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Complex design optimization problems, which involve many nonlinearly coupled design objectives and con-
straints, pose considerable dif� culties in the formulation of the aggregate objective function. A representative
example of such a complex optimization problem is the design of aircraft structures based on strength, stiffness,
manufacturability,and cost requirements. An effective methodologyfor such a design has recently been developed.
This methodology has been used to develop a computational tool for analysis and optimization of primary struc-
tural aircraft components. A wing spar design problem was used to demonstrate the effects of manufacturability
and cost requirements on the optimal design con� guration. By the use of the computational analysis tool that
has been developed, physical programming is applied to the optimization phase of the design. The effectiveness
of the physical programming method is demonstrated in the context of such complex problems. In the previous
approach, the problem complexity necessitated the minimization of one objective at a time in conjunction with
behavioral constraints. The associated Pareto hypersurface is not convex, and the employed approach did not
allow the designer to explore the design space ef� ciently. The use of physical programming is explored for this
class of complex problems and it is concluded that physical programming offers the formulation � exibility needed
to obtain ef� ciently the desired points on the Pareto frontier. A comparison with the weighted sum method, as well
as the previous results, is made.

I. Introduction

T HE design of a complex system usually involves many con-
straints and objectives (design metrics) and is governed by a

number of design parameters that affect these design metrics, typ-
ically in a nonlinear fashion. An example of such a multicriteria
problem is the design of an aircraft structure that is optimized for
performance, as well as manufacturability and cost. This problem
could be best de� ned under the general framework of integrated
product and process development and would bene� t from more ef-
� cient multidisciplinary design optimization solution methods. In
this case, manufacturability analysis and cost assessment are inte-
gral parts of the design process, which can help to ensure product
producibility and affordability at the stage where design choices
have the greatest impact on product development.

There are signi� cant challenges associated with design for per-
formance and manufacturabilityof aircraft structures.A formidable
task is the development and implementation of methodologies that
can accurately and ef� ciently address manufacturability and cost
requirements (in a quanti� able way) in the design process.1 In ad-
dition, there is a need for ef� cient optimization techniques that can
provide effective design solutions to multicriteria problems with
diverse sets of constraints and objectives.

A framework for the design of primary aircraft structures based
on strength, stiffness, manufacturability,and cost requirementswas
developed by Rais-Rohani.2 In that approach, the manufacturing
processes used for each structural part are identi� ed at the begin-
ning of the design process. Cost relationships are establishedbased
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on the structural de� nition, material, and process information. The
manufacturabilityfactorsare used to establishrelationshipsbetween
structural design variables and process parameters in a way that
allows for the optimization of the structural system based on per-
formance, as well as manufacturabilityand cost requirements.This
framework was used in the developmentof a computationaltool for
preliminary design of aircraft structures based on process informa-
tion (TASPI). The TASPI framework was subsequently applied to
a wing spar design problem3 to demonstrate the effects of manu-
facturabilityand cost requirements in minimizing the weight of the
built-up structure.

Multicriteria optimization offers an effective approach for solv-
ing such complex engineering problems by providing the designer
with the tools to achieve ef� cient designs while saving time in the
decision-making process. The main challenge in multicriteria op-
timization is the reconciliation of a set of disparate and often con-
� icting objectives. In such situations, there exists the possibility
of attaining numerous Pareto optimal (noninferior, nondominated)
solutions. Such solutions arise when there is no other feasible de-
sign that will yield an improvement in one objective without caus-
ing degradation in another.4 The collection of these Pareto optimal
points forms the Pareto frontier. In practice, the concept of Pareto
optimality yields the following question: Once a complex problem
is completely de� ned, how can the desired solutions in the Pareto
frontier be obtained? Because of the shortcomings in the formula-
tion of most aggregate objective functions (AOFs), it is very likely
that the Pareto solutions cannot all be found.

We brie� y comment on the critical common failure to obtain
the desired Pareto solution.4¡12 The reasons are twofold. First, for-
mulations of the AOF commonly involve the use of the weighted
sum (WS) approach, which uses a linear combination of the de-
sign metrics. Unfortunately, this approach only works in the case
of convex Pareto frontiers, and structural problems often result in
nonconvex Pareto frontiers.7 Second, even when the Pareto points
can be captured in theory, we do not generally know how to set
the numerical values of the free parameters, for example, weights
in the WS objective function. In addition, as the number of design
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metrics increases,this task becomes increasinglymore dif� cult, and
the proper weights usually cannot be found in reasonable time. The
search for the proper weights is often terminated because the de-
signer is suf� ciently satis� ed with the current solution.

Numerous researchers4¡12 address the related limitations of the
WS objective function approach, and physical programming has
emerged as an effective alternative to traditional multicriteria de-
sign optimization methods. In physical programming (PP), the de-
signer’s understandingof the physicalproblemand desiredoutcome
is exploited in forming the AOF. PP exploits the qualitativeperspec-
tive of the design optimizationprocess and places this process into a
� exible and natural framework that completely eliminates the need
for iterative weight settings.

This paper focuses on the application of PP to the multicrite-
ria wing spar design optimizationproblem, which was investigated
previously by Rais-Rohani and Huo3 using a conventional design
optimization scheme. The main objectives are 1) to compare the
effectiveness of the PP approach for this class of large structural
designs and 2) to examine the Pareto optimal solutions that could
not easily (or at all) be obtained using the WS approach. The re-
mainder of this paper is organized as follows. In Sec. II, a wing spar
design problem is presented that forms the applicationbasis for this
paper. In Sec. III, a synopsis of the PP methodology is provided. In
Sec. IV, a PP-based optimization of several wing spar design con-
cepts is presented. These optimization results are compared with
those of a previous study of the same concepts. Section IV also
includes an instructive comparative study based on the WS opti-
mization approach. Concluding remarks are the subject of Sec. V.

II. Wing Spar Design Problem
This section develops the analytical basis for the wing spar de-

sign. In the following, we describe three design concepts that are
used for comparative analyses. This description is followed by a
brief discussionof the structural and failure analyses, the manufac-
turabilityanalysis,and the manufacturingcostanalysis.The primary
objective of our design work is to minimize cost, weight, and tip
de� ection under prescribed loading. To develop cost relationships,
we also address such issues as manufacturabilityand assembly. We
also address strength issues by either imposing constraints or by
minimizing appropriatedesign metrics (on the order of 100 for each
concept). In addition, geometrical constraints are imposed on the
cap, and appropriate side constraints are enforced.

Description of Three Concepts
The built-up wing spar and loading shown in Fig. 1a forms the

basis of our design problem. This structural system consists of a � at
web supported by the upper and lower caps, and 21 equally spaced
verticalstiffeners.The 20-ft (6.10-m) long spar has a heightof 12 in.
(30.48 cm) at the root that tapers linearly to 4 in. (10.16 cm) at the
tip.

Three different design concepts are considered, as shown in
Fig. 1b. In concept 1, each spar cap consists of two identical an-
gle sections with the web sandwiched in between by two rows of
fasteners. The � ange’s length and thickness of each angle section
are tapered linearly from root to tip. The web consists of three solid
� at sections. Vertical stiffeners are attached on one side of the web
at 12-in. (30.48-cm) intervals. These angle stiffeners have joggles
at both ends to wrap around the cap � anges. The angle stiffenersare
fastened to the web as well as the caps by a single row of rivets.

Concept 2 is similar to concept 1 in terms of web geometry.
Each cap consists of a single tee section and is attached to the web
with two rows of fasteners. The web stiffeners are attached to the
backside of the web and require no joggles. They are attached to
the web and caps with a single row of rivets. Concept 3 is identical
to concept 2 with one difference. The web in this case consists of
three separate pieces spliced together with doubler plates. There is
also a circular lightening hole in the web between adjacent web
stiffeners for a total of 20 holes. The holes in each of the three web
sectionsare assumed to have the same diameters.The threediameter
values are treated as design variables. Each hole also has a 45-deg
� ange to help stiffen the free edge. The presenceof lighteningholes
makes the web ineffective in bending. Thus, the bending and shear

Fig. 1a Spar geometry and loading condition.

Fig. 1b Detailed views of the three concepts.

loads are assumed to be carried by the caps and the web panels,
respectively.

The topcaps in allconceptsaremadeof 7075aluminumextrusion,
whereas those at the bottom are made of 2024. The difference in
materials accounts for superior fatigue performance of 2024 and
high compressive strength of 7075. Because of taper in the caps,
machining is used as the primary manufacturing process. The web
panelsaremade of 2024aluminumsheet.Besidesblanking(cutting)
the sheet to the correct size (as in concepts1 and 2), stamping is the
primary manufacturing process in concept 3.

All parts are assembled using 1
8 -in.-diam (0.3175-cm) 2017 alu-

minum fasteners without any sealant. Each concept is produced
using a 100% manual bench-top assembly method.

Structural and Failure Analyses
The spar is modeled by a collection of one-dimensional Euler–

Bernoulli beam elements with two degrees of freedom per node.
Because of taper in the spar, the cross-sectionalarea and moment of
inertia of each element are obtainedby averagingthe corresponding
values at the ends of the element. The tip de� ection and the internal
load distributionassociated with shear and bending loads are based
on � nite element analysis.

In concepts1 and 2, the web panels can be loaded up to the buck-
ling state under a combination of shear and bending loads. With
the web effective in bending and shear, its failure is based on a
bending–shear stress interaction. In concept 3, the web is consid-
ered ineffective in bending. Consequently, the caps carry all of the
bending loads while the web carries all of the shear loads. In this
case, additional requirements are imposed in terms of allowable
shear � ow in the vicinity of the lightening holes.

The caps are also examined for failure. The compressionspar cap
is examined for compressive failure in buckling and crippling.The
cripplingstress can be found by using Gerard’s method (see Ref. 2).
The Johnson-Euler(see Ref. 2) equation is used to calculate the cap
failure stress. The tension spar cap is examined for tensile yielding.
The stiffeners are also checked for failure by requiring that the
moment of inertiaof each stiffenerbe above the safe minimum.2 The
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Table 1 Manufacturability factors

Compatibility Complexity Ef� ciency

Material–material Intricacy Material usage
Material–process Tolerance and surface � nish Part count
Con� guration–process Nonuniformity Variety

TASPI analysissoftware code is used to determine the tip de� ection
and the margins of safety associated with each failure mode. The
details of these analysis capabilities are given in Ref. 2 and are not
repeated here.

Manufacturability Analysis
The manufacturabilityfactors considered in this study are listed

in Table 1. A complete descriptionof these and other factors can be
found in Ref. 2 and are not repeatedhere. It suf� ces to point out that
simple mathematical relationships are developed by Rais-Rohani2

to determine the manufacturability index (2 [0, 1]) associated with
each factor. The total manufacturability index for each concept is
a cumulative measure of individual indices, which is used as a key
indicator of the manufacturabilityof each concept. For this calcu-
lation, the manufacturability indices for each design concept are
combined additively, while treating the factors under compatibil-
ity and ef� ciency as positive and the factors under complexity as
negative. For each concept, this scalar sum is divided by the largest
possible value for the corresponding concept. The total manufac-
turability indices for concepts 1, 2, and 3 are found to be 0.6109,
0.6240, and 0.6095, respectively.2 Therefore, of the three design
concepts considered here, concept 2 is deemed the best in terms
of manufacturability.For all practical purposes, the total manufac-
turability index is treated as constant for each concept and not as
materially dependent on the design parameters. These indices are
primarily useful in comparative studies of the three concepts.

Manufacturing Cost Analysis
Cost estimation models used in this analysis are based on the

data provided by the manufacturing cost/design guide (MC/DG).13

Although these data may not provide highly accurate cost estimates
for individual spar designs, they do provide an economic scale by
which we can compare differentdesign conceptsin terms of relative
cost.

Cost estimates consist of both recurring (RC) and nonrecurring
(NRC) costs, presented here in terms of labor-hours.The recurring
cost usually consists of both labor and raw material costs. The labor
costs include those associated with part manufacture and structural
assembly, as well as testing, inspection, and evaluation of the as-
sembly and its individual parts. To include the effect of production
quantity on recurring manufacturing cost, the labor cost is multi-
plied by a speci� c learning curve factor. For sheet metal forming,
conventional machining, and bench-top assembly, we use learning
curve rates of 90, 90, and 85%, respectively.14 The learning curve
factors to convert unit cost at 200, for instance, to cumulative aver-
age cost for 90 and 85% learning curve rates and a quantity of 50
are 1.44 and 1.79, respectively.

Because each spar is a built-up structure with parts mechanically
fastened in a 100% manual-assembly process, the effects of the
number and type of rivets are considered in the calculation of the
assembly cost. If the designed part has features that increase its
complexityover the base part, then an additionalcost penaltywill be
included in the recurringcost calculation.Noton13 de� nes designer-
in� uencedcost elements (DICE)as joggles,holes, bends, lightening
holes, special tolerances, etc., that result in additional cost beyond
that for the base part con� guration. Because DICE are controlled
by the designer, they can be reduced or sometimes eliminated in the
design process.

In estimating the recurring cost of each spar design, the cost of
raw material was not included. However, the in� uence of material
system on the manufacturing process and associated recurring cost
is accounted for through pertinent MC/DG data. The nonrecurring
cost consistsof two parts.The � rst is due to toolingand the secondto
testing, inspection,and evaluation.This cost is separatelycalculated

for the assembly and its individual parts based on MC/DG data. In
cases where nonrecurring cost data for a speci� c manufacturing
process were not available, that for comparable processes was used
instead.

The equation for manufacturing cost of a discrete part can be ex-
pressed in terms of its direct recurring cost (PRC) and nonrecurring
cost (PNRC) as2

DPC D PRC C PNRC (1)

where

PRC D .RC p C DICE p C RCTI&E C DICETI&E/LCF (2a)

PNRC D NRCT C NRCTI&E (2b)

which includes the recurring labor cost (RC) of manufacturing the
base part, RC p; the additional labor cost of manufacture due to
DICE, DICE p; the RC for testing,inspection,and evaluation(TI&E)
of the base part, RCTI&E ; the additional labor cost of TI&E due to
DICE, DICETI&E; the learningcurve factor, (LCF), the nonrecurring
tooling cost, NRCT ; and the nonrecurringTI&E cost, NRCTI&E . All
cost terms are presented in units of labor-hours. For a complete
manufacturing cost analysis of individual spar parts, see Refs. 2
and 3. The total manufacturing cost (TMC) for a single spar is
obtained as3

TMC D
X

i

.DPCi /.PPSi / C TAC (3)

where DPCi is the manufacturingcost of the i th discrete part, PPSi

is the quantity of i th discrete parts used in the spar assembly, and
TAC is the total assembly cost.

This completes the presentation of the analytical model for the
wing spar design, which will be optimized using the PP method. A
synopsis of this method follows in the next section.

III. Physical Programming Synopsis
Physical programming15¡22 is an optimization method that ad-

dresses two critical issues in the case of physical designs that lend
themselves to a qualitative and quantitative physical description of
the designer’s preferences.PP is best discussed in terms of the fol-
lowing steps in the optimization process:

1)Choosedesignmetrics:Basedon thecurrentlevelofknowledge
regarding the design artifact, decide which quantities we will care
about.We denote the designmetrics as g D fg1; g2; : : :g. (Some may
be minimized, whereas others may become behavioral constraints.)

2) Choose design parameters:Again based on the current level of
knowledge regarding the desired design, choose the design param-
eters (the quantities over which the designerhas direct control). We
denote the design parameters as x D fx1; x2; : : :g.

3) Develop mapping between design parameters and design met-
rics: In the process of engineeringanalysis, the engineer develops a
mapping between n design parameters and the m design metrics.

4) Develop AOF: To re� ect the design preference with regard to
each of the design metrics, the latter are combined to form an AOF.

5) Perform computational optimization: Through the use of any
number of possible optimization codes, optimize the AOF formed
in step 4, subject to provided constraints.

The important point here is to note that steps 1–3 and 5 involve
well-de� ned tasks forwhichgenerallymature proceduresexist.This
� ve-stepprocess is only as effectiveas its weakest link, in this case,
step 4. When we have to determine, for example, six weights, and
we discover at the conclusion of an unsuccessful optimization run
that two of theseweights are too small (e.g., 100,0.01) andone is too
large (e.g., 50), we are faced with a truly dif� cult question. Should
we reset these weights at (150, 0.15) and (30) or to some other set of
numbers? As we can see, this ad hoc weight-tweaking process can
be precarious even for the expert in the � eld of computational op-
timization. Bringing ef� ciency, effectiveness,and user-friendliness
to step 4 of the design optimizationprocess is a critical objective of
the PP method. For more information concerning the PP method,
see Refs. 12, and 15–22. Note that steps 1 and 2 are actually imple-
mented in reverse order at the software level because we need the
values of the design parameters to evaluate the design metrics.
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Fig. 2 Class functions for the ith generic design metric.

Classi� cation of Design Metrics and Class Functions
Within the PP procedure,the designer expressespreferenceswith

respect to each design metric using four differentclasses.Each class
comprises two cases, hard and soft, referring to the sharpness of the
preference. Figure 2 shows the qualitative meaning of each soft
class. The value of the design metric under consideration, gi , is on
the horizontal axis, and the function that will be minimized for that
metric, Ngi , hereby called the class function, is on the vertical axis.
All soft class functions will become constituent components of the
AOF. The desired behavior of a generic design metric is, therefore,
described by one of eight subclasses, four soft and four hard.

The class functions, shown in Fig. 2, provide the means for a
designer to express preferences for each given design metric. Next,
we explain how quantitativespeci� cations are associatedwith each
design metric.

PP Lexicon
PP allows the designer to express preferenceswith regard to each

metric with more speci� city and � exibility than by simply saying
minimize, maximize, greater than, less than, or equal to. The PP
lexicon comprises terms that characterize the degrees of desirabil-
ity: 6 ranges for each generic design metric of classes 1S and 2S,
10 ranges for classes 3S, and 11 ranges for class 4S. Consider,
for example, the case of class 1S, shown in Fig. 2. The ranges are
de� ned as follows, in order of decreasing preference: highly de-
sirable range (gi · gi1 ), desirable range (gi1 · gi · gi2 ), tolerable
range (gi2 · gi · gi3 ), undesirable range (gi3 · gi · gi4), highly un-
desirable range (gi4 · gi · gi5 ), and unacceptable range (gi ¸ gi5)
(this range is treated as infeasible).

The parameters gi1–gi5 are physically meaningful constants that
are provided by the designer to quantify the preferences associated
with the i th design metric. These parametersdelineate the desirabil-
ity ranges for each design metric. Further insight into these ranges

can be gained by examining the generic shapes of the class func-
tions (Fig. 2). Because the curve in the highly desirable (HD) range
is nearly � at, the points in the HD range are of a nearly equivalent
desirabilitylevel. In other words, in this range, furtherminimization
is not a high priority.

The class functions map design metrics into nondimensional,
strictly positive real numbers. This mapping, in effect, transforms
design metrics with disparate units and physical meaning onto a
dimensionless scale through a unimodal function. Figure 2 shows
the mathematical nature of the class functions and shows how they
allow a designer to express the preferenceranges. Consider the � rst
curve of Fig. 2: the class function for class 1S objectives.Six ranges
are de� ned. The parameters gi1 –gi5 are speci� ed by the designer.
When the value of the design metric gi is less than gi1 (HD range),
the value of the class function is small, which requires little further
minimization of the class function. When, on the other hand, the
value of the metric gi is between gi4 and gi5 (highly undesirable
range), the value of the class function is large, necessitating signif-
icant minimization of the class function. The behavior of the other
class functions is indicated in Fig. 2. Stated simply, the value of the
class function for each design metric governs the optimizationpath
in objective space for that design metric.

PP Problem Model
With the understandingof the precedingdescription,the PP prob-

lem model takes the following form. For soft classes, perform min-
imization:

min
x

J .x/ D
nscX

i D 1

Ngi [gi .x/] (4)

subject to

gi .x/ · gi5 (for class 1S objectives)

gi .x/ ¸ gi5 (for class 2S objectives)

gi5L · gi .x/ · gi5R (for class 3S objectives)

gi5L · gi .x/ · gi5R (for class 4S objectives)

and, for hard classes invoke constraints,

gi .x/ · gi M (for class 1H objectives)

gi .x/ ¸ gim (for class 2H objectives)

gi .x/ D giv (for class 3H objectives)

gim · gi .x/·gi M (for class 4H objectives)

x jm · x j · x j M (for design variation constraints)

where gim , gi M , x jm , and x j M represent minimum and maximum
values, the giv help de� ne the equality constraints, the range limits
are provided by the designer (see Fig. 2), and nsc is the number of
soft objectives that the problem comprises.

The problem model conforms to the framework of most non-
linear programming codes, with possible minor rearrangements. In
this study, we used the software code PhysPro,21 an advanced im-
plementation of the PP method. Next we turn our attention to the
optimization of the design presented in Sec. II.

IV. Design Optimization Problem De� nition
and Results

This section begins by de� ning the optimization problem for the
design concepts presented in Sec. II. This de� nition is followed by
a presentation and discussion of the PP-based results, which are
compared with results from a previous study of the same concepts.
The last part of this section discusses the results obtained using the
WS approach, and does so within the context of the examinationof
the Pareto frontier for concept 3.
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Optimization Problem De� nition for the Three Concepts
The three spar design concepts describedearlier (see Fig. 1b) are

optimized for minimum weight, manufacturingcost, and tip de� ec-
tion subject to a set of constraints. In one case, strength constraints
are transformed into soft minimized design metrics (class 1S).

Design Variables
In concept 1, the cap is made of two identical angle sections.The

vertical and horizontal � ange lengths and thicknesses at the root
and the tip are used as design variables for a total of eight design
variables. The cap dimensions vary linearly from root to tip. The
web consists of three sections, each de� ned by a separate thickness
variable (three additional design variables). The web stiffeners are
angle sectionswith two � ange length and two thicknessdesign vari-
ables (four additionaldesign variables). Thus, concept1 is governed
by a total of 15 design variables.

In concept2, thecapconsistsof a singletee section.At the root, the
� ange comprisesa verticallengthdesignvariableand two horizontal
length design variables (three design variables). To each of these
lengths is associated a different thickness design variable (three
additional design variables). Linear tapering between root and tip
yields an additional 6 design variables at the tip, for a total of 12
design variables. The web and web stiffeners are de� ned by the
same number of design variables as in concept 1. Hence, concept 2
is governed by 19 design variables.

Concept 3 has three additional design variables beyond those
in concept 2. These design variables de� ne the size/diameter of
lightening holes in each of the three web sections. There are 10
holes in section one (attached to the root), 4 holes in section two,
and 6 holes in section three. All holes in a given section have the
same diameter.Hence, concept3 is governedby 22 designvariables.

Design Constraints
The strength of various components of the structure is either

treated as a design metric to be minimized or as a constraint in
nondimensionalform expressed as

gs D factual= fmax ¡ 1 (5a)

for individual structural members. For computational convenience,
in the case of minimization, we minimize the worst case:

gs max D max
i

fgs1 gs2 ¢ ¢ ¢g (5b)

The variable f represents the internal load of interest such as
normal stress, shear stress, or shear � ow. There are 81 strength
designmetrics for concept1, 81 for concept2, and 101 for concept3.
These strength design metrics address the stress levels in the web,
the stiffeners,and the upper and lower caps. As indicatedby Eq. (5),
the range of gs is from ¡1 to 0.

In additionto the strengthconstraints,we also imposegeometrical
constraintson the upper and lower caps that generally seek to main-
tain reasonable aspect ratios and shapes. We have four such con-
straints for concept 1, and two for concepts2 and 3. Side constraints
are also imposed on the design variables for all three concepts. Ge-
ometrical and side constraints are applied in all optimizationcases.

Optimization Cases
We describehere the variousoptimizationcases that were consid-

ered. Speci� cally, we describe three cases. Case 1 concerns results
from a previous study3 of the precedingsystem. Case 2 presents the
PP-based results. In case 3, we present a comparative analysis of
the results of cases 1 and 2 and of the weighted sum approach.

Case 1 presents results from a previous study.3 For case 1a, min-
imize weight, tip de� ection ·8 in. (20.32 cm), cost unconstrained,
and strength constraints applied. For case 1B, minimize weight, tip
de� ection ·8 in. (20.32 cm), cost ·95 (labor-hours), and strength
constraints applied.

Case2 presentsPP results.For case2a,minimizeweight,cost, and
tip de� ection,and strengthconstraintsapplied:gs max · ¡0:001. For

Table 2 Optimization results for previous study and PP

Design metrics Case 1a Case 1b Case 2a Case 2b

Concept 1
Weight 47.1 65.2 53.6 54.1
Cost 104.7 95.0 104.6 104.7
Tip de� ection 8.0 8.0 7.65 7.60
gs max , see Eq. (5) ¡0.00014 ¡0.0029 ¡0.0010 ¡0.0010

Concept 2
Weight 45.9 55.1 50.0 50.0
Cost 100.1 95.0 102.0 103.1
Tip de� ection 8.0 8.0 7.50 7.50
gs max , see Eq. (5) 0 ¡0.0037 ¡0.0010 ¡0.051

Concept 3
Weight 42.3 48.0 49.7 49.7
Cost 101.0 95.0 99.7 99.7
Tip de� ection 8.0 8.0 7.34 7.41
gs max , see Eq. (5) 0 ¡0.00039 ¡0.0010 ¡0.0086

case 2b, minimize weight, cost, and tip de� ection; strength design
metrics also optimized.

Case 3 involves Pareto frontier generation, weighted sum op-
timization, PP optimization, comparison of WS and PP re-
sults, only concept 3 optimized, and strength constraints applied:
gs max · ¡0:001.

Optimization Problem Results for WS and PP
We presentthe resultsforall of theoptimizationcases justde� ned.

We begin with case 1, and follow with cases 2 and 3. The results are
summarized in Table 2.

Case 1
The results for case 1 were obtained using the software created

in a previous study.3 The units for weight, cost, and tip de� ection
are pound, labor-hour, and inch, respectively.The correspondingSI
units are shown in parentheses.

Case 1a
In the previous study, the structure’s weight was minimized as the

sole objective. No attempt was made to seek a tradeoff based on a
multiobjectiveAOF. By examining the nature of the Pareto frontier
(Figs. 3 and 4), we will discoverwhy the multiobjectivecase indeed
poses serious dif� culties. In this optimization case, the cost is left
entirely free. It is not minimized, nor is it constrained.For concept 1
(see Table 2), the minimum possible weight is 47.1 lb (21.36 kg).
The tip de� ection reaches its upper bound of 8.0 in. (20.32 cm), and
the cost reaches a value of 104.7 labor-hour. The maximum value
of the strength design metric [Eq. (5)] is ¡0.00014. The latter was
treated, in this case, as an inequality constraint. As we proceed to
concepts 2 and 3, the weight decreases to 45.9 and 42.3 lb (20.82
and 19.19 kg), respectively. The cost does not appreciably change
from concept 2 to 3.

We note that there is little margin for error/uncertainty because
the strength constraint is active. The locations of active strength
constraints are 1) the stiffener closest to the root, 2) the upper cap
at both locations of the application of the concentrated loads, and
3) the web at the location of the concentrated load farthest away
from the root. Therefore, an improved design would allow for these
locations to be strengthened.However, the parameterizationused in
this study does not allow for such a targeted improvement because
this is a preliminary study. The strength constraints were active at
similar locations in the other cases and concepts. For concept 3,
the presence of the lightening holes also resulted in active strength
constraints. In conclusion, if the structure’s weight is indeed of pri-
mordial importance, concept 3 is deemed the best.

Case 1b
In case 1a, the cost was left unconstrained. Case 1b is different

in that the cost is constrained to be less than 95 labor-hour. This
was done to explore the options available when weight is not the
overriding consideration. Table 2 shows the associated results. As
expected, for all concepts, cost and tip de� ection become active
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Fig. 3 Design space hypersurface (pro� le view).

Fig. 4 Design space hypersurface: PP vs WS solutions (perspective view).

constraints. Weight takes on decreasing values of 65.2, 55.1, and
48.0 lb (29.57, 24.99, and 21.77 kg) as we proceed from concept 1
to concept 3. Therefore, if we are only willing to have a cost of
95 labor-hour, then concept 3 is the most appealing. The preceding
comments regardingmargin for error/uncertaintyagain apply, if we
observe the values of the strength constraints.

From the given results, we observe that this design is truly of a
multiobjective nature in that the objectives of interest are strongly
in con� ict. Therefore, the optimization approach used should ade-
quatelymodel the designer’s preferencesregarding these objectives
(design metrics). It is indeed for these and similar reasons that we
have opted to perform this preliminary design optimization using
the PP approach,which readily lends itself to identifyingthe desired
tradeoffs among the various design metrics. Case 2 is the subject of
this study.

Case 2
The results for case 2 were obtained using PP. We minimized

weight, cost, and tip de� ection. The preferences used for these de-
sign metrics are expressed in the � rst three rows of numbers in
Table 3.

Case 2a
In this case, the strength design metrics are treated as constraints,

class 1H. They are not minimized. The results in Table 2 show the
tradeoff design that is based on the designer stated preferences in
Table 3. The main observation here is that the tradeoff between the
tip de� ection, the cost, and the weight design metrics is exercised.
The tip de� ection is now 7.65 in. (19.43 cm) for concept 1, and 7.50
and 7.34 in. (19.05 and 18.64 cm) for concepts2 and 3, respectively.
Both the weight and the cost moderately decrease from concept 1
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Table 3 PP designer preferences for each design metrica

HDÃ! DÃ! TÃ! UÃ! HUÃ!
Class

i th Design metric gi1 gi2 gi3 gi4 gi5

Weight 1S 40 45 50 55 100
Cost 1S 90 95 100 105 120
Tip de� ection 1S 7 7.25 7.5 7.75 10
gs-max , see Eq. (5) 1S ¡0.1 ¡0.075 ¡0.05 ¡0.025 ¡0.001

aD: desirable, T: tolerable, U: undesirable, and HU: highly undesirable.

Fig. 5 Strength design metric behavior for PP cases where is
moderately stressed ( ¡ ¡ 0:01 < gs <– ¡¡ 0:0025) and is highly stressed
( ¡¡ 0:0025 < gs <– ¡¡ 0:001): a) concept 1, case 2a; b) concept 1, case 2b;
c) concept 2, case 2a; d) concept 2, case 2b; e) concept 3, case 2a; and
f) concept 3, case 2b.

to 3. Comparing with case 1b, we observe that the decrease in tip
de� ection is obtainedat the expenseof increasedcost. However, we
are not able to predict the trend regarding the weight. The weights
of concepts1 and 2 are lower, whereas that of concept 3 is higher. In
conclusion, if we are concerned with the tip de� ection level in the
mannerexpressedin thepreferencetable(Table3), we may conclude
that concept 3 is again most desirable.However, in comparisonwith
the results in case 1b, we note that the design of case 2a does not
dominate that of case 1b, in the parlance of optimization theory.

This discussion points to the inherent impact of the shape of the
Pareto surface and, by implication, of correctly guessing proper
scalar weights in forming an AOF. Had we had a well-behaved
convex Pareto frontier, our attempt to generate Pareto points by
varying weights would have met with more success. Because the
Pareto frontier is not of a simplistic nature, the well-known prob-
lems with setting weights became particularly glaring. Finally, we
note that, here again, there is little margin for error/uncertainty be-
cause the strength constraints are active. Figure 5 shows a graph-
ical representation of the strength constraint design metric on the
wing spar for case 2a, where we show the highest levels of stress
in the structure. In particular, we depict the moderately stressed
regions (¡0:01 < gs < ¡0:0025) and the highly stressed regions
(¡0:0025< gs < ¡0:001). This topicwill be further discussedafter
results of case 2b have been presented.

At this point, it is important to realize that the strength constraint
might not be entirely appropriate.In fact, the area of robust design16

explores the consequences of such drastic thinking, as well as the
area of reliability analysis (e.g., Ref. 23). Although, in theory, it
is best that we design as closely as possible to maximum stress to
maximize performance, doing so presents signi� cant pitfalls. First,
constraining gs max [Eq. (5b)] to be simply less than zero leaves
no margin for error when there is the slightest uncertainty. As we
know, in practice, uncertainties are always present. Second, we do
not properly exploit the opportunities that are inherently present
in the Pareto surface. For example, we do not know the nature of
the tradeoff between the constraint design parameter gs max and the
other design metrics (weight, cost, and tip de� ection). Perhaps we
are willing to give up some form of performance in exchange for
more safety. However, we are reluctant to simply push the safety
constraint to some lower number for fear of overdesigning.The di-
rect way to actuallyexpress the tradeoff intendedin the optimization
formulation is to make this constraint design metric gs max become
instead a soft objective (class 1S). The likely alternativewould be to
make numerous successive optimization runs with different values
of each of the constraints (representingdiverse constraintcombina-

tions). This approachis not practical in most cases.The PP approach
offers a direct way of expressing tradeoffs between objectives. In
case 2b, we perform exactly this type of optimization.Speci� cally,
we use the preferenceexpressedin the last row of numbersin Table 3
and make gs max part of the AOF.

We conclude this case by commenting more generally on that
we chose to replace the strength constraints by objectives. Simply
stated, we wish to recognize that the notion of constraint is more in
line with satisfyingour need to conform to the necessitiesof formal
mathematical optimization problem formulation than with reality
as presented to us. When we prescribe the stress constraint to be
<5, we imply that a stress of 4.999 is in� nitely good, whereas a
stress of 5.0001 is in� nitely bad. As we all know, this is not true in
practice. In reality, these two values are equally good or bad to us.
The major pitfallwith using such constraintsis that, should thevalue
5.01 yield a much better overall design, we would have precluded
this possibility because it is declared infeasible. Conversely, in the
event that we will tolerate the value4.9, but do not like it very much,
the optimizationformulationwill make no effort to deviate from this
not so desirable value. This situation occurs because the inequality
constraintis a blunt instrumentthat entirelyfails to re� ect the reality
of the situation.We use it outof habitand,more important,becauseit
is much easier to handle those objectives(which usually require the
setting of weights). Fortunately, PP lends itself to accommodating
as many objectives as the designer wishes, so long as there is some
idea of what values might be desirable or undesirable.

Case 2b
In this case, the strength design metric gs max becomes part of

the AOF. It is no longer a constraint, as it was in case 2a. Let us
compare the results of case 2a with those of the present case 2b. For
concept 1, the results have not appreciably changed. This situation
results because it is very dif� cult for the high-stress locations to
reduce their stress levels, at least with the design parameter sets
used in the optimization.The direct way of alleviating this situation
would be to allow for the requiredmass transfer from one locationin
the structureto another.With a � nergranularityof designparameters
in these critical locations, the optimization process would be better
equipped to yield appropriate design improvements. As Table 2
shows, the strength constraint is again active.

For concept 2, the situation is more appealing.The strength con-
straint has signi� cantly improved, and we have paid a relatively
minor price. The cost has increasedfrom 102.0 to 103.1 labor-hour.
The important point is that the resulting structure is safer, while re-
� ecting the wishes of the designer.Should these results not be to the
satisfactionof thedesigner, it is a simple matter to modify the prefer-
ences in Table 3 and do so in a physicallymeaningfulway. We recall
that the preference numbers in Table 3 are physically meaningful
and that their meanings are clear to the designer. More important,
we also note that the results are not unduly sensitive to these input
preferencenumbers.Related issues are addressedby Messac et al.22

In thecaseof concept3, we merelyobservethatwe have tradedthe
slightworseningof the tipde� ectionfor increasedsafetyof the struc-
ture. No other aspect of the structure has appreciably changed. If
safety is consideredan important factor, in the manner expressed in
Table 3, then here again concept 3 is deemed the best. As we see,
the strength design metric has improved to ¡0.009 from ¡0.001,
whereas the tip de� ection has increasedfrom 7.34 to 7.41 in. (18.64
to 18.82cm). In terms of the resultsof the three conceptsfor case 2b,
we note that the cost for concept 3 is lower because there is a trade
that took place between other design metrics. This lower cost was
obtained even though concept 3 entails an inherently more expen-
sive manufacturingprocess,a counterintuitiveconclusion.This new
� nding ampli� es the understanding that resulted from the previous
study.

Figure 5 shows the status of the strength design metric in various
discrete locations of the structure within the context of the mod-
erately stressed and highly stressed de� nitions. As de� ned earlier,
these locations are as follows. 1) The top line represents the upper
cap. 2) The bottom line represents the lower cap. 3) The vertical
double lines represent stiffeners. 4) The spaces in between the ver-
tical double lines are the web. Finally, 5) the thinly drawn circular
holes in concept 3 represent the lightening holes.
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We recall that in case 2a the strengthdesign metric is a constraint
(< ¡0:001, class 1H), whereas in case 2b it is minimized (class 1S).
A clear trend can be seen. In case 2b, there are fewer regions where
the wing spar is highly stressed. This is true for all three concepts;
we will examine concept 3 in particular. In this concept,we observe
that from case 2a to case 2b, the structure became at most moder-
ately stressed (see Fig. 5). There is only one moderately stressed
region in case 2b, as compared with four highly stressed regions
and one moderately stressed region in case 2a. This improvement
in the strength constraints, of course, came at some expense to the
other design metrics. In particular, there was a degradation of ap-
proximately 1% in tip de� ection, while weight and cost remained
practicallyunchanged.For concepts2 and 3, self-explanatoryresults
can also be seen in Fig. 5.

Case 3: Discussion of Pareto Frontier, WS and PP Solutions for Concept 3
We begin with a discussion on the nature of the Pareto frontier

associated with this complex nonlinear problem, which will allow
us to uncoverthe associatedrami� cations.We choseto only perform
this analysis for concept3 because it was the most promisingdesign
and, surprisingly, also offered the most complex structure (with
lightening holes). Our examining the simplest concept might have
led to conclusionsof narrower validity.With the aid of the identi� ed
section of the Pareto frontier, we perform a comparative analysisof
the results obtained using the WS and PP methods. The following
results are obtained in conjunction with concept 3.

Pareto frontier examination. The Pareto frontier for concept 3
is generated and shown in Figs. 3 and 4. The surface represents
the Pareto frontier pertaining to the three minimizing design met-
rics (weight, cost, and tip de� ection). This frontier was generated
to aid in our explanationof the concepts involved. It was generated
in the time-consuming fashion of minimizing one objective, while
systematicallyconstrainingthe other two, to generate a � ne enough
mesh of points to represent the frontier. The strength constraints
were set to be less than zero. Figure 3 shows a pro� le view of the
surface, whereas Fig. 4 shows a perspective view. The important
associated observations are as follows. 1) Figure 3 shows that the
Pareto surface is nearly planar and contains numerous ripples. In
particular, the surface is not convex. An immediate consequenceof
this observation is that if we use the WS approach, we will miss
all of the solutions that are in the concave parts of the Pareto fron-
tier. 2) Because the Pareto frontier is nearly planar, a minor change
in the numerical weights of the WS formulation will yield a ma-
jor change in the resulting optimal solution. In other words, this
problem/algorithm is numerically ill conditioned,and obtaining the
desired design will be dif� cult. With these observationsin mind, we
proceed to obtain pertinent numerical results.

Pertinent numerical results on Pareto surface. We begin by ex-
amininga restrictiveformof the generalmultiobjectiveoptimization
problem, which can be expressed mathematically as

min
x

g.x/ D

2

664

g1.x/

g2.x/

¢
gN .x/

3

775 (6)

where x is the design parameter vector. The objectives (design met-
rics) are usuallycombined to forma single scalarobjectivefunction,
the AOF, to solve the optimizationproblem. The AOF is generically
written in the form

J D ¹[g.x/] (7)

where ¹ is a linear or nonlinear function of g.x/. Examples of the
AOF are
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X

i
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X

i
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i

in the cases of WS and compromise programming, respectively,
where wi are numerical weights and m is an integer.

In Fig. 4, we show two sets of optimization results, the � rst using
WS and the second using PP. These results are shown on the Pareto

surface. The WS results are shown with a circular dot, and the PP
results are shown with an empty square. The WS results were ob-
tainedby appropriatelymodifyingthe associatednumericalweights
of the AOF. The PP results were obtained using a PP-based method
described in Ref. 19.

We make several key observations.First, we note that by varying
the weights in the WS approach in an even way, the spread of the
solutionsis generallyquiteuneven.This unevennessis in part caused
by the surface’s multimodality.

Second, thechangesin numericalweights of theAOF formulation
are extremely small. These numbers are shown subsequentlyfor the
leftmost to rightmost points. As we see, these changes occur in the
third and fourth signi� cant digits for the second and third numerical
weights, respectively,for the � rst three points. As a result, it is very
likely that the designerwill obtain solutionsat the edgeof the Pareto
frontier.This is becauseit is not possibleinitially to know which sets
of weights will yield sensible results. This is because in practice an
engineer would not likely vary the weights to this level of precision
because of time constraints. The actual weights that had to be used
for the weighted sum case are as follows.

Weights for three leftmost point in Fig. 4 (WS):

fw1; w2; w3g D f0:0680; 0:0746; 0:8574g

fw1; w2; w3g D f0:0680; 0:0747; 0:8573g

fw1; w2; w3g D f0:0680; 0:0748; 0:8572g

Weights for rightmost point in Fig. 4 (WS):

fw1; w2; w3g D f0:0680; 0:0777; 0:8543g

Third, we see a section of the Pareto surface where no WS solu-
tions could be obtained. Note that nearly exhaustive attempts were
made to ensure that such was indeed the case.

Fourth, the PP methodhas the ability to obtainall Pareto solutions
with relative ease.

In comparison with the WS approach, the PP method allows the
designer to obtain easily what is desired. This is equivalent to de-
ciding where on the Pareto frontier is most desirable to the decision
maker. Finally, theoretical results and applications to date strongly
suggest that PP offers the ability of capturingany point on the Pareto
frontier. In fact, a formal proof of PP’s ability to generate any Pareto
point is nearing completion, as of this writing.

V. Conclusions
The PP method was used in the manufacturability-based opti-

mizationof an aircraftstructureforminimumweight,manufacturing
cost, and de� ection.By allowing the designerto expresspreferences
regarding each objective in a physically meaningful fashion, PP
eliminates the need for tedious and often ineffective weight adjust-
ment process associated with AOF. It was shown that PP is capable
of � nding optimum solutions that could not be found easily or, in
some cases, at all by the WS. This paper showed how the PP method
providesa physicallymeaningfulenvironment to assist designers in
their search for themost satisfactorydesign.Theseconclusionswere
reachedwithin the context of the design of three complex wing spar
concepts.
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