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Abstract

Two concurrent design optimization strategies: the concurrent subspace optimization (CSSO} and
the collaborative optimization (CO) are investigated. The operational procedures of the
approaches are delineated and the complexily of the operations evaluated. Two demonstrative
examples are employed to illustrate the approaches. The first example is simple in form with two
fully coupled subsystems that allow for a clear presentation of the formulations and the
procedures of the operations. The study indicates that both schemes yield satisfactory solutions;
however, the CSSO scheme is shown to be more complex than the CO scheme in that
subsystem and system models have to be constructed to provide information in the optimization
processes. The second example treats a more realistic case of a primary design of an aircraft
involving three disciplines: structures, aerodynamics and propulsion. Based on the observation of
the first example, only the CO scheme is performed. The procedure established could be
considered as a prototype case for practical implementation of the strategy to the design of large
aerospace systems.

present engineering practices for which each

Introduction discipline is handled separately by the
. disciplinary experts, utilizing the special
The complexity of aerospace system has tools developed for that particular area. The
increased enormously with the advance of design cycle time could therefore be
technology. A system design and analysis significantly reduced as the disciplinary
may involve many disciplines and in most designs are now executed in paralle].
cases, they are mutually interacted. To
design such a system, the conventional The main issue in the concurrent design
approach based on sequential processing process is the coupling of the subsystems
becomes inefficient as large numbers of and the mutual information exchange
iterative loops might be required for the during the optimization processing. Of many
a{lalyS{S to . go through the coup.led strategies proposed, two approaches are of
disciplines which results in a long design * particular interest. These are the concurrent
cycle. The concern of economic competition subspace optimization (CSSOY® and the
and hence the need for efficient treatment of collaborative optimization (CO).*» For the
complex systems in opuma} design .has led CSSQO approach, the information originated
to a rapid development in the field of from other disciplines required in a
Mult1d1s(c1:121))lmary Design ~ Optimization subsystem design is obtained through data
(MDO)."* Major effort has been focussed banks that store the accummlated design
on the means of decomposing a large data. The system design, which provides the
optimization problem into small tasks in full coupling of the subsystems, is then
lines of individual disciplines that are carried out with all design variables by
executable cfoncurrently a_nd in acoordx:nated searching the design space formed by the
manner. This procedure is along the line of data generated from the subsystems. For the
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CO approach, the system variables and the
coupling variables are added to the
subsystem in the optimization process.
These additional “design” variables are
required to match as closcly as possible to
the values assigned to the subsystem from
the system, in the form of an objective
function. The system design provides the
full coupling of the subsystems. The
subsystem objective functions are now
served as system constraints.

Two demonstrative examples are used to
establish the operational procedures and to
evaluate the complexity of these two
approaches. The first case is an optimization
problem that is simple in form and yet
constitutes two fully coupled subsystems.
'The design space is small thus allowing a
clear delineation and understanding of the
formulation and the procedure of the
operation. A critical assessment is then
made on the complexity and the efficiency
of the approaches. It is shown that the CSSO
approach is more complex in operational
requirements and hence less efficient in
computation than the CO approach, as it
requires the constructions of the system and
the subsystem simulation models to provide
information in the optimization processes.
The second example is a more realistic case
on a primary design of a supersonic business
jet, having a large design space and three
coupled disciplines: structures,
acrodynamics and propulsion. Only the CO
approach is applied, as it is less complex and
more efficient. The case, which is still
relatively simple in the context of industrial
designs, can be considered as a generic
prototype for the implementation of the
method to practical design problems.

In the following sections, brief descriptions
of the formulations and operational
procedures of these two approaches are
given. The two demonstrative examples are
presented in detail.

Concurrent Subspace Optimization
{CSs0) @
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In this approach, each subsystem or
discipline performs its design optimization
in parallel. In each operation, the system
objective is to be minimized subject to the
local (subsystem) constraints. The design
variables inclade the ones from the system
and those unique to the subsystem. The
information from another subsystern needed
for the local design is obtained from a data
bank that stores the accumulated design data
of the subsystem. The optimization problem
for the subsystem i, with i=1,...,m, can be
posed as,

Given: x;, J=l--m j#i

Find: X,

Minimize: f; or f
Subjectto: g, <0
Where Y =NN, (x,.,xj:)

x; is the design variable vector; x; the

design vectors of the other subsystems, the
values of which are assigned from the

system; f; the objective function, f the

systern  objective; g, the inequality
3

constraints; y, the coupling variables

evaluated from the neural network NN; , a
simulated model of the jth subsystem.

The system design, which provides the full
coupling- of the subsystems, is then
performed with all design variables defined
for both system and subsystems. The design
is done by searching the design space
formed by the data generated from the
subsystem designs. The system optimization
is posed as,

Find: X;, i=1...,m
Minimize: f or 2 £
Subjectto: g, <0

Where y; = NN (x,) i#j




NN; is the system neural network. The
design process proceeds with iterations
between the systemm and the subsystem
optimizations until the solution converges.

Both the system and the subsystem designs
require the construction of simulation
models in forms of response surfaces or
artificial neural networks. In the subsystem
optimization, all data generated from the
design analysis are kept and used to build or
improve the model of the subsystem and of
the system. In this approach, the disciplinary
aatonomy is only partially achieved, as
information from the other subsystems will
be mneeded at each analysis step. The
procedure could become cumbersome and
inefficient when the number of design
variables is large.

Collaborative Optimization (CO) ¥

In this approach, again each discipline
performs its design optimization in parallel.
The system and the coupling variables are
added to the design variables of the
subsystem in the optimization process.
These additional design variables are
required to match as closely as possible to
the values of the corresponding variables
assigned from the system, in the form of a
subsystem objective function, subject to the
constraints of the subsystem. The
optimization problem for the subsystem i,
with i=1,...,m, can be posed as,

Given: z including 7, , y;. S
Find: x;,z,,y;,f or [, i #
Minimize: v

Subject to: g: <0

where

7 =Z(zf -z +Z(yi,- =¥y #f +(f—f*)2

xX; is the subsystem design variable vector;

z the system design variables vector
including z, the components shared by the

subsystems, y, the coupling variable, f or
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f; the objective function; 7 the

discrepancy function providing the means
for matching the values of the subsystem
variables to those assigned from the system,
which are denoted by an asterisk.

The system design, that again provides the
coordination of the subsystems, is then
carried out with the system and coupling
variables as design variables in minimizing
the system objective. The subsystem
discrepancy functions are now served as the
system constraints. The system optimization
is posed as,

Find: z
Minimize: f(z)
Subject to: <0 i=1--.m
or,
where =+ 2?—&
4

The sensitivity derivatives of the subsystem
discrepancy function with respect to the
system variables can readily be evaluated at
the subsystem level. The design process
again requires iteration between the system
and the subsystem optimizations wntil the
solution converges.

The approach avoids the direct involvement
of the system objective in the subsystem and
the transfer of information from the other
subsystem in the analysis. Thus the
autonomy of the discipline is fully achieved.
The system level coordination and
optimization involve only the systemn and the
coupling variables, thus the total number of
system design variables is relatively small.

Demonstrative Example 1

To illustrate the formulations and the
operational procedures of these two
approaches, a simple optimization problem
is employed. This case is taken from
Reference 3, in which the CSSO approach is
given. It is adopted herein for checking the
present CSSO formulation and providing
comparison for the CO approach. The case
is simple in form and has two fully coupled




subsystems. A conventional all-in-one type
optimization is performed in order to
provide accurate solutions as a reference for
comparison with results from the concurrent
design approaches.

The optimization problem is posed as
follows:

Minimize:
f=xi4x,+y, +e
Subject to:

g = N -1z20
yla

g, =1-| 2= >0
B y2f1
with side constraints:
-10.0<x, £10.0
00<x,<10.0

00<x, <100
where
»=x1+x, +x 02y,

1
Yy = }’14 +x X
Vi =3.16

Yo, =24.0
It is noted that the state variable y; and y, are

fully coupled and the objective function
involves both state variables. The solution of

this problem is obtained by a nonlinear
programming method using the successive
quadratic programming algorithm (NCONF
of IMSL).® The same algorithm is used for
all optimization processes presented in the

paper.

For the concurrent design schemes, the
problem is decomposed into two
subsystems. The first subsystem assumes
two design variables x; and x,, the state
variable y, and the constraint g;. The second
subsystem assumes the design variable x;,
the state variable y, and the constraint g,.
For the CSSO scheme, neural networks are
constructed to model y; and y, with data
generated during the subsystem optimization
operations. Since there are no system
variables, a separate system model is not
required. For the CO scheme, the subsystem
receives the assigned values for the coupling
variables y, and y,, the system objective f
and the variables from the other subsystem.
The closest matches are derived by
minimizing the discrepancy function. The
system then advances its objective function
and the coupling variables. The details of the
formuiations of these two schemes for this
case can be found in Reference 6.

The results of these three approaches given
above are summarized in the following
table.

Mode Xl Xg X3 F Y] Yg

All-in-one | 3.028 0.00 0.00 8.00 8.00 5.86
CSSO 3.017 0.00 0.00 8.00 8.00 7.03
CO 2.968 0.00 0.00 8.01 8.00 4.46

If the all-in one case is considered as a
standard for comparison, the concurrent
approaches give satisfactory results with
very small errors. The errors in the CSSO
case are due mainly to the approximation of
the simulated models in replacing the exact
analyses. For the CO case, the errors are
caused by the inaccuracy of the sensitivity
derivatives from the subsystems. It is noted
that for the concurrent approaches, the
design variables of the subsystem reach the
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final values of the system rapidly within the
subsystem optimization. The coupling
vaniables from the other subsystem have
only a minor role in the process. It is
because of this characteristic of the process
that the system as a whole converges in only
two iterations.

This study indicates that computationally,
the CO scheme is more efficient than the
CSSO scheme. The CO process concerns




itself only with the subsystem optimization
operations and  large amount of
programming efforts are avoided with the
climination of the needs for constructing the
simulation models. It should be noted,
however, that the CSSO approach would be
useful for problems with a small number of
design variables as the operational concept
is easy to follow and the system objective is
monitored closely even at the subsystemn
level. The coupling variables are explicit in
the process; therefore human intervention
can be undertaken if necessary to adjust the
design process.

Demonstrative Example 2

The second demonstrative example is a
primary design problem for a supersonic
business jet and is chosen as it encompasses
the major aspects of the design of a realistic
aircraft. The case is to design an aircraft to
achieve a maximal range under certain
geometrical and operational constraints.”
The design system is decomposed into four
disciplines:  structures,  acrodynamics,
propulsion and performance. The first three
disciplines are fully coupled that each
discipline feeds information to and receives
information from the other disciplines. The
performance discipline only receives
information from the others to evaluate the
range and has no feedback. It can thus be
incorporated into the system level in the
optimization process. The disciplinary
analyses are given by semi-empirical
relations commonly used in primary designs.
The simplified algebraic expressions allow
the case to be executed in a short
computational time without compromising
the nature of the problem. In real designs,
these analyses might involve large-scale
computations performed by the experts of
the individual disciplines. The layout of the
design modules and the coupling are shown
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in Fig. 1. The details of the analyses can be
found in Reference 6.
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Figure 1: design module matrix for the
aircraft primary design problem (from
Reference 7)

Based on the observations of the first
example, only the CO approach is employed
for this case as it is computationally more
efficient. In this approach, the design
variables for each discipline include the
disciplinary variables, the system variables
shared by the subsystem, and the coupling
variables input to and output from the
subsystem, The objective is to match the
shared and coupling variables to the
corresponding values specified by the
system as closely as possible. The
subsystem results, including the sensitivity
derivatives with respect to the variables
specified, are then passed to the system. The
system performs the optimization operation
in minimizing the system objective with the
subsystem discrepancy functions as the
system constraints. The results of the design
are given in the following table. The optimal
solutions of the design variables are within
the operational and the geometrical
constraints  specified. The results of
Reference 7, unfortunately, cannot be used
for comparison, as there is a program error
in the induced drag evaluation, which
caused a much smaller total drag and hence
a longer range.




Design Variable Solution Lower Constraint Upper Constraint
M 1.8 14 1.8

h 55000 30000 60000
AR 3.0 2.5 8.5

A 63 40 70

tic 0.0668 0.01 0.09
Srer 1300 500 1500
A 0.1476 0.1 0.4

X 0.75 0.75 1.25
C 0.75 0.75 1.25
T 0.1823 0.1 i.0

R . 2851

The solution converges in ten overall
iterations. The convergence history of the
range, the system objective, is shown in Fig.
2. It can be seen that the value improves
steadily until the optimal value is reached.
The convergence history of the design
variables (normalized) for a subsystem
(structures) is shown in Fig. 3.
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Figure 2: Convergence history of the range
in the system optimization
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Figure 3: Convergence history of design
variables in the Structures module
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The dominating design variables of the
subsystem approach constant values in about
7 iterations. Similar trends can also be
observed for the other subsystems. This
behaviour of the subsystem is identical to
that observed in the previous example and
constitutes to the rapid convergence of the
whole process.

Concluding Remarks

Two concurrent  design  optimization
approaches are investigated. The operational
procedures are established and  the
complexity of the operations evaluated. Two
examples are employed to demonstrate the
approaches. The first example constitutes
two fully coupled subsystems and is simple
in formulation. The results of the evaluation
indicate that both schemes yield satisfactory
optimal solutions. The operation procedure
of CSSO is more complex than that of the
CO in that the subsystem and the system
models, in the forms of neural networks for
the present formulation, have to be
constructed to provide information in the
optimization operation. This process
becomes cumbersome if the number of
design variables is large and the
computational efficiency of the scheme is
reduced by the additional efforts of model
constructions. The accuracy of the solution
is affected by the fidelity of the simulation
models. However, the operational concept of
the approach is easy to follow as the
operation is carried out with input




information from all sources and the system
objective is monitored closely even at the
subsystem level. The process is fully
explicit; thus external interactions can be
taken if necessary to adjust the design.

The CO approach works well without the
updating of the coupling information during
the subsystem design processes. Thus it is
simpler in operation and more efficient in
computation. However, the process is less
explicit and the role of the system update is
therefore more critical. The accuracy of the
solution is influenced by the means of
evaluations of the sensitivities at the
subsystem level.

The second example involves the primary
design of an aircraft including disciplines in
structures, aerodynamics, propulsion and
performance. The number of the design
variables is much larger than the first
example. Based on the observation made
from the first case, only the CO scheme is
employed for the design optimization.
Although the case is more complex in
subsystem coupling, the optimization
operations perform smoothly and the
solution converges rapidly.

It is concluded that both concurrent design
optimization approaches perform
sattsfactorily. The collaborative optimization
scheme is less complex in operation and
more efficient in execution. The concurrent
subspace optimization scheme requires the
construction of models for the system and
subsystem, thus is more complex in
operation and less efficient in computation.
For large-scale design problems in industry,
CO would be the preferable choice.
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