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Parallel Genetic Algorithm Implementation
in Multidisciplinary Rotor Blade Design

Jongsoo Lee* and Prabhat Hajelat
Rensselaer Polytechnic Institute, Troy, New York 12180

An adaptation of genetic algorithms as an optimization tool for large-scale multidisciplinary design
problems is described. The design of a hingeless composite rotor blade is used as a test bed for this class
of problems, where the formulation of the objective and constraint functions requires the consideration
of disciplines of aerodynamics, performance, dynamics, and structures. A rational decomposition ap-
proach based on the use of neural networks is proposed for partitioning the large-scale multidisciplinary
design problem into smaller, more tractable subproblems. A design method based on a parallel imple-
mentation of genetic algorithms is shown to be an effective strategy, providing increased computational
efficiency, and a natural approach to account for the coupling between temporarily decoupled subprob-
lems.
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Nomenclature
thrust coefficient
horsepower available
horsepower in hover out-of-ground-effect
horsepower required
rotor blade mass moment of inertia
lower and upper bounds on design variable,
respectively
transition matrix of interconnection weights
collective pitch angle
cyclic pitch components

cr = rotor solidity
i// = azimuthal angle

Introduction

A N important area of research that has received consider-
able recent attention is the development of optimization

methodology applicable to large-scale multidisciplinary sys-
tems.1 2 The initiative has been largely motivated by a recog-
nition that the design and development of a complex engi-
neering system can no longer be conducted by handling its
different subsystems in isolation. Design synthesis in multidis-
ciplinary systems is typically characterized by a large number
of design variables and constraints; additionally, there are com-
plex interactions between the participating subsystems, which
must be both identified and then suitably represented in the
design process. In a number of design problems, the design
space may be multi modal, thereby introducing the need for a
global search strategy that offers an increased probability of
locating the global optimum in addition to relative local op-
tima. The latter may contribute to demands on computational
resource requirements, and the need exists for further devel-
opment of function approximation methods that alleviate these
requirements.

The design space for the multidisciplinary rotor blade design
problem is generally nonconvex, is characterized by a mix of
continuous, discrete, and integer design variables, and has an
underlying analysis that is inherently nonlinear and computa-
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tionally demanding.3 A number of previous studies have in-
dicated that the use of traditional mathematical programming-
based optimization techniques may result in a suboptimal
design. Furthermore, the ability to include discrete variables in
these traditional methods requires the use of specialized tech-
niques such as the branch-and-bound,4 which is only effective
for moderate-sized problems. Genetic algorithms (GAs) are
stochastic search techniques that use random sampling over
the entire design domain to conduct a highly exploitative
search. The distributed nature of this search makes it suitable
for search in a nonconvex or disjoint design space5; further-
more, it is naturally amenable to handling discrete and integer
variables in the search process. GAs have been applied to the
design of rotorcraft blades for reduced vibration,6 where spe-
cialized strategies have been proposed for extending the use
of GAs7 in large dimensionality problems. The present work
seeks to extend their applicability to even larger problems
through the use of problem decomposition.

Decomposition methods8'9 have emerged as an efficient so-
lution strategy to large-scale design problems. Here the optimal
solution to the design problem is obtained as a number of
coordinated solutions of smaller subproblems; solution coor-
dination is necessary to account for any interactions among the
decomposed subproblems. In this approach, the number of de-
sign variables in each subproblem can be kept small, and, fur-
thermore, decompositions along the lines of disciplines may
be possible in some situations. Given the multimodal nature
of the design space for the rotor blade design problem, GAs
represent a logical choice for a solution strategy, and their
adaptation in the decomposition-based approach is the subject
of this article. In using GAs in a decomposition-based design
environment, the approach would be to assign subsets of de-
sign variables to different subproblems; additionally, con-
straints most critically affected by the variables of a particular
subproblem would also be assigned for satisfaction within that
subproblem. These smaller-sized subproblems can be handled
by the genetic algorithm without any specialized treatment, if
the interactions between the temporarily decoupled systems are
appropriately considered. The challenge in the approach re-
sides in developing a rational procedure for determining how
the problem must be partitioned (a topology of decomposi-
tion), and in a procedure that naturally accounts for the inter-
actions among the decomposed subproblems. This article out-
lines an approach whereby causality relations developed
through the use of neural networks10 are used to facilitate the
task of problem decomposition. Once the subproblems are gen-
erated, GA-based searches are conducted in parallel in each of
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the subproblems. This article describes strategies by which
changes in a subproblem are communicated to other subprob-
lems through interpopulation migration of designs. Note that
such an approach allows for parallel processing of multiple
populations, adding to the computational efficiency of the ge-
netic search process.

As noted earlier, the computational costs involved in com-
puting vibratory loads and power components for the rotor
blade problem are significant, as these computations entail a
nonlinear and time-dependent analysis. A neural-network-
based function approximation approach was adopted wherein
both the multilayer back-propagation (BP) network11 and a
variant of the counter-propagation (CP) network12 were used.
Subsequent sections of this article describe a typical multidis-
ciplinary rotor blade design problem, encompassing various
facets of problem complexity-coupling, presence of discrete/
integer variables, and high cost of analysis. The approach for
parallel GA implementation in a decomposition-based design
is discussed and applied to the rotor blade design problem.
A comparison of optimization results obtained from the pro-
posed approach, and an all-in-one (nondecomposition-based)
approach is also presented.

Multidisciplinary Design of a Helicopter
Rotor Blade

The design of helicopters with acceptable levels of vibration
has been an important consideration in the rotorcraft industry.
Researchers and design engineers have sought solutions to this
problem through designing the rotor system with adequate fre-
quency separation from the harmonic of aerodynamic loads,
tuning the fuselage to provide adequate frequency placement,
and designing vibration isolation systems. Integral to the de-
sign of the rotor system is the tailoring of the individual blades.
This is a complex, coupled, multidisciplinary problem, where
improved blade performance can only be realized by a proper
consideration of the interactions among many disciplines, in-
cluding aerodynamics, acoustics, structures, and multibody dy-
namics.13

Formal optimization techniques have been explored exten-
sively in the context of multidisciplinary design of rotorcraft
systems.14'17 Various passive methods for reducing rotorcraft
vibrations through attenuation of the vibratory hub loads have
been investigated at both analytical and experimental levels.
These methods have considered a modification of the spanwise
distribution of mass and stiffness, and the blade geometry to
satisfy multidisciplinary design requirements. More recently,
research has focused on the application of optimization meth-
ods to tailor the rotor blade properties so that structural re-
sponse reduces the fixed system hub loads, and enhances aer-
odynamic performance indicated by the powers required in
different flight regimes. The complexity of the design space,
large problem dimensionality, and significant computational re-
source requirements imposed by the repetitive analysis envi-
ronment of mathematical optimization, mandate the need for
examining new computational paradigms for this class of prob-
lems. In particular, the focus should reside in the use of global
search strategies coupled with global function approximation
tools that would make this design problem more amenable to
present-day and emerging computational hardware.

In the present study, the multidisciplinary design of a hinge-
less composite blade was selected to constitute the test bed for
the proposed design strategy. A finite element-based multibody
formulation for nonlinear dynamic analysis18 was used to
model the rotor blade. This formulation uses a multibody rep-
resentation of flexible structures undergoing large displace-
ments and finite rotations, and allows for a treatment of arbi-
trary topologies and all geometric and material nonlinearities.
Elastic components are connected using various types of joint
elements by which the rotor system can be represented. This
approach involves more unknown coordinates than are strictly
necessary to define the configuration of the system. Hence,

equations for kinematic constraints linking the redundant co-
ordinates are an integral part of the formulation. In this
method, finite rotations are represented using components of
the conformal rotation vector, and kinematic constraints among
the various bodies are enforced via a Lagrange multiplier tech-
nique. For an airloads model, unsteady aerodynamics are in-
cluded to obtain the induced flow and to calculate the aero-
dynamic forces and moments in hover and forward flight.

Multidisciplinary Design Requirements
The use of composites in the manufacture of rotorcraft

blades has allowed for the possibilities to fabricate nonrectan-
gular blades with variation in twist distribution and airfoil sec-
tions along the blade span. One specific objective of aerody-
namic design is to reduce the horsepower required for different
flight conditions, with a specified design gross weight operat-
ing at a specified altitude and temperature. Satisfactory aero-
dynamic performance is defined by three requirements15:

1) The horsepower required for flight conditions must not
exceed the horsepower available.

2) An airfoil section stall along the rotor blade must be
avoided for any forward flight operating condition, i.e., the
rotor disk must retain a certain lift performance.

3) The vehicle must be in trim.
These aerodynamic design requirements can be summarized

as follows:

HPreq < HPa

(CT/cr)L < CT/cr < (CTlcrf

= 00 + 0ls sin \\t + 9lc cos

(1)

(2)

(3)

The rotor dynamic design considerations focus on the vi-
bratory response of the blades that directly determines the ex-
tent of excitation of the fuselage by forces and moments
transmitted through the hub. Design requirements include lim-
its on blade frequencies, vertical and in-plane hub shears, roll-
ing and pitching moments, and aeroelastic stability margins in
hover and forward flight. The blade natural frequencies are
required to be separated from multiples of the rotor speed, and,
the transmitted vertical and in-plane hub shears and moments
should be minimized.

Important factors in the structural design of rotorcraft blades
are material strength for static structural loads and mass mo-
ment of inertia for autorotation.19 Structural design require-
ments also include limits on blade deformations. Flap wise and
in-plane bending deformations are usually satisfied because of
the inherently high bending stiffness of composite blades. Ad-
ditionally, material strength allowables also contribute to the
definition of the feasible regions in the design space. Stresses
in the blade structure for all load cases are required to be less
than the uniaxial allowable values for the material. Further-
more, strength constraints that account for an interaction
among the stress components must also be considered. In the
present work, this was facilitated by the inclusion of a Tsai-
Wu failure criterion for composite laminates. The autorotation
requirement pertains to maintaining the mass moment of in-
ertia of the rotor in the rotational plane at an acceptable level.
An autorotation index (AI), given by Eq. (4), is required to be
no less than 1.7 for a single rotor helicopter:

AI = •
/a2

HOO//PH
(4)

A flight load that induces buckling is unlikely to occur be-
cause of the high tensile loads caused by centrifugal forces in
a rotating system. However, buckling may be critical in ground
handling or during low rotational speeds in a strong wind.
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Design Model and Problem Statement
A simplified rotor blade design problem that involves an

integration of the previously described multidisciplinary re-
quirements was considered in the present work. The objective
of the design problem is to design the blade geometry and
internal structure to minimize a weighted sum of the rotor-
fixed-system hub shear force and bending moments for a
hingeless rotor blade in forward flight; aerodynamic, perfor-
mance and structural design requirements are considered as
constraints, and dynamic requirements (vibratory loads) con-
stitute a multicriterion objective function. The design variables
used in the rotor blade design problem are shown in Fig. 1.
The blade is divided into 10 segments along the spanwise di-
rection. As shown in Fig. Ib, the blade is modeled by a thin-
walled graphite/epoxy composite box-beam. The flange sec-
tions of this beam are symmetric, balanced laminates with fiber
orientation of ±45 deg and thickness ^; note that ti is a dis-
crete variable obtained by selecting an integer number of plies
of thickness 0.1 mm. The vertical webs of the box-beam are
also composite laminates. The layup of these laminates is of
the type [±45/± ft/± 02]r» where the outer half of each vertical
web is of orientation ±45 deg; the thicknesses of these vertical
webs are t2 and J3, respectively; both of these variables are also
discrete for the same reason as that cited for the horizontal
flange. In addition to the ply thicknesses and fiber orientations,
the placement of five nonstructural tuning masses along the
blade span was also considered as design variables for the
problem. The aerodynamic shroud around the blade is assumed
to be a NACA 0012 geometry. Finally, the geometry of the
blade was defined by a blade twist distribution parameter, a
chord ratio, and a spanwise position of blade taper inception.
The rotor angular velocity was also considered as a design
variable, resulting in a total of 42 design variables. The lower
and upper bounds on these design variables are shown in Table
1. The last column in this table indicates the finite precision
with which each variable is allowed to change in the design
space; in essence, all variables are considered to be discrete in
nature. Design constraints in the problem include power re-
quired in hover and forward flight, and are denoted as HPh
and HPf, respectively, the figure-of-merit 77, which reflects the
power performance ratio in hover out-of-ground effect, AI, lift

c
H- -H

Fig. 1 a) Rotor blade planform geometry and b) cross section of
blade airfoil.

performance indicated by Cr/cr, blade weight Wbt local buck-
ling stresses in the structural box sections crbuck, and a failure
measure for composite structures R. This resulted in a total of
20 design constraints.

Decomposition-Based Design Approach
A solution to the design problem formulated in the previous

section may be obtained by linking the analysis of the blade
to a traditional mathematical programming algorithm. In this
approach, all variables and constraints would be considered
simultaneously. Even if all of the design variables were al-
lowed to vary in a continuous manner, the problem dimen-
sionality, nonconvexities in the design space, and computa-
tional costs would severely limit the effectiveness of such an
approach. As an example of the latter, the simplified blade
analysis model described in the previous section requires about
3.3 CPU minutes on a SPARC 10 workstation, and a finite
difference-based gradient computation at one design point
would require about 141.9 CPU minutes on this machine.
These requirements would clearly place severe demands on the
available resources (both CPU time and wall-clock time). Two
major requirements of a solution strategy for this problem are
a global search strategy that minimizes the effects of noncon-
vexity in the design space, and a global function approxima-
tion strategy that would render the process computationally
realizable. Genetic algorithms have been shown to overcome
effects of nonconvexity; however, their use in high-dimension-
ality, computationally cumbersome design problems poses
challenges that can be addressed through an innovative inte-
gration into a decomposition-based strategy. Subsequent sec-
tions of this article describe one such approach, and its appli-
cation to the present design problem.

Genetic Algorithms in Decomposition-Based Design
Genetic algorithms are based on representing possible so-

lutions to a given problem by a population of bit strings of
finite lengths, and to use transformations analogous to the bi-
ological reproduction and evolution to improve and vary the
coded solutions. A commonly used approach is to represent
each design variable by a fixed-length binary string, and ap-
pend the strings for each design variable head-to-tail to create
a chromosome-like representation of the design. Several such
strings are defined to constitute a population of designs, and
this population is then subjected to transformations that result
in an improvement of the objective function and in the satis-
faction of the constraints.7 In a large-scale design problem, the
string representations of designs can get quite long, and the
number of design alternatives in the search space that must be
examined also increases dramatically. As an example, for the
rotor blade design problem with 42 design variables repre-
sented with a relatively coarse precision, the binary bit string
length is 179. This implies that the number of design alter-
natives represented by the string is 2179, which is of order 1054.
It is easy to visualize dramatic increases in the number of
design variables with an increasing number of variables and
with an increased precision of representation. A logical solu-
tion to this problem would be to break the string-like repre-

Table 1 Range of design variables used in neural network training

Design variable

Tuning mass, kg
Horizontal flange thickness ratio
Left vertical web thickness ratio
Right vertical web thickness ratio
Blade twist, deg
Twist shape parameter
Taper inception point
Chord ratio
Rotational speed, rad/s
Layup angle of vertical web, deg

Symbol X,
m Xi —X$
t\ X6-X15
tl

2 X16—X25
?3 X26-X3S

f) Jf

8 XST
TR X3%
Ac X39n x40
ft ^41, X42

Minimum

0.0
0.25
0.20
0.20
4.0
0.3
0.50
1.0

24.0
30

Maximum

4.0
0.35
0.30
0.30
8.0
1.0

0.80
2.0
30.0
90

Precision

0.1
0.01
0.01
0.01
0.1
0.1
0.01
0.1
1.0
5
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sentation of the design into a number of smaller segments,
each containing a subset of the design variables (local varia-
bles). These smaller-length strings can then be evolved in a
parallel manner, with each evolution working on the objective
function for the problem and a subset of design constraints
most critically affected by the local variables. This approach
requires that a rational approach for partitioning the design
problem and to account for any cross coupling between sub-
problems be available. Previous work has shown that neural
networks trained on I/O data from the design domain can be
used to extract causality,12 and this approach was used here as
a method for problem partitioning. Such trained networks can
also be used to provide a global function approximation ca-
pability,11 much like response surfaces. In addition to reducing
computational costs, trained networks also provide an ap-
proach to account for coupling among temporarily decoupled
subproblems.

Topology of Problem Decomposition
A BP neural network (see Fig. 2) may be used to develop a

mapping between given input and output quantities, provided
that a number of samples of I/O data are available to train the
network. The training of the network requires an adjustment
of network parameters, including the interconnection weights
Wy, so that for the given training samples, the error between
the network predicted and actual values of the output is min-
imized. The interconnection weights of such a trained network
can be analyzed to determine the importance of any input com-
ponent on an output quantity of interest. In the present study,
the network represents a mapping between all design variables
(inputs) and the objective and constraint values (outputs). In
this situation, the weight analysis would identify the paths of
influence between design variables and objective/constraint
values. As shown in Ref. 20, the matrix of such dependencies,
referred to as the transition matrix, can be developed by per-
forming a matrix product of the interconnection weight matri-
ces between different layers of the network as indicated in Eq.
(5), and normalizing the elements of the resulting matrix as
shown in Eq. (6):

Optimal System Decomposition
To implement a decomposition-based design strategy in a

large-scale system, the system must be partitioned into an ap-
propriate number of subproblems, depending on available
computing machines or parallel processors. If the transition
matrix has components that clearly indicate the patterns of
influence, the decomposition topology becomes obvious. How-
ever, in most problems there would be some arbitrariness as
to which variable falls within a particular subproblem. A rea-
sonable and logical approach for partitioning is one where bal-
anced subsets of design variables would be assigned to differ-
ent subproblems, and where each subproblem would be
responsible for meeting the system level design objectives and
for satisfying constraints most critically affected by the design
variables of that subproblem. In mathematical terms, this trans-
lates into partitioning the transition matrix into K (where 2 <
K < NCON, and NCON is the total number of constraints in
the design problem) different groups denoted as Gk, each group
contains design variables x( that have the strongest influence
on constraints belonging to the group Gk. To formalize the
partitioning procedure, another optimization procedure was
formulated in terms of grouping identity variables Vfj, defined
as follows:

Vij= I if xf

Vu = 0 if Xi

Gk

Gk
(7)

The subscript j refers to the jth constraint. To obtain an
optimal partitioning, the following problem can be solved:

Minimize

Subject to

< N(gj)Gk < N(gj)u (9)

[T] = (5)

where 5/y is a Kronecker delta, Nxk is the number of design
variables assigned to group Gk, and N(gj)Gk is the number of
constraints in group Gk. The performance index PI is defined
as

max. (6)

Wk is the kth weight matrix, the coefficients \v" of which rep-
resents the interconnection weight between the ith neuron of
the kth layer and the y'th neuron of the Ith layer; TV denotes the
total number of layers of neurons in the network architecture.
This normalized matrix Ty indicates both the magnitude and
sign of the influence between input and output quantities, and
may be used for problem decomposition as described in the
following section.

Input Layer Hidden Layers
(m = 1, ..., h)

Output Layer

NDV NCON

Fig. 2 BP network with /z-hidden layers.

where NDV is the number of design variables. Note that the
product V i / l T V l in Eq. (10) has a value of either zero (if the
ith variable does not belong to the constraint group Gk) or the
absolute value of the coefficient Ttj of the transition matrix. In
the calculation of the performance index, this product is di-
vided by the quantity z/, which is simply the number of con-
straints affected by the ith design variable. The objective func-
tion of Eq. (8) has two components; the first term leads to a
maximization of PI, whereas the second term ensures a min-
imal difference between the number of design variables in each
group. The constraint in Eq. (9) is necessary to limit the num-
ber of design constraints allocated to a specific group to a
number N(gj)u. This is an integer programming optimization
problem with variables Vij9 and which can be conveniently
solved using the GA approach.

Coordination Strategies in Parallel GA Implementation
Once the problem is decomposed into subproblems, each

subproblem may be solved in parallel provided that there is
some mechanism to coordinate the solutions in the different
subproblems. Such coordination is necessary as the decoupling
is seldom complete. Consider the design problem of minimiz-
ing or maximizing a function F(X) in terms of a design vari-
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able vector X. Also, let the design constraints gj(X) belong to
the global constraint set G. The vector X and constraint set G
are said to define a system level problem. Using an optimal
partitioning scheme allows for the creation of K subproblems,
the objective function for each of which remains as the system
level objective function. The Pth subproblem may be repre-
sented mathematically as follows:

Min or Max F(XP)

Subject to gP(Xp)<0 (11)

Xit X2 . . ., XP-lt XP+i, . . . XK are const

Here, XP and gp are the design variable vector and constraints
allocated to the Pth subproblem, respectively. The GA opti-
mization strategy can be implemented for each of the sub-
problems; shorter string lengths, and hence, smaller population
sizes are required in each subproblem. The genetic evolution
process can be carried out in parallel. As stated earlier, the
principal difficulty in this approach is that the constraint sets
identified for a particular subproblem are not completely in-
dependent of the design variables that may have been assigned
to another subproblem. Such coupling must be accommodated
in the parallel optimization scheme, and the use of CP net-
works provides one approach to account for subproblem in-
teractions.

A discussion of the CP network is beyond the scope of this
article. Details on the network architecture and its functioning
are available.12 Like the BP network, this network also pro-
vides a function mapping capability between some input and
output quantities. An important difference with the BP net-
work, however, is an important property of this network re-
ferred to as a pattern completion capability; if an incomplete
input pattern is presented to the network, the network estimates
the most likely makeup of the missing components.

In the present work, the GA-based optimizer in each sub-
problem was linked to a trained CP network. The inputs to the
CP network in each subproblem were the design variables for
that subproblem and approximations of variables in other sub-
problems. While approximations of variables from other sub-
problems can be excluded, numerical testing demonstrated21

that the quality of function approximations was significantly
enhanced with the inclusion of such approximations. An ef-
fective strategy of providing these approximations is to migrate
the best designs from each subproblem to all other subprob-
lems after a prescribed number of cycles of GA search. A
schematic of this setup is shown in Fig. 3, and a stepwise
description of the numerical process is as follows.

1) Develop a trained CP network to map the relation; X —>
{G, F}, where F is the system level objective function.

2) Develop a trained BP network to map the relation; X —»
{G}. Analyze the weights of this trained network to establish
a topology for decomposition.

3) For each subset of design variables in a subproblem, ini-
tialize a starting population of designs. Denote design variables
of other subproblems as problem parameters for the sub-prob-
lem under consideration.

4) Evolve each subproblem in parallel for a fixed number
of generations. Function analyses in each subproblem are ob-
tained by presenting subproblem design variables and problem
parameters to trained CP network of step 1.

5) Conduct interpopulation migration of problem parame-
ters. Two strategies of this problem coordination were imple-
mented: SI, for each subproblem, use as problem parameters
the current best design variable values of other subproblems
and S2, for each subproblem, evaluate all possible combina-
tions of problem parameters. These would include current
problem parameters, and those available as the new best de-
signs in other subproblems. Select a combination so that the
current objective function either improves or, at worst, stays
the same.

>

Coordination Strategy

'̂/
GA in subproblem 1

objective : FCX^

constraints : g^X^Xj)
xi = {X2>X3>— >XK}

i
J

X

GA in

2

i L

X2'

subproblem 2

objective :

constraints

X2={X,,>

i X2,X2

F(X2)

: g2(X2,X2)

^ L X

g2(X2,X2)

^§\
GA in subproblem K

objective : F(XK)

constraints : BK^K^K.
V f V 'V 'V 1

K = 1 1 >-'*-2'>"'^K-l )

K.XK J
v

Input Output Input Output

C P N E T W O R K

Input Output

Fig. 3 Parallel design process in GA-based decomposition ap-
proach.

6) Repeat step 4 until no further improvement in the objec-
tive function value is obtained or the allowed number of func-
tion evaluations has been performed.

Results and Discussion
A number of numerical experiments were conducted to de-

termine the validity of the proposed approach. At the very
outset, the BP and CP networks were trained to develop causal
relations and to generate function approximations. With a total
of 1450 training patterns, the BP network yielded maximum
errors of 4% when presented with 100 input patterns that were
not part of the training process. Average errors in this case
were only about 3%. The CP network required a larger number
of training patterns. For 6800 training patterns, the average
error for 240 testing patterns not part of the training set was
about 9.27%. When the number of training patterns was in-
creased to 12,800, the average error over all of the testing
patterns was reduced to 5.23%. In the latter case, the maximum
error over all of the testing patterns was about 7%. More de-
tailed discussions on the use of neural networks to model rotor
blade responses are available.21

In relation to the size of the training set, two observations
must be made.

1) Although the CP network requires a large initial invest-
ment of computational resource, the network can be used to
run many simulations of the GA approach, each with different
random number seeds, and in a computationally efficient man-
ner. It is important to note that each GA simulation itself may
require function evaluations well in excess of the function
evaluations necessary for establishing the training set. Hence,
GA search would not be a practical alternative in the absence
of the neural network-based approximation scheme.

2) The CP network used in this application was adopted
primarily for the pattern completion capabilities of the net-
work. As explained earlier, such capabilities provide a better
mechanism for coordinating the problem parameter updates in
each subproblem. It is entirely possible to use a BP network,
trained to much higher predictive accuracy with fewer training
patterns, as the function approximation tool. As described later
in this section, such an approach was pursued in this work and
produced some degradation in the final result.

An analysis of the interconnection weights of the trained BP
network was performed to determine the topology for problem
decomposition. Problem decomposition by constraints requires
a transition matrix generated from the weights of a neural net-
work, trained to develop the mapping between design variables
as inputs and the corresponding constraint values as output. A
total of only seven constraints was considered in the optimal
problem partitioning, as constraints for local buckling were
arbitrarily assigned to the same set of design variables that
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Table 2 Topology of system decomposition

Subproblem
Problem definition 1 2

Objective F(X) = clFz + c2My + c3Mz
Constraints HPh < HPa HPf < HPa

if-mi^jf
AI > AIL CT/crL < CT/0- < CTI(TU

Design variables ra1, ra2, ra3, rf, f J, r3, rj0, rj, ^, t\, t\y r2,
. 6 . 3 , 6 . 9 ^6 ^ 3 / 5 / 7 * 1 0 £ J X - 4 - / 3

d , r ? ,T f ±0t

3

p <-r 1

ra4,ra^r^alrl,

fl0, rj, ri AC, n

X 1

x 2
x 3
x 9
xlO
xll
-xl8
x21
x24
x31
x33
x34
x38
x41

x 8
x!5
x!9
x20
x22
x23
x27
x28
x30
x32
x35
x36
x37
x42

x 4
x 5
x 6
x 7
x!2
x!3
x!4
x!6
x!7
x25
x26
x29
x39
x40

HPh F M A I

-0.31122 -0.20702 -0.10739
-0.31767 -0.22166 -0.09736
-0.33205 -0.27008 -0.05503
-0.06477 -0.02082 -0.03332
-0.08221 -0.04840 -0.02593
-0.10063 -0.06934 -0.01222
0.01140 0.01592 -0.00378
-0.01210 -0.03661 -0.00413
-0.00805 -0.00719 0.00293
0.02001 0.04601 -0.00441
-0.02104 -0.01701 0.00217
-0.01504 -0.03227 -0.00062
-0.20777 -0.17080 1.00000
0.03738 0.03629 -0.00408

-0.07918 -0.00643 -0.03324
-0.05017 -0.04212 0.01513
0.00161 -0.00197 -0.00065
-0.01344 -0.01270 -0.00095
0.01889 0.03187 0.00276
0.00462 0.02569 -0.00061
0.00739 0.02657 -0.00967
0.02278 0.02255 0.00411
-0.02402 -0.05278 -0.00852
0.00829 0.01154 0.00103
-0.02667 -0.05944 -0.00075
0.03934 0.03059 -0.00346
0.01964 0.01195 -0.00840
0.01018 -0.00509 0.00175

-0.29512 -0.17174 0.00144
-0.30075 -0.17085 0.12103
-0.05802 -0.02470 -0.02052
-0.13262 -0.08277 -0.03034
-0.13337 -0.13914 -0.00130
-0.09454 -0.04700 0.01197
-0.10299 -0.05171 0.02424
-0.02061 -0.02528 -0.00536
-0.05248 -0.06647 -0.00443
-0.00733 -0.02811 0.00606
-0.05582 -0.04970 -0.00349
-0.00498 -0.02420 0.00076
1.00000 0.21680 -0.14504
0.01542 1.00000 0.40144

HPf CT/a

0.01432 -0.02469
0.02230 0.00049
0.03852 0.06996
-0.02082 -0.01283
-0.00124 0.05655
0.01204 -0.00474
-0.02108 -0.06511
-0.00026 0.02378
0.01389 -0.06470
-0.00455 0.00017
0.01078 0.01453
-0.01021 0.01551
0.15572 0.10275
-0.02273 -0.03160

-0.02226 -0.03423
-0.01349 -0.09035
0.00359 -0.02500
-0.01467 -0.04590
-0.01515 -0.04468
-0.02368 -0.10400
-0.00698 -0.09053
0.03776 -0.08852
0.02067 -0.04556
-0.00334 -0.06217
0.00296 0.00125
1.00000 1.00000
-0.44560 -0.45198
0.04040 -0.07911

0.03140 0.07893
-0.01062 -0.04009
0.01774 -0.01167
0.05067 0.04350
-0.00175 0.02686
0.00952 0.13411
-0.01474 -0.01785
0.00044 0.07328
0.01262 -0.06872
0.01262 -0.06872
0.01341 0.10149
0.00700 -0.02614
-0.33351 -0.21798
0.77140 -0.07304

Wb R

-0.31651 -0.04328
-0.32416 0.15529
-0.34035 0.24476
-0.06346 0.02599
-0.08428 0.02478
-0.10248 0.11756
0.01001 -0.03155
-0.01415 0.03511
-0.00944 -0.08279
0.01652 0.03500
-0.02130 0.04315
-0.01440 -0.01239
-0.22482 0.37426
0.00321 0.06405

-0.07776 0.01929
-0.04858 0.03682
-0.00144 -0.06336
-0.01014 0.00908
0.01751 0.01327
0.00149 -0.01317
0.00595 -0.13789
0.02164 -0.04513
-0.02560 0.08914
0.00558 -0.05512
-0.03032 -0.03318
0.00344 0.14198
0.00162 -0.02298
0.00112 -0.06664

-0.30238 0.22224
-0.30571 0.40037
-0.05586 -0.30023
-0.12982 -0.37191
-0.13284 0.13375
-0.09813 0.22234
-0.10358 0.14926
-0.01802 0.00577
-0.00707 -0.09438
-0.00707 -0.09438
-0.05465 0.02636
-0.00261 -0.05519
1.00000 -0.82832
0.00535 1.00000

Fig. 4 Optimal system partitioning.

were driving the structural weight constraints. On the basis of
this transition matrix, the problem decomposition was obtained
using the optimal partitioning scheme described in Eqs. (8-
10). By specifying the number of subproblems K = 3, the op-
timal partitioning of the transition matrix is as shown in Fig.
4. Note that in any row of this matrix, the magnitude of co-
efficients inside each solid box defining a subproblem are, in

general, higher than those outside of this box. The second term
in Eq. (8) also has a strong influence on the partitioning, re-
sulting in each group being assigned the same number of de-
sign variables. Interestingly, the optimization results in a
grouping of constraints that have similar properties; HPh, 17,
and AI are related to the hover condition, and HPf and CTlcr
are calculated for forward flight conditions. Table 2 shows the
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Table 3 GA control parameters used in decomposition approach

Subproblem

GA parameters 1 All-in-one approach

^crossover
pL mutation

NPOP
NSTRING

0.80 0.80 0.80
0.02 0.02 0.02
100 100 100
63 57 59

0.80
0.01
300
179

5000

4500

3000

SI (CPN)
32 (CPN)
SI (BPN)

20 30 40 50
number of system level generation

60 70

Fig. 5 Convergence history of design strategies in decomposition
approach.

suggested decomposition topology, where the system level X
and G are broken down into subsets with respect to design
constraints. In Table 2, ml is the tuning mass; fj is the^th flange
of the thin-walled beam in the ith segment; 0, and 8 are the
blade twist angle at the tip and the shape parameter defining
the nonlinear distribution of blade twist, respectively; \c is a
chord ratio; TR is a nondimensionalized value of taper inception
point; 11 is a rotational speed; and ± 0, is a composite ply angle
in the box-beam.

The decomposition-based design was implemented for a
number of test cases, using the parallel GA approach described
in previous sections. Recognizing the random nature of the GA
search, the search process was repeated for a number of dif-
ferent settings for the pseudorandom number generator. GA
parameters such as probabilities of crossover and mutation,
population size, and string lengths for the design, are sum-
marized in Table 3.

The convergence histories of the system level objective
function for two different strategies of the coordination are
shown in Fig. 5. In strategy SI, the solution exhibits significant
oscillations resulting from the introduction of infeasibilities
with each update of problem parameters. However, the degree
of oscillation tends to decrease as the solution converges. Nu-
merical experiments with different random numbers demon-
strate that this approach yields similar best objective function
values after a few executions of the search process. The results
for strategy S2 show a monotonically decreasing value of the
system level objective function (this was a requirement of the
updating scheme); however, the best objective function value
appeared to be heavily dependent upon the initialization of the
random number generator. Strategy S1 consistently resulted in
better values of the best objective function value than strategy
S2. However, strategy S2 does guarantee that once a feasible
design is identified, an abrupt termination of the search process
will at least produce a feasible design. Also shown in this plot
are the results of using the BP network as the function ap-
proximation tool in place of the CP network used in previous
numerical experiments. The convergence trend in using the BP

network is similar to that recorded earlier for the CP networks.
However, the lack of pattern completion capability in using
this network produces somewhat higher values of the objective
function value for a comparable number of function evalua-
tions. The results of the decomposition-based strategy were
compared against those obtained from treating all design var-
iables and constraints in a single group by an all-in-one ap-
proach. Figure 6 shows this comparison in terms of the best
objective function value and the required CPU time. Here, six
different sets of results are presented, including four different
implementations of the all-in-one approach and two sets of
results corresponding to decomposition-based strategies SI and
S2. The all-in-one strategies include a straightforward GA im-
plementation, or the plain GA, and three different advanced
GA strategies.

Figure 6a shows the results for three different initializations
of the random number generator. The best objective function
values show the expected improvement in performance as ad-
vanced GA strategies are used. The decomposition-based de-

4500

4000

2*3500

3000

2500

o

0

O
o

8
6
0

a)
1 2 3 4 5

design strategies

10CM

90

80

70

g 50
O
| 40

I
30

20

10

o: NDV=42
*: NDV-14

b)

Fig. 6 Performance of large-scale design process; (1) plain GA,
(2-4) advanced GA strategies,7 (5) strategy SI, (6) strategy S2: a)
best objective function and b) computational efficiency.
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Fig. 7 Optimal stiffness distribution along blade span.

sign strategy S1 gives the best overall result. Strategy S2 yields
results that were similar to the plain GA implementation.
Clearly, this updating scheme severely limits the exploration
of the design space by requiring that problem parameter up-
dates must maintain a monotonic convergence trend in the ob-
jective function value. In Fig. 6b, the relative CPU time re-
quired to reach the best objective function value obtained from
the plain GA is presented for the different design strategies.
This figure clearly demonstrates that the decomposition ap-
proach is much more efficient from a computational resource
standpoint, because of the parallel implementation in optimi-
zation. This figure also reinforces the fact that returns from a
decomposition-based approach are much more significant as
the size of the problem increases; the results for the 42-design
variable problem are compared against similar results obtained
for a 14-design variable problem defined in Ref. 22. For the
best design obtained in the decomposition-based approach, the
optimal stiffness distribution of rotor blade box—beam is
shown in Fig. 7.

Concluding Remarks
This article describes an approach for adapting genetic al-

gorithms in the decomposition-based design of large-scale
multidisciplinary systems. A primary focus of the research was
in the development and implementation of a rational approach
by which the multidisciplinary design problem could be par-
titioned into a number of balanced subproblems. This task of
partitioning was formulated and solved as an optimization
problem. This method used quantitative information about the
dependence of system response to design variables extracted
from trained neural networks in carrying out the optimal prob-
lem partitioning. Once the problem was decomposed, the GA-
based search was implemented in parallel in each of the sub-
problems. Strategies to account for the interactions among
these decomposed subproblems was the other focus of the
present study. The proposed methods were implemented in a
multidisciplinary test problem, the design of a helicopter rotor
blade to minimize vibrations at the rotor hub. Numerical re-
sults show the effectiveness of the decomposition-based ap-
proach over traditional all-in-one strategies, as indicated by
both better performance and lower computational resource re-
quirements.
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