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Three multilevel multidisciplinary optimization techniques, Bi-Level Integrated System Synthesis, Collaborative
Optimization, and Modified Collaborative Optimization, are applied to the design of a reusable launch vehicle,
evaluated, and compared in this study. In addition to comparing the techniques against each other, they are also
compared with designs reached via fixed-point iteration of disciplines with local optimization and the industry
accepted multidisciplinary optimization technique, All-at-Once. The new multidisciplinary optimization techniques,
particularly Bi-Level Integrated System Synthesis, showed greater ability than fixed-point iteration to design for a
global objective and were more applicable to complex systems than All-at-Once. This study was the first time that the
novel multidisciplinary optimization methods were compared qualitatively and quantitatively under controlled
experimentation practices. It is still impossible to statistically determine whether any one of the novel
multidisciplinary optimization techniques is better than another, because more studies using different test problems

corroborating the conclusions made here are needed.

Nomenclature
= area
c* = characteristic exhaust velocity
Cr = thrust coefficient
g = inequality constraint
h = equality constraint/enthalpy/altitude
Isp = specific impulse
m = mass rate
MR = mass ratio, ngss/Winsertinn
P = power
p = pressure
Perf = performance
Prop = propulsion
r = fuel to oxidizer mixture ratio (propellant mixture
ratio)
S = wing area
SF = scale factor
T = thrust
w = weight
w = weighting factor (for BLISS)
W&S = weights and sizing
X = input or design variable
Y = output or behavior variable
AV = change in velocity
e = nozzle expansion ratio
0 = pitch angle rate
P = design objective
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Subscripts

c combustor

e = exit

eng = engine

loc = local

o = optimized

ref = reference

req = required

sh = shared input to multiple CAs but not calculated by
any CA (for BLISS)

SL = sea-level

sys = system

t = throat

vac = vacuum

veh = vehicle

Superscripts

pf = performance (for CO and MCO)

PP = propulsion (for CO and MCO)

t = target from system optimizer (for CO and MCO)

ws = weights and sizing (for CO and MCO)

* = output passed to a CA (for BLISS)

~

output from a CA to system (for BLISS)

I

PTIMIZATION of complex engineering systems is an integral
part of design. Originally, those that created aerospace vehicles
were responsible for every aspect, from wing shape to propulsion. As
the size of aerospace systems grew, however, the design of such
enormously complex problems was broken down into disciplines
concentrating only on part of the whole. Whereas breaking apart the
overall problem into different contributing analyses (CAs) made it
possible to design more complex systems, the ability for all designers
to see how their specific changes would affect the whole was lost.
Over the years, two main design approaches have persisted. First,
designers try several alternate designs and use the fixed-point
iteration (FPI) process to converge them. A global criterion is used to
choose the best design, but because no global optimization takes
place, there is no guarantee that the global optimum is reached.

Introduction
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Alternatively, All-at-Once (AAO) is a multidisciplinary design
optimization (MDO) technique that will find a globally optimized
system, but the technique works by having one system-level
optimizer control the entire design, usually an impossibly complex
task.

New multilevel MDO techniques [of which Collaborative
Optimization (CO) [1], its derivative, Modified Collaborative
Optimization (MCO) [2], and Bi-Level Integrated System Synthesis
(BLISS), which has multiple derivatives, most notably BLISS-2000
[4], are three of the most likely to be practicable in large, real-world
applications] are attempting to overcome some of these deficiencies.
The work presented intends to add some insight as to which of the
most novel techniques, CO, MCO, or BLISS, shows the most
promise when applied to a realistic reusable launch vehicle (RLV)
test problem.

II. Objectives

This study explores three main objectives:

1) Determine the benefits of MDO versus trying multiple design
configurations converged using FPIL.

2) Create a realistic test problem that will add to a growing field of
research trying to evaluate novel MDO techniques CO, MCO, and
BLISS.

3) Allow for across-the-board comparison of the MDO techniques
by using the statistical method of blocking to remove external
variability.

A. Benefits of MDO vs FPI

The arguments in favor of using FPI to test a limited number of
configurations versus applying an MDO process are practical in
nature. FPI has been the method of choice in the aerospace industry
and most tools and practices were developed for it. Changing this FPI
work structure would require a large initial investment, new training,
and time to gain full acceptance. For the application of any MDO
method to be worthwhile, it must show improvement in the global
objective or produce project time savings offsetting its initial
application cost.

B. Authenticity of Test Problem

The test problem chosen, the optimization of a next-generation
RLV, should contribute to a growing body of work attempting to
evaluate CO, MCO, and BLISS [5-12]. These MDO techniques
were “crafted” as opposed to “rigorously derived” and lack a widely
accepted mathematical proof showing for which MDO problems
they are suited. Thus, the algorithms require that they be validated via
a statistically significant number of test cases of realistic, complex
system applications.

It is intended that the AAO method be used to validate the newer,
unproven MDO techniques. This limits test problems to those that
can still be handled by AAO.

C. Comparison Between CO, MCO, and BLISS

Because of statistical reasons, it is difficult to draw any
conclusions between CO, MCO, and BLISS using the current
literature available [5-12]:

1) Differences in the level of success with which each MDO
technique has been applied can be attributed to external variances.

2) There are few comparison studies providing data points with
which to draw any statistically significant conclusions.

To mitigate external variance (such as those caused by comparing
techniques applied on different optimization problems, by different
developers, or with different tools), this study will use the statistical
practice of “blocking” [13]. Blocking helps eliminate variation due to
“blocking variables,” in this case developer capacity and test
problem difficulty. Blocking is achieved in this study by having a
consistent developer apply all MDO techniques, by applying all to
the same test problem, and by using a consistent set of computational
tools. Whereas this study attempts to consistently apply all the MDO
techniques evaluated in this study to mitigate external variance as

much as possible, one cannot completely remove all external
variance. Other factors, such as a developer’s bias or familiarity with
a particular MDO technique, time constraints due to outside
schedules, etc., may still unwittingly introduce external variance.
The authors are not aware of other possible external factors that may
have introduced significant variance or skewed the results evaluated
in this study.

Whereas this study will not settle the question of which is better,
CO, MCO, or BLISS, as it is but one data point (see preceding item
2), it is one of the very first attempts at addressing the external
variance problem when trying to compare the benefit, validity, and
implementation cost of the new multilevel MDO techniques.

III. RLY Test Problem

Whereas a test problem is needed on which to apply the novel
MDO techniques, for the goals of this study, it is not of critical issue
which problem was selected, as long as it resembles one that may be
used in “real world” applications.

The test problem selected is the optimization of a next-generation,
single-stage-to-orbit (SSTO), earth-to-orbit RLV. Launching from
the Kennedy Space Center, it delivers a 25 klb payload (~70% of the
space shuttle’s payload capability [14]) to the International Space
Station (ISS) (orbiting at 220 nmile x 220 nmile x 51.6 deg
inclination). A base vehicle configuration, ACRE-92, was optimized
via the use of three disciplines: propulsion, performance, and weights
and sizing.

The ACRE-92 RLV [15] (Fig. 1) is a highly reusable space
transportation class SSTO vehicle. It is based upon a concept
dubbed WB-003 single stage shuttle [16]. Employing five liquid
oxygen/liquid hydrogen (LOX/LH2) main engines, the RLV enters
ISS insertion orbit (50 nmile x 100 nmile x 51.6 deg) and then
uses the orbital maneuvering system (OMS) to raise the orbit to ISS
orbit.

IV. Computational Tools

This section describes the legacy codes and other computational
tools used for all technique applications.

A. Propulsion Tool

Rocket engine design tool for optimal performance (REDTOP)
[17] allows for quick analysis of propulsion systems and is suitable
for conceptual-level design.

REDTOP models the engine by determining the chemical
reactions occurring in the combustion chamber and analyzing the
expansion of hot gases traveling through a convergent-divergent
nozzle. Combustion is modeled adiabatically and at constant
pressure. Additional accuracy is reached through a built-in engine
efficiency database.

A high-fidelity estimate of engine thrust to weight (T /W) for the
propulsion system is not provided by REDTOP, but is required for
estimating the vehicle weight. Therefore, a low-fidelity estimate was
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Fig. 1 Vehicle configuration, ACRE-92.
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calculated based on historical data of rocket engine power to weight
ratio (P/W) [18]. This calculation is as follows:

Weng = P/k @
T/Weng = TSL/Weng (3)

The sizing parameter, k, has a historical average value of k =
520 Btu/s/1bf based on data from 28 engines [18]. A value of
k = 600 Btu/s/1bf was used for this study, representing the use of
advanced technologies in engines for a next-generation RLV.

B. Performance Tool

Originally developed in 1970, the program to optimize simulated
trajectories (POST) [19] is one of the most commonly used codes for
trajectory analysis and optimization. It is a multiphase simulation
program that numerically integrates the equations of motion and
provides the capability to target and optimize point mass trajectories
for generalized vehicles and planets.

Whereas newer versions of POST can calculate 6-degree-of-
freedom (DOF) trajectories, for this project a 3-DOF simulation was
executed.

C. Weights and Sizing Tool

Weights and sizing analysis is performed via a set of space shuttle
derived mass estimating relationships (MERs)." MERs are
calculated using a spreadsheet created for this project. The MERs
represent technology levels commensurate with the space shuttle;
thus, technology reduction factors were implemented to represent
advancements in next-generation RLVs.

D. Computational Framework

ModelCenter [20] software was used to communicate between
tools. ModelCenter is a framework integration and design
optimization package.

Framework integration is performed via a discipline wrapper that
automatically sends inputs, executes the CA, and retrieves outputs.
Discipline codes can be written in any language. In this study,
REDTOP was in JAVA, POST in FORTRAN, and weights and
sizing was a Microsoft Excel workbook.

Optimization is available using the design optimization tools
(DOT) optimizer. DOT can perform gradient-based optimization via
direct (sequential linear programming, sequential quadratic
programming, and method of feasible directions) and unconstrained
methods (variable metric and conjugate gradient) [21].

E. Response Surface Modeling Tool

ProbWorks [22] software package, specifically its response
surface equation (RSE) generator, was used to create response
surface models (RSMs) of the discipline codes when explicitly called
for by an MDO technique. The RSE generator automatically creates a
design of experiments (DOE) given a number of design variables and
produces a wrapper containing the RSEs.

V. Fixed-Point Iteration

Fixed-point iteration or the iterative procedure [21] is the
traditional way of solving a multidisciplinary analysis (MDA)
problem. It is not, however, an MDO technique. In FPI, each
discipline optimizes its part of the entire system with respect to alocal
variable; for example, the structures group may try maximizing
strength whereas aerodynamics tries to reduce drag. FPI uses
iteration to converge the system composed of multiple locally
optimized disciplines, but no global system-level optimization is

*Personal communication: T. Talay’s class notes, “ME250 Launch Vehicle
Design,” George Washington University, 1992.

executed. It is expected that FPI will provide suboptimal system-
level solutions, as it does not exploit multidiscipline interactions. The
customer for a system design does not care about discipline-level
goals but is interested in global metrics relating to cost or weight of
the entire system.

A. FPI: Formal Problem Statement

The application of FPI was unique in this study in that eight
different models, each providing a converged vehicle solution, were
created. The different models were a result of 1) allowing mixture
ratio (r) to be controlled by propulsion (Option 1) or by weights and
sizing (Option 2), 2) the local-level objective for the propulsion
discipline (®p,,,) was allowed to be either Isp,,, or Ts; /W,,,, and
3) two different design spaces were applied to the design variables for
the propulsion analysis.

The two propulsion design spaces evaluated were

1) Expert Design Space: Side constraints are determined by a
propulsion expert as practiced in industry.

2) Large Design Space: Side constraints are maximized to not limit
optimization of the system to preconceived notions.

The eight different FPI formulations investigated for this study are
summarized in Table 1.

The resulting configuration with the lowest Wy, was selected as
the best FPI configuration. Each MDO technique implementation
was initialized using the best FPI configuration.

1. FPI: Propulsion Standard Form

Minimize:
cDProp - (Ispvac) or - (TSL/Weng) (4)

Subject to:
g p.=5psia (4a)
h TSL,avail = TSLreq (4b)

Side 4<r=<10 or 5=<r<7
30<e<100 or 50=<e=<90
200 < p. <3100 psia or 1500 < p. <3100 psia  (4c)

By Changing:

Xioe & Pe,A, v (ronly for Option 1) (4e)

2. FPI: Performance Standard Form
Minimize:

q)Perf MRreq (5 )

Table 1 FPI formulations investigated

Local-level objective Mixture ratio (r) controller Option Design space

q)Prop = TSL/Weng PTOPUISiOn 1 EXper[
Dprop = IPyac Propulsion 1 Expert
Bprop = Ts1./ Weng Propulsion 1 Large
Dprop = I8Py Propulsion 1 Large
Bprop = Ts./ Weng Performance 2 Expert
Dprop = ISPyac Performance 2 Expert
Bprop = Ts1./ Weng Performance 2 Large
Dprop = ISPyac Performance 2 Large
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Subject to:

h hinsenion =303, 805 ft
linsertion = 51.6 deg

Vinsertion = 0 deg (Sa)
By Changing:
Xloc éAzimulh~ éPilchl’ éPilchZ? éPitchSﬁ éPilchél (Sb)

3. FPI: Weights and Sizing Standard Form

Minimize:
Dyes  Wary 6)
Subject to:
h MR,.q = MR (62)
Side  Tsp/Weoss = 1.2 (6b)
By Changing:

Xioe SFyen Tsp./ Weross» 7 (r only for Option 2) (6¢)

B. FPI: Data Flow

To better understand the coupling of shared variables, design
structure matrices (DSMs) for FPI Option 1 (Fig. 2) and Option 2
(Fig. 3) are provided. Note that a CA with local optimization is
depicted with a diagonal line.

C. FPI: Results

Final configuration results for RLVs converged using the FPI
method for both Option 1 and Option 2 are shown in Tables 2 and 3.
Of the eight different FPI models generated, the best solution
(Option 2, expert design space, Pp,,, = Isp,.) is converged at
Wy = 317 klb. The best solution, however, was not the industry
standard practice (Option 1, expert design space, @pyo, = Ispyyc)s

Propulsi Ispvachvac’Ae TSL/WG"Q’Ae’r
TOP)
Perfor MR,
ST) |
TSL,req Sref’Wgrcss Weig
zing
Fig. 2 DSM for FPI Option 1.
PI’OpUl i IspvacyTvacsAe TSL/WenglAe
TOP)
Performance| MR,
sT) |
Lr’TSL,req Sret W gross Weig
zing

Fig. 3 DSM for FPI Option 2.

Table 2 Final configuration table for FPI Option 1*

Expert Large Units
design space design space
Propulsion T/W, ISpyac T/W, Ispyac —_—
objective

Direction Maximize Maximize Maximize Maximize ——
Ts1./Weng 60.12 58.91 73.79 58.98 —_—
Ispyac 441.5 446.2 387.4 447.3 s
c* 7,418 7,603 6,650 7,769 ft/s
Isps. 386.8 390.2 358.0 394.4 s
Cfae 1.874 1.856 1.816 1.824 —_—
Cfg 1.642 1.623 1.678 1.614 —_—
Tst./ Weross 1.20 1.20 1.20 1.20 —_—
& 50.0 50.0 30.0 46.2 —_
r 7.00 6.20 10.00 543
De 3,100.0 3,100.0 3,100.0 3,100.0 psia
De 5.557 4.997 11.12 5.002 psia
A, 261.36 286.54 431.07 319.79 ft?
A, 5.23 5.73 14.37 6.92 ft?
SF 1.102 1.155 —_— 1.258 —_—
MR 8.01 7.85 10.34 7.79
Sref 4,853 5,341 8,718 6,328 ft2
Weross 3,262,594 3,520,165 9,258,826 4,203,727 Ibf
Wary 320,811 356,515 714,903 433,967 Ibf

“BOLD values represent active constraints.

Table 3 Final configuration table for FPI Option 2?*

Expert Large Units
design space design space
Propulsion T/W, Ispyac T/W, Ispyac —_—
objective

Direction Maximize  Maximize = Maximize = Maximize @——
Ts./ Weng 60.12 59.06 73.56 65.32 —_—
Ispyac 441.5 443.1 387.3 399.8 S
c* 7,418 7,418 6,646 6,650 ft/s
Isps;. 386.8 383.8 356.7 345.0 s
Cfac 1.874 1.884 1.816 1.894  —
CfsL 1.642 1.631 1.673 1.635  —
Ts1./ Wross 1.20 1.20 1.31 1.20 —_—
e 50.0 54.3 30.0 559 —_—
r 7.00 7.00 10.00 10.00
De 3,100.0 3,100.0 2,973.5 3,100.0 psia
De 5.557 5.003 10.68 5.000 psia
A, 261.38 281.56 517.20 621.07 ft
A, 5.23 5.19 17.24 11.10 ft?
SF 1.102 1.096 1.500 1.335 —_—
MR 8.01 7.96 10.14 9.78
Sief 4,854 4,801 8,994 7,132 ft
Woross 3,262,698 3,212,690 9,723,742 6,892,809 Ibf
Wary 320,820 317,606 769,786 560,975 Ibf

“BOLD values represent active constraints.

which converged at Wy, &~ 356 klb. Thus, it can be surmised that,
when using FPI, alternating which discipline has ownership of
critical shared variables can significantly affect the best resulting
design converged.

VI. All-at-Once

All-at-Once is the most basic MDO technique and has wide
industry acceptance, but is generally restricted to small design
problems. In AAO, control is given to a system-level optimizer that
ensures a global objective is met by having a single designer control
the entire system.

AAO solves the global MDO problem by moving all local-level
design variables and constraints away from each discipline to a new
system-level optimizer entrusted with optimizing a global objective.
The discipline CAs remain, but are stripped of all design
responsibilities and assigned solely with analysis. The system-level
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optimizer will vary all design variables and pass inputs to each
discipline so that they can perform local-level disciplinary analysis.

AAO with optimizer based decomposition breaks the feedback
loops between CAs in a DSM. Thus, whenever the system makes a
change in the vehicle configuration, each discipline needs to run once
as opposed to iterating in a tight loop, as is often true in FPL.

Whereas AAO is the most straightforward way to solve an MDO
problem, it has drawbacks that make it inapplicable or impractical to
the detailed design of aerospace systems. First, it takes design
responsibilities away from discipline experts. Second, the design of
an aerospace system is too complex for a single user or system-level
optimizer to handle. Whereas AAO may solve the MDO problem for
conceptual-level design, it does not scale well with complexity and is
not used during detailed design.

Despite limitations, if a convex MDO problem can be solved via
AAQO, there is a high degree of confidence that the final configuration
produced will be the true global optimum. The RLV problem
presented in this paper was previously shown to be convex with a
single global optimum by Cormier et al. [9]. The resultant AAO
configuration will be used to validate solutions produced by applying
CO, MCO, and BLISS.

A. AAO: Formal Problem Statement

AAO does not have any local-level optimization, thus the MDO
problem is strictly a system-level problem.

AAO: System Standard Form

Minimize:
Dy Wiy (7)
Subject to:
§ Pe=5psia
Ts1./Weross = 1.2 (7a)

I Vinsertion = 0 deg
finsertion = 1.6 deg
hinsertion = 303’ 805 ft
MR,., = MR

req avail
Sref.guess = Sre[,actual

Wgross,aclual = Wgross,guess

TSL.avail = TSL,req (7b)

System r,e,p.,A
Optimizen

Pes

TSLavaiI Propulsion Ispvac'Tvac:Ae, TSLWeng’Ae

(REDTOP)
hinserlion!iinsenion’Yinserticn'MRreq Performanc MRre !
(POST)
Wdry’Sref,actuaI’Wgross.actuaI!MRavaiI Weights &|
Sizing

Fig. 4 DSM for AAO.

Table 4 Final configuration table for AAO?*

AAO, full AAO, reduced Units
System objective Wary Wary —_—
Direction Minimize Minimize —_—
Ts./Weng 59.76 59.27
ISpyac 439.6 440.1 s
c* 7,291 7,282 ft/s
Ispsr. 380.3 378.4 s
Cf e 1.896 1.902 —_—
Cfg,. 1.641 1.635 —_
Tst./ Wiross 1.207 1.200 —_—
& 55.2 57.5 —_—
r 7.47 7.51 —_—
De 3,099.9 3,100.0 psia
De 5.243 4.999 psia
A, 279.84 290.13 ft?
A, 5.07 5.05 ft?
SF 1.076 1.073 —_—
MR 8.06 8.07
Sef 4,629 4,610 ft?
Wgross 3,149,989 3,138,648 Ibf
Wary 306,413 305,101 Ibf

“BOLD values represent active constraints.

Side  40.29 < O, imun < 44.53 deg/s
—1.533 < Gpypeny < —1.386 deg/s
0.04191 < Bpyn < 0.0543 deg/s
—0.2696 < Opyeny < —0.2440 deg/s

—0.1421 < Bpieps < —0.1285 deg/s

63<r<77

45 <& <60

4.705 < A, < 5.750 2

2790 < p, < 3100 psia

0.9913 < SF < 1.21169

1.2 < T/ Weposs < 1.5

4368 < Sy guess < 5339 2

2936 < Woss guess < 3559 klb (7c)

By Changing:

Xsys eAzimulhﬁ 9Pitchl ) 9Pilch27 0Pilch3ﬁ 9Pitch4ﬂ re, Ats
Pes SF, TSL/Wgross’ Sref.guessv Wgross.guess (7d)

B. AAO: Data Flow
The DSM for AAO is shown in Fig. 4.

C. AAO: Results

Scalability difficulty was encountered during the course of this
study when the system optimizer tried to simultaneously optimize all
vehicle design variables.

One can observe in Table 4 that when “AAO, full” was used,
Ts1./ Wgross sS€emed to approach its constrained minimum (1.2) while
P. approached its constrained maximum (3100 psia). However, the
optimizer was unable to reach the constrained limits. This is common
in engineering models where legacy tools have significant numerical
error, making it difficult to determine derivatives necessary for
gradient optimization. This can be helped by reducing the number of
design variables in the system optimizer. When the values of
Ts1./Wross and p,. are manually set as parameters at the constrained
limits, the optimizer has an easier time reaching the true optimum
solution for the test problem, “AAOQO, reduced.”
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AAO produced a 3.94% reduction in Wy, versus the best FPI
model and a 2.30% reduction in Wy

VII. Bi-Level Integrated System Synthesis

Bi-Level Integrated System Synthesis was originally developed
by Sobieszczanski-Sobieski et al. The first version of BLISS [3] was
developed in 1998 with the most recent derivative, BLISS-2000 [4],
introduced in 2002. BLISS-2000 was applied in this study as it was
designed as an improvement on the original BLISS based on the
evaluation of several BLISS varaints [12].

BLISS intends to solve large MDO problems, while at the same
time minimizing the number of changes needed by current design
practices. BLISS, like CO and MCO, uses a two-level MDO model
(with both local and system-level optimization) to emulate the
conventional organizational structure used in industry. It also lets
experts have most of the control over local discipline design, thus
taking advantage of expert knowledge. Because it does not add new
local design variables, CAs can be performed similarly to current
practices developed for use in an FPI process.

To coordinate between disciplines, BLISS uses weighting factors
on local outputs to produce an overall system-level MDO solution.
The system optimizer handles shared inputs or coupling variables
and new weighting factors, used to dynamically control each
discipline’s local-level objective. With the addition of new variables,
which have the potential to complicate system-level optimization, it
is expected that BLISS, like CO and MCO, is best suited for MDO
problems with low dimensionality coupling.

A feature of BLISS-2000 is the creation of RSMs of all CAs and
applying the bi-level optimization scheme directly to the RSMs
instead of the original legacy tools. Substituting for the original codes
is intended to avoid the numerical integration and stability problems
often associated with legacy tools. RSMs provide optimizers with
smoother numerical gradients and save execution time.

RSMs require the original CAs run a DOE to create the data for
fitting the RSMs. This could be a costly endeavor if there are many
local-level design variables. On the other hand, using parallel
execution to distribute this process over a computer network means
that, in theory, this could be done in the time required to execute the
most time-consuming CA once. If the RSM is not an accurate fit of
the original tools, then additional DOEs may be needed until the
design space is small enough to bring RSE error within acceptable
tolerances. A “BLISS iteration” [4] occurs when the design space is
decreased around the previous configuration and new RSMs are
created.

A. BLISS: Formal Problem Statement
BLISS-2000 has both system and local-level optimization.

1. BLISS: System Standard Form

Minimize:
Dy Wey (8)
Subject to:
h Y=Y} (Xy) (8a)
By Changing:
Xys Xan 7 (8b)

Y Ispvacv Tvaw Ae? TSL/Weng7 Sref’ W,

£ross TSL,req ’ MRreq (SC)

w wl[ISpvac]’ wz[Tvac]’ w?’[Ae]? w4[TSL/Weng]! wS[Wdry]’
w6[Sref]7 W7[Wgross]v wS[TSL,Req] (Sd)

In the preceding equation, for w1l ... w8 the []s show the variable to
which the weighting factor corresponds.

2. BLISS: Propulsion Standard Form
Minimize:
Dprop  WISPyye) + w2(Tyae) + w3(A,) + wA(TsL/Weng)  (9)
Subject to:
g Pp.=5psia %a)

h TSLAVai] = TSL‘req (9b)

Side 4=<r=<10

30 <e =100
200 < p. =< 3100 psia 9¢)
Given as Parameter:
Xg 7 (9d)
Y Tsireq (%9e)
w wl, w2, w3, wd o)
Find:
YD Ispyacs Tvacr Aes Tsi/ Weng %¢g)
By Changing:
Xioe & Per4y (9h)

3. BLISS: Performance Standard Form
Minimize:
q)Pcrf Mchq ( 1 O)
Subject to:

h h =303, 805 ft

insertion
iinserlion =516 deg
Vinsertion = 0 deg (103)

Given as Parameter:

Y* I8pyacs Tyaes Aes Srers Weross (10b)
Find:
Y} MR, (10c)
By Changing:
Xioe  Onzimutn: Oriccn - Opieci2: Opiecs» Opieens (10d)

4. BLISS: Weights and Sizing Standard Form
Minimize:

CIDW&S wS(Wdry) + w6(Sref) + w7(Wgross) + wS(TSL.req) (1 1)

Subject to:
h MRavail = MRreq (1 13)
Side T/ Wiross = 1.2 (11b)
Given as Parameter:
Xa T (11c)
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Y* Ts/Weng, Ay MR (11d)
w wS, wb, w7, wd (11e)
Find:
Y5 Warys Srers Weross» TsLireq (116)
By Changing:
X SF, TSL/Wgross (11g)

B. BLISS: Data Flow
The DSM for BLISS is shown in Fig. 5.

C. BLISS: Results

As previously mentioned, the BLISS-2000 algorithm substitutes
time-consuming legacy codes with RSMs.

In Table 5, column “BLISS-2000, RSM” indicates values derived
using RSMs. “BLISS-2000, actual” indicates the actual values
calculated using legacy codes. Equality between the two columns
indicates that RSMs accurately modeled the CAs.

For this study a second-order central composite DOE was used to
create all the discipline RSMs.

Table 5 shows that the second-order polynomial RSM models
were of high fidelity. The optimum Wy, calculated by RSMs was
virtually identical to the actual value output by the CAs.

Furthermore, the system optimal (W, ) value derived by BLISS-
2000 was very close to that derived by AAO. Thus, BLISS was able
to find the global optimum and produced a 3.76% reduction in W,y
versus the best FPI result and a 2.75% reduction in W,

gross*

VIII. Collaborative Optimization

Collaborative Optimization is a two-level MDO algorithm
originally developed in 1996 by Braun [1].

CO is expected to maintain expert control in each discipline,
incorporate parallel execution by removing iteration loops, and, like
BLISS, has a two-level structure similar to industry organizational
structures.

To coordinate between disciplines, CO creates copies of all
interdisciplinary coupling variables at the system-level. The system
optimizer uses these copies to send out design targets to each
discipline. Sufficient local degrees of freedom may not exist to
satisfy all targets while meeting local constraints; therefore, the local-
level subspaces are allowed to depart from the targets, but this
departure must be minimized. In theory, if there are enough local-
level DOF, variable targets and disciplinary values will converge.

wi,w2,w3, ISPy acs Thacs Al WH,WE,W7, W8T,
System W4’ri-r’S(L,re S’rkef’W;ross TSL/W ;ng’AziMR:ec
Optimizer
T/S\L/Wé\ngllspOac'
LI Propulsion
TOP)
MR, Perforgfﬂ
S(;1‘’Wé\ross’-l—/S\L,reqleli\ry Weig

zing

Fig. 5 DSM for BLISS.

Table 5 Final configuration table for BLISS*

BLISS-2000 RSM BLISS-2000 Actual Units

System objective Wary Wary —_—
Direction Minimize Minimize e
Ts./Weng 59.52 59.14

ISpyac 440.8 441.9 s
c* —_— 7,358 ft/s
Ispsr. —_— 381.6 S
Cfac —_— 1.892 —_—
Cfg,. —_— 1.634 —_—
Tst./ Wross 1.200 1.200 —_—
e 52.9 55.6 —_—
r 7.22 7.22 —_—
De E— 3,100.0 psia
De —_— 4.999 psia
A, 275.76 279.91 ft?
A, 5.22 5.03 ft
SF 1.079 1.079 —_—
MR 8.03 8.03

Sef 4,659 4,659 ft?
Wgross 3,124,072 3,124,062 Ibf
Wary 305,661 305,660 Ibf

“BOLD values represent active constraints.

In CO, as in MCO, the system optimizer sends variable targets to
any CAs that deal with the variables as inputs or calculates their
actual values as part of its analysis. For example, in the original FPI
DSM (Figs. 3 and 4) the variable A, was an output calculated by
propulsion and an input for performance and weights and sizing. In
CO, the system sets a target value for A,. Propulsion optimizes its
inputs to match as closely as possible all discipline targets (Ispy,c,
T, etc.), including A,. Both performance and weights and sizing
optimize their input variables (including the local version of A,) to
match their targets.

Local objective (Ppyop, Ppers> and Dy gg) functions are formulated
to decrease as the local-level optimizer moves closer to meeting
targets. Two formulations for reaching this goal were considered:

#targets Xl-oc 2
D= (1— );{) (12)

i=1

#targets t loc\ 2
X! - X!
e = ) (T) (13)

i=1

Whereas both equations reach a minimum of zero when local
values of the design variables (X'°°) match their targets (X'), their
normalization varies. Equation (4) divides X' by X’. In Eq. (5), the
difference between X' and X’ is calculated and a constant (C;) is
used to normalization purposes. The format used in this study
depended on which provided a better local-level convergence for the
discipline.

A. CO: Formal Problem Statement
CO has both system and local-level optimization.

1. CO: System Standard Form

The system equality constraint (#) could be separated for each
discipline (®,,.; =0) instead of using the single constraint
formulation () ®y,.; = 0). Both formulations are theoretically
acceptable. When applied here, the single formulation provided
better convergence.

Minimize:

(Dsys Wdry ( 1 4)
Subject to:

h cI)Pmp + q)Pcrf + d)W&S =0 (143.)



1296

By Changing:

X

s Mref

2. CO: Propulsion Standard Form
Minimize:

rt — PP 2 Tt _ TPP 2
o) SL SL
Frop ( 6 ) + (3, 500, 000

Isp’,. — Isphac \2 T  —TX™\?2
+ vac a + vac
400 4,000, 000

n (Ai - A‘Sp)z (TSL/Wé — T /We

250 50
Subject to:

§ p.=5psia

Side 4<r=<10
30 <e <100
200 < p,. = 3100 psia

Given as Target:

Xoys 71D Taes Ay (TsL/Weng)' Ty
Find:

Yiee Ispbhc. TV, AL, (Tsp/ Weng)®P. TS
By Changing:

Xloc rpp’s’ pcsAt

3. CO: Performance Standard Form
Minimize:

Isp¥ac ) 2 T\ 2 AV
] 1— 1— 1—
pet ( ) T\ ) U &

S\ 2 Whiow ) 2 MRP
(- (1 (e

ref gross

Subject to:

h hipserion = 303, 805 ft
linsertion = 1.6 deg
Vinsertion = 0 deg
Given as Target:
KXoys I8Phacs Thacs Aes Sters Wigrosss MR!
Find:
Yoo MR

By Changing:

pf pf pf  opf pf A
Xioc  Ispvac, Tvac, Ae s St Werosss 6 Azimuth-»

QPilchl ’ 9Pilch2 ’ 9Pilch3 ’ 0Pilch4

BROWN AND OLDS

sys rtv Ispiaw T\r/acs A;, (TSL/Weng)r S; Wéross’ TgLv MR’ (]4b)

5)

(15a)

(15b)

(15¢)

(15d)

(15e)

16)

(16a)

(16b)

(16¢)

(16d)

4. CO: Weights and Sizing Standard Form

Minimize:
AY$\2 Tg /W22
P 1—=° 11—
wes ( A;) i ( T /W,
s 2 Sws 2 Wws 2
1—— 1— ref 1— _ gross
+ ( rl) + ( S:ef) + ( Wémss)
TYs 2 MRS 2
-3t l—— 17
(=) + (0 -hw) a
Subject to:
Side  Tsp/Wioss = 1.2 (17a)

Given as Target:

Xogs 1A (Tse/ Weng)'s Siegs Wross: Ts» MR (17b)
Find:
Yiee  Siets Weross: Ts?, MR™ (17¢)
By Changing:
Xioe 7% AT T/ Wengs SE, Ts1 / Wross 17d)

B. CO: Data Flow
The DSM for CO is shown in Fig. 6.

C. CO: Results

Observe in Table 6 that the MDO solution obtained by applying
CO does not activate constraints for p, and p,; this contrasts
solutions derived with AAO and BLISS. Additionally the value of
the global objective obtained using CO, Wy, ~ 303.6 kIb, is lower
than determined by both AAO and BLISS, Wy, ~ 305.5 klb. One
might think that CO did a better job than the previous two, but this
lower value is due to large convergence error in the CO model as
discussed in Sec. X, “Cross-Technique Configuration Results.” Still,
the differences between the values produced for Wy, in CO, BLISS,
and AAO are low (<1%). Thus, CO seems to agree with AAO, but
the larger error produced with this methodology makes it uncertain.

CO produced a 4.39% reduction in Wy, versus the best FPI result
and a 3.60% reduction in Wio.

IX. Modified Collaborative Optimization

Modified Collaborative Optimization is a MDO algorithm
developed in 1998 by DeMiguel and Murray [2].

lspbac’Tbac!A;' IspslaC'T\tlaC’A;' AtevTSL/W (teng1 rt1
System TSL/W;ng'rt'TtSl S:'el'wé;rtnssilvll:"t StrelvW'grossthSLlMRt
Optimizen
Dpyop Propulsion
TOP)
Dpert Perforgfj
q)W&S'Wdry Weig

zing

Fig. 6 DSM for CO and MCO.
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Table 6 Final configuration table for CO*

CO Units
System objective Wary -
Direction Minimize —_
Ts1./Weng 59.34 .
ISpyac 440.8 S
c* 7,334 ft/s
Isps, 380.5 s
Cfyye 1.892 S
CfsL 1.633 -
Tsi./ Weross 1.200 S
3 54.6 S
r 7.31 -
De 3,036.2 psia
De 5.077 psia
A, 280.06 ft
A, 5.13 ft2
SF 1.075 —_—
MR 7.96
St 4,624 ft?
Wross 3,097,190 Ibf
Wary 303,663 Ibf

“BOLD values represent active constraints.

MCO is a derivative of CO attempting to “surmount some deep
technical challenges” [2] present in the formulation of CO. The
developers of MCO noted deficiencies in the lack of a proof of
convergence and gradient optimization difficulties due to a vanishing
gradient effect as the local objectives approach their minimums.
MCO’s architecture is similar to that of CO with the same inputs and
outputs entering and leaving the CAs.

The first change is that MCO uses an “exact” [2] penalty function
as the system-level objective. MCO uses the local-level objective
functions as penalty terms for the system objective function, creating
an unconstrained system-level problem. This contrasts CO, which
imposed constraints at the system-level to enforce that local-level
objective functions reach their expected minimums at zero.

Furthermore, MCO does away with the quadratic form of the local
objectives and replaces it with a format similar to linear
programming called individual discipline feasible (IDF). As in
CO, the system may call for an infeasible set of targets where local
disciplines cannot match given targets. IDF solves this by
introducing additional local-level variables and constraints. In IDF,
if the set of targets is infeasible, elastic variables (s and t) are added to
correct differences between local-level values and given targets. The
local objective is now to minimize the amount of corrections to be
performed using elastic variables. All variables in IDF are required to
have positive values; thus, elastic variables must be introduced for
both when the local variable is less than (s) or greater than (¢) the
target value. IDF only allows equality constraints; thus, local-level
inequality constraints are changed to equality constraints by adding
another elastic variable.

A. MCO: Formal Problem Statement
MCO has both system and local-level optimization.

1. MCO: System Standard Form

In the next equation, r, is a penalty parameter used to alter the
acceptable level of error in the penalty function.

Minimize:
Do Wary + 75 (Prrop + Prert + Pwaes) (18)
Subject to:
By Changing:
Xeys 75 I8DYacs Thacs ALy Tt/ Wings Steps Warosss T, MR' (18a)

2. MCO: Propulsion Standard Form
Minimize:
qDProp (Sr + tr) + (SlspmC + lIspm) + (ST + lT )

vac vac

+ (SAE + tA(') + (sTvac/Weng + tTSL/Weng) + (STSL + tTSL) (18b)
Subject to:

h pP—s, —5psia=0

s, —t. =7

Ispie + Stp,,, — Frspys, = I8Pbac

TV + 51,0 — 11, = Thac

AP 4 Sa, — 1y, = Al

(Ts1,/ Weng)PP + STq/Weng ™ UTSL/Weng = (Ts1./ Weng)'

T + 57, — try, =T (18c)
Side 4<r=<10 30 <& <100 200 < p. <3100 psia

Spes Sro Trs Stspre Tisprae s STvaes Maes SA,> TA s STp [ Weng o

tTSL/chg’ STg1s tTSL 20 (18d)

Given as Target:

Xoys 1" IPhacs Thacs Aby (TsL/Weng)'. T§1. (18¢)
Find:
Yiee Isplic, TVic, AL, (TsL/ Weng)™®, T8) (18f)
By Changing:
Xioe TP, 88,0 A1 ), Srs bry Stspus Tspuae> SToae> MToae s 4, 14, 5
STs1/Weng* tTSL/Weng’ STg> Ty, (18g)

3. MCO: Performance Standard Form
Minimize:

Bperr  (Sigpyy, T tispyy) T (51 + 17, + (54, + 14,)

+ (S5 T Ise) T S, + Twye,) + (SMr + fur) (19)
Subject to:
h hinsenion = 3037 805 ft

iinsemon =51.6 deg

Vinsertion = 0 deg

ISpSgC + SIspm - tIspmC = Ispiac
T\I/);c + STyee = tT\,uC = T\l;ac

f
AT+ sy, — 1y, = AL

— Q!
=S5 ref
pf — Wt
ngss + SWgross - twgross - Wgross

MR + sy — g = MR

pf _
Srcf + S8 T IS

Stspyae» Tspyaer STyaer Moae sS4 Lo S8 Lo SWigosy o

Wyt SMR> TMR 2 0 (19a)
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Given as Target:

Xoys  I8Dlacs Thacs Aes Sters Wiross: MR (19b)
Find:
Yie MR (19)
By Changing:

pf  pf 4pf opf pf g , ]
Xioe  I8Phac, Tac, Ae s Speps Weross, Oazimutn» Opicent > Opitcnzs

Opitch3» Opitchas Stspyye » Lispune » SToae» Mo S, 2 Lys SSyegs LSiag s

SWaross > IWoross » SMR 5 IMR (194d)

4. MCO: Weights and Sizing Standard Form
Minimize:
q)W&S (SAp + [Ag) + (STSL/chg + tTSL/Weng)
s A1)+ (S5 +1s) F Gwpe + 1w,)

+ (s7y +trg) + (Smr + tvr) (20)
Subject to:

h (TSL/chg)WS T ST Weng — T /Wy = (TSL/chg)[
AP+ 54, — 1y, = Al
™+s, —t=r
St = St

ref + SSet — s

ref ref

‘WS —_ t
Wetoss  5Wo — Wyne = Weross
'WS _ t
T§ + 57y —try =T

MR™ + sy — fyr = MR! (20a)

Side  Tsp/Wioss = 1.2
SAr A ST Wengs 575 Trs S0 T8 SWoges» Wy

St Prg > SMRrs Ivr = 0 (20b)

Given as Target:

Xsys r', AL, (TSL/Weng)tv Sxt'cf’ Wémsss T§ . MR’ (20¢)
Find:
Tiee it Weross» Tst» MR™ (20d)
By Changing:

Xloc rws’ A\e’vs’ (TSL/Weng)WS’ SF’ TSL/Wgruss’ SA‘. ’ tAc ’

ST/ Weng? tTSL/We 28> Irs SSet? tSref ’ SWg.m ’ thuM > 8Ty

ng ng

g s SMR> IMR (20e)

B. MCO: Data Flow
The DSM for MCO is identical to that of CO shown in Fig. 6.

C. MCO: Results

The main differences between CO and MCO are that MCO uses
IDF for the local objective function and removes equality constraints
at the system level, replacing them with a penalty function. Whereas
IDF seemed to offer some advantages when applied, the penalty
function formulation led to inconsistent results. The resulting MDO
solution varied greatly with the value of the penalty parameter (r),);
see Fig. 7, an unexpected and undesirable phenomenon.

320
315 f----
310 {----
I
300 {----
295 1 ----
290 4 ----k-mnnnen

285 1l

L S S S S S S ‘

275?
50 55 60 65 70 75 80 85 90 95 100

W, (Klbf)

Penalty Parameter (r,, 1000’s)
Fig. 7 Resultant Wy, vs penalty parameter (r,).

As can be observed in Fig. 7, the resulting value for Wy, using
MCO had a step function relation with r,. If r,, were too large, then
the MCO model could not improve its initialization point (the best
FPI configuration, Wy, ~ 317 kIbf) and the optimizer would not
move. If r, were too small, then the MCO configuration would move
from its initial point and drive the value of Wy, down to around
Wary & 285 KIbf. These low results had very poor convergence with
errors often above 5%.

The value of Wy, jumps at 88,000 < r, <90,000. It was
impossible to isolate a value of r,, that produced a Wy, similar to the
value found using AAO and BLISS (W, & 305 klbf), as there was
not a smooth relationship. In addition, two identical MCO trials
could produce drastically different results. If a trial run produced a
Wy value approaching expectations from BLISS and AAO, when
that trial was retried, the optimizer often never moved or fell to the
Wiy & 285 kIbf range.

The resultant inconsistencies observed in the MCO model made it
impossible to draw any conclusions from the test trials.

X. Cross-Technique Configuration Results

Table 7 shows final configurations derived through the application
of each technique. One can observe that the iterative solution (FPI)
produced a suboptimal result, with the best FPI configuration
producing a resultant Wy, about 4% higher than the true optimum
(W4ry ~ 305.5 klb) found by applying AAO or BLISS.

In Table 7, it appears that CO produced a better result with respect
to the global objective. This result is deceptively good due to
significant convergence error in the technique. Figure 8, shows box
plots [13] of the convergence errors in the coupling variables used in
each technique. CO has a much larger convergence error than any
other technique successfully applied in this study. This is due to local

Table 7 Final configuration table, all techniques®

Tterative AAO BLISS CO Units
| 443.1 440.1 441.99 440.8 s
Ispgr. 383.8 378.4 381.6 380.5 s
Cf e 1.884 1.902 1.892 1.892 D
Cfy,, 1.631 1.635 1.634 1.633 —_—
Ts1./ Wross 1.20 1.200 1.200 1.200 —_—
& 54.3 57.5 55.6 54.6 e
r 7.00 7.51 7.22 7.31 —_
Pe 3,100.0 3,100.0 3,100.0 3,036.2 psia
De 5.003 4.999 4.999 5.077 psia
A, 281.56 290.13 279.91 280.06 ft?
MR 7.96 8.07 8.03 7.96
Sref 4,801 4,610 4,659 4,624 ft?
Wross 3,213 3,139 3,124 3,097 klbf
Wary 317.6 305.1 305.7 303.7 klbf

“BOLD values represent active constraints.
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Key - . } '
Min 1 25% Mean 75%! Max

1% Quartile i 31 Quartile

lterative } i :

AAO | i !

BLISS =53 i

co —
0% 05% 1% 15% 2% 25% 3% 35% 4%

Fig. 8 Convergence error box plots, all techniques.

optimizers having difficulty matching given targets and the
discipline error versus the target being independent for each
discipline.

CO'’s discipline error independence is what creates artificially
optimistic results. The system optimizer takes advantage that local
optimizers can have different errors for given targets and chooses the
most opportune error directions, benefiting the system goal of
minimizing Wg,,. An example of this “opportune error direction
effect” is shown in Fig. 9.

Isp,,. is calculated by propulsion and used by performance to
perform trajectory analysis. The system optimizer sends out a target
value for Isp,,. (440 in the example). Because of the vanishing
gradient effect, numerical errors, etc., there will be a convergence
error between the system target and the value used by the local
discipline. This system-discipline error is only 0.9% for propulsion,
(440 — 436) /440, and 1.1% for performance, (445 — 440)/440.
Because local convergence error is inevitable, the system optimizer
takes advantage of it. It chooses the most opportune error directions
to help minimize Wy,,. Therefore, propulsion will actually arrive at
an Isp below its target value and performance above its target value,
and the two disciplines will have a larger convergence error between
them (2%) than their individual error versus the target. The percent
errors and directions observed with respect to their desired targets for
the CO configuration are shown in Fig. 10.

XI. Analysis and Discussions

Analysis and discussions of the results presented were drawn for
this study’s three objectives as listed at the beginning of this paper.

A. Benefits of MDO vs FPI

Results presented show that RLV optimization employing MDO
techniques offers some improvement over results obtained using the
FPI process. This confirms that, without human intervention, the
traditional method using FPI does not provide optimum results.
Whereas use of MDO showed a modest improvement in the global
objective, this benefit may increase for large, complex problems for
which MDO methods are designed.

Ispl,.=440s Ispt, =440s
system pvac T pvac 0
Optimizer - ~/
Lower Isp®?, Higher Isp2f,,
means a smaller means a better
engine is needed, engine is used,
thus lower Wy, thus lower W,
I
) Propul fon
)
Ispfh.=436s:
o Maximum
Perf . T
Interdisciplinary ﬁ
Error = 2.0%

Isp? —4455

vac’

Fig. 9 Example of opportune error direction effect, Isp,,.
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2% - A I EEREEEEEEEEEEEEEEEEED --
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% Error with Respect to System Target Value

R
®

o
< > v @'2’(\ & &
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[>X

e \%Q@" @Q‘

Fig. 10 Percent error and direction with respect to system targets for
CO configuration.

The application of MDO resulted in a vehicle dry weight (W)
reduction of about 4% versus the best FPI solution and 14% below
the industry standard FPI configuration. If the size of the MDO
problem to be solved is small and the execution of the CAs involved
isnot very costly, then traditional methods using FPI will probably be
the best choice. For large problems with time-consuming CAs, the
implementation cost of MDO will more likely be offset by its
benefits.

For problems with a high dimensionality coupling between CAs, it
is unclear if MDO techniques will be practicable. Bi-level MDO
methods like BLISS-2000, CO, and MCO may prove unfeasible as
they add new system-level variables that may complicate the
problem beyond the ability of the system-level optimizer. AAO may
be feasible if the underlying analyses for the CAs have very
predictable behaviors, allowing accurate and reproducible gradients
to be calculated. However, real-world aerospace system design
problems tend to have low dimensionality coupling. The traditional
use of FPI in the aerospace industry has led to design disciplines with
a minimum number of interdisciplinary design variables in order to
reduce the number of iterations needed to converge a system.

B. Authenticity of Test Problem

The selection of a test problem was limited to those for which
AAO might still be applicable to validate newer multilevel MDO
techniques. The test problem used for this study seemed to border the
size and complexity still solvable using AAO.

Despite size restrictions, the RLV test problem selected had
characteristics increasing its likeness to “real-world” problems:

1) Disciplines were broken down along the conventional
disciplinary lines.

2) Technology reduction factors were added to more accurately
model the technologies to be used in a next-generation vehicle.

3) The base vehicle is a real concept studied by both NASA and
industry.

4) Widely used legacy codes or similar were used for the design
and analysis of each discipline.

C. Comparison Between CO, MCO, and BLISS

It was known that this study would be unable to conclude if any
one MDO technique is more promising than the others, as it is but one
study from which it is impossible to draw any statistically significant
conclusions. Conversely, this study was successful in using the
blocking effect to reduce the number of external factors making it
difficult to determine variance between the multilevel MDO
techniques.
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Table 8 Execution time, all techniques

Iteration AAO BLISS CO
5-20 min  40-50 min 2-3h 34h

Total execution time
(no parallel execution)
Estimated execution time N/A N/A
(with parallel processing)

1020min 1-2h

Table 9 Qualitative report card, all techniques

Criteria Credits Iteration AAO BLISS CO MCO

Implementation 3 A C B+  C+ Incomplete
difficulty

Total excecution 3 A A— B+ B— C
Time

Model 3 A D B+ B Incomplete
robustness

Formulation 2 A A B+ B— C—
difficulty

Optimization 4 D A— A B Incomplete
deftness

Convergence 3 A A— B+ C+ B
error

GPA 3.11 3.00 346 2.68 Incomplete

For FPI and each MDO method successfully applied (AAO,
BLISS-2000, and CO) the total execution wall time needed to solve
the RLV MDO problem was measured, as shown in Table 8.
Although parallel processing was not available for this study, an
estimate of the total wall time should parallel processing be
implemented is also provided. A time range value is provided as the
total execution time varies with different initialization points.

Drawing on the experience of performing multiple applications of
different MDO techniques on the same problem, Table 9 shows a
qualitative report card where each technique received a grade point
average (GPA). Higher GPAs indicate better performance. The left
column shows qualitative criteria for which each MDO technique
received a grade and the “Credits” column shows the importance
given to each criteria. The more credits the more importance the
criterion is when calculating GPA. Grades are only accurate with
relation to each other for this specific study.

Although a model of the next-generation RLV was created for
each multilevel MDO technique selected at the start of the study, the
MCO model was never able to reach enough behavioral consistency
for any conclusions to be made, thus there is no GPA given.

From Table 8, one can see that the BLISS algorithm was the best
performer in this study, as it allowed MDO to be employed while
making few changes to original legacy codes created with FPI in
mind.

XII. Conclusions

This study had three main objectives: to determine the benefits of
multidisciplinary optimization versus designs produced using fixed-
point iteration, to create a test problem realistic enough to enable the
evaluation of MDO techniques, and to perform a qualitative and
quantitative comparison of several novel MDO techniques. The
results showed that employing MDO techniques exhibited some
improvement over designs obtained by using FPI, the reusable
launch vehicle test problem selected was suitable for the study of
MDO techniques, and the novel MDO techniques were successfully
compared, with the BLISS-2000 algorithm showing the best overall
performance.

Although BLISS-2000 was the multilevel MDO technique that
exhibited the most promise to be practicably applied to large, real-
world optimization problems, this study is only one data point. It is
statistically impossible to declare BLISS “most promising” unless
more studies employing the blocking effect substantiate the results
found here.
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