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FOREWORD

This volume is one of two which comprise the final report on
ARES Contract F33615-73-C-2084 activity. This volume provides
direction to the application of the ARES Data Management System.
Volume II reports the inputs, processes and results of early ap-
plications of the ARES method as it evolved during the duration
of the contract. The program was conducted by the Boeing Aero-
space Company, Seattle, Washington, with the support of the
Government Products Division, Pratt and Whitney Aircraft group,
West Palm Beach, Florida, and under the direction of the Performance
Branch, Turbine Engine Division, Air Force Aero Propulsion Laboratory.
The work was funded under Project 3066, Task 306611, Work Unit 3066
11 15 during the period October 1973 to December 1977. Technical
management of the program was provided by Capt. A. E. Fanning, for
the Air Force Aero Propulsion Laboratory and Mr., R. C. Sutton, for
the Boeing Aerospace Company, with the support of Mr. W. F.
Zavatkay of Pratt and Whitney Aircraft. Contributors to the ARES
effort include G. J. Banken, G. J. Eckard, L. D. Hawkins, M. J.
Healy and S. G. Kyle. This report was submitted in April 1978.
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SUMMARY

Effective parametric analysis in more than about four
independent variables can become extremely cumbersome and
economically impractical wusing traditional methods. This is
because data for a fully determined parametric space must be
generated and analyzed. The number of independent variable,
parametric combinations which must be processed to fully
determine design space is A", where f is the number of levels for
which each of the independent variables is examined and n is the
number of independent variables. Obviously, as n approaches ten,
the parametric analysis problem becomes formidable if not
impossible (4" = 59,049 parametric combination for £ = 3 and n =
10) .

It is easy to identify ten important design parameters which
should be examined in preliminary design analyses of almost any
advanced weapon system. These design parameters can include
airframe wvariables, propulsion system variables and operational
variables. They should be examined simultaneously to properly
account for interactive effects. However, by the very nature of
conceptual and preliminary design phases of activity, time and
budget 1limitations prevent comprehensive analyses of this
magnitude using traditional methods.

The ARES data management system was developed to address
this deficiency. The ARES system allows efficient, multi-
dimensional parametric analyses with relative economy. As a
result, preliminary design analyses need not be compromised by
reduction of independent parameters of interest, simplitication
of analysis methods or by neglecting interactive effects.

The ARES method depends upon proper statistical selection of
only a fraction of the parametric design combinations which
comprise fully determined design space.

Two major analysis elements are responsible for this
reduction in the amount of data required for parametric
investigation. These elements are (1) a method of fitting simple
approximating functions to dependent variable data values, and
(2) an optimization method which makes efficient use of the
approximating functions to explore design regimes offering
maximal performance. These two elements are embodied in computer
programs known respectively as the regressor and the optimizer.
Included along with these two programs are a number of others
which aid in selection of data, data base monitoring and
updating, and unification of results. Taken together, these
programs are known as the ARES Data Management System.

ix
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The ARES system elements are:

1. The Design Selector, LATBIN

2. The Data Base Modification programs, SUBARES and
ADDARES

3. The Regression program, MANE

4. The Optimization program, OAPEN

5= The Validation program, EVAQF

The programs are generally utilized in the order listed,
with the user®s performance program interjected between (1) and
(2) for the generation of dependent parameters.

The initial element in the ARES method is the Design
Selector. The Design Selector is a method for choosing the
combinations of independent design variables to be run on a
®*simulator™ to get a data base from which regression "surfaces®™
of the dependent variables will be generated. The method uses
Orthogonal Latin Squares and in general, chooses (n + 1)2 design
combinations for data base generation.

The designs selected during the foregoing activity are
evaluated by processing them through performance analyses. In
the ARES system, this is called simulation. That is the
performance of each design is analytically simulated to determine
the system characteristics of each. System characteristics
include geometrical parameters, mass properties and performance
levels, where performance can encompass subsystem performance,
airplane mission capability, system costs, and the like.
Mathematical models or simulators of varying degrees of
complexity are used to generate these characteristics.

The ARES data management system is not dependent upon any
one simulator. Whatever is used at this stage in ARES
application, need only be appropriately compatible with design
selection output and regression analysis input requirements.
However, actual system characteristics simulation can be
performed by hand, by computer or by collecting statistical or
experimental data.

The next activity in the ARES method is regression or
"surface fit" analyses. Here, coefficients are derived for a
quadratic function that represents a least squares fit through
dependent parameter variations which are due to changes in the
independent parameters. ‘' The result could be called a curve fit
in one or two dimensions. However, the derivation is performed
for up to ten independent variables with the ARES system and the
multi-dimensional fit may be more properly characterized as a
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surface rather than a curve. Therefore, the functions derived in
the ARES system are referred to as surfaces or surface fits.

Once acceptable regression surfaces have been obtained for
all important dependent variables, the optimization program OAPEN
is used to explore regions of design optima. The regression
surface coefficients are input to the program, along with
specifications for the kind of performance optima desired. The
OAPEN program finds these optima and outputs the independent
design variable combinations and dependent performance variable
values at which each different optimum condition is achieved.

Identification of optimal design regions-of-interest and
development of sensitivities for optimal designs is accomplished
using the AKES optimization element. This program is an
application of Fletcher-Reeves conjugate gradient, penalty
function minimization. Using this 1logic, optima may be
identified for various degrees of constraint on both requirements
and indepencdent variables.

Validation is the important final step in an ARES
application. In validation, optimal design performance predicted
by the ARES method is checked or validated against performance
generated in the simulator or performance model for the same set
of independent parameters.

The ARES data management system is a state-of-the-art
preliminary design analysis tool. With it, the user can examine
up to ten independent variables in parametric analyses at
relatively low cost. The method is not difficult to use and a
high probability of successful application can be assured if the
guidelines presented in this document are adhered to.
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SECTION I
INTRODUCTION

Traditional parametric analyses involve plots of curves
representing the many independent /dependent variable
relationships which may be present. It is felt that three or
four representative values for each independent variable must be
used to get a reasonable data sample for this type of analysis.
All or almost all combinations of the independent variables at
four values each must be sampled to get the requisite plot data.
If there are, say, ten independent variables in the study, this
means sampling essentially 410 combinations, or over one million
data points. Obviously, the cost in terms of sampling resources
(e.g., computer runs) is prohibitive, to say nothing of the
follow-up analysis, which would involve many manhours. For this
reason, a practical limit on parametric analysis has
traditionally been to use four or fewer independent variables.
This can severely limit the scope of an investigation, since all
other design/mission factors must then be held fixed.

The ARES method allows a parametric analysis to be done with
data taken at only a small fraction of the number of
design/mission combinations required by traditional methods. For
example, a 10-variable ARES analysis requires on the order of 100
independent variable combinations to be sampled for performance
data. Thus, preliminary design analyses with many variables are
made possible, and in many cases all important independently-
varying factors can be investigated.

Two major analysis elements are responsible for this
reduction in the amount of data required for parametric
investigation. These elements are (1) a method of fitting simple
approximating functions to the dependent variable data values,
and (2) an optimization method which efficiently uses the
approximating functions to explore design regimes offering
maximal performance. These two elements are embodied in computer
programs known respectively as the regressor and the optimizer.
Included along with these two programs are a number of others
which aid in selection of data, data base monitoring and
updating, and wunification of results. Taken together, these
programs are known as the ARES Data Management System.

A computer program is often used to generate performance
(dependent variable) data values for combinations of system
design and mission parameters (independent variables), which are
the input. Such a computer program is referred to as a
performance simulator, or simply simulator. Simulators are




typically fairly costly to run for a great many independent
variable combinations, and as mentioned, many combinations would
be required for a traditional analysis with many variables.

The ARES method solves this problem by generatinag an
approximation to the simulator using the performance output from
a limited number of independent variable combinations, or sample
points. This approximation method is referred to as surface
fitting.

If there are n independent variables, each dependent
variable can be represented as a hypersurface in (n+1) -
dimensional space. Each point on the surface can be represented
by n+1 coordinate values, the first n being values for the
independent variables and the (n+1)-th coordinate being the
corresponding value for the dependent variable. An example is
shown for n = 2 in Figure 1.
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Figure 1.  Two-Dimensional Hypersurface in Three-Uimensional Space

The simplified ARES representation consists of fairing a
second order (quadratic) surface through a number of sample data
points on the imaginary dependent variable surface. The
simulator outputs the (n+1)-th coordinate value corresponding to
each sample oombination of the n independent variables. Since
the dependent variable may well have higher than second-order
variations in its surface, it is wise not to rely on an exact fit
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to the data. The simplified second-order surface is therefore
selected so that the sum of squares of differences between true
dependent variable values and second-order surface values is a
minimum (least squares fit technique).

The ARES system elements are:

1) The Design Selector, LATIN

2) The Data Base iodification programs SUBARES and ADDARES
3) The Regression program, MANE

4) The Optimization program, OAPEN

5) The Validation program, EVAQF.

The programs are generally utilized in the order listed,
with the user's simulators interjected between (1) and (2).

The Design Selector accepts as input the number of
independent variables, n, and lower and upper 1limits on the
values each variable may have in the ensuing analysis. It
outputs the sample point combinations of independent variable
values for which dependent variable values are to be obtained
from the simulator. These combinations are selected by the
Design Selector to be well-dispersed uniformly throughout the
boxlike region of n-dimensional space specified by the input
limits. This is done to insure that a truly n-dimensional sample
is taken, with no biasing due to clustering of data and no
degeneracy due to sample points accumulating in an (n+1) -
dimensional hyperplane. The program method is an application of
Orthogonal Latin Squares (OLS) .

The output from program LATIN is a set of sample points in
the form of values for the independent variables. The values
range from lower to wupper 1limit in each variable, and are
arranged sequentially in combinations such that the cross-
correlation between any pair of independent variables is zero, to
aid in making the distribution of sample points uniform in n-
dimensional space.

This set of sample points is given to the simulator program
as input. The simulator computes the requested performance
values and outputs a 1list containing the independent variable
combinat ions and their associated dependent variable values.
This 1list, referred to as a data base, consists of a sequence of
observations of a set of variables and is, hence, in the form of
input data for a regression analysis program.
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The regression analysis program, MANE, accepts the
independent/dependent variable observations and generates a set
of cooefficients for each dependent variable of interest. The
coefficients express the dependent variable as a quadratic or
second-order polynomial in the n independent variables. The
coefficients are output in the format required by the optimizer
program, OAPEN.

The user edits the coefficient file output by MANE to append
instructions for OAPEN. This is required because OAPEN needs to
know what kinds of optima to locate. The user specifies that one
of the dependent variables is to be minimized (e.g., takeoff
gross weight) or maximized (e.g., range) subject to performance
constraints on the other dependent wvariables. OAPEN interrogates
the coefficients for all the dependent variables and finds the
required optimum combination of independent variable values.
Repeated calls to the optimization procedure can be made, varying
the constrained performance levels or interchanging constrained
variables with the variable being minimized (maximized). 1In this
way, relationships between different optima can be charted to
yield information on how the design/mission parameters interact.

Following the optimization analysis of program OAPEN, it is
essential that results be checked by running the simulator at or
near many of the optima. This is important because the surface
fitting process embodied in the regressor does not provide
accurate error estimates. The error estimates output by MANE, in
the form of surface fit residuals at the sample points, are
useful as a quide, but the analysis results should be carefully
examined and validated in the user's simlator. Program EVAQF
has been provided for this purpose. EVAQF compares simulator -
derived dependent variable values at the optimum independent
variable combinations with values predicted using the surface fit
coefficients output by MANE.

What the user has at the end of an ARES analysis is a series
of tables and carpet-plots of curves representing interactions
be tween optimized variables. The independent variable
combinations in the tables define a region or regions of
potentially high payoff. The plots show the effects of varying
the requirements used to define the optima. The validation
results give a reading on surface error for different optima.
The actual dependent variable wvalues output by the simulator at
the wvalidation points should be used in place of surface fit
values at these points when performance estimates are desired.




it S

The main advantage of the ARES method is that it makes
economically feasible the parametric analysis of a system with
more than four independent variables. The major expense of the
analysis is in running the simulator at a number of sample points
to get surface fit data. Once the surface coefficients have been
generated, they can be used repeatedly by the highly economical
ARES optimizer, OAPEN, to obtain many optima.

The main disadvantage with the ARES method is that it does
not contain a reliable error estimation capability. The user
must carefully monitor the progress of data gathering, surface
fitting, and optimization analysis and final validation to get a
feeling for the magnitude and distribution of surface errors for
the dependent variables. It may be necessary to run the user's
simulator and hence incur the expense of generating performance
data to (a) find out if an ARES analysis is possible on the
output of the particular simulator, or (b) get the information
necessary to redesign the simulator to get a good ARES analysis.
Success depends on getting a good approximation to potentially
high-order variations using simple second-order functions.

Ways to deal with these potential problem areas are
presented in later sections of this document. In many cases, it
has been possible to avoid the potential pitfalls of inadequate
error estimates and aborted or spurious results from the wuser's
performance simulator. A guiding philosophy for ARES
applications is presented, with detailed cautionary notes and
helpful hints.

¥




SECTION II
DESIGN SELECTION

2.1 Introduction

The initial element of the ARES method is the Design
Selector. The Design Selector is a method for choosing the
combinations of independent design variables to be run on a
"simulator" to get a data base from which regression surfaces of
the dependent variables will be generated. Once all the design
points have been processed, a regression analysis is used to
surface fit each dependent variable as a surface over the n-
dimensional space of the independent variables. The surface fits
are obtained as sets of coefficients for quadratic polynomials in
n variables.

Before using the Design Selector, the user must define the
limits of investigation. First, the problem must be formulated
mathematically in terms of independent and dependent variables.
Fixed values which will be used for the entire investigation must
be specified for all quantities other than independent variables
which are input to the simulator. The environment within which
the simulator will be run, must be carefully considered, for it
is imperative that the simulations all be run under the same

conditions. This includes values for fixed inputs, error
tolerance limits, the version of program code used, and physical
execution environment (file access, I/0 formats, etc.).

Deviations from run to run may add a fatal noise component to the
systematic effects of the independent variables, making the data
useless. Also, follow-up runs to validate the results of the
optimization analysis downstream must be run under the same
conditions as the original regression data base runs.

Currently, the ARES method requires that the user
investigate the entire n-dimensional box region 1lying within
fixed lower upper 1limits on the independent variables. Thus, a
lower and an upper limit must be specified for each independent
variable. The subsequent analysis involves potentially any
combination of independent variable values within these limits.

2.2 The OLS Method

Once the important variables have been selected and their
lower fupper limits chosen, a number of design points lying within
these 1limits are needed. Least squares regression surfaces will
be fit to the design point simulation values for each dependent
variable.
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The literature of response surface analysis and experimental
design (or sampling) is full of methods for selecting points out
of n-dimensional space (Reference 1). However, these methods are
based on statistical considerations which do not necessarily
apply to the applications considered here, and are somewhat
inflexible where flexibility is needed. The type of data
generated for ARES method analysis is here assumed not to result
from experimentation subject to random variables such as
experimental error. Instead, the dependent variables should have
repeatable values at the design points because the simulator is a
computer program run under a fixed environment. Also, any lack
of fit encountered (a quadratic polynomial will not wusually fit
the data values exactly) should be evidence that the dependent
variable is actually a well-behaved (smooth) function of higher
than quadratic order (see for example Figure 2, ), and should not
?e caused by a random component in the data values (see Figure

e ¥ o

Even though established experimental designs are not used,
an orderly sampling scheme 1is still needed. In order to
represent the effects of the independent variables individually
and in combination in the regression surface coefficients, the
data points must be scattered throughout design space. Assuming
nothing about the relative importance of one subregion of design
space over any other subregion, a uniform distribution is
desired. An often-suggested sampling scheme is to simply use a
random mumber generator to select coordinate values for the
design points. However, random numbers used in this fashion do
ot necessarily vyield a uniform distribution in n-dimensional
space (even if the random numbers are selected from a uniform
distribution) (Reference 2), and may well accumulate in an (n-1) -
dimensional plane. Figure 4. compares a uniform and random
sample for the case n - 2 variables.

The sampling scheme used in ARES is a dispersion of design
points generated by Orthogonal Latin Squares (OLS) . This method
scatters the designs over design space in such a way that cross-
correlations between independent variables are zero. Also,
designs cannot tend to form a cluster in a subregion since the
distribution is uniform. There is much room for improvement over
the OLS method, particularly if the user does not wish to sample
a rectanqular box region in design space. However, the OLS has
in most cases provided needed flexibility.

The OLS method is based on the concept of orthogonality.
For in-depth treatment of the subject of 1latin squares, the
reader 1is referred to References 3, 4, 5, or 6, in increasing
order of mathematical background required. Orthogonality can be

interpreted in a practical way for this discussion.
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Figure 4, Hypothetical 2-Dimensional Sample Distributions

Each variable is selected to have a fixed number of values
between its lower and upper 1limits. The values are evenly-
spaced, and the same number of values is used for all variables
(this number is provided automatically Dby the method).
Orthogonality is then interpreted to mean that every combination
of values of any two variables appears once in the sample. This
yields slightly in excess of n2 designs. For 10 independent




variables, the variables are each sampled at 11 values, and 121
total designs are created. Were all possible combinations of
values of all the variables used, the number of designs resulting
would be astronomical.

The number of designs selected by the OLS method can best be
compared with an estimate of the number of designs needed for a
full parametric analysis using traditional methods (plots, cross-
plots, etc.}). It is felt that traditional parametric studies
require four values per variable, and to generate the necessary
plots all combinations should be used. For n variables, this
means 4" designs, which can still be excessively large.

A sample case 1is presented in Appendix A. The usage of
program LATIN, which generates OLS samples for problems of up to
ten variables, is discussed at the end of this section on Design
Selection.

2.3 Variations on the OLS Method
At times it has proved beneficial to deviate slightly from
the ordinary OLS procedure. This has been the case when,

1)  Sselected design combinations are impossible to simulate,

2) Rejecting a select few of the OLS designs causes a
significant improvement in the surface fit to the remaining
data, or

3) Significant cost reduction can be achieved by generating
fewer combinations of some of the variables than the total
specified by the OLS selection.

Examples will be presented to illustrate (1) and (3). For
(2), no modification of the OLS selection procedure is proposed
except that subsequent parametric analysis should avoid regions
of design space lying close to the rejected points. Since this
may be difficult to do, this method of improving surface fits
should be used with great care. Very few points should be
rejected, and their 1location relative to other designs noted.
More will be said about this in the section on Regression.

A deviation from the OLS design selection method, as applied
to unscaled variables in square-space, was evolved to handle the
skewed design space problem illustrated in Figure 5. . The
curves on the figure show relationships between the design
variables X1, X2, X3 and Xu. Not shown is the further
relationship of these variables to a fifth, X5. Note that the
feasible upper and 1lower bounds on X3 are dependent upon the

10
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values assigned to the other variables. Feasible design space is
indeed skewed and performance for design combinations outside the
bounds illustrated in the figure cannot be simulated. Design
selection using a conventional OLS approach for 2<X4<4.5 and
.6<X3<3, in this case, would be futile. Design combinations in
the upper righthand and lower lefthand corners of X4,/X3 square-
space would be lost right from the start.

Design selection was accomplished, in the case illustrated,
by scaling the variable, X3. Renamed X3ND, the variable was
assigned a value of one when at its upper limit and zero when at
its lower limit regardless of the values of the other variables.
Square-space in X3ND and X4 resulted and an OLS selection of
combinations for 2<X4<4.5 and 0<X3ND<1 was made possible. After
selection, scaled X3ND values were converted back to actual X3
for data simulation. However, regression analysis was performed
using the scaled values, and thus, all design combinations
remained orthogonal.

The skewed space boundaries in the example just discussed
were identifiable. This is not generally the case. However,
failures in the simulation phase of ARES can be indicative of
skew in feasible design space and these encounters are not
unusual. If boundaries on these non-feasible regions can be
identified before design selection, the scaling method Jjust
described can be used to advantage.

The sampling distribution in X4/X3 space in this example is
not uniform. However, the distribution is uniform in the X#/X3ND
space which was used in analysis. The skewed-space problem has
been removed by redefining X3 as a dependent variable and using
the ®artificial"™ wvariable X3ND as the independent variable
instead.

The problem addressed in the following example 1is that of
reducing the number of engines sampled in an engine/airframe data
sample where engine data is particularly expensive.
Specifically, this example is a case involving two independent
engine variables and eight airframe and mission variables, for a
total of ten independent variables. The OLS sampling method
prescribes that dependent variable values be sampled at 121
sample points in the 10-dimensional space of the independent
variables.

It happens that the OLS subset of 121 sample points requires
121 distinct combinations of the eleven values of any two of the
ten variables. As a matter of practical importance, 121
different 2-variable engines would have to be sampled. While 121
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sample points is thought to be a reasonable sample size for
quadratic function approximation in ten independent variables, it
is unreasonably large for two variables, particularly when
expensive engine samples are involved.

A way was found to drastically reduce the sample size in the
OLS method for any 2-variable subset of n>2 variables. This
modification preserves the orthogonality property of the OLS
method. Thus, the sample points remain well-dispersed over the
boxlike region in n-dimensional space encompassed by the total
possible combinations of values for the n independent variables.
The method can, however, cause unequal weighting of some of the
2-variable combinations in the reduced sample. In the present
example, this means that some engines in the reduced sample are
used in more of the total 121 data points than are some of the
other engines. This affects the quality of the surfaces obtained
in the regression analysis, to some unknown degree.

The replacement of eleven values by five for the two engine
variables is illustrated in Figure 6. . Also shown 1is the
unequal weighting effect. Each row-column block in the S5-by-5
square of 25 engine combinations in Figure 6. ocontains the
number of times that engine is used with different combinations
of the eight airframe/mission variables (which still have their
original eleven values).

BPR VALUES
0.20 0.56 092 148 182
PR 1.10 ORIGINAL
0.38 0.74 1.28 184 2.00
THTR 0.20 088 1.10 188 2.00 REVISED
1.0000
1.0000 . 4 e 4 4
1.0180
1.0300
;:mn 1.0378 ‘ 4 e P a
1.0450
1.0800
1,0760 1.0750 (] . ? [ e
1,0000
1.1080
1.1128 4 4 [ 4 4
1.1200
1.1380
1.1800 4 4 ¢ 4 4
1.1300
ORIGINAL | REvISED

Figure 6, Revised Values and Repeated Combinations of Revised Values
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Note that an engine whose revised BPR and THTR values are
replacing two original values for each variable is used four
times in the revised data sample. An engine whose revised BPR
value replaces two original BPR values but whose revised THTR
value replaces three original values is used six times, and so
on. Originally, the four, six or nine engine replicates
(whichever occurs) were all different engines, but in the revised
data set distinct levels were replaced with repeats (e.g., BPR =
0.20 occurs in place of the original BPR = 0.20 and BPR = 0.38
values), hence the combinations were repeated. It is this
replication of combinations that causes the unequal weighting
referred to earlier. For example, the revised engine defined by
(BPR, THTR)= (1.10, 1.075) is used nine times in the data sample,
hence it is weighted much more heavily than any of the
combinations which are used four times, such as (BPR, THTR) =
(0.20, 1.00). This unequal weighting follows a symmetric
pattern, however (Figure 6. ), and there should be no biasing
toward an "off-center" portion of BPR-THTR space.

This revision to the OLS method can be used for any data
case if only two variables are to undergo reduced sampling. If
the OLS method calls for & values for each of the n independent
variables to be sampled, there will bef2 distinct sample points,
and also £2 distinct combinations of the two variables x; and x|
for which a reduced sample is desired. Select a number r which
satisfies U4<r<f. Replace the L values of each of x ; and x, with
r equally spaced values. This is done selectively, i.e., it must
be specified which of the original values each of the r new
values is replacing. The data set is then revised by marking out
the old x; and x; values and marking in their replacements. The
result will be f2 distinct sample points with only r2 distinct
combinations of x; and x; values. These will be repeated,
resulting in £2 total combinations (this follows because the new
values were "marked in" in the list of original sample pointsj .
Unegual numbers of repeated combinations, if they occur, will
cause unequal weighting of the different combinations.

2.4 Usage for the OLS with Variations

To use the ARES method, the user must formulate a parametric
analysis in terms of independent (design) and dependent
variables. Sample dependent variable values must be produced at
a mumber of independent variable design point combinations by
running a design/performance simulator. This results in a design
data base consisting of the independent variable values and
dependent variable values for each design case. Surfaces are fit
to the dependent variables by regression on a multivariable
gquadratic polynomial. Then, the surfaces are used in two ways:

14




1. Performance Mode The quadratic coefficients are used to
obtain performance estimates at any desired design point.

2. Optimization Mode - An optimization program uses the
coefficients to drive the independent variables toward any
desired performance optimum.

The user must take care to wuse the coefficients in
performance or optimization mode only within the box region of
specified lower/upper bounds on the independent variables. These
bounds must be input to the OLS design selector. The results
will be a set of designs selected to lie on or within the box
region specified by the bounds.

Almost all of the designs will lie on a face of the box
where one or more variables take on lower or upper bound wvalues.
Hence, the bounds should be chosen to avoid undue risk in running
the performance simulator.

Avoiding extreme values of design variables is desirable
from another standpoint. The smaller the box region, the more
likely it 1is that quadratic polynomials will fit the dependent
variables. If possible, selection of the variables themselves
should take into account the fact that quadratics will be used to
approximate their effects on performance. (Of course, too small

a box region is parametrically illogical and could cause continuum
problems, )

If a would-be independent variable is expected to produce
highly nonlinear effects on the dependent wvariables, perhaps its
role can be exchanged for that of a dependent variable which
varies more smoothly. It may also be possible to smooth the
surfaces by replacing one or more variables by an artificial
variable, as in the case of the X3 replacement variable X3ND.
Choosing variables will be discussed at length in the section on
Simulation.

After the variables and appropriate excursion limits for
them have been chosen, program LATIN can be run to obtain the
selected design combinations. The output is a list of design
combinations (a design data base without dependent variables).
These can be input to the simulator to obtain performance values
for the dependent variables. For any specified number of
variables from four to ten, program LATIN generates an OLS set of
design combinations. Each variable is sampled at a selected
(output) number of values evenly-spaced between and including its
limits (input). Table 1. is a list of the number of values per
variable, £, and number of design combinations %2, generated by
LATIN as a function of number of variables, n.

15




Table 1. Design Selection Relationships

Number of | Number of values | Number of designs
variables (n)| per variable (1) generated (12)
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For n = 2 or 3 variables, parametric analysis can be done by
traditional methods. However, if ARES usage is desired, then for
two variables use all combinations of the two variables at five
values per variable (a 5 X 5 grid). For three variables, use the
OLS for four variables by using only the first three columns of
output values from LATIN. ARES is currently not structured for
more than ten variables, although it can easily be extended,
largely by changing program limits.

2.5 Program LATIN Usage

Program IATIN generates design ocombinaticons in an OLS
pattern. The user inputs the number of variables n and the names
and excursion limits of the variables. Because of ARES
development requirements, LATIN is designed to accept independent
variable names in a fixed order. The output format is fixed for
each variable and reflects the expected range of the variable in
ARES original usage. Program IATIN is the only ARES method
element whose input and output are specific to the original
method in this way.

The actual form of the fixed LATIN format is dictated by the
fact that originally, performance for the selected designs was
always simulated on the Boeing Engine/Airframe Matching (BEAM)
program. The order in which the independent variables are
programmed for BEAM is very important. Airframe variable names
are programmed first and must be in the following order: per
cent change in body length (DELBDY), aspect ratio (AR), outer
panel wing thickness to chord ratio (T/C), takeoff wing 1loading
W/S), maximum uninstalled thrust to weight ratio (T/W), high
lift technology coefficient (CLTCH), leading edge sweep angle for
fixed sweep wings (SWEEP) and takeoff gross weicht (TOGW) .
Engine variables are as follows: fan pressure ratio (FPR),
overall pressure ratio (OPR), turbine inlet temperature (T4),
normalized nozzle area schedule ratio (A8) and throttle ratio
(THTR) . Variables that are not required for a given design space
are omitted, however, the order of the remaining variables
remains the same.

To use the LATIN design selector for other than BEAM
variables, the user should first generate a LATIN selection by
inputting BEAM variable names together with appropriate bounds as
follows: 1If, say, a 5-variable case 1is being run, input the
first five BEAM names from the preceding paragraph. The LATIN
output will be in the form of colums, each one headed by a
variable name, with seven equally spaced values from lower to
upper bound distributed in the columns. The first 49 wvalues in
each columm will be seven repeats of each of the seven values.
This forms the first of two latin square distributions output by
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LATIN. The remaining 42 values form the second (the missing
seven values would have given redundant designs when all
variables are considered). The next step is to replace BEAM
variables in the columns with the user's own variables. First,
calculate the seven equally-spaced values from lower bound to
upper bound for each variable. Next, go through each LATIN
output column, replacing first the variable name at the top and
then the values of the variable corresponding to each BEAM value,
in the order of occurence of BEAM values. Only the first 49
values in each column need be used to get a complete OLS design
selection. 1In general, for n variables, only the first £2 values
(Table 1. ) need be used.

LATIN is designed to generate two latin squares of design
cases for the independent variable design space. Due to the
design of the 1latin squares, the second latin square generates
design cases that are identical to first 1latin square cases
except for changes to the first independent variable. Only the
eight independent variable design space yields no partial
duplication of the design cases. Normal usage is to use only the
first latin square, e.qg, the first 49 cases if n = 5 or 6. If £
is the number of values for the n independent variables, LATIN

generates 2 f2 ~ ¢ different designs or combinations of
variables/levels. For example, LATIN generates 91 design cases
for a six independent variable design space, where £ = 7 values

per variable.
Data input required by LATIN is as follows:

Title Card (8A10 Format)

Number of airframe wvariables, number of engine variables
(2F10.0 Format)

Variable name, design space lower limit, upper limit
(A10, F10.0 Format) which completes the input.

W N -
~ ~

Two output files are generated by LATIN: TAPE2 and PUNCH.
TAPE2 output file contains the title card and 1lists the design
cases generated. This file can be submitted for EMPOS vellums or
disposed to the printer for a record of the design cases. It is
the file on which user-specified variables are to be substituted
for BEAM variables as described earlier. PUNCH output file is
generated so that the airframe variables for the LATIN cards used
in BEAM are in the correct fields for mission performance
similation. This file is useless unless BEAM is the simulator
program used. Otherwise, the simulator input must be hand-
punched from the user-revised TAPE2 listing.

18




As previously mentioned, each output colum has a unique
fixed format. This is illustrated in the following example which
shows Mainstream EKS online inputs for LATIN required for a six
variable case (four airframe, two engine variables) to be run on
BEAM:

N> GET,LATIN
N> BATCH, 70000
C> LATIN

I> DESIGN CASES FOR 6 VARIABLE CASE (TITLE)

@ Column @ @

1> 4. 2.

I> AR 6. 10.
I>T/C .08 «12
I> W/S 145. 225
I> T/W .36 .60
I> FPR 2.0 4.0
I> OPR 10. 30.
STOP

C> REWIND, PUNCH

C> CMEDIT,TAPE2

E>FIL PFN (Permanent File Name)
C> COPYBF,PUNCH, PFN

E> CMEDIT,PFN

The files are edited in order to make them permanent EXS
files until necessary data such as vellums, punched cards or both
are obtained. TAPE2 1listing for the first 89 designs in the
sample case is shown on Table 2. . As mentioned before, a total
of 91 designs is actually output.

2.6 Monitoring Variations on the OLS Method

It was mentioned earlier that it may prove beneficial to
deviate slightly from the OLS procedure. If designs are deleted
from the OLS data sample, either because the simulator won't run
them or to improve regressions, the n-dimensional sampling
distribution may be adversely affected. One way of determining
this is to check the cross-correlations between independent
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Table 2.2 TAPEZ Listing for First 49 Designs in Six Variable Sample Case
DESIGN CASES FOR & VARIABLE CASE (TITLE)
CASE AR 1/C W/S T/M FPR OPR
1 6.0 .080 145.0 .360 2.00 10.0
2 6.1 .087 158.3 .400 2.33 13.3
3 Tl 093 171.7 .440 2.6T7 16.7
4 8.0 .100 185.0 .480 3.00 20.0
= 5 8.7 .107 198.3 .520 3.33 23.3
6 9.3  .113 211.7 .560 3.67 26.7
7 10.0 .120 225.0 .600 4.00 30.0
8 6.7 .093 185.0 .520 3.67 30.0
9 7.2  .100 198.3 .560 4.00 10.0
10 8.0 .107 2117 .600 2.00 13.3
11 8.7 113 225.0 .360 2.33 16.7
; 12 9.3 .120 145.0 .400 2.67 20.0
1 13 10.0 .080 158.3 .440 3.00 23.3
14 6.0 <087 171.7 .480 3.33 26.7
] 15 7.3 .107 225.0 .400 3.00 26.7
16 8.0 <113 145.0 .440 3.33 30.0
17 8.7 .120 158.3 .480 3.67 10.0
L 18 9.3 .080 171.7 .520 4.00 13.3
19 10.0 .087 185.0 .560 2.00 16.7
20 6.0 .093 198.3 .600 2.33 20.0
; 21 6.7 .100 211.7 .360 2.67 23.3
g 22 8.0 120 171.7 .560 2.33 23.3
P 23 8.7 .080 185.0 600 2.67 26.7
24 9.3 .087 198.3 .360 3.00 30.0
25 10.0 .093 211.7 .400 3.33 10.0
26 6.C .100 225.0 .440 3.67 13.3
27 6.7 107 145.0 .480 4.00 16.7
28 7.3 .113 158.3 .520 2.00 20.0
29 8«7 <087 211.7 .440 4.00 20.0
30 9.3 .03 225.0 480 2.00 23.3
31 10,0  .100 145.0 .520 2.33 26.7
32 6.C .107 158.3 .560 2.67 30.0
33 6.7 113 171.7 .600 3.00 10.0
34 Ted «120 185.0 .360 3.33 13.3
35 8.0 .080 198.3 .400 3.67 16.7
] 36 9.3 .100 158.3 .600 3.33 16.7
1 37 10.C 107 171.7 360 3.67 20.0
, 38 6.C <113 185.0 .400 4.00 23.3
39 6.7 120 198.3 .440 2.00 26.7
{ 40 7.2  .080 211.7 .480 2.33 30.0
41 8.0 .087 225.0 <520 2.67 10.0
! 42 8.7 .093 145.0 .560 3.00 13.3
] 43 10.0 .113 198.3 .480 2.67 13.3
i 44 6.0 .120 211.7 .520 3.00 16.7
45 6.7 .080 225.0 .560 3.33 20.0
46 7.3 .087 145.0 .600 3.67 23.3 5
47 8.0 .093 158.3 .360 4.00 26.7 ~
] 48 8.7 <100 171.7 .400 2.00 30.0 -8
L 49 9.3  .107 185.0 .440 2.33 10.0 &
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] variables. The original OLS sample is selected automatically to
have zero correlations between independent variables.

However, this is not a hard requirement, and it is possible
to use modified samples and obtain good results as long as cross-
correlations between independent variables do not get too close

! to unity.

"How close is too close" is not known, but it is thought that
an arbitrary cutoff limit of 0.4 is reasonable. If the magnitude
of the coefficient of 1linear correlation of two independent
variables exceeds this value, further adjustment should be made
to shift the correlation to within $0.4. Adjustment can be made
as follows: If two variables show high correlation, replace any
3 design which reinforces the correlation by one with all variables

C having the same values as before but with one of the variables in

s the highly~-correlated pair at or near its opposite limit. Thus,

! suppose the two variables, x, and x, have high negat ive

: correlation and variable x, ranges from 0 to 1 and variable x,

ranges from 2 to 5. Find a design point with x, at 0 and x, at

5, say. This reinforces the negative correlation because x, is

at its lower limit while x, is at its upper limit. Replace the

v design point with one identically the same except that x, has the

= value 2 (its lower 1limit). This contradicts the negative
correlation.

o b 2

More than one such replacement may be necessary to lower
correlations between all variables affected. Each replacement
consists of two operations - deletion of a data point from the
; design selection set, and addition of a replacement point. It is
! necessary to check the resulting correlations before running the
added design, otherwise a simulation run may be wasted on an
ineffectual replacement. Correlation can be inspected using the
regressor described in Section 1V.

S

|
|
?
,‘
,r
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SECTION III

SIMULATION

3.1 Introduction

The designs selected during the activity described in
Section II (input) are evaluated by processing them through
performance analyses. In the ARES system, this 1is called
simulation. That is the performance of each design is
analytically simulated to determine system characteristics
(output) . System characteristics include geometrical parameters,
mass properties and performance levels, where performance can
encompass subsystem performance, airplane mission capability,
system costs, and the 1like. Mathematical models of varying
degrees of complexity are required to generate the
characteristics.

The ARES data management system is not dependent upon any
one simulator. Whatever is used at this stage in ARES
application, need only be appropriately compatible with design
selection output and regression analysis input requirements.
However, actual system characteristics similation can be
performed by hand, by computer or by collecting statistical or
experimental data.

Several types of simulators were used dquring the development
of the ARES method. All of them were digital computer programs.
They included four parametric engine cycle matching programs,
three different versions of an airplane performance program and a
life cycle cost program. Since its development, many other types
of performance models have been used in applications of the data
management system.

Specifically, simulation is the generation of dependent
characteristic sets for each of the designs defined by the
independent parameter oombinations. large parametric studies,
involving up to ten independent parameters, require that a large
number of these designs be processed (121 designs for the ten
variable problem). While this is orders of magnitude fewer
designs than would have been required in a traditional analysis,
it is a somewhat disturbing level of processing to get used to,
particularly if an engine program must be used to generate data
for processing in an airplane performance program.

Indeed, most of the resources consumed in an ARES
application are expended in the simulation phase. This necessary
expenditure is required compensation for the comprehensive array
of information that will finally result. However, because
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