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Introduction

T HIS Note applies the new design optimization method-
ology entitled physical programming (Messac1) to the pre-

liminary design of the High Speed Civil Transport (HSCT)
plane. The HSCT plane design offers a unique combination of
technical challenges. The disciplines of structural dynamics,
propulsion, thermodynamics, aerodynamics, and fluid dynam-
ics adversely interact with such equally important issues as
environmental pollution, noise, and economic competitiveness.
It is shown that this multidisciplinary design effort could ben-
efit from a comprehensive application of physical program-
ming. The detailed analytical development that forms the basis
of this Note is presented by Messac and Hattis.2 The next
section presents an introduction to the physical programming
method, This is followed by a discussion of the HSCT model
and its use in an HSCT preliminary design using physical pro-
gramming. The last section provides reflective remarks on the
applicability of physical programming to a large class of sys-
tem design problems.

Physical Programming
Motivation for the Development of Physical Programming

The application of physical programming in design optimi-
zation offers distinct advantages: reduced design time, reduced
computational effort, and enhanced ability to obtain an optimal
design. Physical programming employs a flexible and natural
framework for decision making and problem formulation. It
possesses the unique and desirable feature that the designer
does not need to specify optimization weights in the problem-
formulation phase. Rather, the designer specifies ranges of dif-
fering degrees of desirability for each design metric. Under the
physical programming methodology, the designer expresses
the objectives regarding each design metric in a deliberately
imprecise manner.

Physical programming departs from conventional design
problem formulation paradigms. Rather than making the real-
world problem statement conform to the limitations of con-
ventional mathematical formalisms, the designer is free to ex-
press the design objectives without regard to the intricacies of
the supporting mathematical infrastructure. Specifically, the
designer is not forced to cast the problem into the conventional
lexicographic (pre-emptive) or Archimedean formalisms. The
former forces the designer to declare some issues as being
infinitely more important than others, whereas the latter re-
quires the designer to form an aggregate objective function,
the morphology of which usually involves weights, which are
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singularly difficult to determine correctly. Physical program-
ming1 is shown to retain the desirable features of both for-
malisms, while avoiding their respective limitations. It does
not declare any one issue infinitely more important than an-
other (except for constraints). Nor does it require the designer
to provide weights in the formation of the aggregate objective.
The formation of the aggregate objective is instead guided by
the explicitly stated wishes of the designer.

To see the flexibility of the physical programming problem
formulation, consider one of the design metrics of the HSCT
problem, recurring-cost-per-passengers-seat cr. If a multiobjec-
tive HSCT mathematical model is available, and we wish to
minimize cr (among other objectives), two options might come
to mind. In the first, cr would become part of an aggregate
objective function with an associated multiplicative weight. In
the second option, an inequality constraint would be invoked,
viz., cr < 20 dollars. Both options fail to adequately exploit
the designer's true wishes and his/her expert knowledge of the
problem. If cr is above 25, it is very important that it be min-
imized. If on the other hand, cr is less than 15, it is less im-
portant to further minimize it at the expense of other objec-
tives. A constant weight cannot model that situation. The
inequality constraint approach, too, is ineffective since in all
likelihood the manager would not find 20.01 dollars unac-
ceptable (which the inequality constraint rules out as a poten-
tial solution).

The realistic statement of preference for cr might take the
form:

Highly desirable: <17 (dollars)
Desirable: 17 to 21
Tolerable: 21 to 22
Undesirable: 22 to 23
Highly undesirable: 23 to 24
Unacceptable: >24

Physical programming allows for that realistic description of
the problem. We note that this description encompasses both
hard objectives (unacceptable), and soft objectives (highly de-
sirable to highly undesirable), which are expressed in terms of
ranges of differing degrees of desirability.

The physical programming method is philosophically con-
nected to several other optimization methods that explicitly
exploit expert knowledge of the physical problem, or allow
for the use of imprecise information. The more notable ones
are as follows. The Taguchi method3 judiciously selects and
performs experimental trials to determine nominal values for
the design parameters in the face of uncertainties (noise fac-
tors). In a different vein, the goal programming method4 is
based on mathematical programming. Its key feature is its
ability to seek a physically meaningful value (goal) for each
design metric. The method of inequalities5 uses inequalities
for each design metric. The basic procedure is to start with
a large feasible objective space, and to progressively decrease
the feasible space by moving the inequality boundaries until
a satisfactory solution is obtained. Utility theory6 offers one
of the most comprehensive methods for formulating and
modeling the decision-making process in a multiobjective en-
vironment. It helps the design researcher define a set of ax-
iomatic properties for generic objective functions (utility
functions). In recent years, the fuzzy set theory (FST) (Ref.
7) has been used with celebrated success. FST correctly rec-
ognizes that deliberate imprecision in decision making is de-
sirable. It allows for the linguistic manipulation of conditions
(e.g., if velocity is low, then force is high). FST provides the
means to manipulate imprecision within a rigorous frame-
work.

Since the early 1980s, interest in the area of engineering
design in a multidisciplinary setting has grown.8'11 The publi-
cations just cited focus on the area of control-structure-inte-
grated-design (CSID), which is computationally intensive. Be-
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cause of the computational intensity of the CSID problem, it
is very costly to optimize (and reoptimize) using an incorrect
objective function, which unfortunately happens routinely.
This situation was a strong motivation for the development of
physical programming. Physical programming distinguishes it-
self by its ability to systematically develop an aggregate ob-
jective function that correctly reflects the full texture of the
decision-maker's wishes.

Physical Programming Application Synopsis
This section describes the procedure for applying physical

programming. The current physical programming implemen-
tation is embodied in the software package entitled PhysPro
(Ref. 12), which is Matlab-based and at a more advanced stage
than the version described in Ref. 1. To apply physical pro-
gramming to any problem, several well-defined steps are
performed.

We begin with some requisite preliminary discussions and
definitions. To perform the design, it is assumed that the de-
signer has the ability to alter a set of system features, design
variables, represented by the vector x = (jct, Jt2, .. .)• The
problem formulation also involves identifying those charac-
teristics of the system, design metrics, that allow the designer
to judge the effectiveness of the outcome. Those character-
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istics are denoted by the vector g = (gl9 g2, . . .). Design met-
rics may be quantities that the designer wishes to minimize,
maximize, take on a certain value (goal), fall in a particular
range, or be less than, greater than, or equal to particular
values.

Classification of Objectives and Class Functions
Within the physical programming procedure, the designer

expresses objectives with respect to each metric using four
different classes. Figure 1 depicts the qualitative meaning of
each class. The value of the metric under consideration g{ is
on the horizontal axis, and the function that will be minimized
for that metric gh hereby called the class function, is on the
vertical axis. Each class comprises two cases, hard and soft,
referring to the sharpness of the preference. All soft class func-
tions will become constituent components of the aggregate ob-
jective function (that will be minimized). The desired behavior
of a generic metric is described by one of eight subclasses,
four soft and four hard. These classes, illustrated in Fig. 1, are
defined as follows:

Soft:

Class- IS smaller-is-better, i.e., minimization
Class-2S larger-is-better, i.e., maximization
Class-3S value-is-better
Class-4S range-is-better

Hard:

Class- 1H must be smaller, i.e., gt < giam

Class-2H must be larger, i.e., g{ ^ g/min

Class-SH must be equal, i.e., gt = g,val

Class-4H must be in range, i.e., g<min ^ gt ^ gimm

The class functions, shown in Fig. 1, provide the means for
a designer to express ranges of differing levels of preferences
for each design metric, resulting in a deliberately imprecise
framework. Next, we explain how quantitative specifications
are associated with each performance metric.

Physical Programming Lexicon
From the previous discussion, we note that physical pro-

gramming allows the designer to express preferences with re-
gard to each design metric with more specificity than by sim-
ply using the terms minimize, maximize, greater than, less
than, or equal to. The physical programming lexicon comprises
terms that characterize the degree of desirability of six ranges
for each generic design metric for classes IS and 2S, 10 for
class 3S, and 1 1 for class 4S. To illustrate, consider the case
of class IS, shown in Fig. 1. The ranges are defined as follows,
in order of decreasing preference:

1) Highly desirable range (g, ^ gn): an acceptable range
over which the improvement that results from further reduction
of the performance metric is desired, but is of minimal addi-
tional value.

g/2): an acceptable range that

g,3): an acceptable, tolerable

Fig. 1 Class functions regions for ith generic design metric.

2) Desirable range (gn ^ gt
is desirable.

3) Tolerable range (gi2 ^ g,
range.

4) Undesirable range (g/3 < g, < g,4): a range that, while
acceptable, is undesirable.

5) Highly undesirable range (g;4 ^ g/ ^ gi5): a range that,
while still acceptable, is highly undesirable.

6) Unacceptable range (g, ^ g,5): the range of values that
the generic metric may not take.
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Fig. 2 Physical programming software and optimization results.

The parameters gn-gis are physically meaningful values that
are specified by the designer to quantify performance objec-
tives associated with the /th design metric. These parameters
delineate the desirability ranges within each metric. Reference
1 discusses the quantitative mathematical implications of the
previous definitions and provides the mathematical means for
the development of the class function for each generic metric,
in a multiobjective setting. We will simply note here that these
definitions entail an implied intracriteria and intercriteria
preference.

Physical Programming Application Steps
We now discuss the procedure for applying physical pro-

gramming, which involves four distinct steps.

Step 1: create a software module [metrics-evaluation-module
(MEM)] that uses the current numerical values of the design
parameters x as input, and that provides the corresponding
numerical values of the design metric vector g, as output (i.e.,
a software module that describes the behavior of the physical
system). This module is shown in the PhysPro Architecture
(Fig. 2a). In the present case, since PhysPro is implemented
in the Matlab environment, the MEM development can exploit
the full power and versatility of Matlab, or can also be a C
or Fortran module that interfaces with Matlab, using the Mat-
lab-MEX facilities. It can also incorporate structural analy-
sis codes as was done in Ref. 11, or other intradisciplinary
software.

Step 2: prescribe the class-type for each metric (1S-4H) (see
Fig. 1). (This is done within one of the PhysPro Windows.)
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Step 3: define the range-limits for each design metric (Figs.
1 and 2b). The designer prescribes 5 limits for class IS or 2S,
9 for 3S, and 10 for 4S. For the hard classes, the designer
prescribes one limit for class 1H, 2H, or 3H, and two limits
for 4H.

Step 4: Solve the constrained minimization problem that
is defined by the physical programming model.1 Note that
if a physical programming software implementation is avail-
able to the designer, steps 1-3 constitute the extent of
the designer's involvement with nonlinear programming.
Rather than engaging in the uncertain art of tweaking
weights, the designer's time is constructively spent exploring
the implications of the various physically meaningful pref-
erence choices.

HSCT Model
Background

The economics of an operational HSCT must be suf-
ficiently favorable for airlines to be interested in the opera-
tion of a large fleet. The major economic factors include
per-vehicle production costs and incremental operational ex-
penses. Generally, the production costs of airplanes have a
direct correlation with the dry vehicle mass. Operational ex-
penses for long-haul aircraft are dominated by fuel price,
which is proportional to fuel consumption. However, opera-
tional expense also includes other factors such as staffing the
vehicle with a flight crew. Performing an HSCT analysis with
respect to the dominant economic factors for a maximum
range mission will assure a design solution with the most
reasonable economics relative to other intercontinental flight
vehicles (such as existing subsonic jumbo jets). Considera-
tion of HSCT-required wet-mass (a combination of the dry
mass and the mission fuel requirement) is also a suitable de-
sign metric.

The HSCT cruise phase assumes that the cruise will be at
Mach 2.5, at an altitude of 55,000 ft, with a total cruise range
of 6200 mile in support of a 7000-mile flight from airport to
airport. To support the demonstration of the HSCT design, an
HSCT parametric formulation is constructed, then optimized.
The analytical development of the HSCT governing equations
is presented in Ref. 2. The remainder of this section discusses
1) the design parameters, 2) the design metrics, 3) the designer
preferences, and 4) the optimal design obtained using physical
programming.

HSCT Design Parameters
The design parameters of the simplified HSCT model have

been selected to allow considerable vehicle design flexibility
in the primary configurational and performance characteristics.
The design parameters are jcl? engine inlet area Ae\ jc2, wingspan
•V, *3, wing sweep-back angle Sw\ jc4, number of passengers
(capacity) of the vehicle np\ and jc5, propellant-tank vol-
ume Vt.

HSCT Design Metrics
The goodness of a particular design is assessed in terms

of a set of design metrics. These design metrics are gl9
tank volume-ratio rt (actual to maximum allowed); g2» recur-
ring cost per passenger seat cr\ g3, initial cost per passenger
seat c;; #4, propellant mass ratio (final to initial) rp\ #5, fuse-
lage-length/wing-root-length ratio rfw; #6, engine inlet area Ae\
£7, wing sweep-back angle 8W; and g8, number of passen-
gers np.

Note that three quantities, Ae9 8W, and np9 appear both as
design parameters and design metrics. This situation is re-
flective of the fact that, while these quantities are allowed to
vary in the search for the optimal design, the designer also
has the ability to express explicit preferences regarding their
values. This realization is easily exploited in physical
programming.

HSCT Design Problem: Expression of Preferences
The physical programming HSCT design problem is artic-

ulated by simply expressing the designer's preference in terms
of the physical programming lexicon as described previously.
The problem is completely defined once the designer chooses
the class type for each design metric (step 1), and specifies
the region limits for each design metric (step 2). The chosen
classes are as follows: r,, class IS; cr, class IS; ch class IS;
rp9 class 2S; rfw, class 4S; Ae, class 4S; 8W, class 4S; and np9
class 4S. The specification of the associated range limits is
given in Fig. 2b (step 2).

Optimal Design Obtained Using Physical Programming
Using the information from steps 1 and 2 as inputs to the

physical programming software, PhysPro, the optimal design
is obtained and depicted in Fig. 2b, where the arrows describe
the optimization process. As can be seen, for the initial design,
one design metric is unacceptable, two are highly undesirable,
and the others are tolerable or better. For the final design, all
of the metrics are tolerable or better. Examination of Fig. 2b
offers some understanding of the trades that took place. The
details of the HSCT design model and optimization are pro-
vided in Ref. 2.

Conclusions
This Note presents the application of physical programming

to the HSCT plane design problem. It shows that physical pro-
gramming is a potentially powerful tool in the design of com-
plex systems, making it possible 1) to express a complex set
of preferences; 2) to obtain a design that truly reflects the
designer's preferences; 3) to complete the design process with
a significantly reduced computational burden; and 4) to avoid
the necessity of choosing the right weights, a process that can
be extremely difficult. This publication demonstrates the flex-
ibility of physical programming in cases involving highly non-
linear governing dynamics and highly competing objectives of
disparate nature.
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