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ABSTRACT

Many engineering problems involve interactions between multiple
decisions makers, or stakeholders, each with their own objectives and
uncertainties. Considering these interactions during design optimization
allows us to account for new sources of uncertainty, which we refer to
as economic uncertainty. In this paper, we consider an application of
optimization considering interactions between aircraft designers and
airlines based on the design of a commercial transport aircraft wing. We
consider that the aircraft designer makes their design decisions first, and
therefore must predict the reaction of the airline. We focus on the effect
of two economic uncertainties: uncertainty that would normally only
affect the airline and uncertainty due to asymmetric information, or
errors in the designers’ understanding of the airlines” preferences. We
find that these uncertainties play a significant role in the optimal
decisions by both airlines and designers. We also show that asymmetric
information may actually be beneficial for both stakeholders in certain
cases, where both players benefit from the aircraft designer
underestimating the operating costs of the airline.

INTRODUCTION

Design optimization frequently deals with uncertainty due to
variations in material properties, operating conditions, and design
specifications. One often overlooked source of uncertainty is in the way
designers determine tradeoffs between multiple objectives. These
tradeoffs affect the value of the design to customers, regulators, and
other interested stakeholders in the design, which ultimately determines
the profitability of the design. Each of these stakeholders are dynamic
decision makers performing their own optimization to maximize their
profits. However, traditional multi-objective design optimization rarely
considers these dynamic interactions, and when it does it models the
preferences of other stakeholders using heuristic methods.
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Aircraft design is often viewed as a characteristic multi-objective
or multi-disciplinary problem. Aircraft design is also subject to complex
relationships between stakeholders; these stakeholders include the
airlines who buy the aircraft and the passengers who buy tickets.
Additionally, because of the large time gap between design and entire
service life, changing market conditions can play a major role in the
success or failure of a design; for instance changes in fuel prices or
public demand for air travel.

Designers set their objective function based on data regarding the
preferences of airlines and the public, either learned from past
experience or provided directly by these stakeholders. The interaction
between stakeholders in the communication of these preferences is
subject to uncertainties because stakeholders do not have perfect
knowledge of their own interests now or in the future, but also because
it may be advantageous for them to provide misleading information,
leading to what is known as information asymmetry. We propose to
utilize game theory to model how each of these stakeholders will
interact with one another as they make strategic decisions to maximize
their own welfare. The framework for reformulating a multidisciplinary
design problem considering multiple stakeholder interactions using
game theory was described in Waycaster et al [1]. In this work, we will
focus on quantifying the importance of considering these economic
uncertainties relative to other sources of uncertainty in a characteristic
problem.

NOMENCLATURE
Crix Airline fixed operating cost

Cruet Jet fuel cost

Cini Initial design fixed cost
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Cpen Cost of failing design certification

FC Aircraft lifetime fuel consumption

Kmin Minimum certification knockdown factor
Kpen Certification knockdown factor

Kyare  Effect of number of tests on knockdown factor
Nyir Number of aircraft purchased

Nfygne  Aircraft service life in flights

Npax Number of passengers per flight

Niest Number of design certification tests

Niix Number of tickets sold per year

Pgir Aircraft purchase price

Prnax Maximum airline ticket price

Pyen Probability of certification penalty

P Ticket demand slope

Pyix Ticket price

PF Probability of failure

SF Design safety factor

VSL Value of statistical life

M, Airline profit function

My Aircraft designer profit function

DESIGN PROBLEM DESCRIPTION

The goal of our simple example problem is to represent a
characteristic multidisciplinary design optimization problem using
simple analytical formulas. The problem we look at is the design of a
commercial transport aircraft wing, which provides a mixture of
structural and aerodynamic performance goals. The aircraft designer
specifies two configuration design variables: the wing aspect ratio and
the design safety factor beyond what is required by regulations,

The aircraft designer makes a third decision on the number of
structural tests to perform which will affect the minimum acceptable
knockdown factor for certification of the aircraft, similar to the A-basis
criteria specified by the FAA [2]. Based on the probability of not
meeting this certification criteria, the designer will be assessed some
monetary penalty. Additionally, each test performed will have some
fixed cost. This means the designer may choose to have higher design
cost (more tests) in order to improve performance or reduce certification
cost by allowing for a less conservative certification criteria.

The wing is idealized using a trapezoidal shape, where sweep,
planform area, and taper ratio are based on the dimensions of a Boeing
737-700 [3] and are constant across all designs, meaning that changing
the aspect ratio will scale the span and chord proportionally. The wing
box is constrained by the wing cross-section, meaning increasing the
aspect ratio will decrease the maximum possible design safety factor
due to longer, more slender wings.

Once these design variables are determined, a structural designer
optimizes the wing box for minimum weight subject to constraints on
stress and deflection. Details on the models used to estimate
aerodynamic and structural characteristics of the wing are provided in
Annex A.

This simple design problem introduces some basic tradeoffs
similar to those seen in a true multidisciplinary design problem. By
increasing the aspect ratio, the aircraft designer can reduce the aircraft
fuel consumption, but this change cause penalties structural weight and
probability of failure. The aircraft designer can reduce the probability
of this design penalty either by increasing safety factor or increasing the
number of tests performed. These trade-offs are summarized in Fig. 1
Design problem trade-off chartFig. 1.
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Fig. 1 Design problem trade-off chart

REFORMULATING OPTIMIZATION

To be able to consider interactions in optimization, we must
describe how decisions are made among stakeholders and how
information is shared between them. In this case, we will consider that
the designer is interacting with an airline, who determines the number
of aircraft to purchase based on the number of tickets the airline is able
to sell. To deal with these interactions, we use common terminology and
techniques utilized in game theory [4].

One key concept is the idea of a best reply function, which defines
a player’s optimal strategy given the strategies of all other players. We

can calculate-a bestreply function by-taking-the-partial-derivative of a— — ~ { Deleted: .

player’s objective function with respect to each of their decision
variables, setting the result to zero and solving for the optimal value of
that decision variable, as shown in Equations 1 and 2.

M(X1,X2) (1)

o, . 2
ax. = 0= X = () (2)

Second order conditions are guaranteed by the fact that any
meaningful profit function for a player should be concave in each
player’s own decision variables. The resulting expression will provide
the optimal value of that decision as a function of the actions of all other
players.

For our example problem, we will consider that the stakeholders
play a sequential game, where the aircraft designer will act first to
determine the nature of the aircraft available. After learning what the
aircraft designer does, the airline will determine how many aircraft to
purchase. In order for the aircraft designer to act first, they must estimate
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the best reply function of the airline which can then be inserted into the
aircraft designer’s own profit function. In doing so, the aircraft designer
will incorporate the uncertainties faced by the airline directly into their
own optimization problem.

The estimation of this best reply function may itself be subject to
some error or uncertainty. We consider that we may have a case of

information than another. For instance in our example problem, the
airline may know their own profit function exactly, while the aircraft
designer may estimate some elements of the airline profit function with
some error.

It can then be determined whether or not the airline has an incentive
to signal, or to communicate information to the aircraft designer, that
would either increase or decrease the error of this estimation by the
aircraft designer. Similarly, we can see if the designer has an incentive
to screen, or try to gather more information from the airline about their
preferences. In some cases, errors in the aircraft designer’s estimation
of the airline’s preferences might be good for both players, bad for both,
or might increase one player’s profit at the expense of the other.
Understanding the situations that give rise to these cases is an important
factor in understanding airline and aircraft designer relations.

ECONOMIC INTERACTION MODEL

In order to model the interactions between aircraft designers and
airlines, we must first develop reasonable ways to express the profits of
each group. We attempt to specify objective functions that capture some
important trade-offs and interactions for both stakeholders without
excessive complexity. The interactions of stakeholders with the design
problem and their exchange of information are summarized in Fig. 2.

For the aircraft designer, revenues are based on the number of
aircraft sold to airlines and the price the aircraft designer decides to
charge. The aircraft designer’s costs are based on a fixed initial cost of
a new project, the number of tests they perform which each have a fixed
cost, and the probability of a certification penalty which we assume will
also have a fixed cost associated with making the design safety
compliant. The aircraft designer profit function is then given as

”d = NuirPair - Ntestctest + Ppencpen - Cini ( 3 )

The airline’s revenue is based on the price and quantity of tickets
sold. We assume that each aircraft has a useful life of 60,000 flights
with an average passenger load of 100 passengers per flight.
Additionally, we consider that the number of aircraft is significant
enough as to not face scheduling and route constraints. The demand for
air travel is defined using a simple linear demand function, such that
price is determined for a given number of flights, such that

Ptix = Pnax — PsNeix (4)

Airlines have four different sources of costs; the first is based on
the fuel consumption over the life of the aircraft. The second cost is
based on the acquisition price of the aircraft they choose to purchase.
The third cost component is a fixed cost for each aircraft, based on the
labor, taxes, fees, and passenger services required for each aircraft. The
final cost component is based on the level of safety of the aircraft being

[ nd = NairPair - Ntest(ctest+PpenCpen) ]
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| Designer_

Design
Problem

PF,FC

Airline

M

My = Nagr (NaightNpaxPeix = Pair
- Nﬂighrcﬂtech —VSL » Np.\x PF — Cﬁx)

Fig. 2 Complete interactions between stakeholders and
design

utilized, where the cost is equal to the product of the probability of
failure, the number of passengers, and a penalty per life at risk; for this
penalty we use the value of statistical life specified by the Department
of Transportation. This cost term is intended to reflect the increased
safety and maintenance costs related to flying less safe aircraft.
Combining these components, the airline’s profit function is

My = Nair (Nriight NpaxPrix = Pair — Nrtignt Cruet FC

5
— VSL * NpayxPF — Cpix) (%)

We relate the number of tickets sold and the number of aircraft
purchased by assuming each aircraft is capable of 5 flights per day.

Neix

Naiy = ———
U 5 4 365Npax

(6)
Since we have specified a sequential game, the aircraft designer

will need to estimate the actions of the airline using a best reply
function. We can calculate the airline’s best reply function by taking the
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that only the designer needs a best reply function, while the
airline does not. So the main asymmetry is there. Notice that
even if the airline and the builder have the same information,
the same issue exists, because the designer does not need
information on the airline cost now, but on the cost when the
airplane will fly. So it is not clear that asymmetry is the main
culprit. So yo may want to tone down the asymmetry as the
single cause and have it as one of the two possible causes.

Commented [GW2R1]: While it is true that only the
designer is using a best reply function, this comes about due
to the sequential nature of our problem. The term
asymmetric information deals specifically with a case where
one player has better information about a certain parameter
than another. | have tried to distinguish these two issues by
discussing the sequential game as well as the asymmetric
information.




Tab. 1: Fixed coefficient values

Coefficient Value
Half-span 17.16 m
Taper ratio 0.159
Required lift 80,000 kg
Zero lift drag coefficient 0.01
Planform area 68 m?
Maximum ticket price, By qx $400 — $600
Ticket demand slope, P, 0.2- O.szr;:; miltion
Passengers per flight, Ny, 100
Test cost, Crese $1M
Initial design cost, Cin; $30B
Penalty cost, C,., $500M - $5B

Fuel cost, Crye

$0.53 — $1.33 per liter

Lifetime fixed operating cost, Cy;x

$780M — $900M

Value of statistical life, VSL

$9.1M

Yield stress

450 MPa - 550 MPa

Elastic Modulus

65 GPa - 80 GPa

1
——————— (Nr1igneNpax B —Cy;
2NflighthaxPs ( flight'¥pax'max fix ( 8 )

- Pair - CfuelelightFC
— VSL % Ny PF)

Niix =

We may now use the best reply function to allow the aircraft
designer to anticipate N by using the relation in equation (4 ). In
doing so, we have now directly incorporated information that previously
only affected the airline, such as fuel cost and demand for air travel,
directly into the optimization formulation for the other stakeholders.

PROBLEM ANALYSIS

Now that we have defined the formulation of the design problem
and the profit functions for each of our stakeholders, we can calculate
the profit maximizing solution for the aircraft designer who is
anticipating the reaction of the airline. To do this, we must first find
reasonable estimates for some of the coefficients present in the design
and profit functions. Table 1 provides a summary of these coefficients,
their assumed values or a range of values; these values and ranges are
estimated based on various sources [5 - 21].

Note that for eight of these variables, we have assumed a range of
values. This is either due to uncertainty in the true values (e.g. fixed
operating cost), or actual randomness in the true values (e.g. yield
strength.) To understand the effect of these variations, we perform a
case study in which we take each of these uncertainties as an interval
variable. We propagate this uncertainty in order to understand the effect
of changes in these values on the optimal decisions made by the designer
and airline. Even though the change in profits may be significant, if the
optimal decisions are relatively constant with respect to variation in one
of these coefficients, it will be reasonable to neglect it. We perform an
optimization using the interval values as decision variables in order to
minimize and maximize the optimal values of each of the four decisions
variables between both stakeholders (Table 2)

Thrust specific fuel consumption 0.08 kg/N - hr Tab. 2: Range of optimal decisions
Nominal wing weight 5,000 kg Decision Variable Range of Optimal Values
Nominal wing volume 2.0md Aspect Ratio 75-14.0
Test limit load 3g Safety Factor 117-2
Critical deflection/span 0.25 Number of Tests 9-11
Designer error in Ciy -10% - 10% Number of Tickets 0-3.2B

first derivative of their profit with respect to the number of tickets sold.
Combining Equations (4 — 6), we can rewrite the profit function as

Neix
1, = 52365« Nyoy (NfiigneNpasx(Prax
_PsNtix)_Pair (7)
- Nfligh.tcfuelFC

— VSL * Npax PF — Cpiy)

Taking the derivative with respect to N,;,., setting the result equal
to zero, and solving for the optimal value of Ny, yields

We see that there is a large variation in the optimal values of each
of the decisions, except for number of tests. We also find that for some
combinations of variables, the airline will elect not to fly at all meaning
that for some combinations of parameters it is impossible for the airline
to be profitable. The primary change for the designer comes from the
aspect ratio, the optimal value of which varies completely between the
upper and lower bounds specified in the optimization problem. In order
to understand how much of this variation in optimal decisions is due to
economic uncertainty, we can compare to the case where each economic
variability is fixed and only variability in material properties remains.
The results of this analysis can be seen in Table 3. It can clearly be seen
that the addition of economic uncertainties has a significant effect on
the decisions.
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Tab. 3: Range of optimal decisions without economic

Tab. 4: Demand shift case study

uncertainty
. . . P 1 2A2 2B
Decision Variable Range of Optimal Values arameter Case Case Case
Demand Curve
Aspect Ratio 11.5-14.0 Intercept 3375 $250 $250
Safety Factor 1.17-1.30 DA;Sricgﬁfetr $8.08B per $0.8B per $1.36B per
Profits year year year
Number of Tests 10
- . $28.4B per $1.7B per $4.60B per
Number of Tickets 765M — 772M Airline Profits year year year
To consider asymmetric information, we look at the relationship Aspect Ratio 12.28 12.28 11.68
between error in the designer’s estimate of airline fixed costs and profits
for both stakeholders across all cases of our other uncertainties. We find Design Safety
an interesting result; both stakeholders benefit from the designer Factor 138 1.38 127
underestimating the airline’s fixed costs. When the designer believes the
airline fixed costs are low, they will build a more efficient and more Number of
expensive aircraft, as they believe airlines will have higher profit Tests 1 1 10
margins for the same number of tickets and may be willing to pay more
for aircraft that can reduce fuel consumption. The net effect of this X i
change will be a reduction in in the cost per flight due to increased fuel Aircraft Price $71.6M $49.3M $41.7M
efficiency, leading the airline to sell more tickets at lower prices (and in
turn buying more aircraft). Number of 840M 291M per 339M per
The reason that this can happen is that the designer’s decision Tickets Sold per year year year

based on the best reply function is not guaranteed to be Pareto optimal
for either player. Were the designer allowed to change the design after
learning the true number of aircraft purchased by the airline, they would
choose a different design which would provide even higher profits for
the designer, but lower profits for the airline. This is a phenomenon
known as double marginalization, where two firms each add some profit
margin to the price of a good, in this case air travel. The net effect of
this double marginalization is actually a reduction in profits for both
firms. When the designer has error in assessing airline fixed prices, they
essentially reduce their own profit margin, and the benefits of this action
are passed to the airline. In this case, the designer benefits as well due
to the increase in aircraft sales.

Finally, we consider an example that demonstrates some
unexpected results of this study. It is commonly known among aircraft
designers that fuel prices are an important consideration, and that aspect
ratio can provide a trade-off between fuel consumption and increased
weight (and therefore increasing aircraft purchase price). Another
important consideration that emerges from this work is the effect of
consumer demand for air travel.

We consider that the aircraft designer has already designed the
optimal aircraft at the current level of demand for air travel where the
demand curve intercept is $380; this design is shown in Table 4, Case
1. After some time, the demand for air travel drops such that the new
intercept is $250. The aircraft designer can now choose to keep the same
aircraft and update the price, or design a brand new aircraft; these are
shown in case 2A and 2B respectively.

We observe a significant change in the optimal aspect ratio and
safety factor for the redesign case, which also provides more than 60%
greater aircraft design profits as compared to using the same design. The
airline also sees a 40% increase in profits, with more than 50 million
more tickets sold each year. This occurs because the lower demand
causes the airline to be more sensitive to aircraft prices and to buy fewer
aircraft. Taking this into account, the designer uses a lower aspect ratio
and safety factor, sacrificing fuel efficiency and reliability for reduced
cost. Without incorporating the effects of changes in demand into the

% Initial optimal design with initial demand level
2 Initial design at new demand with updated price
3 New optimal design at new demand level

optimization framework, an aircraft designer would not be aware of this
potential change and might lose profits as a result.

CONCLUSIONS AND FUTURE WORK

An example problem has been put forward that uses a basic
multidisciplinary design problem and a simple model of economic
interaction between stakeholders to investigate the relative importance
of engineering and economic uncertainty on design decisions and
outcomes. We have used a basic model of a wing structure and
aerodynamics and simple expressions to describe profit functions for
aircraft designers and airlines. Interactions between these stakeholders
are modeled using game theory, where we have a sequential game with
the aircraft designer moving first and asymmetric information regarding
the airline’s profit function.

We conduct a case study in which we vary the values of eight
important model inputs that are likely to be subject to variability or
uncertainty. The range of optimal decision sets across all of these cases
is computed and indicates that changes in market conditions can have a
large impact in these decision values. We find that variabilities related
to market conditions and stakeholder profit functions have a much
greater impact on design decisions and outcomes than traditional design
variabilities such as material properties. This finding indicates that
understanding customer preferences and market variability is as much
if not more important than understanding uncertainty in design
parameters and operating conditions. Additionally, we show that
designers acting with errors or limited information may actually
produce a more profitable design for both the airline and the designer.

Future work on this topic will include extending our simulation to
consider inputs as uncertain at the time of design, rather than
deterministic but varying across different cases. This will pose the
problem as a robust optimization where each stakeholder seeks to
maximize their expected profit. We will also consider the addition of
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competition among multiple aircraft designers and multiple airlines with
possibilities for product differentiation, as well as the potential for
different kinds of interaction models than the one proposed in this paper.
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ANNEX A

AIRCRAFT MODEL DESCRIPTION

The total induced drag and lift distribution are approximated using
lifting line theory [22], and can be calculated as

L) = plel () (A1)

S A H
D:pvwf m“@M)” (A2)
-S
n

sin(s cosy)

Where p is the air density, V,, is the free stream velocity, s is the
wing half-span, and I is the circulation given as

F=45VmZAnsin(n*s*cosy) (A3)
n

And the terms A,, can be determined by taking some finite n and
solving the system of equations given by

nCmc)

Z A, sin(n * s cosy) (sin(s cosy) + 3s
n

(A4)
Cluc .
= Ksm(s cosy)(a — ap)

Where c is the local chord length, & is the angle of attack, «, is the
zero-lift angle of attack, and C,, is the slope of the lift coefficient,
approximated from thin airfoil theory as 2m/rad [22].

Based on the drag determined above, we calculate the fuel burn for
the aircraft using the thrust specific fuel consumption for the engines.
Fuel burn serves as our primary aerodynamic discipline performance
measure.

We then consider the structure of the wing as a tapered box beam
subjected to the distributed load described by the lift distribution in
equation ( Al). Since the wing structure must fit inside the wing, we
constrain the outer dimensions of our box beam based the dimensions
of a NACA 22112 airfoil, similar to those used on commercial transport
aircraft. Based on this airfoil, we restrict the width and height of the
box beam to 60% and 10% of the chord length, respectively, as shown
in figure Al.

Fig. Al: NACA 22112 airfoil and approximate box beam
dimensions [23]

The box beam has two design variables: the horizontal member
thicknesses at the wing root and wing tip. Because the wing considered
in our example is only subjected to pure bending, the dimensions of the
vertical members are not significant. Figure A2 shows the dimensions
of the box beam.
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Fig. A2: Box beam dimension definitions

We optimize this structure in order to minimize weight (volume)
subject to maximum stress and deflection constraints at some limit load,
with the aircraft designer defined safety factor, SF. The weight of the
wing structure is then calculated based on the volume of the design
using the ratio of the nominal volume of a Boeing 737-700 wing
structure and wing weight. The angle of attack is then updated based on
equation (Al ) such that the total weight of the aircraft with the new
structure is equal to the total lift at cruise.

The design is then subjected to a certification test subject to
material property uncertainty, where the design must meet a specified
knockdown factor against constraint violation determined as a function
of the number of tests performed; the probability of not meeting this
criteria will cause the aircraft designer to face a certification penalty.
This penalty knockdown factor is given as

Krate

ern = Kmnin (A5)

Neest

This is intended to represent design requirements such as A-basis
and B-basis used by the FAA, where increased number of tests would
reduce the 95% confidence bounds, thereby reducing the required
knockdown factor.

To calculate the probability of failure and probability of
certification penalty, we calculate the design stress and design critical
elastic modulus where the maximum deflection/span is achieved and
compare to a prescribed variation in yield stress and elastic modulus
based on a 5% COV in both properties. Assuming that both yield stress
and elastic modulus follow a normal distribution, we calculate the
probability of failure and certification penalty directly from these
properties’ cumulative distribution functions.
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