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Application of Multidisciplinary Design Optimization Techniques
to Distributed Satellite Systems

Cyrus D. Jilla,* David W. Miller, and Raymond J. Sedwick?
Massachusetts Institute of Technology, Cambridge, Massachusetts 02139

Four separate multidisciplinary design optimization techniques have been investigated for their applicability
to the rapid conceptual design of distributed satellite systems. The four multidisciplinary design optimization
techniques tested were Taguchi’s method, simulated annealing, a pseudogradient search, and single-variable-axis
exploration. Each multidisciplinary design optimization technique was applied to the problem of developing a
systems architecture that minimizes a multicriterion metric (cost per image) for the NASA Origins Terrestrial
Planet Finder mission. The best solution obtained from each technique after evaluating only 7.3-7.8% of all
possible solutions was compared with the true optimal solution obtained from complete enumeration. It was found
that although the simulated annealing, pseudogradient search, and single-variable-axis exploration algorithms all
found the true optimal solution at least once over 10 trials, simulated annealing did so with the greatest degree
of confidence statistically. Although Taguchi’s method was unable to find the optimal solution, this method did
provide useful ancillary information that the other techniques did not provide.

Nomenclature
A = state coefficient matrix
B = interferometer baseline, m
Chus = spacecraftbus cost, $M
Claunch = launch cost, $M
Coperaions = life-cycle operations cost, $M
Chayload = spacecraft payload cost, $M
D = aperture diameter
E = system energy
f = failure rate
1 = imaging rate, images/day
1; = deep spectroscopy imaging rate, images/day
I, = medium spectroscopy imaging rate, images/day

I = survey image rate, images/day

L = distance between aperture and array center, m

my, = main effect of design variable y at setting x

P = state probability vector

P = time rate of change of the state probability vector

O dark = detector noise, photons?/day

Orz = exozodiacal signal, photons*/day

Ofiat = background noise, photons?/day

Oz = local zodiacal signal, photons?/day

Oeak = leakage signal, photons’/day

O planet = planet signal, photons/day

r = angular separation of the source from the center of
the interferometer’s fringe pattern, rad

T = system temperature

T, = imaging overhead time, days

y = year of the mission

r = design vector

71 = heliocentric orbital altitude, AU

72 = collector connectivity/geometry

73 = number of collector apertures

V4 = collector aperture diameter, m

o = clock angle

n = single-to-noiseratio of a Taguchi experiment
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azimuthal angle of the source from the first
interferometric arm, rad

= angular resolution, milliarc sec
= observation wavelength, m

= mean

= variance

= standard deviation

= image integration time, days
total cost, $M

= independent phase shift

= number of images

= null depth
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Introduction

PTIMIZATION is defined as the process of achieving the most

favorable system condition on the basis of a metric. Within
the past 50 years, different optimization techniques have been ap-
plied to numerous complex problems, ranging from the design of
airline flight networks that maximize revenues' under scheduling
constraints’ to the allocationof assetsin portfolioson Wall Streetun-
der financial, regulatory, and risk constraints? This paper explores
the potential of four separate multidisciplinary design optimiza-
tion (MDO) techniques—Taguchi’s method, simulated annealing, a
pseudogradientsearch, and the single-axis explorationalgorithm—
in the design of distributed satellite systems (DSSs).

Currently, the conceptual design of space systems tends to be un-
structured, with designers often pursuing a single concept or modi-
fying an existing idea rather than generating new alternatives. With
such an approach, there is no guarantee that a systems-level focus
will be taken, and often the final design architecturechosenachieves
only feasibility instead of optimality* Systems-level trades are of-
ten delayed until after a point design has been selected because
of the perceived time and effort required for conducting a credi-
ble analysis> Further complicating matters is the transition in the
aerospace industry over the past decade from maximizing perfor-
mance under technology constraints to minimizing cost with per-
formance requirements* If the system trade space is not properly
explored and thus does not converge on an efficient or even an op-
timal solution during the conceptual design phase, the life-cycle
cost of the system can greatly increase as modifications are required
for properly integrating and operating the system during the latter
stages of the design process, when design changes become much
more expensive to implement.®

The pitfalls in not following a structured process during con-
ceptual design hold especially true for DSSs, which tend to be
among the most complex and expensive space systems. A DSS
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is defined as a system of multiple satellites designed to work in
a coordinated fashion to perform a mission.” Examples include
the global positioning system (GPS) for navigation, the recently
deployed low-Earth-orbit global mobile telephony constellations,
and proposed separated spacecraft interferometers for astronomy.
The advantages of distributed systems over traditional single satel-
lite deployments—including potential improvements in perfor-
mance, cost, and survivability—have led to an increase in the num-
ber of space missions that are considering distributed approaches.

DSSs are among the most challenging conceptual design prob-
lems as such complex systems often contain a large number
of nonlinear, highly coupled variables. Take the example of a
formation-flying separated spacecraft interferometer designed to
image extrasolar planets. Both the total number of spacecraft in
the array and the orbit of the interferometer drive the selection of
the launch vehicle, which can be a dominant contributor to the sys-
tem cost. The total number of spacecraft in the array also directly
determines the operations complexity (nonlinear effect on opera-
tions cost) and indirectly determines the imaging rate (scales with
the total collecting area). Likewise, the orbit also affects the imag-
ing rate by determining the amount of local zodiacal dust (imaging
noise source) the interferometer must peer through, and so forth.
As in all DSSs, countless trades exist between system performance,
system cost, and each of the design parameters, both individually
and in combination with other design parameters. Thus a tool is
needed to enable a greater search of the trade space and to explore
design options that might not otherwise be considered.

Optimization is one such tool. In its pure mathematical defini-
tion, optimization refers to finding the absolute best solution to a
problem. This definition will not be used here, however. Rather,
the engineering interpretation of optimization will be referred to as
the process of finding good solutions to the design problem. Be-
cause DSS design problems tend to be combinatorialin nature, with
discrete variables that have nonlinear relationships, classical opti-
mization techniques that require continuouslydifferentiableconvex
functions, such as the simplex method, cannot be used. Rather, al-
gorithms that can handle discrete, nonlinear problems with multiple
criteria objective functions and constraints are required. This class
of algorithms falls under a field known as MDO.? Different MDO
techniques have recently been investigated for application to the
design of interplanetary spacecraft, small satellites,’ and the Earth
Observing System'® with varying degrees of success.

The objective of this work is to explore and demonstrate the ap-
plication of four separate MDO techniques—Taguchi’s method,
simulated annealing, a pseudogradient search, and single-axis
exploration—to the design of a DSS. Given many differentpotential
design configurations that fulfill system operational requirements
with different degrees of performance and cost, the goal is to find a
design architecturethat minimizes the cost per function while meet-
ing all requirements. Each techniqueis applied to the design of a real
DSS to measure and compare how well the different methods per-
form. Once again, it should be stressed that none of the techniques
explored here are guaranteed to find global optima but should find
good solutions. The goal in applying MDO techniquesto the design
of DSSs is not to fully automate the design process and remove
humans from the design loop, but rather to facilitate the conceptual
design process, considered by many mission leaders to be the most
important stage of design, often defining the line between success
and failure.!! MDO may be able to achieve this improvement of
the conceptual design process by enabling a greater, more efficient
exploration of the system trade space to find robust and perhaps
even counterintuitivedesign architectures meriting further detailed
analysis that might not otherwise be considered.

The remainder of this paper documents how the above objective
was achieved. First, the DSS design case study that each of the four
MDO techniques was applied to is introduced. Next, each of the
four MDO techniques is summarized, including the origin of the
technique, a summary explanationof how the technique works, and
an outline of how the technique was tailored for application to the
case study. Finally, the results of the case study are presented and
compared, followed by the conclusions that may be drawn from an
analysis of the results.

DSS Application Test Study

To test and compare the effectiveness of the four chosen MDO
techniques, they were each applied to the same DSS design
problem—to find an architecture for NASA’s Terrestrial Planet
Finder (TPF) mission that maximizes the total number of images
taken by the telescope while minimizing life-cycle cost.

The TPF is one in a series of missions as part of NASA’s Origins
Program, whose goal is to answer fundamental questions regard-
ing the origin of life in the universe. Specifically, TPF will be the
first spacecraftto directly detect the existence of Earth-like planets
around neighboring stars.!? Using the principles of nulling interfer-
ometry, TPF will suppressthe light from the parent star by a factor of
10°® while maintaining good transmissivity in the parentstar’s habit-
able zone between 0.5 and 3 AU. Once identified, the TPF will carry
out spectroscopicobservations of these extrasolar planets to search
for the chemical compounds that are capable of supporting life.'?

The TPF mission is currently in the conceptual design phase,
and several widely varying design architectures ranging from struc-
turally connected to tethered to separated spacecraft arrays have
been proposed. For the purpose of this case study, four design
parameters are isolated as the key independent variables in the
design problem—heliocentric orbital altitude (y,), collector con-
nectivity/geometry (y,), number of collector apertures (y3), and the
diameter of each collectoraperture (y,). Together, these four param-
eters make up the TPF design vector I':

C=ln 7 75 7l €8]

Table 1 lists the range of discrete values considered for each de-
signvariable y in thiscase study. Each designvectordefines aunique
TPF mission architecture. The design vector was kept small to allow
for the use of complete enumeration to verify the global minimum.
With every possible combination of the variables in Table 1 taken
into account, the trade space of this study contains 640 different
design vectors or 640 unique TPF mission architectures. This set of
architecturesis defined as the full-factorial trade space.

A cost per function (CPF) metric will be used to evaluate the
strength of each proposed TPF design architecture. For this mis-
sion, the CPF is defined as the cost per image (CPI). The objective
for each of the MDO techniques is to find the TPF architecture
that minimizes the CPI. The only constraints on the problem are
those on the capability isolation (ability of the system to isolate and
distinguish information signals from differentnoise sources within
the field of view) and integrity (quality of the information passing
throughthe network) requirementsand the allowable values for each
variable in the design vector. Other constraints, such as the maxi-
mum allowable program budget, have been omitted for the sake of
simplicity in implementing the MDO algorithms. The TPF design
optimization problem may now be represented mathematically as

5
Objective : min —§§ = 3)8:;
y=1 Y
Constraints: Subject to
Isolation 6. >20 milliarc sec
Q2=<10°
Integrity
Surveying SNR =5
Medium spectroscopy SNR >10
Deep spectroscopy SNR >25 @)

Table1l The TPF design vector?

T Variable Allowable values

1.0,1.5,2.0,2.5,3.0,
3.5,4.0,4.5,5.0,5.5
SCI-1D, SCI-2D,
SSI-1D, SSI-2D

y3  Numbers of collector apertures 4,6,8,10

y4  Diameter of collector apertures, m 1, 2, 3,4

y1  Heliocentric orbital altitude, AU

y2  Collector connectivity/geometry

#SC], structurally connected interferometer; SSI, separated spacecraft in-
terferometer; 1D, one-dimensional array; and 2D, two-dimensional array.
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where ¥ is the numberof images (surveys + medium spectroscopies
+ deep spectroscopies) and SNR is the signal-to-noiseratio (photon
count received from the planet over the photon count received from
all noise sources).

The total life-cycle cost @ in the objective function of represen-
tation (2) is obtained by summation of costs from both the design
and operations phases of the TPF mission:

5
§ (Dy = Cpayload + Cbus + Claunch + Copcralions (3)

y=1

Both payload and spacecraft bus costs were computed with cost-
estimation relationships from the U.S. Air Force Unmanned Space-
craft Cost Model.'* Launch costs were obtained from published
data,'> and operations costs are a function of system complexity.'6

System capability is a measure of the imaging rate of a TPF
architecture. The minimum integration time required for observing
a planet is

T =

[SNR\/( Qlcak + QLZ + QEZ + Qdark + Qplancl + Qﬂat)i Qplancl]2
“)

where Qe is the planet signal modulated by the fringe pattern as
the interferometer rotates around the line of sight to the star. The
image rate / is the inverse of the sum of the integration time 7 and
overhead time 7,, where overhead includes the time allotted for
interferometer slewing, aperture configuration, array rotation, and
mission operations inefficiency:

[ =(t+T,)" ®)

Note that each TPF mission architecture will have three separate
imaging rates as the required SNR for surveys, medium spectro-
scopies, and deep spectroscopies varies from 5 to 25.

Mission performance 'V, in the objective function of Eq. (2), mea-
sures the total number of images the system obtains over 5 years,
taking into account the degradation in system capability as partial
failures occur over time. An example of system degradation would
be the decrease in imaging rate that would result from the failure of
one or more collector aperturesin the interferometer. Markov relia-
bilitymodelingtechniquesare used to determineboth the probability
that the system will continueto functionover a given amount of time
and the likelihood with which the system will function in different
partially failed states throughout the mission.!®!7 From the Markov
model, a system of differential equationsis developed, as shown in
Eq. (6):

P =AP (6)

where A is the state coefficient matrix that comprises component
failure rates.

Take the example of an eight-aperture TPF architecture. To apply
a Markov modeling methodology, the states of the system must be
time dependent, sequential, and mutually exclusive. If the system
satisfies these requirements, then a set of differential equations can
be written to model the evolution of the system by taking advantage
of the Markov property, which states that, given full knowledge of
the currentstate of the system, one can predictall future states by in-
tegratinga set of differentialequations,irrespectiveof the past states
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Fig. 1 Aggregated fault tree for
an eight-collector TPF architec-
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Fig. 2 Aggregated Markovmodel state diagram for the eight-collector
TPF architecture.

of the system.'® The first step in developing the Markov model for
the eight-aperture TPF architectureis to developa fault tree illustrat-
ing all the possible different failure modes (Fig. 1). The minimum
functionality required for a nulling interferometeris one combiner
and four collector apertures. Thus the eight-collector aperture TPF
architecture fails when the combiner fails or when any five collec-
tors fail. The system will still function when one to four collector
apertures fail, but at a reduced capability (i.e., reduced imaging
rate).

From the fault tree, a Markov model state diagram illustrating
each possible state of the system may be created for each architec-
ture. Figure 2 illustrates the Markov model for the eight-collector
aperture architecture. This model contains five possible function-
ing states, all of which require a functional combiner: state 1, all
eight collectors are working; state 2, seven of the eight collectors
are working; state 3, six of the eight collectors are working; state
4, five of the eight collectors are working; and state 5, four of the
eight collectors are working. Otherwise, the system is in a state
of failure as the nulling (isolation) requirement can no longer be
met.

From the Markov model state diagram, a system of differential
equations can be written to determine the probability of the system
being in any given state at any given time. This is done by repre-
senting each possible state of the system in the Markov model as
a node in a network. To determine the differential equation for a
particular state, the flow into and out of the node representing that
state is balanced. The eight-collector TPF architecturerequires a set
of five partially coupled linear first-order differential equations to
model the system:

Py ~(feom + 8foat) 0 0 0 0 P,
P 8 fol ~(from + 7 feo) 0 0 0 P,
P | = 0 7 fron ~(feom * 6.fo1) 0 0 Py @)
P, 0 0 6 feol —(feom + 5fco) 0 P,

P, 0 0

0 5fcol _(fcom +4fcol) PS
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Fig. 3 Markov model results for the eight-collector TPF architecture
(feom =5.5 X 1073 month™ !, f.o =8.3 X 10~3 month™1).

Knowledge of the failure rates for the combiner ( f,,,) and collector
(feo1) arerequiredfor solving for the state probabilities. The system’s
initial conditionsare also required for the solution. In every case, the
initial conditions (i.e., at =0 in the beginning of the operational
mission) are a 100% probability of being in state one and a 0%
probability of being in all successive states.

The plot in Fig. 3 illustrates the results for the eight-collector
example. The Markov model gives the exact probability of being
in any of the five operational states as a function of time through
the 5-year (60-month) TPF mission. Each of these five operational
states will have a different survey, medium spectroscopy, and deep
spectroscopy imaging rate. The Markov models for architectures
with 4-10 collectors were implemented in the same manner.

The solution to this system of differential equations [Egs. (7)]
determines the probability of the system being in any given state
at a particular time. Coupling the outputs of the reliability model
with the outputs of the capability model yields the total performance
(total number of images V') of the system. The coupling equation is

/256 /365
74 314
547 730
. f
366 59

i 1, Pi(t)dt + /

i=1 6

2”: 1, P(1) dr +

i=1

2”: I, P(t)dr +

i=1

5
> -

/313
y=1 257
n 658
Y LPndr+ f
48

i=1 5

i=1

i=1

804 n 1004 n
+ / E I; P(t)dt +/ E L, Pi(t)dt +
731 o 805 ] i=1
1132 _»n 1333 _n 1460 _n
+ / E I; Pi(t)dt +/ E L, P;(t)dt +/ E
1096 ;=1 1133 ;- 1334 ;-
1498 _n 1680 _n 1825 n
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where the limits of integration denote time steps of one day, i is an
index indicating a particular operational state,  is the total number
of operational states (n =5 for the eight-collector aperture exam-
ple), and P is the probability of being in any state i as a function
of time ¢ [from Eq. (6)]. The imaging mode determines the SNR
needed [Eq. (2)] to obtain the desired information on the target.
This required SNR in turn determines the required integration time
[Eq. (4)] and thus the imaging rate [Eq. (5)] in a particular mode.
For example, the required SNR for a survey, in which the purpose

Z 1, P(t)dt +

i=1

> LuP(nydi +

i=1 i=1

> 1uP(nyde
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is to determine whether a planet exists in the habitable zone around
the target star, is only 5. The medium spectroscopy imaging mode
searches for spectral lines (carbon dioxide and water) indicative
of a planetary atmosphere and requires a SNR of 10. Deep spec-
troscopy searches for spectral lines (ozone and methane) that might
signify the presence of a habitable environment or even the exis-
tence of life itself and requires a SNR of 25 (Ref. 13). Accordingly,
surveys require the shortest integration time, and thus the survey-
mode imaging rate I; is greater than /,,, and I, is greater than /,.
The limits of integration in Eq. (8) are based on a sample 5-year
TPF mission profile.!® The total system performance is obtained
by the summation of 15 separate utility functions, in which each
row in Eq. (8) denotes a separate year in the 5-year mission and
each column denotes a different mission task (surveying, medium
spectroscopy,and deep spectroscopy).

Finally, to determine whether or not the isolation constraints in
Eq. (2) are met, the angular resolution and null depth must be com-
puted for the desired TPF mission architecture. An interferometer’s
angular resolution 6, is

6 =AlB ©)

The nullinginterferencepattern communicatedas the transmissivity
function is given by

0 = ka exp

k=1

2

. Lkr .
(Jzn (T)COS(@ - 9)>6Xp(1 ¢ (10

where D, is the diameter of aperture k, L, is the distance between
aperture k and the center of the array, & is clock angle of aperture
k measured from a given aperture, ¢, is the independent phase shift
introducedto beam k, and N is the number of aperturesin the array.

To evaluate a potential TPF mission architecture on the basis
of the objective function and constraints in Eq. (2) by use of the
relationships in Eqgs. (3-10), the design vector is entered into the
TPF Mission Analysis Software (TMAS). TMAS is a MATLAB®
program that captures the pertinent physics of the TPF mission and
enablestrade studies of different TPF architectures'® with the Gener-
alized Information Network Analysis (GINA) systems engineering
methodology?°

> 1 P(nyde
> LiP(nyde
1095 n
/ > 1uP(nyde
1005

1, P;(t)dt

(&)

Figure 4 illustrates the structure of the TMAS. The input that
changes between each run of the program is the TPF design vec-
tor I'. The constants vector contains values for all of the system
variables that remain the same independent of the design vector.
Examples of variables in the constants vector include the mission
design life, the bandwidth for optical control, and the bending stiff-
ness of the truss elements. The inputs from both the design and
the constants vectors then feed into the six TMAS macromodules,
each of which contains multiple submodules.First, the Environment
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Design Vector

Orbit
Collector Connectivity
Number of Apertures
Diameter of Apertures

Constants
Vector

Environment

A

Aperture
Configuration

Spacecraft
Bus/Payload

Dynamics, Optics,
Control, & Structures

l Metrics

GINA Total Cost
Deployment & Y P Total # Images
Analysis Cost/image

Operations
Fig. 4 TMAS structure with six macromodules.

3

Fig. 5 Finite element model for a TPF mission architecture with a
design vector I" = (4AU SCI-2D 8ap. 2m).

macromodule computes properties such as solar flux and gravity
gradient local to the selected TPF orbit. Next, the Aperture Con-
figuration macromodule determines the optimal collector aperture
geometry that satisfies both the nulling requirements and the archi-
tecture constraints. The Spacecraft Payload and Bus macromodule
then designs and sizes all of the spacecraft. This information feeds
into the Dynamics, Optics, Control, & Structures macromodule,
which creates a finite-element model of the spacecraft (Fig. 5), de-
signs an optical control system, and performs a disturbance analysis
to ensure that optical path delay (OPD) tolerances are met. Next,
the Deployment and Operations macromodule computes the orbital
transfer parameters, selects a launch vehicle, assesses operations
complexity, and estimates operations cost. Finally, the GINA Sys-
tems Analysis macromodule determines the system’s ideal imaging
rate in each operational mode, estimates the total number of images
obtained over the mission design life, taking into account mission
inefficiencies and spacecraft failures, and calculates the life-cycle
cost.! In the end, the TMAS outputs a wide array of information
to be used by the designer to assess the TPF design architecture,
including the CPI metric to be minimized in the case study.

Overview of MDO Techniques

DSS designsare discrete, nonlinearcombinatorialproblems: each
design variable can take on only a set number of unique values. For
thisreason, continuouslinear techniquessuch as the simplex method
cannot be used. For this study, the chosen optimization methods are
Taguchi’s method, simulated annealing, pseudogradientsearch, and
the single-axis exploration algorithm. The following subsections
provide an overview of each technique, including the origin of the
technique, a summary explanation of how the algorithm works, and
the specifics of how the optimization technique was applied to the
TPF design problem.

Taguchi Methods
Beginning in the late 1970s, Genichi Taguchi of Japan created
a framework that uses experimental design to improve the quality

control of manufacturing processes?' Orthogonal arrays are used
to define a set of experiments with differentcombinations of design
variable settings. In an orthogonal test matrix, each value of each
design variableis tested an equal number of times, and each of these
valuesis tested with every value of all other design variables an equal
number of times.?? Although Taguchi methods have been used to
improve the quality of manufacturing designs for many years now,
these methods have only recently been considered for application
to the design of aerospace systems. For example, Taguchi analysis
has been used by engineers at the NASA Langley Research Cen-
ter to create a Pareto-optimal design curve for a tetrahedral space
truss platform by evaluating only 31 of the possible 19,683 truss
designs.?

The size of the orthogonal design experiment matrix is a function
of the total number of design variables and the number of different
values each design variable may assume. Each row in this matrix
represents a single experiment with a unique combination of design
variable settings. The result of each experiment is converted into
a parameter that Taguchi defines as the SNR, which combines the
loss effects attributable to both missing a target and having too large
a variation about that target! It should be noted that this SNR is
different from the SNR represented in Eq. (2). In the case in which
the goal is to minimize the output of the metric of interest in each
experiment, the SNR 1is defined as

1
SNR = ~101log, | o2 (11)

where N is the total number of samples taken during an experi-
ment and z is the metric output of each sample of that particular
experiment 2

After the experimentsfor every row in the orthogonalmatrix have
been completed and converted to SNRs the balanced mean m for all
of the experiments 7 is calculated:

1 n
= i 12
m n;n (12)

where nis the SNR of each experimenti. Next, the main effect (m,, )
of each design variable y at a particular setting x is computed:

My, =n1 im (13)

i=

The most probable optimal design is then found by choosing the
setting for each design variable that leads to the largest SNR. Fi-
nally, the performance 1, of the proposed optimal design may be
predicted:

d
Topt =M + Z (mm - m) (14)

Yi=1

where d represents the total number of design variables in the ex-
perimentand x denotesthe proposed optimal setting for each design
variable. If desired, additional computations may be made to assess
the relative importance of each element of the design vector as well
as the robustness of the final design.

For the TPF case study, a 48 X4 orthogonal test matrix was re-
quiredfor properlyconductingthe Taguchianalysis, given the nature
of the TPF design vector. Note that this required the use of two he-
liocentric orbital radii (6 and 6.5 AU) that were not in the original
feasiblespace of the design vector. In the Taguchianalysis,however,
their presence is required to ensure the statistical independence of
the three other design vector elements. Because the “experiments”
are computer simulations rather than actual physical experiments,
the value of N in Eq. (11) is 1. Table 2 illustrates the orthogonal test
matrix for the TPF case study.
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Table2 Orthogonal test matrix for the TPF case study

Orbit, Number of Aperture
Case AU Architecture apertures diameter, m
1 1 SCI-1D 4 1
2 1 SCI-2D 6 2
3 1 SSI-1D 8 3
4 1 SSI-2D 10 4
5 1.5 SCI-1D 6 3
6 1.5 SCI-2D 4 4
7 1.5 SSI-1D 10 1
8 1.5 SSI-2D 8 2
9 2 SCI-1D 8 4
10 2 SCI-2D 10 3
11 2 SSI-1D 4 2
12 2 SSI-2D 6 1
13 2.5 SCI-1D 10 2
14 2.5 SCI-2D 8 1
15 2.5 SSI-1D 6 4
16 2.5 SSI-2D 4 3
17 3 SCI-1D 4 1
18 3 SCI-2D 6 2
19 3 SSI-1D 8 3
20 3 SSI-2D 10 4
21 3.5 SCI-1D 6 3
22 3.5 SCI-2D 4 4
23 3.5 SSI-1D 10 1
24 3.5 SSI-2D 8 2
25 4 SCI-1D 8 4
26 4 SCI-2D 10 3
27 4 SSI-1D 4 2
28 4 SSI-2D 6 1
29 4.5 SCI-1D 10 2
30 4.5 SCI-2D 8 1
31 4.5 SSI-1D 6 4
32 4.5 SSI-2D 4 3
33 5 SCI-1D 4 1
34 5 SCI-2D 6 2
35 5 SSI-1D 8 3
36 5 SSI-2D 10 4
37 5.5 SCI-1D 6 3
38 5.5 SCI-2D 4 4
39 5.5 SSI-1D 10 1
40 5.5 SSI-2D 8 2
41 6 SCI-1D 8 4
42 6 SCI-2D 10 3
43 6 SSI-1D 4 2
44 6 SSI-2D 6 1
45 6.5 SCI-1D 10 2
46 6.5 SCI-2D 8 1
47 6.5 SSI-1D 6 4
48 6.5 SSI-2D 4 3
Simulated Annealing

Simulated annealingis a metaheuristictechniquedevelopedin the
early 1980s that mathematically mirrors the cooling of a material to
a state of minimum energy.?® If amaterial cools too quickly, the crys-
tals within the material will harden in a suboptimal configuration.
Likewise, the premise behind the simulated annealing algorithm is
the assertion that if a solution is converged on too quickly, that so-
lution will be suboptimal. Simulated annealing was chosen over the
other two well-known metaheuristics of genetic algorithms and the
tabu search because of its relative ease of implementation, lower
computational requirements, and better success rate in finding the
optimal solution to similar complex problems 2

First, the objective function, or system energy E(T"), to be mini-
mized by the algorithm must be defined:

EM)y=fri 7n - ¥ (15)

Each y represents a different DSS architecture variable, such as the
orbital altitude or total number of satellites. The algorithm begins
with an initial state vector I'; containing randomly chosen values
for each design vector variable within the bounds placed on that
variable. The value of the objective function E(I’;) is then computed
for this design vector. Next, the design vector is randomly perturbed
to find a new design vector (I'; 4 ;) in the neighborhood (a neighbor

is a design vector that has all but one identical entries as the original
design vector) of the current design vector, and the new E(T;, )
is computed. If E(T; ;) < E(T;), then I'; , | is accepted as the new
designvector. If E(T; ;) > E(T;), T'; + | canstill be accepted as the
new design vector with a probability

Prob(E) = =4/D (16)
where
A =E(T;+) — E(I) a7

T is the system temperature, a parameter that decreases as the num-
ber of iterations in the optimization increases. Thus the likelihood
of accepting a design vector with a greater system energy decreases
over time. The ability to accept a less optimal I'; ;| reduces the
chance that the algorithm’s solution will become trapped in a local
minimum. This procedure is repeated until no new solutions are
accepted after a specified number of iterations. In theory, the algo-
rithm converges to the optimal solution as the system temperature
lowers toward zero. Unlike linear or integer programming methods,
however, metaheuristic solutions are not guaranteed to be global
optima.

For the TPF case study, the four elements of the design vector in
Eq. (15) are 1) heliocentric orbital altitude, 2) architecture (SSI vs
SCI, 1D vs 2D), 3) number of collector apertures, and 4) collector
aperture diameter. CPI replaces system energy as the metric to be
minimized. The initial system temperature 7; was set to 1000 and
was multipliedby a factor of 0.85 after each iteration. The algorithm
was terminated after the completion of 48 iterations.

Pseudogradient Search

The French mathematician Pierre Fermat introduced some of the
first formal ideas in the field of optimization,including the observa-
tion that at the maximum and the minimum of a function the tangent
line of any curve would be horizontal. Fermat’s observation was im-
plemented mathematically to find maxima and minima through the
derivative operation. Even functions with multiple variables could
now be optimized through the use of partial derivatives.

Unfortunately, DSS design problems are discreetrather than con-
tinuous. This lack of continuity violates calculus’ extreme value
theorem and thus prevents the use of derivatives to find designs that
maximize or minimize the metric of choice.

Finite differencing, however, may be used to approximate the
sensitivity of a particular point design to a change in each element
of the design vector:

S=f(Tiv1) — f(IY) (18)

where 6 is the difference in the metric of choice resulting from a
unit change in one element of the design vector I'. The gradient V
with respect to that element of the design vector is then

\Y =5/(7,‘+1 - 7,‘) (19)

where y is the element of the design vector that was perturbed. De-
pending on the slope of the gradient, a new design vector may be
defined by moving the variable about which the gradient was com-
puted in the direction that either increases or decreases the design
metric, depending on whether the goal of the problem is maximiza-
tion or minimization. This modified version of the gradient search
works on the assumption that the output metric is approximated to
be piecewise linear when only a single element of the design vec-
tor changes. Because the design problem is not convex in general,
however, this algorithm may get trapped in a local extrema.

For the TPF case study, an initial design vector was chosen by
a random-number generator. One then computes the gradient of
the CPI metric about the heliocentric orbital altitude, number of
apertures, and aperture diameter elements of the design vector by
changingeach of these elements by one unit and then performing the
finite-differencing calculation. For the architecture element of the
design vector, one computes the gradient of the CPI metric by per-
forming a finite differencefor all three remaining architectures.One
then selects a new design vector by perturbing each element of the
design vector one unitin the direction with the largest negative CPI
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gradient. Thus one run of the gradient search requires the evalua-
tion of seven separate TPF architectures—six for finite differencing
and one to evaluate the new design vector. For the TPF case study,
this algorithm was applied seven successive times, starting from the
randomly generatedinitial design vector, resulting in the evaluation
of 50 design vectors before arriving at the “best” solution. Because
the generation of the initial design vector is a stochastic process, the
gradient search algorithm was applied 10 times with 10 different
randomly generated initial design vectors.

Single-Variable-Axis Exploration

The final optimization method explored for DSS design is not a
true optimization technique, but is a common practice for initially
exploring the trade space of a complex problem. First, a baseline
designvectoris chosen.Next, asingleelement y; of the design vector
I' is varied over its entire allowablerange, while all of the remaining
design vector elements are held constant at their baseline values. If
the goal is objective function minimization, the new value for y; in
the new design vector I'; ;| is the value that produced the minimum
objective value over the examined range. This process is repeated
for each element of the design vector, with the other nonvarying y;
maintaining their original baseline values until every element in the
design vector has been plotted over its allowable range. The new
design vector I'; .+ is then created by taking the value of each y;
that minimized the objective function. If desired, I'; ; | may be used
as a new baseline design vector about which to repeat this process
of exploring each axis individually.

This algorithm has many potential drawbacks. First, it is compu-
tationally expensive as every value of each element of the design
vectormust be tested before a new solutionis convergedon. Second,
this approach fails to capture the coupled effects that combinations
of designvectorelementscanhave on the objectivefunction.Finally,
the final solution depends on the initial baseline design vector, and
the final solution is not necessarily the global optimum. Neverthe-
less, the approach should work fairly well for DSSs with shallow
trade spaces. Additionally, the single-variable-axis algorithm pro-
vides the benefit of giving the designer a feel for the system trade
space—such as how the performance of a system varies as the orbit
varies, all other thingsheld constant. Neither the simulatedannealing
nor the gradient search algorithms provide this additional benefit,
giving only a single final solution.

For the TPF case study, the baseline design vector was chosen by
a random-number generator. The single-variable-axis exploration
algorithmwas then executed over two successiveruns, with eachrun
requiring the evaluation of 22 separate design vectors, to converge
on a final solution. Because the generation of the initial baseline
design vector is a stochastic process, this algorithm was applied 10
times with 10 different randomly generated initial baseline design
vectors.

Results

After each of the four MDO techniques has been applied to
the TPF design problem, their performance at finding good solu-
tions after evaluating less than 8% of the total system trade space
may be analyzed. Both the Taguchi analysis and the simulated an-
nealing algorithm evaluated 48 TPF design vectors to arrive at a
solution. The pseudogradient search and single-axis exploration
techniques evaluated 50 and 47 design vectors, respectively, be-
fore converging on a solution. Unfortunately, it was not possible
to have all four MDO methods evaluate an identical number of
design vectors before solution convergence because the pseudogra-
dient search and single-axis exploration techniques converge on a
new solution after the evaluation of every 7 and 22 design vec-
tors, respectively. However, a solid comparison among the effec-
tiveness of all four MDO methods may still be made as the numbers
of design vector evaluations for solution convergence are within
0.5% of each other—the single-axis technique tests 7.3% of the
640 possible TPF architectures at the low extreme and the pseudo-
gradienttechniquesearches7.8 % of the TPF architecturesat the high
extreme.

To determine the accuracy of these four MDO methods, the CPI
was computed for all 640 full-factorial TPF design vectors. When

the best solution from each MDO method is compared with the true
optimal solution found by complete enumeration, the performance
of each MDO technique can be quantitatively assessed. Although
complete enumerationto find the true optimal solution was possible
for this controlled experiment, an expansion of the design vector I',
both by including more independent variables y; and considering
more possible values for each independent variable, could quickly
make full enumeration of potential design vectors a computation-
ally impractical approach. Rather, the results of this work should
identify which MDO techniques can quickly find good solutions
by evaluating a minimum number of alternative design vectors for
large, complex DSS design problems.

From complete enumeration of all 640 possible design vectors,
the true optimal solution to the design problem was found to be an
architecturewith a structurally connected two-dimensional configu-
ration located at 4 AU, with eight collector apertures, each of which
is 4 m in diameter. This TPF architecture minimized the CPI metric
at a value of $469.6 thousand per image.

The mean CPI for the 48 TPF design vectors evaluated in the
Taguchi analysis matrix of Table 2 was $818.2 thousand. After each
CPI was convertedto a SNR, the balanced mean was computed from
Eq. (12) to be —57.8 dB. The optimized TPF design architecture is
determined by setting each of the four design vector variables to
the value that yields the largest SNR (shown in boldface type in
Table 3). In this manner, Taguchi’s method converges on a struc-
turally connected two-dimensional interferometer located at 3 AU
with six collectorapertures,each 4 m in diameter, as the best design.

Tables 3 and 4 illustrate the results from the Taguchi analysis.
With Eq. (14), the predicted CPI of this architecture is found to be
$465.1 thousand. The actual performance of this architecture was
evaluated when the Taguchi predicted best TPF design vector was
entered into the TMAS, which computed the true CPI as $499.1
thousand. Thus the CPI of the Taguchi predicted best architecture
differs from the true optimal architectureby 6.1%. Inspectionof the
design vectors reveals that Taguchi’s method did converge on the
correct optimal values for the collector connectivity/geometry and
aperture diameter, but failed to select the optimal orbit and number
of collector apertures.

In addition to searching for the optimal solution, Taguchi’s
method may also be used to determine the relative importance
of each element of the design vector through an analysis of vari-
ance (ANOVA). ANOVA is a statistically based tool for detecting

Table 3 Taguchi analysis results

Collector Number of
Orbit, connectivity/ collector Collector
AU SNR  geometry SNR apertures SNR diameter, m SNR
1.0 -60.7 SCI 4 -59.9 1 —60.8
1.5 =574 1D -57.6 6 -57.0 2 —58.0
20 -578 2D -57.1 8 =572 3 -56.7
25 =579 10 -57.1 4 —55.7
3.0 -57.0 SSI
35 =571 1D =579
40 =572 2D —58.6
45 —583
50 =574
55 =573
6.0 -574
6.5 =585
Table4 Optimized configuration from Taguchi analysis
Description Value
Taguchi predicted optimum architecture 3 AU, SCI-2D,
6 apertures, 4 m
Taguchi predicted optimum architecture CPI ($k) 465.1
Actual CPI ($k) of Taguchi predicted optimum 499.1
Taguchi error from predicted optimum 7.1%
True optimum architecture 4 AU, SCI-2D,
8 apertures, 4 m
True optimum CPI ($k) 469.6
Taguchi error from true optimum 6.1%
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differences in the average performance of groups of items tested.**
First, a parameter named the sum of squares (Z Sq) is computed:

n

2 Sqy =Z”n (mn —m)2 (20)

i=1

where n is the number of potential different values for design vector
variable y, n,, is the number of rows in the orthogonal test matrix
with design vector variable y at setting i, m,, is the main effect of
design vector variable y at setting i from Eq. (13), and m is the
balanced mean from Eq. (12). The relative influence RI can then be
computed with knowledge of the error variance v, and the degrees
of freedom (DOF) of design variable y,:

2Sq, — (v.)(DOF,,
RI = —n ,,V( XDOF) @)
Zl‘:lzsqi

Table 5 shows that, of the four parameters in the TPF design vector,
the aperture diameter exerts by far the greatest relative influence
on the CPI. Thus, although Taguchi’s method failed to find the true
optimal solution, it still provided useful information to the designer
concerning the relative effect each element of the design vector has
on the CPI metric.

Because the three remaining MDO techniques may vary as a
function of their starting point, are probabilistic in nature, and can
converge on a local minima, 10 trials were executed for each tech-
nique. Each trial began with a different, randomly generated initial
design vector. Table 6 illustrates the results of each trial for each
algorithm.

Both the gradient search and single-axis exploration algorithms
converged on the true optimal solution4 out of 10 times. However,
in instances in which the true optimal solution is unknown, how can
the confidence in the results of MDO techniques that incorporate
randomness be ascertained? It turns out that confidence estimates
may be made by exercising the theory of continuous probability
distributions.

Table 6 also lists the mean u (in this case CPl,, ), standard devi-
ation o, and variance v associated with the results from each MDO

Table5 Taguchi ANOVA

Y Squares, Degrees of Variance, Relative
Parameter dB? freedom dB? influence, %
Orbit 44.8 11 4.1 11.4
Aperture connectivity/ 13.2 3 4.4 34
geometry
Number of apertures 72.3 3 24.1 21.4
Aperture diameter 179.5 3 59.8 54.1
Error 18.2 27 0.7 9.7
Total 328.0 47 100.0

Table 6 Simulated annealing, gradient search,
and single-axis algorithm results

Simulated Pseudogradient  Single

Parameter annealing search axis
Trial CPI ($k) CPI ($k) CPI ($k)
1 493.8 470.8 469.6
2 470.0 470.0 469.6
3 469.6 469.6 513.8
4 505.1 520.9 469.6
5 470.8 469.6 526.0
6 470.8 469.6 513.8
7 493.8 532.6 470.8
8 470.0 469.6 5259
9 498.2 470.8 469.6
10 496.4 483.0 473.9
CPLyy, 483.9 482.7 490.3
o 14.7 23.8 25.8
v 215.6 564.5 667.7
o 1083 411 361
B 0.447 1.17 1.36
CI 84% 68% 79%

~
tn
T

Normalized Density

o
13
.

Fig. 6 Gamma distribution for the TPF full-factorial trade space.

technique. These values characterize the distribution for each set of
results. The normal distribution density function

-0 <X <0

(22)

fx) =(1 \/27rcr) exp{—(%)[(x —#)/0]2},

can be used to solve many problems in science and engineering. By
binning the 640 TPF CPI’s into k cells and comparing the observed
density o; in each cell i with the expected density e; in each cell i,
the chi-squared (x 2) test

k

o2
x2=2u (23)

e.
i=1 !

may be applied to statistically determine whether the full-factorial
trade space follows a standard normal distribution. The chi-squared
test showed that the standard normal distribution failed the null
hypothesis. Rather, the TPF trade space CPI data follow a gamma
distribution:

[1/B°T(a)x*"te P, x>0
flx) =
0, elsewhere (24)
where
Ia) =(a—- 1), a =u*l o, g =ul va ©5)

Figure 6 illustrates the gamma distribution for the TPF trade
space. This distribution exhibits an o value of 5.37 and a 8 value
of 154. A measure of the degree of confidence CI in the best found
solution may then be made by finding the area under the gamma
distribution curve to the right of the best solution found, illustrated
by the shaded region in Fig. 6:

* 1
CI =/ — x%le™¥B gy (26)
Pl BT(@)

CI provides a quantitative metric of the confidence that the solution
found by a MDO technique, after a given number of trials, is indeed
the true optimal solution independentof the knowledge of the full-
factorialtrade space. Accordingto this metric, the solutionsobtained
by the simulated annealing and single-axis exploration algorithms
are more likely to be correct than the solutions found by a gradient
search, which appears to be more susceptible to getting stuck in a
local minima than the other two methods.

Analysis of Results

Three out of the four investigated MDO techniques—simulated
annealing, pseudogradient search, and single-axis exploration—
found the true optimal solution for the TPF design problem. The
remaining technique, Taguchianalysis,convergedon a solution with
a CPI 6.1% worse than the optimal solution. The plot on the left in
Fig. 7 illustrates the full-factorial trade space for the TPF design
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TPF System Trade Space
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Fig. 7 TPF full-factorial trade space with the true and Taguchi optimal solutions.

case study along with lines of constant CPI. The line connecting
the points closest to the lower-right-hand corner of this plot de-
fines the Pareto-optimal front of the TPF trade space. Pareto opti-
mization embodies the principle of optimizing multiple competing
objectives—in this case, minimizing total lifecycle cost while si-
multaneously maximizing total system performance (measured as
the total number of “images” produced). Along this Pareto-optimal
front, a design vector cannot be chosen to improve performance
without also increasing life-cycle cost and vice versa.

The zoom-in plot on the right shows the location of the true and
Taguchi optimal solutions in the system trade space. Note that all
four techniques were able to find the region in the trade space with
the best solutions on the basis of the CPI metric after evaluating less
than 8% of the total trade space. Although complete enumeration
guarantees optimality and was possible in this case, the exponen-
tial growth rate in the number of design options as a function of
the design vector size makes an exhaustive search impractical for
large problems. These results illustrate how MDO methods may be
successfullyapplied to large problems to find good design solutions
efficiently during the conceptual design of a DSS.

If this case study design were being carried out to the next stage,
all of the design architecturesin the local family of solutions com-
prising the arc in which the true optimal solution lies merit further
detailed analysis as the difference between their CPIs is within the
uncertaintyof the computations.Figure 8 illustratesthis arc. The per-
formance of all these mission architectureslies within 150 images of
each other, and total life-cycle cost varies by only $45M. Note that
three of the four design vector elements remain constant through the
arc—collector connectivity/geometry (structurally connected, two
dimensional), number of apertures (eight), and aperture diameter
(4 m). The only design vector parameter that varies through the arc
is the heliocentric orbital altitude, with the true optimal solution
occurring at 4 AU. Based on these results, the family of solutions
defined by this arc merits further detailed study in the next mission
design phase. This example illustrates how the applicationof MDO
techniques can help focus the design effort during the conceptual
design phase of a program.

Taguchi’s method was the only MDO technique tested that failed
to find the true optimal solution. Additionally, the use of precise
orthogonal arrays in Taguchi’s method tends to force the design
vector to be tailored to the test matrix. In other words, the solution
technique drives the formulation of the problem rather than vice
versa. For example, in the TPF test study the heliocentric orbital
altitudesof 6.0 and 6.5 AU, which were notin the systemtrade space,
were required to create a valid orthogonaltest matrix. Increasing the
number of variablesand potential variable valuesin the design vector
will only make the formulation of an orthogonal test matrix more
difficult, and may even become prohibitive for systems with larger,
more complex trade spaces. From the results of this work, Taguchi’s
method does notappear to be the best MDO approach for the design
of distributed satellite systems with deep trade spaces. However, the
ANOVA applied to the Taguchi results did provide valuable design
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information, and attempts should be made to apply similar ANOVA
tools to the analysis of data from the other MDO techniques.

The metaheuristic simulated annealing algorithm found the best
solution only once, but consistently found good solutions with a
greater degree of confidence than any of the other MDO techniques.
This result is evidenced by the fact that the simulated annealing
algorithm recorded the highest CI of 84%. This strong showing of
simulated annealing is consistent with the application of simulated
annealing to other difficult problems?® and is most likely a result of
the algorithm’s ability to escape local minima by sometimes allow-
ing random moves to neighboring solutions worse than the current
solution. A local minima is a design vector thathas a lower CPI than
any neighboring design vector, but does not have the lowest CPI in
the entire system trade space. As more complex DSSs with larger
design vectors are likely to contain many local minima throughout
the trade space, simulated annealing appears to be a good MDO
techniqueto apply to future DSS designs and should be investigated
further on more complex problems. Furthermore, the success of the
heuristic simulated annealing algorithm warrants future consider-
ation of the other two metaheuristics, genetic algorithms and tabu
search, as well.

Of the four MDO methods explored, the pseudogradientsearch
was the most likely to converge on a local minima. This entrapment
inlocal minima occurs because the pseudogradientsearch algorithm
has no way to extricate itself when all of the investigatedlocal gradi-
ents are positive. When this situationoccurs, the algorithmbelievesit
has found the optimal solutionand becomes permanentlystuckin the
local minima. The fact that the pseudogradientsearch found the true
optimal solution 4 of 10 times for TPF can be attributed to the fact
that the case study contained a relatively shallow trade space with
only 640 possible solutions. From these results, the pseudogradient
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search algorithm that uses a modified finite-differencing approach
does not appear to be a promising technique for the design of future
DSSs with deep trade spaces.

The final MDO approach tested, the single-axis exploration al-
gorithm, also converged on the true optimal solution 4 of 10 times,
but did so with a degree of confidence much greater than that of the
pseudogradientsearch and only slightly less than the simulated an-
nealing algorithm. Unlike the pseudogradientsearch approach, the
single-axis exploration algorithm explores every possible neighbor
before moving to a new solution. Although the single-axis explo-
ration algorithm still fails to capture the coupling between design
vector parameters,itis less likely to get, butis notimmune to getting,
stuck in local minima. The strong showing in the TPF test case of
this MDO approach, combined with the additional information the
single-axis exploration algorithm provides concerning the relation-
ship between design vector parameters and output metrics, merits
the further study of the single-axis exploration algorithm for DSS
design.

It should be stressed that these results are particular to the TPF
case study. The trade space for this case study was relatively shallow
to allow for complete enumeration in order to determine the true
global optimum as a reference point. The relative performance of
the four MDO approaches applied to the TPF may differ as the
size and the depth of the trade space increase. Determining how the
performance of these algorithms scales with problem complexity
and trade space depth is a subject of ongoing research.

Conclusions

The applicationof four separate MDO techniquesto the design of
complex, highly coupled DSSs has been demonstrated.In particular,
the simulated annealing and single-axis exploration algorithms ef-
ficiently found good conceptual design solutions with a high degree
of confidenceafter evaluatingless than 8% of the entire full-factorial
TPF trade space, which contained 640 separate unique design ar-
chitectures. These two methods merit further study for application
to the design of other DSSs with larger design vectors and deeper
trade spaces. For the TPF case study, a structurally connected two-
dimensional array architecturelocated at 4 AU with eight collector
apertures,each4 m in diameter, was found to minimize the CPI met-
ric at $469.6 thousand. The full-factorial data were used to verify
the performance of the MDO techniques.

Merely finding point designs, however, does not satisfy system
engineers during the conceptual design stage of a project. Addi-
tional information on the relationships between the system parame-
ters and the system metrics is desiredin the conceptualdesign phase
whenrequirementsand constraintsmay be ill defined or may change
frequently. The analysis of variance tools applied under Taguchi’s
method yielded insight to the relative effect each element of the de-
sign vector exerted on the CPI metric for TPF. Other tools, specif-
ically sensitivity analysis tools, must be explored and developed
to provide more information characterizing the trade space about a
particular solution. Such sensitivity tools will increase the credibil-
ity and the utility of the DSS design solutions provided by MDO
techniques for the space systems engineering community. In short,
MDO methods incorporatinglife-cycle cost models with sensitivity
analysis tools hold the potential to improve greatly the conceptual
design of DSSs by efficiently exploring the system trade space of
highly coupled problems to find potential design architecture solu-
tions that might not otherwise be considered.
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