step to
step) if the current solution covariance S, is too small, and the reverse is also true [2-16].
This has not been implemented in the spacecraft optimization procedure simply because

SA converges quite readily without adjustments to P, and N.,.

4.3.2 Genetic Algorithms (GA’s)

Genetic Algorithms get their name from their attempt to model optimization as a
“survival of the fittest” battle among a population of possible solutions to determine the
onc that best satisfies the objective function. Rather than trying one solution at a time, as
in Simulated Annealing, genetic algorithms maintain a population of Np solutions and

“evolve” them from one generation to the next using operators that are modeled on
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Natural Selection and the reproduction of biological organisms. These operators, while
not deterministic, tend to favor solutions which have higher objective function evaluations,
or fitnesses.

Selected higher-fitness solutions can directly reproduce into the next generation,
but most of the search effectiveness arises from the crossover and mutation operators.
The former is the more important; it mixes the solution-vector entries, or genes, of two
selected (for their fitness) “parent” solutions to create “children,” some of which will
hopefully combine the better attributes of both parents into a superior offspring. The
population will tend to converge toward similar-looking solutions that appear to give the
best fitness, but the mutation operator exists to prevent premature convergence to a local
optimum by randomly altering individual genes within the overall population with a small
probability. Populations that appear to reject all mutated variants of the dominant solution
can be said to have converged “close” to a global optimum -- there is no guarantee of
reaching such an optimum in finite time [2-5].

GA'’s can be said to search the objective function by hyperplane. A hyperplane is
simply the set of all possible solutions that share a given sub-solution encoding. An

example is:
#iH ] 1 O#HE1#)

where the #'s are “wild cards” that can be any allowed entry. Hyperplanes whose
common entries have a high fitness will slowly come to predominate in the population as
the GA searches for the right combination of wild-card entries to maximize the value of
the overall design. A formal explanation of this concept and its consequences is given in
the Schema Theorem [2-5,9).

In the canonical genetic algorithm (GA) format [2-5], chromosomes, or members
of a population of trial solutions, are expressed as binary numbers (0-1), and the standard
genetic evolution operators are designed for this type of population. Figure 4.3 shows
example cases of crossover and mutation operators for binary encodings. For this system

design application, however, the integer solution encoding used for the SA algorithm in
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Section 4.3.1.2 is much more natural. |

00110101 1110001, = :0011010!1[0110101

10111(!1:[01101@ aneqairt (1011100 1110001,

Thus, variants of the GA operators for

________

this genetic format have been developed aossover
and are discussed here. It should be
possible to improve them by
' 00110t 11001 = 0011g§111001
incorporating more problem-specific anehit mutation
information; this is left for future
Figure43: Canonical GA Operator Exanle

research.

As for Simulated Annealing, revious research on using Monte Carlo simulation to
evaluate the objective function (or fitness) of population members has provided insight
into the GA design parameters used here [2-1,6]. These are given in Table 4.2. The

revised operators are:

Reproduction: Roulette wheel selection, in which solutions are randomly chosen with a
probability that is proportional to their fitness, is used to choose solutions for the next
generation (before crossover). Since the spacecraft bus value function evaluations tend to
be similar, the fitnesses are linearly normalized from best to worst by multiplying the
difference between the best fitness and a given solution fitness by 10. The best solution is
always reproduced into the next generation (elitism), and the weighted-average equation
(4.7) is used when applicable to update (rather than replace) the fitness of the best solution
[2-2].

Crossover: Subject to the crossover rate in Table 4.2, after sets of parents are chosen by

the reproduction operator, two solutions

. “ v GA parameter | Value Notes
at a time are “mated” together to

produce one offspring. The two parents Population size | 25 | duplicat. poss.

simply average their unit numbers for Crossoverrate | 0.6 after reprod.

each component type within a randomly Mutation rate | 0.02 use (4.4)

selected (using the SA subsystem No. simulations | 500 | per func. eval.

Converge tol. | 0.01

selection procedure - see Section 4.3.1.2)

crossover window to give the number of Table 4.2: GA Parameters
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units in the offspring (randomly rounded up or down if the result includes a decimal: n.5).
The crossover rate determines the ratio of offspring to reproduced strings in the next

generation, as Nr (= 0.6 N) solutions are crossed over in N¢r separate combinations to

produce Ncr offspring.

Mutation: Each gene (number of units for a given component) is subject to random
mutation with the mutation rate probability given in Table 4.2. If a gene is mutated, the
current number of units is replaced according to the SA probability equation (4.10). This
function has a high probability of retaining the same number of units; so the mutation rate

is inflated somewhat to compensate.

Population Convergence: The convergence test is conducted after fitness evaluation but
before the next generation is reproduced. If the average fitness of the population differs
from that of the best solution in the population by less than the tolerance given in Table

4.2, the algorithm stops and outputs the final solution population as well as the best single

solution obtained thus far.

Genetic algorithms have several advantages over simulated annealing. Most
fundamentally, the search of hyperplanes via the Schema Theorem is potentially much
more particular than the simpler solution perturbation operators used in SA. In other
words, GA’s have a better chance of making fine distinctions within the problem encoding,
making it more probable that they will arrive at the optimal entries for each solution vector
element. Also, the evolution of a population of solutions in GA’s rather than a single one
provides more robustness to the optimal search (SA can also be modified to conduct
multiple solution propagations simultaneously). Examination of the final population at
convergence and comparison to the best solution found shows how much variation exists
within the final population and may display a genetic “line” of solutions quite different
than the dominant families but which nevertheless have competitive fitnesses. This gives
the human designer a basis to do his own search, combining various elements of the final

population that he or she thinks might complement each other.
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However, GA’s have a significant disadvantage for users who are not familiar with
their inner workings: they are simply much more complex than SA and require
incorporating many special subroutines into the software that computes system
performance and value. Many GA source codes can be purchased or obtained through the
Internet, but it is not usually possible to just use them as “black box” codes because they
are heavily dependent on the solution encoding (as demonstrated above). In marked
contrast, the basic SA concept is so simple that any engineer can write his own code of
less than 50 lines to execute it, and one can include the solution perturbation algorithm
that fits the problem at hand. In addition, SA codes which propagate a single solution are
good enough for most applications; thus a great deal of computer time is saved by not
having to evolve and evaluate a much larger set of trial solutions.

These decisive advantages of SA when used by design engineers of varying
specialties suggest that SA be the preferred optimal search strategy. GA's definitely have
their uses, however, especially when the design engineers have significant background in
and understanding of them. Generally, GA’s should be used only when they can be carried
out with populations if non-trivial size (5 at a minimum; preferably at least 10 solutions) in
a reasonable computing time and when at least one of the following two conditions

applies:

o search particularity and/or robustness are very important for a particular
application (in this case, GA helps by searching more of the design space and by
differentiating more between similar-looking solution encodings)

* abinary encoding naturally fits the solution space for a given problem (in this case,

black-box codes for a “canonical” GA should work with few modifications)

For the spacecraft bus optimization problem, SA search has demonstrated
sufficient particularity (ability to distinguish between values of similar solutions) and
robustness, especially since, for the majority of component types, the value models are not
very sensitive to small changes in redundancy. Attempts to run the GA search algorithm

have not been able to come close to convergence in the same time that the SA code does

101



(i.e., within 18 hours). Faster convergence may be obtained by decreasing the mutation
rate, but in any case, the good results from SA preclude the need to use GA's for this
particular spacecraft bus application. The results in the following section thus come from
runs of the SA algorithm only. However, Section 8.4 introduces an augmented-GPS

network optimization problem where GA’s are the preferred solution strategy.

4.3.3 Optimization Process Flow Chart

Figure 4.4 is a flow chart which illustrates the overall simulation-based
optimization procedure. All of the elements of the process work together smoothly in a
compiled program that includes all of the relevant performance evalvation subroutines
shown as well as the code which executes the evolutionary optimal search. Note that the
final result is not the last word. Once convergence is obtained, the human designer must
compare the result to his expectations and determine if the optimal result was chosen
because user preferences were not fully modeled. Revisions to the value models and
penalty functions are thus natural outcomes of a single run, and the entire process

resembles the iterative design procedure that is familiar to systems engineers.

subsystem

o simulation i
reliability design
model constraints

~ yd

simulation-based
objective evaluation

iterate

| SA/GA generates >
new solution(s)

SA: acceptreject
GA: gvolve pop, Tlemmmm

converged?

Figure 4.4: Spacecraft Bus Optimization Flow Chart
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44  Spacecraft Bus Optimization Results

4.4.1 Baseline Design and Problem Formulation

Figure 3.1 in Chapter 3 shows the component redundancy of the LMSC baseline
spacecraft bus design for which the reliability results in Figure 3.2 were computed. The
separate lines indicate which components fall into the subsystem classes listed in Section
4.3.1.2. It also shows, at a simplified level, the number of components of each type
needed for mission success (usually just one). This nimber serves as the minimum number
(m) for that component type in the encoding scheme. The absolute maximum number (M)
allowed in the encoding varies, and it is a somewhat arbitrary constraint in most cases.
Generally, components with 2-for-1 redundancy in the baseline design have M = 4, and
components with k-out-of-n redundancy where k > 1 and/or n > 2 have M = 8. For the
helium thrusters, M = 24, which is probably higher than necessary.

The encoding used here allows for single-point failure modes since the minimum
number of components allowed (m) is always equal to the minimum number needed to
work. This is by design; one of the spacecraft design principles being tested here is the
one which forbids non-redundant designs as too risky. However, if non-redundancy really
were deemed to be unacceptable (regardless of the added weight or expense) by the
decision-makers, m could simply be increased by one for each component class.

Using the reliability results from Section 3.4 along with the non-spacecraft-bus
failure models of Section 4.2.2, the baseline design has an LMSC value of $13.12 million
and a Stanford value of $13.48 million. These are already between 87.5% and 90% of the

maximum possible value of a completely successful mission ($15 million); thus the
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Component Min. Component
Structure 1 telem proc.
Thermal 1 remote proc.
SA string 92 flight comp.
power reg. 1 2 solid-st. rec.
NiCd battery 1 2 P/Y gyro as.
pwr. control 1 @ star tracker
omni antenna | 1 4 | i R/Y gyroas.
circ. switch 1 2 thrusters
RF switch 1 2 ATCelect. 1
trans. switch 1 2 mass trim 1
transponder 1 2 SA release 4 4 (ir)
cmd. proc. 1 2 SA separ. 1 1(ir)
(nc) cannot be changed (ir) internally redundant
redundancy removed Q redundancy added
Table 4.3a: LMSC Optimal Design Results
Component Min. | baseln. | optim. Component Min,
Structure 1 1 (nc) 1 telem. proc. 1 @
Thermal 1 1 (nc) 1 remote proc. 1 £3 )
SA string 92 | 96(nc) 96 flight comp. 1 2
power reg. 1 2 A1 solid-st. rec. 1 1
NiCd battery 1 2 A P/Y gyro as. 1 1
pwr. control 1 1 (Gr) 1 star tracker 1 2
omni antenna 1 4 -1 R/Y gyro as. 1 2
circ. switch 1 2 i 5 thrusters 16 Q
RF switch 1 2 ATCelect. 1 2 1
trans. switch 1 2 & mass trim 1 2 2
transponder 1 2 2 SA release 4 4 (ir) 4
cmd. proc. 1 2 E SA separ. 1 1 (ir) 1
(nc) cannot be changed (ir) internally redundant
redundancy removed o redundancy added

Table 4.3b: Stanford Optimal Design Results




potential improvement from an optimized design will not be dramatic. Optimal design runs
using both the LMSC and Stanford objective functions and the SA algorithm have been
conducted. Attempts have also been made to determine which input parameter changes

show the most sensitivity in the optimal results.

4.4.2 Design Optimization Results

Using the SA algorithm of Section 4.3.1, the best spacecraft designs obtained after
convergence are given in Tables 4.3a and 4.3b, which contains the minimum numbers of
working components, the LMSC baseline design, and the optimal component numbers for
the LMSC and Stanford value functions, respectively. The algorithm was always
initialized with the baseline solution, so it is to be expected that the objective value would
drop as the SA algorithm explores a range of options. Figure 4.5 below has mean result
values that show 5.2% improvement over the baseline design for the LMSC case and
3.5% improvement for the Stanford case. Running on a Sparc-10 workstation,
convergence was generally obtained within 18 hours, but as noted above, the tolerance
could have been increased (stopping the runs earlier) with little change in the results.

Note in Table 4.3 that the optimal designs show some consistent patterns when
compared to the baseline solution. While the baseline has the same redundancy for all
components, the SA-generated solutions remove redundancy from less-risky or cost-
effective components and add redundancy to components that have high failure rates
and/or failure rate uncertainties. This is not surprising, and it points out the potential sub-
optimality of the traditional method of allocating redundancy, which applies redundancy
everywhere because conventional spacecraft risk predictions cannot be trusted to isolate
components that have the most impact on overall mission risk (see Section 3.3).

From these results, we see that in both the LMSC and Stanford cases, the optimal
result for the NiCd battery is a single non-redundant unit. This not only violates the
single-point failure guideline, it removes redundancy from a component that has a
relatively high mean failure rate. While it is surprising at first glance, the reason becomes
evident when one realizes that a certain amount of weight, power, and volume must be

freed up to allow added redundancy for riskier subsystems. Removing one battery frees
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up enough room for additional units elsewhere. A non-redundant battery does pose a
non-trivial failure risk, but its mean failure rate uncertainty is relatively low since
considerable orbital experience exists for it. Since the length of the primary mission is
short, the high mean risk and the normal battery wear-out problems may come into play
less, allowing the algorithm to take an educated risk in removing one battery to make way
for additions in the “electronic box” subsystems (communications, processing, guidance
and control), where components typically have higher failure rate uncertainties. Higher-
uncertainty components pose special risks because they may have a non-trivial chance of
having such a poor reliability (90% or less) that the design of the rest of the spacecraft
becomes almost irrelevant. The degree to which these arguments are relevant for GP-B is
studied in Section 4.4.6, where a variant SA evolution is run for the two-battery case.

It is also notable that separate optimization runs often give widely different optimal
results for several component types, even when the same value model is applied. This
pattern, evident for many of the switches and antennas (and the thrusters for reasons of
limited cause-and-effect modeling), normally suggests that the objective value is not very
sensitive 1o changes in these design elements. In these cases, spacecraft reliability is not
much affected, and the system budgets are not significantly altered by the inclusion or
removal of a single unit in one of these classes. Components which demonstrate this lack
of sensitivity can thus easily be set to the “intuitive” redundancy level (2-for-1, 5-for-3,
etc.) without controversy. Attention will then be directed where it belongs: to more
detailed studies of the components, such as the NiCd battery, that give both consistent and

surprising results.

4.4.3 Optimal Design Value Evolutions

Figures 4.5a and 4.5b show the evolution of the LMSC and Stanford objective
values, respectively, for the two runs which gave the results shown in Table 4.3. The
dashed line represents the initial evaluation of the LMSC baseline design for each value
model. Each evaluation point represents the value of the current SA solution at the end of
each constant-temperature iteration. The last points on these plots represent the latest

evaluations of the best solutions found. Convergence in Figure 4.5a appears rapid, but the

106



16 t t 15
= 145 -
S -
= 14 ~ 1
&0 Baseline Design Value | E 135l
Q
3 £ 13t
3 g 13
>
o 10 - '§ 1254
]
5 B
) 12t
g 8 - E
- 11.5¢
6 L I n
0 10 20 30 40 50 60
0 50 100 150 T
temp. iteration number termp. iteration number
Figure 4.5a: LMSC Optimal Value Evolution Figwe4.5h: Stanford Optimal Value Evolution

time scale is misleading, since the termination tolerance in the LMSC case is deliberately
made tight in order to run more system simulations and to study the steady-state variance
of the optimal design values.

One thing that is notable in Figure 4.5a is the decrease in the value of the SA
solution during the first five iterations. With an initial “temperature” of $2 million, the SA
search was initially very tolerant of moves in the wrong direction, but this tendency was
suppressed as the temperature was lowered, and the wide search of the design space was
able to focus in an area that clearly achieved higher values than the starting solution. In
the Stanford case, the starting temperature was set to be $1.5 million because the value
model had less randomness (since no award or cost fees were included). This prevented
the SA search from accepting as many downward moves and thereby limited the search
space explored. However, convergence to an improved solution was obtained more
rapidly.

Figure 4.6 shows the evolution of penalty function cost for these two LMSC and
Stanford runs. The use of penalty functions works well here, as no "invalid” solutions
were accepted after the first 10 iterations in either case. This is evident because the
penalty cost, after bouncing around a bit as different non-feasible solutions are tried early

in the search process (when the SA temperature is high) falls to zero and stays there for
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the duration of the search. If optimal

solutions with non-zero penalty costs @15 IMSC: T, =$20 Mil
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coefficients should be made more §
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functions are grounded in a valid E v
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that solutions once thought to be Temp. lteration

infeasible actually give better bottom- Figure 4.6: Penalty Costs for SA Runs

line results. The flexibility provided by

“soft” constraint modeling thus has the important advantage of allowing one to check
whether the pre-set constraints actually make sense at the system level, rather than
enforcing “hard” constraints that are assumed to be inviolate and etched in stone. For
example, if the final converged solution included a non-zero penalty cost, that would
suggest that the constraint which it modeled may not be as critical as originally thought,
since overall mission value was maximized when that constraint was slightly violated. If
that constraint really were critical, its penalty function would have to be changed to make

small violations .of it more expensive.

4.4.4 Optimal Spacecraft and Mission Reliability

Using the Stanford value model, Figures 4.7a and 4.7b show the resulting
probability densities of system reliability at t = 1 year (the end of the GP-B primary
mission) for the spacecraft bus alone and for the overall mission, respectively. Table 4.4
compares the mean reliability of the optimal solution with the LMSC baseline in both
spacecraft and mission categories. The baseline and optimal density curves in Figure 4.7
look very similar. Table 4.4 shows that a small improvement in mean reliability was
obtained for the spacecraft bus, which translated into a slightly larger improvement in

mean mission reliability. Improvements of a similar scale are also obtained at the worst-
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Figure 4.7a: Spacecraft Bus Reliability Density Figure 47b: GP-B Mission Reliability Density

case end of the reliability spectrum, meaning that the likelihood that system reliability will
turn out to be much worse than the mean prediction has decreased a little.

The reason that more improvement is not forthcoming is simply that limited
leverage exists to improve the overall mission reliability by tinkering with the spacecraft
bus. After all, spacecraft bus reliability is much higher than that for the launch vehicle and
experimental payload, and no control is exercised over these more significant risk sources.
Even if enough spacecraft redundancy were added to bring the spacecraft mean reliability
to 0.99, the mean overall mission reliability would only improve to about 0.855, which will
not provide enough value-model benefit to compensate for the added cost. Furthermore,
the constraint penalty functions prevent the optimal search from adding significant

redundancy without taking it away somewhere else. In effect, the evolutionary search

Spacecraft Bus Overall Mission
Baseline Design Mean Reliability 0.957 0.827
Optimal Solution Mean Reliability 0.960 0.834
Mean Reliability Improvement 031 % 0.85 %
Unit Cost Decrease $ 3.1 Million
Cost Savings 9 %

Table 4.4: Reliability and Cost Improvement for Optimal Design
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process has to “learn” that efforts to gain value by improving reliability (i.e., trial solutions
which add overall redundancy) are non-optimal for this particular application.

At the same time, however, the search process learns how to achieve much greater
improvement over the baseline solution by reducing overall redundancy (and component
costs) while maintaining the baseline level of reliability. This is illustrated by the unit cost
savings of $3.1 million (or 9% of the total component cost) over the LMSC baseline
solution as indicated in Table 4.4. Obtaining this level of cost reduction while still gaining
a marginal system reliability improvement is a significant achievement, and it is obtained
by removing restrictions on single-point failure modes and uniform redundancy patterns
(e.g., in which every component class has 2-for-1 redundancy). Note that the Stanford
value function summarized in (4.6b) includes credit for 10% of this cost savings, or about
$310,000, which accounts for two-thirds of the total improvement over the baseline
design. The LMSC value function gives greater credit for unit cost savings as part of the
“cost fee” (see Section 4.2.3.1), which explains why greater percentage improvement in
bottom-line value (5.2% vs. 3.5%) is obtained for the LMSC case in Figure 4.5.

As noted in Section 4.4.2, for certain components, certain elements of the optimal
redundancy vector can change significantly from one run of the SA algorithm to the next.
It was suggested there that component types which display this trend are amenable to
human designers who could adjust the results using their own qualitative design
knowledge. Interestingly, attempts to do this for the spacecraft bus application have not
yet been able to achieve a higher objective value (for either LMSC or Stanford) that is
statistically significant. This supports the earlier hypothesis that the objective function in
this case is insensitive to components whose optimal unit numbers vary noticeably
between optimization runs. It also suggests that the SA optimal search is able to converge
to specific component numbers in almost all cases where the objective function would be

significantly affected.
4.4.5 Objective Function Evaluation Uncertainty

One other facet that must be addressed is convergence uncertainty resulting from

two related sources: (1) randomness in the Monte Carlo performance evaluation, and (2)
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